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Living beings, including humans, are highly adaptive, especially in terms of context and compute
(resources). While intelligent machine learning systems are ubiquitous today, their current rigid design
hinders adaptation as they struggle with ever-changing data, use cases, and deployment settings, requiring
dedicated efforts to function properly. In this thesis, I present my work towards enabling adaptive machine
learning solutions for flexible and seamless deployment across widely changing scenarios. First, I present
Matryoshka information packing for adaptive data representations to handle growing data size and task-
specific usage seamlessly. Then, I build a web-scale search system, AJANNS, leveraging matryoshka
representations to enable adaptive search across data. Next, I extend these principles to the neural networks,
crafting MatFormer models. This next-generation Transformer architecture adapts its computational footprint
based on input and device with minimal overhead during deployment. Along the way, I worked on the first
end-to-end learnable sparsity solution to solve the problem of optimal compute allocation across layers of
neural networks. Further, to address the inherent rigidity in the design of web-scale intelligent systems, I
worked on differentiable search solutions, fundamentally rethinking how large-scale Al pipelines harness data
for continuous improvement. Finally, I conclude with the impact these works had in real-world deployments

and present future works directed towards adaptive contextual and continual intelligence across disciplines.
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Chapter 1

Introduction

Modern intelligent systems are becoming increasingly monolithic, powered by gigantic foundation models
trained on trillions of tokens of web data. To democratize Atrti cial Intelligence (Al) systems, it is imperative

to ensure that they are not limited to running on multi-accelerator clusters but also on commodity devices like
mobile phones seamlessly. Additionally, foundation modai$¢xhibit a performance disparity between
frequently encounterebdeadtasks in the training data and less comniaih tasks, necessitating their
adaptation through ef cient retrieval of relevant contextual data. Furthermore, echoing human learning
principles,not all tasks are equally challenging or require the entirety of the vast web-dakewcasing the

need for adaptivity. My research methodology centers on translating these concepts into practical solutions
for real-world implementation, ensuring that these intelligent systems are adaptive and can be scaled reliably

and responsibly to serve all users equitably.

With the goal ofef cient, elastic and contextual intelligeneein shortadaptive intelligence | focus on
building fundamental machine learning (ML) building blocks that encompass: (1) elastic representations and
models for accurate, adaptive and ef cient deployment (Chapters 2, 4 and 5) and (2) mechanisms to make

contextual data ef ciently accessible to models for equitable adaptation (Chapters 3 and 6).

Chapter 2 introduces the “Matryoshka” way of packing information in a dense vector — the atomic
building block of every ML model. This chapter covers work primarily from Kusupati €tlgl/] where
we proposed “Matryoshka” structure in dense vector representations to order the information from left to

right based on importance in a nested fashion. Matryoshka representation learning (MHL)dlps neural
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networks output dense vectors that are inherently multi-granular by jointly optimizing the same learning
task at a select few embedding granularities. MRL helps obtain accurate low-dimensional representations of
desired quality and cost/size by taking the appropriate number of leftmost coordinates. Thiddipally

cater to downstream tasks of varying requirements like retrieval, classi cation, etc., in the transfer learning

paradigm. MRL is simple, scalable, and agnostic to representation learning setups, modalities, and models.

Chapter 3 covers work primarily from Rege et BiI09] where we developed approximate nearest
neighbor search (ANNS) methods that leverage the elastic embeddings for exible seatkchWe focused
on exibility within ANNS building blocks by leveraging the multi-granular and elastic MRL representations
for web-scale data. This helped des@yn 10 ef cient ANNS indices for web data without compromising
accuracy. Now, matryoshka representations could be used at web-scale for on-the- y adaptive and equitable

search without the need to rebuild indices across granularities.

Chapter 4 covers work primarily from Devvrit et 2] where we introduced elastic universal ma-
tryoshka neural network models — primarily Transformers. We developed MatFaigjevtiich brought the
matryoshka structure to all of the Transformg# §] architecture. MatFormer enables extractions of 100s
of smaller accurate models fovade range of static deployment constraints and also supports dynamic
conditional inferenc®n-the- y based on task hardnessl[3, , 37] and resource constraints. Additionally,
MatFormer provides smaller submodels that are inherently consistent with the universal model due to the
preservation of metric-space structure. This allows for signi cant speed-ups in inference time optimization of
generative language modeisd[/] as well as enabling adaptive query encoders for large-scale retrieval for
the rsttime. Similar to MRL, MatFormer is domain and setup agnostic while scaling, to internet-scale, as
reliably as the default Transformer. Overall, MatFormer is a next-generation architecture thaekltitsty

andvirtualizationwithin foundation models that form the basis of modern-day web-scale intelligent systems.

Chapter 5 takes a slight detour towards solving the problem of compute allocation across neural network
layers — which is important for the adaptive deployment of MatFormer models. This chapter primarily covers
work from Kusupati et al[145] where we introduced the concept of learnable sparsity which was the rst

end-to-end differentiable method that achieved state-of-the-art “Accuracy vs FLOPs vs Model size”.

Chapter 6 covers work from Kusupati et gl46] where we fundamentally rethought traditional search by

learning compact binary codes for data points that double as accurate representations and ef cient web-scale
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indices. We formulated entire pipeline as a representation learning problem, through the lens of compression
and scalable instance classi cation, where each data point is assigned a learned low-dimensional binary
code [L4€]. These binary codes have the required semantic information for downstream tasks, while also
acting as a native hash-based index for all the data points. This works at scale resulting in an accurate encoding
of 1 Million images with just 20 bits per image which also serves as an extremely ef cient web-scale index
for search on-demand. Rethinking search to be end-to-end differentiable and free of scaffddai result
in large amounts of data being available for of ine search based on the context during deployment.

During my PhD, | also had the wonderful opportunity to work on deploying ef cient ML solutions
for HCI applications] 2(], large-scale multi-modal models{7], better object-centric57 and continual
learning P51], web-scale datasets for underserved tasks like 3D modélifjgahd multi-lingual NLP 139,
web-scale state-of-the-art text embeddings/], state-of-the-art image to scene synthesis] and novel
autoregressive decoding algorithms [226].

| conclude with a short discussion on the real-world impact of the work presented in this thesis and talk
about future directions spanning indexing the world, contextual, and continually learning foundation models
in Chapter 7. The overarching theme of my research is to improve the building blocks of ML systems to do
more for the same resource usage with simple and scalable technigdaptive ML building blocks. Due
to the fundamental nature, the techniques I built, for modeling and retrieving data, work together seamlessly
and can help build truly elastic and adaptive web-scale intelligent systems to serve the users dynamically and
equitably based on task, context, and resource constraints. Finally, each of these research directions stands on
its merit in solving high-impact fundamental problems like large-scale search and ef cient deployment that

have potential applications across various elds that extend beyond computer science.
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Chapter 2

Matryoshka Representation Learning

2.1 Overview

Learned representations are a central component in modern ML systems, serving a multitude of downstream
tasks. When training such representations, it is often the case that computational and statistical constraints for
each downstream task are unknown. In this context, rigid xed-capacity representations can be either over or
under-accommodating to the task at hand. This leads us t@askyve design a exible representation that

can adapt to multiple downstream tasks with varying computational resoufoeb®s chapter, our main
contribution is  Matryoshka Representation Learning(MRL ) which encodes information at different
granularities and allows a single embedding to adapt to the computational constraints of downstream
tasks.MRL minimally modi es existing representation learning pipelines and imposes no additional cost
during inference and deploymemIRL learns coarse-to- ne representations that are at least as accurate
and rich as independently trained low-dimensional representations. The exibility within the learned
Matryoshka Representationsoffer: (a) up tol4 smaller embedding size for ImageNet-1K classi cation

at the same level of accuracy; (b) udlih real-world speed-ups for large-scale retrieval on ImageNet-1K and

4K; and (c) up td2% accuracy improvements for long-tail few-shot classi cation, all while being as robust as
the original representations. Finally, we show thERL extends seamlessly to web-scale datasets (ImageNet,
JFT) across various modalities — vision (ViT, ResNet), vision + language (ALIGN) and language (BERT).

MRL code and pretrained models are open-sourcédas://github.com/RAIVNLab/MRL
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2.2 Introduction

Learned representationsd are fundamental building blocks of real-world ML system3s(, 244. Trained

once and frozerg-dimensional representations encode rich information and can be used to perform multiple
downstream taskslf]. The deployment of deep representations has two steps: (1) an expensive yet
constant-cost forward pass to compute the representéatirapd (2) utilization of the representation

for downstream applications 34, 244]. Compute costs for the latter part of the pipeline scale with the
embedding dimensionality as well as the data sit¢ énd label space.(). At web-scale 1, ] this
utilization cost overshadows the feature computation cost. The rigidity in these representations forces the
use of high-dimensional embedding vectors across multiple tasks despite the varying resource and accuracy
constraints that require exibility.

Human perception of the natural world has a naturally coarse-to- ne granularity 03. However,
perhaps due to the inductive bias of gradient-based trainitig,[deep learning models tend to diffuse
“information” across the entire representation vector. The desired elasticity is usually enabled in the existing
at and xed representations either through training multiple low-dimensional mod@e€lsjpintly optimizing
sub-networks of varying capacit¢(, 275 or post-hoc compressiori(9, 165. Each of these techniques
struggle to meet the requirements for adaptive large-scale deployment either due to training/maintenance
overhead, numerous expensive forward passes through all of the data, storage and memory cost for multiple
copies of encoded data, expensive on-the- y feature selection or a signi cant drop in accuracy. By encoding
coarse-to- ne-grained representations, which are as accurate as the independently trained counterparts, we
learn with minimal overhead a representation that can be depbaativelyat no additional cost during
inference.

We introduce  Matryoshka Representation Learning (MRL) to induce exibility in the learned
representationMRL learns representations of varying capacities within the same high-dimensional vector
through explicit optimization o®(log(d)) lower-dimensional vectors in a nested fashion, hence the name
Matryoshka. MRL can be adapted to any existing representation pipeline and is easily extended to many
standard tasks in computer vision and natural language processing. Figure 2.1 illustrates the core idea
of Matryoshka Representation Learning (MRL) and the adaptive deployment settings of the learned

Matryoshka Representations
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The rst m-dimensionsm 2 [d],
of the Matryoshka Representation is
an information-rich low-dimensional vec-
tor, at no additional training cost,
that is as accurate as an indepen-
dently trainedm-dimensional represen-

tation. The information within the

Matryoshka Representation increases Figure 2.1: Matryoshka Representation Learning is
adaptable to any representation learning setup and begets
q\?latryoshka Representationz by optimizing the original losk (:) at
p(log(d)) chosen representation sizédatryoshka Representation

can be utilized effectively for adaptive deployment across environments

signi cant training or additional deploy-and downstream tasks.

Q

with the dimensionality creating a coars

to- ne grained representation, all withou

ment overheadMRL equips the representation vector with the desired exibility and multi delity that
can ensure a near-optimal accuracy-vs-compute trade-off. With these advaiMtBgesnables adaptive

deployment based on accuracy and compute constraints.

TheMatryoshka Representationsimprove ef ciency for large-scale classi cation and retrieval with-
out any signi cant loss of accuracy. While there are potentially several applications of coarse-to- ne
Matryoshka Representations in this work we focus on two key building blocks of real-world ML systems:
large-scale classi cation and retrieval. For classi cation, we use adaptive cascades with the variable-size
representations from a model trained WiMiRL , signi cantly reducing the average dimension of embeddings
needed to achieve a particular accuracy. For example, on ImageN®8RK + adaptive classi cation results
inup toald smaller representation size at the same accuracy as baselines (Section 2.5.2). Similarly, we
useMRL in an adaptive retrieval system. Given a query, we shortlist retrieval candidates using the rst few
dimensions of the query embedding, and then successively use more dimensions to re-rank the retrieved set.
A simple implementation of this approach lead4&8 theoretical (in terms of FLOPS) arddl  wall-clock
time speedups compared to a single-shot retrieval system that uses a standard embedding vector; note that
MRL's retrieval accuracy is comparable to that of single-shot retrieval (Section 2.5.3). FindiiRlas
explicitly learns coarse-to- ne representation vectors, intuitively it should share more semantic information

amonyg its various dimensions (Figure 2.5). This is re ected in upftoaccuracy gains in long-tail continual

29



learning settings while being as robust as the original embeddings. Furthermore, due to its coarse-to- ne
grained naturedyIRL can also be used as method to analyze hardness of classi cation among instances and
information bottlenecks.

We make the following key contributions:
1. We introduce Matryoshka Representation Learning(MRL) to obtain exible representations

(Matryoshka Representationg for adaptive deployment (Section 2.4).
2. Uptol4d faster yet accurate large-scale classi cation and retrieval UdiRg (Section 2.5).

3. Seamless adaptation BfRL across modalities (vision - ResNet & ViT, vision + language - ALIGN,

language - BERT) and to web-scale data (ImageNet-1K/4K, JFT-300M and ALIGN data).

4. Further analysis dfIRL 's representations in the context of other downstream tasks (Section 2.6).

2.3 Related Work

Representation Learning. Large-scale datasets like ImageNg%,[215 and JFT P35 enabled the learning
of general purpose representations for computer vision{ /(. These representations are typically learned
through supervised and un/self-supervised learning paradigms. Supervised pretesining,[229 casts
representation learning as a multi-class/label classi cation problem, while un/self-supervised learning learns
representation via proxy tasks like instance classi cationd and reconstruction1[00, ]. Recent
advances{1, 99 in contrastive learningg”] enabled learning from web-scale dat&]that powers large-
capacity cross-modal modelsq : , 277). Similarly, natural language applications are bullt.f]
on large language models7] that are pretrainedlp8, 214 in a un/self-supervised fashion with masked
language modelling [61] or autoregressive training [201].

Matryoshka Representation Learning (MRL) is complementary to all these setups and can be
adapted with minimal overhead (Section 2 M)RL equips representations with multi delity at no additional

cost which enables adaptive deployment based on the data and task (Section 2.5).

Ef cient Classi cation and Retrieval.  Ef ciency in classi cation and retrieval during inference can be
studied with respect to the high yet constant deep featurization costs or the search cost which scales with

the size of the label space and data. Ef cient neural networks address the rst issue through a variety of
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algorithms B1, 145 and design choices [, , 237]. However, with a strong featurizer, most of the issues
with scale are due to the linear dependence on number of ldbglsize of the datal ) and representation

size @), stressing RAM, disk and processor all at the same time.

The sub-linear complexity dependence on number of labels has been well studied in context of com-

pute [L6, i ] and memory $4] using Approximate Nearest Neighbor Search (ANNSj)9 or
leveraging the underlying hierarchg€ ]. In case of the representation size, often dimensionality
reduction P16, 247, hashing technique$, , 217] and feature selection.B7] help in alleviating se-

lective aspects of th®(d) scaling at a cost of signi cant drops in accuracy. Lastly, most real-world search
systems §8, 51] are often powered by large-scale embedding based retrieval (] that scales in cost with

the ever increasing web-data. While categorizatioh] 277 clusters similar things together, it is imperative

to be equipped with retrieval capabilities that can bring forward every instaitedpproximate Nearest
Neighbor Search (ANNS)I[L] makes it feasible with ef cient indexingjJ] and traversal 19, 27] to present

the users with the most similar documents/images from the database for a requested query. Widely adopted
HNSW [179 (O(dlog(N))) is as accurate as exact retriev@l((IN)) at the cost of a graph-based index
overhead for RAM and disk [125].

MRL tackles the linear dependence on embedding dizgy learning multi delity Matryoshka Rep-
resentations. Lower-dimensiondhatryoshka Representationsare as accurate as independently trained
counterparts without the multiple expensive forward padgkedryoshka Representationsprovide aninter-
mediate abstractiobetween high-dimensional vectors and their ef cient ANNS indices through the adaptive
embeddings nested within the original representation vector (Section 2.5). All other aforementioned ef ciency
techniques are complementary and can be readily applied to the learned Matryoshka Representations obtained

from MRL.

Several works in ef cient neural network literature(] 250, 275 aim at packing neural networks of
varying capacity within the same larger network. However, the weights for each progressively smaller
network can be different and often require distinct forward passes to isolate the nal representations. This is
detrimental for adaptive inference due to the need for re-encoding the entire retrieval database with expensive
sub-net forward passes of varying capacities. Several waiks3p, ! ] investigate the notions

of intrinsic dimensionality and redundancy of representations and objective spaces pointing to minimum
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description lengthd17). Finally, ordered representations proposed by Rippel ¢f ail.] use nested dropout
in the context of autoencoders to learn nested representakititis.differentiates itself in formulation by
optimizing only forO(log(d)) nesting dimensions instead®{ d). Despite thisMRL diffuses information to

intermediate dimensions interpolating between the optimidatiyoshka Representationsizes accurately

(Figure 2.5); making web-scale feasible.

2.4 Matryoshka Representation Learning

Ford 2 N, consider a seM [d] of representation sizes. For a datapoirith the input domainX,

our goal is to learn al-dimensional representation vector2 RY. For everym 2 M , Matryoshka
Representation Learnin/(RL ) enables each of the rsh dimensions of the embedding vectaf,;, 2 R™

to be independently capable of being a transferable and general purpose representation of the xlatapoint
We obtainz using a deep neural netwoF ; g): X | RY parameterized by learnable weights i.e.,

z = F(X; g). The multi-granularity is captured through the set of the chosen dimenisigribat contains

less tharlog(d) elements, i.ejMj b log(d)c. The usual seM consists of consistent halving until the
representation size hits a low information bottleneck. We discuss the design choices in Section 2.5 for each

of the representation learning settings.

For the ease of exposition, we present the formulation for fully supervised representation learning via
multi-class classi cation.Matryoshka Representation Learningmodi es the typical setting to become
a multi-scale representation learning problem on the same task. For example, we train Restjets0 |
ImageNet-1K P15 which embeds 224 224 pixel image into al = 2048 representation vector and then

passed through a linear classi er to make a predictfoamong the. = 1000 labels. FOIMRL , we choose

andy; 2 [L]is the label ofx; for alli 2 [N]. MRL optimizes the multi-class classi cation loss for each of
the nested dimensian 2 M using standard empirical risk minimization using a separate linear classi er,

parameterized by (M 2 RL ™ All the losses are aggregated after scaling with their relative importance
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(cm  0)you respectively. Thatis, we solve

1 X X
min — cm L WM™ Fi; F)im Vi s (2.1)
fwamg o, i e N i2[N]m2M
whereL: Rt [L] ! R. is the multi-class softmax cross-entropy loss function. This is a standard
optimization problem that can be solved using sub-gradient descent methods. We set all the importance
scalescy, = 1 forallm 2 M ; see Section 2.6 for ablations. Lastly, despite only optimizingf@og(d))
nested dimension®)RL results in accurate representations, that interpolate, for dimensions that fall between
the chosen granularity of the representations (Section 2.5.2).
We call this formulation adatryoshka Representation Learning(MRL). A natural way to make this

ef cient is through weight-tying across all the linear classi ers, i.e., by de nind™ = W 1., for a set of
common weight®v 2 R- 9. This would reduce the memory cost due to the linear classi ers by almost half,
which would be crucial in cases of extremely large output space$ P77. This variant is calledef cient
Matryoshka Representation Learning(MRL—E). Refer to Algorithms in Appendix A of Kusupati et al.

[147] for the building blocks oMatryoshka Representation Learning(MRL).

Adaptation to Learning Frameworks. MRL can be adapted seamlessly to most representation learning
frameworks at web-scale with minimal modi cations (Section 2.5.1). For exanyi, 's adaptation to

masked language modelling reducedBL —E due to the weight-tying between the input embedding matrix

and the linear classi er. For contrastive learning, both in context of vision & vision + langhéige, is

applied to both the embeddings that are being contrasted with each other. The presence of normalization on
the representation needs to be handled independently for each of the nesting dimension for best results (see

Appendix C of Kusupati et al. [147] for more details).

2.5 Applications

In this section, we discuddatryoshka Representation Learning(MRL ) for a diverse set of applications
along with an extensive evaluation of the learned multi delity representations. Further, we showcase the

downstream applications of the learnddtryoshka Representationsfor exible large-scale deployment
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Figure 2.2: ImageNet-1K linear classi cation ac-Figure 2.3: ImageNet-1K 1-NN accuracy of
curacy of ResNet50 modeldVRL is as accurate ResNet50 models measuring the representation qual-
as the independently trained FF models for eveity for downstream taskMRL outperforms all the
representation size. baselines across all representation sizes.

through (a) Adaptive Classi cation (AC) and (b) Adaptive Retrieval (AR).

2.5.1 Representation Learning

We adapMatryoshka Representation Learning(MRL ) to various representation learning setups (a) Super-
vised learning for vision: ResNet50 [98] on ImageNet-1K [215] and ViT-B/16 [67] on JFT-300M [235], (b)
Contrastive learning for vision + language: ALIGN model with ViT-B/16 vision encoder and BERT language
encoder on ALIGN datal[?7] and (c) Masked language modelling: BERTI] on English Wikipedia and
BooksCorpusi3d. Please refer to Appendices B and C of Kusupati eftlal/] for details regarding the
model architectures, datasets and training speci cs.

We do not search for best hyper-parameters foki&tlL experiments but use the same hyper-parameters
as the independently trained baselines. ResNet50 out@at4&dimensional representation while ViT-B/16
and BERT-Base output68-dimensional embeddings for each data point. We use
M = £8;16;32,64;128 256,512 1024 2048 andM = f12;24;48;96;192 384, 768 as the explicitly
optimized nested dimensions respectively. Lastly, we extensively compa#RheandMRL —E models to
independently trained low-dimensional ( xed feature) representations (FF), dimensionality reduction (SVD),

sub-net method (slimmable networks/[) and randomly selected features of the highest capacity FF model.

In section 2.5.2, we evaluate the quality and capacity of the learned representations through linear
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classi cation/probe (LP) and 1-nearest neighbour (1-NN) accuracy. Experiments shdyRhamnodels
remove the dependence {Mj resource-intensive independently trained models for the coarse-to- ne
representations while being as accurate. Lastly, we show that despite optimizing gMy fdimensions,
MRL models diffuse the information, in an interpolative fashion, across al thimensions providing the

nest granularity required for adaptive deployment.

2.5.2 Classi cation

Figure 2.2 compares the linear classi cation accuracy of ResNet50 models trained and evaluated on ImageNet-
1K. ResNet50MRL model is at least as accurate as each FF model at every representatiorivkizehite

MRL —E is within 1% starting from16-dim. Similarly, Figure 2.3 showcases the comparison of learned
representation quality through 1-NN accuracy on ImageNet-1K (trainset with 1.3M samples as the database
and validation set with 50K samples as the queriddatryoshka Representationsare up t02% more
accurate than their xed-feature counterparts for the lower-dimensions while being as accurate elsewhere. 1-
NN accuracy is an excellent proxy, at no additional training cost, to gauge the utility of learned representations

in the downstream tasks.

We also evaluate the quality of the representations from training ViT-B/16 on JFT-300M alongside the
ViT-B/16 vision encoder of the ALIGN model — two web-scale setups. Due to the expensive nature of
these experiments, we only train the highest capacity xed feature model and choose random features for
evaluation in lower-dimensions. Web-scale is a compelling settinyl®L due to its relatively inexpensive
training overhead while providing multi delity representations for downstream tasks. Figure 2.4, evaluated
with 1-NN on ImageNet-1K, shows that all thRL models for JFT and ALIGN are highly accurate while
providing an excellent cost-vs-accuracy trade-off at lower-dimensions. These experiments stidRithat
seamlessly scales to large-scale models and web-scale datasets while providing the otherwise prohibitively
expensive multi-granularity in the process. We also have similar observations when pretraining BERT,; please
see Appendix D.2 of Kusupati et di.47] for more details. Our experiments also show that post-hoc
compression (SVD), linear probe on random features, and sub-net style slimmable networks drastically
lose accuracy compared MRL as the representation size decreases. Finally, Figure 2.5 shows that, while

MRL explicitly optimizesO(log(d)) nested representations — removing @(@) dependence’[ 1] —, the
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Figure 2.4: ImageNet-1K 1-NN accuracy for ViT- Figure 2.5: Despite optimizingMRL only for
B/16 models trained on JFT-300M & as part of O(log(d)) dimensions for ResNet50 and ViT-B/16
ALIGN. MRL scales seamlessly to web-scale withmodels; the accuracy in the intermediate dimensions
minimal training overhead. shows interpolating behaviour.

coarse-to- ne grained information is interpolated acrossl@imensions providing highest exibility for

adaptive deployment.

Adaptive Classi cation

The exibility and coarse-to- ne granularity withiMatryoshka Representationsallows model cascadesq

for Adaptive Classi cation (AC) P4]. Unlike standard model cascades ], MRL does not require multiple
expensive neural network forward passes. To perform AC witMBRh trained model, we learn thresholds
on the maximum softmax probability. 4] for each nested classi er on a holdout validation set. We then use
these thresholds to decide when to transition to the higher dimensional representat®oh (&) 32)

of the MRL model. Appendix D.1 of Kusupati et diL47] discusses the implementation and learning of
thresholds for cascades used for adaptive classi cation in detail.

Figure 2.6 shows the comparison between caschtied representationdMRL —AC) and independently
trained xed feature (FF) models on ImageNet-1K with ResNet50. We computed the expected representation
size forMRL —AC based on the nal dimensionality used in the cascade. We observad®iatAC was
as accurate76:30% as a 512-dimensional FF model but required an expected dimensionality3@f
while being only0:8% lower than the 2048-dimensional FF baseline. Note thatlRIL —AC models are
signi cantly more accurate than the FF baselines at comparable representatiod/tesAC uses up to

14 smaller representation size for the same accuracy which affords computational ef ciency as the label

space growsA444]. Lastly, our results wittMRL —AC indicate that instances and classes vary in dif culty
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which we analyze in Section 2.6 and Appendix J of Kusupati et al. [147].

2.5.3 Retrieval

Nearest neighbour search with learned representations powers a plethora of retrieval and search applica-
tions [51, 248, 38, 19Q]. In this section, we discuss the image retrieval performance of the pretrained ResNet50
models (Section 2.5.1) on two large-scale datasets ImageNet11Kdnd ImageNet-4K. ImageNet-1K has a
database size of 1.3M and a query set of 50K samples uniformly spanning 1000 classes. We also introduce
ImageNet-4K which has a database size df2M and query set of 200K samples uniformly spanning

4202 classes (see Appendix B of Kusupati ef’al.7] for details). A single forward pass on ResNet50 costs

4 GFLOPs while exact retrieval costs 2.6 GFLOPs per query for ImageNet-1K. Although retrieval overhead

is 40% of the total cost, retrieval cost grows linearly with the size of the database. ImageNet-4K presents a
retrieval benchmark where the exact search cost becomes the computational botBgh&E’_OPs per

qguery). In both these settings, the memory and disk usage are also often bottlenecked by the large databases.
However, in most real-world applications exact seafetdN ), is replaced with an approximate nearest
neighbor search (ANNS) method like HNSW/9, O(dlog(N)), with minimal accuracy drop at the cost of
additional memory overhead.

The goal of image retrieval isto nd images that belong to the same class as the query using representations
obtained from a pretrained model. In this section, we compare retrieval performance using mean Average
Precision @ 10 (mAP@D) which comprehensively captures the setup of relevant image retrieval at scale.
We measure the cost per query using exact search in MFLOPs. All embeddings are unit normalized and
retrieved using the L2 distance metric. Lastly, we report an extensive set of metrics spanningkraA8 @

P@k for k = f 10; 25; 50; 100y and real-world wall-clock times for exact search and HNSW. See Appendices
E and F of Kusupati et al. [147] for more details.

Figure 2.7 compares the mAP@performance of ResNet50 representations on ImageNet-1K across
dimensionalities foMRL , MRL -E, FF, slimmable networks along with post-hoc compression of vectors
using SVD and random feature selectitdatryoshka Representationsare often the most accurate while
being up to3% better than the FF baselines. Similar to classi cation, post-hoc compression and slimmable

network baselines suffer from signi cant drop-off in retrieval mMAR@with  256dimensions. Appendix E

37



Figure 2.6: Adaptive classication onMRL Figure 2.7: mAP@10 for Image Retrieval on
ResNet50 using cascades resultddn smaller rep- ImageNet-1K with ResNet50MRL consistently
resentation size for the same level of accuracy geroduces better retrieval performance over the base-
ImageNet-1K ( 37vs512dims for76:3%). lines across all the representation sizes.

of Kusupati et al. [147] discusses the mAR@df the same models on ImageNet-4K.

MRL models are capable of performing accurate retrieval at various granularities without the additional
expense of multiple model forward passes for the web-scale databases. FF models also generate independent
databases which become prohibitively expense to store and switch in beMagyoshka Representations
enable adaptive retrieval (AR) which alleviates the need to use full-capacity represen@tio2948,

for all data and downstream tasks. Lastly, all the vector compression technicgliesg6 used as part

of the ANNS pipelines are complimentary katryoshka Representationsand can further improve the

ef ciency-vs-accuracy trade-off.

Adaptive Retrieval

We benchmarlRL in the adaptive retrieval setting (AR)34]. For a given query image, we obtained a
shortlist,K = 200, of images from the database using a lower-dimensional representatiob,se=g16
followed by reranking with a higher capacity representation, [2,g= 2048. In real-world scenarios where

top ranking performance is the key objective, measured with miR@ere k covers a limited yet crucial
real-estate, AR provides signi cant compute and memory gains over single-shot retrieval with representations
of xed dimensionality. Finally, the most expensive part of AR, as with any retrieval pipeline, is the nearest

neighbour search for shortlisting. For example, even naive re-ranking of 200 images with 2048 dimensions
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(a) ImageNet-1K (b) ImageNet-4K

Figure 2.8: The trade-off between mAPE) vs MFLOPs/Query for Adaptive Retrieval (AR) on ImageNet-

1K (left) and ImageNet-4K (right). Every combinationDf & D, falls above the Pareto line (orange dots)

of single-shot retrieval with a xed representation size while having con gurations that are as accurate while
being up tol4 faster in real-world deployment. Funnel retrieval is almost as accurate as the baseline while
alleviating some of the parameter choices of Adaptive Retrieval.

only costs 400 KFLOPs. While we report exact search cost per query for all AR experiments, the shortlisting
component of the pipeline can be sped-up using ANNS (HNSW). Appendix | of Kusupat{&tdlhas a
detailed discussion on compute cost for exact search, memory overhead of HNSW indices and wall-clock
times for both implementations. We note that using HNSW with 32 neighbours for shortlisting does not
decrease accuracy during retrieval.

Figure 2.8 showcases the compute-vs-accuracy trade-off for adaptive retrieval using Matryoshka Repre-
sentations compared to single-shot using xed features with ResNet50 on ImageNet-1K. We observed that
all AR settings lied above the Pareto frontier of single-shot retrieval with varying representation sizes. In
particular for ImageNet-1K, we show that the AR model wiith = 16 & D, = 2048 is as accurate as single-
shot retrieval withd = 2048 while being 128 more ef cient in theory and 14 faster in practice
(compared using HNSW on the same hardware). We show similar trends with ImageNet-4K, but note that we
requireD s = 64 given the increased dif culty of the dataset. This resultsiB2 and 6 theoretical and
in-practice speedups respectively. Lastly, wiile= 200 works well for our adaptive retrieval experiments,
we ablated over the shortlist siken Appendix K.2 of Kusupati et a[147] and found that the accuracy
gains stopped after a point, further strengthening the use-cabtaforoshka Representation Learning
and adaptive retrieval.

Even with adaptive retrieval, it is hard to determine the choide 9& D, . In order to alleviate this issue

to an extent, we propogaunnel Retrieval, a consistent cascade for adaptive retrieval. Funnel thins out the
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initial shortlist by a repeated re-ranking and shortlisting with a series of increasing capacity representations.
Funnel halves the shortlist size and doubles the representation size at every step of re-ranking. For example
on ImageNet-1K, a funnel with the shortlist progressio2@®! 100! 50! 25! 10with the cascade

of 16! 32! 64! 128! 256! 2048representation sizes withMatryoshka Representationis as

accurate as the single-shot 2048-dim retrieval while beirfit28 more ef cient theoretically (see Appendix

F of Kusupati et al[147] for more results). All these results showcase the potentiIRE and AR for

large-scale multi-stage search systems [51].

2.6 Further Analysis and Ablations

Robustness. We evaluate the robustness of M&L models trained on ImageNet-1K on out-of-domain
datasets, ImageNetV2/R/A/SketclD[/, 106, , 2574, and compare them to the FF baselines. Table 17 in
Appendix H of Kusupati et a[.14 7] demonstrates thalatryoshka Representationsfor classi cation are

at least as robust as the original representation while improving the performance on ImageNe6#obya
20%relative improvement. We also study the robustness in the context of retrieval by using ImageNetV2
as the query set for ImageNet-1K database. Table 9 in Appendix E of Kusupati®t dlshows that

MRL models have more robust retrieval compared to the FF baselines by havinG4higher mAP@L0
performance. This observation also suggests the need for further investigation into robustness using nearest
neighbour based classi cation and retrieval instead of the standard linear probing setup. We also nd that
the zero-shot robustness of ALIGMRL (Table 18 in Appendix H of Kusupati et gi.47]) agrees with the
observations made by Wortsman et[ak7]. Lastly, Table 6 in Appendix D.2 of Kusupati et §l47] shows

thatMRL also improves the cosine similarity span between positive and random image-text pairs.

Few-shot and Long-tail Learning. We exhaustively evaluated few-shot learningdRL models using
nearest class mea#tl9. Table 15 in Appendix G of Kusupati et 4i.4 7] shows that that representations
learned througMRL perform comparably to FF representations across varying shots and number of classes.
Matryoshka Representationsrealize a unique pattern while evaluating on FLUIR{], a long-tail
sequential learning framework. We observed thiRL provides up to2% accuracy higher on novel

classes in the tail of the distribution, without sacri cing accuracy on other classes (Table 16 in Appendix G
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Figure 2.9: Grad-CAM [224] progression of predictions iIMRL model acros$; 16; 32 and2048dimen-

sions. (aB-dimensional representation confuses due to presence of other relevant objects (with a larger eld
of view) in the scene and predicts “shower cap” ; 8Jim model confuses within the same super-class

of “boa” ; (c) 8 and16-dim models incorrectly focus on the eyes of the doll ("sunglasses”) and not the
"sweatshirt" which is correctly in focus at higher dimensidvi&L fails gracefully in these scenarios and
shows potential use cases of disagreement across dimensions.

of Kusupati et al[147]). Additionally we nd the accuracy between low-dimensional and high-dimensional
representations is marginal for pretrain classes. We hypothesize that the higher-dimensional representations
are required to differentiate the classes when few training examples of each are known. This results provides

further evidence that different tasks require varying capacity based on their dif culty.

Disagreement across Dimensions. The information packing iMatryoshka Representationsoften results

in gradual increase of accuracy with increase in capacity. However, we observed that this trend was not
ubiquitous and certain instances and classes were more accurate when evaluated with lower-dimensions
(Figure 12 in Appendix J of Kusupati et §i.4 7]). With perfect routing of instances to appropriate dimension,

MRL can gain up ta}.6% classi cation accuracy. At the same time, the low-dimensional models are less
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accurate either due to confusion within the same superciaksfthe ImageNet hierarchy or presence of
multiple objects of interest. Figure 2.9 showcases 2 such exampl8gdforensional representation. These
results along with Appendix J of Kusupati et fil4 7] put forward the potential faIRL to be a systematic

framework for analyzing the utility and ef ciency of information bottlenecks.

Superclass Accuracy. As the information bottleneck becomes smaller, the overall accuracy on ne-
grained classes decreases rapidly (Figure 2.3). However, the drop-off is not as signi cant when evaluated
at a superclass level (Table 24 in Appendix J of Kusupati efldl/]). Figure 2.10 presents that this
phenomenon occurs with boMRL and FF modelsMRL is more accurate across dimensions. This shows

that tight information bottlenecks while not highly accurate for ne-grained classi cation, do capture required
semantic information for coarser classi cation that could be leveraged for adaptive routing for retrieval and
classi cation. Muti delity of Matryoshka Representationnaturally captures the underlying hierarchy of

the class labels with one single model. Lastly, Figure 2.11 showcases the accuracy trends per superclass with
MRL . The utility of additional dimensions in distinguishing a class from others within the same superclass is
evident for “garment” which has up to 11% improvement fdr 8.6 dimensional representation transition.

We also observed that superclasses such as “oscine (songbird)” had a clear visual distinction between the
object and background and thus predictions using 8 dimensions also led to a good inter-class separability

within the superclass.

Figure 2.10: 31-way ImageNet-1K superclass clas-

si cation across representation size fdRL & FF  Figure 2.11: Diverse per-superclass accuracy trends

models showing the capture of underlying hierarch¥cross representation sizes for ResNeB®E on
through tight information bottlenecks. ImageNet-1K.
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2.6.1 Ablations

Table 26 in Appendix K of Kusupati et dlL4 7] presents tha¥latryoshka Representationscan be enabled

within off-the-shelf pretrained models with inexpensive partial netuning thus paving a way for ubiquitous
adoption ofMRL . At the same time, Table 27 in Appendix C of Kusupati e{al.7] indicates that with
optimal weighting of the nested losses we could improve accuracy of lower-dimensions representations
without accuracy loss. Tables 28 and 29 in Appendix C of Kusupati §t4l] ablate over the choice of

initial granularity and spacing of the granularites. Table 28 reaf rms the design choice to shun extremely low
dimensions that have poor classi cation accuracy as initial granularitifRL while Table 29 con rms the
effectiveness of logarthmic granularity spacing inspired from the behaviour of accuracy saturation across
dimensions over uniform. Lastly, Tables 30 and 31 in Appendix K.2 show that the retrieval performance

saturates after a certain shortlist dimension and length depending on the complexity of the dataset.

2.7 Discussion and Conclusions

The results in Section 2.6.1 reveal interesting weakness®tRaf that would be logical directions for

future work. (1) Optimizing the weightings of the nested losses to obtain a Pareto optimal accuracy-vs-
ef ciency trade-off — a potential solution could emerge from adaptive loss balancing aspects of anytime
neural networks14]. (2) Using different losses at various delities aimed at solving a speci c aspect of
adaptive deployment — e.g. high recall &dimension and robustness 2048 dimension. (3) Learning a

search data-structure, like differentiable k-d tree, on todatryoshka Representationto enable dataset

and representation aware retrieval. (4) Finally, the joint optimization of multi-objetREe combined with
end-to-end learnable search data-structure to have data-driven adaptive large-scale retrieval for web-scale
search applications.

In conclusion, we presented Matryoshka Representation Learning(MRL ), a exible representation
learning approach that encodes information at multiple granularities in a single embedding vector. This
enables thMRL to adapt to a downstream task's statistical complexity as well as the available compute
resources. We demonstrate tMRL can be used for large-scale adaptive classi cation as well as adaptive

retrieval. On standard benchmark4RL matches the accuracy of the xed-feature baseline despite using
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14 smaller representation size on average. Furthermor@/#teoshka Representationbased adaptive
shortlisting and re-ranking system ensures comparable miXR@the baseline while beint28 cheaper
in FLOPs andl4 faster in wall-clock time. Finally, most of the ef ciency techniques for model inference

and vector search are complementarifeL.  further assisting in deployment at the compute-extreme

environments.
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Chapter 3

AdANNS: A Framework for Adaptive

Semantic Search

3.1 Overview

Web-scale search systems learn an encoder to embed a given query which is then hooked into an approximate
nearest neighbor search (ANNS) pipeline to retrieve similar data points. To accurately capture tail queries and
data points, learned representations typicallyrayie, high-dimensionaliectors that are generally used as-is

in the entire ANNS pipeline and can lead to computationally expensive retrieval. In this chapter, we argue that
instead of rigid representations, different stages of ANNS can levexdagive representations varying
capacities to achieve signi cantly better accuracy-compute trade-offs, i.e., stages of ANNS that can get away
with more approximate computation should use a lower-capacity representation of the same data point. To
this end, we introducAdANNS | a novel ANNS design framework that explicitly leverages the exibility

of Matryoshka Representations/[/] introduced in Chapter 2. We demonstrate state-of-the-art accuracy-
compute trade-offs using novAdANNS -based key ANNS building blocks like search data structures
(AdANNS -IVF) and quantizationAdANNS -OPQ). For example on ImageNet retrievatlANNS -IVF is

up to1:5% more accurate than the rigid representations-based2¥# pt the same compute budget; and
matches accuracy while being upa0® faster inwall-clock time For Natural Questiong2-byte AANNS -

OPQ matches the accuracy of #ébyte OPQ baseline3[J] constructed using rigid representationsame
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accuracy at half the costiVe further show that the gains froAdANNS translate to modern-day composite
ANNS indices that combine search structures and quantization. Finally, we demonstraétd ANENS
can enable inference-time adaptivity for compute-aware search on ANNS indices built non-adaptively on

matryoshka representations. Code is open-sourcedet//github.com/RAIVNLab/AdJANNS

3.2 Introduction

Semantic searchi Pd on learned representations0, 191, 24€ is a major component in retrieval pipelinesj

]. Inits simplest form, semantic search methods learn a neural network to embed queries as well as a
large numberN ) of data points in @-dimensional vector space. For a given query, the nearest (in embed-
ding space) point is retrieved using either an exact search or using approximate nearest neighbor search
(ANNS) [118] which is now indispensable for real-time large-scale retrieval.

Existing semantic search methods learn xedigid representationdRs), also referred to as xed
features (FFs) previously, which are used as is in all the stages of ANNS (data structures for data pruning
and quantization for cheaper distance computation; see Section 3.3). That is, while ANNS indices allow a
variety of parameters for searching the design space to optimize the accuracy-compute trade-off, the provided
data dimensionality is typically assumed to barmmutableparameter. To make it concrete, let us consider
inverted le index (IVF) [23(], a popular web-scale ANNS techniqu&l]. IVF has two stages (Section 3.4)
during inference: (agluster mappingmapping the query to a cluster of data points7], and (b)linear
scan distance computation w.r.t all points in the retrieved cluster to nd the nearest neighbor (NN). Standard
IVF utilizes the same high-dimensioraR for both phases, which can be sub-optimal.

Why the sub-optimality? Imagine one needs to partition a dataset ktdusters for IVF and the
dimensionality of the data id— IVF uses fulld representation to partition intoclusters. However, suppose
we have an alternate approach that somehow projects the ditad dimensions and learrk clusters. Note
that the storage and computation to nd the nearest cluster remains the same in both cases, i.e., when we
havek clusters ofd dimensions ok clusters ofd=2 dimensions2k clusters can provide signi cantly more
re ned partitioning, but the distances computed between queries and clusters could be signi cantly more
inaccurate after projection =2 dimensions.

So, if we can nd a mechanism to obtairda2-dimensional representation of points that can accurately
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(a) Image retrieval on ImageNet-1K. (b) Passage retrieval on Natural Questions.

Figure 3.1: AANNS helps design search data structures and quantization methodsettih accuracy-
compute trade-offghan the existing solutions. In particular, ®JANNS-IVF improves on standard IVF

by up to1:5% in accuracy while bein@0 faster in deployment and (BJdANNS-OPQ is as accurate
as the baseline &alf the cost!Rigid-IVF and Rigid-OPQ are standard techniques that are built on rigid
representationdRs) while AANNS uses matryoshka representatiollRs) [147].

approximate the topology/distancesdsfimensional representation, then we can potentially build signif-
icantly better ANNS structure that utilizes different capacity representations for the cluster mapping and
linear scan phases of IVF. But how do we nd sumtlaptive representatiosThese desired adaptive repre-
sentations should be cheap to obtain and still ensure distance preservation across dimensionality. Post-hoc
dimensionality reduction techniques like SVB] and random projections .29 on high-dimensionaRRs

are potential candidates, but our experiments indicate that in practice they are highly inaccurate and do not

preserve distances well enough (Figure 3.2).

Instead, we identify that the recently proposed Matryoshka Representdd&®s3 [147] satisfy the
speci cations for adaptive representations. Matryoshka representations pack information in a hierarchical
nested manner, i.e., the rsh-dimensions of tha&-dimensionaMR form an accurate low-dimensional
representation while being aware of the information in the higher dimensions. This allows us toM&soy
in two major and novel ways as part of ANNS: (a) low-dimensional representations for accuracy-compute
optimal clustering and quantization, and (b) high-dimensional representations for precise re-ranking when

feasible.

To this effort, we introduc&dANNS | a novel design framework for semantic search that uses ma-

tryoshka representation-basmthptive representatioracross different stages of ANNS to ensure signi cantly
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better accuracy-compute trade-off than the state-of-the-art baselines.

Typical ANNS systems have two key components: (a) search data structure to store datapoints, (b)
distance computation to map a given query to points in the data structure. THkdA®INS, we address
both these components and signi cantly improve their performance. In particular, we rst prog@geNsS -
IVF (Section 3.5.1) which tackles the rst component of ANNS syste®ddANNS -IVF uses standard
full-precision computations but uses adaptive representations for different IVF stages. On ImageNet 1-NN
image retrieval (Figure 3.1a)\dANNS-IVF is up to 1:5% more accurate for the compute budget 86d

cheaper in deployment for the same accuracy as IVF.

We then propos@&dANNS-OPQ (Section 3.5.2) which addresses the second component by using
AdANNS -based quantization (OP@(]]) — here we use exhaustive search overall poiABANNS -OPQ is
as accurate as the baseline OP(R#ts while being at leas? faster on Natural Questions4{d 1-NN
passage retrieval (Figure 3.1b). Finally, we combine the two techniques to lotldMNS -IVFOPQ (Sec-
tion 3.5.3) which is more accurate while being much cheaper — 8p te than the traditional IVFOPQLP]
index. To demonstrate generality of our technique, we a8ldpNNS to DiskANN [125 which provides

interesting accuracy-compute tradeoff; see Table 3.1.

While MR already has multi-granular representations, careful integration with ANNS building blocks
is critical to obtain a practical method andogr main contribution In fact, Kusupati et al[14 7] proposed
a simple adaptive retrieval setup that uses smaller-dimendiRalfor shortlisting in retrieval followed
by precise re-ranking with a higher-dimensioMdR . Such techniques, unfortunately, cannot be scaled to
industrial systems as they require forming a new index for every shortlisting provided by low-dimensional
MR. Ensuring that the method aligns well with the modern-day ANNS pipelines is important as they
already have mechanisms to handle real-world constraints like load-bala@]rapfl random access from
disk [125. So,AdANNS is a step towards making the abstraction of adaptive search and retrieval feasible at

the web-scale.

Through extensive experimentation, we also showAltBBNNS generalizes across search data structures,
distance approximations, modalities (text & image), and encoders (CNNs & Transformers) while still
translating the theoretical gains to latency reductions in deployment. While we have mainly focused on

IVF and OPQ-based ANNS in this worlRdANNS also blends well with other ANNS pipelines. We
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also show thaBdANNS can enable compute-aware elastic search on prebuilt indices without making any
modi cations (Section 3.6.1); note that this is in contrasBRtbANNS -IVF that builds the index explicitly
utilizing “adaptivity” in representations. Finally, we provide an extensive analysis on the alignment of
matryoshka representation for better semantic search (Section 3.6.2).

We make the following key contributions:
» We introduceAdANNS |, a novel framework for semantic search that leverages matryoshka representa-

tions for designing ANNS systems with better accuracy-compute trade-offs.

* AdANNS powered search data structuedANNS-IVF) and quantizationAdANNS-OPQ) show a

signi cant improvement in accuracy-compute tradeoff compared to existing solutions.

* AdJANNS generalizes to modern-day composite ANNS indices and can also enable compute-aware elastic

search during inference with no modi cations.

3.3 Related Work

Approximate nearest neighbour search (ANNS) is a paradigm to come as close as posibiefrieving the

“true” nearest neighbor (NN) without the exorbitant search costs associated with exhaustive 58grea(].

The “approximate” nature comes from data pruning as well as the cheaper distance computation that
enable real-time web-scale search. In its naive form, NN-search has a compleifgid); d is the data
dimensionality used for distance computation &hdk the size of the database. ANNS employs each of these
approximations to reduce the linear dependence on the dimensionality (cheaper distance computation) and
data points visited during search (data pruning).

Cheaper distance computation. From a bird's eye view, cheaper distance computation is always
obtained through dimensionality reduction (quantization included). PCA and 8% 30 can reduce
dimensionality and preserve distances only to a limited extent without sacri cing accuracy. On the other
hand, quantization-based techniquég B6] like (optimized) product quantization ((O)PQ{, 126 have
proved extremely crucial for relatively accurate yet cheap distance computation and simultaneously reduce
the memory overhead signi cantly. Another naive solution is to independently train the representation
function with varying low-dimensional information bottlenecks!|] which is rarely used due to the costs of

maintaining multiple models and databases.
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Data pruning. Enabled by various data structures, data pruning reduces the number of data points

visited as part of the search. This is often achieved through hasking17/], trees p0, 78, 89, 23(] and
graphs 25 17¢. More recently there have been efforts towards end-to-end learning of the search data
structures §1, ) ]. However, web-scale ANNS indices are often constructed on dglinensional

real vectors using the aforementioned data structures that assist with the real-time search. For a more

comprehensive review of ANNS structures please refer to [29, , ].

Composite indices ANNS pipelines often bene t from the complementary nature of various building
blocks [L28 207. In practice, often the data structures (coarse-quantizer) like 226 and HNSW [L77]
are combined with cheaper distance alternatives like P [ ne-quantizer) for massive speed-ups in
web-scale search. While the data structures are buit@dimensional real vectors, past works consistently
show that PQ can be safely used for distance computation during search time. As evident in modern web-scale
ANNS systems like DiskANN 25, the data structures are built drdimensional real vectors but work with

PQ vectors32 64-byte) for fast distance computations.

ANNS benchmark datasetsDespite the Herculean advances in representation learfing (2], ANNS
progress is often only benchmarked on xed representation vectors provided for about a dozen million to
billion scale datasetsL], 22d with limited access to the raw data. This resulted in the improvement of
algorithmic design for rigid representatiori®Rs) that are often not speci cally designed for search. All
the existing ANNS methods work with the assumption of using the proulegdidhensional representation
which might not be Pareto-optimal for the accuracy-compute trade-off in the rst place. Note that the lack
of raw-image and text-based benchmarks led us to using ImageNei2TK(L.3M images, 50K queries)
and Natural Questions {1 (21M passages, 3.6K queries) for experimentation. While not billion-scale, the
results observed on ImageNet often translate to real-world progress dnd Natural Questions is one of

the largest question answering datasets benchmarked for dense passage reifiewabking our results

generalizable and widely applicable.

In this chapter, we investigate the utility of adaptive representations — embeddings of different dimension-
alities having similar semantic information — in improving the design of ANNS algorithms. This helps in
transitioning out of restricted construction and inference on rigid representations for ANNS. To this end, we

extensively use Matryoshka RepresentatiddR$) [147] which have desired adaptive properties in-built.
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To the best of our knowledge, this is the rst work that improves accuracy-compute trade-off in ANNS
by leveraging adaptive representations on different phases of construction and inference for ANNS data

structures.

3.4 Problem Setup, Notation, and Preliminaries

The problem setup of approximate nearest neighbor search (ANN&)donsists of a database Nf data

the query. Both the database and query are embedd@iusing a representation function: X ! RY, often

a neural network that can be learned through various representation learning paradigimsqo, 190, 207].

Matryoshka Representations MRs). Thed-dimensional representations frontan have a nested struc-

ture like Matryoshka RepresentatioddRs) [147] in-built — MR(d)  Matryoshka Representation Learning
(MRL) learns these nested representations with a simple strategy of optimizing the same training objec-
tive at varying dimensionalities. These granularities are ordered such that the lowest representation size
forms a pre x for the higher-dimensional representations. So, high-dimenditRahherently contains
low-dimensional representations of varying granularities that can be accessed for free-dirsiensions

(m 2 [d]) ie., MR([1:m] from thed-dimensionaMR form anm-dimensional representation which is as
accurate as its independently trained rigid representaR&) counterpart — RR(M)  Training an encoder

with MRL does not involve any overhead or hyperparameter tuning and works seamlessly across modalities,

training objectives, and architectures.

Inverted File Index (IVF). IVF [23( is an ANNS data structure used in web-scale search syst&ihs [
owing to its simplicity, minimal compute overhead, and high accuracy. IVF construction involves clustering
(coarse quantization through k-meansjJ] on d-dimensional representation that results in an inverted le

list [269 of all the data points in each cluster. During searthkljmensional query representation is assigned

to the most relevant cluste€(; i 2 [k]) by nding the closest centroid ) using an appropriate distance
metric (L, or cosine). This is followed by an exhaustive linear search across all data points in the cluster

which gives the closest NN (see Figure 5 in Appendix A of Rege ¢Pab] for IVF overview). Lastly, IVF
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can scale to web-scale by utilizing a hierarchical IVF structure within each clisferTable2 in Appendix

A of Rege et al. [209] describes the retrieval formula for multiple variants of IVF.

Optimized Product Quantization (OPQ). Product Quantization (PQ).Pq works by splitting ad-
dimensional real vector intm sub-vectors and quantizing each sub-vector with an indepe@Bsrigth
codebook across the database. After PQ, eagimensional vector can be represented by a compacb bit

vector; we make each vector bytes long by xingb = 8. During search time, distance computation between

the query vector and PQ database is extremely ef cient with anlgodebook lookups. The generality of PQ
encompasses scalar/vector quantizatiti [ 77 as special cases. However, PQ can be further improved

by rotating thed-dimensional space appropriately to maximize distance preservation after PQ. Optimized
Product Quantization (OPQ}(] achieves this by learning an orthonormal projection ma®rithat rotates
thed-dimensional space to be more amenable to PQ. OPQ shows consistent gains over PQ across a variety of

ANNS tasks and has become the default choice in standard composite indices [125, ]

Datasets. We evaluate the ANNS algorithms while changing the representations used for the search thus
making it impossible to evaluate on the usual benchmalrk [Hence we experiment with two public
datasets: (a) ImageNet-1KR 15 dataset on the task of image retrieval — where the goal is to retrieve images
from a database (1.3M image train set) belonging to the same class as the query image (50K image validation
set) and (b) Natural Questions (NQY[{ dataset on the task of question answering through dense passage
retrieval — where the goal is to retrieve the relevant passage from a database (21M Wikipedia passages) for a

query (3.6K questions).

Metrics Performance of ANNS is often measured using recall scotg][ k-recall@N — recall of the exact

NN across search complexities which denotes the recaélt‘thie” NN whenN data points are retrieved.
However, the presence of labels allows us to compute 1-NN (top-1) accuracy. Top-1 accuracy is a harder
and more ne-grained metric that correlates well with typical retrieval metrics like recall and mean average
precision (MAP@). Even though we report top-1 accuracy by default during experimentation, we discuss
other metrics in Appendix C of Rege et Bi09]. Finally, we measure the compute overhead of ANNS using

MFLOPS/query and also provide wall-clock times (see Appendix B.1 of Rege et al. [209]).
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Encoders. For ImageNet, we encode both the database and query set using a ResNg{56](trained on
ImageNet-1K. For NQ, we encode both the passages in the database and the questions in the query set using

a BERT-Base () [61] model ne-tuned on NQ for dense passage retrieval [133].

being2048 as suggested by Kusupati etk 7] alongside the MRL-ResNet50 models trained with MRL
for the same dimensionalities. TRR andMR models are trained to ensure the supervised one-vs-all
classi cation accuracy across all data dimensionalities is nearly the same — 1-NN accu2@é8cfRR and

MR models ar&1:19%and70:97% respectively on ImageNet-1K. Independently trained mod&g(,d),
outputd = [8; 16:::;2048]dimensionalRRs while a single MRL-ResNet50 modeI,MR(d), outputs a

d = 2048-dimensionaMR that contains all the 9 granularities.

We also train BERT-Base models in a similar vein as the aforementioned ResNet50 models. The key
difference is that we take a pre-trained BERT-Base model and ne-tune on NQ as suggested by Karpukhin
et al.[133] with varying (5) representation sizes (bottlenecks¥([48;96;:::; 768} default being768)
to obtain ,F\fR(d) that create®kRs for the NQ dataset. To get the MRL-BERT-Base model, we ne-tune a
pre-trained BERT-Base encoder on the NQ train dataset using the MRL objective with the same granularities
asRRs to obtain ,'LAR(d) which contains all ve granularities. Akin to ResNet50 models, Rie and
MR BERT-Base models on NQ are built to have similar 1-NN accuracy &&d of 52:2% and51.:5%
respectively. More implementation details can be found in Appendix B of Rege[ef&].and additional

experiment-speci ¢ information is provided at the appropriate places.

3.5 AdANNS — Adaptive ANNS

In this section, we present our proposedANNS  framework that exploits the inherent exibility of
matryoshka representations to improve the accuracy-compute trade-off for semantic search components.
Standard ANNS pipeline can be split into two key components: (a) search data structure that indexes and
stores data points, (b) query-point computation method that outputs (approximate) distance between a given
query and data point. For example, standard IVFOPZH[method uses an IVF structure to index points on
full-precision vectors and then relies on OPQ for more ef cient distance computation between the query and

the data points during the linear scan.
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Below, we show thaAdANNS can be applied to both the above-mentioned ANNS components and
provides signi cant gains on the computation-accuracy tradeoff curve. In particular, we pAeEdNS -
IVF which is AAANNS version of the standard IVF index structutss[], and the closely related ScaNN
structure 9. We also presemAdANNS -OPQ which introduces representation adaptivity in the OPQ, an
industry-default quantization. Then, in Section 3.5.3 we further demonstrate the combination of the two
techniques to geAdANNS-IVFOPQ — anrAdANNS version of IVFOPQ {28 — andAdANNS -DiskANN,
a similar variant of DiskANN [ 25. Overall, our experiments show thAadANNS -IVF is signi cantly more
accuracy-compute optimal compared to the IVF indices buiRBs andAdANNS-OPQ is as accurate as

the OPQ orRRs while being signi cantly cheaper.

3.5.1 AdANNS-IVF

Recall from Section 3.2 that IVF has a
clustering and a linear scan phase, where
both phase use same dimensional rigid
representation. NowAdANNS-IVF al-
lows the clustering phase to use the rst
dc dimensions of the given matryoshka
representationR). Similarly, the linear
scan within each cluster usds dimen-

sions, where agaids represents togs

coordinates fronMR .. Note that setting Figure 3.2: 1-NN accuracy on ImageNet retrieval shows that

de = ds results in non-adaptive requla®dANNS-IVF achieves near-optimal accuracy-compute trade-
off compared across various rigid and adaptive baselines. Both

IVF. Intuitively, we would setle  ds, adaptive variants dfiR andRR signi cantly outperform their

r{_igid counterparts (IVF-XX) while post-hoc compression®R

using SVD for adaptivity falls short.

dimensional representation, we can ap-

so that instead of clustering with a hig

proximate it accurately with a low-dimensional embedding of dizfvllowed by a linear scan with a higher
ds-dimensional representation. Intuitively, this helps in the smooth search of design space for state-of-the-art

accuracy-compute trade-off. Furthermore, this can provide a precise operating point on accuracy-compute
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tradeoff curve which is critical in several practical settings.

Our experiments on regular IVF witiRs andRRs (IVF-MR & IVF- RR) of varying dimensionalities
and IVF con gurations (# clusters, # probes) show that (Figure 3.2) matryoshka representations result in a
signi cantly better accuracy-compute trade-off. We further studied and found that learned lower-dimensional
representations offer better accuracy-compute trade-offs for IVF than higher-dimensional embeddings (see
Appendix E of Rege et al. [209] for more results).

AdANNS utilizes d-dimensional matryoshka representation to get accutasnd ds dimensional
vectors at no extra compute cost. The resultNuANNS -IVF provides a much better accuracy-compute
trade-off (Figure 3.2) on ImageNet-1K retrieval compared to MR-, IVF-RR, and MG-IVFRR —multi-
granular IVF with rigid representations (akin A@dANNS without MR) — a strong baseline that usés

andds dimensionalRRs. Finally, we exhaustively search the design space of IVF by varginds 2

[209] for more details. For IVF experiments on the NQ dataset, please refer to Appendix G of Rege et al.

[209].

Empirical results. Figure 3.2 shows tha@dANNS -IVF outperforms the baselines across all accuracy-
compute settings for ImageNet-1K retrievéldANNS -IVF results in10 lower compute for the best
accuracy of the extremely expensive MG-I\RR and non-adaptive IVPR. Speci cally, as shown in

Figure 3.1aAdANNS-IVF is up to1:5% more accurate for the same compute and has U@ lesser
FLOPS/query90 real-world speed-up!) than the status quo ANNS on rigid representationsRR)F\We

Iter out points for the sake of presentation and encourage the reader to check out Figure 8 in Appendix E
of Rege et al. [209] for an expansive plot of all the con gurations searched.

The advantage dhdANNS for construction of search structures is evident from the improvements in IVF

(AdJANNS-IVF) and can be easily extended to other ANNS structures like ScalNNapd HNSW [L79].

For example, HNSW consists of multiple layers with graphs of NSW graphg pf increasing complexity.
AdANNS can be adopted to HNSW, where the construction of each level can be powered by appropriate
dimensionalities for an optimal accuracy-compute trade-off. In gen®d®NNS provides ne-grained con-

trol over compute overhead (storage, working memory, inference, and construction cost) during construction

and inference while providing the best possible accuracy.
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3.5.2 AJANNS-OPQ

Standard Product Quantization (PQ) essentially performs block-wise vector quantization via clustering. For
example, suppose we neg@-byte PQ compressed vectors from the gi2@48dimensional representations.
Then, we can chunk the representationsiirr 32 equal blocks/sub-vectors 6-d each, and each sub-vector
space is clustered in® = 256 partitions. That is, the representation of each point is essentially cluster-id
for each block. Optimized PQ (OPQj(] further re nes this idea, by rst rotating the representations using

a learned orthogonal matrix, and then applying PQ on top of the rotated representations. In ANNS, OPQ
is used extensively to compress vectors and improves approximate distance computation primarily due to
signi cantly lower memory overhead than storing full-precision data points IVF.

AdANNS-OPQ utilizesMR representations to apply OPQ on lower-dimensional representations. That
is, for a given quantization budgetdANNS allows using topds d dimensions fronMR and then
computing clusters witds=m-dimensional blocks whenma is the number of blocks. Depending daand
m, we have further exibility of trading-off dimensionality/capacity for increasing the number of clusters to
meet the given quantization budg@&dANNS -OPQ tries multipleds, m, and number of clusters for a xed
guantization budget to obtain the best performing con guration.

We experimented witB 128byte OPQ budgets for both ImageNet and Natural Questions retrieval
with an exhaustive search on the quantized vectors. We cormaxBINS -OPQ which useMRs of varying
granularities to the baseline OPQ built on the highest dimensiRRal We also evaluate OPQ vectors

obtained projection using SVD [82] on top of the highest-dimensi&irs.

Empirical results. Figures 3.3 and 3.1b show thatlANNS -OPQ signi cantly outperforms — up 4%
accuracy gain —the baselines (OPQRIRSs) across compute budgets on both ImageNet and NQ. In particular,
AdANNS -OPQ tends to match the accuracy @byte (a typical choice in ANNS) OPQ baseline with only
a 32-byte budget. This results inZa reduction in both storage and compute FLOPS which translates to
signi cant gains in real-world web-scale deployment (see Appendix D of Rege et al. [209]).

We only report the besAdANNS-OPQ for each budget typically obtained through a much lower-
dimensionaMR (128& 192 much faster to build as well) than the highest-dimensidmal (2048& 768)

for ImageNet and NQ respectively (see Appendix G of Rege §t@d] for more details). At the same time,
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we note that building compressed OPQ vectors on projdRRslusing SVD to the smaller dimensions (or
using low-dimensionaRRs, see Appendix D of Rege et §209]) as the optimaAdANNS -OPQ does not
help in improving the accuracy. The signi cant gains we observedANNS -OPQ are purely due to better
information packing irMRs —we hypothesize that packing the most important information in the initial
coordinates results in a better PQ quantization tRRs where the information is uniformly distributed

across all the dimensions47, 237. See Appendix D of Rege et 4209] for more details and experiments.

3.5.3 AdANNS for Composite Indices

We now extendAdANNS to composite indicesl2d which put together two main ANNS building blocks —
search structures and quantization — together to obtain ef cient web-scale ANNS indices used in practice. A
simple instantiation of a composite index would be the combination of IVF and OPQ — IVFOPQ — where
the clustering in IVF happens with full-precision real vectors but the linear scan within each cluster is
approximated using OPQ-compressed variants of the representation — since often the full-precision vectors of
the database cannot tin RAM. Contemporary ANNS indices like DiskANNY make this a default choice

where they build the search graph with a full-precision vector and approximate the distance computations

during search with an OPQ-compressed vector to obtain a very small shortlist of retrieved datapoints. In

Figure 3.3: AAANNS-OPQ matches the accuracyigure 3.4: Combining the gains cAdANNS for

of 64-byte OPQ orRR using only32-bytes for Im- IVF and OPQ leads to better IVFOPQ composite
ageNet retrievalAdANNS provides large gains atindices. On ImageNet retrievahdANNS -IVFOPQ
lower compute budgets and saturates to baseline pg8 cheaper for the same accuracy and proviles
formance for larger budgets. - 4% gains over IVFOPQ oRRRs.
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DiskANN, the shortlist of data points is then re-ranked to form the nal list using their full-precision vectors
fetched from the diskAJANNS is naturally suited to this shortlist-rerank framework: we use addwR
for forming index, where we could tuedANNS parameters according to the accuracy-compute trade-off

of the graph and OPQ vectors. We then use a kigfR for re-ranking.

Empirical results. Figure 3.4 shows Taple 3.1: AHANNS -DiskANN using al6-d MR + re-ranking

that AJANNS -IVFOPQ is1 4% bet- with the2048d MR outperforms DlskANN.bunt or2048d RR
athalf the compute cost on ImageNet retrieval.

ter than the baseline at all the PQ com-

pute budgets. Furthermor@dANNS- RR-2048 AdANNS
IVFOPQ has the same accuracy as the PQ Budget (Bytes) 32 16
baselines a8 lower overhead. With Top-1 Accuracy (%) 70.37 70.56
DiskANN, AJANNS accelerates short- MAP@10 (%) 62.46 64.70
list generation by using low-dimensional Precision@40 (%) 65.65 68.25

representations and recoups the accuracy

by re-ranking with the highest-dimensiodR at negligible cost. Table 3.1 shows tHedANNS -DiskANN
is more accurate than the baseline for both 1-NN and ranking performance dtabinlyhe cost. Using
low-dimensional representations further speeds up infererns@ANNS -DiskANN (see Appendix F of Rege

etal. [209]).

These results show the generalityAdANNS and its broad applicability across a variety of ANNS
indices built on top of the base building blocks. CurremgANNS piggybacks on typical ANNS pipelines
for their inherent accounting of the real-world system constraitiis 125, ]. However, we believe
thatAdANNS's exibility and signi cantly better accuracy-compute trade-off can be further informed by
real-world deployment constraints. We leave this high-potential line of work that requires extensive study to

future research.
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3.6 Further Analysis and Discussion

3.6.1 Compute-aware Elastic Search During Inference

AdANNS search structures cater to many speci c large-scale use scenarios that need to satisfy precise
resource constraints during construction as well as inference. However, in many cases, construction and
storage of the indices are not the bottlenecks or the user is unable to search the design space. In these
settings AAANNS -D enables adaptive inference through accurate yet cheaper distance computation using
the low-dimensional pre x of matryoshka representation. Akin to composite indices (Section 3.5.3) that
use PQ vectors for cheaper distance computation, we can use the low-dimeRstofalfaster distance
computation on ANNS structure buiibn-adaptivelyith a high-dimensiond/IR without any modi cations

to the existing index.

Empirical results. Figure 3.2 shows that for a given compute budget using IVF on ImageNet-1K retrieval,
AdANNS-IVF is better tharAdANNS -IVF-D due to the explicit control during the building of the ANNS
structure which is expected. However, the interesting observation i8tEXINS -D matches or outperforms
the IVF indices built withMRs of varying capacities for ImageNet retrieval.

However, these methods are applicable in speci ¢ scenarios of deployment. Obtaining dxditidiNS
search structure (highly accurate) or even the best IVF-MR index relies on a relatively expensive design
search but delivers indices that t the storage, memory, compute, and accuracy constraints all at once. On the
other handAdANNS -D does not require a precisely built ANNS index but can enable compute-aware search
during inferenceAJANNS-D is a great choice for setups that can afford only one single database/index but
need to cater to varying deployment constraints, e.g., one task requires 70% accuracy while another task has

a compute budget of 1 MFLOPS/query.

3.6.2 WhyMRs over RRs?

Quite a few of the gains frolAdANNS are owing to the quality and capabilities of matryoshka representa-
tions. So, we conducted extensive analysis to understand why matryoshka representations seem to be more
aligned for semantic search than the status-quo rigid representations.

Dif culty of NN search. Relative contrast;) [97] is inversely proportional to the dif culty of nearest
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neighbor search on a given database. On ImageNet-1K, Figure 14 of Rege e€dhshows thaMRs have
betterC, thanRRs across dimensionalities, further supporting that matryoshka representations are more
aligned (easier) for NN search than existing rigid representations for the same accuracy. More details and

analysis about this experiment can be found in Appendix H.2 of Rege et al. [209] .

Clustering distributions. We also investigate the potential deviation in clustering distributionsties
across dimensionalities comparedRBs. Unlike theRRs where the information is uniformly diffused
across dimensiong€$7, MRs have hierarchical information packing. Figure 11 in Appendix E.3 of Rege
et al.[209] shows that matryoshka representations result in clusters similar (measured by total variation

distance [158]) to that of rigid representations and do not result in any unusual artifacts.

Robustness.Figure 9 in Appendix E of Rege et 4209] shows thaMRs continue to be better than
RRs even for out-of-distribution (OOD) image queries (ImageNet¥2]) using ANNS. It also shows that
the highest data dimensionality need not always be the most robust which is further supported by the higher
recall using lower dimensions. Further details about this experiment can be found in Appendix E.1 of Rege

etal. [209].

Generality across encoderslVF-MR consistently has higher accuracy than IRR across dimension-
alities despite having similar accuracies with exact NN search (for ResNet50 on ImageNet and BERT-Base
on NQ). We nd that our observations on better alignmenitits for NN search hold across neural network
architectures, ResNet18/34/1CE] and ConvNeXt-Tiny [.71]. Appendix H.3 of Rege et aJ209] delves

deep into the experimentation done using various neural architectures on ImageNet-1K.

Recall score analysisAnalysis of recall score (see Appendix C of Rege ef#i9]) in Appendix H.1
of Rege et al[209] shows that for a similar top-1 accuracy, lower-dimensional representations have better
1-Recall@1 across search complexities for IVF and HNSW on ImageNet-1K. Across the & tiave
higher recall scores and top-1 accuracy pointing to easier “searchability” and thus suitability of matryoshka
representations for ANNS. Larger-scale experiments and further analysis can be found in Appendix H of Rege

etal. [209].

Through these analyses, we argue that matryoshka representations are better suited for semantic search

than rigid representations, thus making them an ideal choicBdANNS.
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3.6.3 Search forAdANNS Hyperparameters

Choosing the optimal hyperparameters for ADANNS, sucti.ads, m, # clusters, # probes, is an interesting
and open problem that requires more rigorous examination. As the ANNS index is forroeand used
for potentially billions of queries with massive implications for cost, latency and queries-per-second, a
hyperparameter search for the best index is generally an acceptable industry ptactice . The Faiss
library [12€] provides guideline'sto choose the appropriate index for a speci ¢ problem, including memory
constraints, database size, and the need for exact results. There have been efforts at automating the search for
optimal indexing parameters, such as Autofaisghich maximizes recall given compute constraints.

In case ofAdANNS, we suggest starting at the best con guration$/éts followed by a local design
space search to lead to near-optiMd/ANNS con gurations (e.g. use IVF-MR to bootstré@fd ANNS -IVF).

We also share some observations during the course of our experiments:

1. AANNS-IVF: Top-1 accuracy generally improves (with diminishing returns after a point) with increasing
dimensionality of clusteringd¢) and searchds), as we show on ImageNet variants and with multiple
encoders in the Appendix (Figures 9 and 15) of Rege ¢t@f]. Clustering with lowd MRs matches
the performance of high-MRs as they likely contain similar amounts of useful information, making the
increased compute cost not worth the marginal gains. Increasing # probes naturally boosts performance
(Appendix, Figure 10a, of Rege et §t09]). Lastly, it is generally accepted that a good starting point for
the # clusters is P Np =2, whereNp is the number of indexable itemsd(]. k = P Np is the optimal

choice ofk from a FLOPS computation perspective as can be seen in Appendix B.1 of Rege et al. [209].

2. AdANNS-OPQ: we observe that for a xed compute budget in byte}, the top-1 accuracy reaches a
peak ad < d nmax (Appendix, Table 4, of Rege et §209]). We hypothesize that the better performance of
AdANNS-OPQ atd < dnax is due to the curse of dimensionality, i.e. it is easier to learn PQ codebooks
on smaller embeddings with similar amounts of information. We nd that usinglBRrwithd =4 m
is a good starting point on ImageNet and NQ. We also suggest using an 8-bit (256-length) codebook for

OPQ as the default for each of the sub-block quantizer.

3. AdANNS -DiskANN: Our observations with DiskANN are consistent with other indexing structures, i.e.

https://github.com/facebookresearch/faiss/wiki/Guidelines-to-choose-an-index
2https://github.com/criteo/autofaiss
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the optimal graph construction dimensionality d max (Appendix, Figure 12, of Rege et §209]). A
careful study of DiskANN on different datasets is required for more general guidelines to choose graph

construction and OPQ dimensionaliy

3.6.4 Limitations

AdANNS's core focus is to improve the design of the existing ANNS pipelines. TOAWRENNS on a
corpus, we need to back- 1704 the MRs of the data — a signi cant yet a one-time overhead. We also
notice that high-dimensiondlRs start to degrade in performance when optimizing also for an extremely
low-dimensional granularity (e.gs, 24-d for NQ) — otherwise is it quite easy to have comparable accuracies
with bothRRs andMRs. Lastly, the existing dense representations can only in theory be conveitRisto

with an auto-encoder-style non-linear transformation. We believe most of these limitations form excellent

future work to improveAdANNS further.

3.7 Conclusions

We proposed a novel framewokdANNS , that leverages adaptive representations for different phases
of ANNS pipelines to improve the accuracy-compute trade®@ANNS utilizes the inherent exibility of
matryoshka representatioris/[/] to design better ANNS building blocks than the standard ones which use
the rigid representation in each phaselANNS achieves SOTA accuracy-compute trade-off for the two
main ANNS building blocks: search data structur@dANNS -IVF) and quantizationAdANNS -OPQ).

The combination oAdANNS -based building blocks leads to the construction of better real-world composite
ANNS indices — with as much & reduction in cost at the same accuracy as strong baselines — while also
enabling compute-aware elastic search. Finally, we note that combAdAYINS with elastic encodersp]

enables truly adaptive large-scale retrieval.
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Chapter 4

MatFormer: Nested Transformer for Elastic

Inference

4.1 Overview

Transformer models are deployed in a wide range of settings, from multi-accelerator clusters to standalone
mobile phones. The diverse inference constraints in these scenarios necessitate practitioners to train foundation
models such as PaLM 2, Llama, & ViTs as a series of models of varying sizes. Due to signi cant training
costs, only a select few model sizes are trained and supported, limiting more ne-grained control over
relevant tradeoffs, including latency, cost, and accuracy. This chapter introduces MafF@mested
Transformer architecture designed to offer elasticity in a variety of deployment constraints. Each Feed
Forward Network (FFN) block of a MatFormer model is jointly optimized with a few nested smaller FFN
blocks. This training procedure allows for the Mix'n'Match of model granularities across layers —i.e., a
trained universal MatFormer model enables extractiomufdredsf accurate smaller models, which were

never explicitly optimized. We empirically demonstrate MatFormer's effectiveness across different model
classes (decoders & encoders), modalities (language & vision), and scales (up to 2.6B parameters). We
nd that a 2.6B decoder-only MatFormer language model (MatLM) allows us to extract smaller models

spanning from 1.5B to 2.6B, each exhibiting comparable validation loss and one-shot downstream evaluations

!MatFormer stands for Matryoshka Tranrmer due to the model's inherent nested nature.
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to their independently trained counterparts. Furthermore, we observe that smaller encoders extracted from a
universal MatFormer-based ViT (MatViT) encoder preserve the metric-space structure for adaptive large-
scale retrieval. Finally, we showcase that speculative decoding with the accuratensstensubmodels
extracted from MatFormer can further reduce inference latency. Code and pretrained models are open-
sourced ahttps://github.com/RAIVNLab/MatFormer-OLMo andhttps://github.com/

google-research/scenic/tree/main/scenic/projects/matvit

4.2 Introduction

Figure 4.1: MatFormer introduces nested structure into the Transformer's FFN block & jointly trains all the
submodels, enabling free extraction of hundreds of accurate submodels for elastic inference.

Large Foundation model9[195, 53] are deployed in a variety of settings like real-time response on
mobile phones or in batch setting on multi-cluster GPUs for web-scale serving. To handle such varied settings,
each model family provides a feiwdependently trainechodels of different sizes. In order to cover a wide
range of applications, typically these models' sizes are nearly linear on log-scale. For example, Llama family
provides models with 7B, 13B, 33B and 65B parameters [239].

Such an approach has two key drawbacks: (a) as the models are independently trained, they incur
signi cant overhead for colocation during inference and are not behaviorally consistent with each other

which are detrimental to inference optimization techniques like speculative decddirigahd model
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cascades’5d, and (b) due to training overhead, practitioners typically train only a few models which do not
cover the entire set of downstream use-cases. For example, a deployment setup might, say, have the latency
budget to support 40B parameter Llama model, but can only host a 33B variant because the next bigger model
(65B) has signi cantly higher latency. So, one would need to settle for a less accurate model despite the
larger latency budget. While model compression approaches aim to address this issue, they typically require
additional training for each model that needs to be extracted. Furthermore, when applied to LLMs, these

techniques are known to signi cantly drop the accuracy [124].

In this chapter, we propose MatFormer, a natively elastic Transfortré} &rchitecture that allows
for training oneuniversalmodel which can be used to extract hundreds of smaller submodels wahput
additional training(Figure 4.1). MatFormer is a general architecture that can be applied to both encoders
and decoders, is domain agnostic, and is compatible with most design choices and training pipelines of large

Transformer-based models — LLMs & ViTs.

MatFormer follows the principle of matryoshka representation learnirig [discussed in Chapter 2,
to introduce nested substructure inside the standard Transformer block. Formally, MatFormer de nes a
Transformer blockd, such that,T; T Ty, whereg is the number of nested transformer
blocks, andl;  Ti.+1 relation indicates that the parametersTpfire contained in those a@t.1 . MatFormer
can induce such sub-structure in both the attention and the feedforward network (FFN) blocks of the
Transformer (see Figure 4.1). Consider a FFN block thatdgaseurons in the hidden layer. Then,
MatFormer induces matryoshka structure on these neurons, Whemntains the rstm; neurons and
1 my mp mg = di represent the number of neurons for each granularity or sub-model. Intuitively,
this implies that the rsimy neurons are “most signi cant” neurons as they belong to all the blocks followed
by the nextim, mj, and so on. We can form a similar sub-structure on the attention heads, with the heads
being organized from “most” to “least” signi cant, where the more signi cant heads are shared by more
sub-models. That is, we use only the st attention heads for thigh granularity. In fact, we can also

introduce this sub-structure in the token embeddihgde) supplied to each Transformer block.

However, in most LLMs and ViTs, the FFN block in the Transformer accounts for more6®#n
non-embedding parameters and is responsible for the largest chunk of latency during inference. So, in this

work, we focus on inducing the MatFormer's nested sub-structure in the FFN block. We then stack the
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individual blocks (forl layers) to formg nested modeld\ 1..¢g) with shared parametersi.@),; M 1.

Finally, we jointly train thesg models by combining each model's loss.

This leads to a natural question: can one extract more ghaondels after inducing the MatFormer

structure? Yes, in fact, it is possible to extract exponentially many models. Using the trained MatFormer

combination of these blocks across layers. For example, in the rst layer, one canlgglthe largest block,
chooseT; in the second layer, and so on, formigigdifferent models. As we explicitly optimized only for

g models, instead of the exponentially many models, are the extracted models accurate? Surprisingly, in
multiple settings, and for a various model sizes, we observe that the extracted models indeed are accurate,

with accuracy scaling with the size of the extracted model.

We train Matformer-based decoder-only Language Models (MatLM) up to 2.6B parameters and observe
that: (a) MatLMs explicitly trained witly exponentially spaced granularities almost match validation loss
and one-shot downstream evals of respedit@seline models trained independently from scratch, (b) our
extracted models using Mix'n'Match lie on the accuracy-vs-parameters trade-off curve generated by the
g explicitly trained models, (c) through scaling experiments we observe that the loss vs compute law for
different MatFormer models remains similar to vanilla Transformer models across different granularities
and (d) the submodels extracted from MatLM have highly consistent behavior that is highly desirable for

inference optimizations and deployment across scales.

We further studied MatFormer-based ViT models (MatViT) and have similar observations as MatLM.
For example, MatViT-L/16 improves the accuracy of the standard ViT-L/16 model on ImageNet-1K, and the
extracted sub-models all match or even perform better than the independently trained baselines. Furthermore,
we demonstrate that, due to high consistency, MatViT models can be used as “elastic encoders” for adaptive
image retrieval. That is, the metric-space of an image encoded by the universal (i.e. the largest) MatViT
model is roughly preserved by the nested submodels. Hence, based on query complexity, system load, and
various other considerations, we can use one of the extracted MatViT encoders at inference time for retrieval
on a xed corpus encoded by the universal model — providing @@86 lesser compute overhead with

< 0:5%drop in accuracy.

We make these key contributions:
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1. We introduce MatFormer, which incorporates a nested sub-structure within the standard Transformer and

jointly optimizes all theg granularities to produce a single, universal elastic model.

2. Employing Mix'n'Match of granularities across layers in a universal MatFormer model yields hundreds of

accurate and consistent submodels without any additional training cost (Section 4.4).

3. MatFormer generalizes effectively to both decoder-only language models (MatLM) and vision encoders
(MatViT), scaling as reliably and accurately as the standard Transformer, while enabling signi cantly

faster autoregressive generation and large-scale adaptive dense retrieval (Section 4.5).

4.3 Related Work

A standard Transformer2]l5 has become the unifying model architecture for foundation modgls [
across modalities like languagé], vision [53] and audio P03. While extremely powerful, the standard
Transformer block is not natively elastic in a way that enables large-scale adaptive and exible deploy-
ment across various resource constraints. To cater to the plethora of deployment requirements, existing
solutions include training a family of models of varying sizes{4(], post-hoc ef ciency techniques like
guantization §0], pruning [L49, distillation [22(] and mixture of varying capacity experts (MoE)/[].
However, these solutions often are speci ¢ to the single constraint at hand, and require additional training or
trade-off memory/compute during inference making them far from being a truly elastic solution for adaptive
deployment. Lastly, Transformer based LLMs are often sped-up during inference with techniques like
speculative decodingLp7, 40] — that bene ts from the smaller draft & the larger veri er models having
similar behavior — or early exiting [222] to enable real-time deployment.

Obtaining multiple smaller models from a single model has been explored in thepastT4, 30, 87, 31]
with most works focusing on CNN encoders. Speci cally, OFX]][creates a universal CNN model
which is used to extract and netune submodels for a handful of deployment constraints while slimmable
networks P75 optimize for limited preset widths and require explicit training to interpolate for a few more
intermediate widths474]. NAS techniques that sample random (not nested) subnetworks during training at
each step, and then nd the subnetwork architecture to retrain from scratch before deployment have been
explored P55. These techniques fall short of being truly elastic and come with signi cant training overheads.

More recently some of them have been extended to Transformer encééeis (, ] for extracting
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sub-models in both static or dynamic settings but fail at extending further to decoder-only language models.
While not in the weight space, matryoshka representation learfifid & FlexiViT [ 21] showcase elasticity

in output & input spaces respectively by smoothly spanning deployment constraints with minimal overhead.
MatFormer, in contrast, builds upon these works by nested the weight space instead to enable truly elastic
and adaptive Transformer-based (decoder & encoder) models that span all the accuracy-vs-compute tradeoff
(statically or dynamically) with minimal changes and training overhead (Figure 4.1). Finally, we also point
the readers to SortedNei/{1], a concurrent work with similar goals applied to encoders, which optimizes
many sampled submodels (akin to prior works) unlike MatFormer's joint optimization of a few (typically 4)

nested submodels.

4.4 MatFormer

In this section, we de ne MatFormer's nested substructure (Section 4.4.1) and discuss its training procedure
for a choserg model granularities (Section 4.4.2). We then discuss elastic inference using Mix'n'Match

models (Section 4.4.3) from MatFormer along with its deployment considerations.

4.4.1 MatFormer Structure

MatFormer de negy Transformer blockd;, such thatT; T» Tg whereT;  Tj+1 indicates that

the parameters df; are contained in those @f.1 . While it is possible to impose such a structure on any
part of the Transformer, we select the FFN block to de ne our method and present our experiments, as the
model size and computational cost of a Transformer is dominated (af%dfbr LLMs and ViTs) by the

FFN block (see Appendix B of Devvrit et al. [62]).

The Transformer FFN block has a single hidden layer witmeurons and both input and outputs in
Rdmodel and xed FFN ratio:= dg=0model (typically ~ 4). MatFormer introduces the matryoshka nested
structure withg granularities on the hidden representation of the FFN block. Concretely, a nested sub-block
of the TransformerT; contains the rstm; neurons of the FFN antl m; mg = di represent

the number of neurons for each granularity or sub-model. So, depending on the chosen granularity the FFN
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operation ofT; i.e., TF™N on an inputx 2 RYmode js:
TENX) = (x Wa[0:mi”) W0 :mi]; (4.1)

where the weight matrices of FFN afé¢1; W , 2 RY dmesel and bias terms are omitted for simplicity.
W 1[0 : k] denotes the submatrix with the r&trows of W 1. Finally, is a non-linearity often set to
GELU [109 or squared ReLUZ31]. In this work, we chose thg = 4 exponentially spaced granularities
with FFN ratios off 0:5; 1; 2; 4g i.e., the nested hidden neurons are of the sﬁf%s; d%; d%; dit Q.

With the nested MatFormer blocKs; T, ::: Ty, we can combine these to form a MatFormer model,
with g nested submoded 1 M 5:::; M gwhereM ; [Ti] !, i.e.,M ; is formed by stacking; for |

layers. The input and output embedding matrices are shared across the models.

4.4.2 Training

For a Transformer mod&ll , the forward pass on an inpxtis denoted by (x) and letL denote the loss
function between the output and the target. (M (x);y).

MatFormer relies on a simple training strategy of jointly optimizing allghreested submodels together.
To this end, we set the MatFormer loss as a weighted average of Igsibmodels and train for it using the

standard stochastic gradient-based optimizers [225]:

xd
Liont(Xy) = i L(Mi(x);y), (4.2)
i=1

where ; > Ois the weight ofi-th granular submodel. In this work, we det;gi=1 ...¢ to be uniformi.e.1=g
but explore tunind gi=1::g in Appendix D.4 of Devvrit et al. [62] to further improve MatFormer.

The joint training in MatFormer involves one forward pass per each aof fwbmodels and bene ts from
portions of shared computation during backpropagation. MatFormer training resgléourate nested
submodeldvl ;..g inside the universal MatFormer model (5). Note that this simple strategy outperforms
various other training techniques (Appendix D.2 of Devvrit ef@?]). Finally, instead of pretraining models
with MatFomer structure, we can also induce this structure via netuning.

MatFormer training is 15% faster (forg = 4) than training all the Transformer based equivalent
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submodels independently (Appendix B of Devvrit et [&l2]). However, MatFormer also enables the
extraction of hundreds of smaller submodels along the accuracy-vs-compute curve traced éxpthetly
optimized submodels (Section 4.4.3). These models emerge for free using Mix'n'Match during inference and
drastically reduce the amortized training cost per model obtained through MatFormer. The joint optimization,
even without self-distillation fronM g, results in smaller submodels that have highly consistent behavior
(Section 4.4.4) with the universal model. Finally, in Appendix B.1 of Devvrit effal], we argue that the

training ef ciency of MatFormer can be signi cantly improved through various optimizations.

4.4.3 Mix'n'Match

At inference time, it is trivial to extract one of tleesubmodelsM 1 M ,:::; M ¢ by stacking the
corresponding Transformer blodk across layers. However, by selecting different granularity for each
MatFormer layer, it is possible to generate a combinatorially large number of accurate smaller models for free.
We call this simple procedunfdix’'n'Match and observe that these additional model granularities —which
were never explicitly optimized — are highly performant.

In fact, we can further increase the number of extracted models by generating interpolating blocks
between xed granulatiesl[}7]. For example, we can generatéfablock that uses rst%(mi + Mj+1)
neurons in the FFN layer which still tends to be highly accurate.

To summarize, given a computational budget, we can extract a highly accurate model with Mix'n'Match
for the constraints rather than using a smaller less accurate model or training a model for this speci ¢ constraint
(Sections 4.5.1 & 4.5.2). We note that a compute constraint can be satis ed by various Mix'n'Match models
with different accuracies, making identifying the best Mix'n'Match con gurations without downstream

validation is an exciting direction for future work.

4.4.4 Deployment

During deployment, all we need to store is the single universal MatFormer model for different types of elastic
inference depending on the constraints. In the case of static workloads, where compute resources are known
beforehand and the inputs remain relatively similar in dif culty, one can choose the most accurate static

submodel for the constraints using Mix'n'Match. This eliminates the usage of a less accurate preexisting
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model or training of a new one for the speci ¢ constraints.

For dynamic workloads, where the compute resources or the input hardness change on the y, we can
use the universal MatFormer model to dynamically extract the optimal submodel for token-based routing
in LLMs akin to MoE [138 167 and elastic encoders in dense retrieval (Section 4.5.2). This works largely
because all the extracted submodels have high behawonsistencyith universal MatFormer model
(Section 4.5.1) — minimizing the drift across predictions from various submodels. We measure the consistency
between two generative models as fplegcentage of matching tokegenerated by them for the same pre x
or using theKL divergenceof the smaller model outputs with the larger model outputs — this accounts for
potential sampling strategies in decoding. This highly consistent nature of MatFormer results in superior
inference time speedups for techniques like speculative decoding (Section 4.5.1) and can assist in
reducing prediction drift between cross platform deployments. We also show that higher model consistency

also aids metric-space structure preservation in encoder models (Section 4.5.2).

4.5 Experiments

In this section, we empirically evaluate MatFormer across modalities (language and vision), model classes
(decoder and encoder), and scales (up to 2.6B parameters). Speci cally, we train and analyze MatFormer-
based decoder-only Language Models — MatLMs (Section 4.5.1) — and encoder-only Vision Transformers
— MatViT (Section 4.5.2) models with = 4 nested granularities across various model sizes. For a fair
comparison, we also independently train the Transformer baseline for the submodel of each granularity
across model sizes for the same tasks. We primarily focus on the elastic deployment of MatFormer-based
models (Sections 4.5.1 & 4.5.2) for tasks spanning from one-shot generative evals to adaptive image retrieval.

Additionally, we also investigate the reliable scaling behavigr] of the MatFormer models (Section 4.5.1).

45.1 MatLM: MatFormer Language Models

We build MatFormer-based decoder-only Language Models — MatLMs — and contrast them to their vanilla
Transformer counterparts (LMs)§9. The LMs broadly follow the training pipeline and procedure outlined
by Thoppilan et al[238]. For each MatLM model with a sél,qqe, We jointly optimize forg = 4 nested

granularities represented by FFN ratiod 6f5; 1; 2; 4g — i.e., only the hidden representation size of the FFN
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block changes. We denote these submodels as MatLM — {S, M, L, XL} in increasing order of model size
and refer to MatLM-XL as the universal MatLM. For baselines, we train vanilla Transformer models with
comparable architectures. That is, for each MatLM, we train 4 separate baseline models with FFN ratios of
f0:5; 1; 2;4g for a xed dmogeidenoted as Baseline — {S, M, L, XL}. We evaluate these models on validation
loss € log perplexity) and average accuracy on 26 English tasks similari@p, 9]. Of these 26 tasks,

we group 5 tasks that require generating multiple tokens under “GEN” and the remaining tasks that involve

choosing an option from the input text under “RANK”. Please see Appendix A of Devvrit EtZdlfor

further details on training, evaluation, and the datasets.

Elastic Inference with MatLM

To showcase elastic inference, we evaluate the 2.6B parameter MatLM models on its ability (a) to provide
models spanning the accuracy-vs-compute curve using Mix'n'Match (Section 4.4.3) and (b) to improve
post-hoc inference optimization techniques like Speculative Decoding fo further speed-up accurate
auto-regressive generation.

Accurate MatLM submodels for every constraint for free with Mix'n'Match. Leveraging Mix'n'Match,

a MatLM can provide accurate models for every compute constraint (between S and XL), not just the explicitly
optimized granularities {S, M, L, XL}. We evaluate the impact of Mix'n'Match on the 2.6B parameter
MatLM in Figure 4.2 through validation loss and downstream evals and contrast them to four granularities
{S, M, L, XL} of the 2.6B baseline LM (all trained independently). In Figures 4.2a, 4.2b & 4.2c, we show
that all MatLM — {S, M, L, XL} models all perform as well as their corresponding baselines — with marginal
improvements and drops across the scale.

In Figure 4.2a we see that Mix'n'Match helps obtain many models on the optimal loss-vs-compute curve
at zero cost. Moreover, downstream eval tasks on these Mix'n'Match models also mimic this trend, as shown
in Figures 4.2c & 4.2b. In a deployment setting that only 5a% of the required compute resources needed
for the MatLM-XL model, it is now possible to have a Mix'n'Match submodel with2% accuracy drop on
RANK evals. Without elastic deployment due to Mix'n'Match, we would see 8:5% accuracy drop due to
the use of the MatLM-M model. Note that we highlight only a few of the hundreds of accurate Mix'n'Match

models along the curves. We discuss additional details and results on the Mix'n'Match procedure in Appendix
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(a) Validation loss (b) 1-shot RANK Evals

(c) 1-shot GEN Evals (d) Consistency with the XL model

Figure 4.2: Validation loss & one-shot downstream evaluation scores for the 2.6B MatLM & baseline
models. Mix'n'Match helps generate accurate and more consistent models from MatLM that lie on the
performance-vs-compute curve spanned by the explicitly optimized submodels.

of Devvrit et al. [62].

MatLM submodels speed up speculative decodingSpeculative decoding leverages an accurate
lightweight LM as a draft model to autoregressively generate a few tokens, followed by verifying these drafts
with a larger model through parallel decoding on the generated tokens. When the draft is inaccurate, the draft
model is rolled back and reset to the larger model's output. This results in considerable inference speed-up
for the same accuracy as the large mod#Ve point the reader to the original paper for a more detailed

explanation [157].

Slow down of this algorithm stems from cases where the smaller model's predictions disagree with the
larger model. A draft model that is signi cantly more consistent with the larger veri er model would lead
to less rollbacks of the draft predictions and therefore lower latency. As seen in Figure 4.2d the MatLM
submodels can be up 85% more consistent than the baselines to their corresponding XL model. The
signi cant gap persists even in the KL divergence variant of consistency with the XL model's outputs (see

Figure 6 in Appendix of Devvrit et a[62]). This improved consistency along with the need for only a single
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universal model positions MatLM favorably to improve techniques that require draft and veri er models such

as speculative decoding.

Table 4.1 shows the inference time speed-ups

able 4.1: Inference time speed-ups over a standard
.6B model through speculative decoding using a 1.5B
models of the 2.6B language model for draftingp) draft and 2.6B (XL) veri er model.

from speculative decoding using the S and XL s

and veri cation respectively. Speculative decoding , , o
Speculative Decoding LAMBADA TriviaQA

with independently trained baseline LMs results in &

Baseline 1:10 1:08
speed-up of up ta0%over the standard autoregres-
, _ MatLM 1:14 1:11
sive decoding of the 2.6B-XL model. But MatLM-
+ shared attention cache 1:16 1:14

based speculative decoding is ubih faster than

traditional speculative decoding. This additional

speed-up can be primarily attributed to the more con-

sistent nature of MatLM-based drafter and veri er models and is further boosted by the ability to share
attention cache across models from MatLM which is infeasible for the baselines (see Appendix B.2 of Devvrit
et al.[62]). Finally, MatLM further reduces the memory overhead for inference by removing the need to have

two models during resource-constrained deployment.

MatLM Scales as well as Vanilla Transformer LMs

Now that we have established that a 2.6B MatLM model and its submodels are as accurate as the baseline
Transformer LMs, we want to examine the scalability of training MatLM models. So, we study the scaling
properties 32, 109 of MatLMs and compare them to vanilla Transformer baseline LMs trained for the
same number of tokens. We train models ranging from 78M to 2.6B parameters on 10B to 160B tokens and
plot the validation loss for MatLM — {S, M, L, XL} compared against their baselines in Figure 7 in Appendix
of Devvrit et al. [62].

First, in Figure 4.3a, we observe that the training of MatLM-XL models across model sizes scale
as reliably as the Baseline-XL LMs for loss vs. number of parameters. However, Figure 4.3b interest-
ingly shows that it is not just the XL models but rather all the nested submodels, irrespective of gran-

ularity {S, M, L, XL}, of MatLM and Baseline that follow the same scaling trend. Therefore, we t
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a scaling law according to the number of non-embedding paramédgrar(d training tokensl) for
all possible submodels for both MatLMs and the baselines in Table 4.2. We observe that the tted
parameters are extremely similar, suggesting that MatLMs scale similarly to vanilla Transformer LMs.

In Figures 4.3c & 4.3d we also nd that the downstreafyple 4.2: Fitted parameters for the scaling equa-

. . _ b
evals for MatLM are withir0:5% of the baselines, Witht'on' Los¢N;D)=a (ND)*+c

the smaller submodels even outperforming the baselines a b C

at scale. Finally, Figure 7f in the Appendix of Devvrit .
Baseline 20917 -0.119 1.868

et al.[62] shows that the MatLM submodels are more
Matformer 17.516 -0.114 1.845

consistent with their XL model compared to the baseline.

counterparts across scales.

We note that the scaling law equation does not capture how (1) MatLMs have been optimized for multiple

submodels and even have performant submodels that have not been explicitly optimized for (Section 4.5.1),

(a) Validation loss for XL-models (b) Validation loss for all models

(c) 1-shot RANK Evals (d) 1-shot GEN Evals

Figure 4.3: We train various decoder-only MatLM models at a range of sizes from 78M to 2.6B parameters
and observe the scaling trends of all granularities (S, M, L, XL) for validation loss and 1-shot downstream
evaluation scores. We nd that the MatLM-XL models across scales mimic the training trends of Baseline-XL
models. Interestingly, we also note that that validation loss and downstream evaluations folkoalihg
trends of the XL-models across all granularities
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and (2) MatLMs and baselines of the same size have different training FLOPSs per step. We leave formulations
that capture these subtleties to future work and further discuss this in Appendix C.1 of Devvijt&].alVe

provide full results split by granularity in Appendix C of Devvrit et al. [62].

45.2 MatViT: MatFormer Vision Transformers

In this section, we extend MatFormer to Vision Transformer (Vi/j]based computer vision encoder models.
MatFormer-based ViT — MatViT — enables elastic inference for fundamental tasks like image classi cation
and retrieval. To this end, we train the MatFormer variant of the standard ViT-B/16 and ViT-L/16 models —
MatViT-B/16 and MatViT-L/16 that are trained witth= 4 prechosen nested granularities (FFN ratios of
f0:5;1; 2; 4g). B/16 models are trained on ImageNet-1K || with AugReg 33 while L/16 models are
pretrained on ImageNet-21K 1] followed by netuning on ImageNet-1K. All models are trained with the

training setup and optimal hyperparameters of the standard ViT variants from the Scenic library [52].

Image Classi cation

For image classi cation, we evaluate both ViT & MatViT models on ImageNet-1K. Figure 4.4a shows that
the explicitly optimized granularities in MatViT result in as accurate models as the independently trained
baselines for the B/16. However for L/16, as shown in Figure 4.4b, we see that the MatViT models are up to
0:35% more accurate than the baseline for the same inference cost.

We then explore using MatFormer at different training stages wih & grid of pretraining- netuning

(a) B/16 trained on ImageNet-1K with AugReg (b) L/16 pretrained on IN-21K ImageNet-1K.

Figure 4.4: MatViT variants match or outperform standard ViT models on ImageNet-1K classi cation and
provide free extracted models that span the accuracy-compute curve through Mix'n'Match.
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(a) B/16 trained on ImageNet-1K with AugReg (b) L/16 pretrained on IN-21K ImageNet-1K.

Figure 4.5: MatViT natively enables elastic encoders for adaptive retrieval that can be used for real-time
query side computation while retaining strong accuracy on ImageNet-1K, unlike the baselines.

pairs (Table 7 in Appendix E.1 of Devvrit et 462]) and nd that using a MatFormer during pretraining
helps bring more accurate and exible encoders for downstream use. Further, netuning using MatFormer

enhances elastic deployment depending on the constraints at hand through Mix'n'Match.

Adaptive Encoders with Mix'n'Match. Furthermore, our Mix'n'match models' accuracy almost lies on
the line joining accuracy of explicitly trained granularities. In scenarios where, say, an application can host
50M parameter B/16 model, MatViT can provi@i®% more accurate model than the current approach which
would host the largest baseline model wittbOM parameters.

During deployment, the universal MatViT model can be stored in memory and depending on the compute
constraints be used to extract an adaptable smaller model to maximize accuracy with the available resources
at that moment. Currently, we nd the Mix'n'Match models on the accuracy-compute curve through a quick
inference on the validation set. While relatively scalable, this points to the need for optimal budget allocation

across layers in neural networks [145].

Adaptive Image Retrieval

The goal of image retrieval is to nd semantically similar images — e.g. images from the same class — using
representations obtained from a pretrained encctigr Standard approach is to encode the database images

as well as query image with same encoder and run nearest neighbor retrieval for the query embedding. While
we can embed database images with an expensive encoder, the query encoder generally has to be real-time.

Furthermore, the setting of query encoding might be varied, e.g., on-device vs. cloud processing, varying
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query load and query complexity. Current solutions have to stick to a xed encoder thus compromising on
accuracy or cost for various settings.

Given the elastic nature of MatViT, it is a good candidate for query encoder. However, retrieval also
requires that submodels preserve distances between xed database (with large encoder) and query embeddings
across all the granularities. If we use smaller baseline ViT models only for query encoding, these distances
are not preserved and lead to nedsetrieval accuracy (see Figure 4.5).

We evaluate both VIiT and MatViT encoders on ImageNet-1K for image retrieval. We compute 1-nearest
neighbor (NN) accuracy using the representation vector of@h&] token (also see Appendix E.2 of Devvrit
et al.[62]). Figure 4.5 shows that submodels extracted from MatViT can approximately preserve distances
and provide signi cantly more exibility. For example, with a loss ©f0:5% accuracy, MatViT-L/16 can
reduce compute cost 0% To our knowledge, this is the rst result of its kind and opens up a wide variety

of adaptive inference strategies for large-scale semantic search.

4.6 Conclusions

In this work we presented MatFormer, a natively elastic Transformer architecture that allows training a single
universal model which can be used to extract hundreds of smaller accurate submodels at zero additional cost
at deployment time We nd that the MatFormer Language Model (MatLM) matches the perplexity & 1-shot
accuracy of independently trained models. In fact, MatLM demonstrates an interesting loss-vs-compute
scaling curve that is nearipdependenof trained granularity indicating robust generalizatiorextremely

large models as well. Finally, MatFormer submodels enable diverse inference time speedups like faster
autoregressive generation with speculative decoding and elastic query encoders for adaptive dense retrieval

across modalities.
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Chapter 5

Soft Threshold Weight Reparameterization

for Learnable Sparsity

5.1 Overview

Sparsity in Deep Neural Networks (DNNSs) is studied extensively with the focus of maximizing prediction
accuracy given an overall parameter budget. Existing methods rely on uniform or heuristic non-uniform
sparsity budgets which have sub-optimal layer-wise parameter allocation resulting in a) lower prediction
accuracy or b) higher inference cost (FLOPS). This chapter proposes Soft Threshold Reparameterization
(STR), a novel use of the soft-threshold operator on DNN weighidR smoothly induces sparsity while
learning pruning thresholds thereby obtaining a non-uniform sparsity budget. Our method achieves state-
of-the-art accuracy for unstructured sparsity in CNNs (ResNet50 and MobileNetV1 on ImageNet-1K), and,
additionally, learns non-uniform budgets that empirically reduce the FLOPs by up to 50%. N&&Rly,

boosts the accuracy over existing results by up to 10% in the ultra sparse (99%) regime and can also be
used to induce low-rank (structured sparsity) in RNNSs. In sI8FR is a simple mechanism which learns
effective sparsity budgets that contrast with popular heuristics. Code, pretrained models and sparsity budgets

are athttps://github.com/RAIVNLab/STR
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5.2 Introduction

Deep Neural Networks (DNNSs) are the state-of-the-art models for many important tasks in the domains of
Computer Vision, Natural Language Processing, etc. To enable highly accurate solutions, DNNs require
large model sizes resulting in huge inference costs, which many times become the main bottleneck in the
real-world deployment of the solutions. During inference, a typical DNN model stresses the following aspects
of the compute environment: 1) RAM - working memory, 2) Processor compute - Floating Point Operations
(FLOPS$), and 3) Flash - model size. Various techniques are proposed to make DNNs ef cient including
model pruning (sparsity}[3], knowledge distillation 28], model architecturesl[. 1] and quantizationf0€].

Sparsity of the model, in particular, has potential for impact across a variety of inference settings as it
reduces the model size and inference cost (FLOPS) without signi cant change in training pipelines. Naturally,
several interesting projects address inference speed-ups via sparsity on existing framewH i3 and
commodity hardwarel[J]. On-premise or Edge computing is another domain where sparse DNNs have
potential for deep impact as it is governed by billions of battery limited devices with single-core CPUs. These
devices, including mobile phoneg]jand IoT sensorsi[97, 213, can bene t signi cantly from sparsity as it
can enable real-time on-device solutions.

Sparsity in DNNSs, surveyed extensively in Section 5.3, has been the subject of several papers where new
algorithms are designed to obtain models with a given parameter budget. But state-of-the-art DNN models
tend to have a large number of layers with highly non-uniform distribution both in terms of the number
of parameters as well as FLOPs required per layer. Most existing methods rely either on uniform sparsity
across all parameter tensors (layers) or on heuristic non-uniform sparsity budgets leading to a sub-optimal
weight allocation across layers and can lead to a signi cant loss in accuracy. Furthermore, if the budget is
set at a global level, some of the layers with a small number of parameters would be fully dense as their
contribution to the budget is insigni cant. However, those layers can have signi cant FLOPs, e.g., in an
initial convolution layer, a simple tiny 33 kernel would be applied to the entire image. Hence, while such
models might decrease the number of non-zeroes signi cantly, their FLOPs could still be large.

Motivated by the above-mentioned challenges, this works addresses the following queStarnwé

design a method to learn non-uniform sparsity budget across layers that is optimized per-layer, is stable, and

10One Multiply-Add is counted as one FLOP
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is accurate?.

Most existing methods for learning sparse DNNs have their roots in the long celebrated literature of
high-dimension statistics and, in particular, sparse regression. These methods are mostly based on well-
known Hard and Soft Thresholding techniques, which are essentially projected gradient methods with explicit
projection onto the set of sparse parameters. However, these methods require a priori knowledge of sparsity,

and as mentioned above, mostly heuristic methods are used to set the sparsity levels per layer.

We propose Soft Threshold Reparameterizat®nR) to address the aforementioned issues. We use the
fact that the projection onto the sparse sets is available in closed form and propose a novel reparameterization
of the problem. That is, for forward pass of DNN, we use soft-thresholded ver&ibaof[a weight tensor
W, of thel-th layer in the DNN:S(W; ) := sign(W ) ReLU(Wj 1) where | is the pruning
threshold for thd-th layer. As the DNN loss can be written as a continuous function'sf we can use
backpropagation to learn layer-speci ¢ to smoothly induce sparsity. Typically, each layer in a neural
network is distinct unlike the interchangeable weights and neurons making it interesting to learn layer-wise
sparsity.

Due to layer-speci c thresholds and sparsB®fR is able to achieve state-of-the-art accuracy for un-
structured sparsity in CNNs across various sparsity regi®€R makes even small-parameter layers sparse
resulting in models with signi cantly lower inference FLOPs than the baselines. For exa&Tgkefor 90%
sparse MobileNetV1 on ImageNet-1K results in a 0.3% boost in accuracy with 50% fewer FLOPs. Empiri-
cally, STR's learnt non-uniform budget makes it a very effective choice for ultra (99%) sparse ResNet50 as
well where itis  10% more accurate than baselines on ImageNetSIKR can also be trivially modi ed to
induce structured sparsity, demonstrating its generalizability to a variety of DNN architectures across domains.
Finally, STR's learnt non-uniform sparsity budget transfers across tasks thus discovering an ef cient sparse

backbone of the model.

The 3 major contributions of this work are:

» Soft Threshold Reparameterizatid®il{R), for the weights in DNNSs, to induce sparsity via learning the
per-layer pruning thresholds thereby obtaining a better non-uniform sparsity budget across layers.
» Extensive experimentation showing tHafR achieves the state-of-the-art accuracy for sparse CNNs

(ResNet50 and MobileNetV1 on ImageNet-1K) along with a signi cant reduction in inference FLOPs.
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» Extension ofSTR to structured sparsity, that is useful for the direct implementation of fast inference in

practice.

5.3 Related Work

This section covers the spectrum of work on sparsity in DNNs. The sparsity in the discussion can be
characterized as (a) unstructured and (b) structured while sparsi cation techniques can be (i) dense-to-sparse,
and (ii) sparse-to-sparse. Finally, the sparsity budget in DNNs can either be (a) uniform, or (b) non-uniform
across layers. This will be a key focus of this paper, as different budgets result in different inference compute

costs as measured by FLOPs. This section also discusses the recent work on learnable sparsity.

5.3.1 Unstructured and Structured Sparsity

Unstructured sparsity does not take the structure of the model (e.g. channels, rank, etc.,) into account.
Typically, unstructured sparsity is induced in DNNs by making the parameter tensors sparse directly based on
heuristics (e.g. weight magnitude) thereby creating sparse tensors that might not be capable of leveraging
the speed-ups provided by commodity hardware during training and inference. Unstructured sparsity
has been extensively studied and includes methods which use gradient, momentum, and Hessian based
heuristics [ 3, , 152,95, 59, and magnitude-based pruning3[ 90, 282, 77, 79, 186, 15, 183 , 144,

]. Unstructured sparsity can also be induced.lpyL ; regularization {73, and Variational Dropout
(VD) [184].

Gradual Magnitude Pruning (GMP), proposed iG8%], and studied further in 79, is a simple
magnitude-based weight pruning applied gradually over the course of the training. Discovering Neural
Wirings (DNW) [266] also relies on magnitude-based pruning while utilizing a straight-through estimator for
the backward pass. GMP and DNW are the state-of-the-art for unstructured pruning in DNNs (especially in
CNNs) demonstrating the effectiveness of magnitude pruning. VD gets accuracy comparable to4GidP [

CNNs butatacostad memory andt compute during training making it hard to be used ubiquitously.

Structured sparsity takes structure into account making the models scalable on commodity hardware
with the standard computation techniques/architectures. Structured sparsity includes methods which make

parameter tensors low-rankl9, 6, 174, prune out channels, Iters and induce block/group sparsityo]

82



i , , 85, 273. Even though structured sparsity can leverage speed-ups provided by parallelization,

the highest levels of model pruning are only possible with unstructured sparsity techniques.

5.3.2 Dense-to-sparse and Sparse-to-sparse Training

Until recently, most sparsi cation methods were dense-to-sparse i.e., the DNN starts fully dense and is made
sparse by the end of the training. Dense-to-sparse training in DNNs encompasses the technigues presented
in[93, : , 77, 1.

The lottery ticket hypothesis/[] sparked an interest in training sparse neural networks end-to-end.
This is referred to as sparse-to-sparse training and a lot of recent Wagkl[5, 73, , 59] aims to do
sparse-to-sparse training using techniques which include re-allocation of weights to improve accuracy.

Dynamic Sparse Reparameterization (DSR){ heuristically obtains a global magnitude threshold
along with the re-allocation of the weights based on the non-zero weights present at every step. Sparse
Networks From Scratch (SNFS){] utilizes momentum of the weights to re-allocate weights across layers
and the Rigged Lottery (RigL)/[3] uses the magnitude to drop and the periodic dense gradients to regrow
weights. SNFS and RigL are state-of-the-art in sparse-to-sparse training but fall short of GMP for the same
experimental settings. It should be noted that, even though sparse-to-sparse can reduce the training cost, the
existing frameworks [196, 1] consider the models as dense resulting in minimal gains.

DNW [266 and Dynamic Pruning with Feedback (DPE)}] fall between both as DNW uses a fully
dense gradient in the backward pass and DPF maintains a copy of the dense model in parallel to optimize the

sparse model through feedback. Note that DPF is complementary to most of the techniques discussed here.

5.3.3 Uniform and Non-uniform Sparsity

Uniform sparsity implies that all the layers in the DNN have the same amount of sparsity in proportion. Quite
a few works have used uniform sparsity], given its ease and lack of hyperparameters. However, some
works keep parts of the model dense, including the rst or the last layer§ [ 86 287). In general, making

the rst or the last layers dense bene ts all the methods. GMP typically uses uniform sparsity and achieves
state-of-the-art results.

Non-uniform sparsity permits different layers to have different sparsity budgets. Weight re-allocation
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heuristics have been used for non-uniform sparsity in DSR and SNFS. It can be a xed budget like the
ERK (Erdos-Renyi-Kernel) heuristic described in Rigi3]. A global pruning threshold93] can also
induce non-uniform sparsity and has been leveraged in Iterative Magnitude Pruning (IMB)L0]. A
good non-uniform sparsity budget can help in maintaining accuracy while also reducing the FLOPs due to
a better parameter distribution. The aforementioned methods with non-uniform sparsity do not reduce the
FLOPs compared to uniform sparsity in practice. Very few techniques like AM],[using expensive
reinforcement learning, minimize FLOPs with non-uniform sparsity.

Most of the discussed techniques rely on intelligent heuristics to obtain non-uniform sparsity. Learning
the pruning thresholds and in-turn learning the non-uniform sparsity budget is the main contribution of this

work.

5.3.4 Learnable Sparsity

Concurrent to our work, 421, 168, 156, 269, 17] have proposed learnable sparsity methods through training

of the sparse masks and weights simultaneously with minimal heuristics. The reader is urged to review
these works for a more complete picture of the eld. Note that, wBil& is proposed to induce layer-wise
unstructured sparsity, it can be easily adapted for global, Iter-wise, or per-weight sparsity as discussed in

Appendix A.5 of Kusupati et al. [145].

5.4 Method -STR

Optimization under sparsity constraint on the parameter set is a well studied area spanning more than three

decades [66, 33, ], and is modeled as:
mv\i/n L(W;D); s.t.kWko k;

whereD = X 2 Rd;yi 2R i2 is the observed datd, is the loss functionW are the parameters to be

n]
learned and kg denotes thé g-norm or the number of non-zeros, akds the parameter budget. Due to
non-convexity and combinatorial structure of thg norm constraint, it's convex relaxatidr, norm has

been studied for long time and has been at the center of a large literature on high-dimensional learning.

84



In particular, several methods have been proposed to solve the two problems including projected gradient

descent, forward/backward pruning etc.

Projected Gradient Descent (PGD) in particular has been popular for both the problems as the projection
onto bothL g as well as thé. 1 ball is computable in almost closed formv 12; L ball projection is called
Hard Thresholding whil& ; ball projection is known as Soft Thresholding. Further, these methods have been

the guiding principle for many modern DNN model pruning (sparsity) techniques [93, , ]

However, projection-based methods suffer from the problem of dense gradient and intermediate parameter
structure, as the gradient descent iterate can be arbitrarily out of the set and is then projected Hagloonto
L1 ball. At a scale of billions of parameters, computing such dense gradients and updates can be daunting.
More critically, the budget parametkris set at the global level, so it is not clear how to partition the budget

for each layer, as the importance of each layer can be signi cantly different.

In this work, we propose a reparameterization, Soft Threshold Reparameteri&idpl§ased on the
soft threshold operatotf], to alleviate both the above mentioned concerns. That is, instead of rst updating
W via gradient descent and then computing its projection, we directly optimize over proj&cteabt
Sy(W; s) be the projection oV parameterized by and functiong. S is applied to each element @ and
is de ned as:

Sy(w;s) :=sign(w) ReLU(jwj g(s)); (5.1

wheres is a learnable parametgy, R! R, and = g(s) is the pruning thresholdReLU(a) = max( a;0).
Thatis, ifjiwj  g(s), thenSy(w; s) sets it to0.

Reparameterizing the optimization problem w&hmodi es (note that it is not equivalent) it to:
rr\}\i/n L(Sg(W;s);D): (5.2)

ForL-layer DNN architectures, we divid& into: W = [W|]|L:1 whereW | is the parameter tensor for
thel-th layer. As mentioned earlier, different layers of DNNs are unique can have signi cantly different

number of parameters. Similarly, different layers might need different sparsity budget for the best accuracy.

Now, using the above mentioned reparameterization for acland adding a standatd, regularization
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per layer, we get the following Gradient Descent (GD) update equation &tihstep forw |; 812 [L]:

t+1 t
wi* @ yw®

i syw 5L (Sg(W®;8);D) 1w, Se(Wi;s)); (5.3)

where  is the learning rate at thteth step, and is theL , regularization (weight-decay) hyper-parameter.

r w,Sq(W;s) is the gradient o8g(W ;1) w.r.t. W .

Now, S is non-differentiable, so we use sub-gradient which leads to the following update equation:

wt @ yw®

n (0]
i syw sl (Sg(W®;8);D) 1 Sg(W(V;s)60 ; (5.4)

wherelf g is the indicator function and B denotes element-wise (Hadamard) product of ten&crad

B.

Now, if g is a continuous function, then using t8&R (5.2) and(5.1), it is clear thatL (S4(W;s); D)
is a continuous function of. Further, sub-gradient @f w.r.t. s, can be computed and uses for gradient
descent ors as well; see Appendix A.2 of Kusupati et fil45]. Algorithm 1 in the Appendix of Kusupati
et al.[145] shows the implementation &TR on 2D convolution along with extensions to global, per- Iter
& per-weight sparsitySTR can be modi ed and applied on the eigenvalues of a parameter tensor, instead of
individual entries mentioned above, resulting in low-rank tensors; see Section 5.5.2 for further details. Note

thats also has the same weight-decay parameter

Naturally,g plays a critical role here, as a shaypan lead to an arbitrary increase in threshold leading to
poor accuracy while a af can lead to slow learning. Practical considerations for choicgané discussed in
Appendix A.1 of Kusupati et a[145]. For the experimentg is set as the Sigmoid function for unstructured
sparsity and the exponential function for structured sparsity. Typicfeﬂﬂg,z[l_] are initialized withsjyj; to
ensure that the thresholéls, = g(s|)g|2[L] start close t®. Figure 5.1 shows that the thresholds' dynamics
are guided by a combination of gradients franand the weight-decay an Further, the overall sparsity
budget forSTR is not set explicitly. Instead, it is controlled by the weight-decay paramejeafid can be

further ne-tuned usingsiyi; . Interestingly, this curve is similar to the handcrafted heuristic for thresholds
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de ned in [189. Figure 5.2 shows the overall learnt sparsity budget for ResNet50 during training. The curve

looks similar to GMP P87 sparsi cation heuristic, howeve§TR learns it via backpropagation and SGD.

Figure 5.1: The learnt threshold parameter= g(s), for layer 10 in 90% sparse ResNet50 on ImageNet-1K
over the course of training.

Figure 5.2: The progression of the learnt overall budget for 90% sparse ResNet50 on ImageNet-1K over the
course of training.

Figure 5.3: The nal learnt threshold value$, |I7%, = [g(si)]7%, , for all the layers in 90% sparse ResNet50
on ImageNet-1K.
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Finally, each parameter tensor learns a different threshold vhlugl,z[L], resulting in unique nal
thresholds across the layers, as shown in Figure 5.3 for ResNet50. This, in turn, results in the non-uniform
sparsity budget (see Figure 5.6) which is empirically shown to be effective in increasing prediction accuracy
while reducing FLOPs. Moreovef5.4) shows that the gradient update itself is sparse as gradigntsof
multiplied with an indicator function obg(W ) 6 O which gets sparser over iterations (Figure 5.2) SS®

addresses both the issues with standard PGD methods (Hard/Soft Thresholding) that we mentioned above.

5.4.1 Analysis

The reparameterization trick using the projection operator's functional form can be used for standard
constrained optimization problems as well (assuming the projection operator has a closed-form). However,
it is easy to show that in general, such a method need not converge to the optimal solution even for convex
functions over convex sets. This raises a natural question about the effectiveness of the technique for
sparse weights learning problem. It turns out that for sparsity constrained pro&€R$s very similar to
backward pruningg6] which is a well-known technique for sparse regression. Note that, similar to Hard/Soft
Thresholding, standard backward pruning also does not support differentiable tuning thresholds which makes

it challenging to apply it to DNNSs.

To further establish this connection, let's consider a standard sparse regression problem wheve |
Xij N (0;1), andX 2 R" 4. w 2 f0;1g% hasr d non-zeros, and n  rlogd. Due to
the initialization,g(s) 0 in initial few iterations. So, gradient descent converges to the leasbrm

regression solution. That i = UU Tw whereU 2 RY " is the right singular vector matrix o and is

a randomm-dimensional subspace. Ak is a random subspace. Sinte rlogd, Usug & | where

S =supp(w ), andU s indexes rows o) corresponding t&. Thatis,minjzs Uj UTw 1 o1).
P__—

On the other handU; Ulw . %p logd with high probability forj 62S. Asn  r logd, almost all

the elements adupp(w ) will be in top O (n) elements ofv. FurthermoreX Sq(w;s) = vy, sojsj would
decrease signi cantly via weight-decay and heg¢g becomes large enough to prune all but &a§n)
elements. Using a similar argument as above, leads to further prunimgwhile ensuring recovery of

almost all elements isupp(w ).
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5.5 Experiments

This section showcases the experimentation followed by the observations from agpifpr (a) unstruc-

tured sparsity in CNNs and (b) structured sparsity in RNNs.

5.5.1 Unstructured Sparsity in CNNs
Experimental Setup

ImageNet-1K §5] is a widely used large-scale image classi cation dataset with 1K classes. All the CNN
experiments presented are on ImageNet-1K. ResNétj@pd MobileNetV1 [L11] are two popular CNN
architectures. ResNet50 is extensively used in literature to show the effectiveness of sparsity in CNNSs.
Experiments on MobileNetV1 argue for the generalizability of the proposed techr8qi) ( Dataset and
models' details can be found in Appendix A.7 of Kusupati et al. [145].

STR was compared against strong state-of-the-art baselines in various sparsity regimes including
GMP [79], DSR [18€, DNW [26€], SNFS |9, RigL [73] and DPF [L.64. GMP and DNW always
use a uniform sparsity budget. RigL, SNFS, DSR, and DPF were compared in their original form. Exceptions
for the uniform sparsity are marked in Table 5.1. The “+ ERK" suf x implies the usage of ERK budget [
instead of the original sparsity budget. Even though B/ achieves state-of-the-art results, it is omitted
due to the 2 memory and 4 compute footprint during training. Typically VD and IMP use a global thresh-
old for global sparsity (GS)J] which can also be learnt usif®§)TR. The unstructured sparsity experiments
presented compare the techniques which induce layer-wise sparsity. N8 fRiad generalizable to other
scenarios as well. Open-source implementations, pre-trained models, and reported numbers of the available
technigues were used as the baselines. Experiments were run on a machine with 4 NVIDIA Titan X (Pascal)
GPUs.

All baselines use the hyperparameter settings de ned in their implementations/papers. The experiments
for STR use a batch size of 256, cosine learning rate routine and are trained for 100 epochs following the
hyperparameter settings i) using SGD + momentumSTR has weight-decay () andsi,i hyperpa-
rameters to control the overall sparsity in CNNs and can be found in Appendix A.6 of Kusupafil&t-3l.

GMP1;5 [79 andRigLs [73] show that training the networks longer increases accuracy. However, due to
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the limited compute and environmental concertis], all the experiments were run only for around 100
epochs ( 3 days each). Unstructured sparsity in CNNs v8IfR is enforced by learning one threshold
per-layer as shown in Figure 5.3. PyTorSiiRConv code can be found in Algorithm 1 of Appendix

of Kusupati et al. [145].

ResNet50 on ImageNet-1K

A fully dense ResNet50 trained on ImageNet-1K has 77.01% top-1 validation acc8ileRys compared
extensively to other baselines on ResNet50 in the sparsity ranges of 80%, 90%, 95%, 96.5%, 98%, and 99%.
Table 5.1 shows that DNW and GMP are state-of-the-art among the baselines across all the aforementioned
sparsity regimes. ASTR might not be able to get exactly to the sparsity budget, numbers are reported for
the models which nearby. Note that the 90.23% sparse ResNet50 on ImageNet-BJRiik referred to as

the 90% sparse ResNet50 model learnt V@&TrR.

Figure 5.4: STR forms a frontier curve over all the baselines in all sparsity regimes showing that it is the
state-of-the-art for unstructured sparsity in ResNet50 on ImageNet-1K.

STR comfortably beats all the baselines across all the sparsity regimes as seen in Table 5.1 and is the
state-of-the-art for unstructured sparsity. Figure 5.4 showsSh&t forms a frontier curve encompassing all
the baselines at all the levels of sparsity. Very few methods are stable in the ultra sparse regime of 98-99%

sparsity and GMP can achieve 99% spars&yR is very stable even in the ultra sparse regime, as shown in
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Table 5.1 and Figure 5.4, while being up to 10% higher in accuracy than GMP at 99% sparsity.

STR induces non-uniform sparsity across layers, Table 5.1 and Figure 5.5 sho@TiRagtroduces

Table 5.1: STR is the state-of-the-art for unstructured sparsity in ResNet50 on ImageNet-1K while having lesser
inference cost (FLOPS) than the baselines across all the sparsity regiare. imply that the rst and last layer are

dense respectively. Baseline numbers reported from their respective papers/open-source implementations and models.
FLOPs do not include batch-norm.

Top-1 Acc Sparsity

Method %) Params %) FLOPs
ResNet-50 77.01 25.6M  0.00 4.09G
GMP 75.60 5.12M  80.00 818M
DSR# 71.60 5.12M  80.00 1.23G
DNW 76.00 5.12M  80.00 818M
SNFS 74.90 5.12M  80.00 -
SNFS + ERK 75.20 5.12M  80.00 1.68G
RigL 74.60 5.12M  80.00 920M
RigL + ERK 75.10 5.12M  80.00 1.68G
DPF 75.13 5.12M  80.00 818M
STR 76.19 5.22M  79.55  766M
STR 76.12 4.47M  81.27 705M
GMP 73.91 2.56M  90.00 409M
DNW 74.00 2.56M  90.00 409M
SNFS 72.90 2.56M  90.00 1.63G
SNFS + ERK 72.90 2.56M  90.00 960M
RigL 72.00 2.56M  90.00 515M
RigL + ERK 73.00 2.56M  90.00 960M
DPF 74.55 4.45M  82.60 411M
STR 74.73 3.14M 87.70  402M
STR 74.31 2.49M  90.23 343M
STR 74.01 2.41M  90.55 341M
GMP 70.59 1.28M  95.00 204M
DNW 68.30 1.28M  95.00 204M
RigL 67.50 1.28M  95.00 317M
RigL + ERK 70.00 1.28M 95.00 600M
STR 70.97 1.33M  94.80 182M
STR 70.40 1.27M  95.03 159M
STR 70.23 1.24M  95.15 162M
RigL 64.50 0.90M  96.50 257M
RigL + ERK 67.20 0.90M 96.50 500M
STR 67.78 0.99M 96.11 127M
STR 67.22 0.88M  96.53 117M
GMP 57.90 0.51M  98.00 82M
DNW 58.20 0.51IM  98.00 82M
STR 62.84 0.57M  97.78 80M
STR 61.46 0.50M  98.05 73M
STR 59.76 0.45M  98.22 68M
GMP 44.78 0.26M  99.00 41M
STR 54.79 0.31M 98.79 54M
STR 51.82 0.26M  98.98 47M
STR 50.35 0.23M  99.10 44M
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Figure 5.5: STR results in ResNet50 models on ImageNet-1K which have the lowest inference cost (FLOPS)
for any given accuracy.

models which have lower or similar inference FLOPs compared to the baselines while having better prediction
accuracy in all the sparsity regimes. This hints at the fact3A& could be redistributing the parameters
thereby reducing the FLOPs. In the 80% sparse mo&84IR, is at least 0.19% better in accuracy than the
baselines while having at least 60M (6.5%) lesser FLOPs. SimilaflR has state-of-the-art accuracy in

90%, 95%, and 96.5% sparse regimes while having at least 68M (16.5%), 45M (22%) and 140M (54%) lesser
FLOPs than the best baselines respectively. In the ultra sparse regime of 98% and 99% Sj&tdias

similar or slightly higher FLOPs compared to the baselines but is up to 4.6% and 10% better in accuracy
respectively. Table 5.1 summarizes that the non-uniform sparsity baselines like SNFS, SNFS+ERK, and
RigL+ERK can have up to 2-4 higher inference cost (FLOPSs) due to non-optimal layer-wise distribution of

the parameter weights.

Observations: STR on ResNet50 shows some interesting observations related to sparsity and inference

cost (FLOPs). These observations will be further discussed in Section 5.6:

1. STR is state-of-the-art for unstructured sparsity.
2. STR minimizes inference cost (FLOPs) while maintaining accuracy in the 80-95% sparse regime.
3. STR maximizes accuracy while maintaining inference cost (FLOPS) in 98-99% ultra sparse regime.

4. STR learns a non-uniform layer-wise sparsity, shown in Figure 5.6, which shows that the initial layers of
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Figure 5.6: Layer-wise sparsity budget for the 90% sparse ResNet50 models on ImageNet-1K using various
sparsi cation techniques.

Figure 5.7: Layer-wise FLOPs budget for the 90% sparse ResNet50 models on ImageNet-1K using various
sparsi cation techniques.

the CNN can be sparser than that of the existing non-uniform sparsity methods. All the learnt non-uniform
budgets througsTR can be found in Appendix A.3 of Kusupati et al. [145].

5. Figure 5.6 also shows that the last layers throB@iR are denser than that of the other methods which is
contrary to the understanding in the literature of non-uniform sparsit§; b9, 73, 79). This leads to a
sparser backbone for transfer learning. The backbone sparsities can be found in Appendix A.3 of Kusupati
etal. [145].

6. Figure 5.7 shows the layer-wise FLOPSs distribution for the non-uniform sparsity methoRsadjusts
the FLOPs across layers such that it has lower FLOPs than the baselines. Note that the other non-uniform

sparsity budgets lead to heavy compute overhead in the initial layers due to denser parameter tensors.

STR can also induce global sparsity (GS)¥] with similar accuracy at 2 FLOPs compared to layer-wise

93



Table 5.2: STR is up to 3% higher in accuracy while having 33% lesser inference cost (FLOPs) for
MobileNetV1 on ImageNet-1K.

Top-1 Acc Sparsity
(%) Params (%) FLOPs

MobileNetV1 71.95 4.21M 0.00 569M

Method

GMP 67.70 1.09M 74.11 163M
STR 68.35 1.04M  75.28 101M
STR 66.52 0.88M  79.07 81M
GMP 61.80 0.46M 89.03 82M
STR 64.83 0.60M  85.80 55M
STR 62.10 0.46M  89.01 42M
STR 61.51 0.44M  89.62 40M

for 90-98% sparsity (details in Appendix A.5.1 of Kusupati et al. [145]).

MobileNetV1 on ImageNet-1K

MobileNetV1 was trained on ImageNet-1K for unstructured sparsity iR to ensure generalizability.
Since GMP is the state-of-the-art baseline as shown eadliER, was only compared to GMP for 75%

and 90% sparsity regimes. A fully dense MobileNetV1 has a top-1 accuracy of 71.95% on ImageNet-1K.
GMP [287 has the rst layer and depthwise convolution layers dense for MobileNetV1 to ensure training
stability and maximize accuracy.

Table 5.2 shows th&TR is at least 0.65% better than GMP for 75% sparsity, while having at least
62M (38%) lesser FLOPs. More interestingBf R has state-of-the-art accuracy while having up to 50%
(40M) lesser FLOPs than GMP in the 90% sparsity regime. All the observations made for ResNet50 hold
for MobileNetV1 as well. The sparsity and FLOPs distribution across layers can be found in Appendix A.4

of Kusupati et al. [145].

5.5.2 Structured Sparsity in RNNs
Experimental Setup

Google-12 is a speech recognition dataset that has 12 classes made from the Google Speech Commands
dataset?59. HAR-2 is a binarized version of the 6-class Human Activity Recognition datgketfiese
two datasets stand as compelling cases for on-device resource-ef cient machine learning at the edge. Details

about the datasets can be found in Appendix A.7 of Kusupati et al. [145].
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FastGRNN [44] was proposed to enable powerful RNN models on resource-constrained devices. Fast-
GRNN relies on making the RNN parameter matrices low-rank, sparse and quantized. As low-rank is a form
of structured sparsity, experiments were done to show the effectiven83$afor structured sparsity. The in-
put vector to the RNN at each timestep and hidden statea&e dimensionality respectively. FastGRNN
has two parameter matricew, 2 RP '5, U 2 R® D which are reparameterized as product of low-rank
matricesW = W ;W », andU = U U, whereW; 2 R® ™ W, 2 R™w D and(U;)”;U,2 RYv D,
rw, ry are the ranks of the respective matrices. In order to appl, the low-rank reparameterization
can be changed &/ = (W31 1my )W, andU =(U; 1m{)U,wheremy = 1p,andmy = 1y,
W12RP D W,2RP P andU;;U;,2 RP B. Tolearn the low-rankSTR is applied on thenyy , and
my vectors. Learning low-rank witBTR onmyy , my can be thought as inducing unstructured sparsity on
the two trainable vectors aiming for the righ{ , andry.

The baseline is low-rank FastGRNN where the ranks of the matrices are prédetEdgeML [57]
FastGRNN was used for the experiments with the hyperparameters suggested in the paper and is referred to

as vanilla training. Hyperparameters for the models can be found in Appendix A.6 of Kusupati et al. [145].

FastGRNN on Google-12 and HAR-2

Table 5.3 presents the results for low-rank FastGRNN with vanilla trainingSaiel.  Full-rank non-
reparameterized FastGRNN has an accuracy of 92.60% and 96.10% on Google-12 and HAR-2 respectively.

STR outperforms vanilla training by up to 1.67% in four different model-size reducing rank settings on

Table 5.3: STR can induce learnt low-rank in FastGRNN resulting in up to 2.47% higher accuracy than the
vanilla training.

Google-12 | HAR-2
Accuracy (% Accuracy (%
(rw,ru) ‘7”0)‘ (rw,ru) ‘73/(0)
Vamllla STR Vamllla STR
Training Training
Full rank (32, 100) 92.30 - \ Full rank (9, 80) 96.10
(12, 40) 92.79 94.45 9,8) 94.06 95.76
(11, 35) 92.86 94.42 9,7) 93.15 95.62
(10, 31) 92.86 94.25 8, 7) 94.88 95.59
(9, 24) 93.18 94.45

Google-12. Similarly, on HAR-2STR is better than vanilla training in all the rank settings by up to 2.47%.

Note that the accuracy of the low-rank models obtaine®&BR is either better or on-par with the full rank
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models while being around 50% and 70% smaller in size (low-rank) for Google-12 and HAR-2 respectively.

These experiments for structured sparsity in RNNs show3i& can be applied to obtain low-rank
parameter tensors. Similarlg;TR can be extended for Iter/channel pruning and block sparsityl[ 115

] and details for this adaptation can be found in Appendix A.5.2 of Kusupati et al. [145].

5.6 Discussion and Drawbacks

STR's usage for unstructured sparsity leads to interesting observations as noted in Section 5.5.1. Itis clear
from Table 5.1 and Figures 5.4, 5.5 tI®R achieves state-of-the-art accuracy for all the sparsity regimes
and also reduces the FLOPs in doing Sd.R helps in learning non-uniform sparsity budgets which are
intriguing to study as an optimal non-uniform sparsity budget can ensure minimization of FLOPs while
maintaining accuracy. Although it is not clear wB{R's learning dynamics result in a non-uniform budget
that minimizes FLOPs, the reduction in FLOPs is due to the better redistribution of parameters across layers.
Non-uniform sparsity budgets learnt BY R have the initial and middle layers to be sparser than the other
methods while making the last layers denser. Conventional wisdom suggests that the initial layers should be
denser as the early loss of information would be hard to recover, this drives the existing non-uniform sparsity
heuristics. As most of the parameters are present in the deeper layers, the existing methods tend to make
them sparser while not affecting the FLOPs by mugfiiR, on the other hand, balances the FLOPs and
sparsity across the layers as shown in Figures 5.6, 5.7 making it a lucrative and ef cient choice. The denser
nal layers along with sparser initial and middle layers point to sparser CNN backbones obtaine&Using
These sparse backbones can be viable options for ef cient representation/transfer learning for downstream

tasks.

Table 5.4: Effect of various layer-wise sparsity budgets when used with DNW for ResNet50 on ImageNet-1K.

Top-1 Acc Sparsity FLOPs

Method %) Params %)

Uniform 74.00 2.56M  90.00 409M
ERK 74.10 2.56M  90.00 960M
Budget fromSTR 74.01 2.49M 90.23 343M
Uniform 68.30 1.28M 95.00 204M

Budget fromSTR 69.72 1.33M  94.80 182M
Budget fromSTR 68.01 1.24M 95.15 162M
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Table 5.4 shows the effectiveness/transferability of the learnt non-uniform budget tr8d&yfor 90%
sparse ResNet50 on ImageNet-1K using DN¥W6). DNW typically takes in a uniform sparsity budget
and has an accuracy of 74% for a 90% sparse ResNet50. Using ERK non-uniform budget for 90% sparsity
results in a 0.1% increase in accuracy at the cost 2i8ference FLOPs. Training DNW with the learnt
budget fromSTR results in a reduction of FLOPs by 66M (16%) while maintaining accuracy. In the 95%
sparsity regime, the learnt budget can improve the accuracy of DNW by up to 1.42% over uniform along with

a reduction in FLOPs by at least 22M (11%).

Table 5.5: Effect of various layer-wise sparsity budgets when used with GMP for ResNet50 on ImageNet-1K.

Top-1 Acc Sparsity
Method %) Params %) FLOPs
Uniform 73.91 2.56M 90.00 409M
Budget fromSTR 74.13 2.49M  90.23 343M
Uniform 57.90 0.51M 98.00 82M

Budget fromSTR 59.47 0.50M  98.05 73M

Similarly, these budgets can also be used for other methods like G¥P [Table 5.5 shows that the
learnt sparsity budgets can lead to an increase in accuracy by 0.22% and 1.57% in 90% and 98% sparsity
regimes respectively when used with GMP. Accuracy gains over uniform sparsity are also accompanied by
a signi cant reduction in inference FLOPs. Note that the learnt non-uniform sparsity budgets can also be

obtained using smaller representative datasets instead of expensive large-scale experiments.

The major drawback o8 TR is the tuning of the weight-decay parameteand ner-tuning withsj,;; to
obtain the targeted overall sparsity. One way to circumvent this issue is to freeze the non-uniform sparsity
distribution in the middle of training when the overall sparsity constraints are met and train for the remaining
epochs. This might not potentially give the best results but can give a similar budget which can be then
transferred to methods like GMP or DNW. Another drawback®R is the functiong for the threshold. The
stability, expressivity, and sparsi cation capability 8TR depends oig. However, it should be noted that

sigmoid and exponential functions work just ne,gsor STR.
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5.7 Conclusions

This paper proposed Soft Threshold ReparameterizaB®R}], a novel use of the soft-threshold operator,

for the weights in DNN, to smoothly induce sparsity while learning layer-wise pruning thresholds thereby
obtaining a non-uniform sparsity budget. Extensive experimentation showedTRais state-of-the-art

for unstructured sparsity in CNNs for ImageNet-1K while also being effective for structured sparsity in
RNNs. Our method results in sparse models that have signi cantly lesser inference costs than the baselines.
In particular,STR achieves the same accuracy as the baselines for 90% sparse MobileNetV1 with 50%
lesser FLOPsSSTR has 10% higher accuracy than the existing methods in ultra sparse (99%) regime
for ResNet50 showing the effectiveness of the learnt non-uniform sparsity bu8j&scan also induce
low-rank structure in RNNs while increasing the prediction accuracy showing the generalizability of the

proposed reparameterization. FinaBfR is easy to adapt and the learnt budgets are transferable.
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Chapter 6

LLC: Accurate, Multi-purpose Learnt

Low-dimensional Binary Codes

6.1 Overview

Learning binary representations of instances and classes is a classical problem with several high potential
applications. In modern settings, the compression of high-dimensional neural representations to low-
dimensional binary codes is a challenging task and often require large bit-codes to be accurate. In this chapter,
we propose a hovel method fbearningL ow-dimensional binargCodes [LC) for instances as well as
classes. Our method doast require any side-information, like annotated attributes or label meta-data,
and learns extremely low-dimensional binary codes2Q bits for ImageNet-1K). The learnt codes are
super-ef cient while still ensuringnearly optimalclassi cation accuracy for ResNet50 on ImageNet-1K.

We demonstrate that the learnt codes capture intrinsically important features in the data, by discovering an
intuitive taxonomy over classes. We further quantitatively measure the quality of our codes by applying it
to the ef cient image retrieval as well as out-of-distribution (OOD) detection problems. For ImageNet-100
retrieval problem, our learnt binary codes outperfdrébit HashNet using onlyL0 bits and also are as
accurate a&0dimensional real representations. Finally, our learnt binary codes can perform OOD detection,
out-of-the-box, as accurately as a baseline that neeB800samples to tune its threshold, while we require

none Code is open-sourced laitps://github.com/RAIVNLab/LLC
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6.2 Introduction

Embedding data in low-dimensional binary space is a long-standing machine learning probigri e

problem has received a lot of interest in the computer vision (CV) domain, where the goal is to nd binary
codes that capture the key semantics of the image, like, objects present in the image or interpretable attributes.
Section 6.3 covers the literature on learning binary codes and their applications.

In addition to learning semantically meaningful representations of the instances, low-dimensional binary
codes allow ef ciency in a variety of large-scale machine learning (ML) applications. Low-dimensional
codes are crucial in extreme classi cation with millions of classes 22, 48] and also critical in ef cient
large-scale retrieval settings [167, 50, ].

Compressing information into binary codes is challenging due to its highly hon-smooth nature while
requiring the preservation of relevant information in an instance/class. This might explain the lack of good
classi cation accuracy for existing classi cation-based embedding technidues45]. To address that,
traditional methods often relied on side-information like attributes to construct class codes and then use that
to learn the instance codes [56, 4].

Learning binary embeddings can be posed in a variety of formulations like pairwise optimizatidn [
or unsupervised learning§, 216, in this work we focus on learning binary codes using a given labeled
multi-class dataset, e.g., ImageNet-1K. This allows us to couple the representation (code) learning of both
instancesandclassedhus enabling us to capture the underlying semantic structure ef ciently to assist in
downstream tasks like classi cation, retrieval etc.

We proposd.LC, a method to learbothclass and instance codes via the standard classi cation task
and its setupvithout any side-informatianOur Learning Low-dimensional binary Codéd.C) technique,
formulates the embedding (code) learning problem as that of learning a low-dimensional binary embedding
of a standard deep neural “backbone”. Instead of directly training for the low-dimensional binary instance
codes, we propose a two-phase approach. In the rst ph&se learns low-dimensionakébit) binary codes
for classes that capture semantic information through a surrogate classi cation task. Then in the second phase,
LLC uses these learnt class codes as an ef cient alternative to learning instance codes in sub-linear cost (in
the number of classek) using the Error-Correcting Output Codes (ECOC) approé&ch [This two-phase

pipeline helps in the effective distillation of required semantic similarity between instances through the learnt
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class codes. For example, on ImageNet-1K with ResN&tib0, is able to learn tighR0-bit codes that can

be used foef cient classi cationand achievé4:5% accuracy compared to the standard basélifiéon
ImageNet-1K (Section 6.5.1). Furthermore, we observe that the [2adbit class codes capture intuitive
taxonomy over classes (Figure 6.1) while the instance codes retain the distilled class similarity information

useful in ef cient retrieval and OOD detection.

Retrieval. To further study, the effectiveness of our learnt binary codes, we apply them to hashing-based
ef cient retrieval, where the goal is to retrieve a large number of similar instances with the same class
label in top retrieved samples. Deep supervised hashing is a widely studied problem with several recent
results B4, 234 which are designedpeci cally for the learnt hashing-based retrieval. Interestingly, our
learnt instance codes through theC routine provide strikingly better performance while not being learnt
explicitly for hashing. For eg., using AlexNet, with ju&2-bit codes we are can provided% more accurate

retrieval than HashNet84-bit codes on ImageNet-100 (Section 6.5.2).

OOD Detection. We similarly applyLLC based learnt binary codes to detect OOD instanced.|
We adopt a simple approach based on our binary codes: if an instance is not within a Hamming distance
of 1 to any class codes, we classify it as OOD. That is, we do not ne-tune our OOD detector for the new
domain, which is critical in practical settings. In contrast, baseline techniques for OOD detection require a
few samples (eg., 3000for ImageNet-750) from the OOD domain to ne-tune thresholds, while we require

no samples yet reaching similar OOD detection (Section 6.5.3).

In this work, we make the following key contributions:

LLC method to learn semantically-rich low-dimensional binary codes for both classes & instances.

Show that the learnt codes enable accurate & ef cient classi cation: ImageNet-1K@Hits.

Apply LLC to image retrieval task, and demonstrate that it comfortably outperforms the instance code

learning methods for hashing-based retrieval on ImageNet-100.

Finally, use codes frohLC for strong & sample ef cient OOD detection in practical settings.
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6.3 Related Work

Binary class codes were originally aimed at sub-linear training and prediction for multi-class classi cation.
The Error-Correcting Output Codes (ECOC) framewdi¥ [/, 77] reformulated multi-class classi cation

as multi-label classi cation using-bit codes per class (codebook). The learning of optimal codebook is
NP-complete4 7] which lead to use of random codebooks i 45] in traditional ML. However, there were

a few codebook learnind.[, ) , 13] and construction schemes using side-information from other
modalities }I]. The lack of a strong learnable feature extractor often deterred the gains these codebooks
provide for the classi cation and effective learning of instance codes. Attribute annotations can also help in
constructing class codes][ These binary codes are either explicitly annotatégd r discovered 205, 76].
Attributed-based learning also ties into leveraging the class codes for zero/few-shot leamincp|., 4, 199
expecting some form of interpretability.

Most methods that use class codes as supervision can produce instance {pdiémyever, the stan-
dalone literature of instance codes comes from requirements in large-scale application like retrieval (hashing).
In the past, most hashing techniques that created instance codes were based on random projadtiphg][
semanticsq17, 56] or learnt through metric learning {2, 141, , 140, clustering P61, 216 and quantiza-
tion [84]. Deep learning further helped in learning more accurate hashing functions to generate instance codes
either in an unsupervise@, 227] or supervised 167, 34, 234, 27¢ fashion. We refer to176, 279, 25¢] for
a more thorough review on deep hashing methods.

Finally, embedding-based classi catiofiq] , 23, 88] enables joint low-dimensional representation
learning for both classes and instances with an eye on sub-linear training and prediction costs. After distilling
the key ideas from the literature, we aim to a) learn semantically rich low-dimensional representations for
both classes and instances together, b) have these representations in the binary space, and c¢) do this with
minimal dependence on side-information or metadata.

LLC, to the best of our knowledge - for the rst time, jointly learns low-dimensional binary codes for
both classes and instances using a surrogate classi cation task, without any side-information (Section 6.4).
The learnt class codes capture intrinsic information at the semantic level that helps in discovering an intuitive
taxonomy over classes (Figure 6.1). The learnt class codes then anchor the instance code learning which

results in tight and accurate low-dimensional instance codes further used in retrieval (Section 6.5.2). Finally,
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both the learnt class and instance codes power extremely ef cient yet accurate classi cation (Section 6.5.1)

and out-of-distribution detection (Section 6.5.3).

6.4 Learning Low-dimensional Binary Codes

The goal is to learn a binary embedding (code) funcgoX ! f  1;1g* whereX is the input domain
andk is the dimensionality of the code. We focus on learning embeddings using a labelled multi-class
data [L13. That is, suppose we are given a labelled datBsetf (x1;y1);:::; (Xn; Yn)g Wherex; 2 X is
an input point ang; 2 [L]is the label of; for all i 2 [n]. Then, the goal is to learn an instance embedding
functiong: X !'f +1; 1g¥ andclass embeddings, 2 f +1; 1gX for all g2 [L] such thag(x;) = hy,
andg(x;) = g(x;) ifand only ify; = ;.

Intuitively, for large-scale datasetg(x) andhq should capture key semantic information to provide
accurate classi cation, thus allowing their use in application domains like retrieval or OOD detection. Note
that while we present our technique for learning embeddings using multi-class datasets, it applies more

generally to multi-labeled datasets as well.

Instance and Class Code Parameterization. For learning such embedding function, we assume access
to a deep neural architectufg ; g): X | RY that maps the input 2 X to ad-dimensional real-valued
representation.g is a learnable parameterization of the network; we diofrom F wherever the meaning
is clear from the context. For example, ResNet50 is one such network that e2@dde224 RGB images
into d = 2048 dimensions.

Now, given a networkE andx 2 X, we formulate embedding function @fand the corresponding

multiclass prediction scorgs2 Z' as:

9(x) =B (P F(x; F)); ¥=B(C) a(x); (6.1)

whereP 2 RK 9 mapsF (x) into k-dimensions andB (a) = sign(a) 2 f +1; 1gis the standard bina-
rization/sign operator applied elementwise (with the assumigm(0) = +1 ). Finally, C 2 R- K, and

¢ = B(C) g(x) represents the scores of each class for an irpidote that for a class 2 [L], B(C-)
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(whereC- represents theth row of C) is the learnt binary class embedding (code) of claggL ], and
g(x) = B(P F(x; g)) isthe learnt instance embedding (code) of instanddote that(6.1)is a general

purpose formulation for the problem of learning class and instance codes.

6.4.1 ThelLLC Method

Phase 1: Codebook Learning -B(C). Given labelled exampleB, we use standard empirical risk

minimization to learn a multi-class classi er, i.e., we solve

X
min L(B(C) (P F(Xi; £)); Vi) ; (6.2)

CPUF ien

whereL : R [L]! R isthe standard multi-class softmax cross-entropy loss function. This is a standard
optimization problem that can be solved using standard gradient descent methods or other sub-gradient
based optimizers. However, one challenge is BT ) is a binary matrix and is a binary function, so the
gradients ar® almost everywhere. Instead, we use the Straight-Through Estimator (S9[E¢¢hnique
popular in binary neural networks domair([, to optimize forC through the binarization. Intuitively, STE
uses binarization/sign function in the forward pass, but in the backpropagation phase, it allows the gradients
to ow straight-through as if it were real-valued. The codebd®k(C) refers to the collection df-bit class
codes learnt in this process.

For ImageNet-1K, we learnt unique binary codB$C-), for every class 2 [L] of the 1000 classes
using only20-bits, only twice the information-theoretic limit. As with the class representations from a
linear classi er, these class codes do capture intrinsically important features that help in discovering intuitive

taxonomy over classes (Section 6.4.2) among various applications (Section 6.5).

Phase 2:Instance Code Learning B(P F(x; g)). Several existing techniques modelandP in
different ways to learn an embedding function similaf@dl). However, these methods often try to only learn
instance codes and have challenges in maintaining high accur4cyd in a variety of applications because
optimization problem (6.2) is challenging and might lead to signi cantly sub-optimal classi cation error. For
example, for ImageNet-1K classi cation with ResNet50, the accuracy for our trained model (20-bits) at this

stage is72:5% compared to the standard@%
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To remedy this, we further optimize our embeddings using the ECOC frame@drfof multi-class
classi cation, which essentially transforms the multi-class problem into a multi-label problem, which in turn
is k independent binary classi cation problems. That is, we uséthé codes learnt for each class as the

supervision to further traiff ( ; ¢) andP:

min o BCE( (Pj F(xi; £)); (B(Cy;j)+1) =2); (6.3)

" (xiy2D =1
where is the sigmoid/logistic functionBCE is the binary cross-entropy loss between jthth bit of
instancex;'s embedding, and thigth bit extracted from the class embedding of it's lajpefthe function
z7! (z+1)=2isusedtomap+1; 1gtofl;Ogto make ita simple binary classi cation problem per each
bit). We use gradient based optimization to leatnandP . As mentioned earlier, ECOC framework allows

us to correct errors in classi cation. For example, with jR6tits on ImageNet-1K dataset, the method now

achieves74:5% accuracy with ResNet50 backbone.

The advantage of this two-phase pipeline where we start with a codebook learning for classes is that the
cost of learning instances codes reduces to a bottlendckdihs (L) instead of the usudl . Furthermore,
these learnt low-dimensional binary codes for both classes and instances help in large-scale applications via
ef cient classi cation and retrieval (see Section 6.5). Note that, unlike attribute-based meitiogis§e do
notrequire additional meta-data, but learn binary codes by only using the standard classi cation task. This
also circumvents the potential instabilities of pairwise optimization in instance binary code learning which
often leads to poor class codes due to codebook collapse. At the &h@€afoutine, we have learnt the
instance code® (P F(X; g)), and class codeB (C) to be used for downstream applications. Algorithm 1

presentd LC in full.

Overall, we present a simple yet scalable method to learn low-dimensional (exact) binary codes for both
classes and instances which in turn could power multi-class classi cation with sub-linear costs (in terms of
L) and ef cient retrieval for large-scale applications. Using our method, we can consistently learn unique
low-dimensional binary codes for all 1000 classes in ImageNet-1K using2@rbjts (which is twice the
information-theoretic limit otlog,(1000)e). Next, we discuss the learnt codebook’s intrinsic information

about the classes and their structure.
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6.4.2 Discovered Taxonomy and Visualizations

Figure 6.1: Discovered taxonomy over 50 classes of ImageNet-1K using the learnt 20-bit class codes. Related species
are well clustered while pushing away unrelated ones. Figure 3 in Appendix D of Kusupafiléttdkontains the
codebook.

After learning the20-bit binary codebook for 1000 classes of ImageNet-1K, we used the class rep-
resentation fronB (C) of the rst 50 classes to discover an intuitive taxonomy through agglomerative
clustering [187]. Figure 6.1 shows the discovered hierarchy. This hierarchy effectively separates birds from
amphibians; frogs and chickens are on extremes of the taxonomy and brings species with shared similarities
closer (lizards & crocodiles; marine life). While the taxonomy is not perfect2€Riits do capture enough

important information that can be used downstream.

Figure 6.2 shows the pair-wise inner-product heat maps for all the 1000 classe2@bitgand2048

dimensional real representation; the comparison reveal2€@Haits indeed highlights the same substructures
Algorithm 1 The LLC Method

Input: D, F andB
Output: C,P and ¢
1: Codebook Learning —B (C): Solve (6.2) using ERM and STE to gét P and ¢ -

X
C;P; g argmin L(B(C) (P F(xi; F); Vi) :
C,P, F (X|,y|)2D
2: Instance Code Learning B (P F(x; ¢)): Further optimize® and ¢ by solving(6.3)using ECOC
framework and ERM by xingC -

X X
F; P argmin BCE( (P; F(xi; £)); (B(Cy,;)+1) =2):
PP (xiyi)2D j=1
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