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Chapter 1: Introduction

1.1 The Human Middleware Problem

It is a Wednesday afternoon at a large ML infrastructure lab, and an engineer has just launched

a profiling run on a 2048-chip TPU cluster. The job is training a mixture-of-experts language model

— one of the largest configurations the team has attempted. A few hours later, the profiler finishes.

What it returns is not an answer. It is data: hundreds of lines of HLO trace logs, roofline charts

comparing compute and memory bandwidth, utilization breakdowns by device, sharding statistics

across a 3D torus interconnect (ICI). The answer — an optimized sharding configuration that will

actually make this system run more efficiently — is in there somewhere. The engineer knows this.

She also knows that finding it will require days of manual cross-referencing: comparing the roofline

data against scaling guides, inferring bottleneck types from utilization patterns, mapping diagnoses to

configuration changes, running trial jobs to validate, and starting the loop again when the results are

inconclusive. She has done this before. She will do it again. This is not the hard part of her job — it

is the part that makes the hard part harder. It is also the part that, after enough Wednesdays, wears her

down. A significant portion of her expertise is not being applied to the optimization problem itself, but

to the act of translation: converting what the system reports into a form she can reason about, before

she can even begin to reason about it.

This problem is not unique to ML infrastructure. Consider a researcher giving an online presentation

about her work. Her slides fill most of the screen; her video feed is pinned to a corner — the same

corner, for the entire talk. In a physical conference room, she would move. She would step toward the

diagram she is describing, gesture at the equation she wants the audience to follow, shift aside when

the slide needs full attention. Her body would do the work of spatial coordination, and the audience
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would read it naturally. This matters beyond clarity: a talk is a chance to be remembered, to have

the work and the person behind it leave an impression. The best speakers do this not just through

what they say but through how they inhabit the room — the timing, the emphasis, the presence that

makes an idea feel like it belongs to someone. Online, none of that happens automatically. To achieve

any spatial coordination at all, she would need to manually translate her intent into real-time controls

mid-talk: drag her thumbnail left for this slide, resize when she gestures, reposition when the layout

changes. The cognitive cost is high enough that most presenters never bother — they settle for a fixed

layout and sacrifice the potential expressiveness.

A similar gap confronts anyone trying to communicate movement. A physical therapist working

with a stroke patient wants to convey what a correct arm movement feels like — not how it looks from

the outside, but the internal sense of force, timing, and resistance that the patient needs to rebuild. She

can demonstrate. She can describe. She can place her hands on the patient’s arm and try to guide

it through the motion. But none of these are the thing itself. Kinesthesia — the sense of movement

— has no established display medium. There is no channel through which one person’s embodied

experience of motion can be transmitted directly to another. So the therapist becomes the translation

layer: converting an internal, pre-reflective experience — one that inherently lives in the body, below

the level of words or thoughts — into external, symbolic approximations that the patient must then

re-translate back into body knowledge. The gap here is not “informational” but sensory. She knows

exactly what she wants to convey. The medium for conveying it does not exist.

These three scenarios — the ML engineer, the presenter, the therapist — span different domains,

different scales of system, and different kinds of expertise. But they share a common structure. In

each case, an expert’s intent — what she is trying to do, express, or communicate — cannot reach its

destination directly. Something is lost in the gap between human purpose and system representation.
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That gap is what experts are left to manage, each in their own way: the engineer decodes trace logs

for days before she can even formulate a hypothesis; the presenter translates spatial intent into pixel

coordinates mid-talk; the therapist converts embodied knowledge into symbolic instruction and hopes

something survives the translation. The gap takes different forms — sometimes it is sensory, a missing

channel between one body’s knowledge and another’s; sometimes it is representational, a mismatch

between what a system produces and what a human mind can directly use. But in every case, it imposes

a cost: attention redirected from judgment to translation, from higher-order reasoning to the mechanics

of making two systems speak to each other. This is the human middleware problem.

1.2 The Burden of Translation

The term middleware, in software engineering, refers to a layer of software that sits between two

systems and handles translation between them — converting formats, routing messages, managing

state. When no such layer exists, the translation work falls on whoever is operating the systems.

In knowledge-intensive domains, that person is typically an expert. The expert becomes human

middleware: a cognitive layer responsible for translating between high-level intent and low-level

system representations. Human intention, as used throughout this dissertation, means the goal a

person is trying to accomplish expressed at her natural level of abstraction — which may be symbolic,

embodied, or somewhere in between — before it has been translated into the explicit, low-level

representations a system requires to act. That gap between where intention lives and where the

system’s representations live is where the translation burden accumulates — and where the expert

becomes middleware.

The human middleware problem has three properties that make it worth addressing.
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First, it is ubiquitous. The translation burden appears wherever there is a gap between what a

human is trying to do and what a system is built to accept. That gap shows up in physical interaction

design, where a user has to figure out how a surface works with no guidance beyond its shape. It

shows up in embodied interfaces, where feedback arrives as sensor data or actuator output that the

body was never built to read directly — requiring a layer of conscious interpretation before it means

anything. It shows up in autonomous systems, where a machine’s internal logic has to be made legible

to the people responsible for deploying it. It shows up in agentic AI, where the distance between

a natural-language request and a valid system configuration can span thousands of decisions that no

single person could trace. The problem does not stay contained. It grows with the complexity of the

system. A simple device with one function and one feedback signal asks little of the person operating

it — she pushes a button, something happens, she knows what happened. But consider what the ML

engineer is actually facing: a 2048-chip cluster producing trace logs that span gigabytes, generated

by a system whose internal communication topology — a 3D torus interconnect — has no natural

human analog. There is no intuition she can reach for. Every inference she draws requires active

reconstruction from representations she did not choose and was not designed to read. Now extend that

to an agentic system coordinating dozens of models, tools, and memory stores, each producing its own

outputs, each consuming others’. The translation problem scales with complexity and spans domains.

Any framework that takes it seriously must be designed to travel — extensible enough to apply not

just where the problem was first encountered, but wherever it reappears.

Second, it is cognitively expensive. Translation work does not run in the background — it

occupies the same mental resources as the actual work it is supposed to support. And it is not cheap

work. It requires the same domain expertise as the judgment it is delaying. The ML engineer reading

HLO traces is not doing her best work. She is decoding. Every hour she spends decoding is an hour
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she does not spend reasoning about the optimization problem she was hired to solve. The presenter

who is managing her thumbnail position mid-talk is not thinking about her argument — she is thinking

about her cursor. The physical therapist who cannot transmit what a correct movement feels like must

instead watch, describe, adjust, and watch again, burning session time on approximations when the

patient has little of it to spare. In each case, the translation work is not a minor tax on the expert’s

attention. It is a first claim on it that is paid before any of the actual work begins.

Third, and most importantly for this dissertation, it is constantly misaddressed. Researchers in

the field have long debated how much control to hand to machines. One side argues for intelligent

agents that observe, learn, and act on the user’s behalf — systems that reduce burden by taking over.

The other argues for keeping the human in direct control, with the machine responding to explicit

commands rather than anticipating them [1]. This tension has never been resolved, and it probably

cannot be — the right balance depends on the domain, the stakes, and what kind of errors are tolerable.

But in the current moment, as large models become capable of absorbing increasingly complex tasks,

the pull toward automation is strong. A system that produces an output can be benchmarked; a system

that augments human judgment is harder to evaluate, its value showing up slowly in the quality of

decisions made downstream. We tend to build what we can measure, and automation produces cleaner

metrics.

The cost of this, more often than not, is agency. When a system automates the expert’s translation

work without exposing how, it tends to absorb her judgment along with it. The output arrives, but

the reasoning that produced it is not available for inspection. She cannot tell whether the system

understood the problem or got lucky. She cannot intervene halfway through. She cannot build on what

it did, because she does not know what it did. The more the system does, the less she can see —

and the less she can see, the less she can correct, extend, or trust what she is given. Transparency is
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sometimes added afterward — an explanation layer grafted onto a system that was not designed to be

explained. But a system that was built to hide its reasoning and then asked to report on it will report

what is convenient, not what is true.

This dissertation takes a different position — in search of the sweet spot between direct manipulation

and full automation. The argument is that this sweet spot is reachable, and that reasoning layers

are what make it reachable. A system that makes its reasoning explicit — that converts low-level

complexity into structured, human-legible representations before acting on them — can automate the

translation work without taking over the judgment. The engineer does not read raw traces; she reads

a diagnosis and decides. The presenter does not manage pixel coordinates mid-talk; the system infers

where she wants to be and places her there. The therapist does not approximate in words what can

only be known through the body; the system finds a channel that the body can read directly. In each

case, the translation work has been offloaded. The human intention has not.

1.3 Thesis: Reasoning Layers as Mediators

The central claim of this dissertation is that reasoning layers — intermediate representations that

make system logic explicit, inspectable, and actionable — reduce user cognitive load across physical,

multimodal, and agentic systems while preserving human agency. The highest-value role of intelligent

systems is not to make decisions on behalf of humans, but to offload the translation work that prevents

humans from making good decisions themselves. The goal is not a system that absorbs the reasoning

process into something opaque and self-contained, but one that converts low-level complexity into

insight that a human can read, evaluate, and act on.

This is a contrarian claim. The current discourse in AI celebrates systems that do more, decide
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more, and require less human involvement. But doing more is not the same as helping more. This

dissertation argues that the most valuable intelligence is not the intelligence that hides its reasoning

but the intelligence that surfaces it — that the goal is not to replace the expert but to reconfigure what

expertise is for. The expert should be making judgments, not translations.

To make that argument precise, I need to be specific about what good mediation actually looks

like — because “reducing cognitive load” and “preserving agency” are easy things to claim and hard

things to achieve simultaneously. A system can reduce cognitive load by simply hiding complexity,

which is exactly what the dominant automation paradigm does. That is not mediation. So I define it

carefully:

A system effectively mediates when it reduces the mental work required to translate

between what a human is trying to do and what the system needs to execute — without

removing human agency over the decision process.

This definition has two components that are both essential and in tension. First, reduction of

mental work is the primary goal: the system offloads the translation burden. Second, preservation of

agency is the constraint: the system does not absorb decision-making authority along with it. A fully

automated system satisfies the first condition but violates the second. A system that merely displays

raw data satisfies neither. Effective mediation requires both — and achieving both requires something

more specific than good intentions.

That something is what I call a reasoning layer: an intermediate representation that sits between

raw system state and human action. It transforms low-level signals into human-legible form, exposes

the logic by which that transformation occurred, and creates a surface for human intervention. A

reasoning layer communicates process and not results — and in doing so, gives the system something
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to ground its decisions on, and the human something to interrogate. The engineering challenge is

making reasoning layers that work on both sides of that relationship: faithful enough to the system’s

internals to be technically valid, and legible enough to a human that she can actually do something

with what she sees.

1.4 From Material to Agent

I did not start my research with a framework in mind; it began with an observation about

how mediation works at different levels of human experience. Some mediation operates below the

threshold of conscious attention: the body reads texture, follows a contour, feels resistance, and knows

what it is and/or what to do without deliberation. This is pre-reflective — it bypasses the cognitive

bottleneck entirely, interfacing directly to the sensorimotor system before the mind has to weigh in.

Other mediation operates above that threshold: the mind receives information, interprets it, maps it to

a representation, and reasons toward a response. This is reflective — and it is where cognitive load

accumulates. When information arrives in a form the mind was not built to read directly, the cost is not

just time spent in decoding. Decoding takes the same cognitive resources needed for the actual work

and causes fatigue. The projects in this dissertation are presented not in the order they were built, but

in the order the questions they answer accumulate — beginning at the material layer, where mediation

is most physical and most direct, and ending at the agentic layer, where the cognitive demands are

highest and the consequences of poor mediation are most severe.

The first question the research confronted was whether it was possible to create a novel mediation

intuitive enough that it works at the pre-reflective level — entering the body’s sensorimotor loop

directly, rather than arriving as a signal the mind must first decode. For vision, a screen shows you
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a photograph of a farm — the green wet grass, the horses, the cows — and you see it the way you

would see the farm itself, not through a description of those things. For audio, a speaker fills the room

with the sound of ocean waves, water rushing and receding, and you hear it exactly as if you were

standing at the shore. In both cases, the medium delivers the sensory experience itself — embodied,

immediate, requiring no symbolic intermediary between the signal and the body that receives it. But

for movement — for kinesthesia, the felt sense of force, timing, and resistance entailed in one’s

motion — no equivalent medium exists. What we have instead are demonstrations, verbal instructions,

and manual guidance: all symbolic, all requiring the recipient to translate the signal back into body

knowledge. Motionless Movement (CHI ’24) investigated this gap through the lens of kinesthesia. The

physical therapist’s problem described in the opening of this chapter — conveying what a correct arm

movement feels like from the inside — is precisely a failure of pre-reflective mediation: the knowledge

she wants to transmit is embodied, but every channel available to her is symbolic. She demonstrates,

describes, manually guides — each of these requires the patient to re-translate the signal back into

body knowledge, at precisely the moment when that translation is hardest to make. We found that

vibrotactile feedback, when synchronized to a user’s applied force, produces a stronger and more

believable kinesthetic experience than visual feedback, even when no physical movement occurs. The

feedback enters the sensorimotor loop rather than requiring conscious interpretation — which pointed

to something worth taking seriously: that mediation is most powerful not when it communicates to

the mind, but when it communicates to the body directly. The pre-reflective channel, when it can be

reached, is the most direct form of mediation there is.

If active feedback can be structured to enter the sensorimotor loop directly, the same question

applies to form itself: can surface geometry encode interaction affordances in ways the body can

read — not through labels or instructions, but through the logic of shape itself, so that the reflective
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overhead is minimized and the finger largely knows where to go before the mind has to decide?

Surface I/O (CHI ’23) tested this at the level of material structure. The hypothesis was that surface

geometry — macro-scale contours that guide a finger’s exploration, meso-scale textures that signal

material properties, micro-scale features that produce distinctive vibro-acoustic spectra enabling input

classification — could constitute an interaction language that users read without instruction or visual

guidance. At the macro and meso scales, the geometry speaks directly to the sensorimotor system: a

rail guides the finger, a valley signals a boundary, a detent marks a discrete state. At the semantic scale

— inferring that a circular feature is a dial, a linear one a slider — some learned convention is required.

But Surface I/O’s contribution is precisely that it structures this vocabulary systematically, so that the

reflective overhead is as thin as possible: the user learns the language once, and the geometry does

the rest. The result was a single passive surface, fabricated without mechanical components, that can

simultaneously encode touch affordances and enable input sensing. Form and interface, which have

historically been designed as separate layers, collapse into one. The surface becomes the reasoning

layer — not by eliminating interpretation entirely, but by absorbing enough of it that the user no

longer needs to look, confirm, and consciously reason their way through the interface. What remains

is navigation. What is freed is attention.

Physical mediation, however, operates under a fundamental constraint: it works when the system’s

role is passive — encoding, responding, reflecting the user’s own action back to her in a structured

form. It breaks down when the system must act autonomously — when it has its own sense-reason-act

loop, makes decisions without direct human instruction, and the human must understand and shape

what that loop will do. At that point, the mediation problem changes character. It is no longer about

perceiving affordances pre-reflectively. It is about modeling another agent’s behavior — understanding

not just what a surface feels like, but what an autonomous system will do next and why. This is an
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irreducibly cognitive problem.

Sustainflatable (UIST ’23) supported my exploration of this topic. In developing an electronic-

free pneumatic system that harvests renewable energy and operates autonomously — with no valves,

no electronics, and no real-time human control — we discovered that the central design challenge

was not the pneumatics. It was human understanding and prediction of autonomous system actions.

Without a tool that allowed designers to preview the system’s behavior, simulate its temporal dynamics,

and configure its autonomous logic through explicit representations of internal state, the system was

unusable despite being technically correct. Even in a system designed to operate without human

involvement, a reasoning layer is not optional. It is the precondition for the system being deployable

at all.

In-Situ Presenter (in submission) sits at the boundary between these two modes. Where Sustainflatable

revealed that autonomous systems need to expose their reasoning outward — making internal state

legible to the humans responsible for them — In-Situ Presenter revealed that intent-driven systems face

the inverse challenge: reading embodied human signals inward and converting them into cognitive-

level representations the system can act on. A presenter’s intent is not stated — it is expressed, even

implicitly. It is distributed across gesture, speech, and slide structure simultaneously, operating at a

pre-reflective level for the presenter themself. The system must absorb those signals, unify them into

a shared semantic representation, and reason about spatial intent from a multimodal substrate. The

reasoning layer here is not an output but an internal architecture: a unified representation space that

bridges the embodied and the cognitive, making the system capable of inference it could not otherwise

perform. This is where the physical and cognitive threads of the research converge: the system must

read the body’s language and translate it into something a reasoning process can use.
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1.5 DEXAS Framework

These four projects, taken together, revealed something I had not anticipated when I began: that

effective mediation, across all of these domains, depends on the same underlying set of requirements.

Systems must decode raw signals into structured, human-legible representations. They must couple

feedback to human action in ways that the body can read without the mind having to step in — where

the system’s response feels like a natural consequence of what the user did, rather than a signal that

needs to be separately interpreted. They must expose their intermediate reasoning so humans can

inspect, correct, and build on it. And they must unify heterogeneous inputs into shared representations

that support downstream inference.

But there is a fifth requirement, one that the earlier projects hint at and that the ubiquity of

the problem makes unavoidable: the mediation layer must be extensible. The human middleware

problem does not respect domain boundaries — it shows up in physical surfaces, embodied feedback,

autonomous systems, and agentic AI. A framework that addresses it in one place but cannot travel to

another is not a general solution. It is a local fix. The mediation must be able to grow as the system

grows, incorporate new knowledge without structural redesign, and compose across agents and tasks

as the problem scales.

These five requirements — Decoding, Embodied feedback coupling, eXposed reasoning transparency,

Adaptive input unification, and Scalable knowledge grounding — form what I call DEXAS. It is not

a framework I designed at the outset. It is a set of principles I found myself returning to, across five

very different systems, each time I asked why the mediation worked, why it fell short, and whether it

could be made to work somewhere else.

PROMPTS (MLSys ’26) takes the principles of DEXAS and applies them to engineers’ workflow
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PROMPTS
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HUMAN-INTERPRETABLE
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Surface I/O
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Motionless Mvmt
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D Decoding
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X eXposed Reasoning Transparency

A Adaptive Input Unification
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The expert  reads  a  diagnosis ,  evaluates  proposals ,  and decides .  The  system has  done the  translat ion.  The  judgment  remains  hers .

Figure 1.1: The DEXAS framework. A human with intent or action (left) provides
raw inputs — natural language, gesture and motion, speech and audio, sensor and
force data, system logs and traces, and slide or document structure — which are
processed through five principles before producing human-interpretable output for
judgment and decision (right). D (Decoding) transforms raw signals into structured
representations; instantiated in Surface I/O and PROMPTS. A (Adaptive input
unification) maps heterogeneous signals into a shared semantic space; instantiated
in In-Situ Presenter and PROMPTS. X (eXposed reasoning transparency) produces
intermediate artifacts — structured diagnosis, justified proposals, inspectable logic,
and a human intervention surface — making the system’s reasoning accessible
for inspection and correction; instantiated in Sustainflatable, In-Situ Presenter, and
PROMPTS. S (Scalable knowledge grounding) maintains an extensible knowledge
base through modular agent composition that grows without architectural redesign;
instantiated in PROMPTS (multi-agent knowledge base). E (Embodied feedback
coupling) ensures feedback enters the sensorimotor loop so the body reads before the
mind interprets; instantiated in Surface I/O and Motionless Movement. The bottom
row maps each of the five projects to the DEXAS principles it instantiates; PROMPTS
is the sole full instantiation of all five (D · E · X · A · S).
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in optimizing industrial-scale workloads. Designed from the beginning as a full instantiation of all

five DEXAS principles, it addresses the ML infrastructure problem described in the opening of this

chapter. It takes raw profiler output — HLO traces, roofline data, memory logs — and transforms it into

a structured bottleneck diagnosis. From the diagnosis, a multi-agent architecture generates sharding

configuration proposals with explicit justifications, grounded in an extensible knowledge base of expert

heuristics and past optimizations. The engineer does not read traces. She reads a diagnosis, evaluates

proposals, and decides. The translation work has been offloaded. Her judgment has been preserved.

Crucially, the system is designed to grow: new agents can be added, new heuristics incorporated,

and the knowledge base extended without restructuring the architecture. Across eight real-world

LLM workloads, PROMPTS independently identifies expert-validated configurations within its top

three recommendations every time, with its top-ranked recommendation matching the production

configuration in 87.5% of cases — and achieving up to 434% performance improvement over baseline.

1.6 Contributions

This dissertation makes six contributions to the understanding of reasoning layers as a systems

abstraction for human-machine mediation.

Motionless Movement demonstrates that action-coupled vibrotactile feedback is more effective

than visual feedback in conveying kinesthetic experience, and that this advantage arises because the

feedback operates inside the user’s sensorimotor loop rather than requiring symbolic interpretation.

This establishes that the representational channel through which mediation operates determines its

effectiveness, independent of information content.

Surface I/O demonstrates that surface geometry alone can encode interaction affordances across
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multiple scales of abstraction, collapsing the distinction between physical form and interactive interface.

This establishes that mediation can be embedded in material structure, not just software behavior.

Sustainflatable demonstrates that autonomous physical systems require human-facing reasoning

interfaces as a precondition for deployment — that legibility, predictability, and configurability are

not optional features but architectural requirements. Without a reasoning layer, an autonomous system

may be technically correct and still be unusable.

In-Situ Presenter demonstrates that intent-driven interaction across heterogeneous signal modalities

requires a unified semantic representation as an intermediate layer — that no single modality suffices

and that the quality of the shared representation determines the quality of intent inference downstream.

DEXAS is a general framework for reasoning-layer mediation, synthesizing five principles —

structured signal decoding, embodied feedback coupling, exposed reasoning transparency, adaptive

input unification, and scalable knowledge grounding — discovered across the above projects. DEXAS

defines what a system must provide to effectively mediate between human intent and system execution,

and to do so in a way that can travel across domains and scale with the complexity of the problem.

PROMPTS is a complete instantiation of DEXAS in the high-stakes domain of large-scale

LLM system optimization, demonstrating that expert-style diagnostic reasoning, made explicit and

extensible through a multi-agent architecture, can match and in some cases exceed the performance of

black-box configuration search — while remaining inspectable and steerable at every step.

Together, these contributions establish reasoning layers as a coherent systems abstraction: a

design primitive that can be instantiated across scales, from passive material surfaces to multi-agent

agentic workflows, and that consistently produces outcomes that reduce translation burden, align with

human intent, and support human decision-making rather than replacing it.

15



1.7 Organization of This Dissertation

The chapters that follow are organized to build the empirical case before making the theoretical

claim, and to validate the claim before discussing its implications.

Chapter 2 examines mediation at the physical layer. I present Surface I/O and Motionless

Movement as investigations of how form and feedback can encode interaction without requiring symbolic

interpretation. These projects establish the first two DEXAS principles — structured decoding and

embodied feedback coupling — and demonstrate that effective mediation often operates below the

threshold of conscious reasoning, entering the body’s action-sensation loop directly rather than passing

through it.

Chapter 3 examines mediation in autonomous and multimodal systems. Sustainflatable and In-

Situ Presenter reveal that effective mediation requires bidirectionality: systems must infer intent from

heterogeneous human signals and expose their own reasoning in inspectable form. These projects

establish the next two DEXAS principles — reasoning transparency and adaptive input unification —

and motivate the framework that follows.

Chapter 4 presents DEXAS as a synthesis. I derive the five principles from my empirical record,

define them precisely, and show how each prior project instantiates a subset of the full framework. I

argue that DEXAS is not a design prescription but a set of requirements that any effective mediating

system must satisfy, and I show how the principles interact and reinforce one another.

Chapter 5 presents PROMPTS as a DEXAS instantiation and primary empirical validation. I

describe the system’s multi-agent architecture, map its components to all five DEXAS principles —

including scalable knowledge grounding, which only becomes fully visible at this scale — and present

evaluation results across eight real-world LLM workloads. I argue that PROMPTS demonstrates not
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only that reasoning layers are effective in practice but that when reasoning is made explicit, inspectable,

and extensible, it can match or exceed black-box methods while remaining open to human intervention.

Chapter 6 discusses the implications of this body of work for the design of intelligent systems. I

examine the relationship between transparency and trust, the design of extensible knowledge representations,

and the broader question of what human-agent partnership should look like as agentic AI systems

become more capable. I close with directions for future work, including evaluation frameworks for

reasoning quality and methods for aligning agent behavior with human judgment over time.

∗ ∗ ∗

The argument of this dissertation is a simple one: the value of an intelligent system does not lie

in how much it does without human input, but in how much it supports human intent and decision-

making. The engineer who reads a diagnosis is more powerful than the engineer who reads a trace —

not because the system has done her work for her, but because the system has done the translation, and

left the decision to her. That is the goal. That is what reasoning layers make possible.
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Chapter 2: Mediation at the Physical Layer

This chapter examines how mediation operates when it is most direct — when the intermediary

representation is not language, software, or an autonomous agent but physical form itself: the geometry

of a surface, the coupling of feedback to action, the texture of a material. The two projects discussed

here, Motionless Movement (CHI ’24) [2] and Surface I/O (CHI ’23) [3], were not conceived as a

pair. They emerged from different research groups, address different perceptual channels, and deploy

different technical approaches. But read together, they reveal a shared logic — and that shared logic is

worth naming precisely before either project is described in detail, because it shapes how the empirical

findings should be interpreted.

Both projects investigate the conditions under which mediation can operate below the threshold

of conscious interpretation — where the body reads a surface, or receives feedback, without first

routing that information through deliberate reasoning. Motionless Movement approaches this question

through feedback coupling: when vibrotactile pulses covary with force application in the same way

tactile signals covary with actual movement across a surface, the body treats the feedback as evidence

of movement rather than as a signal to be decoded. Surface I/O approaches the same question through

tactile affordances encoded in surface geometry: at the macro and meso scales, contours guide the

finger, detents mark discrete states, and rough patches signal boundaries — all legible through the

exploratory procedures by which humans naturally investigate objects through touch [4–6]. In Norman’s

terms, these are perceived affordances — properties of the surface that signal to the user what actions

are possible, without instruction or explanation [7]. Some interpretive inference remains — a circular

feature reads as a dial only through learned convention, which Norman would call a signifier rather

than an affordance proper — but the system is structured to make that inference thin and fast. In both

cases, the target is what Don Ihde calls embodied mediation — where the technology becomes quasi-
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transparent, felt through rather than looked at, as a blind person’s cane eventually dissolves into felt

contact with the ground — rather than hermeneutic mediation, where a representation must be actively

interpreted [8, 9].

The chapter proceeds as follows. Section 2.1 provides the theoretical background that frames

both projects: the concept of sensorimotor contingencies as the basis for pre-reflective interaction,

the distinction between embodied and hermeneutic mediation, and the specific problem of kinesthesia

as a channel without a medium. Section 2.2 presents Motionless Movement — the design problem

of kinesthetic display, the prototype system, the four studies, and the empirical findings. Section 2.3

presents Surface I/O in full — its design rationale, its multi-scale architecture, its implementation,

and its evaluation results. Section 2.4 draws the cross-project synthesis: what the two projects share,

what that commonality establishes about the requirements for pre-reflective mediation, and how those

requirements inform the DEXAS framework developed in Chapter 4.

2.1 Pre-Reflective Mediation: Theoretical Grounding

The distinction between pre-reflective and reflective cognition runs through phenomenology,

ecological psychology, motor control research, and a long tradition of HCI work on directness, tangibility,

and embodied interaction. What it has not, until recently, been connected to is the specific engineering

problem of interface design — the question of what a system must do to achieve mediation at the

pre-reflective level rather than merely aspiring to it.

The foundational theoretical resource here is the work of O’Regan and Noë on sensorimotor

contingencies [10]. Their central claim is that what distinguishes one sensory modality from another

is not the physical phenomenon it detects but the learned patterns of correspondence between motor
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activity and sensory change that accompany it. When the eye moves right, the visual field shifts left —

that is a visual sensorimotor contingency. When the finger moves across a textured surface at speed,

vibrations occur at a frequency proportional to that speed — that is a tactile sensorimotor contingency.

Perception, on this account, is not a passive registration of signals but an active exploration of the world

structured by the body’s learned expectations about how action and sensation covary in synchronization.

The body does not receive information and then decide what to do. It acts, and it knows through acting.

This matters for interface design because it implies that a display medium does not need to

reproduce a physical phenomenon in order to produce the corresponding perceptual experience. What

it needs to do is reproduce the sensorimotor contingency — the lawlike relationship between the user’s

motor activity and the resulting sensory change. If that relationship is preserved, the experience

follows. If it is broken — if the feedback arrives too late, too uniformly, or in a form that does

not covary with the user’s action in the expected way — the perceptual loop collapses. The user

stops feeling through the interface and starts reading it. A surgeon operating through a robotic system

that strips haptic feedback must infer tissue resistance from visual cues alone — the sensorimotor

loop that constitutes surgical skill is severed, and what remains is interpretation under pressure. A

driver whose electric power steering has decoupled road feel from steering input loses the covariance

between hand effort and surface feedback that experienced drivers use to sense traction at the limit;

they are still receiving information about the road, but now through a channel that requires conscious

attention rather than one that flows directly into action. What was quasi-transparent becomes an object

requiring interpretation. The interface has not failed to provide information — it has failed to provide

information in a form the body can absorb without the mind having to intervene. The implication for

kinesthetic display is direct: the key engineering problem is not to identify the physical phenomenon

underlying kinesthesia and reproduce it, but to identify the sensorimotor contingencies that accompany
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kinesthetic experience and build a system that instantiates those contingencies in a different medium.

The second theoretical resource is Ihde’s taxonomy of technological mediation [11]. In embodied

mediation, the technology becomes quasi-transparent: the user acts through it rather than attending

to it. A blind person’s cane is the paradigm case — after practice, the experienced cane user does

not consciously attend to the pressure of the cane against the palm; they attend to the texture of the

pavement at the cane’s tip. The cane has become part of the body schema. In hermeneutic mediation,

by contrast, the technology presents a representation that must be read and interpreted. A thermometer

gives information about the weather, but that information arrives as a number the mind must convert

back into a felt sense of hot or cold. The number is not pre-reflective. Neither are most digital

interfaces: a slider position, a progress bar, a roofline chart.

What makes hermeneutic mediation costly is precisely its reflective character. Interpretation

takes the same cognitive resources as the work it is supposed to enable. An engineer reading a

utilization percentage to infer a bottleneck type is doing a cognitive task before she can do the task

she was asked to do. A patient reading a physical therapist’s verbal description of what a correct

arm movement feels like must translate that description back into body knowledge — at precisely the

moment when that translation is hardest to make. The cost is not merely attentional. It is motivational,

temporal, and structural: it inserts an interpretive step between intention and action that the interface

was supposed to eliminate.

The third resource is the specific problem of kinesthesia — the felt sense of movement — as

what we might call a displayless modality. Vision has screens. Audition has speakers. Even the

chemical senses, like warm and cool sensations, have research-grade display devices. But kinesthesia

has no established display medium. The reasons are structural: unlike vision and audition, kinesthesia

is an internal, proximal sense whose phenomenon originates within the body rather than arriving from
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outside. There is no single clearly bounded physical correlate — kinesthetic experience depends on

a combination of muscle spindle activity, joint receptor signals, cutaneous mechanoreceptors, and

vestibular input, all interacting in ways that have resisted systematic manipulation. Critically, the

experience is not simply a readout of these signals but is shaped by whether movement is self-

generated. When the motor system issues a movement command, it simultaneously generates an

efference copy — a predictive signal against which incoming sensory feedback is compared [12].

Active movement feels as it does partly because the nervous system anticipated it. Passive movement

— an arm guided by a therapist, a wrist steered by an exoskeleton — activates the same peripheral

receptors but arrives without that predictive context, and the experience is categorically different:

felt as something happening to the body rather than something the body is doing. Standard display

approaches that attempt to reproduce kinesthetic experience by producing the relevant physical phenomenon

— moving the limb, stimulating the muscles — run directly into this distinction. The phenomenon

they reproduce is peripheral; the experience they are trying to evoke is central.

What O’Regan and Noë’s framework suggests is an alternative: instead of reproducing the

physical phenomenon of kinesthesia, reproduce the sensorimotor contingency that accompanies it.

When a finger moves across a surface, vibrations occur at a rate proportional to movement speed.

That is the contingency. If a display can couple its feedback to the user’s action attempt in a way

that preserves that contingency — making the signal change as the user exerts force, at a rate that

matches what movement over a surface would produce — the body may experience that feedback as

movement, even if no movement occurs. This is the insight that drives Motionless Movement, and it

is worth stating it at this level of abstraction before the specific implementation is described, because

the insight is more general than any particular prototype.

These three theoretical foundations do not bear equally on both projects. The embodied/hermeneutic
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distinction is genuinely shared — in each case, the design target is mediation the body can absorb

without conscious interpretation. But the sensorimotor contingencies framework and the problem of

kinesthesia as a displayless modality are the theories behind Motionless Movement specifically, which

is an attempt to instantiate a kinesthetic contingency in a new medium. Surface I/O draws on a related

but distinct tradition — Norman’s account of perceived affordances and Lederman and Klatzky’s haptic

exploratory procedures — to ask a parallel question through geometry rather than feedback coupling.

What unifies them is the underlying research vision: to push as much of the work of mediation as

possible below the threshold where conscious cognition has to intervene. The two sections that follow

examine how far that vision can be realized, and where it runs out.

2.2 Motionless Movement: Towards Vibrotactile Kinesthetic Displays

2.2.1 The Problem: A Sense Without a Display

The physical therapist’s problem stated in Chapter 1 is this: she knows what a correct movement

feels like from the inside, and that knowledge is not propositional. It cannot be stated fully in words or

demonstrated with sufficient accuracy through imitation. It cannot even be transmitted through manual

guidance — guiding a patient’s arm through the correct trajectory produces passive movement, and

passive movement, as the previous section established, feels categorically different from the active

movement the patient needs to learn. Every channel available to her delivers the knowledge in a form

the patient must translate back into body knowledge at precisely the moment when that translation

is hardest. The underlying problem is that kinesthesia has no display medium. Vision and audition

both have established technologies that can transport a user into a perceptual experience — a screen

renders the view of an ocean, speakers render its soundscape — without the user being physically
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Figure 2.1: Motionless Movement concept overview. Left: the prototype device
— the user applies isometric force to the spherical metal handle, which remains
stationary while synchronized vibrotactile feedback is delivered through the handle.
Right: space-time diagram contrasting the displayed movement trajectory (pink,
virtual position computed from applied force) with the actual hand position (teal,
stationary). User-provided force direction is indicated by arrows at each time step. The
physical handle does not move; the body experiences movement through the action-
coupled haptic signal.

present. No equivalent exists for kinesthesia. There is no device that can deliver the felt experience of

movement to a body that is not moving. This is surprising given how central kinesthetic experience is

to human activity. Every skilled performance — sport, musical instrument, surgical technique, manual

craft — depends critically on the felt sense of movement. Yet while vision and audition have both

well-established display technologies and rich research literatures on how to design them, the study

of kinesthetic display was, prior to this work, fragmented across isolated prototypes with no shared

theoretical framing. The contribution here is to name kinesthetic displays as a category, establish

a taxonomy of their possible forms, and empirically investigate whether action-coupled vibrotactile

feedback can constitute one such form.
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2.2.2 A Taxonomy of Kinesthetic Displays

Before presenting the Motionless Movement prototype, this section establishes a four-way taxonomy

of kinesthetic display types. The taxonomy clarifies what the motionless movement approach is and is

not, and what distinguishes it from prior work in body-actuating and movement-augmenting systems.

Direct actuation: the display directly moves the user’s body. EMS-based systems that steer the

wrist during drawing [13, 14] or exoskeletons that train motor patterns through physical manipulation

are examples. Control lies with the display; the user’s own motor intent is bypassed.

Augmented perception: additional feedback is layered on top of the user’s actual, self-initiated

movement, providing richer or more precise information about what they are already doing. The

difference between drawing with a pencil on paper versus on the glass surface of a tablet illustrates the

principle: the paper provides richer sensorimotor feedback of the same movement. Friction rendering

devices are a more engineered instance of the same logic. Control lies with the user; the kinesthetic

display in this case amplifies rather than replaces.

Altered perception: the display manipulates the user’s experience of their own movement without

changing the movement itself — making people believe they can perform movements they actually

cannot, or changing how they experience their bodies. Haptic retargeting in VR, where a user’s

physical hand is guided to touch a proxy object while the visual rendering shows them touching a

different object, is the paradigm case [15]. Control can lie with either the user or the display depending

on implementation.

Motionless movement: the display provides an experience of movement in the absence of any

actual movement [16]. The user initiates action — exerts force, makes an effort — and the display

responds in a way that makes the body believe movement is occurring. This is the hardest case in
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Figure 2.2: Four-way taxonomy of kinesthetic display types, illustrated as space-
time diagrams contrasting displayed movement (pink) and actual movement (teal).
(A) Direct actuation: externally provided force (dashed arrows) drives the body
along a trajectory the system controls; actual and displayed movement coincide but
are externally imposed. (B) Augmented perception: the user moves freely (user-
provided force, solid arrows) while the display layers additional feedback onto the self-
initiated movement. (C) Altered perception: displayed movement diverges from actual
movement while the user provides force. (D) Motionless movement: the user provides
force throughout, but the hand does not move — displayed movement is constructed
entirely from the action-coupled feedback signal.

the taxonomy: there is no actual movement for the display to enhance or redirect, and the movement

experience must be constructed entirely from the coupling of feedback to action attempt. Like altered

perception, the movement experience here is user-initiated rather than externally imposed — the

distinction from direct actuation is precisely that the user, not the display, holds the locus of control.

A dimension that runs through all four types is whether the movement experience is embodied

(pre-reflective, felt as part of the user’s own movement experience) or symbolic (hermeneutic, requiring

conscious interpretation). The target in motionless movement is explicitly the embodied end of this

spectrum. A good kinesthetic display should provide movement cues in a manner the user can understand
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pre-reflectively, without consciously attending to the feedback at all [11]. The goal is feedback

indistinguishable from intrinsic feedback — the sensory information generated by the user’s own

movement rather than by an external source [17].

2.2.3 Theoretical Grounding: Sensorimotor Contingencies and Material Experience

The motionless movement approach derives directly from O’Regan and Noë’s account of sensorimotor

contingencies [10], as applied to tactile material perception. When a finger moves across a surface,

tactile impulses occur at a rate proportional to movement speed — slowly when the finger moves

slowly, rapidly when it moves fast. This is a sensorimotor contingency: a systematic, predictable

relationship between motor activity and resulting sensory cognition. The key insight is that this

contingency does not require actual movement to be instantiated. If a system can couple vibrotactile

feedback to the user’s force application — producing pulses that covary with action attempt in the

same way that tactile impulses covary with actual movement — the body’s perceptual system may

treat the feedback as evidence of movement.

A second theoretical resource concerns the distinction between isometric and isotonic action

[17]. Isotonic actions involve joint movement alongside muscle contraction — the arm reaching across

a table, the finger sliding across a surface. Isometric actions involve muscle contraction without joint

movement — pressing against a fixed object, exerting force without displacement. The prototype

exploits a known perceptual asymmetry: when isometric input is supplemented with compelling

sensory feedback, users can experience the illusion of isotonic movement. Prior work on isometric

input devices has shown that visual feedback alone can induce such illusions through visual dominance

[16, 18]. Motionless Movement investigates whether action-coupled vibrotactile feedback can induce
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the same illusion through the haptic channel — and whether the resulting experience is more embodied

than its visual equivalent.

This is supported by prior work on vibrotactile compliance illusions, in which grain-based haptic

feedback triggered at fixed pressure thresholds makes users believe that a rigid surface is deforming

under their touch [19–23]. For a compliance illusion to work — for a user to believe the material

under their finger is receding — the user must also believe their finger is moving into the space the

material is vacating. Compliance illusions are implicitly kinesthetic: they succeed only if the body

treats the feedback as evidence of movement. This observation motivates the explicit investigation

of whether the same coupling can produce a direct kinesthetic experience — not compliance as a

byproduct of a material illusion, but movement as the primary target. The paper frames material

experience and kinesthetic experience as two sides of the same coin: the distinction between feeling a

material deform and feeling one’s hand move into it is a matter of frame of reference, not of underlying

mechanism [22, 24].

The project also draws on Schmidt et al.’s distinction in motor control research between intrinsic

and extrinsic feedback [17]. Intrinsic feedback is the sensory information generated by one’s own

movement — the vibration of a tennis racket due to air friction as it is swung. Extrinsic feedback is

information about movement provided by an external source — a visual analysis of the racket’s swing

velocity. The goal is to provide feedback the user experiences as intrinsic: a sensation that feels like

a consequence of their own action, rather than a signal to be interpreted. This aligns directly with

Ihde’s distinction between embodied and hermeneutic mediation [11] — the target is mediation the

body absorbs without the mind having to interpret it.
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Figure 2.3: System flowchart for the Motionless Movement prototype. User efferent
motor activity applies force to the 5 kg load cells (analog sensors), read by the HX711
ADC and passed over I2C to the Teensy 4.1 microcontroller. The MCU runs the
movement simulation (force → virtual position) and the vibrotactile signal generation
algorithm in parallel. Virtual position is sent via serial to a Unity VR engine rendering
on an Oculus Quest 2 (used in visual-feedback conditions only). The signal generation
output passes through a PT8211 DAC, Visaton 2.2LN amplifier, and HapCoil-One
vibrotactile actuator to deliver afferent haptic stimuli directly through the spherical
handle.

2.2.4 System Implementation

The prototype is a desktop-mounted device with a spherical metal handle (55 mm diameter)

mounted on an enclosure housing four 5 kg load cells and a vibrotactile actuator. The hardware pipeline

proceeds as follows: load cells detect force applied to the sphere; an HX711 ADC (80 Hz maximum

sampling rate) reads the signals; a Teensy 4.1 microcontroller runs the movement simulation and signal

generation algorithms; a PT8211 DAC converts the digital signal to analog; a Visaton 2.2LN amplifier

drives the HapCoil-One vibrotactile actuator (Actonika, frequency range 10–1000 Hz), which is mounted

to directly vibrate the spherical handle. The haptic signal is updated at greater than 200 Hz, faster than

the force sampling rate, to maintain signal fidelity within each update window.

For the studies that include visual feedback, the system communicates virtual position to Unity

via serial port, which renders a hand avatar pushing the sphere across a textured plane in an Oculus
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Figure 2.4: Physical prototype of the Motionless Movement vibrotactile kinesthetic
display. (A) Exterior view: the spherical metal handle mounted on the laser-cut
MDF enclosure. (B) Interior view with hardware components labeled: HX711
ADC, Teensy 4.1 microcontroller, PT8211 DAC, and Visaton 2.2LN amplifier visible
inside the enclosure; the HapCoil-One vibrotactile actuator is mounted directly below
the handle stem. (C) Exploded engineering diagram showing the assembly layers:
spherical handle, vibrotactile actuator, load cell mounting plate, four load cells and
mounts, and outer enclosure.
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Quest 2. The VR environment serves to increase ecological validity in the visual conditions; it is not

present in the haptic-only studies.

Movement simulation model. The core of the system converts the user’s applied force into a

virtual position. The model assumes a constant mass (m = 0.5 kg) and no friction. Force values

from the load cells are decomposed into x and y dimensions; acceleration is computed from Newton’s

second law (a = F/m); velocity and displacement are integrated across successive system loops

(∼12 ms each). This virtual position drives haptic signal generation and, where applicable, the VR

rendering.

Haptic signal mappings. The action-coupled feedback algorithm divides the sensor range into

a number of discrete bins (grains). When the measured signal crosses a bin boundary, a vibrotactile

pulse is generated. Four mapping strategies were designed and evaluated:

1. Pressure-based: grain pulses triggered by instantaneous force magnitude (300 grains, maximum

force 10 N). Produces a natural, compliance-like experience, but with a small felt sense of

movement.

2. Distance-based: grain pulses triggered by virtual position from the movement simulation (400

grains, maximum displacement 0.01 m). The primary candidate mapping — it couples feedback

to simulated travel rather than instantaneous force, producing friction-like cues along a simulated

movement path [25].

3. Hybrid: pressure-based below a threshold of 1.2 N, distance-based above it. Designed to address

weak onset and termination cues in the distance-based mapping alone.

4. Continuous vibration: vibration sustained while force is applied, with amplitude and frequency
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Figure 2.5: Visualization of the four vibrotactile signal mappings as a function of
user action over time. The black curve represents the user’s action measure (pressure
or computed virtual distance); horizontal dotted lines represent grain bin boundaries;
each vertical pink tick marks a pulse trigger. (A) Pressure-based: pulses triggered
when instantaneous force crosses bin thresholds — dense during peak force, absent
otherwise. (B) Distance-based: pulses triggered by cumulative virtual displacement
— evenly distributed along the simulated travel path. (C) Hybrid: pressure-based
at low force (green region), switching to distance-based above the 1.2 N threshold.
(D) Continuous vibration: a sustained signal active whenever force exceeds the
threshold, serving as the hermeneutic control.

modulated by force magnitude. This serves as the hermeneutic control condition — a symbolic

signal rather than an action-coupled one.

Across all conditions, vibration frequency increases logarithmically from 60 Hz to 100 Hz and

amplitude from 0.1 to 0.6 as force approaches 10 N.

2.2.5 Evaluation: Four Studies

The evaluation was structured as a progression of four studies, each building on the findings

of the previous. Results are reported as 95% confidence intervals on means rather than p-values,

consistent with recommendations in the HCI methods literature [26, 27].

Study 1: Movement Perception of Haptic Mappings. Ten participants (9 right-handed, 1 left-

handed) compared the four haptic mappings plus a no-vibration control using magnitude estimation.

Participants were blindfolded and wore noise-canceling earphones playing white noise to mask audiovisual

cues. They rated each condition on two dimensions: estimated magnitude of movement (how far
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does the object feel like it can travel?) and naturalness (does this feel like a physical material or a

machine vibration?). Conditions were presented in balanced Latin square order with four repetitions

per participant.

For naturalness, no-vibration and constant vibration were the two extremes — no-vibration rated

most natural (it felt like a real, stationary object), constant vibration rated least natural. Pressure-

based, distance-based, and hybrid were statistically similar in naturalness, all perceived as natural

material interactions. For magnitude of movement, pressure-based and no-vibration were significantly

lower than all other conditions; distance-based, hybrid, and constant vibration were similar. This

dissociation is theoretically important: the constant vibration condition achieved high movement

magnitude ratings through hermeneutic means — participants interpreted the amplitude-frequency

modulation as a symbolic cue for distance — while distance-based and hybrid achieved comparable

movement ratings through embodied means, producing experiences participants described in terms

of physical materials, friction, and surface texture. The distance-based mapping was selected as

the primary condition for subsequent studies because the added complexity of the hybrid algorithm

produced no measurable benefit on either dimension.

Study 2: Effect of Haptic Grain Level. Twelve participants performed magnitude estimation

comparing three grain levels in the distance-based mapping: 200, 400, and 800 grains. Increasing

granularity increased perceived movement magnitude, but with diminishing returns. The difference

between 200 and 400 grains was statistically significant (95% CI for the difference: [−0.61,−1.07]).

The difference between 400 and 800 grains was not (95% CI: [0.06,−0.36]). Participant comments

illustrated the two failure modes at high granularity: for some, 800 grains felt overwhelmingly convincing;

for others, the threshold fell so quickly that the feedback collapsed into what felt like continuous

vibration, losing the grain-coupled quality that made lower densities feel like friction.
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Figure 2.6: Study 3 and 4 setup. (A) Physical prototype during use: the user applies
isometric force to the stationary spherical handle while synchronized vibrotactile
feedback is delivered. (B) Corresponding VR rendering (Oculus Quest 2 via Unity):
the hand avatar and sphere trace the virtual movement path computed from applied
force over successive time steps t1, t2, t3. In Study 3, participants adjusted a visual
gain parameter until the VR motion matched their haptic percept. In Study 4, the visual
and haptic feedback modalities were presented in all four combinations (both, haptics
only, visual only, neither) to assess their independent and combined contributions to
belief in movement.

Study 3: Haptic Grain and Visual Gain Matching. The same 12 participants adjusted a visual

gain parameter — the multiplier on the movement simulation’s position output in the VR rendering

— until the VR sphere’s movement matched their haptic feedback. No clear pattern emerged across

participants: matching was mediated by individual mental models of the material being simulated.

This theoretically interesting negative result suggests that the relationship between haptic and visual

movement cues in multi-modal kinesthetic display is not fixed but depends on context and prior

experience. Future work in richer task contexts, where mental models are more constrained, may

find more stable correspondences.

Study 4: Effect of Visual Feedback on Belief in Movement. The same 12 participants compared

four conditions using the visual-haptic pairings they had selected in Study 3: both haptics and visual,

haptics only, visual only, and neither. Participants rated belief in embodied movement — how strongly
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Figure 2.7: Study 4 results: estimated belief in experienced movement across the
four feedback conditions (none, visual only, haptics only, both), with means and
95% confidence intervals. The y-axis shows standardized estimates (units: standard
deviations relative to the per-participant mean). Haptics only outperforms visual only,
establishing that action-coupled vibrotactile feedback is a more effective standalone
kinesthetic channel than visual display. The combined condition produces the highest
belief in movement overall.

did they feel their hand or the sphere was actually moving, relative to real-world experience?

Belief in movement was highest in the both-haptics-and-visual condition, followed by haptics

only, then visual only, then neither. Critically, haptics alone outperformed visuals alone — a striking

finding given that visual feedback dominates in most multi-sensory contexts. Participants who found

the haptic-only condition more convincing described the visual-only condition as feeling like using a

computer mouse: they were translating their movement into something else, rather than experiencing

the movement directly [16, 18]. The visual rendering produced a hermeneutic experience; the haptic

feedback produced an embodied one. The combination produced the strongest experience because

the haptic grounding provided the embodied substrate on top of which the visual confirmation could

reinforce rather than replace.
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2.3 Surface I/O: Encoding Affordances in Material Form

2.3.1 The Problem: Interface Without Explanation

As computing devices have proliferated in everyday life, interaction with them has remained

constrained to two dominant interface types: seamless, continuous surfaces — most often flat, with

integrated touch sensing — and mechanical inputs, typified by buttons, sliders, and dials. Touchscreens

offer a reconfigurable, robust platform that designers can tweak and test, but being entirely flat,

they lack tangibility and rely on visual attention to operate. Mechanical controls offer rich tactile

affordances and direct interaction methods that have stood the test of time, but they are difficult to

design, expensive to implement at scale, and add mechanical complexity and failure modes that lead

some manufacturers to remove them altogether — the removal of the home button from smartphones

and the replacement of instrument clusters with flat touchscreens in the Tesla Model 3 being the

most visible examples. The costs of this resolution are real: drivers reaching for a volume control

while watching the road cannot locate a flat surface by touch; VR users trying to adjust a headset

parameter without removing the headset have no tactile reference point to orient them; users with

visual impairments navigating an appliance interface designed for sighted users encounter an entirely

symbolic environment they cannot read through touch.

Surface I/O proposes an intermediary approach: instead of choosing between mechanical complexity

and tactile impoverishment, it functionalizes the exterior surface of the device itself. The hypothesis

is that surface geometry, designed with intent across multiple physical scales, can provide haptic

affordances without dedicated mechanical components while simultaneously enabling input tracking

— no moving parts, no added electronics beyond an inexpensive contact sensor. A surface designed
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Figure 2.8: Surface I/O system overview. Left column (A–C): cross-sections
illustrating the three feature scales as they engage the fingertip — macro-scale
(∼10 mm) creating static skin deformation, meso-scale (∼1 mm) producing texture
sensation during lateral scanning, and micro-scale (∼0.1 mm) generating a distinctive
vibro-acoustic spectrum. Right: the system instantiated as a one-piece plastic widget
(D, schematic; E, photo) installed on the Elite Head Strap of an Oculus Quest 2. The
widget combines a macro-scale valley (blue, for lateral thumb guidance), meso-scale
detents and rough-texture end stops (teal), and micro-scale ridge arrays (pink) for
absolute position tracking. An inexpensive piezoelectric vibration sensor affixed to
the widget’s underside (F, spectrogram shown) captures the vibroacoustic signal for
input classification.

well enough should orient the hand, signal discrete states, mark boundaries, and track position, all

through feel alone. The paper frames this as a contribution toward “invisible ubiquitous interactivity at

scale” [3,28–31]: interfaces so naturally integrated into the form of an object that interactivity becomes

a property of the surface rather than a feature added to it.

2.3.2 Multi-Scale Architecture: Three Registers of Surface Information

Surface I/O’s central contribution is the identification of three physically distinct scales of surface

geometry, each of which encodes a different kind of interaction information and engages a different

aspect of the human tactile perceptual system. These scales are not arbitrary divisions of a continuum;
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they correspond to established distinctions in tactile psychophysics research concerning the mechanoreceptor

populations that mediate surface perception at different spatial frequencies [32–34].

Macro-scale features (5 cm to 1 mm). At this scale, surface geometry creates discernible static

deformation across the fingerpad and surrounding skin. The relevant mechanoreceptors — SA-I,

FA-I, and SA-II units — respond to skin deformation and stretch, preserving spatial information

about the shape encountered. Macro-scale features encode two kinds of information. The first is

location: a finger-sized hole, bump, or ring captures the finger and tells it where to rest. Users

immediately recognized these features as button-like — points of interest that invite pressing, dwelling,

or fine rotary manipulation. The second is direction of travel: valleys (linear indentations that capture

the finger and permit lateral movement), rails (raised ridges that resist perpendicular motion while

permitting parallel translation), and asymmetric sawtooth-like features that resist movement in one

direction more than the other all communicate a path before the finger has consciously processed it.

The valley design received the highest intuitiveness ratings in Surface I/O’s user studies, and 87.5% of

participants spontaneously reported that it communicated horizontal movement. The geometry does

not describe the motion. It makes one direction feel like the natural continuation of where the finger

already is.

Meso-scale features (1 mm to 200 µm). At this scale, features are too small to lock-in or redirect

the finger but large enough to be felt during lateral scanning — the exploratory procedure by which

humans assess texture when moving the hand across a surface. These features engage primarily

FA-I and FA-II mechanoreceptors, sensitive to vibrotactile signals in the range produced by finger

movement across repeated micro-structures. Meso-scale textures in Surface I/O serve as semantic

markers: a rough strip signals that the finger has reached an extreme position; a smooth-to-rough

transition communicates that a boundary has been crossed; a subtle directional texture (fine parallel
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lines) produces different resistance in different directions, providing a guidance cue without the strong

topographic commitment of a macro-scale valley. These features do not constrain the finger. They

inform it — the tactile equivalent of a visual landmark.

Micro-scale features (below 200 µm). At this scale, features cannot be felt by a static finger

and are barely detectable even during slow scanning — they exist below the threshold of direct tactile

perception [35, 36]. Their function is not to communicate affordances but to enable input sensing.

When a finger slides across a surface patterned with micro-scale ridges, it produces a distinctive vibro-

acoustic spectrum whose frequency content depends on the pitch of the ridges and the speed of the

swipe [37, 38]. A small piezoelectric sensor affixed to the underside of the Surface I/O object can

capture this spectrum, and a machine learning classifier can infer the user’s position, direction, and

speed from the signal. By operating below the threshold of human tactile perception, micro-scale

textures encode sensing information without competing with the affordance information encoded at

larger scales. The surface communicates what to do to the finger; separately and silently, it reads what

the finger is doing.

The three scales work together as a system. A Surface I/O widget installed on the side of a VR

headset might use a macro-scale valley to guide the thumb along a horizontal axis, meso-scale rough

patches at the ends of the valley to signal that the travel limit has been reached, and micro-scale ridges

of varying pitch between pairs of tactile detents to allow the system to infer absolute position within

the slider’s range. No screen is required. No label is needed. The thumb finds the valley, follows it,

feels the detents mark discrete states, feels the rough patch signal the stop. All of this happens below

the threshold of deliberate reasoning.
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Figure 2.9: The 35-stimulus evaluation set for Surface I/O, organized by scale and
feature type. Top row (A–E): five meso-scale textural primitives (smooth, velvet,
rough, grippy, subtle guide). Rows 2–7: 30 macro-scale features spanning point-of-
interest locators (large hole, small hole, large bump, small bump, large ring, small
ring, barrier), discrete state markers (detent), linear guidance features (valley, single
rail, multiple rails, one-way, valley variants with detents and hills), rotational features
(circular valley, circular rail, circular rails, spiral rails), switch-type features (valley
switch, smooth valley switch, rail switch, smooth rail switch), and compound features.
Each stimulus is centered on an 8 × 8 cm panel and 3D-printed. Brown overlines
indicate stimuli used in Study 1; blue overlines indicate stimuli used in Study 2.
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2.3.3 Implementation

Surface I/O prototypes were fabricated primarily using a masked stereolithography (MSLA)

3D printer (ELEGOO Mars 3, approximately $250 USD) capable of producing features as fine as

35 µm. A custom laser cutter capable of 20 µm resolution was used for the finest micro-scale textures.

The authors confirmed that Surface I/O is compatible with mass-production methods — specifically

injection molding and stamping — at all three scales, because comparable feature sizes are already

routinely produced in holographic injection molding and vinyl record stamping. The primary added

electronic component is a small piezoelectric disc affixed to the underside of the widget; existing

internal microphones in devices such as VR headsets might capture the necessary vibroacoustic signal

without any additional hardware.

For input sensing, Surface I/O uses a 7 mm diameter piezoelectric element connected to a custom

pre-amplifier, digitized at 192 kHz. Classification uses an ExtraTrees machine learning model (100

estimators) operating on a 246-dimensional feature vector combining FFT features and Mel-frequency

cepstral coefficients, with a five-frame voting window to stabilize output. The pipeline was evaluated

on four exemplary micro-scale textures.

The representative stimuli set developed for evaluation comprised 35 distinct surface features

organized across the three scales: 5 meso-scale textural primitives, 8 macro-scale point-of-interest

features (holes, bumps, rings of varying sizes), 4 macro-scale guidance features (valleys, rails, one-

way asymmetric textures, detents), and 18 more complex widget-level stimuli combining primitives

into functional interface elements. These were presented to participants across four studies.
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Figure 2.10: Four micro-scale texture samples (A–D) mounted on an acrylic evaluation
plate with a copper-shielded piezoelectric element affixed to the underside. Each
panel shows a microscopic view of the periodic ridge structure (right inset, common
scale; ridge pitch visible at ∼160 µm for texture A) alongside an example spectrogram
captured during a finger swipe (left inset, 0–25 kHz). The distinctive harmonic patterns
in each spectrogram — determined by ridge pitch and swipe speed — are the basis for
the ExtraTrees classifier’s position and texture inference. Mean classification accuracy
across the four textures: 90.1%.
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2.3.4 Evaluation

Study 1: Efficacy of Primitives. Nine participants explored 17 surface primitives in a semi-

structured interview study. A box prevented visual access; participants used the index finger of their

dominant hand. They rated each stimulus on tactile intensity, pleasantness, smoothness, stickiness,

bumpiness, sharpness, continuity, and directionality (five-point Likert scales), and provided open-

ended descriptions of what they felt and what they inferred the designer was communicating.

Three findings from Study 1 are worth stating precisely. First, the more tactilely intense a

stimulus, the less pleasant users found it (R2 = 0.558), with sharpness being the strongest predictor of

unpleasantness (R2 = 0.595). This is a design constraint: affordance information should be encoded

in features intense enough to be legible but not so sharp as to produce aversion. Second, macro-scale

guidance features — particularly the valley — received the highest directionality ratings: 87.5% of

participants reported it communicated horizontal movement without prompting. Third, meso-scale

features that conveyed no directional information were perceived as neutral background textures,

confirming that meso-scale features can serve as semantic marks without being misread as affordance

signals.

Study 2: Functional Associations. Eight participants (all Study 1 veterans) explored 18 thematic

sets of widget-level stimuli. Each set isolated a specific design variable — size of locating features,

detents versus hills, linear versus rotational geometry, number of rails — and participants described

what each set might control on a computer interface, then rated each stimulus for intuitiveness and

complexity.

Key findings: larger locating features (finger-sized holes and bumps) were consistently rated

more intuitive than smaller ones and universally associated with high-frequency interactions such as
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power buttons and touch ID; smaller features were perceived as indicators for infrequent or cautious

interactions. Detents were perceived as discrete controls suggesting modal switching; hills (sinusoidal

rather than stepped transitions) were perceived as continuous controls. Linear stimuli were associated

with sliders and continuous value change; circular and spiral features with dials and mode selection.

These findings establish that Surface I/O features not only convey direction and location but carry

functional semantics — users make reliable inferences about what a widget does from how it feels,

without labels or explanation.

Study 3: Input Accuracy. Ten participants each performed 30 swipes across each of four micro-

scale textures (1,200 trials total). Using leave-one-participant-out cross-validation, the machine learning

classifier achieved a mean texture classification accuracy of 90.1%. While the authors acknowledge

this falls short of the 99%+ accuracy consumers would demand from a production system, they position

it as a proof of concept establishing feasibility, with substantial headroom for improvement through

more sophisticated classification pipelines.

Study 4: Durability. Seven materials were subjected to 120,000 reciprocating cycles (240,000

swipes) using artificial finger probes constructed per ASTM F1597-02 standard [?]. No visible abrasion

was observed in any material across all test intervals; all materials preserved identifiable harmonic

spectra. Notably, the soft primer coating on the artificial finger probes required replacement every

40,000 cycles — the simulated skin wore faster than the surface. Micro-scale Surface I/O features, at

the very scale most vulnerable to wear, proved more durable than the simulated skin pressing against

them.
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Figure 2.11: Example application of Surface I/O. The left three images (A – C) show
the top layers of an Alexa Echo. The right two images (D – E) show our single-piece,
Surface I/O alternative top plate.

2.3.5 Three Example Interfaces

Surface I/O’s generality is illustrated through three worked examples. The first augments a VR

headset with a linear slider on the Elite Head Strap — combining a macro-scale valley to guide thumb

travel, meso-scale rough patches at both ends to signal limits, and varying ratios of two micro-scale

textures between detents to enable absolute position tracking. The second augments an automobile

steering wheel with a four-way directional control and a small spiral dial for continuous value adjustment,

enabling mode navigation and parameter control without visual attention. The third redesigns the

top plate of an Amazon Echo as a single-piece Surface I/O widget — replacing four spring-loaded

mechanical buttons with a repeated-rail dial for volume and a toggle widget built from rails with stops,

using micro-scale texture transitions for direction sensing. Across all three, the same design principle

holds: every meaningful interaction state or boundary is communicated through felt geometry before

any electronic feedback is required.
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Figure 2.12: Example application of Surface I/O. Photo of our Surface I/O-augmented
steering wheel (B), with closeup views of a four-way directional control made out of
four tear-drop finger wells (A) and small spiral dial (B) where a thumb could be used
to manipulate a continuous value, such as volume or temperature.

Figure 2.13: The Surface I/O VR headset slider installed on the Elite Head Strap of an
Oculus Quest 2, shown in use. The thumb finds the macro-scale valley without visual
guidance, follows it laterally, registers the meso-scale detents as discrete states, and
stops at the meso-scale rough-patch end limit. Micro-scale ridge arrays between detent
positions allow the piezoelectric sensor to infer absolute thumb position along the
slider’s range. No screen, label, or electronic feedback is required for the affordance;
only the piezoelectric sensor is added electronically.
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2.4 Cross-Project Synthesis: What Physical Mediation Requires

2.4.1 The Shared Logic

Motionless Movement and Surface I/O were developed by different research groups, address

different perceptual channels, deploy different technical approaches, and draw on different literatures

within HCI. What they share is a commitment to the same design target — mediation that operates at

the pre-reflective level — and the same discovery about what achieving that target requires.

In Motionless Movement, the design question is: can vibrotactile feedback produce kinesthetic

experience without movement? The answer is yes, but only if the feedback is coupled to action attempt

in a way that preserves the sensorimotor contingency of tactile movement cues. Continuous vibration

achieves high movement magnitude ratings hermeneutically — participants interpret the amplitude

modulation as a symbolic cue for distance — but it does not feel like movement; it feels like operating

a machine (to quote one participant, “it feels like using a mouse”). Distance-based grain coupling

succeeds because the feedback changes as the user’s applied force changes virtual position, and the

body’s perceptual system treats this covariance as evidence that an object is moving. The feedback

does not say you are moving. It produces the sensory pattern that accompanies movement, and the

body draws the inference automatically.

In Surface I/O, the design question is: can the geometry of a surface communicate what to

do without labels, instructions, or visual feedback? The answer is yes, but only if the geometry

exploits the sensorimotor system’s existing competences, matching how users naturally perform haptic

explorations. A valley captures a finger because the finger naturally settles into the lowest-energy

path. A detent registers as a discrete state boundary because the sensorimotor system treats a sudden
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transition in resistance as categorically significant. A rough patch signals a limit because the hand

associates texture discontinuities with zone boundaries in any exploratory task. The geometry does

not explain. It exploits what the hand already knows about the physical world.

Both systems create mediation by encoding the consequences of action into the interface rather

than describing the state of the system to the user. A Surface I/O valley does not work by trying

to indicate the fact that lateral movement is possible — it directly provides the path, structurally,

haptically, and in the body’s experience. A Motionless Movement kinesthetic display does not communicate

movement by somehow showing the virtual sphere is moving — it recreates the sensorimotor contingency

of movement, making the body experience movement as the natural consequence of what it is doing.

In both cases, the gap between what the user is trying to do and what the system provides closes not

because the system explains itself better but because the system has become, in Ihde’s terms [11],

quasi-transparent — felt through rather than looked at.

2.4.2 Two Requirements for Pre-Reflective Mediation

Taken together, these projects establish two requirements for mediation to operate at the pre-

reflective level. These requirements will recur in the DEXAS framework developed in Chapter 4,

where they appear as the first two principles. Stated here in the context of the physical layer, before

the framework is generalized:

Requirement 1: Encoding of affordances into the representational structure of the interface.

Pre-reflective mediation requires that the interface encode what actions are possible and where — as

structures that the sensorimotor system can read directly, instead of learned or textual descriptions. In

Surface I/O, this encoding happens through macro-scale geometry: the valley encodes lateral travel,
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the detent encodes discrete state boundaries, the rough patch encodes zone limits. What makes this

encoding pre-reflective rather than merely intuitive is that it is complete at the point of contact. A

finger that finds a valley has already begun moving laterally — the geometry has committed the body

to a path before the mind has had occasion to consider it. There is no moment of inference, no gap

between perceiving the affordance and acting on it. This is what distinguishes the valley from a label

reading “slide here”: the label addresses the mind and waits for a response; the valley addresses the

hand and receives one immediately.

Requirement 2: Coupling of feedback to action attempt in a way that preserves sensorimotor

contingency. Pre-reflective mediation requires that the system’s responses to user action arrive in a

form the body treats as consequences of that action rather than as signals about the system’s state. In

Motionless Movement, this coupling is implemented through the grain-to-distance mapping: as force

increases, virtual position increases, and the density of vibrotactile pulses increases proportionally

— exactly as tactile signal density would increase if the finger were moving across a real surface.

The feedback does not report that the sphere has moved X millimeters. Instead, it instantiates the

contingent sensorimotor pattern that would accompany moving the finger X millimeters across a

friction surface, and the body reads that pattern as movement. This is why motion-coupled haptics

outperforms visuals as a standalone kinesthetic channel: visuals provide information about the state of

an external object; haptics — when properly coupled — enters the body’s own sensorimotor loop.

These two requirements define a design space for pre-reflective mediation. A system satisfying

both can communicate with the body directly — passing action possibilities and movement experiences

through channels that bypass the cognitive bottleneck. A system satisfying only the first (encodes

affordances, provides symbolic feedback) will be understandable but not embodied: users understand

what to do but will not feel it. A system satisfying only the second (provides coupled feedback, does
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not encode affordances) will be embodied in its response but uninformative about possibility: users

feel what they are doing but may not know what else is possible. Both requirements are necessary.

2.4.3 The Boundary This Work Defines

It is worth being precise about what these projects establish and what they do not. They establish

that pre-reflective mediation is achievable at the physical layer — that bodies can read affordances

from geometry and receive kinesthetic information from vibrotactile coupling — and they specify the

conditions under which this is possible. They do not establish that pre-reflective mediation is sufficient

for all forms of human-machine interaction.

Physical mediation operates under a structural constraint: it works when the system’s role is

passive — encoding, reflecting, responding to the user’s action. It breaks down when the system

must act autonomously, make decisions, or manage a process the user needs to understand and shape.

An autonomous pneumatic system that harvests renewable energy and actuates without valves or

electronics does not fit within the pre-reflective register at all — not because it is too complex to

be made legible, but because legibility in that context requires exposing something about internal state

and temporal logic that geometry alone cannot carry. The user does not just need to know where to put

their finger. They need to model what the system will do next and why.

This is the boundary the remaining projects cross. Sustainflatable and In-Situ Presenter operate

above the threshold of conscious reasoning — in the register where the mediating system must make

its logic explicit, not merely encode its affordances. Chapter 3 examines what mediation requires

at that level: instead of designing for physical geometry and actuation patterns that speak to the

sensorimotor system, we look at representations that speak to the mind without overwhelming it, at
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the right abstraction level.

2.5 DEXAS Principles Established in This Chapter

The empirical record of this chapter contributes directly to two of the five DEXAS principles

developed in Chapter 4. I preview them here not to anticipate the full framework but to make explicit

what Chapter 2 contributes to the dissertation’s argument.

Embodied feedback coupling (E). Motionless Movement demonstrates that feedback can be

designed to enter the user’s sensorimotor loop directly rather than arriving as a signal that requires

conscious interpretation. The specific mechanism is action-coupling: the feedback varies as the user’s

action attempt varies, in a way that preserves the sensorimotor contingency of real movement. The

result — haptic feedback that outperforms visual feedback as a kinesthetic channel — establishes

that the channel through which mediation operates determines its effectiveness independently of the

information content being transmitted. Haptic coupling and visual display can carry the same semantic

content and produce fundamentally different experiences, because one enters the body’s action loop

and the other requires the mind’s interpretation loop. This distinction — coupling versus reporting —

is the empirical content of the E principle in DEXAS.

Structured signal decoding (D). Surface I/O demonstrates that raw sensory signals — the vibro-

acoustic spectra produced by finger movement across micro-patterned surfaces — can be transformed

into structured, actionable information (position, direction, speed) through appropriately designed

surface architecture and machine learning classification. The multi-scale system encodes signals such

that they are decodable at multiple levels simultaneously: the macro-scale speaks to the sensorimotor

system about affordance; the meso-scale speaks about boundary and zone; the micro-scale speaks to
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the sensing system about input. This layered decoding is an instance of the general DEXAS principle

that effective mediation transforms raw complexity into structured representations at the appropriate

level of abstraction.

These two principles share a common implication that the next chapter will complicate: they

both describe mediation that can be accomplished without the system exposing its internal logic. The

valley does not tell the user how the surface was designed. The vibrotactile display does not explain

its mapping algorithm. The mediation is effective precisely because it makes those details irrelevant

— the body does not need to know them. This is the ideal case. It is also the edge case. Once

the system must act autonomously — once there are decisions being made that the user needs to

understand, correct, or build on — this opacity becomes a liability rather than a feature. The next

chapter examines what happens at that transition.
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Chapter 3: Mediation at the Threshold of Autonomy

Chapter 2 established the conditions under which mediation can operate below the threshold of

conscious interpretation. Motionless Movement and Surface I/O each showed that when a system

encodes affordances into its representational structure and couples its feedback to user action in

ways that preserve sensorimotor contingency, the body can absorb that mediation without deliberate

interpretation. The two DEXAS principles those projects instantiate — embodied feedback coupling

and structured signal decoding — describe mediation that succeeds by bypassing the cognitive layer.

The interface becomes quasi-transparent in Ihde’s sense: felt through, not interpreted.

This mode of mediation has a structural limit. It works when the system is passive: encoding,

reflecting, responding to what the user does. The valley guides the finger because the finger is already

moving; the vibrotactile display couples its output to the user’s force because the user is already

applying force. The mediation is reactive. The system has no agenda of its own. There is no gap

between user action and system response that would require the user to model the system’s internal

logic.

The two projects examined in this chapter operate differently. Sustainflatable (UIST ’23) [39]

is a fully autonomous pneumatic system that harvests renewable ambient energy and actuates without

valves, electronics, or real-time human input. In-Situ Presenter (UIST ’26, in submission) infers what

a presenter means to communicate and dynamically repositions her video feed during a live talk. Both

systems act. They have their own sense-reason-act loops, generate behavior independently of direct

user instruction, and present the user with outcomes rather than surfaces. Neither can be mediated

at the pre-reflective level, because what the user needs to understand and shape is not a surface but a

process: the sequence of decisions the system makes on its own.

The shift is not merely technical. In the physical layer, mediation meant making the interface
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legible to the body. Here, it means making the system’s reasoning legible to the mind — exposing the

logic by which the system acts in a form that a person can inspect, evaluate, and intervene on. The

transparency required is not the transparency of a well-designed surface, which in the phenomenological

sense disappears into use. It is the transparency of a process: the system must show its work.

Section 3.1 provides the theoretical grounding for this shift, connecting the problem of autonomous

and intent-driven systems to Ihde’s hermeneutic mode of mediation and to the human-automation

literature on explainability, predictability, and controllability. Section 3.2 presents Sustainflatable and

argues that its design tool exemplifies the core requirement: autonomous systems need human-facing

reasoning interfaces as an architectural precondition for deployment. Section 3.3 presents In-Situ

Presenter, including the ITalk-57 dataset, the system’s unified semantic architecture, and the evaluation

results read through the dissertation’s frame. Section 3.4 draws out what the two projects share and

where they differ, locating the precise boundary between pre-reflective and cognitive-layer mediation.

Section 3.5 maps the chapter’s findings onto two new DEXAS principles: exposed reasoning transparency

and adaptive input unification.

3.1 The Cognitive Layer: Theoretical Grounding

The theoretical resources that anchored Chapter 2 — sensorimotor contingencies as the basis

for pre-reflective perception, Ihde’s distinction between embodied and hermeneutic mediation, the

problem of kinesthesia as a displayless modality — remain relevant here, but their point of application

has shifted. In Chapter 2, the goal was to push mediation toward the embodied pole: to design systems

the body could absorb without conscious interpretation. That was achievable because those systems

were passive. They encoded and responded. They did not decide.
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When systems begin to decide — when they have autonomous behavior, inferential architectures,

or intent models that generate actions independently of real-time human instruction — embodied

mediation is no longer available as a primary strategy. A person cannot feel pre-reflectively what

a pneumatic valve will do next cycle. She cannot sense which slide element a language model has

aligned her script segment to. The system’s reasoning is not a surface property the sensorimotor

system can read; it is a process unfolding over time, often in ways not observable from the system’s

external behavior alone.

What becomes necessary is what Ihde calls hermeneutic mediation: the technology presents a

representation that must be read and interpreted [11]. A thermometer does not make you feel cold —

it gives you a number you must convert. Hermeneutic mediation is more cognitively demanding than

embodied mediation, but in many contexts it is the only form available. The question is not whether to

require interpretation, but how much, of what kind, and at what level of abstraction.

The literature on human-automation interaction has approached this question from the side of

system design, and it has converged on four related concepts: legibility, predictability, transparency,

and controllability. Legibility refers to whether a system’s current state and recent actions are interpretable

by a human observer. Predictability refers to whether its future actions can be anticipated from that

observation. Transparency refers to whether the system’s internal reasoning — the process by which it

moves from inputs to outputs — is accessible for inspection. Controllability refers to whether a human

can intervene in that process meaningfully [40, 41].

These concepts have been studied across aviation automation, autonomous vehicles, and AI-

assisted clinical decision support. In each domain the finding is consistent: when systems fail, the

proximate cause is often opacity rather than technical malfunction. The operator cannot tell what

the system is doing, cannot predict what it will do, and therefore cannot intervene before the failure
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cascades [42, 43]. The lesson is not that automation is dangerous but that opacity is. A system that

is technically correct but epistemically inaccessible to the people responsible for it is, practically

speaking, unusable.

The projects in this chapter confirm this at a finer grain. Sustainflatable was technically functional

before its design tool existed — the pneumatic physics worked, the valves opened and closed at

appropriate thresholds. What was missing was any way for the designer to reason about what the

system would actually do: how pressure would build across multiple environmental cycles, when

actuation would trigger, how sensitive the behavior was to variations in ambient conditions. Without

simulation in the design tool, the physics remained opaque — a designer could assemble a correct

configuration and still have no way to predict when it would actuate, under what conditions, or how

sensitive that behavior was to her design choices.

In-Situ Presenter confronts the problem in an inverse pathway. Where Sustainflatable needed to

expose its reasoning outward, In-Situ Presenter needed to read the presenter’s intent inward — to build

an internal representation of what the presenter means to do that is rich enough to act on. The mediating

representation is not an output for the human to inspect. It is an internal architecture: a semantic map

between script segments and slide elements, constructed in preprocessing and queried in real time,

that bridges the presenter’s embodied, distributed signaling (speech, gesture, slide structure) and the

system’s need to compute a placement decision. The transparency here is partial and asymmetric —

the presenter sees the system’s behavior, not its reasoning. But the system’s reasoning must be reliable

enough, and the behavioral indicators visible enough, that the presenter can develop an adequate

mental model and intervene when it breaks down.

These two cases establish the theoretical terrain for the chapter: the requirement for exposed

reasoning transparency, and the requirement for adaptive input unification, as conditions under which
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mediation at the cognitive layer becomes effective rather than merely present.

3.2 Sustainflatable: When Autonomous Systems Must Show Their Mechanism

3.2.1 The Problem: Making Electronic-Free Autonomous Actuation Systems Explainable

Sustainflatable began as an investigation into a different problem: whether ambient environmental

energy — thermal fluctuation, wet-dry cycles, wind, water flow — could power and control pneumatic

interfaces without electronics. The motivation was both technical and environmental [44]. Most

pneumatic HCI systems rely on electric pumps and electric valves, creating energy inefficiencies,

material complexities, and dependence on electronic infrastructure that limits deployment in outdoor,

unattended, and resource-constrained contexts [45–60]. The Sustainflatable system proposed a three-

phase alternative: non-electric pumps that harvest ambient energy to compress air, storage units

with distinct volume-pressure characteristics that accumulate that air, and stimuli-responsive valves

triggered by environmental factors — temperature, moisture, pressure differential — that release it

autonomously at appropriate times [61–63].

The system’s physical mechanisms span three pump types — thermal, moisture-driven, and

kinetic — and a corresponding set of stimuli-responsive valves triggered by temperature, humidity, and

accumulated pressure. Through combinations of pump type, storage compliance, and valve logic, the

system can execute complex temporal behaviors: releasing compressed air only when conditions meet

multiple simultaneous thresholds, accumulating pressure across many environmental cycles before

triggering a burst, or tracking a slowly changing environmental variable. A Sustainflatable system

placed in a garden can harvest wind energy over weeks, accumulate it as compressed air, and release

it at a precisely conditioned moment — protecting plants from cold snaps, dispersing seeds when
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Figure 3.1: The three-phase energy harnessing architecture of Sustainflatable.
Top: three ambient energy sources — thermal fluctuation, wet-dry cycle, and
wind/hydro power. Middle: the three corresponding non-electric pump types (thermal,
moisture, kinetic) and three storage unit variants (rigid, low-elastic, high-elastic).
Bottom: five stimuli-responsive valve types triggered by temperature, moisture, or
accumulated pressure [64–66]. Complex autonomous actuation behaviors emerge from
combinations of these components, with no electronics required.
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Figure 3.2: Four garden automation applications of Sustainflatable illustrating the
system’s ability to compose pump, storage, and valve components into complex
conditional behaviors. (a) Automatic seed ejection triggered when conditions
become warm and rainy. (b) Subsequent self-feedback irrigation and bird-bath refill.
(c) Appropriately timed fertilization when seedlings are strong enough. (d) Self-
regulating plant insulation toggled between flowering and fruiting periods. Each
application is realised through a distinct combination of component types without any
electronics.

conditions become favorable, or triggering irrigation when soil moisture drops.

The problem the researchers encountered was epistemic rather than physical. Without a tool that

allowed designers to understand the system’s temporal dynamics — how pressure would build over

multiple environmental cycles, how different storage compliance curves would affect actuation timing,

how valve thresholds would interact with pump output under realistic environmental conditions — the

system could not be reliably designed or deployed. A designer who assembled a physically correct

configuration might still not know when it would actuate, at what pressure, or under what conditions.

The system’s behavior was fully determined by its physical parameters, but those parameters were too
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numerous, too interdependent, and too sensitive to environmental variability to reason about directly.

The gap between the system’s internal physics and the designer’s need to understand and configure its

behavior was where a reasoning layer became necessary.

3.2.2 The Design Tool as Reasoning Layer

The Sustainflatable design tool is, at one level, a simulation environment: a Rhino Grasshopper

platform in which the designer configures a template system — pump, valve, storage, valve in series

— and generates a preview of its behavior across specified environmental cycles. More precisely, it is

an intermediate representation sitting between the system’s physical behavior and the designer’s need

to understand, configure, and deploy it.

The tool’s architecture addresses three requirements for mediation at this level. First, it decodes

raw physical complexity into structured, legible representations. The system’s behavior is determined

by interacting differential equations — gas laws, pump models, valve hysteresis characteristics —

that are technically correct but cognitively opaque. The design tool transforms these into visual

representations: three-dimensional previews of pneumatic component states, transparency-coded pressure

indicators, temporal plots of pump pressure and storage fill across environmental cycles. The designer

reads the representations the equations generate, at a level of abstraction her judgment can work with.

Second, the tool exposes the system’s reasoning by making its internal logic explicit and inspectable.

The simulation algorithm — a quasi-static iterative model that advances system state at each time step

based on current environmental factors and previous system status — is not hidden. Its parameters

are tunable. The designer can modify pump type, storage volume, or valve threshold and immediately

observe the effect on predicted behavior [64–66]. The tool represents not just what the system will
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Figure 3.3: The Sustainflatable design tool interface (Rhino Grasshopper). Left panel:
Step 1 (component configuration — pump type, storage type, valve parameters) and
Step 2 (environmental cycle specification). Center and right panels: Step 3 behavioral
previews for five distinct configurations (b–e). Each preview shows three-dimensional
component-state models (volume changes indicated by geometry, internal pressure
by red-fill transparency, valve state by translucent vs. solid appearance) alongside
temporal plots of pump pressure, storage pressure, stored air volume, temperature,
moisture, windspeed, and valve open/closed state. Step 4 (not shown) exports
fabrication files and a material list.
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do but why: through what sequence of pressure accumulation, valve triggering, and actuation. The

designer can trace the causal chain from environmental input to physical output through an explicit

representational pathway.

Third, the tool makes the system’s behavior configurable through explicit representations of

internal state. The designer does not adjust pneumatic behavior by modifying physical components

directly; she selects parameters in a structured configuration interface and observes the predicted effect

before fabricating anything. This closes the loop between design intent and system behavior at the

representational level, rather than requiring physical iteration to discover mismatches.

The tool also structures a practical workflow that embeds the reasoning layer into the design

process as a precondition for physical construction: component selection and parameter configuration,

environmental cycle specification, behavioral preview, and fabrication export. Without the reasoning

layer, the system is physically sound but practically inaccessible. With it, complex autonomous

behavior becomes designable.

3.2.3 What Sustainflatable Establishes

Sustainflatable is not primarily a finding about sustainability or electronic-free pneumatics,

though it demonstrates both. What it contributes to this dissertation is a concrete case for something

more specific: that when a system acts on its own logic rather than real-time human instruction, a

reasoning interface is not optional. It is what makes the system buildable in the first place.

The simplest configuration makes this clear without needing the complex cases. A thermal

pump, a single storage unit, and a bursting valve already involve enough interacting parameters —

pump output pressure, storage volume-pressure characteristics, valve threshold, environmental cycle
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Figure 3.4: The computational model underlying the Sustainflatable design tool.
(a) The main simulation workflow: environmental inputs {e(t)} (moisture mo(t),
windspeed Vwind(t), temperature T (t)) are sampled at discrete time steps within each
environmental cycle i; the pump model converts environmental state to pump pressure
pa(t); a quasi-static iterative algorithm advances the system state vector {S(tn)} —
comprising pump pressure, storage pressure, and valve boolean states — at each time
step tn. (b) Definition of the three system status parameters: Spump = (ppump, Vpump),
Sstorage = (pstg, V̄air), and Svalve = (valve1, valve2).
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length — that a designer working without simulation cannot reliably predict when the system will

actuate. She can assemble a physically correct configuration and still not know whether it fires in the

third environmental cycle or the ninth, or whether a ten-degree shift in ambient temperature pushes it

past threshold a week ahead of schedule. More complex configurations — chained valves, multiple

pumps, conditional logic across cycles — compound the problem, but they did not create it [67–70].

The same situation arises in any system that generates behavior from internal state rather than

from direct human commands at each step. Before deployment, the designer needs to know what the

system will do, under what conditions, and through what sequence of internal transitions. Without

that knowledge, a technically correct system is still practically inaccessible — it cannot be deployed

with confidence, diagnosed when something goes wrong, or modified when requirements change.

The design tool is not a usability layer sitting on top of the physics. It is how the physics becomes

something a designer can actually work with.

3.3 In-Situ Presenter: Reading Intent Across Modalities

3.3.1 The Problem: Virtual Presentation Without Physical and Spatial Cues

In a physical conference room, a presenter moves. She steps toward the diagram she is describing,

gestures at the equation she wants the audience to follow, shifts aside when the slide needs full

attention. Her body does the work of spatial coordination, and the audience reads it naturally [71–75].

Online, none of this translates. Her video feed is pinned to a corner — the same corner, for the

entire talk — regardless of what slide she is on, what content she is referencing, or how she is

gesturing [76–80]. The spatial expressiveness that is second nature in physical space has no equivalent

channel in online presentation.
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Figure 3.5: The online presentation problem. In the conventional side-by-side format,
audience attention is divided between the slide and the presenter’s video thumbnail,
requiring frequent gaze transitions that interrupt comprehension and reduce perceived
social presence.

Prior systems have approached this gap in two ways. Manual overlay tools — Zoom’s Slides as

Virtual Background, Microsoft Cameo, OBS — allow the presenter to reposition her video feed but

require her to manage this positioning in real time, mid-talk, at exactly the moment when her cognitive

resources are most fully committed to the presentation itself [81–84]. Content-overlay systems —

RealityTalk, Chalktalk, Interactive Body-Driven Graphics — go in the opposite direction, overlaying

interactive content on the presenter’s video rather than positioning the presenter relative to slide content

[85, 86]. Neither approach resolves the core problem: the former imposes cognitive overhead the

presenter cannot afford; the latter changes the medium rather than closing the gap.

In-Situ Presenter proposes a different architecture: a system that reads the presenter’s multimodal
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Figure 3.6: In-Situ Presenter’s two core behaviors. Left: layout-aware placement
— the system detects blank regions in the slide and positions the presenter’s video
in unoccupied space, streamlining audience attention by co-locating presenter and
content. Right: gesture-triggered content referencing — when the presenter points,
the system combines gesture detection with speech-to-script matching to reposition the
video adjacent to the specific slide element currently being discussed, creating shared
context between presenter and audience.

signals — speech, gesture, slide structure — and infers from them where she intends to be, then

positions her there automatically. The mediation problem this involves is the inverse of Sustainflatable’s.

Where Sustainflatable needed to expose autonomous system reasoning outward for human inspection

and configuration, In-Situ Presenter needs to read embodied human signals inward — to convert

distributed, multimodal, often implicit expressions of intent into a structured representation the system

can act on. The presenter is not configuring the system. The system is modeling the presenter.

3.3.2 ITalk-57: Grounding the Design in Observed Behavior

Before designing the system, the researchers conducted a two-phase formative study grounded

in observed presenter behavior. The first phase was semi-structured interviews with experienced

presenters who had created video presentations in in-situ formats for academic conferences and educational
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57 Presentation Videos JSON File
{
 “category”: “personal”,
 “subCategory: ”hometown”,
 ....
},
{
 “timestamp”: 0.001,
 “slideNumber”: 1,
 “webcamPosition”: {
  “top”: “214px”,
  “right”: “20px”,
  “bottom”: “”,
  “left”: “204px”
 },
 “webcamSize”: {
  “width”: 711,
  “height”: 400
  },
 “isFullScreen”: false,
 “isHidden”: false
},
...

+

Figure 3.7: The ITalk-57 dataset. Left: a sample of the 57 annotated presentation
videos spanning diverse slide layouts, content types (personal narrative, tutorial,
academic), and presenter demographics. Right: the accompanying JSON annotation
format, which records per-frame webcam bounding-box position and size, slide
number, full-screen and visibility flags, and categorical metadata. The dataset provides
an empirical behavioral record of how presenters use dynamic video placement when
given unconstrained control — the observational foundation for In-Situ Presenter’s
design principles.

channels. These interviews established the primary motivation — enhancing audience engagement

and social presence — and the primary friction: manual workflows relying on combinations of OBS,

Zoom, and post-production video editing that were tedious, fragmented, and cognitively expensive.

The second phase produced ITalk-57: a dataset of 57 annotated presentation recordings totaling

275 minutes, each including time-stamped presenter video bounding boxes, slide content, and corresponding

presentation scripts. Twenty participants used a custom presentation tool with drag-and-drop positioning,

corner-based resizing, a full-screen mode, and a visibility toggle, instructed to adjust their video

feed throughout the talk as they saw fit. The result is a behavioral record of how presenters use

dynamic video placement when given control over it: not a normative ground truth, but an empirical

characterization of the design space.

Analysis of ITalk-57 revealed several patterns that directly shaped the system’s architecture.
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Placement strategy was strongly predicted by slide layout archetype: on title slides, presenters clustered

in the bottom corners; on bullet-point slides, they repositioned frequently to create visual-text associations

between themselves and the specific content they were discussing [84,87]. Sizing adapted to presentation

genre, with personal stories eliciting larger video feeds than tutorials, suggesting that social connection

motivates more prominent self-presentation in narrative contexts. Temporal analysis revealed a consistent

rhythm: dwell time was longest on full-figure slides and shortest on text-heavy slides, where transition

frequency spiked. Nearly half of participants reported that the constant manual adjustment added to

their cognitive load even as they valued the control it provided.

Two design principles emerged from this analysis. Content-awareness: the system must identify

blank regions in the slide layout and avoid occluding authored content, because presenters consistently

sought unoccupied space for their video feeds. Presenter-intent alignment: the system must position

the video adjacent to the slide element semantically linked to the presenter’s concurrent speech and

gesture, because repositioning to create content associations was the most consistently reported motivation

for dynamic placement. These two principles shaped the system’s architecture directly.

3.3.3 System Architecture: A Unified Semantic Representation

In-Situ Presenter’s architecture separates computationally expensive preprocessing from low-

latency real-time inference. This separation reflects the structure of the mediation problem. The

system needs two kinds of knowledge to act: knowledge about the slide’s semantic structure (what

regions contain what content, where blank space exists) and knowledge about the presenter’s moment-

to-moment intent (what content she is currently referencing, whether she is signaling a desire to

reposition). The first kind is stable and computable in advance. The second is dynamic and must
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Figure 3.8: In-Situ Presenter’s multimodal inference architecture. Offline
preprocessing (purple): slides are processed through Tesseract OCR and GPT-4o to
extract and refine semantic bounding boxes for text regions and graphics [88, 89]; the
script is aligned to slide elements through a labeling module combining TF-IDF and
dense sentence embeddings. Real-time pipeline (green): webcam input feeds parallel
streams for hand gesture detection (MediaPipe) and background segmentation [90];
microphone input feeds an ASR module (Web Speech API / Whisper). The placement
module fuses all streams — precomputed semantic map, real-time speech recognition
output, and gesture detections — to compute and render the final video position on the
slide.

be inferred in real time from imperfect signals.

The preprocessing pipeline addresses the first kind of knowledge. Slides are converted to images

and processed through Tesseract OCR to extract word-level text and bounding boxes [88]. GPT-4o then

refines these initial regions — merging word boxes into semantic units like full titles or bullet blocks,

adjusting bounding boxes to better fit visual elements, and adding regions corresponding to non-text

graphics that OCR missed. The result is a structured JSON description of each slide’s semantic content,

with normalized coordinates and consistent labels. This labeled structure serves two functions: as an

occupancy grid for blank-space detection and as a vocabulary of alignment targets against which script

segments can be matched.

Script-layout alignment transforms the presentation script into the same semantic vocabulary.
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Script segments are aligned to slide elements through a two-step matching strategy: TF-IDF cosine

similarity identifies lexical candidates, and dense sentence embeddings computed by the All-MiniLM-

L6-v2 model re-rank these by semantic similarity. Each script segment is associated with the slide

element it most closely references, and this association is stored as a semantic map from script

positions to slide elements. The map is the reasoning layer’s central data structure: it encodes the

relationship between what the presenter plans to say and what the slide shows, in a form that can be

queried efficiently when a placement decision is needed.

The real-time pipeline reads three input streams: automatic speech recognition (via Web Speech

API for low-latency real-time behavior, with Whisper for higher-accuracy archival transcription),

gesture recognition (MediaPipe Hands for stable pointing gestures), and the precomputed semantic

map. Speech-to-script matching advances a current index through the script as recognized tokens

match the pre-authored text, using Levenshtein edit distance to tolerate minor ASR errors. When a

stable pointing gesture is detected with a valid speech-to-script match, the system repositions the video

feed adjacent to the referenced slide component, computing candidate anchor positions and validating

them against the occupancy grid. When no gesture is present, the system defaults to the highest-ranked

unoccupied corner region computed in preprocessing.

The architecture’s key contribution is not any individual component — OCR, semantic embedding,

and gesture detection are each established methods — but their integration into a unified semantic

representation that bridges the gap between embodied, distributed human signaling and the system’s

need to compute a discrete placement decision. No single modality suffices: speech without layout

knowledge cannot determine where to place the video; layout knowledge without speech cannot

determine what the presenter is currently discussing; gesture detection without script alignment cannot

distinguish a pointing gesture toward the current slide element from an incidental hand movement. The
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Figure 3.9: The In-Situ Presenter two-stage process visualized over time.
(A) Preprocessing: script and slide inputs are analyzed to produce script-aligned
semantic labeling — matched bounding boxes and labeled script segments. (B) Real-
time default behavior: blankspace-aware positioning computes blank regions in the
slide, ranks candidate anchor positions, and places the video feed in the highest-ranked
unoccupied region as the presentation advances. (C) Real-time gesture-triggered
behavior: a detected pointing gesture is fused with the current speech-to-script matched
label to reposition the video adjacent to the specifically referenced slide element.

unified representation is what makes intent-driven placement possible.

3.3.4 Evaluation: Reducing Translation Burden While Preserving Expressive Agency

The evaluation of In-Situ Presenter used a dual-perspective design: a presenter-side experiment

comparing the system against a manual overlay baseline, and an audience-side experiment comparing

recordings in the In-Situ Presenter format against a conventional side-by-side layout. The two studies

address the dissertation’s central question from both ends of the communication channel: whether the

system reduces the presenter’s cognitive burden without absorbing her expressive agency, and whether

the audience experiences the result as more coherent and connected.

The presenter-side results are clear. Cognitive load, as measured by the NASA Task Load Index,

was significantly lower with In-Situ Presenter (M = 26.13) than with the manual baseline (M =
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In-Situ Presenter
Baseline

Figure 3.10: Presenter-side evaluation results (NASA Raw-TLX). Raw-TLX subscale
scores comparing In-Situ Presenter (purple) against the manual overlay baseline
(green). Significant reductions (p < .05, p < .01, p < .001) were observed in mental
demand, physical demand, temporal demand, effort, and overall raw average score.
Performance ratings did not differ significantly.

43.74), with reductions across the mental, physical, and temporal demand subscales. Preparation time

was significantly shorter (M = 58.75s vs. 137.50s). These reductions in overhead were accompanied

by increases in expressive behavior: presenters’ hands were visible for nearly triple the duration (M =

42.58s vs. 16.00s), and the system generated an average of 4.33 automated repositioning events per

presentation, compared to 0.50 manual adjustments in the baseline. Presenters reported feeling more

expressive (M = 6.25 vs. 4.67) and experienced significantly greater flow and engagement. When the

translation work — managing video placement mid-talk — was offloaded to the system, the cognitive

resources it was consuming became available for the actual work of presenting.

The audience-side results show a corresponding effect. Gaze analysis revealed a 40% reduction

in transitions per minute between the presenter and slides (from 15.0 to 9.0), consistent with a reduction

in the divided attention cost that the side-by-side format imposes. Disengaged gaze time dropped from

14.8% in the baseline to 3.5%. Perceived social connection was significantly higher for the In-Situ

Presenter format (M = 5.00 vs. 2.67). Content comprehension did not differ significantly between
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conditions, suggesting the dynamic format enhances connection without harming learning. Not all

participants preferred the in-situ format: five of twelve found the moving video distracting, a finding

the authors attribute to prior exposure and presentation context. This split points to an important

design implication — the appropriate degree of presenter movement varies by context, and future

systems should expose parameters that allow audiences or presenters to calibrate movement frequency

and dwell time.

From this dissertation’s perspective, the evaluation’s most important finding is the alignment

between subjective and behavioral evidence for increased expressiveness. Presenters did not merely

report feeling more expressive — they gestured more, repositioned more, and prepared faster. The

system’s offloading of layout management created measurable behavioral changes, not just attitudinal

ones. This is what effective mediation looks like empirically: not that users rate the system highly,

but that the cognitive resources the system frees are actually redirected to the work the system was

supposed to support.

The cases where the system misfired are equally instructive. When the speech recognizer lost

track of the script, or when a gesture was detected against the wrong slide element, the presenter had

no direct window into why the video moved where it did [1, 91]. The shared semantic representation

that makes intent inference possible is also what makes misalignment opaque: the presenter sees

the outcome but not the reasoning behind it. This points to a design requirement that goes beyond

reducing workload. Intent-driven systems that act on inferred rather than stated goals need to make

their reasoning accessible enough that users can identify and correct discrepancies — not just observe

that something went wrong, but understand what the system thought they meant. The reasoning layer

must be legible in the failure case, not only when the system is working correctly.
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3.4 Cross-Project Synthesis: What Mediation at the Cognitive Layer Requires

3.4.1 One Requirement for Two Directions

Sustainflatable and In-Situ Presenter address reasoning problems from two inverse pathways.

Sustainflatable must expose system reasoning outward to the human: make the logic of an autonomous

physical system legible, predictable, and configurable to the humans responsible for designing and

deploying it. In-Situ Presenter must interpret human intent inward to the system: convert distributed,

multimodal, often pre-reflective signals from a human presenter into a structured internal representation

the system can act on. The direction of the reasoning flow runs opposite ways. In Sustainflatable,

the reasoning layer serves the human by making machine logic accessible. In In-Situ Presenter, the

reasoning layer serves the machine by making human intent computable.

What these projects share is the discovery that effective mediation above the pre-reflective

threshold requires an intermediate representation that sits between the human and the system, makes

the logic of their interaction explicit, and creates a surface for intervention. In Sustainflatable, this

representation is the simulation environment: temporal plots, pressure transparency indicators, and

behavioral previews that translate pneumatic physics into a form a designer can reason about and

configure. In In-Situ Presenter, it is the semantic map: the precomputed alignment between script

segments and slide elements, constructed in preprocessing through lexical and semantic matching,

which the real-time pipeline queries continuously as speech recognition advances a current script index

— repositioning the video feed to a blank-space-aware default position as the talk progresses, and to a

position adjacent to the currently referenced element when a pointing gesture is detected.

Both representations are, in DEXAS terms, reasoning layers: intermediate structures that sit
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between raw complexity — pneumatic physics, or distributed multimodal signals — and the human

actions those structures are supposed to support. In both cases, the reasoning layer is the scaffold that

makes the system’s behavior tractable — whether that means making machine logic legible to a human

designer, or making human intent computable by a machine acting in real time.

3.4.2 The Boundary Between Pre-Reflective and Reflective Mediation

Chapter 2 established the conditions for pre-reflective mediation. Chapter 3 establishes the

conditions for its limitations and what principles to follow when pre-reflective mediation is not possible.

The boundary between the two runs through a specific point: where the system’s behavior ceases to be

a direct consequence of the user’s action and begins to follow a logic of its own.

In Surface I/O, the system’s “behavior” is entirely determined by the user’s finger. The valley

guides where the finger goes because the finger is going there; the detent marks a state because the

finger has crossed a threshold. There is no gap between user action and system’s passive response

that requires explanation. In Motionless Movement, the system generates vibrotactile feedback, but

that feedback is coupled to the user’s force application in a way that mimics what the body would

feel during actual movement. The system has a mapping algorithm, but that algorithm’s purpose is

to instantiate a sensorimotor contingency, rather than to make decisions or take actions on the user’s

behalf.

In Sustainflatable, the system decides through the sense-reason-react loop. Its valves open and

close according to environmental thresholds the designer set, but those decisions unfold over time

in ways that depend on environmental conditions the designer cannot fully anticipate. In In-Situ

Presenter, the system infers. Its placement decisions follow from a combination of precomputed
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alignment maps, real-time speech recognition, and gesture detection — processes that are probabilistic,

error-prone, and only partially observable from outside. In both cases, a gap opens between user intent

and system behavior that better surface design cannot close. What closes it is a reasoning layer that

makes the gap itself more explainable.

The projects in this chapter are not harder versions of the same problem. They are a different

problem — one that the physical layer principles were never designed to solve, and that required

working out what mediation looks like when the system has a logic of its own.

3.4.3 The Irreducibility of Cognitive-Layer Requirements

Two requirements emerge from this chapter’s empirical record that are distinct from those established

in Chapter 2 and cannot be derived from them by extension or generalization.

The first is exposed reasoning transparency. The system must make its internal logic accessible

in a form the human can actually use — not just observe, but evaluate, correct, and build on. In

Sustainflatable, this means simulation outputs: behavioral previews that translate physical parameters

into predicted temporal dynamics a designer can iterate on. In In-Situ Presenter, it means the subtitle

display showing which script words are being matched, and the video placement showing which slide

element the system has tied the current utterance to. Neither system exposes its reasoning fully — the

designer never sees the differential equations, the presenter never sees the embedding similarity scores.

But enough is visible that the user can form a working mental model and catch it when something goes

wrong.

The second is adaptive input unification. When a system draws on signals from heterogeneous

sources, those signals have to be integrated into a shared representation before any downstream inference
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is possible. In Sustainflatable, the design tool’s computational model does this work, bringing pump

type, storage compliance, valve thresholds, and environmental cycle inputs into a single simulation

architecture. In In-Situ Presenter, the semantic map does it, connecting script segments, slide element

labels, speech recognition output, and gesture detections into a space where placement decisions can

actually be computed. Without that unification step, neither system could function: the design tool

cannot predict behavior without integrating pump, storage, and valve models together; the presentation

system cannot determine placement from any one of its input streams alone.

These two requirements cannot be reduced to the principles from Chapter 2 because they address

a different problem entirely. Embodied feedback coupling and structured signal decoding are about

making information legible to the body — they work below the threshold of deliberate reasoning,

where the goal is to avoid interpretation rather than support it. The cognitive layer principles work

above that threshold, where interpretation is unavoidable and the quality of the representation directly

determines the quality of the judgment it supports.

3.5 DEXAS Principles Established in This Chapter

Chapter 2 contributed the first two DEXAS principles: embodied feedback coupling (E) from

Motionless Movement, and structured signal decoding (D) from Surface I/O. This chapter contributes

the next two.

Exposed reasoning transparency (X). Sustainflatable and In-Situ Presenter together establish that

systems operating above the pre-reflective threshold must expose their intermediate reasoning — not

just their outputs — in a form that the humans responsible for them can inspect, evaluate, and act on. In

Sustainflatable, this is the simulation environment that transforms pneumatic physics into a behavioral
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preview a designer can iterate on. In In-Situ Presenter, it is the real-time subtitle display and video

placement behavior that gives the presenter feedback on the system’s current alignment state. The

transparency is not total in either case — the full computational model is not directly observable —

but it is sufficient. The user can tell whether the system is doing what she intends, and she can intervene

when it is not. The X principle’s empirical content is not that reasoning must be fully transparent, but

that it must be transparent enough for the human to govern it.

Adaptive input unification (A). In-Situ Presenter demonstrates that intent-driven interaction across

heterogeneous signal modalities requires a unified semantic representation as an intermediate layer: no

single modality suffices, and the quality of the shared representation determines the quality of intent

inference downstream. The semantic map between script segments and slide elements is the unifying

architecture that makes multimodal placement possible. Sustainflatable’s design tool instantiates the

same principle in a different register: the computational model that unifies pump, storage, and valve

parameters into a single simulation space is what makes complex autonomous behavior designable.

In both cases, the unification is adaptive — the representation is updated as new inputs arrive, and its

structure is determined by the demands of the downstream inference task rather than by the structure of

any individual modality. The A principle’s empirical content is that effective mediation of heterogeneous

inputs requires not just aggregation but integration into a shared semantic representation that supports

the inference the system needs to make.

These two principles, combined with the D and E principles established in Chapter 2, define four

of the five requirements for effective mediation that the DEXAS framework formalizes in Chapter 4.

The fifth — scalable knowledge grounding — becomes visible only at the scale of the PROMPTS

system, where the mediation problem extends to multi-agent agentic workflows and the knowledge

base required to support expert-level diagnostic reasoning cannot be fixed in advance. The progression
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from Chapter 2 through Chapter 3 to Chapters 4 and 5 is not a survey of applications. It is an

accumulation of empirical evidence for requirements that only became fully visible at each successive

scale.
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Chapter 4: The DEXAS Framework

From Empirical Findings to a General Theory of Reasoning Layers

The four projects covered in Chapter 2 and Chapter 3 were not initially planned as a continuous

trajectory toward a single goal. Instead, they represent a series of distinct investigations into different

corners of human-computer interaction. It was only in retrospect that their shared lineage became clear.

They are united by a set of recurring failures: moments where the system’s logic became illegible

or where the handoff between human and machine broke down. These breakdowns provided the

necessary evidence to build the framework I present here, proving that failure is often more instructive

than a seamless user experience.

This chapter pulls together the key lessons from the projects covered so far to build a framework

for what reasoning-layer mediation requires—DEXAS (Decoding, Embodied feedback coupling, eXposed

reasoning transparency, Adaptive input unification, and Scalable knowledge grounding). To be clear,

the projects covered so far aren’t just instantiations of DEXAS. Instead, DEXAS is the ‘big picture’

that emerges when we look at these projects side-by-side—especially when we look at where they

fell short. DEXAS is a set of standards for how a ‘reasoning layer’ should bridge the gap between

what a human wants, and is able to understand vs. what a computer actually does, in its own low-level

reasoning and representations.

The chapter proceeds in four stages. Section 4.1 extracts the empirical record: what each project

established, where it fell short, and what those shortcomings imply about requirements the project

itself did not fully satisfy. Section 4.2 derives the five DEXAS principles from that record, defines

each precisely, and establishes why the set is necessary and sufficient for effective mediation at the

level of abstraction this dissertation addresses. Section 4.3 describes the four structural components

through which those principles are instantiated in a deployable system. Section 4.4 shows how the five
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principles interact—how each depends on the others, and what breaks when any one is absent—and

establishes DEXAS as a coherent framework rather than a list.

4.1 The Empirical Record: What the Projects Established and Where Their Limits

Are At

4.1.1 Surface I/O: Structured Decoding at the Material Layer

Surface I/O demonstrated that raw sensory signals—the vibro-acoustic spectra generated by a

finger moving across micro-patterned surfaces—can be transformed into structured, actionable information

(position, direction, speed) through a multi-scale surface architecture and a machine learning classification

pipeline. At the macro and meso scales, surface geometry encodes affordances that the sensorimotor

system can understand without conscious interpretation: a valley guides lateral finger travel; a detent

marks a discrete state boundary; a rough patch signals a zone limit. At the micro scale, features

invisible to touch produce distinctive vibroacoustic signatures that a classifier can decode into input

events. The result is a surface that simultaneously communicates what to do and registers what is being

done—without instructions, labels, or dedicated mechanical components.

What Surface I/O established, for the purposes of this framework, is the general principle

of structured signal decoding: that raw complexity—whether the vibro-acoustic signal of a finger

movement, the utilization logs of a TPU cluster, or the distributed output of a multi-agent system—

must be transformed into structured, human-legible representations, at the right abstraction level,

before it can support human judgment. It’s not just a nice-to-have feature. Without this transformation,

the gap between what a system spits out and what a human can actually use remains unbridgeable.

Think of a raw signal: it’s just noise until it’s been broken down into something meaningful. It only
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becomes a true representation when the person on the other end can actually do something with it.

Surface I/O also established a constraint that the other projects would repeatedly encounter:

structured decoding alone is not sufficient for effective mediation. The surface encodes what actions

are possible; it does not, however, expose the logic by which it acts on those actions. A user who

encounters an unexpected input classification result from a micro-scale texture has no window into the

classifier’s reasoning. This opacity is tolerable when the system is passive and the stakes are low—a

misclassified swipe on a VR headset is a minor inconvenience. It becomes intolerable when the system

is autonomous and the stakes are high, when the human responsible for the system’s behavior needs

to understand, predict, and correct it. Surface I/O’s opacity is a feature at the physical layer. At every

subsequent layer this dissertation examined, it becomes a liability.

4.1.2 Motionless Movement: Coupling Feedback to Action

Motionless Movement demonstrated that vibrotactile feedback, when coupled to the user’s applied

force through a grain-to-distance mapping that preserves the sensorimotor contingency of tactile surface

friction, can produce a stronger kinesthetic experience than visual feedback—even in the absence of

any actual movement. The feedback enters the user’s sensorimotor loop rather than arriving as a

signal that requires conscious interpretation. This is the core distinction the project uncovers: when

information feels like a direct consequence of your own movement, rather than just an external report,

the experience changes completely. It’s the difference between the body “owning” the data and simply

“receiving” it.

What this established, for the framework, is the principle of embodied feedback coupling: that

mediation is most effective when system feedback is coupled to user action in a way that preserves
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sensorimotor contingency, bypassing the cognitive layer rather than loading it. The study results are

unambiguous on this point. Haptic feedback outperforms visual feedback as a standalone kinesthetic

channel not because it carries more information, but because it enters the body’s action loop directly.

Visual feedback produces hermeneutic mediation: the user interprets the VR hand avatar’s movement

as evidence of their own motion. However, it lacks a crucial component of kinesthetic feedback. As

a result, the visual movement of the VR hand can feel less like one’s own hand moving and more like

controlling an external device—similar to moving a mouse and watching the cursor move on screen.

Haptic coupling produces embodied mediation—the user’s body treats the vibrotactile response as a

consequence of what it is already doing. These are not different degrees of the same experience. They

are categorically different modes.

Motionless Movement also pointed toward a limit that the project did not itself transcend.

Embodied feedback coupling works when the user’s action is the primary driver of the system’s

response—when the coupling is direct and the feedback is a transformation of what the user is doing.

It cannot be the primary mediation strategy when the system’s behavior is determined by its own

internal logic rather than by the user’s current action. A surgeon’s robotic assistant that acts on its own

inference about tissue type cannot couple its feedback to the surgeon’s force in the same way that a

vibrotactile display couples to finger pressure. The system’s autonomy introduces a gap between user

action and system response that coupling alone cannot bridge. Closing that gap requires making the

system’s reasoning visible—a different mode of mediation, addressed by different principles.

83



4.1.3 Sustainflatable: Transparency as an Architectural Requirement

Sustainflatable demonstrated that an autonomous physical system—one that acts without valves,

electronics, or real-time human instruction—cannot be reliably designed or deployed without a human-

facing reasoning interface. The system’s physical behavior was technically correct before the design

tool existed. What was not correct was the designer’s ability to reason about it: to predict what

the system would do under varying environmental conditions, to configure its autonomous logic

through explicit representations of internal state, to anticipate how its temporal dynamics would unfold

across multiple environmental cycles. The design tool made that physics legible, predictable, and

configurable—and in doing so, transformed a technically correct system into a deployable one.

This established, for the framework, the principle of exposed reasoning transparency: that

systems operating above the pre-reflective threshold must expose their intermediate reasoning in a

form that the humans responsible for them can inspect, evaluate, and act on. Not the full computational

model—the differential equations and quasi-static iteration algorithms that underlie the simulation

are not directly presented to the user. What is presented are the representations those computations

produce: temporal plots of pressure accumulation, three-dimensional previews of component states,

behavioral forecasts under specified environmental inputs. These representations give the designer

what she needs to govern the system without requiring her to be a pneumatic engineer.

Sustainflatable also established that transparency alone is not sufficient. The design tool makes

the system’s behavior legible and configurable; it does not make the system responsive to the designer’s

intent in real time. The designer configures the system in preprocessing; the system then acts on its

own. The reasoning layer is unidirectional: it exposes system logic outward but does not read designer

intent inward. This is adequate for the Sustainflatable use case—the deployment context is outdoor,
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unattended, and long-horizon, so real-time intent inference is not required. But it points toward a

requirement that In-Situ Presenter would need to address: a mediating system that must act in real time

on behalf of a human who cannot stop to configure it must do more than expose its reasoning. It must

also read the human’s reasoning—infer intent from the multimodal signals the human is producing,

without requiring the human to state that intent explicitly.

4.1.4 In-Situ Presenter: Unification of Heterogeneous Signals

In-Situ Presenter demonstrated that intent-driven interaction across heterogeneous signal modalities

requires a unified semantic representation as an intermediate architecture: no single modality suffices,

and the quality of the shared representation determines the quality of intent inference downstream. The

system unifies speech recognition tokens, script-to-slide alignment maps, gesture detections, and slide

layout occupancy grids into a single semantic space where placement decisions can be computed. The

unified representation is not an output the user sees—it is an internal architecture that makes real-time

intent inference possible.

What this established, for the framework, is the principle of adaptive input unification: that

mediating systems must integrate heterogeneous input signals into shared semantic representations that

support downstream inference. The requirement is not aggregation—simply collecting multiple input

streams—but integration: constructing a representation in which the different signals’ contributions

are commensurable, so that the system can reason across them rather than sequentially consulting

each. The semantic map between script segments and slide elements is the clearest instance of this. It

is not a speech representation, not a visual layout representation, not a gesture representation—it is a

representation in which these three are unified, so that a pointing gesture toward a specific slide region
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can be interpreted in the context of what the presenter is currently saying and what the slide shows.

In-Situ Presenter also exposed a gap that neither the physical layer projects nor Sustainflatable

had encountered at full scale: the extensibility problem. The system was built for a specific genre of

presentations—academic conference talks with slide-based content and scripted delivery. Its classification

pipeline, its semantic alignment architecture, and its gesture detection model were all calibrated to

this genre. When the presentation format changes—a lecture with handwriting on a whiteboard, a

demonstration without a script, a panel discussion without prepared slides—the system’s assumptions

break down. Not all of them: the principle of unifying heterogeneous signals into a shared representation

travels to any multimodal intent-inference task. But the specific representations, the specific modalities,

and the specific alignment strategies must be rebuilt from scratch for each new domain.

This is the fifth requirement—the one that only becomes fully visible when the framework

must travel. A mediation system that works well in one domain but cannot be extended to another

without architectural redesign is not a general solution. It is a domain-specific implementation. The

requirement for scalable knowledge grounding—a modular substrate of domain knowledge that can be

extended without structural redesign—does not arise urgently in any of the four projects examined so

far. It becomes unavoidable in PROMPTS, where the domain is large-scale ML system optimization

and the knowledge required to mediate expert-level reasoning cannot be anticipated in advance. Before

turning to that instantiation, the principles must be stated with full precision.

4.2 The Five DEXAS Principles

The empirical record of Chapters 2 and 3 points to five requirements for effective mediation

between human intent and system execution. These requirements are stated here as principles—
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not design prescriptions, since the form of their instantiation varies across domains, but necessary

conditions that any effective mediating system must satisfy. Each principle addresses a distinct failure

mode; together, they define what DEXAS requires.

Principle D: Structured Signal Decoding

Raw system signals must be transformed into structured, human-legible representations at the

appropriate level of abstraction before they can support human judgment.

The physical embodiment of this principle is Surface I/O’s multi-scale architecture: micro-

scale vibroacoustic spectra are classified into input events; macro-scale geometry is structured into

affordance maps. Its cognitive embodiment is Sustainflatable’s design tool: differential equations

governing pneumatic behavior are transformed into temporal plots and behavioral previews. In PROMPTS,

the same principle operates at the largest scale: gigabytes of HLO trace logs, roofline data, and

memory utilization statistics are transformed into structured bottleneck diagnoses that identify the

type, location, and likely cause of each performance bottleneck—before the engineer is asked to reason

about them.

The principle has two components that must both be satisfied. First, the decoding must be

structural: it must produce representations in which the relevant distinctions are explicit rather than

embedded in raw data. A utilization percentage that requires the engineer to infer bottleneck type is

not decoded; a report that states “memory-bound bottleneck at layer 47, likely caused by inefficient

sharding of the embedding table” is. The distinction is not between compressed and verbose representation,

but between a representation that delegates inference to the human and one that has already performed

it. Second, the decoding must be calibrated to the appropriate level of abstraction for the downstream

task. A representation that is too low-level requires additional interpretation; one that is too high-level

elides details necessary for valid judgment. The right level of abstraction is the level at which the
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human’s expertise can most efficiently be applied: the level at which her judgment adds value rather

than decoding overhead.

The failure mode this principle guards against is cognitive overhead from raw complexity: the

engineer who spends days cross-referencing trace logs before she can formulate a hypothesis, the

presenter who must parse her own slide structure before she can understand why the system placed

her video where it did, the designer who cannot reason about a physically correct autonomous system

because its behavior is opaque. In each case, the system has produced output. The output is not yet a

representation the human can work with. Structured signal decoding is the transformation that closes

that gap.

Principle E: Embodied Feedback Coupling

System feedback should be coupled to user action in ways that preserve sensorimotor contingency,

entering the user’s action-sensation loop rather than arriving as a signal that requires conscious

interpretation.

This principle is most directly instantiated in Motionless Movement, where it takes its purest

form: vibrotactile feedback coupled to force application in a way that mimics the sensorimotor contingency

of surface friction, producing kinesthetic experience without movement. But the principle is not

confined to haptic interfaces. Its general form is: the system’s response to user action should feel

like a consequence of that action, not like a report about it. The key distinction is between feedback

that enters the sensorimotor loop—that the body processes as part of the action itself—and feedback

that arrives outside that loop and must be consciously decoded.

At the physical layer, this distinction maps cleanly onto Ihde’s embodied versus hermeneutic

modes of mediation: the valley that guides the finger without requiring deliberate attention versus the

label that describes where the finger should go. At higher levels of abstraction, the principle requires
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a different formulation. In a cognitive system like PROMPTS, there is no sensorimotor loop to enter

in the haptic sense. But the principle still applies, transposed to the cognitive register: feedback

should be coupled to the user’s reasoning process in a way that flows into it rather than interrupting

it. A system that returns a diagnosis whose structure mirrors the way an expert would reason about

the problem—diagnosing bottleneck type, then hypothesizing cause, then proposing configuration

changes, then justifying the proposal—provides feedback that enters the expert’s reasoning workflow

directly. A system that returns a ranked list of configuration options with no explanatory structure

provides feedback that must be consciously decoded: the expert must reconstruct the reasoning herself,

from the output backward.

The failure mode this principle guards against is interpretive overhead: the cognitive cost of

decoding feedback that arrives in a form the user was not built to read directly. This overhead is not

merely a tax on efficiency. It occupies the same cognitive resources as the actual work the feedback

is supposed to support. An expert reading a bottleneck report whose structure does not match her

reasoning workflow is doing two tasks at once: interpreting the report and applying her expertise. A

system that couples its output to the structure of her expertise gives her one task: judgment.

Principle X: Exposed Reasoning Transparency

Systems operating above the pre-reflective threshold must expose their intermediate reasoning—

the logic by which they move from inputs to outputs—in a form that the humans responsible for them

can inspect, evaluate, and act on.

The physical layer projects instantiate this principle only minimally—and intentionally so. Surface

I/O’s opacity is appropriate: a surface that exposed its classification algorithm to the user would impose

the very interpretive overhead the multi-scale affordance architecture was designed to eliminate. Motionless

Movement’s opacity is similarly appropriate: a vibrotactile display that narrated its sensorimotor
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contingency mapping would defeat the purpose of making feedback enter the body’s action loop rather

than the mind’s interpretation loop. Pre-reflective mediation succeeds precisely because it makes its

machinery invisible.

Above the pre-reflective threshold, this invisibility reverses from feature to liability. Sustainflatable’s

design tool exposes the system’s reasoning through simulation outputs—behavioral previews that

translate pneumatic physics into a form a designer can iterate on. In-Situ Presenter exposes its reasoning

through behavioral feedback—the subtitle display showing which script words are being matched, the

video placement indicating which slide element the system has aligned the current utterance to. In

PROMPTS, the reasoning is exposed through explicit diagnostic reports and justified proposals: the

system does not return a configuration recommendation without a bottleneck diagnosis that explains

why that configuration addresses the identified problem.

The principle has a precise formulation that distinguishes it from the weaker claim that systems

should be “explainable” in some general sense. The exposure must be sufficient for governance: the

human must be able to tell whether the system is doing what she intends, and she must be able to

intervene when it is not. This is not total transparency. The user of Sustainflatable’s design tool

does not see the differential equations; she sees the temporal plots they generate. The engineer using

PROMPTS does not see the embedding similarity scores that drove the knowledge retrieval; she sees

the bottleneck diagnosis and proposal that resulted. What she sees is enough: enough to evaluate

whether the system’s reasoning is sound, enough to identify when it has made a wrong assumption,

enough to override or extend the proposal with her own judgment. Transparency that is insufficient

for governance is not transparency in the sense this principle requires. Transparency that overwhelms

the human with unstructured internal detail is not transparency either—it is a different form of the

raw-complexity problem that the D principle addresses.
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The failure mode this principle guards against is epistemic opacity: the engineer who cannot tell

whether the system understood the problem or got lucky, the designer who cannot predict what the

autonomous system will do, the presenter who cannot diagnose why the video moved to the wrong

position. In each case, the system has acted. The human cannot govern what it did, cannot correct it

when it fails, and cannot build on it when it succeeds. Exposed reasoning transparency is the condition

under which autonomous and agent-driven systems remain within the scope of human judgment rather

than escaping it.

Principle A: Adaptive Input Unification

Mediating systems must integrate heterogeneous input signals into a shared semantic representation

that supports downstream inference, rather than processing each modality independently.

In-Situ Presenter is the clearest instantiation: speech recognition tokens, script alignment maps,

gesture detections, and slide layout structures are unified into a single semantic space where placement

decisions are computed. No individual modality suffices. Speech without layout knowledge cannot

determine where to place the video. Layout knowledge without speech cannot determine what the

presenter is currently discussing. Gesture detection without script alignment cannot distinguish a

purposeful pointing gesture from incidental hand movement. The unified representation is what makes

multimodal intent inference possible.

The principle is not confined to multimodal interaction in the conventional sense. Sustainflatable’s

design tool instantiates it in a different register: pump type parameters, storage compliance curves,

valve threshold specifications, and environmental cycle inputs are unified in a single simulation architecture

that produces coherent behavioral predictions. The heterogeneity here is not perceptual-modality

heterogeneity but parameter-type heterogeneity: the inputs are numerically incommensurable, and

only a computational model that defines a shared representational space across them can produce

91



predictions that integrate their effects. In PROMPTS, the principle operates at the largest scale: KPI

metrics, HLO trace profiles, roofline analysis data, and expert knowledge retrieved from a document

store are unified in a diagnostic representation that mediates between raw system state and the structured

proposals the system generates.

Adaptive input unification has two components. The first, unification, is the requirement that

inputs from different sources be represented in a common semantic space where their contributions are

commensurable. The second, adaptive, is the requirement that the unified representation be dynamically

updated as new inputs arrive, rather than being fixed at system initialization. In-Situ Presenter’s

semantic map is recomputed as the presenter advances through the script; PROMPTS’ diagnostic

workspace accumulates intermediate hypotheses as the analysis proceeds. In both cases, the unification

is not a static data structure but an evolving representation that tracks the current state of the system’s

understanding of the task.

The failure mode this principle guards against is modality fragmentation: the system that interprets

each input source independently and produces outputs that fail to integrate what the different sources

jointly imply. A presentation system that processes speech and gesture in separate pipelines and

combines their outputs by a fixed voting rule will fail when the modalities conflict. A diagnostic

system that processes utilization data and memory logs in separate analysis modules and presents their

findings side by side will leave the engineer to integrate them herself, reinstating the translation burden

the system was supposed to eliminate.

Principle S: Scalable Knowledge Grounding

The knowledge structures that support a mediating system’s reasoning must be organized in a

form that can be extended with new domain knowledge without requiring architectural redesign.

The first four principles describe what a system must do with the information available to
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it: decode it structurally, couple feedback to user action, expose intermediate reasoning, and unify

heterogeneous inputs. The fifth principle describes a constraint on how the system’s knowledge must

be organized: in a form that can grow. It is the only DEXAS principle that addresses the long-run

sustainability of the mediation rather than its immediate quality.

The first four projects do not fully surface this requirement because they were each designed for

a relatively bounded domain. In each case, the knowledge required to support the system’s reasoning

could be fixed in advance—either because the domain was narrow enough that the relevant knowledge

was bounded, or because the system was a research prototype not expected to generalize beyond its

evaluation context. The extensibility problem is latent in each project; it is not encountered at a scale

that demands a general solution.

PROMPTS surfaces it unavoidably. The domain—large-scale LLM system optimization—is not

bounded. New model architectures, new hardware configurations, new sharding strategies, and new

performance bottleneck types emerge on a timescale measured in months. A system whose diagnostic

reasoning is fixed in its architecture will become obsolete as the domain evolves. A system that requires

architectural redesign to incorporate new knowledge will not be maintained. The requirement is for

a knowledge substrate that is modular—organized so that new knowledge can be added as discrete

units—and compositional—organized so that the reasoning system can combine knowledge units

flexibly in response to the specific problem at hand. In PROMPTS, this takes the form of a retrieval-

augmented knowledge base over expert documents, past optimization records, and hardware-specific

scaling guides: the diagnostic agent retrieves relevant knowledge at inference time rather than having

that knowledge baked into its parameters or its prompts.

The scalable knowledge grounding principle has an important implication that extends beyond

the technical requirement of extensibility. It establishes the boundary between what a mediating system

93



must know and what it must be. The first four principles describe properties of the system’s behavior.

The fifth principle describes a property of the system’s architecture: its capacity for growth. A system

that satisfies D, E, X, and A but not S will work well in the domain it was designed for and degrade as

the domain evolves. A system that satisfies all five will improve as the domain evolves, incorporating

new knowledge without requiring the humans responsible for it to redesign it from scratch.

4.3 The Four Structural Components of DEXAS

The five principles describe requirements. They do not prescribe architecture. Different instantiations

of DEXAS can satisfy the same principles through different structural choices, depending on the

domain, the scale, and the nature of the human-machine interaction the system must support. Nevertheless,

the principles converge on four structural components that recur across the systems examined in this

dissertation and that appear to be necessary features of any deployable DEXAS instantiation.

4.3.1 Unified Semantic Workspace

The Unified Semantic Workspace is the shared representational environment in which the system

maintains a common semantic form across raw signals, intermediate hypotheses, user intent, and

system state. It is the structural home of the A principle (adaptive input unification) and the D principle

(structured signal decoding): the workspace is where heterogeneous inputs are unified, and where the

decoding from raw signals to structured representations occurs.

In In-Situ Presenter, the unified semantic workspace is the script-layout alignment map and

the slide occupancy grid, maintained in memory and updated as the presentation progresses. In

Sustainflatable’s design tool, it is the simulation state—the current values of pump parameters, storage
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fill, and valve status—that the tool maintains across design iterations. In PROMPTS, it is the diagnostic

workspace: a structured representation of the current bottleneck analysis that accumulates intermediate

diagnoses, retrieved knowledge, and proposed configurations as the agentic pipeline proceeds.

The key property of the Unified Semantic Workspace is that it is a shared representation accessible

to both the human and the system. The system uses it to reason; the human inspects it to understand

what the system is doing and to intervene when the system’s reasoning diverges from her intent. This

shared access is what makes the workspace a mediation surface rather than merely an internal data

structure. In PROMPTS, the diagnostic report that the Analyzer agent produces is not only input

to the Proposal agent—it is the primary output the engineer reads, the representation she uses to

evaluate whether the system has correctly characterized the optimization problem before she reviews

its proposals.

4.3.2 Collaborative Agentic Workflows

The Collaborative Agentic Workflows component is the orchestration architecture through which

the system coordinates multiple reasoning processes, each operating at a different level of abstraction

or with a different knowledge focus, in service of a shared task. It is the structural home of the X

principle (exposed reasoning transparency) and a partial instantiation of the E principle (embodied

feedback coupling) at the cognitive level: the workflow is designed so that the system’s sequential

reasoning steps mirror the structure of the expert’s reasoning process, coupling the system’s output to

the form of the expert’s thinking.

The collaborative architecture is designed not to replace expert reasoning but to scaffold it. Each

step in the workflow is a point of potential human intervention: the expert can review the diagnostic
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report before the proposal is generated, modify the framing of the problem if the diagnosis is incorrect,

or override the proposed configuration if her judgment diverges from the system’s. The workflow does

not proceed by presenting the human with a final recommendation and asking for approval or rejection.

It proceeds by surfacing intermediate reasoning at each step, giving the expert something to evaluate

and intervene on before the next step is taken.

In Sustainflatable, the collaborative workflow is the design iteration cycle: configure, simulate,

review behavioral preview, refine parameters. In In-Situ Presenter, the real-time constraint compresses

the full design iteration into a continuous inference-and-act cycle, but the collaborative structure is

maintained through the transparency of the subtitle display and the override capacity available to the

presenter. In PROMPTS, the multi-agent architecture makes the collaborative workflow fully explicit:

the Coordinator orchestrates a Diagnose → Propose → Justify pipeline in which each agent’s output

is available for human inspection before the next agent proceeds.

4.3.3 Human-Workflow-Informed Reasoning

Human-Workflow-Informed Reasoning is the principle that the system’s internal reasoning process

should follow the structure of the expert’s existing workflow, producing intermediate outputs that align

with the stages of the expert’s own reasoning rather than with the stages of the system’s computation.

It is a cognitive-level instantiation of the E principle: the system couples its reasoning structure to the

expert’s reasoning structure, so that its outputs enter the expert’s thinking as natural next steps rather

than arriving as foreign representations requiring translation.

The significance of this component is easiest to see in its absence. A black-box optimizer

that returns a ranked list of sharding configurations has no Human-Workflow-Informed Reasoning
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component. It produces output that requires the engineer to do the diagnostic work herself—to

reconstruct, from the ranked list, why these configurations were recommended, which bottleneck they

address, and whether the system’s implicit diagnosis matches her own reading of the profiling data.

The system has done the search; it has not done the reasoning. The engineer is still doing translation

work before she can do judgment work.

PROMPTS inverts this. The system mirrors the expert workflow—diagnose bottleneck → hypothesize

cause → propose configuration → justify proposal—so that its output arrives in the form the expert

would use if she were walking a junior engineer through the analysis. The expert reads the diagnosis

first. If it matches her own reading, she has strong grounds for trusting the proposal. If it does not,

she has a specific point of divergence to interrogate rather than an opaque recommendation to accept

or reject wholesale. The reasoning is not hidden behind the result. It is the result—the structured form

through which the expert’s judgment is engaged rather than bypassed.

4.3.4 Extensible Knowledge Base

The Extensible Knowledge Base is the modular substrate through which domain knowledge

is stored, retrieved, and incorporated into the system’s reasoning. It is the structural home of the S

principle (scalable knowledge grounding) and provides the substrate on which the other three components

depend for domain-specific inference quality.

The Extensible Knowledge Base has three properties that distinguish it from a static knowledge

representation. First, it is modular: domain knowledge is organized in discrete, independently retrievable

units—documents, heuristics, past optimization records, hardware-specific scaling guides—rather than

baked into the system’s parameters or prompts. This modularity is what makes extension possible:
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a new hardware architecture can be incorporated by adding new documents to the store, without

modifying the reasoning agent’s instructions. Second, it is retrievable rather than prescriptive: the

system retrieves relevant knowledge at inference time based on the specific problem at hand, rather

than applying a fixed procedure for every problem of a given type. Third, it is separable from the

system’s architecture: the reasoning agents can be designed, evaluated, and modified independently of

the knowledge they consult.

In PROMPTS, the Extensible Knowledge Base is a retrieval-augmented store indexing expert

documents on ML system optimization, past successful optimization records, and hardware-specific

performance guides. The zero-knowledge stress test reported in Chap. 5 directly demonstrates the

principle: when the knowledge base lacks information about a new hardware architecture, the system’s

reasoning fails—but factually, not structurally. The reasoning process remains valid; it simply lacks

the domain knowledge to apply it correctly. When the relevant hardware specifications are added to the

knowledge base, performance recovers without any modification to the reasoning agents. This is the

empirical signature of Scalable Knowledge Grounding: knowledge failures are local and recoverable

by knowledge extension; reasoning failures require architectural intervention.

4.4 How the Principles Interact: DEXAS as a Coherent Framework

The five principles are not independent requirements that a system can satisfy in isolation. They

form a system of mutual dependencies in which the value of each principle depends on the others, and

the failure of any one undermines the rest.

Structured signal decoding (D) is the precondition for everything else. A system that does not

decode raw signals into structured representations cannot expose its reasoning (X)— there is nothing
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structured to expose. It cannot couple its feedback to the expert’s workflow (E)—the feedback arrives

in a form the workflow was not designed to receive. It cannot unify heterogeneous inputs (A)—

unification requires that inputs be in a commensurable semantic form. It cannot ground its knowledge

scalably (S)—knowledge retrieval operates on structured queries, not raw signals. The D principle is

not the most important of the five. But it is the one that must be satisfied first, because every other

principle depends on its products.

Embodied feedback coupling (E) and exposed reasoning transparency (X) are in structural tension—

a tension that turns out to be productive. Embodied feedback coupling pushes toward opacity: the best

haptic interface is one that disappears into use, that requires no conscious attention, that makes its

machinery invisible. Exposed reasoning transparency pushes toward legibility: the best autonomous

system is one that makes its logic fully visible, that invites interrogation, that shows its work. The

resolution is domain-dependent: below the pre-reflective threshold, E takes precedence; above it, X

does. This is not a contradiction in the framework. It is the framework’s most precise empirical finding:

the effective balance between coupling and transparency depends on where in the cognitive stack the

mediation is operating.

Adaptive input unification (A) is the condition under which both D and E can operate with full

effectiveness. The D principle requires that raw signals be decoded into structured representations;

the A principle ensures that those representations are commensurable across modalities, so that the

decoding produces a coherent picture rather than a collection of independent readings. Without

unification, decoding produces fragmented representations and coupling produces responses that are

sensitive to one signal while ignoring the others.

Scalable knowledge grounding (S) is the condition under which the other four principles can

be sustained as the domain evolves. A system that satisfies D, E, X, and A at deployment but
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lacks a scalable knowledge substrate will degrade as the domain changes—not because its reasoning

architecture has failed, but because the knowledge that architecture requires is no longer current. S is

the only principle that is explicitly prospective: it addresses not the quality of the mediation at a given

moment but the system’s capacity to remain a quality mediator as the problem changes around it.

These dependencies have a practical implication for system design. DEXAS is not a checklist.

A system that satisfies four of the five principles and neglects the fifth will not achieve eighty percent

of the mediation quality it would achieve if all five were satisfied. The principles interact nonlinearly:

the missing principle tends to cascade. A system without D produces representations that neither

E, X, nor A can work with. A system without X produces proposals the expert cannot evaluate,

undermining the value of the D and A principles that produced them. A system without S works well

until the knowledge base goes stale, at which point the quality of D, E, X, and A decays together. The

framework is robust only when all five conditions are met.

4.5 DEXAS and the Existing Literature

DEXAS draws on several traditions without being reducible to any of them. Situating the

framework relative to adjacent bodies of work clarifies what it adds and where it departs.

The human-automation interaction literature has long investigated the conditions under which

automation improves human performance and when it degrades it. The central finding of this literature

is that automation can reduce workload while also reducing situational awareness, creating conditions

for catastrophic error when the automated system fails and the human must take over from a degraded

understanding of the current state [?, ?]. DEXAS addresses this failure mode directly through the

X and A principles: exposed reasoning transparency maintains situational awareness by keeping the
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system’s logic visible; adaptive input unification maintains the quality of the human’s model of the

system’s current understanding. But DEXAS departs from most of the human-automation literature in

its emphasis on the structure of the mediation rather than the degree of automation. The literature tends

to ask: how much should the system automate? DEXAS asks: what must the system make visible,

regardless of how much it automates?

The explainable AI (XAI) literature has produced a substantial body of work on methods for

making machine learning systems interpretable—feature importance scores, attention visualization,

counterfactual explanation generators, and so on [92, 93]. DEXAS is sympathetic to this literature’s

goals but distinguishes itself on two axes. First, XAI typically treats explanation as a post-hoc addition

to a system whose architecture was not designed for transparency—an explanation layer grafted onto a

system that was not built to be explained. DEXAS treats transparency as an architectural requirement,

not an afterthought: the X principle is a design constraint from the beginning, not a feature added

after the fact. A system designed to hide its reasoning and then asked to report on it will report

what is convenient. A system designed from the outset to expose intermediate reasoning will produce

transparency that is functionally grounded rather than decorative. Second, XAI focuses primarily on

explaining individual decisions. DEXAS is concerned with the ongoing governance of the system’s

reasoning over a task: not just why it produced this output, but whether the overall trajectory of its

reasoning is sound and where the human can most effectively intervene.

The mixed-initiative systems literature [94, 95] is the closest ancestor of DEXAS in the AI and

HCI literature. Mixed-initiative systems are designed so that both human and machine can initiate

actions and respond to each other’s contributions, with control flowing between them as the task

evolves. DEXAS shares this commitment to bidirectional agency but adds two requirements that

mixed-initiative systems have not consistently addressed. First, the D principle: mixed-initiative
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systems often assume that both parties are working with representations the human can read directly.

DEXAS takes the decoding problem seriously—the system’s contribution to the shared task is not only

to initiate actions but to transform the raw complexity of the problem into representations that make

the human’s contribution possible. Second, the S principle: mixed-initiative systems were conceived

before the era of large-scale knowledge-intensive AI, and the question of how the system’s knowledge

substrate scales over time was not central to their design. DEXAS treats scalable knowledge grounding

as a first-class architectural requirement.

4.6 Summary: DEXAS as a Framework for Reasoning Layers

DEXAS is a framework for reasoning layers—intermediate representations that sit between

human intent and system execution, making the logic of that mediation explicit, inspectable, and

actionable. Its five principles define what a reasoning layer must provide. Its four structural components

define how those principles are instantiated in a deployable system. Its theoretical grounding establishes

where it fits in the existing landscape of human-machine mediation research and what it contributes to

that landscape.

The framework is not a design prescription. Different instantiations will look different: a

reasoning layer for a haptic interface looks nothing like a reasoning layer for a multi-agent ML

optimization system. What unifies them is the set of requirements they satisfy—the principles, not

the implementation—and the function they serve: reducing the translation burden between human

intent and system execution while preserving human agency over the decisions that matter.

The argument of this dissertation up to this point has been empirical: four projects that each,

in different ways, uncovered one or more of the requirements that DEXAS formalizes. The argument
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from this point forward is instantiational: Chap. 5 presents PROMPTS as a complete instantiation

of all five DEXAS principles in a high-stakes domain, demonstrating that the framework is not only

theoretically coherent but practically effective at the scale where the human middleware problem is

most severe.
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Chapter 5: PROMPTS — An Agentic Reasoning Layer for ML System Optimization

Chapter 4 synthesized the preceding projects into DEXAS: five principles—Decoding, Embodied

feedback coupling, eXposed reasoning transparency, Adaptive input unification, and Scalable knowledge

grounding—that characterize what effective mediation requires when a system must translate between

human intent and low-level system representations. DEXAS was not designed at the outset. It is a

set of requirements that emerged across five projects each time the question was asked: why did the

mediation work here, why did it fall short there, and whether the same approach could be made to

work somewhere else. Those questions were asked in relatively bounded domains—passive physical

interfaces, autonomous pneumatic systems, intent-driven presentation tools. PROMPTS asks them in

a domain with no such bounds.

PROMPTS is an instantiation of DEXAS in a domain with no such bounds. Large-scale ML

system optimization—specifically, the problem of identifying efficient sharding configurations for

distributed LLM training and serving—is combinatorially complex, hardware-specific, and deeply

expertise-dependent. Engineers who work in this domain routinely manage search spaces exceeding

150 valid configurations per workload, interpret dense profiling traces that require years of domain

experience to read correctly, and repeat the entire process from scratch when the model architecture

or hardware platform changes [96–98]. Existing automated approaches either perform black-box

search without domain understanding—requiring hundreds of costly evaluations—or build specialized

performance models that are brittle and non-transferable [99–104]. Neither approach addresses the

problem at the level where it actually occurs: the translation between what a profiling trace says and

what an engineer needs to do.

PROMPTS reframes this translation as a reasoning problem. Its Analyzer Agent converts raw

profiling data—key performance indicators, HLO operation profiles, roofline analysis—into structured
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Figure 5.1: Overview of the PROMPTS agentic performance optimization framework. The
Coordinator Agent routes a user-supplied experiment ID through the Analyzer Agent—
which ingests KPI metrics, HLO operation profiles, and roofline data from the Xprof
API—to the Proposal Agent, which performs retrieval-augmented generation over a
two-source knowledge base (historical optimization records and expert-written technical
guides) to produce three ranked sharding proposals with justifications.

bottleneck diagnoses. Its Proposal Agent takes those diagnoses and queries a knowledge base of

expert-written optimization guides and historical optimization records to generate justified sharding

configurations. Together they operationalize the two-step reasoning process that experienced engineers

perform mentally: diagnose, then propose. The difference is that PROMPTS performs this in under a

minute, with no prior exposure to the specific workload, and produces recommendations that engineers

adopt as their top choice 87.5% of the time across eight real-world production cases.

This chapter presents PROMPTS as a full instantiation of the DEXAS framework and evaluates

what that instantiation achieves. Section 5.1 characterizes the optimization problem and explains why

existing approaches fail to address it. Section 5.2 maps PROMPTS’s architecture onto each of the

five DEXAS principles. Section 5.3 presents the evaluation results across five lenses: search-space

compression, solution correctness, reasoning legibility, extensibility, and human-role reconfiguration.

Section 5.4 examines three cases in depth, including the boundary case where the system fails and

the zero-knowledge stress test that isolates the value of domain knowledge. Section 5.5 situates

PROMPTS within the dissertation’s broader argument.
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5.1 The Problem: Human Bottleneck in ML System Tuning

5.1.1 Why Sharding Optimization Is Hard

The central task of sharding optimization is to identify, from a combinatorially large search

space, an ICI-mesh configuration that fits the model within device memory while minimizing communication

overhead and maximizing compute utilization. An ICI mesh defines how a model’s data, parameters,

and activations are partitioned across the high-speed interconnect of a TPU slice: how many chips

handle data parallelism, how many handle model parallelism, how many handle sequence parallelism.

For a moderately large workload on a 256-chip system, the number of valid configurations—those that

pass compiler validation at all—can exceed 165. The optimal configuration depends on the interaction

among the model’s architecture, the hardware’s network topology, and the workload’s computational

profile. Changing any of these three factors can invalidate conclusions drawn from extensive prior

experimentation.

The difficulty compounds because performance trade-offs are non-linear and often counterintuitive.

Increasing model parallelism reduces per-device memory pressure but introduces collective communication

operations that can dominate step time if the interconnect becomes saturated. Increasing sequence

parallelism reduces activation memory but generates ‘ragged’ tensor collectives whose overhead is not

proportional to sequence length. The same configuration that is optimal on a 2D Torus network may be

deeply suboptimal on a 3D Torus network, because the two topologies favor different communication

patterns. An engineer who has built up intuitions about one hardware generation must partially relearn

them for the next.

The standard workflow that engineers follow in this environment is essentially iterative trial-
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and-error: run an experiment, collect a profiling trace, analyze the trace for bottlenecks, adjust the

configuration, repeat. Each iteration takes minutes to hours, depending on model size and hardware

availability. The analysis step—reading the profiling trace and inferring what it implies for configuration

changes—requires deep domain expertise and is not automatable by the profiling tools themselves,

which surface what is slow but not what to do about it. This is precisely the gap that PROMPTS

targets.

5.1.2 Why Existing Approaches Miss

Automated black-box search methods address the iteration problem by replacing manual trial-

and-error with guided search algorithms—Bayesian optimization, integer linear programming, randomized

search over structured spaces [99, 103–106]. These approaches have demonstrated success navigating

large configuration spaces, and they form the backbone of production optimization workflows at most

major ML labs [107, 108]. Recent work has further leveraged machine learning to build performance

models that improve search efficiency [109,110], and agentic LLM-based systems have begun addressing

code transformation and tensor optimization [111–115]. But they have three structural limitations that

become visible under the conditions where PROMPTS is tested.

First, black-box methods are knowledge-blind. They cannot represent the fact that a workload

is memory-bound rather than compute-bound, and they therefore cannot avoid spending evaluations

on configurations that would exacerbate the memory bottleneck rather than resolve it. They treat the

search space as a black box to be sampled rather than as a structured space whose high-potential

regions can be identified before sampling begins. As a result, they frequently require evaluating the

entire valid search space before finding the configuration that domain knowledge would have identified
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immediately.

Second, the performance models they build are brittle. The surrogate function a Bayesian

optimizer learns over one hardware platform encodes something like the performance landscape of

that specific combination of model, hardware, and workload type. When any of these three factors

changes—a new model architecture, a new TPU generation, a different parallelism topology—the

model becomes unreliable, and in some cases misleading. The knowledge that makes the model

good at predicting performance in the seen case is not transferable to the unseen case. PROMPTS’s

knowledge base, by contrast, encodes general optimization principles that remain valid across hardware

generations: the relationship between model parallelism and communication overhead, the symptom

signature of HBM-bound workloads, the conditions under which sequence parallelism introduces

memory violations. Seven of PROMPTS’s eight evaluation cases required reasoning not present in

the historical database.

Third, black-box search scales poorly with the dimensionality of the optimization space. ICI-

mesh sharding is one variable among many: batch size, rematerialization strategy, compiler flags, and

offloading decisions also affect performance, and their interactions are just as complex as the sharding

problem alone. A complete joint optimization over all of these dimensions would produce a search

space that is computationally intractable for any sample-based approach. PROMPTS’s reasoning-

based architecture scales to joint optimization by adding knowledge modules for each new dimension

rather than by increasing sample count [116–121].
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5.2 PROMPTS as a DEXAS Instantiation

Each of the five DEXAS principles addresses a specific failure mode in the human middleware

problem. Decoding fails when raw system signals—profiling traces, log files, execution graphs—

require expert translation before they carry any actionable meaning. Embodied feedback coupling

fails when system feedback is decoupled from the human’s action attempt, requiring an additional

interpretive layer. eXposed reasoning transparency fails when a system’s intermediate steps are hidden,

leaving the human with outputs she cannot interrogate. Adaptive input unification fails when heterogeneous

signals are processed in isolation rather than fused into a shared representation. Scalable knowledge

grounding fails when domain knowledge is baked into the system architecture rather than held in a

modular substrate that can grow. PROMPTS instantiates all five, and the evaluation results are legible

as evidence for each.

5.2.1 Decoding

The Decoding principle requires that a system convert low-level representations—raw signals,

execution traces, system logs—into structured intermediate artifacts at a level of abstraction the human

can work with directly. In ML system optimization, the raw material is the profiling trace: a dense

record of execution-level events, memory bandwidth measurements, and collective operation timings

that requires years of domain experience to read correctly. The trace is technically complete—everything

relevant to the optimization is encoded in it—but it is not cognitively accessible. It does not say which

operation is causing the bottleneck, what type of bottleneck it is, or what class of configuration change

would address it. An engineer reading a trace must perform that translation herself.

PROMPTS’s Analyzer Agent performs this decoding step. It ingests three data types—key
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performance indicators (accelerator duty cycle, step time, communication overhead), HLO operation

profiles (execution time, memory bandwidth utilization, roofline efficiency per operation), and on-

device roofline data—and produces a structured bottleneck report that names the dominant inefficiency,

categorizes it as compute-bound, HBM-bound, or communication-bound, identifies the specific operations

responsible, and provides a recommendation for optimization direction. The report has the same

section structure as the analysis an expert engineer would write by hand: KPI health check, HLO

bottleneck identification, correlation of the two, structured diagnosis. This is not a summary of the

trace; it is a translation of the trace into the vocabulary of performance engineering decisions.

5.2.2 Embodied Feedback Coupling

The Embodied feedback coupling principle, as established in Chap. 2, describes mediation that

works because feedback enters the user’s sensorimotor loop directly rather than requiring deliberate

interpretation. That mode of mediation is not available in ML system optimization, where the ‘action’

is submitting an experiment and the ‘feedback’ arrives hours later as a profiling trace. But the principle

survives in a weaker, cognitive-layer form: feedback should be coupled to the specific action that

generated it, at the granularity where the engineer can trace the connection.

PROMPTS instantiates this by structuring its output around the causal chain from configuration

choice to performance consequence. The Proposal Agent’s justification for each candidate configuration

specifies which bottleneck the configuration addresses, how it modifies the current sharding in the

relevant dimension, what performance impact is expected from that modification, and what trade-offs

it introduces. This structure couples the proposal—the recommended action—to the diagnosis—the

evidence that motivated it. An engineer reviewing a proposal can follow the reasoning from trace
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observation to configuration recommendation in a single document. The coupling is not pre-reflective,

but it is tight: the feedback is specific enough to the action that the engineer does not need to reconstruct

the reasoning chain herself.

5.2.3 eXposed Reasoning Transparency

The eXposed reasoning transparency principle requires that a system’s intermediate reasoning be

available for inspection, not merely its final output. This is the principle that most directly distinguishes

PROMPTS from black-box optimization: a black-box optimizer returns a configuration, and an engineer

can evaluate whether that configuration works, but she cannot evaluate whether the optimizer’s reasoning

was sound. A configuration that works for the wrong reasons is a configuration she cannot trust to

generalize.

PROMPTS exposes its reasoning at two levels. The Analyzer Agent’s bottleneck report is

the first level: it surfaces the evidence chain from raw metrics to diagnosis, making explicit which

observations support which conclusions. The Proposal Agent’s justification dialogue is the second:

when an engineer challenges the agent’s top recommendation, the agent defends it by reasoning back

to the profiling evidence. It does not produce a confidence score from an opaque model; it cites the

device duty cycle, the top HLO operations and their bottleneck classifications, and the relationship

between the current sharding configuration and the observed inefficiency. It distinguishes between

what the data shows and what remains uncertain, and it rates its confidence in terms of the strength of

the evidence chain.

Sharding Memory—the persistent log of all tool calls, intermediate agent responses, and user

inputs—extends this transparency across the session. An engineer can review not just the agent’s final
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proposal but the sequence in which its hypotheses developed, the tools it called to gather evidence, and

the points at which it updated its diagnosis. This audit trail is what allows the zero-knowledge stress

test to be informative: the performance engineer who annotated the agent’s output could identify

exactly where the reasoning was correct, where it applied a valid principle to the wrong case, and

where it lacked the context to reach the right conclusion. The gap was legible because the reasoning

was visible.

5.2.4 Adaptive Input Unification

The Adaptive input unification principle requires that a system fuse heterogeneous input signals

into a shared representation that can be reasoned over, rather than processing them in isolation. In In-

Situ Presenter, the relevant signals were speech, gesture, and slide structure—each encoding a different

aspect of the presenter’s intent, none sufficient alone. In PROMPTS, the relevant signals are KPI

metrics, HLO operation profiles, and roofline data—each encoding a different aspect of the workload’s

performance characteristics, none sufficient alone.

A KPI metric like device duty cycle produces an initial hypothesis: the workload appears

compute-saturated. HLO profiles either confirm or complicate that hypothesis: in Case 2, a high duty

cycle masked an HBM bottleneck that only became visible when the top operations were individually

examined and classified by roofline analysis. Roofline data provides the third layer: it distinguishes

between operations that are compute-bound and those that are memory-bandwidth-limited, at the per-

operation level where the diagnosis becomes actionable. The Analyzer Agent does not report these

three data sources separately; it synthesizes them into a single diagnosis that neither source could

support alone. The bottleneck classification—compute-bound, HBM-bound, communication-bound—

112



is an emergent property of the fusion, not of any individual input.

5.2.5 Scalable Knowledge Grounding

The Scalable knowledge grounding principle requires that a system’s domain knowledge be held

in a modular substrate that can be extended without requiring changes to the reasoning engine. This is

the architectural property that makes PROMPTS extensible in a practically meaningful sense: not that

it handles every workload correctly out of the box, but that when it does not, the fix is tractable.

PROMPTS’s knowledge base consists of two sources: a structured database of past engineer-

submitted optimization cases, and a document knowledge base of expert-written technical guides

covering foundational principles and hardware-specific strategies. The Proposal Agent queries both via

retrieval-augmented generation, with the underlying LLM formulating semantic queries based on the

bottleneck report rather than keyword matching. The agents themselves contain reasoning procedures,

not domain facts. When a new hardware platform is added, the relevant documentation is added to

the knowledge base; the agents are unchanged. When a new model architecture introduces unfamiliar

computational patterns, a technical guide describing those patterns is added; the agents are unchanged.

The zero-knowledge stress test establishes the boundary of this property empirically. In the

zero-knowledge condition, the agent’s reasoning procedure remained sound: it correctly identified the

dominant bottleneck operation and produced technically coherent proposals. Its errors were knowledge

errors, not reasoning errors—a missing root-cause explanation for a tensor relayout operation, a general

fusion recommendation that the hardware’s memory architecture made inapplicable, an analysis of an

all-gather operation that missed its mandatory function in the specific workload. Each error maps to a

named document that would have corrected it. The knowledge base grows; the agents remain stable.
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5.3 Evaluation

Table 5.1: Summary of experimental configurations for extensibility testing using real
production workloads. We separate the ML Task from the Agent’s Task. System
versions are annotated with their network topology. Proprietary model names have been
anonymized.

Case TPU System Topology Model Name / Type ML Task Agent’s Task

1 v5p (3D Torus) 8x8x8 Proprietary Large Dense Model Reward Modeling (Post-training) Optimize ici mesh for existing topology
2 v6e (2D Torus) 4x4 Proprietary Small Dense Model SFT (Post-training) Optimize ici mesh for existing topology
3 v5e (2D Torus) 16x16 Proprietary Medium Dense Model SFT (Post-training) Optimize ici mesh for existing topology
4 v6e (2D Torus) 16x16 → 8x16 Proprietary Medium Dense Model SFT (Post-training) Generate: Adapt ici mesh for new topology
5 v6e (2D Torus) 16x16 Proprietary MoE Model Reward Modeling (Post-training) Optimize ici mesh for existing topology
6 tpu7x (3D Torus) - (2 chips) Qwen 32B (Open Source Dense) Inference Generate: Propose ici mesh for new model
7 tpu7x (3D Torus) - (256 chips) DeepSeek (Open Source MoE) Pre-training Optimize ici mesh for existing topology
8 v5p (3D Torus) 4x8x16 Proprietary Audio Generation Model Audio Generation (Post-training) Optimize ici mesh for existing topology

Table 5.2: Summary of Experimental Results. The agent consistently identifies high-
performance configurations with minimal search effort compared to the total size of the
valid search space.

Case % Perf. Improvementa Agent Search Effortb Blackbox Search Effortc # Agent Invocationsd Agent Batch Sizee Compilabilityf Top Pick Adopted?g

1 40.83% 1 55 1 3 100% Yes
2 42.59% 1 35 1 3 100% Yes
3 79.15% 1 165 1 3 66.67% Yes
4 14.29% 2 45 1 3 33.33% No
5 434.75% 1 45 1 2 50% Yes
6 182.86% 1 2 1 1 100% Yes
7 104.16% 1 9 1 3 66.67% Yes
8 26.25% 1 55 1 3 33.33% Yes

Average 69% 87.5%

a% Perf. Improvement: The percentage increase in throughput (e.g., steps/sec), calculated from the reduction in
end-to-end step time.
bAgent Search Effort: The number of agent-suggested configurations evaluated until the desired one was found.
cBlackbox Search Effort: The total number of configurations in the search space, equivalent to the evaluations needed in
an exhaustive (brute-force) search to find the optimal configuration.
d# Agent Invocations: The number of times the agent was executed to generate configuration suggestions.
eAgent Batch Size: The number of ici mesh configurations provided by the agent per invocation.
fCompilability: The percentage of suggested configurations in the agent’s batch that successfully compile.
gTop Pick Adopted?: Indicates if the agent’s top-suggested configuration was the one ultimately adopted by the engineer.

PROMPTS was evaluated across eight real-world production workloads, drawn from engineer-

submitted optimization cases at Google. The workloads span four TPU generations (v5p, v5e, v6e,

tpu7x), 2D and 3D Torus network topologies, computation scales from 2 to 2,048 chips, dense and

Mixture-of-Experts model architectures, and the full ML lifecycle—pre-training, supervised fine-
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tuning, reward modeling, and inference serving. The evaluation was structured to test five properties:

whether the system compresses the search space, whether its solutions are technically correct and

match expert-validated outcomes, whether its reasoning is legible and inspectable, whether it extends

to new hardware and model types via knowledge injection, and whether it reconfigures the human role

toward higher-level judgment.

5.3.1 Search-Space Compression

Figure 5.2: PROMPTS Agent vs. Blackbox Baseline search effort for a given performance
improvement across eight experiments. For each experiment (unique color), the line
connects the PROMPTS Agent’s search effort (solid dot) to the Blackbox baseline
search effort (hollow dot). Search effort, plotted on a log scale, is defined as the
number of configurations that were actually tested until the expert-validated configuration
was identified. While both methods yield the same average performance improvement
(115.61%), the agent’s search effort is consistently and significantly lower, saving an
average of 50.25 experimental runs per task.

The most direct evidence for the system’s value is the reduction in search effort it achieves

relative to black-box baseline. Search effort is defined as the number of configurations actually
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evaluated before finding the expert-validated solution. Across all eight cases, PROMPTS required

a single invocation and, in seven of eight cases, identified the expert-validated configuration as its

first suggestion. The black-box baseline required between 2 and 165 evaluations to find the same

configuration [105, 106]. The average search-effort saving was 50.25 experimental runs per task,

representing a reduction of roughly two orders of magnitude in the worst case.

This compression is not achieved by accident. It is the direct result of applying domain knowledge

at the point where it can most dramatically reduce the search space: before any configuration is

evaluated. The agent’s first-pass diagnosis—identifying whether the workload is compute-bound,

HBM-bound, or communication-bound—eliminates entire regions of the configuration space from

consideration. A memory-bound workload will not benefit from configurations that increase model

parallelism without sharding the model; a communication-bound workload will not benefit from configurations

that further increase collective operation frequency. Black-box methods cannot reason about these

constraints without evaluating their consequences; PROMPTS identifies them from the profiling trace.

The throughput improvements achieved by the agent’s top recommendations range from 14.29%

to 434.75%, with an average of 115.61%—identical to the black-box baseline average. The agent does

not sacrifice solution quality for search efficiency. It finds solutions of the same quality as exhaustive

search but reaches them through a single informed step rather than through iterative sampling.

5.3.2 Solution Correctness Under Mediation

A reasoning system that produces fast but wrong answers is of no practical value in a production

optimization context. PROMPTS validates its solutions at two levels. The first is compilation: invalid

sharding configurations—those that are memory-infeasible, topology-incompatible, or otherwise malformed—
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are rejected by the XLA compiler before execution, providing a deterministic correctness check at

zero additional instrumentation cost. The agent’s compilability rate averages 69% across its batch of

three proposed configurations per invocation. This rate is not perfect, but it is high enough that the

agent consistently includes a valid configuration in its top three, and in 87.5% of cases the top-ranked

proposal is both compilable and matches the production-validated configuration.

The second level is matching: whether the agent’s top-ranked configuration is the configuration

that engineers actually adopted after extensive manual analysis or automated search. In seven of

eight cases, it is. This metric captures something that compilation alone cannot: not just whether the

configuration works, but whether it is the right configuration—the one that best balances performance,

memory footprint, and communication overhead for the specific workload. An 87.5% match rate on

first-ranked proposals, across diverse workloads and hardware, with a single invocation per task, is

strong evidence that the agent is reasoning about the domain rather than retrieving cached answers.

5.3.3 Reasoning Legibility

Each agent response in the evaluation follows a consistent structure: diagnosis, proposal, comparison

to baseline, expected impact, trade-offs. This structure is not cosmetic. It is what allows an engineer to

evaluate the agent’s reasoning rather than merely its conclusion. In the three detailed qualitative case

studies documented in the appendices, a senior performance engineer reviewed the agent’s output and

found no factual errors in its diagnoses or reasoning chains for Cases 1 through 3. The agent correctly

identified compute-bound, HBM-bound, and communication-bound workloads respectively, and its

proposals in each case directly addressed the diagnosed bottleneck through mechanisms it articulated

and defended.
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The legibility of the system’s reasoning is most visible in the justification dialogues. When

challenged—‘Are you really sure? How confident are you?’—the agent does not produce a confidence

score from an opaque model. It reasons back to the profiling evidence: the device duty cycle, the

top HLO operations and their bottleneck classifications, the relationship between the current sharding

configuration and the observed inefficiency. It distinguishes between what the data shows and what

remains uncertain. It rates its own confidence in terms of the strength of the evidence chain, not in

terms of a prior calibration. This is the behavior of a system that understands its reasoning, not merely

a system that produces structured output.

5.3.4 Extensibility via Knowledge Injection

Six of the eight evaluation cases involve workloads not present in the historical optimization

database: the agent must reason from first principles, using only the general optimization guides and

the bottleneck report, to propose configurations for models and hardware it has not seen before. In all

six cases, it succeeds. Cases 4 and 6 go further: neither has a baseline configuration to optimize from.

The agent must generate an ICI mesh from scratch for a new topology (Case 4) and a new open-source

model on a new hardware platform (Case 6). In both cases it produces valid, performant proposals in

a single invocation.

The zero-knowledge stress test, discussed in detail in Sec. 5.4.3, establishes the specific boundary

of this extensibility. In the zero-knowledge condition, the agent’s high-level reasoning procedure

remains sound: it correctly identifies the dominant bottleneck operation and produces technically

coherent proposals. What it lacks is the platform-specific and model-specific knowledge that would

allow it to identify the root cause of the bottleneck at a finer grain, recognize when a general optimization
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principle does not apply on this specific hardware, or identify sequential anti-patterns that require

global analysis of the execution graph. These are factual knowledge gaps, not reasoning gaps. Each

one is addressable by adding the relevant documentation to the knowledge base.

This distinction—between reasoning procedure and domain knowledge, held in separate factored

components—is what makes the system extensible in a practically meaningful sense. A new hardware

generation does not require rebuilding the agent. It requires adding documentation about the hardware’s

specific architectural constraints and optimization patterns. A new model architecture does not require

new agent training. It requires adding documentation about the model’s computational profile and

known optimization strategies. The knowledge base grows; the agents remain stable.

5.3.5 Human-Role Reconfiguration

The 87.5% adoption rate for the agent’s top recommendation is the most direct evidence of

human-role reconfiguration. Engineers who review the agent’s proposals and find their own preferred

configuration among them—as the first-ranked choice—in seven out of eight cases are engineers whose

primary work has shifted from configuration generation to configuration review. They are no longer

constructing the candidate; they are evaluating whether the candidate the agent produced is the one

they would have produced.

This shift is qualitatively different from automation that removes the human from the loop. The

agent does not decide which configuration to deploy. It proposes, justifies, and ranks. The engineer

reviews, questions, and adopts or rejects. The qualitative dialogues make this visible: engineers who

question the agent’s recommendation receive a reasoned defense that they can evaluate on the merits.

Engineers who disagree with the recommendation can ask for alternatives. The interaction is not a
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handoff from human to machine; it is a reassignment of which steps in the reasoning process each

party is responsible for. The human remains at the judgment layer. The agent occupies the labor-

intensive translation layer between profiling data and configuration hypothesis.

5.4 Cases in Depth

5.4.1 Three Archetypal Bottleneck Cases

Cases 1, 2, and 3 each instantiate a different fundamental bottleneck type—compute-bound,

HBM-bound, and communication-bound, respectively—and together demonstrate that PROMPTS’s

diagnostic procedure generalizes across the major categories of performance inefficiency in distributed

LLM workloads. Case 1, a reward modeling workload on TPU v5p-512, presented a near-perfect

device duty cycle (99.7%) with low communication overhead (2.6%). The Analyzer correctly diagnosed

a compute-saturated workload and recommended increasing data parallelism at the expense of sequence

parallelism, reasoning that this would better saturate compute units without introducing communication

bottlenecks. The recommendation matched the expert-validated production configuration exactly.

Case 2, a supervised fine-tuning workload on TPU v6e-16, presented a more subtle failure mode.

The high device duty cycle was consistent with a compute-bound interpretation, but HLO analysis

revealed that the top operations were all memory-bandwidth-limited: the device was busy, but busy

waiting for data from HBM rather than performing computation. The Analyzer correctly identified this

anti-pattern—high duty cycle masking a memory bottleneck—and diagnosed the cause: the current

configuration replicated the full model on each chip, generating HBM pressure that was not visible in

the KPI summary. The proposal introduced 4-way model parallelism to shard the model and directly

reduce per-chip memory footprint. This optimization was not present in the historical database; the
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agent reasoned from first principles.

Case 3, a fine-tuning workload on TPU v5e-256, showed a workload where the top five most

time-consuming operations were all collective communication operations. Despite a near-perfect

duty cycle, the workload was communication-bound: the 4-way model parallelism in the baseline

configuration was generating excessive all-reduce traffic. The Analyzer correctly identified this pattern

and the Proposal Agent recommended halving model parallelism while doubling data parallelism,

reducing the frequency and size of collective operations. The resulting configuration matched the

production baseline. In the justification dialogue, the agent explained the trade-off between collective

operation frequency and per-device memory footprint with enough specificity that the engineer could

evaluate whether the reasoning was sound for her particular workload.

5.4.2 Case 4: Boundary Conditions and Compiler Validation

Case 4 is the exception that clarifies the rule. The task was to propose an ICI mesh for a workload

migrating from a 16×16 (256-chip) to an 8×16 (128-chip) topology—a hardware topology change

that invalidated the original configuration. The Analyzer correctly identified the primary bottleneck

and the Proposal Agent generated three candidate configurations. Its top recommendation, however,

failed: it prioritized step-time optimization without adequately accounting for the memory constraint

that the smaller topology imposed. Halving sequence parallelism doubled activation memory per chip,

triggering an out-of-memory error at compilation. The second proposal, which the agent had ranked

lower, succeeded: it maintained high sequence parallelism, keeping activation memory within bounds,

and achieved a 14.29% performance improvement.

This case demonstrates two things. First, the system’s reasoning has a boundary: when hardware
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constraints interact in ways not well-represented in the knowledge base, the agent can optimize for

the wrong objective. This is a factual knowledge gap—the agent lacked explicit knowledge that

for constrained topologies, memory capacity is a hard primary constraint that supersedes step-time

optimization. Second, compiler-level cross-compilation provides a fail-fast mechanism that catches

this kind of error before hardware is allocated. The compilation failure is not a system failure in any

meaningful sense; it is the validation layer working as designed, filtering infeasible proposals before

they consume engineering time. The engineer adopted Proposal 2, and the system identified the correct

configuration within its batch of three.

5.4.3 Zero-Knowledge Stress Test

The zero-knowledge stress test used the same experimental setup as Case 6—an open-source

Qwen-32B model on a new tpu7x platform—but deliberately withheld all documentation about the

model architecture and hardware platform from the knowledge base. A senior performance engineer

then reviewed and annotated the agent’s output post-hoc, producing a line-by-line comparison between

the agent’s analysis and an expert’s analysis of the same profiling data.

The high-level verdict is that the agent’s reasoning procedure was sound but its conclusions

were bounded by what it knew. It correctly identified the dominant bottleneck operation (copy.2700)

as severely HBM-bound. It correctly flagged the all-gather operation as inefficient. It proposed

fusing memory-bound operations to hide latency. The expert’s annotation confirmed the bottleneck

identification as ‘technically correct’ while noting that it lacked root-cause depth: the copy operation

was not a simple data transfer but a tensor relayout resulting from mismatched input and output

shapes, a distinction that changes what the correct fix is. The expert rejected the fusion suggestion
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as inapplicable on tpu7x, where shared HBM bandwidth saturation makes latency hiding via fusion

ineffective, and recommended Sparse Core offloading instead—a platform-specific optimization the

agent could not have known without documentation about tpu7x’s architectural constraints.

The annotation also identified a case where the agent analyzed an all-gather operation in isolation

and suggested removing it if possible. The expert’s note was precise: this particular all-gather is

mandatory because it shards the embedding table, and removing it would break the model. The general

principle—that unnecessary all-gathers should be eliminated—is correct. Its application to this specific

operation required knowledge that the operation’s function was non-optional in this workload, which

the agent lacked.

What the stress test establishes is the structure of the gap between the agent and the expert.

It is not a reasoning gap—the agent’s analytical procedure is coherent and its general principles are

sound. It is a knowledge gap, specific enough to be mapped to named facts: the architectural function

of a particular operation, the memory management constraints of a specific hardware platform, the

conditions under which a general optimization principle does not apply. Each gap corresponds to a

document that could be added to the knowledge base. This is extensibility in the technically meaningful

sense: the path from current performance to expert-level performance is not architectural redesign, but

knowledge acquisition.

5.5 PROMPTS and the Dissertation’s Argument

PROMPTS is not the dissertation’s thesis. It is the thesis demonstrated at scale, in a domain

where the human middleware problem is acute and the cost of failing to resolve it is high. The experts

who work in ML system optimization are doing exactly what the introduction described: translating
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between high-level intent—make this workload run faster, fit this model on this hardware—and low-

level system representations, in the form of profiling traces that require years of expertise to read and

configuration spaces that require hundreds of evaluations to search. The burden of that translation falls

entirely on the engineer, and it is the rate-limiting step in the optimization workflow.

What PROMPTS demonstrates is that this translation is offloadable without being replaceable.

The system does not determine which workload to optimize, set the performance target, or decide

whether the agent’s top recommendation is the right one for this deployment context. It performs

the labor-intensive middle steps: reading the trace, identifying the bottleneck, retrieving relevant

precedents, generating candidate configurations, and articulating the reasoning that connects evidence

to proposal. The engineer remains responsible for the judgment that requires understanding what the

optimization is for. The agent is responsible for the reasoning that requires understanding what the

profiling data says.

This division maps directly onto the dissertation’s definition of effective mediation: a system that

reduces the mental work required to translate between what a human is trying to do and what the system

needs to execute, without removing human agency. PROMPTS reduces the mental work of profiling

trace analysis and configuration generation to the work of reviewing and evaluating a structured

proposal. It does not remove the engineer from the process; it reassigns which steps she performs. The

throughput gains—up to 434%—are a consequence of finding better configurations faster. The 87.5%

adoption rate is evidence that the configurations the agent proposes are the configurations engineers

would have eventually reached on their own, reached in under a minute rather than through hours of

iterative search.

The five DEXAS principles map onto the system’s architecture cleanly, and their presence

explains why the system works where black-box methods do not. Decoding converts profiling traces
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into structured diagnoses at the level of abstraction where engineering decisions are made. Embodied

feedback coupling—adapted to the cognitive layer—ties each proposal tightly to the evidence that

motivated it, so the engineer can evaluate the reasoning rather than just the conclusion. eXposed

reasoning transparency makes the agent’s intermediate steps inspectable, through the bottleneck report,

the justification dialogue, and the Sharding Memory log. Adaptive input unification fuses KPI metrics,

HLO profiles, and roofline data into a single diagnosis that no individual source could support. Scalable

knowledge grounding separates the reasoning procedure from the domain knowledge, so the system

extends to new hardware and models by knowledge addition rather than architectural change.

The zero-knowledge stress test makes this last point most sharply. The gap between a junior

analyst and an expert is not primarily a gap in reasoning ability; it is a gap in accumulated knowledge

about the domain. PROMPTS’s architecture makes that gap explicit, locatable, and fillable. A system

that fails opaquely teaches nothing. A system that fails at a specifiable knowledge boundary teaches

exactly what to add next. This is what it means for a reasoning layer to be extensible in a practically

meaningful sense: not that it handles every case correctly, but that when it does not, the failure is

understandable and the fix is tractable.
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Chapter 6: Discussion

Each of the five projects in this dissertation was motivated by a different problem. Surface I/O

asked whether a passive surface could encode its own interaction vocabulary. Motionless Movement

asked how feedback crosses the perceptual gap between intended and actual motion. Sustainflatable

asked why a physically correct autonomous system required a simulation tool to be deployable. In-

Situ Presenter asked what internal representation allows a system to act on inferred intent. PROMPTS

asked what a reasoning agent can do with a profiling trace that an engineer would otherwise spend

hours interpreting manually. The problems share a structure that only became visible in retrospect:

in each case, the bottleneck was not computation or sensing or actuation, but translation — the gap

between the representation a system operates on and the representation a human can reason with.

DEXAS names five ways that gap can be addressed, derived from patterns that recurred across

the projects each time mediation succeeded or failed. The principles are a diagnostic vocabulary rather

than a design checklist. They describe what was missing when mediation broke down, and what was

present when it worked. This chapter examines what the five projects establish in common, where

their findings diverge, and what they leave unresolved. Section 6.1 revisits the mediation spectrum

from Chapter 1 with the full arc of the dissertation in view. Section 6.2 draws out three findings that

cut across all five projects. Section 6.3 addresses the limits of the current work. Section 6.4 closes.

6.1 The Mediation Spectrum Revisited

Chapter 1 introduced the spectrum of mediation as a way of organizing the dissertation’s projects:

from physical interaction, where the body absorbs mediation below the threshold of conscious interpretation,

to cognitive partnership, where a system must make its reasoning legible to a human who evaluates it

deliberately. That framing was organizational. With the full arc of projects in view, the spectrum looks
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different — less like a line and more like two independent dimensions that the projects helped identify.

At the physical end, the relevant representation is the action space: geometry, vibrotactile

signature, the structural properties that make certain interactions feel natural and others feel wrong.

Surface I/O’s affordance layers are not visible to the user as a design artifact; they are felt as the path

of least resistance when her finger moves. Motionless Movement’s vibrotactile feedback does not get

interpreted as a signal about joint angle; it arrives in the sensorimotor loop as the sense of movement

itself, before interpretation begins. Mediation at this end works best when the representation dissolves

into use — when there is nothing left for the user to read.

At the cognitive end, the relevant representation is the reasoning process: the sequence of steps

by which the system moves from input to output, the evidence it considered, the inferences it drew. A

designer configuring a Sustainflatable system needs to see this reasoning as temporal pressure curves

and actuation previews. An engineer reviewing a PROMPTS recommendation needs to see it as a

bottleneck report with an explicit justification chain. The interface that disappears into use at the

physical end would, at the cognitive end, be a black box — a system acting on a representation its

operator cannot inspect.

In-Situ Presenter sits at the seam between these two poles in a way the spectrum does not cleanly

capture. The system’s internal representation — the semantic alignment between script segments and

slide elements — is never shown to the presenter during her talk. She sees what the system does

with it: her video feed moves. When the movement is correct, the representation is invisible and that

is fine. When the system misfires, she has no way to diagnose why, because the representation that

drove the behavior is not surfaced. The failure is not at the physical end of the spectrum, where the

representation was never meant to be seen, nor at the cognitive end, where it would be fully exposed.

It is the consequence of a design choice about how much inference to surface, made without a clear
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account of what the presenter needs to contest when things go wrong.

The more useful frame that emerges from the full arc of projects is not a single spectrum but two

questions asked together: how explicitly must the system’s representation be surfaced for the human

to use the system effectively, and how much of the system’s reasoning must the human be able to

contest in order to maintain meaningful agency? Surface I/O and Motionless Movement sit low on

both. PROMPTS sits high on both. Sustainflatable and In-Situ Presenter sit high on the first and

reveal, through their failure modes, that the second cannot be ignored.

6.2 Three Cross-Cutting Findings

6.2.1 Intermediate Artifacts Are the Unit of Mediation

None of the five systems in this dissertation mediates by taking input and producing output.

Each mediates by producing something in between — an artifact that sits between a representation

the system can compute and a representation the human can use. Surface I/O’s affordance layers

encode the interaction pattern in geometry, sitting between the passive surface and the user’s action.

Motionless Movement’s vibrotactile signal sits between the force sensor’s measurement and the proprioceptive

sense of movement, bridging a gap that neither could cross alone. The Sustainflatable design tool’s

simulation output sits between the pneumatic equations and the designer’s judgment about what the

configuration will do. PROMPTS’s bottleneck report sits between the profiling trace and the configuration

decision, converting dense execution data into something an engineer can act on.

What makes an intermediate artifact effective is not accuracy in isolation but fitness for the

judgment it is meant to support. A simulation that outputs only a final actuation timestamp is technically

accurate but practically useless, because the designer’s judgment operates on the shape of the pressure
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curve across time, not on its endpoint. A bottleneck classifier that outputs only a configuration

recommendation is similarly impoverished — the engineer’s judgment operates on whether the diagnosis

is correct, and without the diagnosis she has no basis for that evaluation. The artifact’s job is to make

the system’s reasoning legible at the level where human judgment is most productive, which is rarely

the level of final outputs.

This observation cuts against a dominant tendency in AI system design, where optimizing for

end-to-end task performance is the primary objective and the legibility of intermediate steps is a

secondary concern at best. End-to-end training rewards correct final outputs regardless of whether

the path to those outputs is inspectable; it can produce systems that are highly accurate and completely

opaque in the same stroke. A system that achieves 90% accuracy through an inaccessible route may be

less useful in practice than one that achieves 85% accuracy through a process the human can follow,

correct, and learn from. Evaluation frameworks that do not measure the quality of intermediate artifacts

will systematically undervalue the design choices that make reasoning layers work.

6.2.2 Opacity Is a System Failure, Not a Design Trade-off

In each of the five projects, the point at which mediation failed was the point at which the

system’s reasoning became inaccessible. Before the Sustainflatable design tool existed, the system’s

behavior was physically determined but epistemically invisible: a designer could assemble a correct

configuration and have no way to predict when it would actuate or how sensitive it was to environmental

variation. In In-Situ Presenter, misalignment between the semantic representation and the presenter’s

intent was observable in the video feed’s behavior but not diagnosable, because the representation

driving that behavior was never surfaced. In Case 4 of the PROMPTS evaluation, the agent optimized
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for the wrong objective because its constraint reasoning about memory capacity under the new topology

was not exposed at the level where the engineer could catch it; the compiler’s cross-compilation step

caught it instead, before hardware was wasted.

These failures share a structure. The system acts on a representation the human cannot see,

and the human has no way to judge whether that action was correct until after its consequences

arrive. Sarter and Woods documented this pattern in the Airbus A-320 context and called it automation

surprise: pilots caught off guard by systems that had taken actions they could not anticipate because

the systems’ internal reasoning was opaque. The same structure recurs across domains wherever

autonomous systems act on computed or inferred internal state, and the lesson from aviation — that

opacity produces not just usability problems but safety failures — holds in attenuated form well outside

cockpits.

Opacity is often treated as a design trade-off: transparency costs complexity, and some users

prefer a cleaner interface even at the price of inspectability. But from the perspective of the human

who must operate the system, opacity does not simplify anything. It transfers the complexity from the

interface into the user’s mental model: she must now maintain a representation of an opaque process

whose behavior she cannot observe or predict. The cost of transparency falls on the system designer,

once, at design time. The cost of opacity falls on every user, at every interaction, and compounds

whenever the system does something unexpected. Redistributing that cost toward users is not a design

trade-off; it is a design failure whose consequences are deferred.
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6.2.3 The Human Role That Reasoning Layers Preserve

Each project reassigns the labor distribution between human and system without reassigning the

judgment. Surface I/O reduces the labor of learning an input vocabulary; the user still decides what

to do. Motionless Movement reduces the perceptual labor of interpreting force feedback; the user

still controls the force application. The Sustainflatable design tool reduces the computational labor

of reasoning about pneumatic physics; the designer still selects the configuration. In-Situ Presenter

reduces the manual labor of repositioning the video feed during a live talk; the presenter still controls

the content and pacing. PROMPTS reduces the analytical labor of trace reading and configuration

generation; the engineer still decides which configuration to deploy and why.

This consistent division reflects something real about where value resides in each workflow. The

work that gets offloaded to the system is work that is hard for humans because it requires processing

representations humans are poorly suited to process — physical equations, dense execution traces,

multimodal signal streams. The work that stays with the human is work that is hard for systems

because it requires understanding what the task is for, what counts as good enough in this context, and

what downstream consequences a given decision will have. That is not an arbitrary split; it reflects

genuine comparative advantage.

What is less obvious is that the division is fragile. A system that automates more of the pipeline

without keeping the intermediate artifacts legible does not just shift the labor distribution — it degrades

the human’s capacity to exercise the judgment that remains. An engineer who has never read a profiling

trace because PROMPTS has always decoded it for her loses the ability to tell when PROMPTS’s

diagnosis is wrong. A presenter who has never manually positioned her video feed cannot recover

gracefully when In-Situ Presenter misidentifies her intent. Preserving meaningful human agency in a
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reasoning-layer architecture requires more than leaving the human a formal role in the pipeline. The

intermediate artifacts must remain legible enough that she can exercise genuine judgment — including

judgment about whether to trust the system’s reasoning at all.

6.3 Limitations and Future Directions

6.3.1 Evaluation and Alignment of Agent Output

The evaluation frameworks across this dissertation are heterogeneous by necessity. Motionless

Movement uses controlled psychophysical experiments; the Sustainflatable design tool is evaluated

through design walkthroughs; In-Situ Presenter is evaluated against the ITalk-57 dataset; PROMPTS

is evaluated through production workload matching and expert annotation. Each method is appropriate

for its domain. None of them measures the legibility of intermediate artifacts directly, and the dissertation

does not provide a measurement procedure for legibility despite arguing for its importance. That gap

limits how far the claims can be generalized.

For agentic systems the problem is sharper. The 87.5% adoption rate for PROMPTS’s top

recommendation is evidence that its proposals are expert-aligned, but it says nothing about whether

the reasoning that led to those proposals was sound, or whether it would remain sound in the cases

where the proposal is wrong. An agent that reaches good conclusions through flawed reasoning is less

trustworthy than its accuracy rate suggests. Reinforcement learning from human feedback offers a

path toward more systematic alignment, but defining the reward signal for a diagnostic reasoning task

is not straightforward. Reasoning faithfulness, evidence grounding, and calibrated confidence are all

relevant properties, but none has a standard operationalization for open-ended diagnostic tasks. What

a smooth reward function for this kind of agent would look like is genuinely unclear.

132



PROMPTS’s knowledge base grows through manual addition of documents and cases but does

not update from the agent’s own operational experience. An agent that successfully diagnoses a novel

bottleneck type should be able to record that diagnosis as a reusable precedent. One whose proposal

fails compilation should update its constraint model for the topology involved. Engineers do this as

a matter of course: each optimization attempt updates their mental model of the configuration space.

PROMPTS does not close that loop automatically, and closing it raises questions that are not obvious

to answer. A failure case on a specific model-hardware combination may reflect a genuine general

constraint or an idiosyncratic interaction that should not propagate as a heuristic. An agent that updates

indiscriminately from its own outputs accumulates noise alongside signal. Distinguishing between a

case where the reasoning was correct and the proposal failed for unrelated reasons, a case where the

reasoning was wrong in a way the compiler caught, and a case where the reasoning was wrong in a way

that only became visible after deployment — each requires a different updating rule, and designing

those rules is non-trivial.

The longer-term question is knowledge base maintenance over time: as hardware generations

change the constraint landscape, as new model architectures introduce unfamiliar computational patterns,

and as old optimizations become outdated precedents, how should the knowledge base evolve? A static

base grows stale. One that grows without curation grows noisy. The right architecture for this problem

in a fast-moving production domain is open, and will matter more as these systems accumulate months

or years of deployment history.
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6.3.2 From Sharding to General Optimization

PROMPTS’s current scope is ICI-mesh sharding for TPU workloads, with batch size, rematerialization,

and compiler flags held fixed. That narrowing was a deliberate design choice: isolating one variable

makes the evaluation clean and the results interpretable. The framework is modular enough that

extending it to joint optimization requires adding knowledge modules rather than rebuilding the agents,

but the extension is not trivial. As the number of jointly optimized variables grows, so do the interactions

among them, and those interactions place demands on the knowledge base that the current document-

based representation may not support well.

Reasoning about sharding and batch size together requires the knowledge base to encode the

dependency between them: optimal batch size given a sharding configuration depends on the per-

device HBM capacity that sharding determines. Reasoning about rematerialization and compute-

bound-ness together requires encoding the trade-off between recomputation cost and memory savings

as a function of the current bottleneck type. These interactions are not intractable — experienced

engineers reason about them routinely as part of their mental model of the optimization space —

but encoding them in a form an agent can query reliably may require moving from a document

knowledge base toward a structured knowledge graph, where constraints and trade-offs are represented

as relationships rather than as passages in technical guides.

6.3.3 The Scope of DEXAS

DEXAS emerged from five projects in three domains, and its five principles describe requirements

that proved necessary across those domains. The dissertation does not claim they are sufficient for all

reasoning-layer applications, or equally relevant in every context. Embodied feedback coupling is most
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directly applicable to systems that interact with the sensorimotor loop; its extension to the cognitive

layer in PROMPTS is a meaningful adaptation, but it is an extension. Decoding is most relevant when

the system’s inputs are dense, domain-specific representations that require expert translation; it is less

central when users are already working at a high level of abstraction.

More broadly, DEXAS describes properties of the mediating layer, not of the full human-system

relationship over time. It says nothing about trust calibration: how a user develops appropriate

confidence in a reasoning layer’s outputs, and how that confidence should update when the system

fails in ways the user did not anticipate. It says nothing about skill maintenance: whether users

who rely on reasoning layers for translation tasks retain the ability to perform those tasks without

assistance, and under what conditions that dependency becomes a vulnerability. It says nothing

about accountability: who is responsible when a reasoning layer’s recommendation leads to a bad

outcome in a high-stakes setting. These are not peripheral concerns. They are the questions that will

determine whether reasoning layers are deployed well or poorly as they become more capable and

more consequential, and the current work was not positioned to answer them.

6.4 Closing

The problem this dissertation started from — that experts are consumed by the translation

between what they are trying to do and what their systems need from them — is not new. It appears

whenever the representations a system operates on and the representations a human reasons with are

mismatched in scale, vocabulary, or level of abstraction. It appeared in early HCI, where command-

line interfaces required users to learn formal syntax with no natural relationship to their goals. It

appeared in the automation surprise literature, where pilots found that the systems they trusted were
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acting on internal state they could not observe. It appears in contemporary ML engineering, where

the gap between a researcher’s intent and the configuration decisions that implement it has become a

significant rate limiter on what the field can build.

What has changed is not the problem but the available tools. Language models that can synthesize

domain knowledge into structured diagnoses, multimodal architectures that can unify heterogeneous

signals into shared semantic representations, simulation environments that can render physical dynamics

inspectable at the level of a designer’s judgment — these make reasoning layers buildable in ways

they were not a decade ago. The question has shifted from whether to build them to how: with what

architecture, against what evaluation criteria, and with what account of the human role they are meant

to support rather than replace.

DEXAS is a first attempt at a systematic answer to that how question. Its five principles name

requirements that proved necessary across the projects in this dissertation, derived empirically from

cases where mediation worked and cases where it did not. PROMPTS is a demonstration that all

five can be instantiated simultaneously in a domain where the cost of not doing so is measurable in

engineering hours and hardware utilization rates. Neither DEXAS nor PROMPTS is the last word.

DEXAS is a framework built from five cases, and five cases do not settle what an adequate general

theory would require. PROMPTS solves one well-scoped problem in a fast-moving domain, and the

solutions that work for ICI-mesh sharding on TPUs will not translate unchanged to the next problem.

What the dissertation does establish is a way of framing the problem that makes it harder to

avoid. A reasoning layer is not a solution to the human middleware problem. It is an acknowledgment

that the problem is real, and a commitment to building systems that address it — that surface their

intermediate reasoning rather than hiding it, that couple their outputs to the human’s judgment rather

than bypassing it, and that extend their capabilities through knowledge rather than through architectural
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opacity. Whether that commitment holds as the systems become more capable, the reasoning layers

thicker, and the human’s window into them narrower — that is the question the work is designed to

make unavoidable.

137



Bibliography

[1] Pattie Maes, Ben Shneiderman, and Jim Miller. Intelligent software agents vs. user-controlled
direct manipulation: a debate. In CHI’97 Extended Abstracts on Human Factors in Computing
Systems, pages 105–106. 1997.

[2] Yuran Ding, Nihar Sabnis, and Paul Strohmeier. Motionless movement: Towards vibrotactile
kinesthetic displays. In Proceedings of the 2024 CHI Conference on Human Factors in
Computing Systems, pages 1–16, 2024.

[3] Yuran Ding, Craig Shultz, and Chris Harrison. Surface i/o: Creating devices with functional
surface geometry for haptics and user input. In Proceedings of the 2023 CHI Conference on
Human Factors in Computing Systems, pages 1–22, 2023.

[4] Susan J Lederman and Roberta L Klatzky. Extracting object properties through haptic
exploration. Acta psychologica, 84(1):29–40, 1993.

[5] Susan J Lederman and Roberta L Klatzky. Hand movements: A window into haptic object
recognition. Cognitive Psychology, 19(3):342–368, July 1987.

[6] S. J. Lederman and R. L. Klatzky. Haptic perception: A tutorial. Attention, Perception, &
Psychophysics, 71(7):1439–1459, October 2009.

[7] Don Norman. The design of everyday things: Revised and expanded edition. Basic books, 2013.

[8] Peter-Paul Verbeek. What things do: Philosophical reflections on technology, agency, and
design. Penn State Press, 2005.

[9] Don Ihde. Philosophy of technology. In Philosophical problems today: World and worldhood,
pages 91–108. Springer, 2004.
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