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Retrieval networks learn a feature embedding where similar samples are close

together, and different samples are far apart. This feature embedding is essential

for computer vision applications such as face/person recognition, zero-shot learn-

ing, and image retrieval. Despite these important applications, retrieval networks

are less popular compared to classification networks due to multiple reasons: (1)

The cross-entropy loss – used with classification networks – is stabler and converges

faster compared to metric learning losses – used with retrieval networks. (2) The

cross-entropy loss has a huge toolbox of utilities and extensions. For instance, both

AdaCos and self-knowledge distillation have been proposed to tackle low sample

complexity in classification networks; also, both CAM and Grad-CAM have been

proposed to visualize attention in classification networks. To promote retrieval net-

works, it is important to equip them with an equally powerful toolbox. Accordingly,

we propose an evolution-inspired approach to tackle low sample complexity in fea-

ture embedding. Then, we propose SVMax to regularize the feature embedding and

avoid model collapse. Furthermore, we propose L2-CAF to visualize attention in



retrieval networks.

To tackle low sample complexity, we propose an evolution-inspired training ap-

proach to boost performance on relatively small datasets. The knowledge evolution

(KE) approach splits a deep network into two hypotheses: the fit-hypothesis and

the reset-hypothesis. We iteratively evolve the knowledge inside the fit-hypothesis

by perturbing the reset-hypothesis for multiple generations. This approach not only

boosts performance but also learns a slim (pruned) network with a smaller inference

cost. KE reduces both overfitting and the burden for data collection.

To regularize the feature embedding and avoid model collapse, We propose

singular value maximization (SVMax) to promote a uniform feature embedding.

Our formulation mitigates model collapse and enables larger learning rates. SV-

Max is oblivious to both the input-class (labels) and the sampling strategy. Thus it

promotes a uniform feature embedding in both supervised and unsupervised learn-

ing. Furthermore, we present a mathematical analysis of the mean singular value’s

lower and upper bounds. This analysis makes tuning the SVMax’s balancing-

hyperparameter easier when the feature embedding is normalized to the unit circle.

To support retrieval networks with a visualization tool, we formulate attention

visualization as a constrained optimization problem. We leverage the unit L2-Norm

constraint as an attention filter (L2-CAF) to localize attention in both classifica-

tion and retrieval networks. This approach imposes no constraints on the network

architecture besides having a convolution layer. The input can be a regular image

or a pre-extracted convolutional feature. The network output can be logits trained

with cross-entropy or a space embedding trained with a ranking loss. Furthermore,



this approach neither changes the original network weights nor requires fine-tuning.

Thus, network performance remains intact. The visualization filter is applied only

when an attention map is required. Thus, it poses no computational overhead dur-

ing inference. L2-CAF visualizes the attention of the last convolutional layer of

GoogLeNet within 0.3 seconds.

Finally, we propose a compromise between retrieval and classification net-

works. We propose a simple, yet effective, two-head architecture — a network with

both logits and feature-embedding heads. The embedding head — trained with a

ranking loss — limits the overfitting capabilities of the cross-entropy loss by pro-

moting a smooth embedding space. In our work, we leverage the semi-hard triplet

loss to allow a dynamic number of modes per class, which is vital when working

with imbalanced data. Also, we refute a common assumption that training with a

ranking loss is computationally expensive. By moving both the triplet loss sampling

and computation to the GPU, the training time increases by just 2%.
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Chapter 1: Introduction

Many computer vision applications can be formulated as a classification prob-

lem – e.g., object recognition, semantic segmentation, and pose estimation. This

drives a lot of attention to the cross-entropy loss. However, classification networks,

with their logits output, has a number of limitations: (1) Classification networks suf-

fer with unseen classes because cross-entropy assumes a fixed number of logits, i.e.,

a closed-set recognition; (2) Classification networks suffers with nearest neighbor

retrieval because cross-entropy promotes neither intra-class compactness nor inter-

class margin-maximization. Retrieval networks can mitigate the aforementioned

limitations. Unfortunately, retrieval networks have their own limitations.

During training, a retrieval network leverage a metric learning (ranking) loss.

Compared to cross-entropy, a ranking loss converges slower and its performance is

highly dependent on the mini-batch sampling procedure (e.g., semi-hard vs hard

mining). Proxy-based [65, 90] and Average-precision-based [6, 108] losses promise

a faster convergence rate. Yet, retrieval networks still miss the extensive toolbox

available for classification networks – tools for low sample complexity, regulariza-

tion, visualization, and imbalance training dataset. In this thesis, we close the gap

between classification and retrieval networks by proposing the following three tools:
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1. A classification network has a toolbox for low sample complexity,e.g., class-

wise knowledge-distillation [153] and Label-smoothing [91]. For retrieval net-

works, we propose a knowledge evolution (KE) training approach. KE split

a network into two hypotheses (subnetworks): he fit-hypothesis H4 and the

reset-hypothesis HO. These hypotheses are outlined by a binary mask M ; 1 for

H4 and 0 for HO, i.e., H4 = MN and HO = (1−M)N . We iteratively evolve

the knowledge inside the H4 by perturbing the HO for multiple generations.

This approach not only boosts performance, but also reduces inference cost.

On the CUB-200 retrieval dataset, KE boosts recall@1 by an absolute 5%; on

the CAR-196 retrieval dataset, KE boosts recall@1 by an absolute 27%. This

performance improvement is accompanied by a relative 35% reduction in in-

ference cost. Furthermore, we show that KE supports classification networks

as well.

2. A classification network has a toolbox for regularization,e.g., AdaCos [162]

and Virtual Softmax [13]. For retrieval networks, we propose SVMax as a fea-

ture embedding regular. We observe that singular values, from singular value

decomposition, provide insights about the feature embedding structure. For

a feature embedding in Rd, maximizing the mean singular value (
∑d

1 si = sµ)

promotes data dispersion across all dimensions, i.e., a uniform embedding. We

further observe that sµ has lower and upper bounds. Through these bounds,

the hyperparameter tuning of SVMax is straightforward as it depends on the

range of the loss function only. The SVMax regularizer supports both super-
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vised and unsupervised learning.

3. A classification network has a toolbox for visualization,e.g., CAM [164] and

Grad-CAM [120]. For retrieval networks, we leverage the L2-Norm (||.||2)

constraint as an attention visualization filter (L2-CAF). The main idea is to

consider the attention heatmap as a filter f that passes key image regions

and blocks irrelevant regions. With this in mind, we apply the filter f to

the last convolutional layer A, using Hadamard multiplication A
⊙

f = A′ ∈

Rw×h×k, and optimize f using stochastic gradient descent. The optimization

objective is to minimize the difference between the original network output

and the filtered output, i.e., ||NT (x)−FT (x, f)||2. To avoid a trivial solution

and emphasize key image regions, the optimization problem is subject to the

constraint ||f ||2 = 1. Unlike related literature, this approach works for a

large spectrum of neural networks. Furthermore, L2-CAF scales efficiently

to 3D volumes – videos and medical images. It does not require fine-tuning

or increase computational cost during inference. The proposed optimization

problem is small (e.g., ∈ R7×7), and the filter f converges on GoogLeNet

within ≈ 0.3 seconds.

In the last part of this thesis, we propose a simple, yet efficient, modification

to standard classification architectures. We introduce a two-head architecture that

generates both class logits and feature embedding. The cross-entropy and triplet

loss are applied to the logits and embedding head, respectively. The triplet loss

promotes class compactness and inter-class margin maximization. These objectives
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regularize the feature embedding learned by the logits head. The two-head archi-

tecture neither requires a fixed number of embedding modes nor computes explicit

class representatives. Furthermore, the two-head architecture outperforms related

baselines, yet, its key advantage is simplicity. This advantage is essential to promote

the two-head architecture usability. Our proposal requires a single fully connected

layer and increases the training time by ≈ 2%. With an embedding head, we enable

compact feature embedding, boost classification performance and bring retrieval ca-

pabilities to standard architectures.
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Chapter 2: Knowledge Evolution in Neural Networks

Deep learning relies on the availability of a large corpus of data (labeled or

unlabeled). Thus, one challenging unsettled question is how to train a deep network

on a relatively small dataset? To tackle this question, we propose an evolution-

inspired training approach to boost performance on relatively small datasets. The

knowledge evolution approach splits a deep network into two hypotheses: the fit-

hypothesis and the reset-hypothesis. We iteratively evolve the knowledge inside

the fit-hypothesis by perturbing the reset-hypothesis for multiple generations. This

approach not only boosts performance, but also learns a slim (pruned) network with

a smaller inference cost.

We evaluate the knowledge evolution (KE) approach on various network ar-

chitectures and loss functions. We evaluate KE using relatively small datasets (e.g.,

CUB-200) and randomly initialized deep networks. KE achieves an absolute 21%

improvement margin on a state-of-the-art baseline. This performance improvement

is accompanied by a relative 73% reduction in inference cost. KE achieves state-of-

the-art results on classification and metric learning benchmarks. Code available at

http://bit.ly/3uLgwYb
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Figure 2.1: Classification performance on Flower-102 (FLW) and CUB-200 (CUB)
datasets trained on a randomly initialized ResNet18. The horizontal dashed-lines
denote a SOTA cross-entropy (CE) baseline [153]. The marked-curves show our
approach (KE) performance across generations. The 100th generation KE-N100

achieves absolute 21% and 5% improvement margins over the Flower-102 and CUB-
200 baselines, respectively.

2.1 Introduction

Gene transfer is the transfer of genetic information from a parent to its off-

spring. Genes encode genetic instructions (knowledge) from ancestors to descen-

dants. The ancestors do not necessarily have better knowledge; yet, the evolution of

knowledge across generations promotes a better learning curve for the descendants.

In this paper, we strive to replicate this process for deep networks. We encap-

sulate a deep network’s knowledge inside a subnetwork, dubbed the fit-hypothesis

H4. Then, we pass the fit-hypothesis’s knowledge from a parent network to its

offspring (next deep network generation). We repeat this process iteratively and

demonstrate a significant performance improvement in the descendant networks as

shown in Fig. 2.1.
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GAP

Figure 2.2: A split network illustration using a toy residual network. (Left) A con-
volutional filter F with Ci = 3 input, Co = 4 output channels, and 2D kernels (e.g.,
π ∈ R3×3). (Center-Right) A toy residual network N with a three-channel input
(e.g., RGB image) and a five-logit output (C = 5). GAP denotes a global average
pooling layer while

⊕
denotes the add operation. We split N into a fit-hypothesis

H4 (dark-blue) and a reset-hypothesis HO (light-gray). The fit-hypothesis H4 is a
slim network that can be extracted from the dense network N to perform inference
efficiently.

The lottery ticket literature [31, 165, 89, 107, 35] regards a dense network

as a set of hypotheses (subnetworks). Zhou et al. [165] propose a sampling-based

approach, while Ramanujan et al. [107] propose an optimization-based approach,

to identify the best randomly-initialized hypothesis. This hypothesis may be called

the lottery ticket, but it is still limited by its random initialization. In this paper,

we pick a random hypothesis, with inferior performance, and iteratively evolve its

knowledge.

The main contribution of this paper is an evolution-inspired training approach.

To evolve knowledge inside a deep network, we split the network into two hypothe-

ses (subnetworks): the fit-hypothesis H4 and the reset hypothesis HO as shown

in Fig. 2.2. We evolve the knowledge inside H4 by re-training the network for mul-

tiple generations. For every new generation, we perturb the weights inside HO to

encourage the H4 to learn an independent representation. This knowledge evolu-

tion approach boosts performance on relatively small datasets and promotes a better
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learning curve for descendant networks. Our intuitions are presented in Sec. 2.3.3

and empirically validated in Sec. 2.5.

The knowledge evolution (KE) approach requires network-splitting. If we split

the weights of a neural network into two hypotheses (H4 and HO) randomly, KE

will boost performance. This emphasizes the generality of our approach. Further-

more, we propose a kernel-level convolutional-aware splitting (KELS) technique to

reduce inference cost. KELS is a splitting technique tailored for convolutional neural

networks (CNNs). KELS splits a CNN such that the fit-hypothesis H4 is a slim

independent network with a smaller inference cost as shown in Fig. 2.2. The KELS

technique supports both vanilla CNNs (AlexNet and VGG) and modern residual

networks.

KE supports various network architectures and loss functions. KE integrates

seamlessly with other regularization techniques (e.g., label smoothing). While KE

increases the training time, the KELS technique reduces the inference cost signif-

icantly. Most importantly, KE mitigates overfitting on relatively small datasets,

which in turn reduces the burden for data collection. Our community takes natural

images for granted because they are available publicly. However, for certain appli-

cations, such as autonomous navigation and medical imaging, the data collection

process is expensive even when labeling is not required.

In summary, the key contributions of this paper are:

1. A training approach, knowledge evolution (KE), that boosts the performance

of deep networks on relatively small datasets (Sec. 2.3.1). We evaluate KE
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using both classification (Sec. 2.4.1) and metric learning (Sec. 2.4.2) tasks.

KE achieves SOTA results.

2. A network splitting technique, KELS, which learns a slim network automat-

ically while training a deep network (Sec. 2.3.2). KELS supports a large

spectrum of CNNs and introduces neither hyperparameters nor regulariza-

tion terms. Our ablation studies (Sec. 2.5) demonstrate how KELS reduces

inference cost significantly.

2.2 Related Work

This section compares knowledge evolution (KE) with two prominent training

approaches: Born-Again Networks (BANs) [34] and Dense-Sparse-Dense (DSD) [42].

DSD [42] starts with a dense-phase to learn connections’ weights and impor-

tance. Then, the sparse-phase prunes the unimportant connections and resumes

training given a sparsity constraint. The final dense-phase removes the sparsity

constraint, re-initializes the pruned connections, and trains the entire dense net-

work. KE differs from DSD in multiple ways: (1) DSD masks (prunes) individual

weights, while KE masks complete convolution kernels. Thus, DSD delivers dense

networks, while KE delivers both dense and slim networks. (2) KE introduces the

idea of a fit-hypothesis to encapsulate a network’s knowledge and to evolve this

knowledge across generations.

BANs [34] is a knowledge-distillation based approach. Similar to KE, BANs

trains the same architecture iteratively. However, to transfer knowledge between
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successive networks, BANs uses the class-logits distribution, while KE uses the

networks’ weights. This explains why BANs uses the teacher-student terminology

while KE uses the parent-sibling terminology. This difference is important because

(1) training a teacher network, which teaches future students, requires a large cor-

pus of data (labeled or not). In contrast, KE acknowledges the deficiency of a

parent network trained on a small dataset; (2) BANs randomly initializes student

networks while KE leverages the knowledge of a parent network to initialize the next

generation.

We distance our work from neural architecture search (NAS) literature [167, 79]

such as Neural Rejuvenation [103] and MorphNet [37]. We assume the network’s

connections and the number of parameters are fixed.

2.3 Knowledge Evolution

In this section, we present (1) the knowledge evolution (KE) approach (Sec. 2.3.1),

(2) various network-splitting techniques (Sec. 2.3.2), (3) intuitions behind KE (Sec. 2.3.3),

and (4) how we evaluate KE (Sec. 2.3.4).

2.3.1 The Knowledge Evolution Training Approach

We first introduce our notation. We assume a deep network N with L layers.

The network N has convolutional filters F , batch norm Z, and fully connected layers

with weight W , bias B terms.

The Knowledge evolution (KE) approach starts by conceptually splitting the
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deep network N into two exclusive hypotheses (subnetworks): the fit-hypothesis H4

and the reset-hypothesis HO as shown in Fig. 2.2. These hypotheses are outlined by

a binary mask M ; 1 for H4 and 0 for HO, i.e., H4 = MN and HO = (1−M)N . We

present various splitting techniques in Sec. 2.3.2. After outlining the hypotheses, the

network N is initialized randomly, i.e., both H4 and HO are initialized randomly.

We train N for e epochs and refer to the trained network as the first generation N1,

where H41 = MN1 and HO
1 = (1−M)N1.

To learn a better network (the next generation), we (1) re-initialize the

network N using H41 , then (2) re-train N to learn N2. First, the network N is

re-initialized using the convolutional filters F and weights W in the fit-hypothesis

H41 from N1, while the rest of the network (HO) is initialized randomly. Formally,

we re-initialize each layer l, using Hadamard product, as follows

Fl = MlFl + (1−Ml)F
r
l , (2.1)

where Fl is a convolutional filter at layer l, Ml is the corresponding binary mask

and F r
l is a randomly initialized tensor. These three tensors (Fl, F

r
l , and Ml) have

the same size (∈ RCo×κ×κ×Ci). F r
l is initialized using the default initialization dis-

tribution. For example, PyTorch uses Kaiming uniform [43] for convolution layers.

Similarly, we re-initialize the weight Wl and bias Bl through their correspond-

ing binary masks. Modern architectures have bias terms in the single last fully

connected layer only (B ∈ RC). Thus, for these architectures, all bias terms belong

to the fit-hypothesis, i.e., B ⊂ H4. We transfer the learned batch norm Z across
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Figure 2.3: The KELS technique for CNNs. Given a split-rate sr and a convolutional
filter Fl at a layer l, the binary split-mask Ml outlines the first dsr × Cie kernels
inside the first dsr × Coe filters. In this example, Co = Ci = 4 and sr = 0.5.
Through KELS, the binary mask M outlines the fit-hypothesis H4 such that it is a
slim network inside a dense network. The slim network H4 is equivalent to a dense
network with (1− s2

r) sparsity.

generations without randomization.

After re-initialization, we re-train N for e epochs to learn the second genera-

tion N2. To learn better networks, we repeatedly re-initialize and re-train N for

g generations. Basically, we transfer knowledge (convolutional filters and weights)

from one generation to the next through the fit-hypothesis H4. It is important

to note that (1) the contribution of a network-generation ends immediately-after

initializing the next generation, i.e., each generation is trained independently, (2)

After training a new generation, the weights inside both hypotheses change, i.e.,

H41 6= H42 and HO
1 6= HO

2 , and (3) all network generations are trained using the

exact hyperparameters, i.e., same number of epochs, optimizer, etc.

2.3.2 Split-Networks

We support KE with two network-splitting techniques: (1) a simple technique

to highlight the generality of KE, and (2) an efficient technique for CNNs.

The simple technique is the weight-level splitting (WELS) technique. For

every layer l, a binary mask Ml splits l into two exclusive parts: the fit-hypothesis
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Algorithm 1: The KE training approach splits a dense network N , with L
layers, into fit and reset hypotheses using a split-rate sr and a binary mask
M . Then, KE trains N for g generations. The network N has convolutional
filters F , weight W , bias B, and batch norm Z. We assume a single fully
connected layer for simplicity.

Result: Both a dense network Ng and a slim network H4g outlined by the split mask M
/* Set the split masks M for conv and FC layers once and for all. */

1 for layer l to L do
2 if is conv(l) then
3 Co, κ, , Ci = Fl.shape;
4 Ml = zeros((Co, κ, κ, Ci));
5 if Ci == 3 then
6 Ml[: Co × sr, :, :, :] = 1 ; // First conv

7 else
8 Ml[: Co × sr, :, :, : Ci × sr] = 1;
9 end

10 else if is fc(l) then
11 Co, Ci = Wl.shape; // Co=C
12 Ml = zeros((Co, Ci));
13 Ml[:, : Ci × sr] = 1;

14 end

15 end
16 W,B,Z, F are initialized randomly;
17 for generation i to g do
18 Ni ← Train N for e epochs; // Learn W,B,Z,F

19 for layer l to L do
20 if is conv(l) then
21 F rl = rand(Fl.shape);
22 Fl = MlFl + (1−Ml)F

r
l ;

23 else if is fc(l) then
24 W r

l = rand(Wl.shape);
25 Wl = MlWl + (1−Ml)W

r
l ;

26 end

27 end

28 end

H4 and the reset-hypothesis HO. Given a split-rate 0 < sr < 1, we randomly

split the weights Wl ∈ R|Wl| using the mask Ml ∈ {0, 1}|Wl|, where |Wl| is the

number of weights inside layer l and sum(Ml) = sr × |Wl|. The WELS technique

supports a large spectrum of layers – fully connected, convolution, recurrent, and

graph convolution. This highlights the generality of KE.

Through WELS, KE boosts the network performance across generations. How-

ever, WELS does not benefit from the connectivity of CNNs. Thus, we propose a

splitting technique that not only boosts performance but also reduces inference cost

for relatively small datasets. We leverage the CNNs’ connectivity and outline the
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fit-hypothesis H4 such that it is a slim (pruned) network as shown in Fig. 2.2. In-

stead of masking individual weights, we mask kernels, i.e., kernel-level convolutional-

aware splitting (KELS) technique. Given a split-rate sr and a convolutional filter

Fl ∈ RCo×κ×κ×Ci , KELS outlines the fit-hypothesis to include the first dsr × Cie ker-

nels inside the first dsr × Coe filters as shown in Fig. 2.3. KELS guarantees match-

ing dimensions between consequence convolutional filters. Thus, KELS integrates

seamlessly in both vanilla CNNs (AlexNet and VGG) and modern architectures with

residual links.

For relatively small datasets, the performance of the slim fit-hypothesis H4

reaches the performance of the dense network N . In these cases, H4 not only deliv-

ers the dense network’s performance but also reduces the inference cost. Through

KELS, the slim H4 runs on general purpose hardware, i.e., neither sparse BLAS

libraries nor specialized hardware [41] is required. Given a split rate sr, KELS de-

livers a slim H4 that is equivalent to a dense network N with approximately (1−s2
r)

sparsity. It is approximate because the network’s end-points have sr sparsity. The

first convolutional layer operates on all input channels (e.g., RGB) and fully con-

nected layers have sr sparsity. Algorithm 1 summarizes KE while applying the

KELS technique.

2.3.3 Knowledge Evolution Intuitions

To understand KE, we give two complementary intuitions. These intuitions

do not require the KELS technique. We use KELS for visualization purpose only
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Figure 2.4: Split-Nets vs Dropout: The reset-hypothesis HO and dead neurons are
highlighted in gray, while the fit-hypothesis H4 and “alive” neurons are highlighted
in blue.

Res-NetsSplit-Nets

identity

Figure 2.5: Split-Nets vs Res-Nets: Res-Nets split a network into an identity short-
cut (blue) and a residual subnetwork R(x). Split-Nets split a network into a fit-
hypothesis H4 (blue) and a reset-hypothesis HO. By splitting a network into two
branches, Res-Net and Split-Net enable a zero-mapping in one of these branches
(R(x) and HO) while keeping the network’s depth intact.

(e.g., Fig. 2.4). We empirically validate these intuitions in Sec. 2.5.

Intuition #1: Dropout

Dropout [126] randomly drops neurons during training as shown in Fig. 2.4. This

encourages neurons to rely less on each other and to learn independent represen-

tations [21]. In KE, we drop the reset-hypothesis HO during re-initialization by

randomly initializing HO before every generation. This encourages H4 to rely less

on HO and to learn an independent representation. We validate this intuition by

evaluating the performance of the slim H4 across generations. We observe that the

performance of H4 increases as the number of generations increases.

Intuition #2: Residual Network

Res-Nets set the default mapping, between consecutive layers, to the identity as
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shown in Fig. 2.5. Yet, from a different perspective, Res-Nets enable a zero-mapping

in some subnetworks (residual links) without limiting the network’s capacity [140,

147]. Similarly, KE enables a zero-mapping in the reset-hypothesis HO by re-using

the fit-hypothesis H4 across generations. After the first generation N1, H4 is

always closer to convergence compared to HO that contains random values. Thus,

KE encourages new generations to evolve the previous-generations’ knowledge inside

the fit-hypothesis H4 and suppress HO.

We validate this intuition by measuring the mean absolute value inside both

hypotheses. We observe that H4 and HO have comparable mean values at the first

generation N1. However, as the number of generations increases, the mean absolute

value inside H4 increases and HO decreases. This supports our claim that KE

promotes a zero-mapping inside the reset-hypothesis HO.

Please note that Split-Nets have one degree of freedom that Res-Nets omit.

Through the split-rate sr, we control the size of the fit and reset hypotheses (H4

and HO). If the training data is abundant, a large split-rate is better where a Split-

Net reverts into a dense Res-Net. However, for relatively small datasets, a small

split-rate sr significantly reduces the inference cost while improving performance.

2.3.4 Evaluation Tasks

We evaluate KE using two supervised tasks: (1) classification and (2) metric

learning. The performance of deep networks on small datasets is studied extensively

using the classification task [132, 99, 26, 13, 91, 149, 156, 162, 153]. Thus, the
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Figure 2.6: Triplet loss tuple (anchor, positive, negative) and margin m. The (h)ard,
(s)emi-hard, and (e)asy negatives are highlighted in black, gray, and white.

classification task provides a rigorous performance benchmark. The metric learning

evaluation highlights the flexibility of our approach and shows the generality of KE

beyond mainstream literature that requires class logits.

We benchmark KE using both the cross-entropy and the triplet loss. We use

these loss functions because most supervised tasks employ one of them.

Cross-Entropy (CE) Loss: We denote x ∈ X as an input and y ∈ Y = {1, ...,C}

as its ground-truth label. For a classification network N , CE is defined as follows

CE(x,y) = − log
exp (N(x; y))∑C
i=1 exp (N(x; i))

, (2.2)

where N(x; y) denotes the output logit for class y given x.

Triplet Loss: A metric learning network learns an embedding where samples from

the same class are close together, while samples from different classes are far apart.

To train a metric learning network, we leverage triplet loss for its simplicity and

efficiency. Triplet loss is defined as follows

TL(a,p,n)∈T = [(Da,p −Da,n +m)]+, (2.3)
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where [•]+ = max (0, •), m is the margin between classes. Dx1,x2 = D(N(x1), N(x2));

N(•) and D(, ) are the network’s output-embedding and Euclidean distance, respec-

tively. In Eq. 2.3, a, p, and n are the anchor, positive, and negative images in a

triplet (a, p, n) from the triplets set T .

The performance of triplet loss relies heavily on the sampling strategy. Since

we train randomly initialized networks, we leverage the semi-hard sampling strategy

for its stability [118, 135]. In semi-hard negative sampling, instead of picking the

hardest positive-negative samples, all anchor-positive pairs and their corresponding

semi-hard negatives are considered. Semi-hard negatives are further away from

the anchor than the positive exemplar yet within the banned margin m as shown

in Fig. 2.6. Semi-hard negatives (n) satisfy Eq. 2.4

Da,p < Da,n < Da,p +m. (2.4)

2.4 Experiments

In this section, we evaluate KE using classification and metric learning tasks.

2.4.1 Knowledge Evolution on Classification

Datasets: We evaluate KE using five datasets: Flower-102 [92], CUB-200-2011 [142],

FGVC-Aircraft [85], MIT67 [104], and Stanford-Dogs [63]. Table 2.1 summarizes

the datasets’ statistics.

Technical Details: We evaluate KE using two architectures: ResNet18 [44, 45] and
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Table 2.1: Statistics of five classification datasets and their corresponding train,
validation, and test splits.

C Trn Val Tst Total

Flower-102 [92] 102 1020 1020 6149 8189
CUB-200 [142] 200 5994 N/A 5794 11788
Aircraft [85] 100 3334 3333 3333 10000
MIT67 [104] 67 5360 N/A 1340 6700
Stanford-Dogs [63] 120 12000 N/A 8580 20580

DenseNet169 [58]. These architectures demonstrate the efficiency of KE on modern

architectures. All networks are initialized randomly and optimized by stochastic

gradient descent (SGD) with momentum 0.9 and weight decay 1e-4. We use cosine

learning rate decay [82] with an initial learning rate lr = 0.256. We use batch size

b = 32 and train N for e = 200 epochs. We use the standard data augmentation

technique, i.e., flipping and random cropping. For simplicity, we use the same

training settings (lr, b, e) for all generations. We report the network accuracy at the

last training epoch, i.e., no early stopping.

Baselines: We benchmark KE using the cross-entropy (CE), label-smoothing (Smth)

regularizer [91, 132], RePr [102], CS-KD [153], AdaCos [162], Dense-Sparse-Dense

(DSD) [42], and Born Again Networks (BANs) [34] introduced in Sec. 2.2:

• DSD determines the duration of each training phase (# epochs) using the

loss-convergence criterion. For small datasets, the loss converges rapidly to

zero and some datasets do not have validation splits (see Table 2.1). So, we

use e = 200, e = 100, and e = 100 epochs for the dense, sparse, dense phases,

respectively. We prune each layer to the default 30% sparsity.

• AdaCos maximizes the inter-class angular margin by dynamically scaling

the cosine similarities between training samples and their corresponding class
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Table 2.2: Quantitative classification evaluation (Top-1 ↑) using ResNet18 with
KELS. Ng denotes the performance of the gth network generation. The first genera-
tion N1 is both a baseline and a starting point for KE. As the number of generations
increases, KE boosts performance.

Method Flower CUB Aircraft MIT Dog

CE + AdaCos 55.45 62.48 57.06 56.25 65.34
CE + RePr 41.90 42.88 39.43 46.94 50.39
CE + DSD 51.39 53.00 57.24 53.21 63.58
CE + BANs-N10 48.53 53.71 53.19 55.65 64.16
CE (N1) 48.48 53.57 51.28 55.28 63.83
CE + KE-N3 (ours) 52.53 56.73 52.53 57.44 64.28
CE + KE-N10 (ours) 56.15 58.11 53.21 58.33 64.56

Smth (N1) 50.97 59.75 55.00 57.74 65.95
Smth + KE-N3 (ours) 56.87 62.88 57.47 58.78 66.91
Smth + KE-N10 (ours) 62.56 66.85 60.03 60.42 67.06

CS-KD (N1) 55.10 67.71 58.15 57.37 69.60
CS-KD + KE-N3 (ours) 61.74 71.63 59.97 58.41 70.62
CS-KD + KE-N10 (ours) 69.88 73.39 59.08 57.96 70.81

center. Thus, AdaCos is a hyperparameter-free feature embedding regularizer.

• CS-KD is a knowledge distillation inspired approach that achieves state-of-

the-art performance on small datasets. It distills the logits distribution be-

tween different samples from the same class. Thus, it mitigates overconfident

predictions and reduces intra-class variations. We set CS-KD’s hyperparame-

ters T = 4 and λcls = 3 in all experiments.

• RePr is similar to DSD, but instead of pruning weights, RePr prunes re-

dundant convolutional filters. Prakash et al. [102] recommend repeating the

dense-sparse-dense phases three times. Since we train N for e = 200 epochs,

we set RePr’s hyperparameters S1 = 50 and S2 = 10. We use the default

sparsity rate (prune rate) p = 30%.

Results: Tables 2.2 and 2.3 present quantitative classification evaluation using

ResNet18 and DenseNet169, respectively. For ResNet18, we use a split-rate sr = 0.8
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Table 2.3: Quantitative evaluation using DenseNet169 with WELS.

Method Flower CUB Aircraft MIT Dog

CE + AdaCos 49.96 62.20 56.15 50.89 65.33
CE + RePr 39.75 47.01 36.04 49.77 55.63
CE + DSD 48.85 56.11 53.66 58.31 65.76
CE + BANs-N10 44.92 57.30 52.56 57.66 65.49
CE (N1) 45.85 55.16 51.73 56.62 64.82
CE + KE-N3 (ours) 52.44 57.75 56.70 59.67 67.06
CE + KE-N10 (ours) 60.15 58.01 59.73 58.71 67.75

Smth (N1) 46.34 59.93 57.74 57.81 65.12
Smth + KE-N3 (ours) 55.46 62.53 62.86 60.27 68.21
Smth + KE-N10 (ours) 64.18 61.34 65.86 59.75 67.46

CS-KD (N1) 46.97 67.32 58.87 56.62 69.83
CS-KD + KE-N3 (ours) 59.36 69.77 59.91 59.00 71.70
CS-KD + KE-N10 (ours) 65.27 70.36 61.22 57.44 70.72

and KELS, i.e., ≈ 36% sparsity. For DenseNet169, we use sr = 0.7 and WELS, i.e.,

30% sparsity. We report the performance of the dense network N because all base-

lines learn dense networks. In Sec. 2.5, we report the slim fit-hypothesis H4 perfor-

mance and inference cost. Tables 2.2 and 2.3 present the performance of the first

generation (N1) as a baseline, the third generation (N3) as the short-term benefit,

and the tenth-generation (N10) as the long-term benefit of KE.

A deeper network achieves higher accuracy when presented with enough train-

ing data. However, if the training data is scarce, a deeper network becomes vul-

nerable to overfitting. This explains why regularization techniques (e.g., AdaCos)

deliver competitive performance on the small ResNet18, but degrade on the large

DenseNet169. Interestingly, KE remains resilient on the large DenseNet169 and

delivers similar, if not superior, performance.

We applied KE on top of (1) the cross-entropy loss, (2) the label smoothing

(Smth) regularizer with its hyperparameter [91] α = 0.1, and (3) the CS-KD regu-

larizer. KE is flexible and boosts performance on each baseline. N3 outperforms N1

on all datasets. After reaching a peak, KE’s performance fluctuates. Thus, if N3
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outperforms N10 marginally, this indicates that KE reached its peak. In Fig. 2.1,

KE reached its peak on CUB-200 after 20 generations, then KE fluctuates for 80

generations without degrading.

Even though RePr seems similar to KE, the following caveat explains RePr’s

inferior performance. RePr ranks the redundant filters across the entire network, i.e.,

no per-layer ranking. Prakash et al. [102] report pruning more filters from deeper

layers when training on large datasets. Yet, RePr prunes many filters from earlier

layers when training on small datasets. The earlier layers get a small gradient

compared to deeper layers; and with small datasets, the earlier filters remain close

to their initialization, i.e., no significant difference between earlier filters. Pruning

earlier filters cripples the optimization process and achieves an inferior performance.

Another important difference between KE and RePr is how filters are re-

initialized. KE re-initializes the reset-hypothesis randomly. Thus, KE makes no

assumptions about the network architecture. In contrast, RePr is designed specifi-

cally for CNNs. RePr re-initializes the pruned filters to be orthogonal to both their

values before being dropped and the current value of non-pruned filters. RePr uses

the QR decomposition on the weights of the filters from the same layer to find the

null-space, that is used to find an orthogonal initialization point. Basically, RePr

stores the pruned filters to use them for re-initialization. This makes RePr more

complex compared to KE.

Similar to KE, The BANs training approach trains a network for multiple gen-

erations. However, BANs transfers knowledge through the class-logits distribution.

For small datasets, a teacher’s logits distribution resembles the ground-truth labels
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Table 2.4: Comparative evaluation between pretrained (CE + ImageNet) and ran-
domly initialized (CS-KD + KE) networks. The performance of CE + ImageNet
provides an upper-bound for KE.

Method Flower CUB Aircraft MIT Dog

ResNet18

CE + ImageNet 88.83 74.46 61.01 72.84 74.29
CS-KD + KE-N10 69.88 73.39 59.08 57.96 70.81

DenseNet169

CE + ImageNet 93.46 80.73 69.85 77.90 79.92
CS-KD + KE-N10 65.27 70.36 61.22 57.44 70.72

(one-hot vector) when the loss converges to zero. Thus, BANs achieves regular

cross-entropy performance even after training for 10 generations.

All previous experiments employ randomly initialized networks. Yet, pre-

trained networks achieve better performance on relatively small datasets. Table 2.4

highlights the performance gap between randomly initialized (CS-KD+KE) and Im-

ageNet initialized (CE+ImageNet) networks. The CE+ImageNet baseline provides

an upper bound. The CS-KD+KE baseline use KELS and sr = 0.8 with ResNet18,

and WELS and sr = 0.7 with DenseNet169, i.e., last rows in Tables 2.2 and 2.3. KE

closes the performance gap between randomly initialized and ImageNet initialized

networks significantly.

2.4.2 Knowledge Evolution on Metric Learning

Datasets: We evaluate KE using two standard metric learning datasets: CUB-200-

2011 [142], Stanford Cars196 [69].

Evaluation Metrics: For quantitative evaluation, we use the Recall@K metric and

Normalized Mutual Info (NMI) on the test split.
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Table 2.5: Quantitative retrieval evaluation using standard metric learning datasets
and architectures.

ResNet50 GoogLeNet

Datasets NMI R@1 R@4 NMI R@1 R@4

CUB (N1) 0.396 13.01 30.37 0.396 10.16 25.71
CUB + KE-N3 (ours) 0.424 17.22 36.14 0.418 13.94 33.78
CUB + KE-N10 (ours) 0.429 18.25 39.40 0.419 15.34 34.30

Cars (N1) 0.374 11.63 28.66 0.319 5.29 17.94
Cars + KE-N3 (ours) 0.514 34.28 60.25 0.476 24.98 50.06
Cars + KE-N10 (ours) 0.523 42.36 68.11 0.495 32.63 58.84

Technical Details: We use the same hyperparameters (e, lr scheduler) and op-

timizer used in the classification experiments. However, the feature embedding

∈ Rd=128 is normalized to the unit circle and we use a batch size b = 125. Each

mini-batch contains 25 different classes and 5 samples per class. We use a small

learning rate lr = 0.0256 to avoid large fluctuations in the feature embedding dur-

ing training.

Results: Table 2.5 presents a quantitative retrieval evaluation using two standard

metric learning architectures: ResNet50 [44, 45] and GoogLeNet [131]. We use a

split-rate sr = 0.8 and KELS with both architectures. As the number of generations

increases, the retrieval performance of the dense network increases. Through this

experiment, we highlight how KE supports a large spectrum of network architectures

and loss functions. Equipped with WELS, we expect KE to spread beyond CNNs.

It is straight forward to tweak WELS and impose a regular sparsity, as in KELS,

but for non CNNs.

Table 2.5 reports the retrieval performance using the dense network N . How-

ever, KELS delivers a slim H4 as well. Figures 2.7 and 2.8 present quantitative

retrieval evaluation on CUB-200 and CARS196, respectively. Both figures leverage
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Figure 2.7: Quantitative retrieval evaluation using CUB-200 on both GoogLeNet
and ResNet50. Both networks are trained for 10 generations. (Left) Recall@1 of the
dense network N . (Right) Recall@1 of the slim fit-hypothesis H4.
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Figure 2.8: Quantitative retrieval evaluation using CARS196 on both GoogLeNet
and ResNet50. (Left) Recall@1 of the dense network N . (Right) Recall@1 of the
slim fit-hypothesis H4.

the R@1 metric for quantitative evaluation. We report the performance of both the

dense network N and the slim fit-hypothesis H4. As the number of generations in-

creases, the retrieval performance increases for both N and H4. Table 2.6 presents

the fit-hypothesis H4 performance and inference cost. The fit-hypothesis H4 per-

formance reaches the dense network N performance after g = 10 generations; yet,

H4 achieves this performance at a significantly smaller inference cost.
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Table 2.6: Quantitative evaluation for KELS using the number of both operations
(G-Ops) and parameters (millions). R1g denotes the recall@1 performance at the
gth generation. Nops denotes the relative reduction in the number of operations. Nr1

denotes the absolute improvement margin on top of the dense baseline N1.

sr R11 R110 Nr1 #Ops Nops #Param

CUB on GoogLeNet

Ng 0.8
10.16 15.34 5.1% 3.00 - 11.44

H4g 4.12 15.61 5.4% 1.98 34.0% 7.43

CUB on ResNet50

Ng 0.8
13.01 18.25 5.2% 8.19 - 47.48

H4g 5.33 18.38 5.3% 5.32 35.0% 30.55

CARS on GoogLeNet

Ng 0.8
5.29 32.63 27.3% 3.00 - 11.44

H4g 2.53 32.85 27.5% 1.98 34.0% 7.43

CARS on ResNet50

Ng 0.8
11.63 42.36 30.7% 8.19 - 47.48

H4g 6.17 43.02 31.3% 5.32 35.0% 30.55

2.5 Ablation Study

This section presents six ablation studies: We (1) validate the dropout and

Res-Net intuitions (from Sec. 2.3.3), (2) compare WELS and KELS techniques, (3)

present the tradeoffs of the split-rate sr, (4) evaluate the impact of changing the

split-mask M across generations, (5) discuss why the improvement-margins of KE

differ among datasets, and (6) evaluate KE on a large dataset, i.e., ImageNet [22].

(1) Dropout and Res-Net intuitions’ validation

To validate the dropout and Res-Net intuitions, we monitor the fit and reset hy-

potheses across generations. According to the dropout intuition, the fit-hypothesis

should learn an independent representation. The KELS technique enables measur-

ing the fit-hypothesis’s performance. In this study, we use the CUB-200 dataset,

VGG11 bn [121], and a split-rate sr = 0.5. Fig. 2.9 (Top) shows the performance of

the dense network N and the slim fit-hypothesis H4 for 10 generations. The hori-
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Figure 2.9: Quantitative classification evaluation using CUB-200 on VGG11 bn.
The x-axis denotes the number of generations. The fit-hypothesis H4 achieves
an inferior performance at g = 1, but its performance increases as the number of
generations increases. Ĥ4 and ĤO denote the mean absolute value inside H4 and
HO.

zontal dashed lines denote the performance of the first generation (N1 and H41 ). At

the first generation, the fit-hypothesis’s performance is inferior. Yet, as the number

of generations increases, the fit-hypothesis performance increases. Table 2.7 (Top

section) presents both the performance and inference cost of both N and H4.

According to the Res-Net intuition, the reset-hypothesis should converge to a

zero-mapping because, after the first generation (N1), the fit-hypothesis is always

closer to convergence. Fig. 2.9 shows the mean absolute values (Ĥ4 and ĤO) inside

the fit and reset hypotheses. We present these values inside the first four convolution
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Table 2.7: Quantitative evaluation for KELS using the number of both operations
(G-Ops) and parameters (millions). Accg denotes the classification accuracy at the
gth generation. Nops denotes the relative reduction in the number of operations. Nacc

denotes the absolute accuracy improvement on top of the dense baseline N1.

CUB on VGG11 bn

sr Acc1 Acc10 Nacc #Ops Nops #Param

Ng 0.5
63.47 69.65 6.1% 15.22 - 259.16

H4g 0.52 68.84 5.3% 3.85 74.7% 65.20

FLW on ResNet18

sr Acc1 Acc100 Nacc #Ops Nops #Param

Ng 0.8
53.87 75.62 21.7% 3.63 - 22.44

H4g 6.41 75.62 21.7% 2.39 34.1% 14.43

Ng 0.5
52.62 74.60 21.9% 3.63 - 22.44

H4g 0.37 74.60 21.9% 0.96 73.5% 5.64

CUB on GoogLeNet

sr Acc1 Acc10 Nacc #Ops Nops #Param

Ng 0.8
64.76 72.93 8.1% 3.00 11.59

H4g 0.64 71.67 6.9% 1.98 34.0% 7.54

Ng 0.5
65.18 72.44 7.2% 3.00 11.59

H4g 0.50 57.23 -7.9% 0.81 73.0% 3.00

layers of VGG11 bn. Ĥ41 and ĤO
1 are comparable at N1. However, as the number

of generations increases, Ĥ4 increases while ĤO decreases.

(2) WELS vs KELS techniques

KE requires a network-splitting technique. WELS delivers a dense network N only.

Thus, we compare WELS and KELS using N . Fig. 2.10 (Left) compares WELS and

KELS using Flower-102, cross-entropy with the CS-KD regularizer [153], ResNet18,

and two split-rates (sr = {0.5, 0.8}). KELS and WELS achieve comparable per-

formance. This is promising because WELS can be applied to any neural net-

work. Fig. 2.10 (Right) re-assures that KELS delivers high performance while re-

ducing inference cost as shown in Table 2.7 (middle section). The performance

of H4100 matches N100 because H4 has enough capacity for the small Flower-102.

With sr = 0.5, KELS achieves an absolute 21% improvement margin while reducing
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Figure 2.10: Quantitative evaluation for both KELS and WELS using Flower-102 on
ResNet18 for 100 generations. The x and y axes denote the number of generations
and the top-1 accuracy, respectively. (Left) The classification performance of the
dense network N . (Right) The performance of the slim fit-hypothesis H4.

inference cost by 73%.

(3) The split-rate sr tradeoffs

The split-rate sr controls the size of the fit-hypothesis; a small sr reduces the in-

ference cost. Yet, a small sr reduces the capacity of H4. Fig. 2.11 (Left) compares

two split-rate (sr = {0.5, 0.8}) using CUB-200 and GoogLeNet for 10 generations.

Both split-rates achieve significant improvement margins on the dense network N .

However, Fig. 2.11 (Right) shows that the large split-rate sr = 0.8 helps the fit-

hypothesis H4 to converge faster and to achieve better performance. Table 2.7 (third

section) highlights this performance and inference-cost tradeoff. For a large dataset,

a large split-rate is required to deliver a slim fit-hypothesis H4 with competitive

performance.

(4) Changing the split-mask M across generations

In all previous experiments, we split the network using a split-mark M . The same

mask is used to re-initialize every generation. However, we also highlighted the

similarity between KE and dropout. Dropout does not drop the same neurons
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Figure 2.11: Quantitative evaluation for different split-rates using CUB-200 on
GoogLeNet for 10 generations. (Left) The classification performance of the dense
network N . (Right) The performance of the slim fit-hypothesis H4.

during training. Thus, we investigate the impact of changing the split-mask M

across generations. This is possible with the WELS technique. In this experiment,

We use CUB-200, ResNet18, label smoothing regularizer, the WELS technique, and

four split-rates sr = {0.2, 0.3, 0.5, 0.8}. We train N for 10 generations. After each

generation, we re-initialize M randomly, i.e., as if we initialize it for the first time.

We refer to this WELS variant as WELS-Rand.

Fig. 2.12 compares WELS against WELS-Rand. With small split-rates (sr =

{0.2, 0.3}), WELS is significantly superior to WELS-Rand. However, as the split-

rate increases (sr = {0.5, 0.8}), both WELS and WELS-Rand become comparable.

This happens because different fit-hypotheses, in WELS+Rand, overlap partially.

Given a split-rate sr, a network-weight belongs to two consecutive fit-hypotheses

with probability s2
r. Accordingly, WELS-Rand with a small sr flushes the entire

knowledge of a parent network. In contrast, WELS-Rand with a large split-rate

retains the parent-network’s knowledge at least partially.

(5) Why the improvement margins Nacc of KE differ?
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Figure 2.12: Comparative evaluation between WELS and WELS-Rand. WELS uses
the same binary mask M across all generations. In contrast, WELS-Rand randomly
re-initialize M after every generation. With a small split-rate, WELS-Rand flushes
the parent-networks’ knowledge.

Table 2.8: The KE’s improvement margins Nacc versus the FCAMD accuracies on
each dataset. There is a strong positive Pearson correlation (r = 0.9529) between
Nacc and the datasets’ simplicity (FCAMD’s accuracies).

Datasets Nacc FCAMD Acc

Flower 14.78 63.06
CUB 5.68 19.60
Aircraft 0.93 15.80
MIT 0.59 19.20
Stanford Dogs 1.21 13.20

r = 0.952

In deep learning, we assume that more training data leads to better accuracy. How-

ever, the KE’s improvement margins Nacc contradict this assumption. For instance,

Table 2.2 shows that Nacc on Flower-102 is bigger than Nacc on CUB-200, i.e., 14.78

vs 5.68 after 10 generations with the CS-KD regularizer. Fig. 2.1 also emphasizes

this behavior; Flower-102 is a much smaller dataset compared to CUB-200, yet Nacc

is over 20% for Flower-102 but less than 10% for CUB-200. We posit that Nacc

depends not only on the dataset size, but also on the dataset simplicity.

To evaluate our postulate, we quantify the simplicity of our five datasets
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Figure 2.13: The average accuracy of the Flower (FLW), CUB, Aircraft (AIR),
MIT, and Dog datasets inside the FCAMD dataset. The five datasets are equally
represented inside FCAMD, i.e., 50 classes each and 10 images per class. The
accuracy metric reflects the simplicity of each dataset. The x-axis denotes the
accuracy of a dataset inside FCAMD and the y-axis denotes the KE improvement
margins. There is a strong positive correlation between the datasets’ simplicity and
the KE improvement margins.

(Flower, CUB, Aircraft, MIT, and Dog). We create a new dataset, dubbed FCAMD,

using the five datasets. We randomly sample 50 classes from each dataset. For each

class, we randomly sample 10 training and 10 testing images. Thus, FCAMD has

2500 training and 2500 testing images, i.e., 250 classes, 10 training images per class.

We train a ResNet18 from scratch on FCAMD. To quantify the simplicity of each

dataset, we measure the average accuracy of its 50 classes. Higher accuracy indi-

cates a simpler dataset. There is a strong positive Pearson correlation (r = 0.9529)

between the datasets’ simplicity (from FCAMD’s accuracies) and the KE improve-

ment margins Nacc as shown in Fig. 2.13 and Table 2.8. To compute the Pearson

correlation, we use the KE improvement margins Nacc achieved after 10 generations

on top of the CS-KD [153] baseline, i.e., Nacc from the last section of Table 2.2. Even

if we dismissed Flower-102 as an outlier, the correlation would become r = 0.494

for the remaining four datasets (CUB, AIR, MIT, and Dog).
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Table 2.9: The KE’s improvement margins Nacc versus the accuracies of a fine-tuned
ResNet18. There is a strong positive Pearson correlation (r = 0.850) between Nacc

and the datasets’ simplicity (fine-tuned ResNet18 accuracies).

Datasets Nacc Fine-tuned ResNet18

Flower 14.78 88.83
CUB 5.68 74.46
Aircraft 0.93 61.01
MIT 0.59 72.84
Stanford Dogs 1.21 74.29

r = 0.850

60 70 80 90

0

5

10

15
FLW

CUB

AIR MIT
Dog

Fine-tuned ResNet18 Acc

K
E

im
p

ro
v
em

en
t

m
a
rg

in
s
N
a
c
c

Figure 2.14: The accuracy of the Flower (FLW), CUB, Aircraft (AIR), MIT, and Dog
datasets on a fine-tuned ResNet18. The accuracy metric reflects the simplicity of
each dataset. The x-axis denotes the accuracy of a dataset on a fine-tuned ResNet18
and the y-axis denotes the KE improvement margins. There is a strong positive
correlation between the datasets’ simplicity and the KE improvement margins.

Another way to quantify the simplicity of a dataset is through a pretrained

network. A pretrained network contains the ImageNet’s knowledge. This large

knowledge mitigates the impact of both a small dataset size and a small number of

samples per class. Thus, we fine-tune a pretrained ResNet18 on the five datasets as

shown in Table 2.4. The accuracy of the fine-tuned ResNet18 reflects the simplicity

of each dataset. Higher accuracy indicates a simpler dataset. Again, there is a

strong positive Pearson correlation (r = 0.850) between Nacc and the fine-tuned

ResNet18 accuracies as shown in Fig. 2.14 and Table 2.9.

The FCAMD and fine-tuned ResNet18 experiments present an interesting find-
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ing. It seems that the dataset size is no longer the dominant factor that controls

the performance of a randomly initialized network on relatively small datasets.

(6) Evaluate KE on ImageNet

Our paper tackles the following question: how to train a deep network on a rela-

tively small dataset? Answering this question will have a significant impact on both

academia and industry. However, it is important to understand how KE behaves on

a large dataset, i.e., ImageNet. The goal of this experiment is not to boost perfor-

mance on ImageNet; Stock et al. [127] and Beyer et al. [5] deliver strong arguments

why boosting performance on ImageNet should no longer be an ultimate goal. While

KE boosts performance on ImageNet, our goal is to monitor the performance of the

fit-hypothesis. We want to answer the following question: can KE evolve knowledge

inside the fit-hypothesis even when presented with a large dataset?

Technical Details: We train a ResNet18 for 5 generations using KELS and a

split-rate sr = 0.8, i.e., ≈ 36% sparsity. Our implementation for ImageNet follows

the practice in [44]. We use a batch size b = 128, and a step learning rate sched-

uler with a starting lr = 0.1. We train for e = 150 epochs per generation. Other

parameters (e.g., momentum, optimizer) are the same as those reported in Sec. 2.4.1.

Results: Fig. 2.15 presents a quantitative classification evaluation using ImageNet.

KE boosts performance for both the dense network N and the slim fit-hypothesis

H4. In Sec. 2.4.1, we evaluate KE using relatively small datasets and large ar-

chitectures. In contrast, this experiment evaluates KE using a large dataset and

a small architecture. Accordingly, these improvement margins on ImageNet are a
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Figure 2.15: Quantitative classification evaluation using ImageNet on ResNet18 for
5 generations. (Left) The accuracy performance (Top-1 ↑) of the dense network N .
(Right) The performance of the slim fit-hypothesis H4.

Table 2.10: Quantitative classification evaluation using both ResNet34 and
ResNet50. Ng and H4g denote the performance of the dense network N and the
fit-hypothesis H4 at the gth generation. NH denotes the absolute improvement
margin in the fit-hypothesis relative to the baseline H41

ResNet34 ResNet50

g Ng H4g NH Ng H4g NH

1 72.51 0.28 - 74.54 0.20 -
2 (ours) 72.86 1.25 0.97 74.78 3.44 3.24
3 (ours) 72.78 2.27 1.99 75.01 6.71 6.51
4 (ours) 72.86 1.96 1.68 75.15 4.63 4.43
5 (ours) 72.86 4.49 4.21 75.27 13.81 13.61

lower-bound on the potential of KE. As the architecture gets bigger, these improve-

ment margins will increase. Accordingly, we conclude that KE can evolve knowledge

inside the fit-hypothesis.

We further evaluate KE on two larger architectures. Table 2.10 presents quan-

titative classification evaluation using ResNet34 and ResNet50. We use the same

technical details from the ResNet18 experiment. KE boosts performance on the fit-

hypothesis H4 consistently. This confirms our finding that KE evolves knowledge

in the fit-hypothesis H4.
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2.5.1 Discussion

ImageNet [22] will eventually become a toy dataset given the increasing size

of deep networks [20, 129, 84, 7] (e.g., GPT-3). To train these large networks,

unsupervised [61, 10] and self-supervised [144, 97, 46, 136] learning mitigate the

burden of data annotation. However, these learning approaches still require storing

and maintaining a large corpus of data. This is (1) expensive even if neither labeling

nor curating is required, (2) impractical for applications with privacy concerns like

medical imaging. KE tackles the problem of training deep networks on relatively

small datasets. KE’s main limitation is the training time. It takes ≈ 8 hours to

train 100 generations, 200 epochs each, on Flower-102 using GTX1080Ti GPU. This

long training time can be reduced by monitoring the performance on a validation

split.

2.6 Conclusion

We have proposed knowledge evolution (KE) to train deep networks on rela-

tively small datasets. KE picks a random subnetwork (fit-hypothesis), with inferior

performance, and evolves its knowledge. We have equipped KE with a kernel-level

convolution-aware splitting (KELS) technique to learn a slim network automatically

while training a dense network. Through KELS, KE reduces the inference cost while

boosting performance. Through the weight-level splitting (WELS) technique, KE

supports a large spectrum of architectures. We evaluated KE using classification

and metric learning tasks. KE achieves SOTA results.
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Chapter 3: SVMax: A Feature Embedding Regularizer

A neural network regularizer (e.g., weight decay) boosts performance by ex-

plicitly penalizing the complexity of a network. In this paper, we penalize inferior

network activations – feature embeddings – which in turn regularize the network’s

weights implicitly. We propose singular value maximization (SVMax) to learn a

more uniform feature embedding. The SVMax regularizer supports both super-

vised and unsupervised learning. Our formulation mitigates model collapse and en-

ables larger learning rates. We evaluate the SVMax regularizer using both retrieval

and generative adversarial networks. We leverage a synthetic mixture of Gaussians

dataset to evaluate SVMax in an unsupervised setting. For retrieval networks, SV-

Max achieves significant improvement margins across various ranking losses. Code

available at https://bit.ly/3jNkgDt

3.1 Introduction

A neural network’s knowledge is embodied in both its weights and activations.

This difference manifests in how network pruning and knowledge distillation tackle

the model compression problem. While pruning literature [73, 83, 151] compresses

models by removing less significant weights, knowledge distillation [49] reduces com-
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putational complexity by matching a cumbersome network’s last layer activations

(logits). This perspective, of weight-knowledge versus activation-knowledge, empha-

sizes how neural network literature is dominated by explicit weight regularizers. In

contrast, this paper leverages singular value decomposition (SVD) to regularize a

network through its last layer activations – its feature embedding.

Our formulation is inspired by principal component analysis (PCA). Given a

set of points and their covariance, PCA yields the set of orthogonal eigenvectors

sorted by their eigenvalues. The principal component (first eigenvector) is the axis

with the highest variation (largest eigenvalue) as shown in Figure 3.1c. The eigenval-

ues from PCA, and similarly the singular values from SVD, provide insights about

the feature embedding structure. As such, by regularizing the singular values, we

reshape the feature embedding.

The main contribution of this paper is to leverage the singular value decom-

position of a network’s activations to regularize the feature embedding. We achieve

this objective through singular value maximization (SVMax). The SVMax reg-

ularizer is oblivious to both the input-class (labels) and the sampling strategy.

Thus it promotes a uniform feature embedding in both supervised and unsuper-

vised learning. Furthermore, we present a mathematical analysis of the mean sin-

gular value’s lower and upper bounds. This analysis makes tuning the SVMax’s

balancing-hyperparameter easier, when the feature embedding is normalized to the

unit circle.

SVMax promotes a uniform feature embedding. During training, SVMax

speeds up convergence by enabling large learning rates. The SVMax regularizer
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Figure 3.1: Feature embeddings scattered over the 2D unit circle. In (a), the features
are polarized across a single axis; the singular value of the principal (horizontal) axis
is large while the singular value of the secondary (vertical) axis is small, respectively.
In (b), the features spread uniformly across both dimensions; both singular values
are comparably large. (c) depicts the PCA analysis of a toy 2D Gaussian dataset
to demonstrate our intuition. The principal component (green) has the highest
eigenvalue, i.e., the axis with the highest variation, while the second component (red)
has a smaller eigenvalue. Maximizing all eigenvalues promotes data dispersion across
all dimensions. In this paper, we maximize the mean singular value to regularize
the feature embedding and avoid a model collapse.

integrates seamlessly with various ranking losses. We apply the SVMax regularizer

to the last feature embedding layer, but the same formulation can be applied to in-

termediate layers. The SVMax regularizer mitigates model collapse in both retrieval

networks and generative adversarial networks (GANs) [36, 125, 88]. Furthermore,

the SVMax regularizer is useful when training self/un-supervised feature embedding

networks with a contrastive loss (e.g., CPC) [94, 97, 46, 136].

In summary, we propose singular value maximization to regularize the feature

embedding. In addition, we present a mathematical analysis of the mean singular

value’s lower and upper bounds to reduce hyperparameter tuning (Sec. 3.3). We

quantitatively evaluate how SVMax significantly boosts the performance of ranking

losses (Sec. 3.4.1). And we provide a qualitative evaluation of using SVMax in the

unsupervised learning setting via GAN training (Sec. 3.4.3).
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3.2 Related Work

Network weight regularizers dominate the deep learning regularizer literature

because they support a large spectrum of tasks and architectures. Singular value de-

composition (SVD) has been applied as a weight regularizer in several recent works

[155, 119, 39]. Zhang et al. [155] employ SVD to avoid vanishing and exploding gra-

dients in recurrent neural networks. Similarly, Guo and Ye [39] bound the singular

values of the convolutional layer around 1 to preserve the layer’s input and output

norms. A bounded output norm mitigates the exploding/vanishing gradient prob-

lem. Weight regularizers share the common limitation that they do not enforce an

explicit feature embedding objective and are thus ineffective against model collapse.

Feature embedding regularizers have also been extensively studied, especially

for classification networks [110, 145, 47, 52, 135]. These regularizers aim to maximize

class margins, class compactness, or both simultaneously. For instance, Wen et al.

[145] propose center loss to explicitly learn class representatives and thus promote

class compactness. In classification tasks, test samples are assumed to lie within

the same classes of the training set, i.e., closed-set identification. However, retrieval

tasks, such as product re-identification, assume an open-set setting. Because of this,

a retrieval network regularizer should aim to spread features across many dimensions

to fully utilize the expressive power of the embedding space.

Recent literature [113, 159] has recognized the importance of a spread-out fea-

ture embedding. However, this literature is tailored to triplet loss and therefore

assumes a particular sampling procedure. In this paper, we leverage SVD as a reg-
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ularizer because it is simple, differentiable [60], and class oblivious. SVD has been

used to promote low rank models to learn compact intermediate layer representa-

tions [67, 117]. This helps compress the network and speed up matrix multiplications

on embedded devices (iPhone and Raspberry Pi). In contrast, we regularize the em-

bedding space through a high rank objective. By maximizing the mean singular

value, we promote a higher rank representation – a spread-out embedding.

3.3 Singular Value Maximization (SVMax)

We first introduce our mathematical notation. Let I denote the image space

and EI ∈ Rd denote the feature embeddings space, where d is the dimension of the

features. A feature embedding network is a function Fθ : I → EI , parameterized

by the network’s weights θ. We quantify similarity between an image pair (I1, I2)

via the Euclidean distance in feature space, i.e., ‖EI1 − EI2‖2.

During training, a 2D matrix E ∈ Rb×d stores b samples’ embeddings, where

b is the mini-batch size. Assuming b ≥ d, the singular value decomposition (SVD)

of E provides the singular values S = [s1, ., si, ., sd], where s1 and sd are the largest

and smallest singular values, respectively. We maximize the mean singular value,

sµ = 1
d

∑d
i=1 si, to regularize the network’s last layer activations – the feature em-

bedding. By maximizing the mean singular value, the deep network spreads out

its embeddings. This has the added benefit of implicitly regularizing the network’s

weights θ. The proposed SVMax regularizer integrates with both supervised and
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unsupervised feature embedding networks as follows

LNN = Lr − λ
1

d

d∑
i=1

si = Lr − λsµ, (3.1)

where Lr is the original loss and λ is a hyperparameter.

Lower and Upper Bounds of the Mean Singular Value: One caveat

to equation 3.1 is the hyperparameter λ. It is difficult to tune since the mean

singular value sµ depends on the range of values inside E and its dimensions (b, d).

Thus, changing the batch size or embedding dimension requires a different λ. To

address this, we constrain the embeddings to lie on the unit circle (L2-normalized)

– a common assumption in metric learning. This provides both lower and upper

bounds on ranking losses. This will also allow us to impose lower and upper bounds

on sµ.

For an L2-normalized embedding E, the largest singular value s1 is maximum

when the matrix-rank of E equals one, i.e., rank(E) = 1, and si = 0 for i ∈

[2, d]. Horn and Johnson [53] provide an upper bound on this largest singular value

s1 as s∗(E) ≤
√
||E||1||E||∞. This holds in equality for all L2-normalized E ∈ Rb×d

with rank(E) = 1. For an L2-normalized matrix E with ||E||1 = b, and ||E||∞ = 1,

this gives:

s∗(E) =
√
||E||1||E||∞ =

√
b. (3.2)

Thus, the lower bound L on sµ is L = s∗(E)
d

=
√
b
d
.

Similarly, an upper bound is defined on the sum of the singular values [137, 68,
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32]. This summation is formally known as the nuclear norm of a matrix ||E||∗. Hu

[55] established an upper bound on this summation using the Frobenius Norm ||E||F

as follows

||E||∗ ≤

√
b× d

max(b, d)
||E||F , (3.3)

where ||E||F =
(∑rows

i=1

∑cols
j=1 |Eij|

2
) 1

2
=
√
b because of the unit-circle assumption.

Accordingly, the lower and upper bounds of sµ are [L,U ] = [ s
∗(E)
d
, ||E||∗

d
]. With

these bounds, we rewrite our final loss function as follows

LNN = Lr + λ exp

(
U − sµ
U − L

)
. (3.4)

The SVMax regularizer grows exponentially ∈ [1, e]. We employ this loss function

in all our retrieval experiments. It is important to note that the L2-normalized

assumption makes λ tuning easier, but it is not required. Equation 3.4 makes the

hyperparameter λ only dependent on the range of Lr which is also bounded for

ranking losses.

Lower and Upper Bounds of Ranking Losses: We briefly show that rank-

ing losses are bounded when assuming an L2-normalized embedding. Equations 3.5

and 3.6 show triplet and contrastive losses, respectively, and their corresponding

bounds [L,U ].

TL(a,p,n)∈T = [(Da,p −Da,n +m)]+
[L,U ]−−−→ [0, 2 +m], (3.5)

CL(x,y)∈P = δx,yDx,y + (1− δx,y) [m−Dx,y]+
[L,U ]−−−→ [0, 2], (3.6)
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Figure 3.2: Quantitative evaluation on Stanford CARS196. X and Y-axis denote
the learning rate lr and recall@1 performance, respectively.

where [•]+ = max(0, •), m < 2 is the margin between classes, since 2 is the maximum

distance on the unit circle. Dx1,x2 = D(N(x1), N(x2)); N(•) and D(•, •) are the

network’s output-embedding and Euclidean distance, respectively. In equation 3.5,

a, p, and n are the anchor, positive, and negative images in a single triplet (a, p, n)

from the triplets set T .

3.4 Experiments

In this section, we evaluate SVMax using both supervised and unsupervised

learning. We leverage retrieval (Sec. 3.4.1) and self-supervised learning (Sec. 3.4.2)

for quantitative evaluation. Then, we leverage generative adversarial networks

(Sec. 3.4.3) for qualitative evaluation.

3.4.1 Retrieval Networks

Technical Details: We evaluate SVMax quantitatively using three datasets: CUB-

200-2011 [142], Stanford CARS196 [69], and Stanford Online Products [95]. We use

GoogLeNet [131] and ResNet50 [44]; both pretrained on ImageNet [22] and fine-
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Table 3.1: Quantitative evaluation on CUB-200-2011 with batch size b = 144, em-
bedding dimension d = 128 and multiple learning rates lr = {0.01, 0.001, 0.0001}.
4R@1 column indicates the R@1 improvement margin relative to the vanilla ranking
loss. A large learning rate lr increases the chance of model collapse, while a small
lr slows convergence. λ is dependent on the ranking loss.

lr = 0.01 lr = 0.001 lr = 0.0001

Method NMI R@1 R@8 4R@1 NMI R@1 R@8 4R@1 NMI R@1 R@8 4R@1

Contrastive

Vanilla 0.435 25.73 58.88 - 0.443 28.68 64.70 - 0.413 24.49 59.54 -
Spread-out 0.440 24.54 57.16 -1.18 0.479 32.12 66.83 3.44 0.458 31.85 67.45 7.36
SVMax (Ours) 0.527 41.26 75.24 15.53 0.547 43.11 77.26 14.43 0.449 29.56 65.50 5.06

Triplet Loss

Vanilla 0.496 29.34 67.96 - 0.477 28.88 64.60 - 0.449 24.86 61.14 -
Spread-out 0.545 43.60 76.98 14.26 0.557 44.02 78.54 15.14 0.435 28.33 64.33 3.46
SVMax λ = 1 (Ours) 0.556 43.21 77.43 13.88 0.527 39.13 74.17 10.25 0.401 25.07 60.01 0.20
SVMax λ = 0.1 (Ours) 0.547 43.80 77.97 14.47 0.557 43.89 78.44 15.01 0.436 28.22 64.40 3.36

N-pair

Vanilla 0.402 18.96 50.32 - 0.452 27.65 63.10 - 0.455 31.41 66.95 -
Spread-out 0.416 20.64 52.80 1.69 0.483 32.46 66.41 4.81 0.474 33.39 68.80 1.98
SVMax (Ours) 0.483 34.62 68.11 15.67 0.547 43.79 77.31 16.14 0.488 34.13 69.92 2.72

Angular

Vanilla 0.470 28.54 60.03 - 0.508 38.94 72.82 - 0.538 41.80 76.18 -
Spread-out .471 28.29 60.26 -0.25 0.508 38.96 72.86 0.02 0.538 41.81 76.23 0.02
SVMax (Ours) 0.487 32.88 66.27 4.34 0.523 41.29 74.71 2.35 0.531 42.00 76.30 0.20

tuned for K iterations. These are standard retrieval datasets and architectures. By

default, the embedding ∈ Rd=128 is normalized to the unit circle. In all experiments,

a batch size b = 144 is employed, the learning rate lr is fixed for K/2 iterations then

decayed polynomially to 1e− 7 at iteration K. We use the SGD optimizer with 0.9

momentum. Each batch contains p different classes and l different samples per class.

For example, triplet loss employs p = 24 different classes and l = 6 instances per

class. The mini-batch of N-pair loss contains 72 classes and a single positive pair per

class, i.e., p = 72 and l = 2. This same mini-batch setting is used for angular loss.

For contrastive loss, p = 36 and l = 4 are divided into 72 positive and 72 negative

pairs. For both CUB-200 and CARS196, K = 5, 000 iterations; for Stanford Online

Products, K = 20, 000.
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Table 3.2: Quantitative evaluation on Stanford Online Products.

lr = 0.01 lr = 0.001 lr = 0.0001

Method NMI R@1 R@8 4R@1 NMI R@1 R@8 4R@1 NMI R@1 R@8 4R@1

Contrastive

Vanilla 0.816 18.23 34.07 - 0.820 28.70 43.27 - 0.813 34.30 48.49 -
Spread-out 0.811 18.87 35.74 0.64 0.822 29.97 46.69 1.27 0.824 36.15 51.22 1.85
SVMax (Ours) 0.875 61.82 78.90 43.59 0.854 53.94 70.92 25.25 0.832 41.96 57.44 7.66

Triplet Loss

Vanilla 0.891 71.96 86.24 - 0.873 64.09 80.07 - 0.840 46.29 62.57 -
Spread-out 0.890 71.60 85.73 -0.36 0.872 64.23 80.10 0.14 0.840 46.68 63.04 0.39
SVMax λ = 1 (Ours) 0.868 63.82 80.95 -8.15 0.857 58.04 75.14 -6.04 0.836 44.62 60.76 -1.67
SVMax λ = 0.1 (Ours) 0.889 71.48 85.97 -0.49 0.872 64.23 80.14 0.14 0.840 46.64 62.95 0.35

N-pair

Vanilla 0.798 12.86 24.53 - 0.815 23.83 38.97 - 0.818 33.98 48.56 -
Spread-out 0.803 16.58 31.91 3.72 0.824 32.88 50.34 9.05 0.825 37.39 52.55 3.40
SVMax (Ours) 0.871 57.76 76.05 44.90 0.858 54.70 71.57 30.87 0.835 43.04 58.78 9.06

Angular

Vanilla 0.883 62.83 80.13 - 0.885 66.93 82.12 - 0.856 54.29 71.14 -
Spread-out 0.883 62.73 79.96 -0.10 0.885 66.91 82.09 -0.02 0.856 54.30 71.10 0.02
SVMax (Ours) 0.885 65.44 81.73 2.61 0.884 67.28 82.47 0.35 0.855 54.88 71.47 0.59

Baselines: We evaluate SVMax using contrastive [40], hard triplet [51, 48], N-

pair [124] and angular [143] losses. We use the margin m = 1 for contrastive loss,

m = 0.2 for triplet loss, and the angle bound α = 45◦ for angular loss. Similar

to SVMax, multiple regularizers [72, 159, 117, 12] promote a uniform embedding

space. Unlike SVMax, these regularizers require a supervised setting to push anchor-

negative pairs apart. We employ the spread-out regularizer [159] as a baseline for its

simplicity, with default hyperparameter α = 1. To enable the spread-out regularizer

on non-triplet ranking losses, we pair every anchor with a random negative sample

from the training mini-batch.

Evaluation Metrics: For quantitative evaluation, we use the Recall@K metric and

Normalized Mutual Info (NMI) on the test split.

The hyperparameter: λ = 1 for both contrastive and N-pair losses, λ = 0.1 for

triplet loss, and λ = 2 for angular loss. We fix λ across datasets, architectures, and
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Figure 3.3: Quantitative evaluation on CUB-200-2011 using ResNet50. The X axis
denotes the learning rate lr and the Y-axis denotes recall@1 performance.

other hyperparameters (b, d).

Results: Tables 3.1 and 3.2 present quantitative retrieval evaluation on CUB-200

and Stanford Online Products datasets – both using GoogLeNet. These tables

provide in depth analysis and emphasize our improvement margins on a small and

large dataset. Figure 3.2 provides quantitative evaluation on Stanford CARS196.

Figures 3.3 and 3.4 present quantitative evaluation using ResNet50 on CUB-200-

2011 and Stanford CARS196, respectively. Our training hyperparameters – learning

rate lr and number of iterations K – do not favor a particular ranking loss in these

experiments.

We evaluate SVMax on various learning rates. A large learning rate, e.g.,

lr = 0.01, speeds up convergence, but increases the chance of model collapse. In

contrast, a small rate, e.g., lr = 0.0001, is likely to avoid model collapse but is slow

to converge. This undesirable effect is tolerable for small datasets – where increasing
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Figure 3.4: Quantitative evaluation on Stanford CARS196 using ResNet50.

the number of training iterations K does not drastically increase the overall training

time – but it is infeasible for large datasets. For contrastive and N-pair losses,

SVMax significantly outperforms both the vanilla and spread-out baselines with

larger learning rates. A small lr slows convergence and all approaches are roughly

equivalent. The spread-out regularizer [159] and its hyperparameters are tuned

for triplet loss. Thus, for this particular ranking loss, the SVMax and spread-out

regularizers are on par.

In our experiments, we employ a large learning rate because it is the simplest

factor to induce model collapse. However, the learning rate is not the only factor.

Another factor is the training dataset size and its intra-class variations. A small

dataset with large intra-class variations increases the chances of a model collapse.

For example, a pair of dissimilar birds from the same class justifies a model collapse

when coupled with a large learning rate. The hard triplet loss experiments emphasize

this point because every anchor is paired with the hardest positive and negative
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samples. On small fine-grained datasets like CUB-200 or CARS196, the vanilla

hard triplet loss suffers significantly. Yet, the same implementation is superior

on a big dataset like Stanford Online Products. By carefully tuning the training

hyperparameter on CUB-200, it is possible to avoid a degenerate solution. However,

this tedious tuning process is unnecessary when using either the spread-out or the

SVMax regularizer.

The vanilla N-pair loss underperforms because it does not support feature

embedding on the unit circle. Both spread-out and SVMax mitigate this limitation.

For angular loss, a bigger λ = 2 is employed to cope with the angular loss range.

SVMax is a class oblivious regularizer. Thus, λ should be significant enough to

contribute to the loss function without dominating the ranking loss.

Wu et al. [146] show that the distance between any anchor-negative pair, which

is randomly sampled from an n-dimensional unit sphere, follows the normal distri-

bution N(
√

2, 1
2n

). This mean distance
√

2 is large relative to the triplet loss margin

m = 0.2, but comparable to the contrastive loss margin m = 1. Accordingly, triplet

loss converges to zero after a few iterations, because most triplets satisfy the margin

m = 0.2 constraint. When triplet loss equals zero, the SVMax regularizer with λ = 1

becomes the dominant term. However, SVMax should not dominate because it is

oblivious to data annotations; it equally pushes anchor-positive and anchor-negative

pairs apart. Reducing λ to 0.1 solves this problem.

A less aggressive triplet loss [118, 150] is another way to avoid model collapse.

For instance, Schroff et al. [118] have proposed a triplet loss variant that employs

semi-hard negatives. The semi-hard triplet loss is more stable than the aggressive
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Table 3.3: Quantitative retrieval evaluation using Proxy-Anchor loss on three
datasets: CUB-200, Stanford Cars, and Stanford Online Products (SOP). The
performance is reported on both Inception-BN and ResNet50 architectures using
Recall@1.

CUB CARS SOP

Inception-BN

Vanilla 66.92±0.002 84.67±0.002 79.02±0.001
SVMax λ = 10−3 (Ours) 67.00±0.008 84.73±0.002 79.04±0.000
SVMax λ = 10−4 (Ours) 67.16±0.003 84.74±0.002 79.04±0.001

ResNet50

Vanilla 68.37±0.003 87.30±0.001 80.06±0.007
SVMax λ = 10−3 (Ours) 68.67±0.004 87.39±0.002 79.26±0.007
SVMax λ = 10−4 (Ours) 68.45±0.005 87.64±0.003 79.52±0.004

hard triplet and lifted structured losses [95]. Unfortunately, the semi-hard triplet

loss assumes a large mini-batch (b = 1, 800 in Schroff et al. [118]), which is imprac-

tical. Furthermore, when model collapse is avoided, aggressive triplet loss variants

achieve superior performance [48]. In contrast, SVMax only requires a larger mini-

batch than the embedding dimension, i.e., b ≥ d, a natural constraint for retrieval

networks which favor compact embedding dimensions. Additionally, SVMax makes

no assumptions about the sampling procedure. Thus, unlike [113, 159], SVMax

supports various supervised ranking losses.

SVMax and SOTA results: In the previous experiments (tables 3.1 and 3.2), we

did not tune our hyperparameters to a particular ranking loss. The best hyperpa-

rameters for angular loss achieve inferior performance on contrastive loss and vice

versa. Thus, we choose learning rates uniformly [0.01, 0.001, 0.0001]. In order to

achieve SOTA results, it is important to tune hyperparameters (lr, # iterations),

leverage a large embedding dimension (d = 512), and freeze certain layers (e.g.,

batch norm). In the following experiment, we evaluate SVMax on the Proxy-Anchor
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Figure 3.5: Stanford Online Products experiment. Left: Quantitative evaluation
of sµ while training for 60 epochs. Right: Quantitative retrieval evaluation using
recall@1 metric.

loss [65].

Table 3.3 presents a quantitative retrieval evaluation using Proxy-Anchor. For

these experiments, we set the embedding dimension d = 512. We use a mini-batch

b = 512 with Inception-BN [59] and b = 256 with ResNet50 [44]. To achieve SOTA

results on different datasets and architectures, Proxy-Anchor tunes five hyperpa-

rameters1: number of warm-up epochs, learning rate, whether to freeze batch norm

or not, learning rate decay step, and learning rate decay gamma. This intense hy-

perparameter tuning explains why SVMax has marginal effect on Proxy-Anchor.

We recommend a single λ = 10−4 across all architectures and datasets. We report

performance using both λ = {10−3, 10−4} to highlight SVMax’s stability.

The bounds of the mean singular value sµ enable us to evaluate the feature

embedding quantitatively. In the Inception-BN experiment (b = d = 512), the

upper and lower bounds of sµ are [L,U ] = [0.044, 1]. Figure 3.5 depicts sµ during

1https://github.com/tjddus9597/Proxy-Anchor-CVPR2020
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Figure 3.6: (Left) Timing analysis for the Tensorflow (TF) tf.linalg.svd function.
The x-axis denotes the batch size b, and the y-axis denotes the running time in
seconds. We time this TF function using two different GPUs. (Right) Timing
analysis for a mini-batch training time using MobileNet. The x-axis denotes both
the batch size b and the embedding dimension d. The y-axis denotes the batch
training time in seconds.

training on Stanford Online Products for 60 epochs, and the learning rate decays

every 20 epochs. The figure depicts sµ using three different λ values. We repeat each

experiment five times and report the mean sµ (solid line) and standard deviation

(filled-area). The vanilla Proxy-Anchor loss maximizes sµ without SVMax (λ = 0).

With λ = 10−1, SVMax regularizes the feature embedding and maximizes sµ, but

recall@1 (R@1) decreases by 0.02%. SVMax with λ = 10−4 maximizes sµ while

boosting R@1.

Weight decay imposes a prior on the network weights. Similarly, SVMax

imposes a prior on the network activations. Both priors are important but they

should never dominate the loss function. Thus, a large λ (e.g., 1 or 0.1) is undesirable

if the hyperparameters are already tuned to achieve state-of-the-art results.

SVMax’s Computational Complexity: We compute the singular values S =
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Figure 3.7: Quantitative evaluation on CUB-200-2011 using GoogLeNet with b = 72
and d = 128, i.e., b < d.

[s1, ., si, ., sd] using TensorFlow (TF) tf.linalg.svd. This function runs on the

GPU. We did not notice any computational overhead or numerical instability during

training. Figure 3.6 (Left) provides a timing analysis of the TF function using square

matrices. For a typical mini-batch size (b < 256), the function takes around 0.01

seconds. This speed depends on the GPU specification and recent GPUs would

perform faster. Figure 3.6 (Right) provides a timing analysis for the mini-batch

training time using MobileNet. SVMax adds minimal overhead compared to the

overhead of performing gradient descent on a deep network. We conclude that

for a reasonable batch size b and embedding dimension d, SVMax adds minimal

computational complexity to the training process.

SVMax with Small Batches: In the approach section, we assumed b ≥ d to

deliver a rigorous mathematical foundation for SVMax. In this section, we present

empirical evidence to support SVMax with small mini-batches. When b < d, there

will be at most b singular values, instead of d. The lower and upper bounds of

SVMax, per mini-batch, become [L,U ] = [
√
b
b
,
√

b×d
max(b,d)

√
b
b

]. It is possible that

SVMax will utilize only b dimensions of the feature embedding space. We argue

against this possibility using a toy example. Consider the following two mini-batches
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(m1,m2) ∈ R3×d

m1 =


m11

m12

m13

 =


1 0 0 0 .. 0

0 1 0 0 .. 0

0 0 1 0 .. 0

 , (3.7)

m2 =


m21

m22

m23

 =


1 0 0 0 .. 0

0 1 0 0 .. 0

0 0 1 0 .. 0

 , (3.8)

where the mini-batch size b = 3. Each individual mini-batch utilizes only the first

three dimensions, i.e., rank(m1) = rank(m2) = 3. While all other dimensions [4, d]

contain zeros, the maximum mean singular value is feasible with only the first three

dimensions. However, due to the random sampling procedure, a future mini-batch

m3 will contain elements from both m1 and m2. For instance, m3 = [m11 m21 m22]T

will have a rank(m3) = 2. For the mini-batch m3, the mean singular value is not

maximum. To maximize sµ, one feasible solution is to keep utilizing only the first

three dimensions. However, this solution is like tossing a coin N times and expecting

N heads. It is a feasible solution but unlikely.

Figure 3.7 presents a quantitative evaluation using CUB-200 on GoogLeNet

with b = 72 and d = 128. Similarly, Figure 3.8 presents a quantitative evaluation

using Stanford Online Products. SVMax consistently outperforms the vanilla and

spread-out baselines even when b < d.

Finally, Figure 3.9 depicts the mean singular value on the test split of CUB-
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Figure 3.8: Quantitative evaluation on Stanford Online Products using GoogLeNet
with b = 72 and d = 128, i.e., b < d.
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Figure 3.9: The mean singular values sµ for networks trained with an embedding
dimension d = 128. The X and Y-axes denote the mini-batch size b and the sµ of the
feature embedding of CUB-200’s test split. The feature embedding is learned using
a contrastive loss with and without SVMax. The horizontal red line denotes the
upper bound on sµ. With SVMax, sµ decreases marginally with b = 72 compared to
b = 144. Thus, the SVMax still promotes a uniform feature embedding even when
b < d.

200. We train our network using (1) contrastive loss with and without SVMax,

and (2) different mini-batch sizes b = {72, 144}. We fix the embedding dimension

d = 128 to study the batch size’s impact, i.e., b < d versus b ≥ d. The test split of

CUB-200 has 5924 test images. Thus, the upper bound of the mean singular value

U =
√

b×d
max(b,d)

√
b
d

= 6.80, where b = 5924 and d = 128 for the whole test split.

After training our network, the actual mean singular value sµ = 5.64 with batch

size b = 72, and sµ = 5.81 with b = 144. These mean singular values significantly
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outperform their vanilla contrastive loss counterparts (sµ = 1.9). Compared to

b = 144, sµ is smaller when using the mini-batch size b = 72. At a mini-batch level,

SVMax spreads the feature embedding across d = 128 dimensions when b = 144,

while SVMax spreads the feature embedding across d = 72 dimensions when b = 72.

Yet, the comparable sµ (5.64 versus 5.81) indicates that SVMax supports b < d.

3.4.2 Self-Supervised Learning

Another form of model collapse is a loss function with a trivial solution. This

form manifests in the two terms of contrastive loss Eq. 3.9 as follows

CL(x,y)∈P = δx,yDx,y + (1− δx,y) [m−Dx,y]+, (3.9)

whereDx1,x2 = D(N(x1), N(x2)); N(•) andD(•, •) are the network’s output-embedding

and Euclidean distance, respectively. While the first term pulls similar points to-

gether, the second term pushes different points apart. Without the second term,

contrastive loss suffers a model collapse, i.e., the trivial solution N(x) = 0, ∀x.

In supervised metric learning, similar and different classes are labeled. Thus, it is

trivial to leverage contrastive loss with both terms. However, it is non-trivial to

leverage contrastive loss in un/self-supervised learning.

To avoid this trivial solution, different methods have been proposed for un/self-

supervised learning. For example, SimCLR [15] repels random images – assuming

they belong to different classes. Other approaches like SwAV [11] leverages online
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T₁ T₂

T₃ T₄

Tile Nose Eye Ear Paws

T1 1 2 2 0
T2 0 0 0 0
T3 0 0 0 3
T4 1 2 2 1

I (Total) 2 4 4 4

Figure 3.10: An image I is split into four tiles Ti, where i ∈ {1, 2, 3, 4}. To learn
an image representation, Rep-Cnt trains a network N such that counts of visual
primitives in I equals the total visual primitives in Ti as shown in the table –
N(I) =

∑4
i=1N(Ti).

clustering, while BYOL [38] leverages a momentum encoder. Recently, SimSiam [17]

utilize a stop-gradient operation to avoid model collapse. All these methods deliver

SOTA results, but they make assumptions about the problem formulation. For

example, both SimCLR and SwAV require a large batch (e.g., 4096) to work well.

In the following experiment, we show that SVMax avoids model collapse without

making assumptions about the problem formulation.

To evaluate SVMax in self-supervised learning, we first introduce representa-

tion counting (Rep-Cnt) [94]. Rep-Cnt is a simple self-supervised approach that

counts visual primitives. Given an input image I, Rep-Cnt splits I into four tiles

Ti, where i ∈ {1, 2, 3, 4} as shown in Fig. 3.10. Rep-Cnt trains a neural network

N to count visual primitives in I and Ti. The network is trained to maintain

the equivariance relation. The equivariance relation requires that the count of

visual primitives in I equals the total visual primitives from the four tiles, i.e.,
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Table 3.4: Quantitative SVMax evaluation using self-supervised learning. We evalu-
ate the pretrained network N through ImageNet classification with a linear classifier
on top of frozen convolutional layers. For every layer, the convolutional features are
spatially resized until there are fewer than 10K dimensions left. A fully connected
layer followed by softmax is trained on a 1000-way object classification task. *
denotes our implementation of the baseline.

Method conv1 conv2 conv3 conv4 conv5

Supervised 19.3 36.3 44.2 48.3 50.5
Random 11.6 17.1 16.9 16.3 14.1

Context [23] 16.2 23.3 30.2 31.7 29.6
Jigsaw [93] 18.2 28.8 34.0 33.9 27.1
ContextEncoder [98] 14.1 20.7 21.0 19.8 15.5
Adversarial [24] 17.7 24.5 31.0 29.9 28.0
Colorization [157] 12.5 24.5 30.4 31.5 30.3
Split-Brain [158] 17.7 29.3 35.4 35.2 32.8
Rep-Cnt* [94] 18.9 30.7 33.9 30.6 26.0
Rep-Cnt+SVMax′′ (Eq. 3.11 λ = 10) 19.4 29.3 31.7 28.9 24.5
Rep-Cnt+SVMax′′ (Eq. 3.11 λ = 100) 19.2 29.4 31.8 29.3 25.3

N(I) =
∑4

i=1N(Ti). Unfortunately, this simple self-supervised signal has a trivial

solution, i.e., N(x) = 0, ∀x. To avoid the trivial solution, Rep-Cnt is formulated as

follows

L = DI,Ti +
[
m− DÎ,Ti

]
+︸ ︷︷ ︸

Problem−specific

(3.10)

where DI,Ti = D
(
N(I),

∑4
i=1N(Ti)

)
. The second term pushes the representation of

a random image Î from
(∑4

i=1 N(Ti)
)
, i.e., the representation of I. This loss formu-

lation explains how a problem-specific loss term is always required to avoid model

collapse. Similarly, a different self-supervised pretext requires a different problem-

specific formulation. Instead, we propose SVMax, a generic prior, to promote a

uniform feature embedding.

To integrate SVMax in Rep-Cnt, we replace the problem-specific term with
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our generic prior as follows

L = DI,Ti − λ sµ︸︷︷︸
Generic−prior

(3.11)

where sµ is the mean singular value of the mini-batch embeddings N(I). We

leverage the unbounded SVMax formulation (−λsµ) instead of the bounded SV-

Max
(
λ exp

(
U−sµ
U−L

))
because vector-norms satisfy the triangle inequality prop-

erty, i.e., ||x + y||2 ≤ ||x||2 + ||y||2. If we normalize the output embedding, the

N(I) =
∑4

i=1N(Ti) objective becomes infeasible.

To evaluate SVMax quantitatively, we follow Rep-Cnt technical details. We

use AlexNet with three fully connected layers. The last fully connected layer pro-

vides a feature embedding. Thus, we reduce the layer’s dimension from 1000 to 128.

This reduces the computational cost of SVMax. We set m = 10 in Eq. 3.10 as

in [94]. We pretrain the AlexNet network using both Eq. 3.10 and Eq. 3.11 as a

self-supervision signal. For each pretrained network, we train a linear classifier on

top of the frozen CNN layers using ImageNet [22]. This evaluation configuration is

proposed by [157].

Table 3.4 presents a quantitative SVMax evaluation in self-supervised learn-

ing. We applied SVMax on Rep-Cnt because it is a simple baseline. Rep-Cnt +

SVMax does not achieve state-of-the-art results. However, SVMax can be applied

on top of various self-supervised pretexts. Through this experiment, we demonstrate

how SVMax avoids a model collapse in self-supervised learning. SVMax avoids the

trivial solution without the need for a problem-specific repulsion term, an input-
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Figure 3.11: SVMax mitigates model collapse in a GAN trained on a toy 2D mix-
ture of Gaussians dataset. Rows show heatmaps of the generator distributions at
different training steps. The final row shows the groundtruth distribution. The
first column shows the distributions generated by training a vanilla GAN suffering
a model collapse. The second column shows the generated distribution when penal-
izing the generator’s fake embedding with SVMax. The third and fourth columns
show two distributions generated using an unrolled-GAN without and with SVMax,
respectively. This high resolution figure is best viewed on a screen with zoom capa-
bilities.

reconstruction term, or an adversarial loss term.

3.4.3 Generative Adversarial Networks

Model collapse is one of the main challenges of training generative adversarial

networks (GANs) [88, 125, 87, 114]. To tackle this challenge, Metz et al. [88] propose

an unrolled-GAN to prevent the generator from overfitting to the discriminator. In

an unrolled-GAN, the generator observes the discriminator for l steps before updat-
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ing the generator’s parameters using the gradient from the final step. Alternatively,

we leverage the simpler SVMax regularizer to avoid model collapse. We evaluate

our regularizer using a simple GAN on a 2D mixture of 8 Gaussians arranged in

a circle. This 2D baseline [88, 125, 4] provides a simple qualitative evaluation and

demonstrates SVMax’s potential in unsupervised learning. We leverage this simple

baseline because we assume b ≥ d, which does not hold for images.

Figure 3.11 shows the dynamics of the GAN generator through time. We

use a public PyTorch implementation2 of [88]. We made a single modification to

the code to use a relatively large learning rate, i.e., lr = 0.025 for both the gen-

erator and discriminator. This single modification is a simple and fast way to in-

duce model collapse. The mixture of Gaussians circle has a radius r = 2, i.e., the

generated fake embedding is neither L2-normalized nor strictly bounded by a net-

work layer. We kept the radius parameter unchanged to emphasize that neither

L2-normalization nor strict-bounds are required. To mitigate the impact of lurk-

ing variables (e.g., random network initialization and mini-batch sampling), we fix

the random generator’s seed for all experiments. We apply SVMax to a vanilla

and an unrolled GAN for five steps. We apply the unbounded SVMax regularizer

(Eq. 3.1), i.e., LNN = LGAN − λsµ, where λ = 0.01 and sµ is mean singular value of

the generator fake embedding.

GANs are typically used to generate high resolution images. This high-resolution

output is the main limitation of the SVMax regularizer. The current formulation

assumes the batch size is bigger than the embedding dimension, i.e., b ≥ d. This con-

2https://github.com/andrewliao11/unrolled-gans
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straint is trivial for the Gaussians mixture 2D dataset and retrieval networks with a

compact embedding dimensionality (e.g., d = {128, 256}). However, this constraint

hinders high resolution image generators because the mini-batch size constraint be-

comes b ≥ W × H × C, where W , H, and C are the generated image’s width,

height, and number of channels, respectively. Nevertheless, this GAN experiment

emphasizes the potential of the SVMax regularizer in unsupervised learning.

If the batch-size limitation is set aside, the following points are worth noting:

(I) Image-synthesis GANs have bounded outputs [0, 255]; White images will not

fool the discriminator. Thus, sµ remains bounded but with different bounds from

those presented in the approach section. (II) Alain and Bengio [3] (§3.4) address

practical concerns when working with high dimensional features. (III) GANs have

synthesized not only high quality images, but also feature embeddings [166].

3.4.4 Ablation Study

In this section, we evaluate two hypotheses: (1) the same SVMax hyperpa-

rameter λ supports different embedding dimensions and batch sizes – the main

objective of the mean singular value’s bounds analysis, (2) the SVMax regularizer

boosts retrieval performance because it learns a uniform feature embedding.

The mean singular value bound analysis makes tuning the hyperparameter λ

easier. This hyperparameter becomes only dependent on the ranking loss’s range

and independent of both the batch size and the embedding dimension. Figure 3.12

presents a quantitative evaluation using the CUB-200 dataset. We explore various
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Figure 3.12: Quantitative evaluation on CUB-200-2011 with various batch sizes
b = {288, 72} and embedding dimensions d = {256, 64} to demonstrate the stability
of our hyperparameter. λ = 1 for contrastive loss and λ = 0.1 for triplet loss.

batch sizes b = {288, 72} and embedding dimensions d = {256, 64}. We employ a

MobileNetV2 [115] to fit the big batch b = 288 on a 24GB GPU.

To evaluate SVMax’s impact on feature embeddings, we embed the MNIST

dataset onto the 2D unit circle. In this experiment, we use a tiny CNN (one con-

volutional layer and one hidden layer). Figure 3.13 shows the feature embedding

after training for t epochs. With SVMax, the feature embeddings spread out more

uniformly and rapidly than the vanilla contrastive loss.
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Method Epoch 1 Epoch 2 Epoch 4 Epoch 8 Epoch 16 Epoch 32 Epoch 64

Contrastive

Contrastive
+

SVMax

Figure 3.13: Qualitative feature embedding evaluation using the MNIST dataset
projected onto the 2D unit circle. The first row shows the feature embedding learned
using a vanilla contrastive loss and the second row applies the SVMax regularizer. A
random subset of the test split is projected for visualization purpose. Different colors
denote different classes. The regularized feature embedding spreads out uniformly
and rapidly.

3.5 Conclusion

We have proposed singular value maximization (SVMax) as a feature embed-

ding regularizer. SVMax promotes a uniform embedding, mitigates model collapse,

and enables large learning rates. Unlike other embedding regularizers, SVMax sup-

ports a large spectrum of ranking losses. Moreover, it is oblivious to data annotation

and, as such, supports both supervised and unsupervised learning. Qualitative eval-

uation using a generative adversarial network demonstrates SVMax’s potential in

unsupervised learning. Quantitative retrieval evaluation highlight significant per-

formance improvements due to the SVMax regularizer.
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Chapter 4: A Generic Visualization Approach for Convolutional Neu-

ral Networks

Retrieval networks are essential for searching and indexing. Compared to clas-

sification networks, attention visualization for retrieval networks is hardly studied.

We formulate attention visualization as a constrained optimization problem. We

leverage the unit L2-Norm constraint as an attention filter (L2-CAF) to localize

attention in both classification and retrieval networks. Unlike recent literature, our

approach requires neither architectural changes nor fine-tuning. Thus, a pre-trained

network’s performance is never undermined

L2-CAF is quantitatively evaluated using weakly supervised object localiza-

tion. State-of-the-art results are achieved on classification networks. For retrieval

networks, significant improvement margins are achieved over a Grad-CAM baseline.

Qualitative evaluation demonstrates how the L2-CAF visualizes attention per frame

for a recurrent retrieval network. Further ablation studies highlight the computa-

tional cost of our approach and compare L2-CAF with other feasible alternatives.

Code available at https://bit.ly/3iDBLFv

65



Class-oblivious Class-specific Class-oblivious Class-specific

Figure 4.1: L2-CAF enables both class-oblivious and class-specific visualizations.
This separates our work from dominant literature that targets classification networks
only.

4.1 Introduction

Both classification and retrieval neural networks need attention visualization

tools. These tools are important in medical and autonomous navigation to un-

derstand and interpret networks’ decisions. Moreover, attention visualization en-

ables weakly supervised object localization (WSOL) which reduces the cost of data

annotation. WSOL avoids bounding-box labeling required by fully supervised ap-

proaches. Attention visualization and WSOL have been intensively studied for clas-

sification architectures [154, 164, 122, 120, 160, 19]. However, these approaches

do not address retrieval networks. In this paper, we leverage the unit L2-Norm

constraint as an attention filter (L2-CAF) that works for both classification and

retrieval neural networks, as shown in Figure 4.1.

For classification networks, Zhou et al. [164] propose class activation maps

(CAM) for attention visualization and WSOL. Further research [122, 160, 161, 19]

improved WSOL by augmenting the most discriminative region with other less dis-

criminative parts, e.g., augment a cat’s head with its legs. This improvement comes

at the cost of few drawbacks: (1) They impose architectural constraints, e.g., global
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FT Logits/Embedding

L2 Loss

Figure 4.2: An overview of the proposed unit L2-Norm constrained attention fil-
ter (L2-CAF). Given a pre-trained CNN with an auxiliary head (Aux NN), feed
an input frame through a normal feed-forward pass (green solid path) to generate
the network output logits/embedding NT (x). Then, feed the same input again but
multiply the last convolutional feature map by a constrained attention filter f (or-
ange dashed path) to generate a new filtered output FT (x, f). Optimize the filter’s
weights through gradient descent to minimize the difference between NT (x) and
FT (x, f). In standard CNN architectures, the L2-CAF is typically 7 × 7, i.e., a
cheap optimization problem ∈ R49.

average pooling (GAP) layer; (2) While fine-tuning boosts localization efficiency, it

degrades classification accuracy. Grad-CAM [120] avoids these limitations, but it is

originally formulated for classification networks.

Retrieval networks are essential for visual search [96, 64], zero-shot learning [8,

152, 163], and fine-grained retrieval [124, 95]. The large metric learning [95, 143, 16]

and product quantization [9, 75, 27] literature reflect their importance. Despite that,

attention visualization for retrieval networks has not been evaluated quantitatively.

It is more challenging compared to classification due to the network’s output – a

class-oblivious embedding.

The main contribution of this paper is to leverage the L2-CAF as a visual-

ization filter to identify key features of both classification and retrieval networks’

output. Figure 4.2 illustrates the approach. Given a pre-trained CNN, feeding the

same input x through the network (green solid path) will always generate the same

output NT (x). If the final convolutional feature map is multiplied by a constrained
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attention filter f in an element-wise manner (orange dashed path), the network

generates a filtered output FT (x, f). Through gradient descent, we optimize f to

minimize the L2 loss L = ||NT (x) − FT (x, f)||2. The optimized filter f reveals

key spatial regions, e.g., the cat’s head. The filter size (fw, fh) depends on the

convolution layer size, e.g., the last convolution layer in standard CNNs ∈ R7×7.

This approach imposes no constraints on the network architecture besides

having a convolution layer. The input can be a regular image or a pre-extracted

convolutional feature. The network output can be logits trained with softmax or a

feature embedding trained with a ranking loss. Furthermore, this approach neither

changes the original network weights nor requires fine-tuning. Thus, network per-

formance remains intact. The visualization filter is applied only when an attention

map is required. Thus, it poses no computational overhead during inference. L2-

CAF visualizes the attention of the last convolutional layer of GoogLeNet within

0.3 seconds.

Section 4.3 describes two variants of the L2-CAF and their mathematical op-

timization details. The first is the class-oblivious variant illustrated in Figure 4.2.

The second is the class-specific variant for classification networks to localize objects

of a specific class. We also present a technique to reduce the computational cost of

the L2-CAF’s optimization formulation. We benchmark our approach quantitatively

using WSOL for both classification and retrieval architectures.

In summary, the key contributions of this paper are:

1. A novel attention visualization approach for both classification and retrieval
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networks (Sec. 4.3). This approach achieves state-of-the-art WSOL results

using classification architectures (Sec. 4.4.1).

2. A modified Grad-CAM to better support WSOL on retrieval networks (Sec.

4.4.2); L2-CAF achieves significant localization improvement margins, up to

an absolute 36%, compared to the vanilla Grad-CAM.

3. A method to visualize attention for video frames that are temporally fused

using a recurrent network (Sec. 4.4.3).

4.2 Related Work

This section briefly reviews weakly supervised object localization (WSOL) for

classification networks. Grad-CAM is reviewed in the WSOL retrieval evaluation

Section 4.4.2. Figure 4.3 presents a high-level categorization of WSOL approaches

in terms of (1) supported architectures; (2) whether fine-tuning is required or not?

The experiment section provides further one-to-one comparisons.

Classification networks’ attention visualization increases interpretability and

enables WSOL. CAM [164] and Grad-CAM [120] identify the most discrimina-

tive spatial region. To boost WSOL performance, [122, 160, 161, 19] propose

architectural modifications to augment the most discriminative region with less-

discriminative object regions. This is achieved by fine-tuning a pre-trained network

while hiding the most discriminative region stochastically. This forces the network

to recognize other informative regions and thus improve WSOL. To detect and

hide the most discriminative region while fine-tuning, a network is assumed to use
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Figure 4.3: An overview of weakly supervised object localization (WSOL) ap-
proaches for classification and retrieval networks. Some approaches impose archi-
tectural constraints and require fine-tuning, e.g., CAM and ADL.

global average pooling (GAP) [164, 122, 19] or an equivalent 1×1 feature reduction

convolution layer [160]. This fine-tuning paradigm tends to degrade classification

performance.

4.3 Constrained Attention Filter (CAF)

This section presents two variants for optimizing the proposed L2-CAF. The

first variant, class-oblivious, works for both classification and retrieval CNNs. It

generates a single heatmap per frame. The second variant, class-specific, works for

classification CNNs and generates class-specific heatmaps per frame. Both vari-

ants impose no architectural constraints in terms of spatial pooling (GAP, FCN) or

temporal fusing components (RNN, LSTM).

4.3.1 Class-Oblivious Variant

Given a pre-trained network and an input x ∈ RW×H×3, the last convo-

lution layer provides a feature map A ∈ Rw×h×k, with size w × h and k chan-

nels. The network’s output NT (x), logits or embedding, depends on discriminative
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features in A. We optimize an L2 normalized filter f to identify the discrimina-

tive features to the network’s output NT (x). After multiplying A by the filter f(
A
⊙

f = A′ ∈ Rw×h×k), the network generates a filtered output FT (x, f). While

fixing the network’s weights and input, we optimize f to minimize

L = ||NT (x)− FT (x, f)||2, subject to ||f ||2 = 1, (4.1)

FT (x, f) equals NT (x) if and only if f = fI = {1}w×h which is infeasible due to

the unit L2-Norm constraint.

Intuition: An ideal heatmap can be regarded as a filter that approximates NT (x)

by blocking irrelevant features in A. Accordingly, we seek a filter f that spatially

prioritizes convolutional features and flexibly captures irregular (e.g., discontinuous)

shapes or multiple different agents in a frame. The L2-Norm, a simple multi-mode

differentiable filter, satisfies these requirements. On account of irrelevant features,

the ||f ||2 = 1 constraint assigns higher weights to relevant features. Figure 4.11

qualitatively emphasizes the intuition behind the L2-Norm constraint.

This formulation (Eq. 4.1) is oblivious to the nature of the network’s output

(logits or embedding), architecture, and input format (RGB image or pre-extracted

features). For a given input x, the class-oblivious formulation generates a single

heatmap. This can be a limitation if the input x contains objects from different

classes. The next subsection tackles this limitation by offering an alternative class-

specific optimization formulation.
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4.3.2 Class-Specific Variant

To support class-specific heatmaps per input, we first assume a classification

CNN architecture with class-specific logits. We learn the attention for class c by

optimizing the L2-CAF f using the following loss function

Lc = −FTc(x, f) +
N∑

i=0, i6=c

FTi(x, f), subject to ||f ||2 = 1, (4.2)

where FTc(x, f) is the filtered output’s logit for class c and N is the total num-

ber of classes. This loss maximizes the output logit for the intended class c while

minimizing the output logits for all other classes.

Figure 4.1 presents a qualitative comparison between the class-oblivious and

class-specific variants. For example, the first example shows an image of a butterfly

standing on a mastiff’s nose. The first image shows the resulting heatmap from

optimizing Eq. 4.1. The following two images show the result heatmaps from opti-

mizing Eq. 4.2 for the mastiff and butterfly classes, respectively. In these examples,

the L2-CAF is applied to the last convolutional layer.

Technical Details: To compute the class-oblivious heatmap for an input x, we

utilize gradient descent for l iterations. At iteration i, Li is computed using the

filter f i

||f i||2 . The filter f is initialized randomly, i.e., f 1 ∈ [0, 1]w×h. Gradient descent

iteratively updates f to minimize L. We terminate when L converges and remains

approximately the same for d iterations. Concretely, we terminate the gradient

descent at i = l when
∣∣Ll − Ll−d∣∣ < ε where ε = 10−5 and d = 50. This constrained
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minimization formulation is non-convex, so we also impose a maximum number of

iterations Lmax to avoid oscillating between local minima. After termination, the

heatmap is generated by resizing |f |l
||f l||2 to the input’s size. The same procedure is

used for class-specific heatmaps with Lc (Eq. 4.2). For more details, please refer to

our released code.

Timing: To optimize the small (e.g., 7× 7) L2-CAF using gradient descent, the

vanilla L2-CAF requires multiple feed-forward and backpropagation passes through

the network. This is affordable for lightweight networks like MobileNet [54] and

GoogLeNet (InceptionV1) [131] but computationally expensive for bulky networks

like VGG [121] and DenseNet [58]. We propose a technique to reduce this cost

through (1) making a single feed-forward pass through the whole network to compute

the network’s output at every layer, (2) optimizing the L2-CAF f using a small

subset of layers.

Figure 4.4 illustrates this technique. Instead of optimizing the filter f through

the network’s endpoints (x, NT (x)), it is equivalent to use the outputs of the direct

pre and post layers (V , V ′) to the attention filter. For a given input x, these layers’

outputs (V (x), V ′(x)) require a single feedforward pass through the whole network.

Once computed, the loss function from Eq. 4.1 becomes

L = ||V ′(x)− FT (V (x), f)||2, subject to ||f ||2 = 1. (4.3)

To generate class-specific heatmaps for a classification network, V ′(x) must

be the network’s logits NT (x). Since it is typical to visualize the attention of the
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Figure 4.4: Reduce the computational optimization cost of the L2-CAF f by solving
an equivalent sub-problem (blue-dashed). Instead of using the network’s endpoints
(x, NT (x)), use (V (x), V ′(x)) to optimize f .

last convolution layer, this formulation skips the overhead of a network’s trunk

and significantly reduces the computational cost. The speed-up of this technique is

quantified through an ablation study.

The fast L2-CAF approach is a computationally cheaper alternative to sam-

pling [100, 123] and masking [30, 29] approaches. In addition, the L2-CAF has

a smaller set of hyper-parameters. For instance, while both L2-CAF and mask-

ing [30, 29] approaches require a stopping criterion for an optimization problem,

Fong et al. [29] evaluate multiple mask-sizes per image. Furthermore, the fast L2-

CAF works on a small subset of network layers, i.e., independent of the network

backbone. Thus, it compares favorably for video processing. For 3D volumes (e.g.,

medical images), our optimization problem remains independent of the network

size, i.e., ∈ R7×7×7.

4.4 Experiments

The next two subsections present L2-CAF’s quantitative evaluation using

classification and retrieval networks, respectively. Then, a recurrent retrieval net-
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work qualitatively illustrates L2-CAF’s potential for video applications. Finally, we

present our ablation studies.

4.4.1 WSOL Using Classification Networks

The L2-CAF is quantitatively evaluated using WSOL on both standard and

fine-tuned classification architectures. We leverage the ImageNet validation set [22]

for evaluation on standard architectures. For fined-tuned architectures, we fol-

low ADL [19] evaluation procedure and utilize both ImageNet [22] and CUB-200-

2011 [142] datasets. In all experiments, we use the fast L2-CAF technique. The

loss in Eq. 4.2 is minimized using the last convolution layer and the network’s logits

(before softmax) as endpoints.

Evaluation using standard architectures is performed using both the top-

1 and top-5 predictions. Similar to [120], we obtain the top predictions for every

image, then, optimize our filter f to learn the corresponding heatmap for every

prediction. Following Zhou et al. [164], we segment the heatmap using a simple

thresholding technique. This generates connected segments of pixels; we draw a

bounding box around the largest segment. Localization is correct if the predicted

class is correct and the intersection over union (IoU) between the ground truth and

estimated bounding boxes is ≥50%. Table 4.1 compares L2-CAF and Grad-CAM

using three architectures. Both approaches are applied to the last 7× 7 convolution

layer. We fix the architecture and evaluate different localization approaches – same

classification but different localization performance.
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Table 4.1: Classification and localization accuracies on the ImageNet (ILSVRC)
validation set using standard architectures – no fine-tuning required.

Classification Localization

Method Backbone Top 1↑ Top 5↑ Top 1↑ Top 5↑

Grad-CAM GoogLeNet [131] 71.17 86.39 44.43 57.50
L2-CAF (ours) GoogLeNet [131] 71.17 86.39 45.48 59.32

Grad-CAM ResNetV2-50 [45] 71.51 86.56 46.57 59.96
L2-CAF (ours) ResNetV2-50 [45] 71.51 86.56 48.18 62.38

Grad-CAM DenseNet-161 [58] 78.20 91.39 49.28 66.57
L2-CAF (ours) DenseNet-161 [58] 78.20 91.39 49.68 65.28

Table 4.2: Classification and localization accuracies on the CUB-200-2011 test and
ImageNet validation split using fine-tuned architectures. The accuracy with an
asterisk* indicates that the score is from the original paper.

CUB-200-2011 ImageNet

Method Backbone Tuning CLS ↑ LOC ↑ CLS ↑ LOC ↑

CAM VGG-GAP GAP 68.53 45.66 69.96 43.46
L2-CAF (ours) VGG-GAP GAP 68.53 46.01 69.96 44.09
Fuse 2 CAMs VGG-GAP ACoL [160] 71.90 45.90* 67.50 45.83*
CAM VGG-GAP ADL 64.16 48.27 69.58 42.93
L2-CAF (ours) VGG-GAP ADL 64.16 48.55 69.58 43.27

CAM ResNet50-SE ADL 78.94 61.71 76.218 49.90
L2-CAF (ours) ResNet50-SE ADL 78.94 61.16 76.218 50.49

L2-CAF versus Grad-CAM: Grad-CAM is 5 times faster than L2-CAF on

DenseNet-161 (7 times on GoogLeNet). Both approaches support a large variety

of architectures. In terms of localization accuracy, L2-CAF compares favorably to

Grad-CAM. Fong and Vedaldi [30] explain why gradient-based approaches like Grad-

CAM are not optimal for visualization. They show that neural networks’ gradients

∂y
∂x

are independent of the input image x for linear classifiers (y = wx+ b; ∂y
∂x

= w).

For non-linear architectures, this problem is reduced but not eliminated. They also

show qualitatively that gradient saliency maps contain strong responses in irrelevant

image regions. We hypothesize that DenseNet-161’s better classification accuracy

and, accordingly, better gradient closes the localization performance gap.

Evaluation using fine-tuned architectures is performed using the top-1
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accuracy on fine-tuned architectures (e.g., VGG-GAP [164]); this follows the eval-

uation procedure in attention-based dropout layer (ADL) [19]. ADL is the current

state-of-the-art method for WSOL. During fine-tuning, ADL applies dropout at

multiple network stages. It is not straightforward to determine where to plug these

extra dropout layers – it is network dependent. Therefore, we leverage their publicly

released VGG-GAP and ResNet50-SE implementations to evaluate our approach.

The ACoL performance is reported from the original paper.

Table 4.2 presents a quantitative evaluation using CUB-200-2011 and Ima-

geNet datasets. The first column denotes the object localization approach, e.g.,

CAM versus L2-CAF. Grad-CAM is dropped because it is equivalent to CAM when

a GAP layer is utilized [120]. In the second column (backbone), all the architectures

utilize a global average pooling or an equivalent surrogate [160]. The third column

denotes the fine-tuning approaches considered: GAP [164], ACol [160], ADL [19].

We fine-tune the VGG-GAP architecture with both GAP and ADL. L2-CAF con-

sistently outperforms CAM’s localization on the ImageNet validation set.

Relation with WSOL approaches (e.g., ADL): To generate class activation

maps (CAMs), WSOL approaches employ a global average pooling layer (GAP) [164,

122, 161, 19], or equivalent [160]. L2-CAF relaxes this architectural requirement.

Thus, while supporting previous WSOL approaches, L2-CAF introduces a new de-

gree of freedom. This flexibility is vital to explore attention visualization and WSOL

beyond standard supervised classification networks.
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Figure 4.5: Histogram of the foreground objects’ bounding box size relative to the
whole image in CUB and CARS196 datasets. CUB birds tend to occupy less than
50% of the whole image (left-skewed), while the Stanford cars are normally dis-
tributed.

4.4.2 WSOL Using Retrieval Networks

Weakly supervised object localization provides a quantitative evaluation met-

ric for attention visualization approaches. The ability to localize attention for vari-

ous architectures is a core advantage of L2-CAF. In this subsection, we quantitatively

evaluate L2-CAF against Grad-CAM. We employ the class oblivious formulation

(Eq. 4.1) using the last convolution layer and the raw embedding (before unit-circle

normalized) as endpoints.

Datasets: We employ CUB-200-2011 birds [142] and Stanford CARS196 [69] re-

trieval datasets, i.e., standard retrieval datasets [95, 143, 16, 146]. Both datasets

provide the ground truth bounding box annotation. They pose several challenges for

foreground objects’ localization. Birds are not naturally rectangular; discriminative

parts (e.g., head [14]) occupy a small part of the body. Cars pose a similar challenge

in terms of relatively smaller discriminative parts (e.g., wheel) relative to the whole

body. Figure 4.5 depicts the ratio of the ground truth bounding box to the whole

image size for both datasets.

Evaluation metrics: For retrieval, we utilize both Recall@1 (R@1) and the Nor-
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Table 4.3: Triplet (TL) and N-pair (NP) losses’ quantitative retrieval evaluation
using NMI and Recall@1 on CUB-200-2011 and CARS196. Quantitative localization
accuracy evaluation using the 0.5 intersection over union (IoU) criterion. 4 column
indicates the absolute localization improvement margin relative to the vanilla Grad-
CAM.

CUB-200-2011 CARS196

Retrieval Localization Retrieval Localization

Method Backbone Loss NMI↑ R@1↑ LOC↑ 4 NMI↑ R@1↑ LOC↑ 4

Grad-CAM GoogLeNet TL 0.582 47.75 20.63 - 0.532 54.55 32.38 -
Grad-CAM-abs GoogLeNet TL 0.582 47.75 22.96 +2.33 0.532 54.55 46.21 +13.82
L2-CAF (ours) GoogLeNet TL 0.582 47.75 29.63 +9.00 0.532 54.55 54.10 +21.72

Grad-CAM ResNet TL 0.601 50.06 16.15 - 0.565 61.55 31.77 -
Grad-CAM-abs ResNet TL 0.601 50.06 29.49 +13.34 0.565 61.55 56.32 +24.55
L2-CAF (ours) ResNet TL 0.601 50.06 39.28 +23.13 0.565 61.55 61.27 +29.50

Grad-CAM GoogLeNet NP 0.583 48.95 14.13 - 0.597 65.23 28.29 -
Grad-CAM-abs GoogLeNet NP 0.583 48.95 19.87 +5.74 0.597 65.23 55.01 +26.72
L2-CAF (ours) GoogLeNet NP 0.583 48.95 30.50 +16.37 0.593 65.23 64.85 +36.56

Grad-CAM ResNet NP 0.580 47.92 11.92 - 0.609 67.61 32.42 -
Grad-CAM-abs ResNet NP 0.580 47.92 26.67 +14.75 0.609 67.61 61.62 +29.20
L2-CAF (ours) ResNet NP 0.580 47.92 38.69 +26.77 0.609 67.61 67.35 +34.93

malized Mutual Information (NMI) metrics. For localization, we follow the same

evaluation procedure in [164, 120] for classification networks. We replace the top-1

by R@1 metric to decide if the network’s output is correct or not. The same IoU

> 50% criterion is used to evaluate localization.

Vanilla Grad-CAM baseline: To evaluate L2-CAF quantitatively, we extend the

classification Grad-CAM to deal with retrieval networks. The Grad-CAM class-

discriminative localization map M c has been proposed as follows

M c = RELU

(∑
k

αckA
k

)
(4.4)

αck =
1

w × h

w∑
i=0

h∑
j=0

∂yc

∂Aki,j
, (4.5)

where M c ∈ Rw×h for any class c, A ∈ Rw×h×k is a convolutional feature map with

k channels. αc ∈ Rk quantifies the kth channel’s importance for a target class c.
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Figure 4.6: Qualitative attention evaluation for different visualization approaches
on retrieval networks. Both Grad-CAM variants suffer near images’ corners.

Basically,
∑

k α
c
kA

k provides a weighted sum of the feature maps (A) for class c. αck

is computed using the gradient of the score for class yc with respect to the feature

maps Ak.

To support a retrieval network, we utilize the gradient of the output embedding

∂y
∂Aki,j

instead of the class score ∂yc

∂Aki,j
as follows

αyk =
1

w × h

w∑
i=0

h∑
j=0

∂y

∂Aki,j
, (4.6)

we denote this formulation as vanilla Grad-CAM for retrieval. We compute ∂y
∂Aki,j

using tf.gradients [1].

Grad-CAM-abs baseline: The Vanilla Grad-CAM is largely inferior for retrieval

networks because of the RELU in Eq. 4.4. RELU is introduced for classification

networks to emphasize feature maps that have a positive influence on the class of

interest yc, assuming pixels with negative gradient belong to other classes. This

assumption is valid for classification but invalid for retrieval. Therefore, we fur-

ther modify the Grad-CAM formulation by replacing the RELU with the absolute
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function abs. This Grad-CAM-abs baseline is defined as follows

My
abs = abs

(∑
k

αykA
k

)
. (4.7)

Implementation Details For Retrieval Networks: To evaluate the localization

performance quantitatively, we leverage both triplet [118] and N-pair [124] ranking

losses. We use the default settings for each loss; the N-pair’s embedding is unnormal-

ized while the triplet loss’s embedding is normalized to the unit-circle and a margin

m = 0.2 is utilized. We employ ResNet-50 [44] and GoogLeNet [131] as backbones.

These are standard architectures for evaluating ranking losses [124, 143, 95]. Both

architectures are trained for 5K iterations. VGG architecture is omitted because it

overfits on these datasets. Similar to Hermans et al. [48], the last convolution layer

is followed by a global average pooling layer then a single fully connected layer, i.e.,

a feature embedding ∈ R128.

Results: Table 4.3 presents a quantitative evaluation for both retrieval and lo-

calization performance. ResNet-50 has more parameters than GoogLeNet; and is

marginally better in terms of retrieval. Generally, N-pair loss outperforms triplet

loss. Cars are rectangular and thus simpler than CUB birds for bounding box lo-

calization. The localization error is highly correlated and upper-bounded by the

retrieval performance (R@1). Grad-CAM-abs outperforms the vanilla Grad-CAM

for retrieval. L2-CAF brings further localization improvement.

Figure 4.6 qualitatively compares different localization approaches. We found

that feature maps at the images’ corners can have a high positive gradient, while
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Figure 4.7: Qualitative localization evaluation on CUB-200-2011 and CARS196 us-
ing a retrieval network trained with a triplet loss. The green and blue bounding
boxes indicate the ground truth and the L2-CAF bounding boxes, respectively.
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Figure 4.8: A convolution architecture to embed autonomous navigation videos.
This network employs a ranking loss to learn a feature embedding and a recurrent
layer for temporal modeling. The CNN layer is shared across the three frames. The
attention filters (f1, f2, f3) are used during attention visualization only.

the feature maps at the foreground object can have a high negative gradient. It is a

common practice to embed images into the unit-circle, i.e., some images are embed-

ded in the negative space. When this happens, the vanilla Grad-CAM ignores the

foreground objects. Grad-CAM-abs handles negative gradient better but still suffers

around the corners. Grad-CAM inferior behavior around the corner is qualitatively

reported in [29]. This undesirable behavior degrades Grad-CAM’s WSOL perfor-

mance. Figure 4.7 shows a qualitative localization evaluation on both datasets. For

CUB-200-2011, our estimated bounding box (blue) tends to be centered around the

birds’ heads.
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Figure 4.9: The recurrent network’s attention visualization at different time steps
using heatmaps. Each row depicts three frames sampled from an action video.
Contours highlight regions with higher attention. The network attends to the spatial
locations of traffic lights and road signs. This figure is best viewed on a screen (color
and zoom).

4.4.3 Recurrent Networks’ Attention

This subsection illustrates how to visualize attention for temporally fused video

frames through the Honda driving dataset (HDD) [106]. HDD is a video dataset

for reasoning about drivers’ actions (events) like crossing intersections, making left

and right turns. A key objective is modeling the subtle intra-action (events) varia-

tions without explicit fine-grained labeling. For instance, an autonomous navigation

application with a left-turn query video should differentiate smooth left-turns ma-

neuvers from those interrupted by crossing pedestrians. A retrieval network models

these intra-action variations through a feature embedding.

Figure 4.8 presents a recurrent retrieval network for video embedding. Given

a trimmed video event, three frames are sampled at t1, t2, and t3. To enable a large
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training mini-batch for triplet loss, a pre-trained ResNet is employed to extract

convolutional features for every frame. The extracted ResNet features are fed into

a trainable shallow CNN. The resulting convolutional features are temporally fused

using an LSTM [33, 50].

After training, we employ three L2-CAF filters (f1, f2, and f3) to visualize

attention, i.e., one filter per frame. These filters are inserted between the shallow

CNN and the LSTM layers during inference only. To ground attention in each

frame, we optimize each filter independently. Concretely, we pass the first frame’s

features through f1 and optimize f1 while feeding the second and third frames’

features normally, i.e., f2 and f3 are inactive. After f1 converges, we deactivate it

and optimize the next filter f2 and so on. After optimizing all filters, each filter

provides an attention map for the corresponding frame.

Figure 4.9 presents our qualitative evaluation. In the first row at t3, the net-

work attention is drawn to the traffic lights and double yellow lane marks. Similarly,

the second row shows attention drawn toward the traffic light at t1,2. The final row

shows an interesting case at t3 where the attention is drawn to the stop sign and also

to the frame’s top center, which is the typical location for a traffic light. Through

visualization, we can see that the network uses traffic lights, signs, and road signs

as discriminative features. We found that a Mast Arm (L-shaped) traffic light is

easier to detect by a neural network compared to a straight pole traffic light. The

variable height of a straight pole traffic light poses a challenge for neural networks.

For instance, the network attends to the right side of the frame multiple times at

different heights in the second row at t1,2.
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Pretrained Different Random Logits Different Random Weights

Figure 4.10: Sanity checks [2]. First column visualizes attention using a pretrained
network–nothing random. Columns two to five visualize attention when logits and
weights (all-layers) are randomized. Different random initializations generate differ-
ent heatmaps.

Original L2-CAF Softmax Gaussian

Figure 4.11: Qualitative evaluation for alternative constraints. Softmax offers a
sparse result while the Gaussian filter assumes a single mode. L2-CAF supports
multi-mode.

4.4.4 Ablation Study

This subsection provides sanity checks for saliency maps [2], then evaluates

alternative attention constraints, and finally presents a timing analysis.

Sanity Checks: Figure 4.10 shows how L2-CAF is affected by randomly initialized

logits-layer or weights (all layers). Sanity checks [2] emphasize a high dependency

between the optimized L2-CAF (heatmap) and the network’s weights.

Alternative Attention Constraints: We qualitatively compare the L2-CAF with
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both softmax and Gaussian constraints. These are selected for their differentiabil-

ity, simplicity, and usability in recent literature. Other filtering alternatives (e.g.,

L1-Norm) are also feasible. Softmax is a typical attention mechanism for image

captioning [148, 62] and machine translation [139]. In these problems, the softmax

attention module is employed recurrently on a single image frame or an input sen-

tence for every output word. This fits the softmax’s sparse nature. Gaussian filters

have been utilized for temporal action localization [81, 101]. They are denser (more

relaxed) compared to softmax but also assume a single mode (elliptical shape). To

localize objects in images using a Gaussian constraint, we optimize the filter’s mean

µ ∈ R2 while fixing the covariance matrix σ ∈ R2×2 to the identity matrix. σ must

be constrained to avoid a degenerate solution where the Gaussian becomes a uni-

form distribution, i.e., σ → ∞. All filters are optimized using the class-oblivious

formulation (Sec 4.3.1).

Figure 4.11 provides a qualitative evaluation using GoogLeNet architecture

and three attention constraints. The L2-CAF identifies key region(s) for a network’s

output with a single glimpse. The filter prioritizes these regions quantitatively. L2-

CAF supports a large spectrum of neural networks as a post-training inspection

tool. It supports complex architectures including, but not limited to, encoder-

decoder [66, 109], generative [36], and U-shaped architectures [112, 74]. It neither

undermines the performance nor raises the inference cost. L2-CAF is not the fastest

attention visualization approach but is computationally cheap.

Timing Analysis: Speed is the main limitation of our iterative formulation. Fig-

ure 4.12 presents a timing analysis for L2-CAF. The y-axis denotes the processing
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Figure 4.12: Time analysis for the L2-CAF. The fast L2-CAF brings a significant
speed-up while solving the same optimization problem.

time per frame in seconds. The vanilla L2-CAF uses the default endpoints (x,

NT (x)), while the fast L2-CAF uses the output of the last convolution layer and

the logits NT (x) as endpoints. The vanilla and fast L2-CAF are equivalent opti-

mization problems but the fast L2-CAF provides a significant speed-up. The three

fully connected layers in VGG, between the last convolution layer and the logits,

limit the fast optimization technique. VGG-GAP replaces these fully connected lay-

ers with an average pooling layer, so its speed is similar to GoogLeNet. Fast L2-CAF

takes ≈ 0.4 and 0.3 seconds per frame on VGG-GAP and GoogLeNet, respectively.

The DenseNet-161’s speed-up is maximum because the fast L2-CAF skips all dense

blocks before the last convolution layer.

4.5 Conclusion

We have introduced the unit L2-Norm constrained attention filter (L2-CAF) as

a visualization tool that works for a large spectrum of neural networks. L2-CAF nei-

ther requires fine-tuning nor imposes architectural constraints. Weakly supervised

object localization is utilized for quantitative evaluation. State-of-the-art results are

achieved on both standard and fine-tuned classification architectures. For retrieval
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networks, L2-CAF significantly outperforms Grad-CAM baselines. Ablation stud-

ies highlight L2-CAF’s superiority to alternative constraints and analyze L2-CAF’s

computational cost.
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Chapter 5: Boosting Standard Classification Architectures Through

a Ranking Regularizer

We employ triplet loss as a feature embedding regularizer to boost classifica-

tion performance. Standard architectures, like ResNet and Inception, are extended

to support both losses with minimal hyper-parameter tuning. This promotes gener-

ality while fine-tuning pretrained networks. Triplet loss is a powerful surrogate for

recently proposed embedding regularizers. Yet, it is avoided due to large batch-size

requirement and high computational cost. Through our experiments, we re-assess

these assumptions.

During inference, our network supports both classification and embedding

tasks without any computational overhead. Quantitative evaluation highlights a

steady improvement on five fine-grained recognition datasets. Further evaluation on

an imbalanced video dataset achieves significant improvement. Triplet loss brings

feature embedding capabilities like nearest neighbor to classification models.

5.1 Introduction

Standard convolutional architectures [44, 131] learn powerful representation

for classification. Pretrained ImageNet [22] weights scale their strength through fine
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(a) Softmax Loss (b) Triplet Loss Regularizer

Figure 5.1: Softmax learns powerful representations with limited embedding regu-
larization. Triplet loss promotes better embedding without an explicit number of
class centers.

tuning to novel domains and relax the large labeled dataset requirement. Yet, the

learned representation through softmax attains limited intra-class compactness and

inter-class separation. To advocate for a better embedding quality, we propose a

two-head architecture. We leverage triplet loss [118] as a classification regularizer.

It promotes a better feature embedding by attracting similar and repelling different

classes as shown in Figure 5.1. This embedding also raises classification model

interpretability by enabling nearest neighbor retrieval.

Embedding losses have been successfully applied in conjunction with softmax

loss as regularizers. For example, center loss [145] was proposed for better face

recognition efficiency. Magnet loss [110] generalizes the unimodality assumption of

center loss. A recent triplet-center loss (TCL) [47] uses only a unimodal embedding

but introduced a repelling force between class centers, i.e., inter-class margin max-

imization. All these methods assume a fixed number of class centers (embedding

modes) for all classes.

Unlike the aforementioned approaches, the standard triplet loss requires no

explicit number of embedding modes. Thus, it avoids computing class centers while
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Figure 5.2: Our proposed two-head architecture builds on standard networks –
ResNet used for visualization, xinput = pool(hinput). Besides computing classification
logits, the pre-logits layer supports the embedding head. Softmax and triplet losses
are applied to the classification logits and embedding features, respectively.

promoting intra-class compactness and inter-class margin maximization. Surpris-

ingly, recent papers [145, 47] do not report the softmax+triplet loss quantitative

evaluation. Assumptions about large training batch requirement [118] for faster con-

vergence or high batch-processing complexity, to compute pairwise distance matrix,

have hindered triplet loss’s adoption. Our experiments reassess these assumptions

through multiple triplet loss sampling strategies.

To incorporate embedding losses, previous approaches employ loss-specific ar-

chitectures. This custom setting is imperfect for the softmax baseline as it omits

the pre-trained ImageNet weights. Through our proposed seamless integration into

standard CNNs, we push our baselines’ limits. We introduce an embedding head

similar to the classification head. Each head applies a single fully connected (FC)

layer on the pre-logit convolutional layer features. Figure 5.2 shows our two head

architecture where the pre-logit convolutional features support both softmax and

triplet losses for classification and embedding respectively. This integration boosts

classification performance while promoting better embedding.
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We evaluate our approach on various classification domains. The first is a fine-

grained visual recognition (FGVR) across five datasets. The second domain is an

ego-motion action recognition task with high class imbalance. Large improvements

(1-4%) are achieved in both domains. Evaluation on multiple architectures with the

same hyper-parameters highlights our approach’s generality. The large batch size

requirement represents a key challenge for triplet loss adoption; Schroff et al. [118]

use a batch-size b = 1800 and trained on a CPU cluster for 1,000 to 2,000 hours. In

our experiments, we show that using a small batch size b = 32 still improves perfor-

mance. A further qualitative evaluation highlights beneficial qualities like nearest

neighbor retrieval added to standard classification architectures. In summary, the

key contributions of this paper are:

1. A two-head architecture proposal that uses triplet loss as a regularizer to

boost standard architectures’ performance through promoting a better feature

embedding.

2. A re-evaluation of the large batch size requirement and high computational

cost assumptions for triplet loss,

3. Enable better nearest neighbor retrieval on classification architectures.

5.2 Related Work

Visual recognition deep networks employ softmax loss as follows

Lsoft = −
b∑
i=1

log
eW

T
yi
xi∑n

j=1 e
WT
j xi

, (5.1)
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where xi ∈ Rd denotes the ith deep feature, belonging to the yith class. In standard

architectures, xi is the pre-logit layer; the result of flattening the pooled convolu-

tional features as shown in Figure 5.2. Wj ∈ Rd denotes the jth column of the

weights W ∈ Rd×n in the last fully connected layer. b and n are the batch size and

the number of class respectively. The softmax loss only cares about separating sam-

ples from different class. It disregards properties like intra-class compactness and

inter-class margin maximization. Embedding regularization is one way to tackle

this limitation. Figure 5.3 depicts different embedding regularizers; all require an

explicit number of embedding modes.

5.2.1 Center Loss

Wen et al. [145] propose center loss to minimize intra-class variations. By

maintaining a per class representative feature vector cyi ∈ Rd, the novel loss term in

equation 5.2 is proposed. The class centers are computed by averaging correspond-

ing class features. They are updated after every training mini-batch. To avoid

perturbations caused by noisy samples, a hyper-parameter α controls the learning

rate of the centers, i.e., moving average.

Lcen =
1

2

b∑
i=1

‖ xi − cyi ‖2
2. (5.2)
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(a) Softmax Loss (b) Center Regularizer (c) Magnet Regularizer (d) TCL Regularizer

Figure 5.3: Visualization of softmax and feature embedding regularizers. Softmax
separates samples with neither class compactness nor margin maximization consid-
erations. Center loss promotes unimodal compact class while magnet loss supports
multi-modal embedding. Triplet center loss (TCL) strives for unimodal, margin
maximization and class compactness. The computed classes’ centers are depicted
using a star symbol

5.2.2 Magnet Loss

Rippel et al. [110] propose a center loss term supporting multi-modal embed-

ding, dubbed magnet loss. It computes K class representatives, i.e., K-clusters

per class. Each sample is iteratively assigned to one of the K clusters and pushed

towards its center. The magnet loss adaptively sculpts the representation space

by identifying and enforcing intra-class variation and inter-class similarity. This is

formulated as follows

LM = 1
N

∑N
i=1− log

exp( −1
2σ2‖ xki − µck ‖

2

2 − α)

∑
c6=C(xk

i
)

∑K
k=1 exp( −1

2σ2‖ xki − µck ‖
2

2 − α)

, (5.3)

where N and K are the number of samples and clusters per class respectively.

xki ∈ Rd denotes the ith deep feature, belonging to cluster k in the yith class, µck ∈ Rd

is the kth cluster center belonging to class c. Finally σ2 = 1
N−1

∑
‖ xki − µck ‖

2

2 is

the variance of all samples from their respective centers. One criticism of magnet

loss is the complexity overhead to maintain multiple clusters per class and their
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assigned samples. Moreover, the constant number of clusters per-class disputes

with imbalanced data distributions.

5.2.3 Triplet Center Loss

While promoting class compactness, the center loss depends on the softmax

loss supervision signal to push different classes apart. The learned features opti-

mized with the softmax loss supervision signal are not discriminative enough, i.e.,

no explicit repelling force pushes different classes apart. Inter-class clusters can

overlap due to missing an explicit inter-class repelling incentive. He et al. [47] pro-

pose triplet center loss (TCL) to avoid this limitation. By maintaining a per class

center cyi ∈ Rd similar to [145], TCL is formulated as follows

Ltcl =
b∑
i=1

[
(D(xi, cyi)−min

j 6=i
D(xi, cyj) +m)

]
+

, (5.4)

where m is a separating margin, [.]+ = max(0, .) and D(.) represents the squared

Euclidean distance function.

Triplet loss is a well-established surrogate for TCL. It achieves the intra and

inter-class embedding objectives without computing class centers. Yet, it is largely

avoided for its computational complexity and large training batch requirement as-

sumptions. In the experiment section, we address these concerns and evaluate the

utility of triplet loss as a regularizer. Our approach is evaluated on the challenging

FGVR task where intra-class overwhelm inter-class variations. Further evaluation

on the Honda driving dataset (HDD) demonstrates our approach’s competence on
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an imbalanced video dataset. Triplet loss regularization not only lead to higher

classification accuracy but also enables better feature embedding.

5.3 The Triplet Loss Regularizer

The next subsection introduces triplet loss [118] as a softmax loss regularizer.

Then, we explain our standard architectural extension to integrate a ranking loss.

5.3.1 Triplet Loss

Triplet loss [118] has been successfully applied in face recognition [118, 116]

and person re-identification [18, 128, 111]. In both domains, it is used as a feature

embedding tool to measure similarity between objects and provide a metric for

clustering. In this work, we utilize triplet loss as a classification regularizer. It

is more efficient than contrastive loss [40, 76], and less computationally expensive

than quadruplet [57, 16] and quintuplet [56] losses. While the pre-logits layer learns

better representations for classification using the softmax loss, triplet loss promotes

a better feature embedding. Equation 5.5 shows the triplet loss formulation

Ltri =
1

b

b∑
i=1

[(D(ai, pi)−D(ai, ni) +m)]+, (5.5)

where an anchor image’s embedding a of a specific class is pushed closer to a positive

image’s embedding p from the same class than it is to a negative image’s embedding

n of a different class. Equation 5.6 is our loss function with a balancing hyper-

parameter λ.
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L = Lsoft + λLtri. (5.6)

Sampling: Triplet loss performance is dependent on its sampling strategy. We

evaluate both the hard [48] and semi-hard [118] sampling strategies. In semi-hard

negative sampling, instead of picking the hardest positive-negative samples, all

anchor-positive pairs and their corresponding semi-hard negatives are considered.

Semi-hard negatives satisfy equation 5.7. They are further away from the anchor

than the positive exemplar, yet within the banned margin m.

D(a, p) < D(a, n) < D(a, p) +m. (5.7)

Figure 5.4 shows a triplet loss tuple and highlights the different types of nega-

tive exemplars: easy (n2), semi-hard (n1) and hard (n3) negatives. An easy negative

satisfies the margin constraint and suffers a zero loss. Unlike hard-sampling, semi-

hard sampling supports a multi-modal embedding. Hard sampling picks the farthest

positive and nearest negative without any consideration for the margin. In contrast,

Figures 5.5 illustrates how semi-hard sampling ignores hard negatives. Two classes,

red and green, are embedded into one and two clusters respectively. A hard sam-

pling strategy pulls the farthest positive from one cluster to the anchor in the other

cluster, i.e. promotes a merge. The semi-hard sampling strategy omits this tuple

because the negative sample is nearer than the positive.

The existence of a semi-hard negative is not guaranteed in small batches,
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Figure 5.4: Triplet loss tuple (anchor, positive, negative) and margin m. Hard,
semi-hard and easy negatives highlighted in red, cyan and orange, respectively.
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Figure 5.5: Hard sampling promotes unimodal embedding by picking the farthest
positive and nearest negative (a, p1, n). Semi-hard sampling picks (a, p2, n) and
avoids any tuple (a, p, n) where n lies between a and p.

especially near convergence. Thus, we prioritize negative exemplars as illustrated in

Figure 5.4. First priority is given to semi-hard (n1), then easy (n2) and finally hard

negatives (n3).

5.3.2 Two-Head Architecture

Standard convolutional architectures, with ImageNet [22] weights, are em-

ployed in various applications for their powerful representation. We seek to leverage

pre-trained standard networks for their advantages in tasks like fine-grained visual

recognition [78, 71, 70]. This key integration promotes the generality of our ap-
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Figure 5.6: Our proposed two-head architecture. The last convolutional feature map
(h) supports both embedding and classification heads. Operations and dimensions
are highlighted with blue and pink colors, respectively. ResNet-50 dimensions used
for illustration.

proach and distances our work from [145, 47, 130] which use custom architectures.

Through experiments, we demonstrate how triplet loss achieves superior classifica-

tion efficiency compared to center loss.

Unlike VGG [121], recent architectures [44, 132, 58] employ a convolutional

layer before the classification head. To generate logits, the classification head pools

the convolutional layer features, flatten them, then utilize a customizable fully con-

nected layer to support various numbers of classes. Similarly, we integrate triplet

loss to regularize embedding as shown in Figure 5.6. Before pooling, we flatten

the convolutional layer features then apply another fully connected layer Wemb to
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Num Classes 102 100 550 196 120
Avg samples Per Class 10 100 43.5 41.55 100
Train Size 1020 3334 23929 8144 12000
Val Size 1020 3333 N/A N/A N/A
Test Size 6149 3333 24633 8041 8580
Total Size 8189 10000 48562 16185 20580

Table 5.1: Statistics of five FGVR datasets and their corresponding train, validation
and test splits.

generate embeddings as illustrated in equation 5.9.

Logits = Wlogits ∗ flatten(x) (5.8)

Embedding = Wemb ∗ flatten(h), (5.9)

where x = pool(h). Orderless pooling, like averaging, disregard spatial information.

Thus, a fully connected layer Wemb applied on h has a better representation power.

The final embedding is normalized to the unit-circle and the square Euclidean dis-

tance metric is employed. During inference, the two-head architecture enables both

classification and retrieval with negligible overhead.

5.4 Experiments

5.4.1 Evaluation on FGVR

Datasets: We evaluate our approach on five FGVR datasets. These datasets com-

prise both make/model classification and wildlife species. The Aircrafts dataset
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contains 10,000 images of aircraft spanning 100 aircraft-models. The finer level

differences between models makes visual recognition challenging. The NABirds

dataset contains 48,562 images across 550 visual categories of North American birds.

The Flower-102 dataset contains 8189 images across 102 classes. The Stanford

Cars dataset contains 16185 images across 196 car classes that represent variations

in car make, model, and year. Finally, the Stanford Dogs dataset has 20,580 im-

ages across 120 breeds of dogs. These datasets provide challenges in terms of large

intra-class but small inter-class variations. Table 5.1 summarizes the datasets’ size,

number of classes and splits.

Baselines: We evaluate our approach against two baselines: (1) Single head soft-

max; (2) Two-head leveraging center loss [145] with it’s proposed hyper-parameters

λ = 0.003 and α = 0.5. We found Magnet loss [110] implementation computation-

ally expensive. It applies k-means to cluster all training samples after each epoch,

i.e., O(N2) where N is the train split size. For triplet loss, both hard [48] and

semi-hard [118] sampling variants are evaluated. By default, our hyper-parameter

λ = 1 and embedding normalized to the unit circle with dimensionality demb = 256.

With triplet hard sampling, a soft margin between classes is imposed by the softplus

function ln(1 + exp(•)). It is similar to the hinge function max(•, 0) but it decays

exponentially instead of a hard cut-off. With triplet semi-hard sampling, we employ

the hard margin m = 0.2 as proposed by [118]

All experiments are conducted on Titan Xp 12GB GPU with batch-size b = 32.

All networks are initialized with ImageNet weights, and then fine-tuned. Momen-

tum optimizer is utilized with momentum 0.9 and a polynomial decaying learning
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rate lr = 0.01. We quantitatively evaluate our approach on three architectures: (1)

ResNet-50 [44] and (2) DenseNet-161 [58] both trained for 40K iterations, and (3)

Inception-V4 [133] trained for 80K iterations. While early stopping is a valid regu-

larization form to avoid a fixed number of training iteration, not all datasets provide

a validation split as illustrated in table 5.1. The chosen number of training iterations

achieve comparable results with recent FGVR softmax baselines [77, 71, 25].

To evaluate our approach, our training batches contain both positive and neg-

ative samples. We follow the batch construction procedure proposed by Hermans

et al. [48]. A class is uniformly sampled then K = 4 sample images, with resolu-

tion 224 × 224, are randomly drawn. Training images are augmented online with

random cropping and horizontal flipping. This process iterates until a batch is com-

plete. Table 5.2 presents our fine-tuning quantitative evaluation on the five datasets.

Our two-head architecture with hard triplet loss achieves large steady (1-4%) im-

provement on ResNet-50. Similar trend appears with Inception-V4 but suffers an

interesting fluctuation between hard and semi-hard triplet loss. Section 5.4.3 reflects

on this phenomena through a quantitative embedding analysis. Vanilla DenseNet-

161 achieves comparable state-of-the-art results on all FGVR datasets, yet triplet

loss regularizer maintains a steady trend of performance improvement.

Center loss achieves an inferior classification performance especially on the

Dogs dataset – a lag ≈ 4% behind vanilla softmax on Inception-V4 and DenseNet-

161. The single mode embedding assumption is valid for face recognition [145] and

vehicle re-identification [80] because different images for the same identify belong to a

single cluster. However, when working with categories of high intra-class variations,
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Database Cars Flowers Dogs Aircrafts Birds
ResNet-50

Softmax 85.85 85.68 69.76 83.22 64.23
Two-Head (Center) 88.23 85.00 70.45 84.48 65.5
Two-Head (Semi) 88.22 85.52 70.69 85.08 65.20
Two-Head (Hard) 89.44 86.61 72.70 87.33 66.19

Inception-V4
Softmax 88.42 88.22 77.20 86.76 74.90
Two-Head (Center) 89.50 88.35 70.83 87.78 76.86
Two-Head (Semi) 89.72 88.69 77.71 88.59 76.99
Two-Head (Hard) 89.06 90.66 75.97 89.04 76.57

DenseNet-161
Softmax 91.64 92.56 81.58 89.13 78.69
Two-Head (Center) 89.08 92.58 77.02 89.97 79.05
Two-Head (Semi) 92.36 93.65 80.89 89.64 79.57
Two-Head (Hard) 92.41 93.25 81.16 89.34 79.47

Table 5.2: Quantitative evaluation on the five FGVR datasets using ResNet-50,
Inception-V4, and DenseNet-161.

this assumption degenerate the feature embedding quality. Our feature embedding

evaluation (Sec 5.4.3) highlights the consequence of using a single mode/cluster, for

general classification problems, in terms of feature embedding instability or collapse.

Our simple but vital integration into standard architectures distance our ap-

proach from similar softmax+clustering formulations. In addition, all recent con-

volutional architectures share similar ending structure; the last convolutional layer

is followed by an average pooling, and then a single fully connected layer. Thus,

apart from the studied architectures, our secondary embedding head proposal can

be applied to other architectures, e.g., MobileNet [54].

5.4.2 Task Generalization

For further evaluation, we leverage the Honda Research Institute Driving

Dataset (HDD) [105] for action recognition. HDD is an ego-motion video dataset

for driver behavior understanding and causal reasoning. It contains 10,833 events

spanning eleven event classes. Moreover, the HDD event class distribution is long-
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Figure 5.7: Honda driving dataset long tail class distribution

Figure 5.8: Stack of difference motion encoding. Instead of six frames, three are
used for visualization purpose. The first row shows a stack of two difference frames
constructed by subtracting consecutive pairs of grayscale frames in the second row.
These images are best viewed in color/screen.

tailed which poses an imbalance data challenge. Figure 5.7 shows the eleven event

classes with their distributions. To reduce video frames’ redundancy, three frames

are sampled per second, and events shorter than 2 seconds are omitted.

To leverage standard architecture for action recognition, stack of difference

(SOD) motion encoding proposed by Fernando et al. [28] is adopted. While better

motion encoding like optical-flow exists, the SOD is utilized for its simplicity and

ability to achieve competitive results [28, 134]. Given a sequence of frames repre-

senting an event, six consecutive frames spanning 2 seconds are randomly sampled.
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Micro Acc Macro Acc
Softmax (b = 33) 84.43 47.66
Two-head (Semi) (b = 33) 84.93 53.70
Softmax (b = 63) 84.45 46.53
Two-head (Semi) (b = 63) 84.85 54.08

Table 5.3: Action recognition quantitative evaluation on the Honda dataset. b
indicates the batch-size used. Macro average accuracy highlights performance on
minority classes.

They are converted to grayscale, and then every consecutive pair is subtracted to

create a stack of difference ∈ ZW×H×5 as depicted in Figure 5.8. Standard architec-

tures are easily adapted to this input representation by treating the SOD input as

a five-channel image instead of three.

Unlike FGVR input ∈ [0, 255], SOD ∈ [−255, 255]. Thus, we employ a ran-

domly initialized ResNet-50 [44] architecture. It is trained for 10K iterations with

λ = 1 and a polynomial decaying learning rate lr = 0.01. Batch sizes 33 and 63

are used to compare the vanilla softmax against our approach. To highlight perfor-

mance on minority classes, both micro and macro average accuracies are reported in

Table 5.3. Macro-average computes the metric for each class independently before

taking the average. Micro-average is the traditional mean for all samples. Macro-

average treats all classes equally while micro-averaging favors majority classes. Ta-

ble 5.4 highlights the efficiency of our approach on minority classes.
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Softmax Two-Head Softmax Two-Head
Event Batch-size 33 Batch-size 63
Background 96.28 95.29 97.32 96.28
Intersection Passing 74.61 75.86 74.26 74.68
Left Turn 85.49 84.87 85.18 86.11
Right Turn 88.47 87.22 86.91 86.60
Left Lane Change 59.40 66.33 55.44 62.37
Right Lane Change 44.79 61.45 40.62 51.04
Cross-walk Passing 18.18 18.18 12.12 12.12
U-Turn 0.00 11.76 0.00 23.52
Left Lane Branch 53.84 64.10 41.02 64.10
Right Lane Branch 0.00 6.24 12.49 18.74
Merge 3.22 19.35 6.45 19.35
Macro Accuracy 47.66 53.70 46.53 54.08

Table 5.4: Detailed evaluation on the Honda driving dataset. Our two-head archi-
tecture using semi-hard triplet loss achieves better performance on minority classes.

106



NMI R@1 R@4 R@8 R@16

Car - ResNet
CNTR 0.549 67.73 75.36 81.91 87.28
SEMI 0.879 89.45 93.14 95.24 96.62
HARD 0.900 91.95 94.22 95.70 96.78

Flowers - ResNet
CNTR 0.723 74.53 86.78 90.94 94.06
SEMI 0.822 87.56 94.29 96.39 97.89
HARD 0.856 90.40 94.00 94.84 95.64

Dogs - ResNet
CNTR 0.419 30.41 40.69 63.96 75.14
SEMI 0.708 60.70 79.55 85.84 90.15
HARD 0.740 64.01 81.60 86.41 89.97

Aircrafts - ResNet
CNTR 0.645 64.36 80.32 85.57 89.41
SEMI 0.846 82.15 90.01 92.38 94.45
HARD 0.879 85.84 91.63 92.89 93.94

NABirds - ResNet
CNTR 0.517 32.16 50.89 60.03 68.70
SEMI 0.749 56.30 76.08 82.99 88.30
HARD 0.769 59.09 77.35 83.49 88.12

Cars - Inc-V4
CNTR 0.120 2.98 5.96 8.84 13.87
SEMI 0.880 85.45 93.56 95.66 97.15
HARD 0.652 46.97 71.14 80.87 87.90

Flowers - Inc-V4
CNTR 0.183 9.01 11.97 13.82 16.13
SEMI 0.828 88.70 94.70 96.47 97.89
HARD 0.885 93.66 96.13 96.96 97.59

Dogs - Inc-V4
CNTR 0.726 65.47 76.62 79.01 81.04
SEMI 0.760 68.48 85.10 90.26 93.83
HARD 0.458 19.52 41.41 55.63 70.63

Aircrafts - Inc-V4
CNTR 0.333 27.21 36.75 42.81 49.62
SEMI 0.872 86.53 92.35 93.88 95.08
HARD 0.887 87.79 92.47 93.67 94.42

NABirds - Inc-V4
CNTR 0.209 3.77 6.26 8.29 11.50
SEMI 0.808 67.30 83.81 88.96 92.79
HARD 0.503 15.92 31.84 42.66 54.64

Cars - Dense
CNTR 0.914 88.93 93.97 95.01 95.65
SEMI 0.905 88.77 95.72 97.08 98.30
HARD 0.913 89.40 95.57 96.99 98.15

Flowers - Dense
CNTR 0.910 95.23 97.19 97.61 98.13
SEMI 0.869 94.52 97.90 98.68 99.14
HARD 0.898 87.73 91.87 92.32 92.65

Dogs - Dense
CNTR 0.795 72.03 84.11 86.55 88.39
SEMI 0.802 73.33 88.24 92.21 95.02
HARD 0.807 73.99 88.66 92.44 94.99

Aircrafts - Dense
CNTR 0.898 87.73 91.87 92.32 92.65
SEMI 0.883 86.98 93.49 95.11 96.28
HARD 0.889 87.82 94.27 95.38 96.07

NABirds - Dense
CNTR 0.847 76.90 85.37 88.03 90.57
SEMI 0.829 72.09 86.90 91.24 94.35
HARD 0.829 72.02 87.11 91.61 94.70

Table 5.5: Detailed feature embedding quantitative analysis across the five datasets
using ResNet-50, Inception-V4 and DenseNet-161. Triplet with hard mining achieves
superior embedding with ResNet-50 trained for 40K iterations. Semi-hard triplet
is competitive and stable with Inception-V4 trained for 80K iterations. Center loss
learns an inferior embedding while suffering the highest instability.
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5.4.3 Retrieval Evaluation on FGVR

In the two-head architecture, the secondary embedding head brings values

like an enhanced feature embedding, nearest neighbor retrieval and interpretabil-

ity. Following Song et al. [95], we evaluate the quality of feature embedding using

Recall@K metric on the test split. We also leverage the Normalized Mutual Info

(NMI) score to evaluate the quality of cluster alignments. NMI = I(Ω,C)√
H(Ω)H(C)

, where

Ω = {ω1, .., ωn} is the ground-truth clustering while C = {c1, ...cn} is a clustering

assignment for the learned embedding. I(•, •) and H(•) denotes mutual information

and entropy respectively. We use K-means to compute C.

Table 5.5 presents a detailed feature embedding quantitative analysis. Triplet

loss with hard-mining consistently learns the best embedding on ResNet-50. How-

ever, semi-hard sampling, on Inception-V4 and DenseNet, is stabler. Despite having

an explicit rebelling force pushing negative samples away from their anchors, hard

triplet mining can in practice lead to bad local minima (as can be seen in inception-

V4). It can result in a collapsed mode (i.e., f(x) = 0) [118]. Center loss suffers

the same model collapse problem. It is a more vulnerable variant of hard-triplet

loss, i.e., missing the repelling force. It learns an inferior embedding while suffering

the highest instability. It often degenerates with Inception-V4. These conclusions

follow Schroff et al. [118] semi-hard mining findings.

Table 5.6 compares classification and retrieval performance quantitatively. The

reported classification accuracy provides an upper bound for retrieval. Retrieval and

classification top 1 accuracies are comparable. Recall@4 is superior to the classifi-
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Cars Flowers-102 Dogs Aircrafts NABirds
ResNet-50

Classification Top 1 89.44 86.61 72.70 87.33 66.19
Retrieval Top 1 91.95 90.40 64.01 85.84 59.09
Retrieval Top 4 94.22 94.00 81.60 91.63 77.35

Inception-V4
Classification Top 1 89.72 90.66 77.71 89.04 76.99
Retrieval Top 1 85.45 93.66 68.48 87.79 67.30
Retrieval Top 4 93.56 96.13 85.10 92.47 83.81

DenseNet-161
Classification Top 1 92.36 93.65 81.58 89.97 76.57
Retrieval Top 1 89.40 95.23 73.99 87.82 76.90
Retrieval Top 4 95.72 97.90 88.66 94.27 87.11

Table 5.6: Comparative quantitative evaluation between retrieval and classification
as an upper bound. Both retrieval and classification accuracies are comparable.
Retrieval top 4 is superior to classification top 1.

Query ↓ Query ↓ Query ↓

Figure 5.9: Retrieval qualitative evaluation on three FGVR datasets: Flowers-102,
Aircrafts and Cars. Given a query image, the three nearest neighbors are depicted.
The three consecutive rows show search results using center loss, semi-hard and hard
triplet regularizers. Green and red outlines denote match and mismatch between
the query and it’s result respectively.

cation top 1 on all datasets. Figure 5.9 presents a qualitative retrieval evaluation

across center loss, triplet semi-hard, and triplet hard regularizers.

It is challenging, for the current classification architectures, to interpret a test

image misclassification. By learning image embedding through a secondary head,

it becomes trivial to investigate an image’s test and train splits neighborhood. Fig-

ure 5.10 shows nine (three images per odd column) misclassified test images and

their corresponding nearest neighbor from the train split. The resembles between

a misclassified test image and a particular training image can reveal corner cases
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Figure 5.10: Qualitative misclassification interpretation. The odd columns show a
misclassified test image while the even columns show the nearest neighbor from the
training split.
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Figure 5.11: Hyper-parameter λ tuning on the Flowers-102 dataset.

omitted while collecting the data. One interesting statistic is that 79.34% of mis-

classified predictions, from Flowers-102 test split, match the label of their nearest

training neighbor. This emphasizes the classification complexity level of FGVR.

5.4.4 Ablation Analysis

Hyper-Parameter Stability: Our approach has two hyper-parameters: λ and

the embedding dimensionality demb. λ is tuned on the Flowers-102 dataset through

the validation split. All hyper-parameter tuning experiments are executed for 2000

iterations. Figure 5.11 highlights λ stability within [0.1, 2]. A larger λ making

triplet loss dominant is discouraged. Intuitively, further hyper-parameters tuning

can achieves better performance.

Two-Head Time Complexity: The computational cost of the embedding head is

negligible. Both sampling and backpropagation are implemented on GPU. Training
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Figure 5.12: Two-head time complexity analysis on ResNet-50, Inception-V4 and
DenseNet-161 using Flowers-102 dataset.

time increases by 1%, 3%, and 2% for semi-hard, hard and center losses on Titan

XP GPU, respectively. Figure 5.12 shows a time complexity analysis in terms of

batch processing time (secs). Please note that triplet loss approaches retain from

computing classes centers or enforcing a specific number of modes.

5.4.5 Discussion

Our experiments demonstrate how a two-head architecture with triplet loss

outperforms a vanilla single-head softmax network. Triplet loss attains the center

loss, triplet center loss and magnet loss objectives without enforcing explicit class

representatives. It promotes both intra-class compactness and inter-class margin

maximization. Semi-hard triplet loss relaxes the unimodal embedding constraint

while maintaining stabler learning curve. Hard triplet loss achieves larger improve-

ment margins but can suffer model collapse. Triplet loss effectively regularizes soft-

max and promote better feature embedding.

The two-head architecture with triplet loss is the main scope of this paper.

Investigating other recent ranking losses, e.g., Margin loss [146], and comparing their

benefits to softmax remains an open question.
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5.5 Conclusion

We propose a seamless integration of triplet loss as an embedding regularizer

into standard classification architectures. The regularizer competence is illustrated

on multiple datasets, architectures and recognition tasks. Triplet loss, without the

large batch requirement, boosts standard architectures’ performance. With mini-

mal hyper-parameter tuning and a single fully connected layer on top of pretrained

standard architectures, we promote generality to novel domains. Promising results

are achieved on an imbalanced dataset. We incur a minimal computational over-

head during training, but raise classification model efficiency and interpretability.

Our architectural extension enables both retrieval and classification tasks during

inference.
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Chapter 6: Conclusion and Future Directions

We have proposed a set of tools to promote retrieval (feature embedding) net-

works. Our goal is to boost feature embedding networks’ (1) performance, (2) sta-

bility, and (3) interpretability. To boost performance on small datasets, we re-train

a network for multiple generations. We leverage the knowledge of a parent-network

to boost the performance of its descendants. To boost feature embedding stabil-

ity and avoid model collapse, we propose SVMax – a feature embedding regularizer.

SVMax quantifies the uniformity of a feature embedding through its singular values.

To boost retrieval network interpretability, we formulate attention visualization as a

constrained optimization problem. We leverage the L2-Norm constraint to visualize

attention in both classification and retrieval networks.

Furthermore, we propose a two-head architecture as a compromise between

classification and retrieval networks. The two-head architecture is trained with both

the cross-entropy loss and a ranking regularizer. This architecture converges fast

during training – thanks to the classification head. In addition, it enables nearest

neighbor search – thanks to the retrieval head.

Despite our effort to promote retrieval networks, we acknowledge that these

networks still face multiple challenges. For instance, intense hyper-parameter tuning
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is required to achieve state-of-the-art (SOTA) performance on different datasets and

architectures. Another important challenge, for retrieval networks, is representation

disentanglement. SOTA metric learning methods learn a feature embedding (e.g.,

R128) where it is impossible to embed different semantics in distinct subspaces (e.g.,

break R128 into four R32 embeddings). This representation disentanglement problem

has been tackled recently [141] in a supervised setting where different semantic

(similarity notion) are annotated in the training dataset. However, this supervised

setting is not sustainable.
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