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ABSTRACT

In this paper, we study how the granularity of pretraining labels affects the gen-
eralization of deep neural networks in image classification tasks. We focus on
the “fine-to-coarse” transfer learning setting, where the pretraining label space
is more fine-grained than that of the target problem. Empirically, we show that
pretraining on the /eaf labels of ImageNet21k produces better transfer results on
ImageNetlk than pretraining on other coarser granularity levels, which supports
the common practice used in the community. Theoretically, we explain the benefit
of fine-grained pretraining by proving that, for a data distribution satisfying certain
hierarchy conditions, 1) coarse-grained pretraining only allows a neural network
to learn the “common” or “easy-to-learn” features well, while 2) fine-grained pre-
training helps the network learn the “rarer” or “fine-grained” features in addition
to the common ones, thus improving its accuracy on hard downstream test sam-
ples in which common features are missing or weak in strength. Furthermore,
we perform comprehensive experiments using the label hierarchies of iNaturalist
2021 and observe that the following conditions, in addition to proper choice of
label granularity, enable the transfer to work well in practice: 1) the pretraining
dataset needs to have a meaningful label hierarchy, and 2) the pretraining and
target label functions need to align well.

1 INTRODUCTION

Modern deep neural networks (DNNs) are highly effective at image classification. In addition to
architectures, regularization techniques, and training methods [Pouyanfar et al.| (2018)); Khan et al.
(2020); ILeCun & Bengio| (1998)); Krizhevsky et al.| (2012); [Sutskever et al.| (2013)); Kingma & Ba
(2015); He et al.| (2016); Simonyan & Zisserman| (2015); Szegedy et al.| (2015); | Xie et al.| (2017);
loffe & Szegedy|(2015));|Srivastava et al.|(2014));[Zhang et al.|(2019), the availability of large datasets
of labeled natural images significantly contributes to the training of powerful DNN-based feature
extractors, which can then be used for downstream image classification tasks [Deng et al.| (2009);
Krizhevsky| (2009); [Sun et al.| (2017); |[Zhou et al.| (2018); [Van Horn et al.|(2018). DNN mod-
els, especially the state-of-the-art vision transformers, are well-known to require pre-training on
large datasets for effective (downstream) generalization |Dosovitskiy et al.[(2021); He et al.| (2016));
Krizhevsky et al| (2012). However, another important dataset property that is often overlooked is
the high granularity of the label space: there is limited understanding of why such large pretraining
label granularity is necessary, especially when it can be several orders of magnitude greater than the
granularity of the target dataset.

Studying the effect of pretraining label granularity in general is a challenging task, due to the wide
variety of applications in which transfer learning is used. To make the problem more tractable,
we focus on the following setting. First, we adopt the simplest possible transfer methodology:
pretraining a DNN on an image classification task and then finetuning the model for a target problem
using the pretrained backbone. Second, we focus on the “fine-fo-coarse” transfer direction, where
the source task has more classes than the target task. This transfer setting is common in the empirical
transfer learning works, especially for large models |Dosovitskiy et al.|(2021); Radford et al.| (2021);
Steiner et al.|(2022); Zhang et al.[(2021); |Ridnik et al.| (202 1}).

In this setting, we empirically observed an interesting relationship between the pretraining label
granularity and DNN generalization, which can be roughly summarized as follows:
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Under certain basic conditions on the pretraining and target label functions, DNNs pretrained at
reasonably high label granularities tend to generalize better in downstream classification tasks than
those pretrained at low label granularities.

Figure [I] shows an example of this relationship in the
transfer setting of ImageNet21k—ImageNetlk. Further
details of this experiment are presented in Section [5.1]
and the appendix. In this figure, we observe an increase
in the network’s validation accuracy on the target dataset
when the pretraining label granularity increases. This
indicates that the pretraining label granularity influences
the features learnt by the neural network, because after
pretraining on ImageNet21k, only the feature extractor
is used for finetuning on ImageNetlk.
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Closer examination of Figure [I| suggests that the fea- " Number of classes (pretraining)

tures learned by a DNN pretrained at lower granularities

already allow it to Classify a signiﬁcant pOFini’l of the Figure 1: ImageNetZlk-}ImageNetlk
dataset, and finer-grained pretraining brings incremen- transfer using a ViT-B/16 model. Black
tal improvements to the network’s accuracy. This sug- line: pretrained on the WordNet hierar-
gests two things: first, finer-grained pretraining helps the  chy of IN21k, finetuned on IN1k. Red
DNN learn more features or certain features better than  dotted line: baseline, trained and eval-
pretraining at lower granularities; second, these “fine- uated on IN1k. When the pretraining
grained features” potentially help the DNN classify a number of classes is ~ 10, even though
small set of samples that are too hard for a DNN pre- IN21k has about 10 times the samples of
trained at lower granularities. These observations sug- NIk, the finetuned network’s accuracy
gest a correspondence between label hierarchy and fea- is hardly better than the baseline’s.

ture learnability, similar in spirit to the multi-view data

property pioneered by |Allen-Zhu & Li| (2023).

Our major findings and contributions are as follows.

* (Theoretical Analysis) We provide a theoretical explanation for the empirical observation above.
Specifically, we prove mathematically that, for a data distribution satisfying certain hierarchy
conditions, coarse-grained pretraining only allows a neural network to learn the “common” or
“easy-to-learn” features well, while fine-grained pretraining helps the network learn the “rarer”
or “fine-grained” features in addition to the common ones, thus improving its accuracy on hard
samples where common features are missing or weak in strength.

(Empirical Analysis) We show that pretraining on the leaf labels of ImageNet21k produced bet-
ter transfer results on ImageNetlk than pretraining on other coarser granularity levels, which
supports the common practice used in the community. Furthermore, we conducted comprehen-
sive experiments using the label hierarchies of iNaturalist 2021, and observed that the following
conditions, in addition to proper choice of label granularity, enable the transfer to work well in
practice: 1) the pretraining dataset needs to have a meaningful label hierarchy, 2) the pretraining
and target label functions need to align well.

2 RELATED WORK

2.1 THEORETICAL WORK

At the theory front, there has been a growing interest in explaining the success of DNNs through the
lens of implicit regularization and bias towards “simpler” solutions, which can prevent overfitting
even when DNNs are highly overparameterized [Lyu et al.| (2021)); [Kalimeris et al| (2019); Ji &
Telgarsky|(2019); De Palma et al.[(2019); Huh et al.|(2017)). However, there is also a competing view
that DNNs can learn overly simple solutions, known as “shortcut learning”, which can achieve high
training and testing accuracy on in-distribution data but generalize poorly to challenging downstream
tasks |Geirhos et al.[(2020); |Shah et al.| (2020); Pezeshki et al.|(2021). To our knowledge, [Shah et al.
(2020); |Pezeshki et al.| (2021) are the closest works to ours, as they both demonstrate that DNNs
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tend to perform shortcut learning and respond weakly to features that have a weak “presence” in the
training data. Our work differs from Shah et al.| (2020); Pezeshki et al.|(2021) in several key ways.

On the practical side, we focus on how the pretraining label space affects classification generaliza-
tion, while[Shah et al.|(2020); Pezeshki et al.|(2021)) primarily focus on demonstrating that simplicity
bias can be harmful to generalization. Even though Pezeshki et al.[(2021)) proposed a regularization
technique to mitigate this, their experiments are too small-scale. On the theory side, Pezeshki et al.
(2021) use the neural tangent kernel (NTK) model, which is unsuitable for analyzing our transfer-
learning type problem because the feature extractor of an NTK model barely changes after pretrain-
ing. The theoretical setting in|Shah et al.|(2020)) is more limited than ours because they use the hinge
loss while we use a more standard exponential-tailed cross-entropy loss. Additionally, our data dis-
tribution assumptions are more realistic, as they capture the hierarchy in natural images, which has
direct impact on the (downstream) generalization power of the pretrained model, according to our
results.

Our theoretical analysis is inspired by a recent line of work that analyzes the feature learning dy-
namics of neural networks. This line of work tracks how the hidden neurons of shallow nonlinear
neural networks evolve to solve dictionary-learning-like problems |Allen-Zhu & Li| (20225 [2023));
Shen et al.| (2022b). In particular, our work adopts a multi-view approach to the data distribution,
which was first proposed in |Allen-Zhu & Li| (2023)), while we initialize our network in a similar
way to|Allen-Zhu & Li|(2022). However, the learning problems we analyze and the results we aim
to show are significantly different from the existing literature. Therefore, we need to derive the
gradient descent dynamics of the neural network from scratch.

2.2 EXPERIMENTAL WORK

There is a growing body of empirical research on how to improve classification accuracy by manip-
ulating the (pre-)training label space. One line of research focuses on using fine-grained labels to
improve DNNs’ semantic understanding of natural images and their robustness in downstream tasks
Mahajan et al.[(2018); Singh et al.|(2022);|Yan et al.|(2020); |[Shnarch et al.|(2022)); Juan et al.[(2020);
Yang et al.| (2021); |Chen et al.| (2018)); Ridnik et al.[|(2021); [Son et al.[| (2023)); [Ngiam et al.| (2018));
Cui et al.[(2018). For example, Mahajan et al.| (2018)); Singh et al.| (2022) use noisy hashtags from
Instagram as pretraining labels, Yan et al.|(2020); Shnarch et al.| (2022)) apply clustering on the data
first and then treat the cluster IDs as pretraining labels, Juan et al.|(2020)) use the queries from image
search results, |Yang et al.|(2021)) apply image transformations such as rotation to augment the label
space, and |Chen et al.| (2018); Ridnik et al.| (2021)) include fine-grained manual hierarchies in their
pretraining processes. Our experimental results corroborate the utility of pretraining on fine-grained
label space. However, we focus on analyzing the operating regime of this transfer method, specifi-
cally how pretraining label granularity, label function alignment, and training set size influence the
quality of the model. We show that this transfer method only works well within a specific operating
regime.

Another line of research focuses on exploiting the hierarchical structures present in (human-
generated) label space to improve classification accuracy at the most fine-grained level Yan et al.
(2015)); [Zhu & Bain|(2017);|Goyal & Ghoshl (2020); Sun et al.|(2017); Zelikman et al.[(2022); |Silla
& Freitas| (2011); Shkodrani et al.| (2021); Bilal et al.| (2017); |Goo et al.|(2016). For example, [Yan
et al.| (2015) adapt the network architecture to learn super-classes at each hierarchical level, Zhu &
Bain| (2017) add hierarchical losses in the hierarchical classification task, (Goyal & Ghosh| (2020)
propose a hierarchical curriculum loss for curriculum learning. In contrast, our work focuses on the
influence of label granularity on the model’s generalization to target tasks with a coarser label space
than the pretraining one.

3 PROBLEM FORMULATION AND INTUITION

In this section, we introduce the relevant notations and training methodologies, and discuss our
intuition on how label granularity influences DNN feature learning.
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3.1 NOTATIONS AND METHODOLOGY

For a DNN-based classifier, given input image X, we can write its (pre-logit) output for class c as
F.(X) = (a., h(0; X)) (1)
where a. is the linear classifier for class ¢, h(®; ) is the network backbone with parameter ©.

In the transfer learning setting, we denote the sets of input samples for the target and source datasets
as X'€ and X, and the corresponding sets of labels as V'8 and ), respectively. A dataset can be
represented as D = (X, ). For instance, the source training dataset is D = (XSS | Y€ ). The

train train’ < train
.. . src tat tet . .
relevant training and testing datasets are denoted as Dy, D, Dicy,. Finally, the granularity of a

label set is denoted as G()), which represents the total number of classes.

Our transfer learning methodology is as follows. We first pretrain a neural network F.(-) =
(a¢, h(O®;-)) from random initialization using Dj (typically with early stopping). This gives
us the pretrained feature extractor h(®%< :.). We then either linear probe or finetune it using D5

train’ train’
. tet L . tat tet
and evaluate it on D, In contrast, the baseline is simply trained on D5 and evaluated on D;.

3.2 HOW DOES THE PRETRAINING LABEL GRANULARITY INFLUENCE FEATURE LEARNING?

To make our discussion in this subsection more concrete, let us consider an example. Suppose we
have a set of pretraining images that consist of cats and dogs, D¢ = D U D¥2, The target

train
problem (D:f;m, DS, requires the DNN to identify whether the animal in the image is a cat or a
dog.

Intuitively, we can say that a group of images belongs to a class because they share certain visual
“features” that are absent, or weak in all other classes. At the coarsest cat-versus-dog hierarchy
level, common cat features distinguish cat images from dog ones; these features are also the most
noticeable because they appear most frequently in the dataset. However, humans can also define
fine-grained classes of cats and dogs based on their breeds. This means that each subclass has its
own unique visual features that are only dominant within that subclass. This leads to an interesting
observation: fine-grained features may be rarer in the dataset, making them more difficult to notice.
We illustrate this observation in Figure 2}

. X4 Cat, common A X4 Dog, common
@ [ X2 cat, fine-grained .. X2 Dog, fine-grained
__________ 1, T T T T 1
| pereian 1| : : 1 |: 1 : : Tpoodie] |
__________ 1 1 1 [
| :;:::::::::::::::::::: || ‘;:::::::::—:::::::——: |
--------- .| o bpeeeeees |
| E Siamese ! | ® ® ! [ A A ' ! Husky |
| oommee e EREHE A |- !
\ oo hWEmmE e
[ 1 Fo=======" 1
i CAT ! ' DOG !

Figure 2: A simplified symbolic representation of the cat versus dog problem. The common features
(green disk and blue triangle) appear more frequently, thus are more noticeable than the fine-grained
features in the dataset. Furthermore, the learner can approximate the solution to the “cat or dog”
problem by simply learning the common features.

Now suppose the pretraining label assignment is the binary “cat versus dog” task. An intelligent
learner can take the arduous route of learning both the common and hard-to-notice fine-grained
features in the two classes. However, the learner can also take “shortcuts” by learning only the
common features in each class to achieve low training loss. This latter form of learning can harm
the network’s generalization in downstream classification tasks because the network can be easily
misled by the distracting irrelevant patterns in the image when the common features are weak in
signal strength. One strategy to force the learner to learn the rarer features well is to explicitly label
the fine-grained classes. This means that within each fine-grained class, the fine-grained features
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become as easy to notice as the common features. This forces the network to learn the fine-grained
features to solve the classification problem.

4 THEORY OF LABEL GRANULARITY

4.1 RCE TRAINING DATA DISTRIBUTI
SOURC NING S UTION (I1V++C1 052V+,persian+<2

We assume that an input sample in Dy, consists of P disjoint
patches of dimension d, in symbols, an input sample X =
(x1, X2, ...,xp) with ¢, € R%. We consider the setting where
d is sufficiently large, and all our asymptotic statements are

made with respect to d.

Building on the discussion in Section [3} we base our data dis-
tribution assumptions for the source dataset on our intuition
about the hierarchy of common-versus-fine-grained features in :
natural images. For simplicity, we consider only two levels of SRR

label hierarchy. The root of this hierarchy has two superclasses

+1 and —1. The superclass +1 has k., subclasses, with nota- Figure 3: A simplified illustration
tion (4, ¢) for ¢ € [k, ]. The same definition holds for the “—> of how our intuition in Section
classes. As for the input features, since the common and fine- translates to the definition of an
grained features need to be sufficiently “different”, we push easy sample.

this intuition to an extreme and assume all the “features” (in

their purest form) have zero correlation and equal magnitude. This leads to the following definition.

Definition 4.1 (Features and hierarchy). We define features as elements of a fixed orthonormal
dictionary V = {v;}¢_, C R®. Furthermore, we call v, € V the common feature unique to samples
in class +1, and vy . € V to be the fine-grained feature unique to samples of subclass (+, C)EI

Definition 4.2 (Sample generation). For an easy sample X belonging to the (+, ¢) subclass (for
¢ € [k+]), sample its patches as follows:

1. (Common-feature patches) Approximately s* patches are common-feature patches, defined as
T, = vy + Cp, for some (random) o, = 1, ¢, ~ N(0, 0% 14);

2. (Subclass-feature patches) Approximately s* patches are subclass-feature patch, defined as
T, = vy o + Cp, for some (random) oy, = 1, ¢, ~ N(0, 02 14);

3. (Noise patches) For the remaining non-feature patches, &, = ¢,, where ¢, ~ N(0, ¢ 1,).

A hard sample is generated in the same way as easy samples, except the common-feature patches
are replaced by noise patches, and we replace approximately s" number of noise patches by “feature-
noise” patches, which are of the form x,, = a;v, + {p, where a; € o(1), and set one of the noise

patches to ¢* ~ N(O0, Jg* 1;) with o¢- > o¢; these patches serve the role of “distracting patterns”
discussed in Section

Samples belonging to the superclass +1 are the union of the samples of each subclass (+, c). See
Figure [3|for an intuitive illustration of the easy samples.

With the feature-based input sample generation process in place, we can define the source dataset’s
label function, and finally the source training set.

Definition 4.3 (Source dataset’s label mapping). A sample X belongs to the 41 superclass if any
one of its common- or subclass-feature patches contains vy or v . for any ¢ € [k1]. It belongs to
the (+, ¢) subclass if any one of its subclass-feature patches contains v .

Definition 4.4 (Source training set). We assume the input samples of the source training set as A3
are generated as in Definition .2} the corresponding labels are generated following Definition 4.3
Overall, we denote the dataset Dy .
All of the above definitions also hold for the “—" classes. To see the full problem setup and parameter
choices, please refer to Appendix [B]

"We only consider one feature for each (sub-)class for notational simplicity; our work extends to the multi-
feature case easily.
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4.2 TARGET DATA DISTRIBUTION ASSUMPTIONS

For simplicity and to ensure that baseline and fine-grained training have no unfair advantage over
each other, we make the following assumptions in our theoretical setting: first, the input samples in
the source and target datasets are all generated according to Definition .2} second, the true label
function remains the same across the two datasets; third, since we are studying the “fine-to-coarse”
transfer direction, the target problem’s label space is the root of the hierarchy, meaning that any
element of y‘g‘ or V& must belong to the label space {+1, —1}. Therefore, in our setting, only
V¢ and yts‘ can differ (in distribution) due to different choices in the label hierarchy level. This
analysis-oriented setting mirrors the transfer settings in Section

4.3 LEARNER ASSUMPTIONS

We assume that the learner is a two-layer average-pooling convolutional ReLU network:

Zacrz wcrawp>+bcr) (2)

p=1
where m is a low-degree polynomial in d and denotes the width of the network, o(-) = max(0, -) is
the ReLU nonlinearity, and ¢ denotes the class. We perform an initialization of w(o) ~ N(0,021,)
with 02 = 1/poly(d); we set bcm =-0 (00 n(d)) and manually tune it, similar to |Allen-Zhu
& Li|(2022). Cross-entropy is the training loss for both baseline and transfer training. To simplify

analysis and to focus solely on the learning of the feature extractor, we freeze a., = 1 during all
baseline and transfer training phases, and we use the fine-grained model for binary classification as

follows: ﬁ+(X) = maXccx, ] Fir,o(X), F_ (X) = maxcepp_| F,VC(X)

4.4 MAIN RESULT: STOCHASTIC GRADIENT DESCENT ON EASY TRAINING SAMPLES

In this subsection, we study how well the neural network generalizes if it is trained via stochastic
gradient descent on easy samples only. In particular, we allow training to run for poly(d) time.

Theorem 4.1 (Coarse-label training: baseline). (Summary). Suppose Dlmm consists only of easy
samples, and we perform stochastic gradient descent training: at every iteration t, there is a fresh

set of N iid samples ( 7(1), yé)) . Moreover, assume the number of fine-grained classes ky =

k_ € [polyln(d), f(o¢)), for some function f of the noise standard deviation ag.ﬂ

With high probability, with proper choice of step size 1, there exists T* € poly(d) such that for
any T € [T*, poly(d)], the training loss satisfies L(FT)) < o(1), and for an easy test sample

(Xeasy, y), P [FZST)(XMW) < qu,T) (me)} < o(1) fory' € {+1,—1} — {y}. However, for all
t € [0, poly(d)), given a hard test sample (Xpara,y), P [Fy(t)(Xha,d) < F;f)(X;Wd)} > Q(1).

To see the full version of this theorem, please see Appendix [E} its proofs spans Appendix [C] to [E]
This theorem essentially says that, with a mild lower bound on the number of fine-grained classes,
if we only train on the easy samples with coarse labels, it is virtually impossible for the network to
learn the fine-grained features even if we give it as much practically reachable amount of time and
training samples as possible. Consequently, the network would perform poorly on any challenging
downstream test image: if the image is missing the common features, then the network can be easily
misled by irrelevant features or other potential flaws in the image.

Theorem 4.2 (Fine-grained-label training). (Summary). Assume the same setting in Theorem
except that we let the labels be fine-grained: train the network on a total of ky + k_ sub-
classes instead of 2. With high probability, within poly(d) time, the trained network satisfies

*In this idealized setting, we have essentially made baseline training and coarse-grained pretraining the
same procedure. Therefore, an equally valid way to view our theory’s setting is to consider Dmm the same as
Diin €xcept with coarse- %ralned labels. In other words, we pretrain the network on two versions of the source
dataset D" and D™, and then compare the two models on D%, (which has coarse-grained labels).

3See Appendlx @ and the beginning of Appendix lfor details of learner assumptions.
‘f (o¢) = d®* is an example choice.
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P ﬁéT) (X) < ﬁ;/T)(X)} < o(1) fory € {+1,—1} — {y} on the target binary problem on easy
and hard test samples.E]

The full version of this result is presented in Appendix and its proof in Appendix [G] After
fine-grained pretraining, the network’s feature extractor gains a strong response to the fine-grained
features, therefore its accuracy on the downstream hard test samples increases significantly.

One concern about the above theorems is that the neural networks are trained only on easy sam-
ples. As noted in Section [T} samples that can be classified correctly by training only with coarse-
grained labels, or easy samples, should make up the majority of the training and testing samples,
and pretraining at higher label granularities only possibly improves network performance on rare
hard examples. Our theoretical result is intended to present the “feature-learning bias” of a neural
network in an exaggerated fashion. Therefore, it is natural to start with the case of “no hard training
examples at all”. In reality, even if a small portion of hard training samples is present, finite-sized
training datasets can have many flaws that can cause the network to overfit severely before learning
the fine-grained features, especially since rarer features are learnt more slowly and corrupted by
greater amount of noise. We leave these deeper considerations for future theoretical work

5 EMPIRICAL RESULTS

Building on our theoretical analysis in an idealized setting, this section discusses conditions on
the source and target label functions that we observed to be important for fine-grained pretraining to
work in practice. We present the core experimental results obtained on ImageNet21k and iNaturalist
2021 in the main text, and leave the experimental details and ablation studies to Appendix [A]

5.1 IMAGENET21K—IMAGENETIK TRANSFER EXPERIMENT

This subsection provides more details about the

experiment shown in Figure[I] Specifically, we Pretrainon  Hier. Iv. G()*™)  Valid. acc.

show that the common practice of pretraining IMIk . 1000 7791
on ImageNet2 1k using leaf labels is indeed bet- IM21k 0 (leaf) 21843 82.51
ter than pretraining at lower granularities in the 1 5095 81.28
manual hierarchy.

2 2281 80.26
Hierarchy definition. The label hierarchy in Im-
ageNet21k is based on WordNet Miller| (1995); 4 S19 77.53
Deng et al.| (2009). To define fine-grained la- 6 160 75.53
bels, we first define the leaf labels of the dataset 9 38 7275

as Hierarchy level 0. For each image, we trace

the path from the leaf label to the root using the . ] -
WordNet hierarchy. We then set the k-th synset Table I: Cross-dataset transfer. VIT-B/16

(or the root synset, if it is higher in the hier- average finetuning validation accuracy on Ima-
archy) as the i]evel-’k label of this image. This g.eNet.lk, pret_ralned on 1mageNet21k. The b ases
: line (in red) is taken directly from Dosovitskiy

procedure also applies to the multi-label sam- . :
ples. This is how we generate the hierarchies etal| 2021). See Appendix[A]for details.

shown in Table [Tl

Network choice and training. For this dataset, we use the more recent Vision Transformer ViT-B/16
Dosovitskiy et al.[(2021). Our pretraining pipeline is almost identical to the one in|Dosovitskiy et al.
(2021). For fine-tuning, we experimented with several strategies and report only the best results in
the main text. To ensure a fair comparison, we also used these strategies to find the best baseline

result by using DI, for pretraining.

Results. Table E] shows a clear trend: the best accuracy occurs at the leaf level, and the network’s
accuracy on ImageNetlk decreases as the pretraining label granularity on ImageNet21k decreases.

3Finetuning F can further boost the feature extractor’s response to the true features. See Appendix
8 Allowing a small portion of hard training samples essentially yields a “perturbed” version of our results in
this paper, which we leave for future work.
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Figure 4: In-dataset transfer. ResNet34 validation error (with standard deviation) of finetuning on
11 superclasses of iNaturalist 2021, pretrained on various label hierarchies. The manual hierarchy
outperforms the baseline and every other hierarchy, and exhibits a U-shaped curve.

Interestingly, as the pretraining granularity approaches 1,000, the finetuned accuracies become rela-
tively close to the baselines. This suggests that, even if there is little source-target distribution shift
in the inputs, the label functions align well across the datasets and we pretrain with much more data
than the baseline, we cannot see as much improvement with a poorly chosen pretraining granularity.

5.2 TRANSFER EXPERIMENT ON INATURALIST 2021

We conduct a systematic study of the transfer method within the label hierarchies of iNaturalist 2021
Horn & macaodhal(2021). This dataset is well-suited for our analysis because it has a manually de-
fined label hierarchy that is based on the biological traits of the creatures in the images. Additionally,
the large sample size of this dataset reduces the likelihood of sample-starved pretraining on reason-
ably fine-grained hierarchy levels.

Our experiments on this dataset demonstrate the importance of a meaningful label hierarchy, label
function alignment and appropriate choice of pretraining label granularity.

Relevant datasets. We perform transfer experiments within iNaturalist2021. More specifically, we
set A, and Xttritm both equal to the training split of the input samples in iNaturalist2021, and set
Xttri[m to the testing split of the input samples in iNaturalist2021. To focus on the “fine-to-coarse”
transfer setting, the target problem is to classify the root level of the manual hierarchy, which con-
tains 11 superclasses. To generate a greater gap between the performance of different hierarchies

and to shorten training time, we use the mini version of the training set in all our experiments.

The motivation behind this experimental setting is similar to how we defined our theory’s data set-
ting: by using exactly the same input samples for the baseline and fine-grained training schemes, we
can be more confident that the choice of (pre-)training label hierarchy is the cause of any changes in
the network’s accuracy on the target problem.

Alternative hierarchies generation. To better understand the transfer method’s operating regime, we
experiment with different ways of generating the fine-grained labels for pretraining: we perform
kMeans clustering on the ViT-L/14-based CLIP embedding Radford et al.| (2021)); [Dehghani et al.
(2022) of every sample in the training set and use the cluster IDs as pretraining class labels. We
carry out this experiment in two ways. The green curve in Figure ] comes from performing kMeans
clustering on the embedding of each superclass separately, while the purple one’s cluster IDs are
from performing kMeans on the whole dataset. The former way preserves the implicit hierarchy of
the superclasses in the cluster IDs: samples from superclass k£ cannot possibly share a cluster ID
with samples belonging to superclass k' # k. Therefore, its label function is forced to align better
with that of the 11 superclasses than the purple curve’s. We also assign random class IDs to samples.
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Network choice and training. We experiment with ResNet 34 and 50 on this dataset. For pretraining
on Dy with fine-grained labels, we adopt a standard 90-epoch large-batch-size training procedure
commonly used on ImageNet He et al.| (2016); |Goyal et al.| (2017). Then we finetune the network
for 90 epochs and test it on the 11-superclass D:falm and D2, respectively, using the pretrained
backbone h(@g.;-): we found that finetuning at a lower batch size and learning rate improved
training stability. To ensure a fair comparison, we trained the baseline model using exactly the same
training pipeline, except that the pretraining stage uses D:f;m. We observed that this “retraining”
baseline consistently outperformed the naive one-pass 90-epoch training baseline on this dataset.
Due to space limitations, we leave the results of ResNet50 to the appendix.

Interpretation of results. Figure |4| shows the validation errors of the resulting models on the 11-
superclass problem. We make the following observations.

* (Random class ID). Random class ID pretraining (orange curve) performs the worst of all the
alternatives. The label function of this type does not generate a meaningful hierarchy because
it has no consistency in the features it considers discriminative when decomposing the super-
classes. This is in stark contrast to the manual hierarchies, which decompose the superclasses
based on the finer biological traits of the creatures in the image.

* (Human labels). Even with high-quality (human) labels, the granularity of pretraining labels
should not be too large or too small. As shown by the blue curve in Figure[d models trained on
the manual hierarchies outperform all other alternative as long as the pretraining label granular-
ity is beyond the order of 102. However, the error exhibits a U shape, meaning that as the label
granularity becomes too large, the error starts to rise. This is intuitive. If the pretraining gran-
ularity is too close to the target one, we should not expect improvement. On the other extreme,
if we assign a unique label to every sample in the training data, it is highly likely that the only
differences a model can find between each class would be frivolous details of the images, which
would not be considered discriminative by the label function of the target coarse-label problem.
In this case, the pretraining stage is almost meaningless and can be misleading, as evidenced by
the very high label-per-sample error (red star in Figure [).

¢ (Cluster ID). For fine-grained pretraining to be effective, the features that the pretraining label
function considers discriminative must align well with those valued by the label function of
the 11-superclass hierarchy. To see this point, observe that for models trained on cluster IDs
obtained by performing kMeans on the CLIP embedding samples in each superclass separately
(green curve in Figure[)), their validation errors are much lower than those trained on cluster IDs
obtained by performing kMeans on the whole dataset (purple curve in Figure d)). As expected,
the manually defined fine-grained label functions align best with that of the 11 superclasses, and
the results corroborate this view.

6 CONCLUSION

In this paper, we studied the influence of pretraining label granularity on the generalization of DNNs
in downstream image classification tasks. Empirically, we confirmed that pretraining on the leaf la-
bels of ImageNet21k produces better transfer results on ImageNetlk than pretraining on coarser
granularity levels; we further showed the importance of meaningful label hierarchy and label func-
tion alignment between the source and target tasks for fine-grained training in practice. Theoreti-
cally, we explained why fine-grained pretraining can outperform the vanilla coarse-grained training
by establishing a correspondence between label granularity and solution complexity. In the future,
we plan to investigate the transfer scenario in which there is a nontrivial distribution shift between
the source and target datasets. We also plan to study more scalable ways of obtaining fine-grained
labels for training image classifiers. For example, we could first use large language models (LLMs)
Bahrini et al.| (2023) to decompose the coarse-grained labels, then use visual question answering
(VQA) models Dai et al.|(2023)); |Chen et al.| (2023) to automatically classify the input samples in a
fine-grained manner.
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7 REPRODUCIBILITY STATEMENT

To ensure reproducibility and completeness of the experimental results of this paper, we discuss
in detail the experimental procedures, relevant hyperparameter choices and ablation studies in Ap-
pendix [A] Appendix [B|to[H]are devoted to showing the complete theoretical results.
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A ADDITIONAL EXPERIMENTAL RESULTS

In this section, we present the full details of our experiments and relevant ablation studies. All of
our experiments were performed using tools in the Scenic library |Dehghani et al.[ (2022]).

A.l1 IN-DATASET TRANSFER RESULTS

To clarify, in this transfer setting, we are essentially transferring within a dataset. More specifically,
we set X%¢ = X'¢ and only the label spaces V' and )'¢" may differ (in distribution). The baseline
in this setting is clear: train on D% and test on D;5,. In contrast, after pretraining the backbone

train
network h(@;-) on Y, we finetune or linear probe it on D:f:m using the backbone and then test on

Dt

test®

A.1.1 INATURALIST 2021

On iNaturalist 2021, we use the mini training dataset with size 500,000 instead of the full training
dataset to show a greater gap between the results of different hierarchies and speed up training. We
use the architectures ResNet 34 and 50 |He et al.|(2016).

Training details. Our pretraining pipeline on iNaturalist is essentially the same as the standard large-
batch-size ImageNet-type training for ResNets He et al.| (2016); |Goyal et al.|(2017). The following
pipeline applies to model pretraining on any hierarchy.

* Optimization: SGD with 0.9 momentum coefficient, 0.00005 weight decay, 4096 batch size, 90
epochs total training length. We perform 7 epochs of linear warmup in the beginning of training
until the learning rate reaches 0.1 x 4096/256 = 1.6, and then apply the cosine annealing
schedule.

» Data augmentation: subtracting mean and dividing by standard deviation, image (original or its
horizontal flip) resized such that its shorter side is 256 pixels, then a 224 x 224 random crop is
taken.

For finetuning, we keep everything in the pipeline the same except setting the batch size to 4096,/4 =
1024 and base learning rate 1.6/4 = 0.4. We found that finetuning at higher batch size and learning
rate resulted in training instabilities and severely affected the final finetuned model’s validation
accuracy, while finetuning at lower batch size and learning rate than the chosen one resulted in
lower validation accuracy at the end even though their training dynamics was stabler.

For the baseline accuracy, as mentioned in the main text, to ensure fairness of comparison, in addi-
tion to only training the network on the target 11-superclass problem for 90 epochs (using the same
pretraining pipeline), we also perform “retraining”: follow the exact training process of the models
trained on the various hierarchies, but use D:f;in as the training dataset in both the pretrianing and
finetuning stage. We observed consistent increase in the final validation accuracy of the model, so
we report this as the baseline accuracy. Without retraining (so naive one-pass 90-epoch training on

11 superclasses), the average accuracy with standard deviation is 94.13, 0.025.

Clustering. To obtain the cluster-ID-based labels, we perform the following procedure.

1. For every sample X, in the mini training dataset of iNaturalist 2021, obtain its ViT-L/14 CLIP
embedding E,,.
2. Per-superclass kMeans clustering. Let C be the predefined number of clusters per class.

(a) For every superclass k, for the set of embedding {(E,,y, = k)} belonging to that super-
class, perform kMeans clustering with cluster size set to C'.

(b) Given a sample with superclass ID k € {1,2,...,11} and cluster ID ¢ € {1, 2, ..., C}, define
its fine-grained ID as C' x k + c.

3. Whole-dataset kMeans clustering. Let C be the predefined number of clusters on the whole
dataset.

(a) Perform kMeans on the embedding of all the samples in the dataset, with the number of
clusters set to C'. Set the fine-grained class ID of a sample to its cluster ID.
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Manual Hierarchy G(Y) 11 13 51 273 1103 4884 6485
Validation error | 5.254+0.051 5.404+0.075 5.10+0.038 4.83+0.041 4.79+0.045 4.82+0.056 4.84+0.033
Random class ID G(V™) 22 88 352 1,408 5,632 11,264 500,000
Validation error | 6.614+0.215 6.30+0.070  6.12+0.77  6.10£0.053 6.124+0.042 6.10£0.057 6.54+0.758
CLIP+kMeans G(V™) 22 88 352 1408 2816 5632 22528
per superclass Validation error | 5.14£0.049 5.16+0.033 5.17+£0.027 5.24+0.029 5.30+0.029 5.31+0.077 5.3740.032
C+k per supclass G(V™) 88 218 320 608 1040 1984
Class rebalanced ~ Validation error | 5.18+£0.054 5.174+0.038 5.23+0.052 5.284+0.045 5.26+0.035 5.21+0.040
CLIP+kMeans G 22 44 88 352 1408 2816 5632
whole dataset Validation error | 5.52+0.015 5.42+0.047 5.45+0.049 5.46+0.019 5.60+0.029 5.50+0.029 5.474+0.029

Table 2: In-dataset transfer, iNaturalist 2021. ResNet34 average finetuning validation error and
standard deviation on 11 superclasses in iNaturalist 2021, pretrained on various label hierarchies
with different label granularity. Baseline (11-superclass) and best performance are highlighted.

90-Epoch ckpt G(e) 13 51 273 1103 4884 6485
Validation error | 5.40+0.075 5.10+0.038 4.83+0.041 4.79+0.045 4.82+0.056 4.84-0.033

70-Epoch ckpt G(™) 3 51 273 1103 4884 6485
Validation error | 5.434+0.055 5.08+0.029 4.86+0.037 4.82+0.034 4.83+0.064 4.8540.018

50-Epoch ckpt GO™) 3 51 273 1103 4884 6485
Validation error | 5.53+0.036  5.240.031 4.90+£0.038 4.9+0.042 4.91+£0.020 4.95:£0.026

Table 3: In-dataset transfer, iNaturalist 2021. ResNet34 average finetuned validation error and
standard deviation on 11 superclasses in iNaturalist 2021, pretrained on the manual hierarchies, with
different backbone checkpoints.

Manual Hierarchy G(Y) 11 13 51 273 1103 4884 6485
Validation error | 4.43+0.029 4.4440.063 4.36+0.062 4.224+0.021 4.20+0.035 4.23+0.054 4.3340.037

Random class ID G(Y™™) 22 88 352 1,408 5,632 11,264 500,000
Validation error | 5.36£0.111 5.31+0.079 5.24+0.093 5.38+0.052 5.374+0.033 5.40+0.033 5.1340.072

Table 4: In-dataset transfer, iNaturalist 2021. ResNet50 finetuned average validation error and
standard deviation on 11 superclasses in iNaturalist 2021, pretrained on label hierarchies with dif-
ferent label granularity.

Some might have the concern that having the same number of kMeans clusters per superclass could
cause certain classes to have too few samples, which could be a reason for why the cluster ID hier-
archies perform worse than the manual hierarchies. Indeed, the number of samples per superclass
on iNaturalist is different, so in addition to the above “uniform-number-of-cluster-per-superclass”
hierarchy, we add an extra label hierarchy by performing the following procedure to balance the
sample size of each cluster:

1. Perform kMeans for each superclass with number of clusters set to 2, 8, 32, 64, 128, 256,
512, 1024 and save the corresponding image-ID-to-cluster-ID dictionaries (so we are basically
reusing the clustering results of the CLIP+kMeans per superclass experiment)

2. For each superclass, find the image-ID-to-cluster-ID dictionary with the highest granularity
while still keeping the minimum number of samples for each cluster > predefined threshold
(e.g. 1000 samples per subclass)

3. Now we have nonuniform granularity for each superclass while ensuring that the sample count
per cluster is above some predefined threshold.

This simple procedure somewhat improves the balance of sample count per cluster, for example,
Figure [5] shows the sample count per cluster for the cases of total number of clusters = 608 and
1984. Unfortunately, we do not observe any meaningful improvement on the model’s validation
accuracy trained on this more refined hierarchy.

Experimental procedures. All the validation accuracies we report on ResNet34 are the averaged re-
sults of experiments performed on at least 6 random seeds: 2 random seeds for backbone pretraining
and 3 random seeds for finetuning. We report the average accuracies with their standard deviation
on various hierarchies in Table

An additional experiment we performed with ResNet34 is a small grid search over what checkpoint
of a pretrained backbone we should use for finetuning on the 11-superclass method; we tried the
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Sample count per cluster. Number of clusters = 1984 Sample count per cluster. Number of clusters = 608

—— .

Sample Count
Sample Count

0 250 500 7sgubclassl?go(smrledl)250 1500 1750 2000 0 100 200 Subclasiolg (sorted) 400 500 600
Figure 5: In-dataset transfer, iNaturalist 2021. Number of samples per cluster in the case of 608
and 1984 total clusters, after applying the sample size rebalancing procedure described in subsection
[Al?} Observe that the sample sizes are reasonably balanced across almost all the subclasses.

Hierarchy level G()**¢) Validation error

Baseline 2 7.90
0 (leaf) 21843 6.56
1 5995 6.76
2 2281 6.70
4 519 6.97
6 160 7.31
9 38 7.55

Table 5: In-dataset transfer. ViT-B/16 validation error on the binary problem “is this object a living
thing?” of ImageNet21k. Pretrained on various hierarchy levels of ImageNet21k, finetuned on the
binary problem. Observe that the maximal improvement appears at the leaf labels, and as G()™¢)
approaches 2, the percentage improvement approaches 0.

50-, 70- and 90-epoch checkpoints of the backbone on the manual hierarchies. We report these
results in Table 3] As we can see, 90-epoch checkpoints performs almost equally well as the 70-
epoch checkpoints and better than the 50-epoch ones by a nontrivial margin. With this observation,
we chose to use the end-of-pretraining 90-epoch checkpoints in all our other experiments without
further ablation studies on those hierarchies.

Our ResNet50 results are not as extensive as those on ResNet34. We present the average accuracies
and standard deviations in Table 4l

A.1.2 IMAGENET2I1K

The ImageNet21k dataset we experiment on contains a total of 12,743,321 training samples and
102,400 validation samples, with 21843 leaf labels. A small portion of samples have multiple labels.

Caution: due to the high demand on computational resources of training ViT models on Ima-
geNet21k, all of our experiments that require (pre-)training or finetuning/linear probing on this
dataset were performed with one random seed.

Hierarchy generation. To define fine-grained labels, we start by defining the leaf labels of the dataset
to be Hierarchy level 0. For every image, we trace from the leaf synset to the root synset relying
on the WordNet hierarchy, and set the k-th synset (or the root synset, whichever is higher in level)
as the level-k label of this image; this procedure also applies to the multi-label samples. This is the
way we generate the manual hierarchies shown in the main text.

Due to the lack of a predefined coarse-label problem, we manually define our target problem to be a
binary one: given an image, if the synset “Living Thing” is present on the path tracing from the leaf
label of the image to the root, assign label 1 to this image; otherwise, assign 0. This problem almost
evenly splits the training and validation sets of ImageNet21k: 5,448,549:7,294,772 for training,
43,745:58,655 for validation.

Network choice and pretraining pipeline. We experiment with the ViT-B/16 model Dosovitskiy et al.
(2021). The pretraining pipeline of this model follows the one in |Dosovitskiy et al.| (2021) exactly:
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Eval strategy 90-epoch finetune Linear probe 10-epoch finetune
Leaf-pretrained (Batch size, base Ir) | (4096,1e-3) (1024,2.5e-4) (512,1.25e-4) | (4096, 1e-3) (512, 1.25e-4) | (4096,1e-3) (512,1.25¢-4)
Validation error 92.782 93.177 93.295 87.497 87.493 92.294 93.439
Bascline (Batch size, base Ir) | (4096,1e-3) (1024,2.5e-4) (512,1.25e-4) | (4096, 1e-3) (512, 1.25e-4) | (4096,1e-3) (512,1.25¢-4)
Validation error 92.102 91.971 91.939 91.703 91.719 92.002 91.856

Table 6: In-dataset transfer, ImageNet21k. ViT-B/16 validation accuracy on the binary problem
“Is the object a Living Thing” on ImageNet21k. Ablation study on the exact finetuning/linear prob-
ing strategy.

we train the model for 90 epochs using the Adam optimizer, with 51 = 0.9, 82 = 0.999, weight
decay coefficient equal to 0.03 and a batch size of 4096; we let the dropout rate be 0.1; the output
dense layer’s bias is initialized to —10.0 to prevent huge loss value coming from the off-diagonal
classes near the beginning of training (Cui et al.|(2019); for learning rate, we perform linear warmup
for 10,000 steps until the learning rate reaches 102, then it is linearly decayed to 10~°. The data
augmentations are the common ones in ImageNet-type training [Dosovitskiy et al.[(2021)); [He et al.
(2016): random cropping and horizontal flipping. Note that we use the sigmoid cross-entropy for
training since the dataset has multi-label samples.

Evaluation on the binary problem. After the 90-epoch pretraining on the manual hierarchies, we
evaluate the model on the binary problem. We report the best accuracies on each hierarchy level in
Table[5] To get a sense of how the relevant hyperparameters influence final accuracy of the model,
we try out the following finetuning/linear probing strategies on the backbone trained on the leaf
labels and the target binary problem of the dataset, and report the results in Table [6] (similar to our
experiments on iNaturalist, we include the backbone trained on the binary problem in these ablation
studies to ensure that our comparisons against the baseline are fair) :

1. 90-epochs finetuning in the same fashion as the pretraining stage, but with a small grid search
over

(batch size, base learning rate) ={(4096, 0.001), (4096/4 = 1024,0.001/4 = 0.00025),
(4096/8 = 512,0.001/8 = 0.000125)}.

2. Linear probing with 20 epochs training length, using exactly the same training pipeline
as in pretraining. We ran a small grid search over (batch size, base learning rate) =
{(4096,0.001), (4096/8 = 512,0.001/8 = 0.000125)}.

3. 10-epochs finetuning, no linear warmup, 3 epochs of constant learning rate in the
beginning followed by 7 epochs of linear decay, with a small grid search over
(batch size, base learning rate) = {(4096, 0.001), (4096/8 = 512,0.001/8 = 0.000125)}.

Table [0 helps us decide the best accuracies to report. First, as expected the linear probing results
are much worse than the finetuning ones. Second, the “retraining” accuracy of 92.102 is the best
baseline we can report (the same thing happened in the iNaturalist case) — if we only train the model
for 90 epochs (the naive one-pass training) on the binary problem, then the model’s final validation
accuracy is 91.746%, which is lower than 92.102% by a nontrivial margin. In contrast, the short 10-
epoch finetuning strategy works best for the backbone trained on the leaf labels, therefore, we also
use this strategy to evaluate the backbones trained on all the other manual hierarchies. A peculiar
observation we made was that, finetuning the leaf-labels-pretrained backbone for extended period
of time on the binary problem caused it to overfit severely: for batch size and base learning rate in
the set {(4096,0.001), (1024, 0.00025), (512, 0.000125)}, throughout the 90 epochs of finetuning,
although its training loss exhibits the normal behavior of staying mostly monotonically decreasing,
its validation accuracy actually reached its peak during the linear warmup period!

A.1.3 IMAGENETIK

Our ImageNet1k in-dataset transfer experiments are done in a very similar fashion to the iNaturalist
ones. In particular, the pretraining and finetuning pipeline for ResNet50 is exactly the same as the
one in the iNaturalist case, so we do not repeat it here.

Due to a lack of more fine-grained manual label on this dataset, we generate fine-grained labels by
performing kMeans on the ViT-L/14 CLIP embedding of the dataset separately for each class; the
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ResNet50 CLIP+kMeans G(ye) 2000 4000 8000
per-class Validation error 23.440.13 23.48+0.098 23.49+0.204
ViT-L/14 CLIP+kMeans G(Y™) 2000 4000 8000
per-class Validation error 23.440.127 23.47+0.074 23.78+0.048
Random ID G 2000 4000 8000
per-class Validation error 23.440.068 23.440.070 23.65+0.071

Table 7: In-dataset transfer, ImageNetlk. ResNet50 finetuned average validation error and stan-
dard deviation on the vanilla 1000 classes, pretrained on label hierarchies with different label gran-
ularity.

exact procedure is also identical to the iNaturalist case. The CLIP backbones we use here are the
ResNet50 version and the ViT-L/14 version. We report the average accuracies and their standard
deviation in Table[7] All results are obtained from at least one random seed during pretraining and
3 random seeds during finetuning.

The best baseline we report is the one using retraining: if we adopt the pretrain-then-finetune proce-
dure but with D&, (i.e. the vanilla 1000-class labels) set as the pretraining dataset, then we obtain
an average validation error of 23.28% with standard deviation of 0.103, averaged over results of 3
random seeds. In comparison, if we only perform the naive one-pass 90-epoch training, we obtain

average valiation error 24.04%, with standard deviation 0.057.

From Table [/} we see that there is virtually no difference between the baseline and the best errors
obtained by the models trained on the custom hierarchies: they are almost equally bad. Noting that
the sample size of each class in ImageNetlk is only around 103, and the fact that ImageNet1k clas-
sification is a “hard problem” — it is a problem of high sample complexity — further decomposing
the classes causes each fine-grained class to have too few samples, leading to the above negative re-
sults. This reflects the intuition that higher label granularity does not necessarily mean better model
generalization, since the sample size per class might become too small.

A.2 CROSS-DATASET TRANSFER, IMAGENET21K—IMAGENETI1K

In this subsection, we report the average validation accuracy and standard deviation of the cross-
dataset transfer experiment from ImageNet21k to ImageNet1k, as discussed in Figure[T]and Section
in the main text.

Network choice. We use the same architecture ViT-B/16 as the one in the in-dataset ImageNet21k
transfer experiment and follow the same training procedure, which we repeat here for the reader’s
convenience. The pretraining pipeline of this model follows the one in [Dosovitskiy et al.[(2021):
we train the model for 90 epochs using the Adam optimizer, with 5; = 0.9, 82 = 0.999, weight
decay coefficient equal to 0.03 and a batch size of 4096; we let the dropout rate be 0.1; the output
dense layer’s bias is initialized to —10.0 to prevent huge loss value coming from the off-diagonal
classes near the beginning of training Cui et al.|(2019); for learning rate, we perform linear warmup
for 10,000 steps until the learning rate reaches 10~2, then it is linearly decayed to 10~5. The data
augmentations are the common ones in ImageNet-type training [Dosovitskiy et al.| (2021); He et al.
(2016): random cropping and horizontal flipping. Note that we use the sigmoid cross-entropy for
training since the dataset has multi-label samples.

Finetuning. For finetuning on ImageNetlk, our procedure is very similar to the one in the original
ViT paper Dosovitskiy et al.| (2021)), described in its Appendix B.1.1. We optimize the network
for 8 epochs using SGD with momentum factor set to 0.9, zero weight decay, and batch size of
512. The dropout rate, unlike in pretraining, is set to 0. Gradient clipping at 1.0 is applied. Unlike
Dosovitskiy et al.| (2021]), we still finetune at the resolution of 224 x224. For learning rate, we apply
linear warmup for 500 epochs until it reaches the base learning rate, then cosine annealing is applied;
we perform a small grid search of base learning rate = {3 x 1073,3 x 1072,6 x 1072,3 x 1071}.
Every one of these grid search is repeated over 3 random seeds. We report the ImageNet1k validation
accuracies and their standard deviations in Table[§] In the main text, we report the best accuracy for
each hierarchy level.
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Pretrained on / Base Ir 3x 1073 3 x 1072 6 x 1072 3x 101!

ImageNet21k, Hier. 1v. 0 80.87+0.012 82.48+0.005 82.51+0.042 81.40+0.041
ImageNet21k, Hier. 1v. 1 77.38+0.037 81.034+0.054 81.28+0.045 80.4040.087
ImageNet21k, Hier. 1v. 2 74.91+0.012 79.76+0.021 80.26+0.05 79.7+0.019
ImageNet21k, Hier. lv. 4 63.65+0.052 76.43+0.033 77.32+0.088 77.53+0.078
ImageNet21k, Hier. lv. 6 62.17+0.012 73.65+0.033 73.92+0.073 75.53+0.024
ImageNet21k, Hier. 1v. 9 53.68+0.034 69.33+0.045 71.08+0.068 72.75+0.071

Table 8: Cross-dataset transfer. ViT-B/16 average finetuning validation accuracy on ImageNetlk
along with standard deviation, pretrained on various hierarchy levels of ImageNet21k, and a small
grid search over the base learning rate.

Pretrained on  Hier. lv. G()Y°) Validation acc.

IM21k 0 (leaf) 21843 81.45+0.021
1 5995 78.33+0.018
2 2281 75.66£0.005
4 519 68.95+0.051
6 160 63.65+0.035
9 38 57.35+0.016

Table 9: Cross-dataset transfer. ViT-B/16 average linear-probing validation accuracy on Ima-
geNetlk along with standard deviation, pretrained on various hierarchy levels of ImageNet21k.

Linear probing. For linear probing, we use the following procedure. We optimize the linear classifier
for 40 epochs (similar to [Lee et al.| (2021)) using SGD with Nesterov momentum factor set to 0.9, a
small weight decay coefficient 10~°, and batch size 512. We start with a base learning rate of 0.9,
and multiply it by 0.97 per 0.5 epoch. In terms of data augmentation, we adopt the standard ones
like before: horizontal flipping and random cropping of size 224 x224. We repeat this linear probing
procedure over 3 random seeds given the pretrained backbone, and report the average validation
accuracy and standard deviation in Table 9]

Baseline. The baseline accuracy on ImageNetlk is directly taken from the ViT paper |Dosovitskiy
et al.| (2021) (see Table 5 in it), in which the ViT-B/16 model is trained for 300 epochs on Ima-
geNetlk.
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B THEORY, PROBLEM SETUP

B.1 DATA PROPERTIES
1. Coarse classification: a binary task, +1 vs. —1.

2. Aninput sample X € R4*F consists of P patches, each with dimension d. In this work, always
assume d is sufficiently largeﬂ;

3. Assume there exists k4 subclasses of the superclass “+”, and k_ subclasses of the superclass
“—7. Letky =k_.

4. Assume orthonormal dictionary V = {v1,...,v4} C RY, which forms an orthonormal basis of
R<. Define v, € V to be the common feature of class “+”. For each subclass (+, c) (where
¢ € [k4]), denote the subclass feature of it as v4 . € V. Similar for the “—” class.

5. For an easy sample X belonging to the (+,c) class (for ¢ € [ky]), we sample its patches as
follows:

Definition: we define the function P : R>*F x V — [P] (so (X;v) ~ I C [P)]) to extract,
from sample X, the indices of the patches on which the dictionary word v € D dominates.

(a) (Common-feature patches) With probability %, apatch x,, in X is a common-feature patch,
on which &, = o, v + ¢, for some (random) o, € [v/1— ¢, v/1 +1];

(b) (Subclass-feature patches) With probability W;(;w)l’ a patch with index p €
([P] — P(X;wvy)) is a subclass-feature patch, on which x, = a,vy . + (., for random
op € [VI—LVIT1):

(c) (Noise patches) For the remaining P — |P(X;v.)| — |P(X; v )| patches, z, = (.

6. A hard sample X},q for class (+, ¢) is exactly the same as an easy one except:

(a) Its common-feature patches are replaced by noise patches;

(b) (Feature noise patches) With probability WM, a patch with index p €
([P] = P(X;vy,)) is a feature-noise patch, on which x, = afv_ + ¢, for some (ran-

of

dom) a, € { j uppe,};

Llower>

(c) Set one of the noise patches to ¢* ~ N (O, 0?* I,).

7. A sample X belongs to the “+” superclass if |P(X;v4)| > 0 or |P(X; v )| > 0 for any ¢
(excluding feature-noise patches).

w9

8. The above sample definitions also apply to the classes by switching the class signs.

9. A training batch of samples contains exactly N/2k, samples for each (+, ¢) and (—, ¢) subclass.
This also means that each training batch contains exactly N/2 samples belonging to the +1
superclass, and N/2 samples for the —1 superclass.

10. As discussed in the main text, for both coarse-grained (baseline) and fine-grained training, we
only train on easy samples.

B.2 LEARNER ASSUMPTIONS

Assume the learner is a two-layer convolutional ReLU network:

m P

F.(X) = Z Qc,r Z U(<wc,7'v 331)) + bc,r) 3)
r=1 p=1

To simplify analysis and only focus on the learning of the feature extractor, we freeze a., = 1

throughout training. The nonlinear activation o(-) = max(0, -) is ReLU. Note that the convolution
kernels have dimension d and stride d.

"Consider each d-dimensional patch of the input as an embedding of the input image generated by, for
instance, an intermediate layer of a DNN.
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Remark. One difference between this architecture and a CNN used in practice is that we do not
allow feature sharing across classes: for each class ¢, we are assigning a disjoint group of neurons
w,,, to it. Separating neurons for each class is a somewhat common trick to lower the complexity
of analysis in DNN theory literature |Allen-Zhu & Li| (2023)); [Karp et al.| (2021); (Cao et al.| (2022),
as it reduces complex coupling between neurons across classes which is not the central focus of our
study in this paper.

B.3 TRAINING ALGORITHM

Initialization.
Sample w'") ~ N(0, o21,), and set b0 = —5ocy\/In(d).
Training.

We adopt the standard cross-entropy training:
N N
eXp Yn (Xn))
‘C(F) = L(F;men = < €]
> "2 S, e,

This induces the stochastic gradient descent update for each hidden neuron (¢ € [k],r € [m]) per
minibatch of N iid samples:

N

1 .
““)—“’“)*”NPZ(Myn=c}[1—1ogn$><xs>>] S o (w2l + b+

n=1 p€E[P]

L £ H-togit(XO)] 3 o'((wlall)) + bEfl)wa,L)

pE[P]
(5)
where X
logit!) (X)) = CeXp( (X)) 6)
Zy:l exp(Fy (X))
As for the bias, )
(+1) (0
) — ) — Ier rllz )

or In°(d)

Additionally, we train the models until the network’s output margins are sufficiently large (or the
network is sufficiently confident in its decision). More specifically, we train the models such that

before F,, (X,,) — maxyz,, Fy,(X,) > Q(1) for all n (replace X,, by X if we are performing
stochastic gradient descent), we do not early stop the model. For analysis purposes, we allow the
models to train for longer in some of our theorems.

Remark. 1. The initialization strategy is similar to the one in|Allen-Zhu & Li|(2022).

2. Since the only difference between the training samples of coarse and fine-grained pretrain-
ing is the label space, the form of SGD update is identical. The only difference is the
number of output nodes of the network: for coarse training, the output nodes are just
F, and F_ (binary classification), while for fine-grained training, the output nodes are
Fo1,Fyo, oy By F_1,F_o,..,F_ ,atotal of ky + k_ nodes.

3. The bias is for thresholding out the neuron’s noisy activations that grow slower than 1/ In® (d)
times the activations on the main features which the neuron detects. This way, the bias
does not really influence updates to the neuron’s response to the core features which it ac-
tivate strongly on, since 1 — ﬁ ~ 1, while it removes useless low-magnitude noisy ac-

tivations. This in fact creates a (generalization) gap between the nonlinear model that we
are studying and linear models. Due to our parameter choices (as discussed below), if the
model has no nonlinearity (remove the ReLU activations), then even if the model can be
written as I (X) = > opjeq (v, @p) + e 1 (Vi1 Tp) + oo+ Cypy (Vi ky, Tp) and
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FL(X) = > ep - (v—,®p) + c—1{v_1,@p) + ... + c__(v__, @) for any sequence
of nonnegative real numbers c,c_, {c} ; }5;1, {Caj}?& (which is the ideal situation since

the true features are not corrupted by anything), it is impossible for the model to reach o(1)
error on the input samples, because the number of noise patches will accumulate to a variance of
(P — O(s*)) o¢ > O(s*), which significantly overwhelms the signal from the true features. On
the other hand, each noise patch is sufficiently small in magnitude with high probability (their
strength is o(1/1n°(d))), so a slightly negative bias, as described above, can threshold out these
noise-based signals and prevent them from accumulating across the patches.

B.4 PARAMETER CHOICES
The following are fixed choices of parameters for the sake of simplicity in our proofs.

1. Always assume d is sufficiently large. All of our asymptotic results are presented with respect
to d;

2. poly(d) denotes the asymptotic order “polynomial in d”;
3. polyln(d) aymptotic order “polylogarithmic in d”;

4. polyln(d) < ky = k_ < d®* and s*In°(d) < k4 (i.e. k; lower bounded by polynomial of
In(d) of sufficiently high degree);

5. Small positive constant ¢o € (0,0.1);
6. For coarse-grained (baseline) training, set ¢;, = /4 + 2c¢y, and for fine-grained training, set

cp, = V2 + 2c¢g;

1.
T 0= s Sy

T 1 1.
8. wer = ) and STLLppeT <0 <ln(d)),
9. st >1;

10. s* € polyln(d) with a degree > 15;

lyln(d .
12. o¢- € [W (po%( )) ,O (poly}n(d)ﬂ,

13. Po. > w(polyln(d)), and P < poly(d);

14. 00 <O (m), and set n = O(oyg) for simplicity;

15. Batch of samples B® at every iteration has a deterministic size of N €
(Q(polyln(d)k-d), poly(d)).
16. Note: we sometimes abuse the notation x = a + b as an abbreviation for x € [a — b, a + b].

Remark. We believe the range of parameter choice can be (asymptotically) wider than what is con-
sidered here, but for the purpose of illustrating the main messages of the paper, we do not consider a
more general set of parameter choice necessary because having a wider range of it can significantly
complicate and obscure the already lengthy proofs without adding to the core messages.

—1
g

Additionally, the function f(o¢) in the main text is set to lnlo(‘w = d°* in this appendix for
derivation convenience.

B.5 PLAN OF PRESENTATION

We shall devote the majority of our effort to proving results for the coarse-label learning dynamics,
starting with appendix section [C] and ending on [E} and only devote section [G] to the fine-grained-
label learning dynamics, since the analysis of fine-grained training overlaps significantly with the
coarse-grained one.
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C COARSE-GRAINED TRAINING, INITIALIZATION GEOMETRY

For coarse-grained training, assume m = ©(d?2%).
Definition C.1. Define the following sets of interest of the hidden neurons:

LU ={vev: (), v) > o0v/T+ 2, /n(d) - 1}
2. Givenv € V, 579 (v) C + x [m] satisfies:

@ (W), v) > o0v/TF 20, /n(d) + 15

(b) Vo' € Vsit. v/ Lo, <w+ V') < oovA+2c0,/In(d) - g

3. Givenwv € D, SSFO)(’U) C + x [m] satisfies:

(a) <w$))r, > 2 O'()\/4 + 2001 /ln(d) — ﬁ

4. Forany (+,r) € S "0 C4x [m]:

+,reg
(a) (w+ ), v) < a9v/104/In(d) Yo € V
(b) ‘u“)) <0(1)

Proposition 1. Assume m = ©(d*>12%0), i.e. the number of neurons assigned to the + and — class
are equal and set to ©(d?T2),

Att = 0, for all v € V, the following properties are true with probability at least 1 — d~2 over the
randomness of the initialized kernels:

LSO @L IS0 @l =0 (i )

2. In particular, for any v,v' € D M — 152 ()1 -1/ <0 <#)
. p ’ y v, ’ |S_T_(0)(v’)| ’ \Sf)(v’ﬂ — In®(d)
0
3. Sy = m]

Proof. Recall the tail bound of g ~ A/(0, 1) for every € > 0:
1 1 €

—_

1

—_

L PPt te ®)
22 et +1 2\2me

First note that for any r € [m], {(wg?, , V) fvey 18 a sequence of iid random variables with distribu-

tion N'(0, o).

The proof of the first point proceeds in two steps.

1. The following properties hold at ¢ = 0:

p1 =P [(w_km v) > ogV4 + 2¢co, [In
(4 + 2¢0) ( n(d) + )
€—— ! d=2c0(=2=c0)/ In*(d) \/ m ; !
1
ver (4+200) (In) + ) 1 (44 200) () + i)

na—
In(d)

©))
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and

1
po =P <w(+°)r, v) > oovV4 + 2¢o4 [In(d) — ——
’ In”(d)
1

\/ (4+ 200) (In(d) - 15 )
c b gr2cop—(~2-co)/m*(d) 1

NG (4+ 2¢) (ln(d) - ln51(d)) + 17 \/(4 + 2co) (1n(d) - ﬁ)

(o
In(d)

Therefore, for any r € [m], the random event described in Si(o) holds with probability

d—1
_ d—1 __ 1 —2—co _ 1 —2—cgp _ 1 —2—cgp
TSR PRSI ER PR SRR §
(11

The last equality holds because defining f(d) = d~2~° and d being sufficiently large,

(10)

g9(d) = [(d = 1)In(1 = f(d))| < (d = 1) x (f(d) +O(f(d)*)) < O(d™") (12)
which means

(1-fd)* ' =e9De1-0(d"),1) (13)

2. Givenv € V, \Si(o) (v)| is a binomial random variable, with each Bernoulli trial (ranging over

r € [m]) having success probability p;(1 — p2)¢~1. Therefore, E {|Si(0)(v)|} = mpy(1 —

d—1 _ 1 c
p2) _@<m>do'

Now recall the Chernoff bound of binomial random variables. Let {X,, }™ ; be an iid sequence
of Bernoulli random variable with success rate p, and S,, = >, X,,. Then for any ¢ € (0, 1),

2
P[S, > (14 8)mp] < exp (_5 ;”p>
(14)

P[S, < (1 )mp] < exp (—‘52’2”1’)

It follows that, for each v € V,

Si(o)(v)| =0 <\/1111W> d° with probability at least 1 —

exp(—Q(In""/2(d))d*). Taking union bound over all possible v € D, the random event still
holds with probability at least 1 — exp(—Q(In~2(d))d® + O(In(d))) > 1 — exp(—Q(d°-5%))
(in sufficiently high dimension).

The proof for SSFO) (v) proceeds in virtually the same way, so we omit the calculations here.

1579 (v)]
15§ (0]
careful in our bounds of the relevant sets. In particular, we need to directly use the CDF of gaussian

To show the second point, in particular

1‘ <0 (m), we need to be a bit more
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random variables:

P[<w+7, >>O’0\/4—|—2801¢ 1:|:O
—P [('wf)r, ) > oovV4+coy [ In(d e 5 ‘

V4+2co , /In(d)+ ! 5(d) )
T e €246+ 0

2\/277 VIT2¢, /In(d - 5(d)

d3+eo ln(d))
1

: 1 1 1
<——d 20 (FHe0)/ In7(d) /T In(d) + —— —/In(d) = == |+ 0 | ————
RCNor ‘ o (D EE TV T g d*+eo\ /In(d)

2

1 In®(d) 1
— 4270 (2+c0)/ In*(d )4+ 2¢o +0 (
RV 1 1 3+c
2v2m \/ln w@ T \/ln(d) oo (d) d*t<0\/In(d)

(15)
The expected difference in number between the two sets is just the above expression multiplied by
m = O(d?>*t2%), and with probability at least 1 — exp(—§(d~°/*)), the difference term satisfies

2
—c C c n® In®(d) d2+200
— (14 d=/2)@(d%)eFe0)/ (D) /1 9c +0 ( :
2V/2m \/m(d) + o + \/m(d) — d3+eo/In(d)

1) 1
@< ln(d)>d 5 (d)

By further noting from before that |SSFO)( ) = © (

(16)
geo. |1550@1 | o o( ! )
v/In(d) 159 ()] = In®(d)

_ 1’ <O (1n51(d)) follows a very similar argument, so we omit

157 ()]

follows. The proof of m

the calculations here.

Now, as for the set Sﬁgg, we know for any r € [m] and v; € D,

P[<w+r,vz >00\/>\/h17} ( 1111(d)>d_5' 17)

Taking the union bound over r and 7 yields

i [ar and i s.t.(w ") v;) > aox/ﬁ\/ln(d)} < mdO <11@l)> d5<d2 (18
n

Finally, to show ’L{J(ro)r (1) holds for every (+,r), we just need to note that for any arbitrary

> 4 is no greater than

d 1 1
il ] <o ( ) d—374% xd* <0 ( ) d=t4e 19
p2<4)— I d I d (19

Taking union bound over all m < O (d2+2°'0) neurons yields the desired result.

. (0)
(4, r) neuron, the probability of ‘Z/l For
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D COARSE-GRAINED SGD PHASE I: (ALMOST) CONSTANT LOSS, NEURONS
DIVERSIFY

Definition D.1. We define Tj to be the first time which there exists some sample n such that
FT0)(x Ty > g1 (20)

Without loss of generality assume ¢ = +. Define phase I to be the time ¢ € [0, 7).

D.1 MAIN RESULTS

Theorem D.1 (Phase 1 SGD update properties). The following properties hold with probability at
least1 — O (mNPk+t) - O(e‘Q(lnz(d)))for everyt € [0,Tp).

poly(d)
1. (On-diagonal common-feature neuron growth) For every (+,7), (+,r') € Si(o) (vy),
(t) (0) e _ . (0) (21)

Wy — Wy =W, o — W, o

Moreover,

1 1 )
Aw'!), :n< (2 + 1/11> Vit (1 + s*—1/3) +0 (mlom)) ) ;P'” +a¢t @)

where Ac(t) N(0, X)é I), O’X)@rm = no¢ ((% +1) V1+ s**1/3> P\\/ﬁi and || <
d—1.

Furthermore, every (+,1) € Si(o) (v4) activates on v.-dominated patches at time t.

2. (On-diagonal finegrained-feature neuron growth) For every possible choice of ¢ and every
(+7 T)’ (+7 T/) € S«T»(O) (v+,0)’

w(f)r - wf)r = wS:) w'” (23)

,r’ + T’
Moreover,
1 1 s*
Aw® —p| (= £y, ) VIE (1i *_1/3>i0 PN
w"r,T n 2 ¢1 L S lnlo(d) 2k+Pv+ + C
(24
where Cg_t ~ N(O0, 2)42 I), and cr( ) _=nog ((% +1) V1+E s**1/3) P\/%
Furthermore, every (+,1) € Si(o) (v4 o) activates on vy -dominated patches at time t.
3. The above results also hold with the “+” and “—" signs flipped.
Proof. The SGD update rule produces the following update:
1
w1V =wl, + 05 % (25)
N
> (1{% =+ = logit?(X ] Y7 o () al)) +60)2l,  (26)
n=1 pE[P]
+ 1y, = —}[ogitl? (X)) 3 o' ((w!l) all)) + b$3r>w£f,>p> @7)
PE[P]
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In particular,

_Zn{yn—ﬂ»( £ ) x

{1{|P<X§f>;v+>|>0}[ > e+ ¢+ 60 (el +¢)

peP(XSvy)

+ Y 2D b)) <t>]

pEP(Xv4)

+1{|P(XP;vy) |‘Tﬂ'§: 1u$l,wg£>+b“)) @L}
pE[P]
N

Z]l{yn = (; iz/q) X

n—=

{H{IP (XP504)) >0}[ > 1 {w el + ¢ 260} (alvs +¢))

peP (X vy)

S DR Y (TR B

pEP(X vy)

P00 = 0p > 1 { () 2l),) > bi?r}wsﬁp}
p€E[P]
(28)

The rest of the proof proceeds by induction (in Phase 1).

t [awl) ]| :
First, recall that we set bC » = —v/4+ 2co4/In(d), and Ab(} = _T&)z for all ¢ in phase 1, and
for any +-class sample X, with p € P(Xr(f); 'v+), an)p € v/1 £ ¢ by our data assumption.
Base case t = 0.
1. (On-diagonal common-feature neuron growth)

The base case for the neuron expression of point 1. is trivially true.

We show that the neurons (+,r) € S_T_(O) (v4) only activate on v -dominated patches at time ¢ = 0.

With probability at least 1 — O ( mN P ), by Lemma we have for all possible choices of , n, p:

poly(d)
dIn(d <

[, ¢0)

= <d>) @

It follows that

<w$))T7 (O)U +CO)>_O'0{\/].:‘:LX<\/4+2CO\/?/1H fﬁ)
oo { (VAT 3 ) 1/ ) \/mm\/m) £ }

(30)
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a®—b?
a+b

or ! (), allvy +¢0) + b))

2\/1—L (4 + 2¢o)(In(d) + 1/ In°(d)) — (4+200)ln(d)—0< 91 )

we have the lower bound

Employing the basic identity a — b =

(1= 0)(4 + 2¢0) (In(d) + 1/ 1n5(d)) — (4 + 20) In(d) _O< ] ) -
V(L= 04+ 2¢0)(In(d) + 1/ (d)) + /A F 2e0) In(d) In*(d)

)

(

(4 + 2¢0)(—e1In(d) + (1 — 1)/ In°(d)) —O( 1 )
9
V(L= 04+ 2¢0)(in(d) + 1/ 0 (d)) + /(A T 2e0) In(d) In’(d)

>0

The last inequality holds since ¢ <
the positive term down past 0.

1
polyIn(d) and d is sufficiently large such that ; ( ) does not drive

Therefore, the neurons in S +(0 (v4) indeed activate on the v -dominated patches at t = 0.

The rest of the patches :1:( ) is either a feature patch (not dominated by v ) or a noise patch. By
definition, (+,7) € S +( )( +) = (+,r) € SS_O) (v4). Therefore, by Theorem with proba-
bility at least 1 — O (%), attime t = 0, the (+,r) € Si(o) (v4) neurons we are considering
cannot activate on any feature patch dominated by v L v, nor on any noise patches.

It follows that the expression [26]at time ¢t = O is as follows:

26 = Zn{yn+}< i¢1>

n=1

{1{|7’( X\ v+)>0}[ > (\/EerCé?%)Jr > 0]

peP(X ) wy) pgP (X vy)
AP ) =0} o}
PE[P]

N 32
(o) Dt = PO 0 Y (IEwreg) O

n=1 peP(XPwy)

(;i%) X

{p) € N x [P} g = +,[P(XP501)] > 0,p € P(XOs04) }| (VIE 10y

N
£ T =t (pEn)
n=lpep(x vy
On average,
E[[{(np) € IN]x [P]: o =+ [P(XO301)] > 0,p € PX50,) }]
—ixPxE—S*N o
P 2 2
Furthermore, with our parameter choices, and by concentration of binomial random variables, with
probability at least 1 — e~ $2(polyin(d))
0) o) _ N x—1/3
(n,0) € IN] x [P]: o =+ [P(X 03 0,)| > 0,p € PX V5 04) }| = 5 (148
(34)
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must be true.

It follows that

1 N
B8] = inl) xS (12572 x (VI vy

+§: > A +}( iwl)d

=1 pep(x{vy)

(35)

The other component expression is zero with probability at least 1 — O (7?51;(]2)13 ) by Theorem
EL

By noting that

N
Var <AC(O)) =Var % Z Z {yn = +} ( =+ 7/)1) C

=1 pep(x{Vvy) (36)

2
1 s*
2t *—=1/3) _2
(Qi%) 2N P2 (H[S )U

and

N

E[ach] =E |5 j: 0 37

E|Acf NP2 X fm=sp(gEe)dl =0 6D
=1 pep(x{Pv;)

we finish the proof of the base case for point 1.

2. (On-diagonal finegrained-feature neuron growth)

The proof of the base case of point 2. is virtually identical to point 1, so we omit the computations
here.

Inductive step: We condition on the high probability events of the induction hypothesis for ¢ €
[0, T] (with T < Ty of course), and prove the statements for ¢t = 7"+ 1.

1. (On-diagonal common-feature neuron growth)

By the induction hypothesis, up to time ¢t = T, with probability at least 1 — O (M), for all

poly(d)
*(T
(+,7) € S5 (wy),
® _ 1 x—1/3 s* O
Awy’ =n 5 T Viti(l=+s SpU+ T ACY, (38)

where ACS:?T NN(O,UX)CQI) Jg)g ="no¢ ((% ﬂ:%) \/m) P\\//S;;N'

Expression of w(T+1).

Conditioning on the high-probability event of the induction hypothesis, at time ¢t =7 + 1,
T
wfjl) :wfy)r + Z Awg_jﬁ
7=0 (39)
:nT< (; + 1/11> Vite (1 + s*—1/3) ) ;P’” + ¢l

where C_(f) ~ N(0, a(t)z I),0 (t) =noeVT ((% + 1) m) P\\/ﬁi

Let us compute Aw(TH)
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We first want to show that w(fj Y activates on v4-dominated patches :BELT p+ D= V1tiwy +

cff;,“). We need to show that the following expression is above 0:

<w5,_T+1) .’B(T+1)> +b(T+1)
T

=) VIE g + G + b,
+ <nT< (; iqpl) VIt (1£s1%) £ 0 (1) ) ;P AT Ty +¢ T+”>

In'’(d)
T
+ > A
7=0
(40)
Let us treat the three terms (on three lines) separately.

First, following virtually the same argument as in the base case, the following lower bound holds
with probability at least 1 — O (poly( )) forall n,pand (+,7) € Sjr(T) (vy):

(w{,VTEw, +¢TH) 4+ ),

20’0{\/(1L)(4+260)(ln( )4+ 1/1n°(d)) — /(4 + 2¢o) In(d) — (

>0

@l

Now consider the second term.

We know, with probability at least 1 — e~**(9)_ for all n and p,

1
(T+1) -
‘(Cn,p ,’U+>’ < 0 <ln10(d)> ) (42)

therefore,

<nT< (; + w1> VIE:(1£57) 20 <1) ) ;P 04, 4D

10
* 1 In"(d) 43)
s
<nT—O0O(—+—|.
=" 9p <ln10(d))
Moreover, with probability at least 1 — e~ Sd),
(T+1 ‘ VTS Vs* O< 1 )
yU)| S —To (44)
(< PVaN 0(4)
and with probability at least 1 — e~ (@),
* 1 Vs 1
e ‘<o ocoMd <o( N d) <WT-—YX——— (45
@l < 0 oeod) <o (n pvan n®(@d’) =™ v @ ¢
therefore
¢ VT, + ) < VT Y0 0 (i)
] . (46)
(nT + ) B 0
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It follows that with probability at least 1 — O(e~?(4)),

1
<nT< (2 + zp1> Vit: (1 + s*—1/3) ) ;Pv+ + ¢ VT, + c,(f;“)>

:<77T< (; + 7/’1) Ve (1 + S*_l/?’) > %UJM V1itw,y)

* 47
+<77T<(;:|:1/)1) \/1:|:L(1:|:s* 1/3)> i vy, ¢0Y)

2P
+(n¢ (T+1) \/EW +C(T+1 )

= (2 - §TH)> (=0 (1-s1) 25 - nﬁp\\/ﬁ;;NO <lnlg(d)) '

Now we compute the third term. By the induction hypothesis,

(48)

2
o 1 .
Szlns(d)n<2+w1>\/l+b(l+8 1/3)i|| +||2+Z15 H o

T
1 — s* 1 (t)
nT<2+1/11>\/1+L<1+s 1/3) + E HA wrll,
t

5
2P " = (d)

"I’ (d)

With probability at least 1 — O (%), for all £ € [0, 7] and - in consideration,

Jact,

Vst 1
.= "pyan’ <ln1°(d)> @

Therefore,

T
>

t=0 (50)

ot (o) o k)
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Combining our calculations of the three terms from above, we find the following estimate:

(.l

>0

war (5= ) 00 (1) 55 =T 0 ()

- 1n51(d) (nT (; +w1> Vit (1 +5% 1/3) ;P H]TP\\/rZLNO <1n13(d))> Gb

((-e)ea o) o (odg)) 5

>0

On the other hand, by Theorem|F. 1} with probability at least 1 —O (%
(T+

Si(T) (v4) can activate on &y, p Y that are feature- -patches dominated by v L v, or noise patches.

) none of the (+,7) €

mky NP(T+1)

Combining the above observations, with probability at least 1 — O ( poly(d)

), the update
expressions up to time ¢ = 7"+ 1 can be written as follows:

Aw () _< iﬁ’l)

] X [P] YYn =+, ‘P< 7(Lt)7v+)| >0,p€ P( ’I(Lt)7v+>}‘ (V 1iL’U+) (52)

S +}( iwl) cff.%}
LpeP(x{V5vy)

{

The rest of the derivations proceeds virtually the same as in the base case; we just need to rely on
the concentration of binomial random variables to calculate

H(nap) € [N] x [P]:yn = +,|P( X(O) ;)| >0,p € P(X,(P);m)}‘ = S*QN (1is*_1/3)

(53)
which completes the proof of the expression of AwS:?T.
Additionally, to show
wi M —wl) = w7 — W), (54)

we just need to note that, by the above sequence of derivations, for every (+,r) € S_T_(O) (v4), these
neurons receive exactly the same update at time ¢t =7 + 1

N
L (T+1
> Uy = H{PXT50,)] > 0} 1-logie ! VXT3 (alf ey + ¢
n=1 peP (X v,
(55)

2. (On-diagonal finegrained-feature neuron growth)

For point 2, the proof strategy is almost identical, the only difference is that at every iteration, the
expected number of patches in which subclass features appear in is

{(.9) € IN] x ([P) = P(XT)04.0) sy = +,[P(XD304.,0)] > 0,p € PXT 0,0}

:S*N (1 is*fl/S)
o

(56)
which holds with probability at least 1 — e=2(2*(d)) for the relevant neurons. O
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-1
Corollary D.1.1. T, < O ((nsp) ) € poly(d).

Proof. Follows from Theorem [D.1 O
D.2 LEMMAS
Lemma D.2. During the time t € [0,Ty), for any Xr(f),

1 — logit(X () = % +0(d™) (57)

The same holds for 1 — logit(,t) (Xy(f)).

Therefore, [11| < O(d™1) fort € [0, Tp).

Proof. By definition of Tj, for any ¢ € [0,Tp], we have Fc(t)(Xr(f)) < d7' + O (n) for all n,
therefore, using Taylor approximation,

) x(® 1

exp(F2(Xn7)) exp(d™) 1 B

O x® T < 141 S3TOodh) 6¥
exp(F17 (X)) + exp(FZ7 (X0n7))

1 —logit (X (V) =

The lower bound can be proven due to convexity of the exponential:

FOx® 1 11
) ex% - ))u) oo > pep(=d) 25— o (59)
exp(F " (X3")) +exp(FL(X57))
0
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E COARSE-GRAINED SGD PHASE II: LoSS CONVERGENCE, LARGE
NEURON MOVEMENT

Recall that the desired probability events in Phase I happens with probability at least 1 — o(1).

In phase II, common-feature neurons start gaining large movement and drive the training loss down
to o(1). We show that the desired probability events occur with probability at least 1 — o(1).

We study the case of 77 < poly(d), where T denotes the time step at the end of training.

E.1 MAIN RESULTS

mky NPT,

Theorem E.1. With probability at least 1 — O ( 2oy (@)

), the following events take place:

1. There exists time T* € poly(d) such that for any t € [T*, poly(d)], for any n. € [N), the training
loss L(F}; Xr(f),yn) € o(1).

2. (Easy sample test accuracy is nearly perfect) Given an easy test sample (X.a5,y), for y' €
{+1, =1} = {y} for t € [T™, poly(d)],

P [F{ (Xeay) < FY (Xeaw)] < 0(1). (60)

3. (Hard sample test accuracy is bad) However, for all t € [0, poly(d)], given a hard test sample
(Xhard7 y),
P [Fy(t)(X/mrd) < F;f)(X,m,.d)} > Q(1). 61)

Proof. The training loss property follows from Lemma|E.3|and Lemma[E.4 We can set T* = T ;
or any time beyond it (and upper bounded by poly(d)).

The test accuracy properties follow from Lemma [E.8|and Lemma [E.9)

O

E.2 LEMMAS
Lemma E.2 (Phase II, Update Expressions). For any T7 € poly(d), with probability at least 1 —
0 (";fjlj;’;;f), during t € [Ty, Th], for any (+,7) € $1© (vy),

Awif?,.

- 3 — _p® X<t>)}
n; Hy, = +} exp{ F(X) )
exp(FD (X)) (1+ 5*71/3)£ (\/E,er n C(}t)) 7
exp (FO(x) - FO(x)) +1 NP "
(where c!, denotes the subclass index of sample Xff)) and for any (+,r) € Si(o) (v4.0),
pu)
—nexp { — (s3I E, (1 +0 (m;(d)» 5* (Ai?* sﬂ(’)(m)‘ + AT 157wy )
exp(FY (X))

N
n; exp (FU(x) - FO(XI)) +1

(63)
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In fact, forany v € {vy}U {UJDC}’;;, every neuron in Si(o) (v) remain activated (on v-dominated
patches) and receive exactly the same updates at every iteration as shown above.

For simpler exposition, for any (+,1*) € Si( (vy), we write A+ = (wg)r ,v1); similarly for
Ai(i)’r* = (W4 p=, Uy o) for neurons (+,7%) € S+(O (V4 c)

Moreover, on “+”-class samples, the neural network response satisfies the estimate for every

(+,7%) € Si(o)(mr):
(1) x(B)) a1 1
FOXM)y=(1+s B)\/liL(liO(lnSw)))

x s* (Ai(tr)

(64)
CHCIy

51 (w)| + 47

t
+,ch,r

).

The same claims hold for the “—” class neurons (with the class signs flipped).

Proof. In this proof we focus on the neurons in S_T_(O) (v4); the proof for the update expressions for

those in Si(o) (v4 ) are proven in virtually the same way.

Base case, t = Tj.
First define Aj_()tr)* = <w+,T*,v+>, (+,r*) € S¢ +) ('u+) similarly for A+ epr = (Wy pe, V4 ).

Note that the choice of r* does not really matter since we know from phase I that every neu-

ron in S*( (v4) evolve at exactly the same rate, so by the end of phase I, ||w}. (To) _ (T(’)H

O(00 In(d)) < [[w ™) ||z for any (+,7), (+,7) € ST (v.).
Let (4,r) € Si( (v4). Similar to phase I, consider the update equation

w{t =) o (65)

N
Z(n{yn+}[1logu“’<xs>>1 S w20y + b2l (66)

pE[P]

+ 1{yn = —}[~logit V(X)) D o' ((wl),,20),) + b1, ) L) (67)
pE[P]

n=1

For the on-diagonal update expression, we have

N

> Uy = 1 —logit (X)) D o ((wl) 2ll)) + Y )all),
n=1 p€E[P]

N

11{yn = +}[1 —logit! (X )]

{w =0 T (el ) 200 (ol )

peP (X vy)

fS =i )

pEP (X v y)

+I{P(Xv) =0} Y 1 {wf)r, )p>>b(“}a,-§f37}

pE[P]
(68)
Invoking Theorem [F.I]and Corollary ??, the neurons’ non-activation on the patches that do not con-
tain v, and activation on the v -dominated patches hold with probability at least 1 — O (";i\l’yf(g C’if)+ )
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at time 7Ty. Therefore, the above update expression reduces to

N
> Uy =+ [P(X 0] > 011 logit (X)) > (alvs+¢Y)  69)

n=t PEP (X v4)

Note that for samples X,(Lt) with y,, = +,

exp(F (X))

oeit® (X0
[1 = logit, (X )] = exp(FO (X)) + exp(FP (X))

(70)

Now we need to estimate the network response FJ(:)(X,(P). With probability at least 1 —

exp(—Q(s*1/?)), we have the upper bound (let (4, c!,) denote the subclass which sample xP
belongs to):

t

FO(x®)

< Y Y el
pEP(X®;v,) (+,r)65§r0)(’0+)

DS > v )b,

PEP(X v, 1) (+,r)esf)(v+’ca)

v (120(giz) o

S(O) Vg ot
1119( + ( +, n)

5P|+ 4t

)

(71)

+Ct r*

The second inequality is true since maxr<w£r)r, vy) < Ai(tr + O(op In(d)), and for any (+,7) €

SSF())(U+), |<w$)7, (t) W <0@1/In’(d ))Af? The bias value is negative (and so less than 0).

To further refine the bound, we recall ’Si(o)(v)‘/ Si(o)(v’) ,‘S_T_(O) (v)’ / ‘SS_O) ()| = 1=+
O(1/n°(d)).
Therefore, we obtain the bound
1 1
FOXO) <(1 4 53T+ s (1 +0 < >> (1 +0 (5>>
°(d ) In”(d) (72)
X (Ai(fr)* 5O )‘ + AT, 1810w, ) )
Following a similar argument, we also have the lower bound
FOX0)
S SRS SR (TR RTN
PEP(XD5v1) (+,r)e55 ) (vy)
+ Z Z (<w5r)ra Vet + C(t}) + bgf?r) (73)

PEP(X v, ¢ ) (+,r)€Si(0)(v+,C%)

>(1 — s V3T = is* (1 -0 <1n51(d)>) (1 -0 (hl51(d))>

x (a5 510w + A, |55 )

+,ct ,r* + (U—i-,ch)
The neurons in S, +(0) (v4) have to activate, therefore they serve a key role in the lower bound, the

bias bound for them is simply A*(t ©(1/1n°(d)); the neurons in SSFO)('er,C) contribute at least 0
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due to the ReLU activation; the rest of the neurons do not activate. The same reasoning holds for
the ST (v, ).

Knowing that neurons in Si(o) (v4) cannot activate on the patches in samples belonging to the “—”

class, now we may write the update expression for every (+,r) € Si(t)(v+) as (their updates are
identical, same as in phase I):

Awll),

N
77 .
NP 2 Hom = +HL 1o "(X0)] 3 o'(wlall}) +o)al
=t pE[P]

N
n
= D 1 =+, [P(X P 04)] > 0} exp(—FO(X ()
n=1

exp(F (X)) (

X
exp (Fit)(Xr(f)) — eXP(F.E.t) (Xy(zt)))) +1

offhvr +¢)
PEP(Xvy) 74

—nﬁ: Ly = 1) exp{ — (14 s3I+ s* (1 +0 <1>)

In°(d)
)

*— s*
(s )2 (VIE s + ¢

X (A:(tr)*

S;:(O) (vy) ‘ + A*(t)

+.c,r*

*(0
S+( : (U+»Cﬁ )

exp(FY (X))
exp (FU(x) - FO(X)) +1

This concludes the proof of the base case.
Induction step. Assume the statements hold for time period [Ty, ], prove for time ¢ + 1.
At step t + 1, based on the induction hypothesis, we know that with probability at least 1 —

o (%), during time 7 € [Ty, #], for any (+,7) € S5 (v,),

(1)
Awy

:ni 1{y, = +}exp { (1 + sV st (1 +0 (hr”l(d)))

) } (75)
exp(F7 (X))

x (1+s1/3) 2 VIEwy +¢7)
exp (F(XI7) = exp(F{7 (X)) +1 v )

and for the bias,

AL

S*(O)

x (Ai(:) T (vger)

Sj‘r(o)(,v_‘r)’ —I—A*(T)

+ct e

) } (76)

1 > exp(FST)(Xv(zT)))
(D)) exp (FO(X) — exp(F (X)) +1

X (Aj_(?

*(0
ST vy )

+,ck

S_T_(O)(v+)' + 4%

X (1 — 8*71/3)%

(=
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Conditioning on the high-probability events of the induction hypothesis,

(t+1)
+,7r
w7
t N
1) Y Hum = +}exp{ — 1+ s VT st (1 +0 <1n51(d)>)
7=Tp n=1 (77)
X (Aj;l Si<°>(v+)] + 477 1810 () ) }

exp(F” (X))

X
exp (FET)(X’r(LT)) - eXP(FiT)(Xr(LT))D +1

*— s T
(1102 (VIEw, +¢0)

It follows that, with probability at least 1 — O (l;”ol]y\éf;) ), for all v, -dominated patch :1:55;”,

<’UJS:+1) ﬂf(t+1)>+b$:‘;1)

v nLp

:<wsrT,?n), VIEw, + ¢y + bf‘;ﬂ)

T Xt: i Wy, = +}eXp{ (14 s st <1+O <ll>)

=Ty n=1 n5(d)
)}

1+ *—1/3 87
A+ )55

S*(O)

X (A*(T) + (’U+,c;)

+,r*

Si(o)(v+)’ —I—A*(T)

o,

exp(F7(X17))
exp (FET)(X,ST)) - FJ(FT) (Xr(;))) +1
x (VI£wy + ¢ VI £ wy + DY)+ AT

>0 (78)
t N 1
+ {y, = +}e — (14 s3I ¥ *<1+0< >)
n T;O nz::l {y }exp { (1+s ) LS ()
(2 004|520 |

exp(F7 (X))
exp (FET)(X’I(LT)) - Ff) (Xr(LT))) +1

(o))

>0

1+ x—1/3y S
1+ 5P

Therefore the neurons (+,r) € Sj_(o)(mr) activate on the v-dominated patches wgfj;l). We also

know that they cannot activate on patches that are not dominated by v, by Theorem[F.1] Following
a similar derivation to the base case, we arrive at the result that, conditioning on the events of the
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induction hypothesis, with probability at least 1 — O (mNPk* ) forall (+,r) € S_T_(O) (v4),

poly(d)
Awltt?
a 1
= H{y, =+}expd — (14713 ms*(1+0(>>
nn; w J p{ ( ) In®(d)
(A |50 ,)] + ALY, |55, }
* (t41) ( 3 (t+1)
_ s exp(F2 7 (Xn ) .
x (14 s 13— (VI +¢im)
NP exp (F£t+1)(X7(lt+1)) B Fj_t-&-l)(XT(Lt—H))) 1 P
(79)
1 13 mN P
Consequently, with probability at least 1 — O (W@i))’

N
N

<- 1n51(d) > Ly = +}nexp{ — (s VI s (1 o (1n51(d)>>

n=1
* *(0 * *
x (A s )(v+)‘ + A 510 0y )] ) } (80)
(t+1) / x(t+1) *
y exp(F2" (X0 ")) (1= s /3y 2

exp (FStJrl)(XT(LtH)) _ FJ(:H)(Xy(LtH))) 11 NP

(o (wm))

Utilizing the definition of conditional probability, we conclude that the expressions for Aw:)r and

Abgffrl) are indeed as described in the theorem during time 7 € [T}, t + 1] with probability at least
_ mNPk?+t _ mNPk+ _ mNPk+(t+1)
(1 0 ( poly(d) )) X (1 0 ( poly(d) )) 21-0 ( poly(d) )

Moreover, based on the expression of Awgg)r and Abgff;l), following virtually the same argument
(t+1)

as in the base case, we can estimate the network output for any (X5 "/, y, = +):
. 1
FUPD (X DY —(1 £ 513 /T £ (1 +0 (5)> s*
* *(0 * *(0
X (Aﬁr)* S+( )(v+)‘ + A+(,tc)§“r* S+( )(v+7ca) )
O

Lemma E.3. Define time T ; to be the first point in time which the following identity holds on all
Xét) belonging to the “+” class:

exp(F (X)) 1
= OO0 21-0
exp(F_ (Xn ) - F+ (Xn )) +1

5 82
In”(d) (82)

Then Ty 1 < poly(d), and for all t € [Ty 1,T1], the above holds. The following also holds for this
time period:

1
[1-— logits:) (X,(lt))] <0 <lr15M)> (83)

The same results also hold with the class signs flipped.
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Proof. We first note that, the training loss [1 — logitgf)(Xff))] on samples belonging to

the “4” class at any time during ¢t € [Tp,73] is, asymptotically speaking, monotoni-
cally decreasing from % — O(d™').  This can be easily proven by observing the way

st (4 820w + 450, |57 (ws0)
before Ff)( ,(Lt)) > In lns(d) on all X,(Lt) belonging to the “+” class, there must be some sam-
ples X ,(Lt) on which

) monotonically increases from the proof of Lemma

) x (0
F (X
1 — logit (X ()] = ) eXI()t() = ))(w )
exp(F7(Xn")) + exp(F7 (Xn”))
1 — O(o0 In(d)s™d™) (84)

14 O(0gIn(d)s*deo) 4 In°(d)

(i)

Therefore, by the update expressions in the proof of Lemma Ffrt) (X ,(f)) can reach Inln®(d) in

time at most O (%ﬂf@l)) € poly(d) (in the worst case scenario). At time T} ; and beyond,
- exp(FEt)(Xq(Lt))) <1 exp(1 — O(gpd®s*))
eXp(FEt)(Xr(Lt)) — F_(:)(Xr(f))) +1 " exp(l + O(Uodcos*))ﬁ +1 85)
1
ofits)

In”(d)
O

Lemma E.4. Denote C = nﬁ, and write (for any ¢ € [ky])
A(t) = 5* (Ai(f,?* 5@ (v+)‘ + A5 15O, ) ) (86)

(see Lemma for definition ofAfk(t)). Define t.o = exp(Ac(T1,1)). We write A(t) and to below
for cleaner notations.

Then with probability at least 1 — o(1), during t € [T1 1, Th],

A(t) = IH(C(t — Tl,l) + to) + E(t) 87)
-T C71 n(t)—In -1
where |E(D)] < O (g ) Do 0 L < 0 (UG,

The same results also hold with the class signs flipped.

Proof. Sidenote: To make the writing a bit cleaner, we assume in the proof below that C~'¢( is an

integer. The general case is easy to extend to by observing that ‘ T +1[c—1 W] T T 141rC—1 ol =

e 1+[c—1t011)(t—T1 T which can be absorbed into the error term at every iteration since
due to C~'ty > Q(og '/ (polyln(d)d®)) > d >> In*(d).

1 1
T 0] K i@

Based on result from Lemmas [E.2] and as long as A(t) < O(In(d)), we know during time
t € [T1,1,T1] the update rule for A(t) is as follows:

A(t+1) — A(t) =C exp {_(1 + 5 VT £ <1 +0 (1d))> A(t)}

In®(
(o)) o (s i)

(88)

—Cexp {—A(t)} exp {ﬁ:O <1n41(d)> } <1 +0 <1n51(d)>)

=Cexp{-A(t)} (1 = lnf(ld)>
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where we write C in place of O(+) for a more concrete update expression.
The base case t = T 1 is trivially true.

We proceed with the induction step. Assume the hypothesis true for ¢ € [T} 1, T, prove fort + 1 =
T+1

Note that by Lemma[E-10]

At+1)=In(C(t—T11) + to) + E(t)

+ Cexp{—In(C(t —T11)+to) — E(t))} (1 + lnf(ld))

=In(0) +In(t — T11 + C o) + E(2)

1 Cy

+ 0 (1-Et)+O0(EMH) 1+

C(t—"Ti1)+to ( Q (E®) ( 1n4(d)>
t—T4 1+Cilt0—1
' 1 1 1 1 1
=1 -4y - - -
H(C) + 7; T + 2t—T171 —l—C_lto + |:O7 8 (t —T1’1 +C_1t0>2:|
1 o 1

+ +
t—Tia1+C 7y~ In*(d)t — T+ C

1 9 Cq
:_ Tl,l n Oflto (_E(t) + O(E(t) )) (1 + 1n4(d))

t—T1,14+C "t

+ B(t) +

1 1 1 1 1
=In(C T 0.2
wer 72:31 T+2t—T1,1+Clt0+[ ’S(t—Tm-*—C'lfo)Q}
Ch 1
+ I —
ln (d)t—T171+C to
v
t— T171 + 0_1t0

+ E(t) +

Ch
(—E(t) £ O(E(1)%)) (1 - 1n4(d))
(89)

Invoking Lemma [E:10] again,

At +1)=In(C) +In(t +1 - Ty 1 + C 'tg)

1 1 1 1
2t +1-Ti, + C o Tiq +C~ 1t
-1 ! o] N {0 ! ! ]

8 (t—‘r 1 —T171 —|—C_1t0)2’ "8 (t—Tl,l —|—C_1t0)2

" 4 1

1n4(d) t—"Ti1+ C—1tg

1 2 Cy

+ E(t) + T+ O (—E(t) £ O(E(t)?)) (1 + 1n4(d)>

=In(C(t+1—-"T11)+to)

1 1 1
G-yt O )t —Tra 4 CTh) — ¢ ((t 1Tt C1t0)2>
o 1
In*(d) t — T11 + C~Lto
1
t—Ti1+C

+E@) + (—E(t) £ O(E(t)*)) (1 + lnf(ld)>

(90)
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To further refine the expression, first note that the error passed down from the previous step ¢ does
not grow in this step (in fact it slightly decreases):

1
t— T171 + Cilto

‘E(t)—i— (—E(t) £ O(E(t)%)) <1i @ >’

In*(d)
<I0) on
t—T1,1+C 1t

©(w@) X+

T=C~1tg

Moreover, notice that at step ¢ 4 1, since

< the error term |E(t + 1)| =

1 1
t+1— T1=1+C71t0 1I14(d)
|[A(t+1)—In(C(t+1—T11)+1t0)| < O (1n4(d)> ZHI__T“—FC o 1. which finishes the inductive

7=C 1t0
step.
O
LanmaEs.wmhpnwathatkanl-O(K%gﬁiﬁ).ﬁwaute[oza]auce[kg
AAf?M__®<],>
AT, ki)
92)
A*(f) 1
+,c,m*
) © (> :
AL i k.
The same identity holds for the “—"-classes.

Proof. The statements in the lemma follow trivially from Theoremfor time period [0, Tp]. Let
us focus on the phase [Ty, T1].

In this proof, we condition on the high-probability events of Lemma[E.4]and Lemma[E.2]

First of all, based on Lemma we know that s*Ai(’tr)*
use of this fact later.

Sjoyv+))g O(In(d)). We will make

Base case, t = Tj.
The base case directly follows from our Theorem [D.T]
Induction step, assume statement holds for 7 € [Ty, t], prove statement for ¢ + 1.

By Lemmal[E-2] we know that
AL,

_nZexp{ (L s VT E s <1i0<1n51(d)>)

) } 93)

* *(0
X (AJF(:?* S+( )(v+,c)

*(0
O ﬂ+A+”
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and for any ¢ € [k4],

*(t)
AAY e
=nexp{ — (1457131 1s* <1 +0 (;))
In®(d)

x (439. 5 (w.)

) } (94)

x [1/3,1](1 + s*~1/3) s:P (@io( (d))>,

510 wa)| + 4712,

Relying on the induction hypothesis, we can reduce the above expressions to
*(t)
AAY -

_nzexp{ @ IE (120 () ) (120 (i )) i
x [1/3,1](1 £ s*~1/3) s” <\/F:|:O( 1 ))

2%, P %(d)
k+

Si(o) ('U+)‘ }

—exp { — (s RS (1 +0 (

*

S
2P’

Si(o) (v+)‘ }

x ©(1) x

95)
and for any ¢ € [k4],

*(t
AA-F(,C),'P*

— eXp{ — (15T EL (1 +0 (1n51(d))> (1 L0 (é)) A0,

*

S
2%, P

S—T—(O)(v-‘r)‘ }

x O(1) x
(96)

By invoking the property that s

i(o)(m)‘ < O(In(d)), we find that for all ¢ € [k],

AArt | 1 1
Slrer _ )i AT, | 520 <O ( )
A, ( 5<d>> ) k

ofat) (2
()

Therefore, we can finish our induction step:

AL A*(‘QT* +aarty | A A 1
*(’tjrl) - () ’ (1) (1) - k. (98)
AT A LAY 9 (k) x (452, + aa,) +
O
Lemma E.6. Let Ty be the first point in time such that either S*A*(t) Si(o)(v+)’ > Q1) or
S*A*_(?* Si(o)(’v_)‘ > Q(1). Then for any t < Ty,
A*(t)
= =0(1) (99)
*(t)
A,
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and for any t € [To, T1],

A a0, 1
T s . 100
A A <ln(d)> (o

*
—,r

Proof. This lemma is a consequence of Theorem[D.T} LemmdE.2]and Lemma [E-4]

A*(t)
Due to Theorem | we already know that A*('” = O(1) up to time Tj. In addition, with Lemma
+

E.2| we know that before S*Ai(t) Si(o) (vy)

¢
\T

> (1), the loss term (on a +-class sample) 1 —

loglt(t) (Xy(f)) = O(1) (the same holds with the class signs flipped), in which case it is also easy to
*(t)
derive i*(” = O(1) by noting that the update expressions AA*_(;)* /AA*(t) =0(1).

r* T

Beyond time T(1), by Lemma we know that s* A*+(tr)
Si(O) (UJF) )

510 (w5 |51 0| <
s*A*_(fT) ‘Si(o)(v,)‘ > (1) beyond

1529 (v ) 1
157 (v)] —1=0 (hv“’(d))

from Proposition[T] the rest of the lemma follows. O

O(In(d)). With the understanding that S*Ai(fr)*

To(1) due to the monotonicity of these functions, and the property

Lemma E.7. With probability at least 1 — O (7'LNPk+t>, forallt € [0,T1] and all (+,7) €

poly(d)
S1%(wy),
Ab(t)r 1
A (5 ) (101)
AAY, In”(d)

The same holds with the +-class sign replaced by the —-class sign.

Proof. Choose any (+,7) € S (0)( +)-

The statement in this lemma for time period ¢ € [0, Tg] follows easily from Theorem and its
proof. Let us examine the period ¢t € [T, T}].

Based on Lemma|E.2|and its proof and LemmaE-5] we know that for ¢ € [Tp, T1], with probability
atleast1 — O (M),

poly(d)
®)
AAD,
1 L) | o
—nexp { — (1531 +E, (1 +0 (1 d))) (1 +0 (k» s AL, +(0)(v+)‘ }
+
. N ) ( x(t)
(X5
(1:‘:8* 1/3)8 (\/1:|:L:|:O< ))Z {yn— teXp(tf( - )) -
-t exp (FOX) - PO (x)) +1
(102)
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Furthermore,
NG

1aw Y, s
In® (d)

lnsl(d)exp{ — (ks3I EL (1 +0 <1n51(d)>) (1 +0 (;)) s A,

i(o) (’U+)’ }
. (&) x (1)
s exp(F ( n ))
NP (1iLi ) E Ky, = Gy (1) ()
exp (F, (Xn7) = F7 (X )> +1

(103)

-n

(li *— 1/3)

With the understanding that S*A:_(?

exp(FO (X))
exp (P (x(0)-F{" (X)) +1

i(o) (v+)‘ < O(In(d)) from Lemma [E.4|and the fact that

= O(1), we have

N
AA(t)

e ol
- <1“5 ) > <1 =0 ()
- (wa

Si(O)(v‘f')’ } (104

®

O

Lemma E.8 (Probability of mistake on hard samples is high). For all t € [0,T3], given a hard test
sample (Xhara, y),

P [F{7 (Xnart) < Y (Xara)| = (1), (105)

Proof. We first show that at time ¢ = 0, the probability of the network making a mistake on hard
test samples is (1), then prove that for the rest of the time, i.e. ¢ € (0,77], the model still makes
mistake on hard test samples with probability €(1).

At time ¢ = 0, by Lemma[H.3| we know that for any r € [m], with probability (1),

(W), ¢*) > Qogoe-vd) > Qogpolyln(d)) > © (00 1n(d)) . (106)
Relying on concentration of the binomial random variable, with probability at least 1 —e~?(®olyIn(d))
S (<wa,c*> + bf},«) > Q(mogoe-Vd), (107)

r=1

which is asymptotically larger than the activation from the features, which, following from Proposi-
tion is upper bounded by O (00 ln(d)s*dCO). The same can be said for the “—” class. In other

words,
F(O) (Xhard) - FiO) (Xhard) >0

{ZM O+ > 04w, ¢

r=1

(108)
m

= u{@? ¢y 460, > 03wl *>}<1io<1>>>o

r=1
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which clearly holds with probability €2(1).
Now consider ¢ € (0,T1].
During this period of time, by Theorem and Lemma we note that for any ¢ € [k4]

and (+,7) € STy .), ACY ~ Ao, agg 1), with o—“ e (AAQC,M/Q,?; <>
. #(0) . ) /2kJr
The same can be said for (+,7) € S,"/(vy), although with the AAL" factor re-

placed by AA(t) ‘/5*2N' Also from the proofs of Theorem and Lemma and using
the property |Z/{ior| < O(1) from Proposition |1} we know that for all neurons, the updates

to the neurons also take the feature-plus-Gaussian-noise form of Zv, cu(©® c® (v)v + AC_(:)T,
+.7 ’

with ¢®(v') < (1 +0 (ln"(d))) AAE?M if v/ = v, . for some ¢ € [ky], or c)(v') <

(1 +0 (ln"( D )) AA&:,T if v = v, (because the v’ component of a v’-singleton neuron’s update

*NUC> +

0'() otherwise, if Z/{i - only contains the fine-grained

is already the maximum possible). Moreover, if v € Z/{J(r - then O’X)C <0 (AA "

*N

features, then O’X)@rm <0 (AAS?C T\/ﬁg{)

With the understanding that only neurons in SZ(,O) (vy) and S?SO) (vy,c) can possibly activate on the
feature patches of a sample when ¢ < T’ (coming from Theorem [F.I)), we have

0 (AA@C o Lo ) <0 (AA Y

F.E.t)(Xhard) < Z Z < wsro)r—kZAer V1w o+ ) +b(t) )

(+1€8Y (vy o) PEP(Xnard; V)

t—1
+ Z o ((wf)r + Z Awﬁf}, ¢+ bgf?T)

re[m] 7=0

f Y Y <w+, ZAwgz, . +¢p>+b<t>>
)

(+,m)€5'” (v_) PEP (Xhuaiv—
(109)
To further refine this upper bound, we first note that with probability at least 1 — O (%)7 the
following holds with arbitrary choice of (+,r*) € Ssro) (Vge):

’U+c

2 > ZAwﬂ,@vﬂwxo(

(+.1)€SS (vy,0) PEP (Xiaaive) =0

ZAA+CT*>

(110)
Invoking Lemma we obtain (for arbitrary (4, r*) € Sf)(v+)):

(Ve

2 > Zﬁwﬁa@m&gwo(s

t—1
DEN
(+)T)€S_('—0)(v+,c)pEP(Xhard;U+yc) =0 =

(111)

Let us examine the term }_, (1 0 ((wf)r + Zt;:% Aw(f’)r7 ¢*) + bgf?r) more carefully. First of
all, denoting Sf) = f;le) (V1)U Uf;lsf)(v_,c) U S_(E)(v+) U Sf)(v_), neurons (+,7) ¢
SSFO) cannot receive any update at all during training due to Theorem Therefore we can rewrite
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the term
3 o (s S au g ot
re[m]
(112)
0 B 0 0
S ( s s b$3r> Y o (e +i0)
(+r)esy (+.m)gs(”
Relying on Corollary [FT.1] we know
= olyln(d)
Yany) < Z (p ' >]< w7 (113)
7=0
Therefore, we know that for r € [m],
t—1
S (aw) ¢y + b0 <0 (114)
=0
As a consequence, we can write the naive upper bound
R (IR SECCRREY
re[m]
(0) * 0 0 * 0
< > o (<w+,m ¢+ b&,)r) + > o ((wi,)w ¢+ b&,)r) (115)
(+,r)es? (+,r)¢s
=5 o (¢ +50)
re[m]
Additionally, due to Theorem [F.I] (and its proof), we know that
S S S S L
(+,)€5 (v_) PEP (Xhara;v-) (116)
< 3 S (@ afoo+¢)+0))
(+,)€5 (v_) PEP (Xhara;v-)
It follows that
F_g_t) (Xhard)
t—1
1 * T
<0 (,@+ ERICTRIDY AA&%) 3 S [l VTEw .+ G)
7=0

(+,7)€S ) (vy,c) PEP (Xnuraiv+,c)

0 0 0
+ Y o (@)Y > o (@ aju+¢)+f))

e m] (+7T)esf)(’v7)pEP(XharM'U—)
(117)

On the other hand, for the “—” neurons, denoting 5'” = U];LS(_O)(U+,C) U UICC;IS(_O) (v_¢) U
SO ) usV(w.),

FOXg) > Y 3 ( <0,T+2Aw,r, ;,v_+<p>+b$;)

(“r,’l‘)ESi(O) (’U,) peP(Xhard;U )

Y (@) +0).

(+m)gs?

(118)
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note that the last line is true because neurons outside the set S'° cannot receive any update during

training with probability at least 1 — O (mp];;i’;)*t> due to Theorem Estimating the activation

value of the neurons from Si(o)(v,) on the feature noise patches requires some care. We define
time ¢_ to be the first point in time such that any (—,7*) € 5 (v_) satisfies Zi‘:o AA(_TV)M >

00 In°(d), and beyond this point in time, i.e. for ¢t € [t_,T}], the neurons in 5O (v_) have to
activate with high probability, since

(0 ) — 71 oo In® n* — o n
,T+2Aw,m v G+ = (120 (1 ) ) o)/ () = Ot /)
>0.
(119)

Now we can proceed to prove the lemma for ¢ € (0,73] by combining the above estimates for
F{? (Xara) and B (Xiana).

For ¢t € (0,t_], relying argument similar to the situation of ¢ = 0 and the fact that m — |S£0)| =
(1—o0(1))m,
{ S 1w, ¢ +09, > 0w, ¢
(+r)gst
o (120)
—Z]l{ w’), 0> 0hw), ¢) b1+ o(1)) >0
- FE)(Xhard) - F.E-)(Xhard) >0
which has to be true with probability Q(1).
On the other hand, with ¢t € (¢_, T1], we have
Fﬁt) (Xhard) - Fj(Lt)(Xhard)
t—1
1
> 1-0 st157 P (w_)|AAT). — O(00y/In(d
{2_2( (1)) 15" @184~ Oleointa)
1 t—1
* 0 T
-0 (ks 59wy ) ZAALL) }
+ 7=0
+{ T 0(< © >+b<°>) 3 3 ‘<w$17\/1iw+,c+cp>
(+m)gs? (+7)€8( (v o) PEP Kiaraivc)

Y (@) Y Y o (w®al +cp>+b“”)}

retml (+,r)€S<+O)(v_) PEP (Xhara;v—)
(121)

Let us begin analyzing the first {-} bracket.

By Propositionlwe know that ’S ( ’ = (1+£0(1/In°(d))) ’Sf)(v+7c) , and by Lemma
we know that AAS_T)T* < O(In(d)A A(_)T, ), therefore,

L. (7) n(d) SOy
0 (hs ) ;)AA+7T*> <0< T ’ZAA_ )

_ 1 11¢*(0) (r)
(122)

0
-(i-)('U+,c
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Therefore, we obtained the simpler lower bound

Fit) (Xhard) - Fj_t) (Xhard)

2{ $ U(<w<_o)>” *>+b(+0,)r) _ 3 3 ‘(wgﬁ)r,\/liLU.,.,c-f—Cﬁ
(

+,r) g5 (+,7)€5'” (vy,) PEP (Xnaaiv )

Y (). XS a(wlhefe i) |
r€[m] (+,1)€8 (v_) PEP (Xhara;v—-)

(123)

which is greater than 0 with probability 2(1) (by relying on an argument almost identical to the

t = 0 case again, and noting that m — |S(,O)| = (1 — o(1))m). This concludes the proof.
O

Lemma E.9 (Probability of mistake on easy samples is low after training). Fort € [T1 1,T1], given
an easy test sample (X qsy, ),

P [Fy<T>(me) < F{D( me)] < o(1). (124)

Proof. Without loss of generality, assume the true label of X,y is +1. Assume ¢ > T7 ;.

Firstly, conditioning on the events of Theorem the following upper bound on r® (Xeasy) holds
with probability at least 1 — O (%):

pol
FOXag) = 30 S o (W VTEws + ¢ +0,)
(—,7‘)68(70)('v+)pEP(Xeasy§U+)
D SR DR (G = R RN
(—,T)EST)('UJFYC)pelp(xeasy;v%c)
< ) S o (WO VT E W+ ¢) +0) 125)
(—m)€SD (vy) PEP (Xeasyiv )
I S o (@ VT + ¢+ 1)
(=) €SP (vy o) PEP(Xeasyivc)
<O (s*d“oy)
<o(1),
and on the other hand,
F) (Xaw) > Y S o (@l VTEw )+,
(+,T‘)ES:>(0) (v+)pe’P(Xeasy'-,v+)
+ > S o (Wl VTEw .+ g +0l) (120
(+,1)€57 P (v o) PEP (Xeasyiv )
>Q(1).
Therefore, FJ(:) (Xeasy) > Fit) (Xeasy), which completes the proof. O

Lemma E.10 (Jr. & John W. Wrench! (1971)). The partial sum of harmonic series satisfies the
following identity:

n—1 1 1
;E:IH(n)Jré'f%fen (127)

where & is the Euler-Mascheroni constant (approximately 0.58), and €,, € [0,1/8n?).
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F COARSE-GRAINED SGD, POLY-TIME PROPERTIES

In this section, set T, € poly(d).

Please note that we are performing stochastic gradient descent on easy samples only.
Theorem F.1. Fixanyt € [0,T,].

mk+NPt
poly(d) ) 4
feature v € {vy . f;l U {v,’c}lz;l U{vy,v_}anyt’ <t (+,7) ¢ Sf) (v) and v-dominated

patch sample a;S[,), = ag,]))v + Q(Z,),, the following holds:

1. (Non-activation invariance) For any T > t, with probability at least 1 — O (

o ((wfz, x4 b(j/l) =0 (128)

P

2. (Non-activation on noise patches) For any T > t, with probability at least 1 — O (;”og(fg), for
(r) _ #(7)

everyt' <t, r € [m] and noise patch xy., = (n.p, the following holds:

o ((wfz, x4 b(j:)) =0 (129)

P

3. (Off-diagonal nonpositive growth) For any T > t, with probability at least 1 — O (mk+NPt),

poly(d)
Sforany t' < t, any feature v € {0_70}5;1 U{v_} any (+,7) € SS_O) (v) and v-dominated patch
2l = allo + ¢ o (w2 +61)) <o (), 2ll)) +L)).

Proof. Base caset = 0.

1. (Nonactivation invariance)

Choose any 7 > 0, v* from the set {U+,c}]§i1 U {'v,_rc}f;l U {v,v_}. We will work with neuron

sets in the “+4” class in this proof; the “—"-class case can be handled in the same way.

First, we need to show that, for every n such that |P(X,(LT); v*)] > 0andp € P(X,(LT); v*), for
every (+, ) neuron index,

/ 1
(w(”),,v*) < oov/A+ 2co, /In(d) — @) = o ((wf,)r, z{7)) + b(ffr) =0 (130)
n

This is indeed true. The following holds with probability at least 1 — O ( mNF ) for all (+,7) ¢

poly(d)
Sf) (v) and all such &\ ):

(w2 + b <oov1+ L\/ (4 + 2¢0)(In(d) — 1/1n°(d)) + O (1113(()@5)) — VA 2co/In(d)og
)

(4 + 2¢0)(1 + ¢)(In(d) — 1/1n°(d)) — (4 + 2¢o) In(d) i ( 1 )
:0’0 9
V(@ + 200)(in(d) — 1/ I0°(d)) + VAT 260 /In(d) In”(d
o (4 + 2¢o)eIn(d) — (1 +¢)/1In°(d) Lo ( 91 )
V(@ + 260)(n(d) - 1/ In°(d)) + VAT Zeg/In(d) In”(d)
<0,
(131)
The first equality holds by utilizing the identity a —b = ai;gz . As a consequence, U((Mf}r, w$171)7> +

) =o0.
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2. (Non-activation on noise patches) Invoking Lemma[H.3] for any 7 > 0, with probability at least

1-0 (pmol?g dl ) ) , we have for all possible choices of r € [m] and the noise patches a:%,), = %T,),
( dIn(d)) <O ( 9 ) < b 132
wy ., G, n -
‘< +,r ( )) 1 9( l) +, ( )

Therefore, no neuron can activate on the noise patches at time ¢ = 0.

3. (Off-diagonal nonpositive growth) This point is trivially true at ¢ = 0.

Inductive step: we assume the induction hypothesis for ¢ € [0,7] (with T" < T, of course), and
prove the statements for ¢ =7 + 1.

1. (Nonactivation invariance)

Choose any v* from the set {v c} U, c} —, U{vy,v_}. We will work with neuron sets in

the “4-” class in this proof; the “—”-class case can be handled in the same way.
We need to prove that given 7 > T + 1, with probability at least 1 — O (%) , for every
t' <T+1, (+,r) neuron index and v*-dominated patch 335:1)),

(+.1) ¢ SOw) = o (<w$f> )+l >) —0. (133)

Conditioning on the (high-probability) event of the induction hypothesis of point 1., the following
is already true on all the v*-dominated patches at time ¢’ < T

(+.1) ¢ SPOw") = o (<w$2,w<T>> +o >) —0. (134)
In particular, o ((w(fl, > b(T)) —0.

In other words, no (+,r) ¢ SS_O) (v*) can be updated on the v*-dominated patches at time ¢t = 7.
Furthermore, the induction hypothesis of point 2. also states that the network cannot activate on any

noise patch m%Tg = (T) with probability at least 1 — O (mN L T) . Therefore, the neuron update for

poly(d)
those (+,7) ¢ S(O)(v ) takes the form

Aw'") = Z Z]l{|73 (XD:v)| > 0}1{y, = +} — logit!" (X (D)]
vEC(v*)n 1 (135)
<Y el + D)+ 60 > 0} (oo +¢1)
peP (X5 v)

Now we can invoke Lemma |[F.2| and obtain that, with probability at least 1 — O (ggl]y\gg) ) , the fol-

lowing holds for all relevant neurons and v*-dominated patches:

(Aw) 20y + A" < (136)

In conclusion, with 7 > T'+ 1, with probability at least 1 — O (pol d)) forevery (+,7) ¢ S(f) (v*)

and relevant (n, p)’s,
() + dw{) a7) + 50 + 260 = (T e) 450 <0, a3

which leads to <w$2,7m£f,),> + bgi < 0 for all ¢ < T + 1 with probability at least 1 —
mky NP(T+1)

0 ( poly(d)

the inductive step for point 1.

) (also taking union bound over all the possible choices of v*). This finishes
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2. (Non-activation on noise patches)

Relying on the event of the induction hypothesis, for any 7 > 7T, the following holds for every

r € [m] and noise patch z7), = ¢{7),

(w2 + ) <o (138)

n

Conditioning on this high-probability event, this means no neuron wS_T,) can be updated on the noise

patches. Denoting the set of features M = {v+7c L U{o_, c} —, U{vg,v_}, forevery r € [m],
its update is reduced to

AT~ 5™ 3 (P00 > 0} =+ oD (X))

veMmn=1 (139)
<Y e+ )+ 40 > 0} (v +¢0).
peP(X\";v)

Invoking Lemma[F3] we have that, for any 7 > T'+1, the following inequality holds with probability

atleast1 — O (}Tﬂ]y\zp)) for every r € [m] and noise patches,

(Aw) 20y + A < (140)

Consequently, for any 7 > T + 1, the following inequality holds with probability at least 1 —

0 (%) for every r € [m] and noise patches w;,)) = (T,))
(") + 2w 20y + 6+ Ab) = (w20 + 6T <o (141)

This finishes the inductive step for point 2.

i . ke
3. (Off-diagonal nonpositive growth) Choose any v* € {v_} U {v_ .}._;.

Choose any neuron with index (4, 7). Similar to our proof for point 2., we know that its update,
when taken inner product with a v*-dominated patch a:ff,), =v1tw*+ Cn .p» has to take the form

(Aw(") VT +¢)
N
77 .
= ST S P 0)] > 0} 1y = +} — logit (X (7))

vEMn=1
< > @) aDv+¢D) +b) > 03D + ¢ VT E w* + ()
peP(X" )

N
77 .
=S PO 0)] > 0} = +} ~ logit " (X ()
veM—{v*} n=1

< W alhu+ D)+ > 03 (¢ VIEw) + (@lfv+¢.¢0)

peP (X" )
77 N
T
— wp 2 HIPX:0%)] > 0} logit " (X))
n=1
x oy 1{(w!"), af; Do+ ¢ +b(+T’2, > 0HaDv* + ¢, VI £ w* +¢7)
peP(Xw

(142)
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With probability at least 1 — O <pcfl\;1(9d)>’ (aggv* + Cr(g;)),\/lztw* + Cr(f;),> > 0, and

( 7(,7;7), V1£w*y + (a%Tgv + Cnp,Cn p) < O(l/ln d)). Therefore,

<Awf:2,v*> <1 Z Z 1{|P(XD;v)| > 0}[1{yn = +} — loglt(T)(Xﬁl N

NP
veEM—{v*} n=1 (143)
1
< > @) aDv+ D)+ b > o}o( - )
In”(d)
peP(X; 1w
Invoking Lemma[F.3] we know that
i)
1 n 1
<_ S
=" W’(d) NP ( ' 1n9(d)>
N
x ( >3 LIPX:0)] > 0} [L{yn = +} — logit!” (X (") (149
veEMn=1
X el 20
pEP(XSiv)

It follows that
<A’wf’z, V1+w* + CSZQ) + Abgz

N
o) ( : > N17P< S S H{IPX D 0)] > 0}[1{y, = +} — logit! (X (7))

9
In”(d) veEM—{v*} n=1

x> @) aDv+ ¢ >+b£??>0}>

peP(X";v)

-0 <ln > < Z ZI‘HP XM )| >0} ’IL{yn +} - loglt )(X7(1T))

vEMn=1

<> 1wl <T>v+cnp>+bw>0})

peP (X v)
<0.
(145)
Consequently,

o (w0 VTEw + ¢y + o)
U(<w+“ T + ¢ + 0+ (Aw(!), VTEw" + () + A7)

(146)
J (<w+ r 1:|:L'U —|—<(T)> +b3»7:7)n)
<o (Wl VTEw +¢) +00))

0

Corollary F.1.1 (Bias update upper bound). Choose any T, < poly(d). With probability at least
1-0 (M),for allt € 0, T,], any neuron w ., and any v € Z/lio)r

poly(d)
Iyln(d) )
A < —Q (”") ] Aw() ¢
+,7 1n5(d) < +,7r >

(147)
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Proof. Conditioning on the high-probability events of Theorem [FI] above, we know that for any
neuron indexed (+, 7), at any time ¢ < T, its update takes the form

Ml =35 2 S A{POXO; )] > 01y =+~ logitV(X)]

(0)n 1

veu (148)
x 3 @l ale+ )+ 50 > 0} (e + 1),
PEP(X) v)

. ey 1
It follows that, with probability at least 1 — O (W) ,

n
[EANSIE Y S 1IPKL: )] > O34y, = +) ~ logit) (X{)
’UEM(O) n=1
< Hwale ) 4ol > 0} el +¢.¢)
PEP(X ) (149)
. ®). (O x (0
S S POl > 0 [ =+ T (X0
vEZ/I(U) n=1
0 (1) 0 1
1 b
x> 1w, al v+ ¢+ > 010 (polyln(d))
PEP (X 50)
On the other hand,
2t 2| ¥ S IR0 > 0, =+ — o X0
veM(U_) n=1
X Z ]1{<w$)r, a(t) v+ C(t) )+ b(t) > O}QS’)pU
peP(X ) 2
N
- S S H{PX D5 0)] > 0HI{y, = +} — logit} (X))
vel/lf’)rnzl
x>0 ! alle )+l > 05,
pGP(Xflt)'v) 2
. . ) (x (0
S S S IR0l > 0 1 — +} — gl (X))
vEl/{(O) n=1
1
<3 1w, av+ D) + b > 0} <\/1 —1-0 <1 5 >)
pE’P(Xth),’U) n ( )
(150)
Clearly,
HAwﬁ}r =0 (polyln(d) ‘(Awﬂf?r, ") ) (151)
The conclusion follows. O]

Lemma F.2 (Nonactivation invariance). Let the assumptions in Theorem[D1| hold.

55



Under review as a conference paper at ICLR 2024

Denote the set of features C(v*) = {v+,c}§;1 u {v_,c}lg;l U{vs,v_} — {v*}. If the update term

t .
for neuron wsr)r can be written as follows

Aw), =< Y Zn{m X5 0)] > 0}[1{yn = +} — logit? (XP)]
vEC(v*)n 1 (152)
< @l alfu+¢) 6 > 0} (el + <),
peP (X v)

then given any T > t, the following inequality holds with probability at least 1 — O (pol}(d) ) forall

v*-dominated patch ar:g])7

(Aw? 20y + AP < (153)

Proof. Let us fix a neuron w. , satisfying the update expression in the Lemma statement, and fix
some 7 > t.

Firstly, the bias update for this neuron can be upper bounded via the reverse triangle inequality:

® H “’(ﬁ)r
BT
1 .

S-S S L{PXD; )] > 0HL{gn = +} — logit? (X )]

) vel(v*) n=1
X Z ]l{<w5:)ra (t) 'U + C(t) > + bgty,)ﬁ > O}Oéglt,)p’lj (154)
PEP(X ) v) 2

> Z 1{|P(X";v)| > 0}[L{yn = +} — logit? (X )]

veC(v*) n=1

<Y 1w, av+ ¢y + b > 03¢,

peP(X5v)

2
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Let us further upper bound the two || - ||2 terms separately. Firstly,

N
> D HIPX0)] > 0H1{yn = +} - logit!” (X ()]

veC(v*) n=1

x>0 Ml alfu+ )+l > 0jalv

peP (X v) 2
N
=y Zn{w XO:v)| > 0}[1{y, = +} — logit ) (X V)]
veC(v*)

x Z {(wg),, thpv + ¢ t) > + b t) > O}a(t
peP(X(” v)

2

> Zﬂ{“) (X5 |>0}‘1{yn +} — logit” (X(t))‘

veC(v*) n=1

< S ), alv+ W)+ 0 > 0}al), v,
pGP(Xn V)

=23 Zﬂ{w D50)] > 0} |1{yn = +} — logit (X (1)

veC(v*) n=1
x> 1w, 0w+ ¢ + b > 03I
PEP(X " v)

. .y NP
Secondly, with probability at least 1 — O (W) ,

) Zn{m v)| > 0}[1{yn = +} — logit?? (X ()]

veC(v*) n=

<3 1w, av+ ¢y + b > 03¢l
pGP(Xm')

2

<y Z H{IP(X;w)] > 0} [1{yn = +} — logit!? (X))
'uEC(v yn=1
x> ) ale+ )+

peP(X ;)

N
> Y HIPXPs0)] > 0} [1{y, = +} — logit (X(1)

vel(v*) n=1

<3 {@! el e+ )+ > 0}
peP (X ;v)

In”(d)
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Therefore, with probability at least 1 — O (£> , we can bound the update to the bias as follows:

poly(d)
A,
1 n 1
< (VI ——
= 1n5(d)NP< ' 1n9(d))
N
( > Y HIPXP50)] > 0} [1{y, = +} — logit (X (1) (157
veC(v*) n=1

<Y 1w, S,Lv+c£€;>+b£fz>0}>

peP(X5w)

Furthermore, with probability at least 1 — e~ 2(A+0(n(d) 5 1 _ O (%), the following holds
for all n, p:

1
t (1) T
(0, €, (G105 adl)v™), (€1, ¢ < O <lng(d)>. (158)
Combining the above derivations, they imply that with probability at least 1 — O (P 01]\; ( d)) for any

") dominated by v*,

(Aw@r, (7)) + Ab

n,p

<Aw(j),, (N +CT>>+Ab“)

np

5 O ZM\P ;0)| > 0}[1{y, = +} — logit (X )]

'UEC 'u* =
< 3 1w, av+ D) + b8 > 0} alw + ¢, ol vt + ¢ + AbY,
pep(x,i),v)

Z Zw v)| > 0}[1{y, = +} — logit? (X))

'UEC
x> 1!, <t>v+c<t>>+b£fz>0}(< 00,570 + (¢, alTo) + (60, <)
peP (X v)
+AbY,

N
n (®), — 4} —logit(x®
<5 30 Y HIP(XY0)] > 0} 1ya = +} — logi (X))

veC(v*) n=1

< Y 1w, av+ D) + b8 >0} x 0 (
PEP(XL;v)

NP(( )) 1n1(d)(m_ln91(d)>)

’(d
N
( Z {|P(XD; )| > 0} ‘]l{yn =4} - IOgltS:)(X(t))’

+ ALY
1n9<d)) o

; L) a1 ¢0) 1 50 o})
peP (X v)

<0.
(159)
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This completes the proof. O

Lemma F.3 (Nonactivation on noise patches). Let the assumptions in Theorem[D.1| hold.

Denote the set of features M = {vy 3+ U{v_ Y2, U{vy,v_}. If the update term for neuron

'wgr), can be written as follows

awl), =1 Z Z L{|P(XP;0)| > 0}[L{yn = +} — logir} (X )]
veMn 1 (160)
% Z {<w5:)r7 (t) ) v+ C(t) )+ b ) >0} ( (t) )+ CT(H)) ,
peP (X v)
then
AbY),
I
<- —— (V1I-—1—
=7 d)NP( ‘ 19(4))
N
X<§:XNMPXS7I>@ﬁwW=H logit'!) (X1)| (e
veEMn=1
< 3 1w, av+¢0) + b > 0}).
PEP (X 50)

Moreover, for any T > t, the following inequality holds with probability at least 1 — O (poly(d) ) for

all noise patches m% ;) (Tz))

(Aw,, (7)) + A, < (162)

Proof. Similar to the proof of Lemma[F2] we can estimate the update to the bias term

A,
1 n 1
< Y e ——
=" WS4 NP < ' 1n9(d))
N
x ( > > HIPXDO:0)| > 0} [L{yn = +) — logit (X)) (163
vEM n=1

<Y 1w, S,Lv+c;€>>+bt>>0}>

peP(X5v)
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Then for any @{), = ¢\7) with 7 > ¢, with probability at least 1 — O (7;"0&5) ) ,

(Aw, $;>>+Ab<t?r
=(Awl, g )+ A,
== > Z L{|P(X{";v)| > 0}[1{y, = +} — logit!” (X))
vEM n=1
<Y 1w, el + ¢ + 60 > 03 ol + ¢, ¢ + AbY,
pe’P(XW )
=NP 2 S L{PED: )] > 0} L = +} — logit) (X))
vEM n=1
x> @, alu+ ¢+ > 0} (0l ¢0) + (¢, <)) + b,
peP(Xff),v)

<Ni Z ZM‘P ;v |>O}’]]-{yn—+} loglt(t)(X(t))’

vEM n=1
1
X Z ]1{<w$)r, a(t »U + c(t) )+ b . >0} x0O ( (d)) + Ab(t)
PEP (X))

P( ( 1<d>>_1n51<d> (“ﬁ‘ln‘j(d)))
(Ziw X{0:0)] > 0} |1y, = +} — logit? (X))
M
2

X 1{(w, a® v+ ¢H) + o) > 0})
peP(X;v)

<0.
(164)
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G FINE-GRAINED LEARNING

This section treats the learning dynamics of using fine-grained labels to train the NN; the analysis
will be much simpler since the technical analysis overlaps significantly with that in the previous
sections.

The training procedure is exactly the same as in the coarse-grained training setting. We explicitly
write them out here to avoid any possible confusion.

The learner for fine-grained classification is written as follows for ¢ € [k, ]:

my c P

F+c Z a+crz (Wi ,crs Tp) + bt er), CE (k4] (165)
p=1

with frozen linear classifier weights a ., = 1. Same definition applies to the — classes.

The SGD dynamics induced by the training loss is now

N
1 .
w(fgl} = w(f?m + Unge E <Il{yn =(+,¢)}1 - loglt(i’)c(X,(f))] E (<w$)C s ( ) v+ b(t))x( )p-i-

n=1 pE[P]

L{yn # (+,¢)}-logit? (X)) Y o' ((w, . z),) + b)) @p)

pE[P]
(166)
The bias is manually tuned according to the update rule
|Aw?,, [
bt =0, - et 167
+,c,r +,c7 In® (d) ( )

We assign m . = O(d'*2%) neurons to each subclass (+,c). For convenience, we write m =
dm+ c-

The initialization scheme is identical to the coarse-training case, except we choose a slightly less
negative bgor = —0pv2 + 2¢p/In(d

The parameter choices remain the same as before.

G.1 INITIALIZATION GEOMETRY

Definition G.1. Define the following sets of interest of the hidden neurons:
LU, ={vev: @l v) > ooy2+ 20, /In(d) - g}
2. Givenwv €V, Si()? (v) C (+,¢) x [m4 ] satisfies:

(a) <w$)“, > > ogvV2 + 2c¢9 ln(d) + n%u)

(b) Vo' e Vsit. v’ L v, <w+cr, v') < 00v2+ 20, /In(d) — 1=

3. Givenv €V, S_(,'_O’)C(’U) C (+,¢) X [m4 (] satisfies:

@ (W, v) > 00v2+ 20, /In(d) — s

4. For any (+,¢,1) € S+((Z),eg (+,¢) x [my o]

@ (w!”,,,v) < 0ov10y/In(d) Yo € V
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(0)
o) [ul),,

<0(1)
The same definitions apply to the —-class neurons.

Proposition 2. Att = 0, for all v € D, the following properties are true with probability at least
1 — d2 over the randomness of the initialized kernels:

1810800 = 0 (e ) ao

15,901 4| _ o (ﬁ) and =0 (1n51(d)

155 (1)
{(+,¢) f;l u{(-, c)}](f;1 and common or fine-grained features v, v’.

15 (v)]

e — 1
ERRICA]

)for any y,y’ €

2. In particular,

3. S-(l?)c7eg [m+ C]

The same properties apply to the —-class neurons.

Proof. This proof proceeds in virtually the same way as in the proof of Proposition|[I] so we omit it
here. O

G.2 POLY-TIME PROPERTIES

Theorem G.1. Fix anyt € [0,T.], assuming T, € poly(d).

1. (Non-activation invariance) For any T > t, with probability at least 1 — O (mp]ijy](\;ft) for any

feature v € {v4, C} S U{o_, c} U {v+,'u L, for every t' < t, (+,¢,7) ¢ Sf)c(v) and
v-dominated patch sample :1:5:1); = ozg,),'v + Cn .p» the following holds:

o (i), 20y +bl),) =0 (168)

2. (Non-activation on noise patches) For any T > t, with probability at least 1 — O ([’Zg’(];)t), for
()

every c € [ky], v € [m] and noise patch xy, ), = nyp, the following holds:

o (W) +60,) =0 (169)

3. (Off-diagonal nonpositive growth) Given fine-grained class (+,c) and any T > t, with prob-

ability at least 1 — O (%) for any t' < t, any feature v € {v_, c} —,U{v_}u
(r) _ (™) (1)

{v4 ¢/ }erste, any neuron wy ., € Si )c('u) and any v-dominated patch y.p = anp + Cn.p,
t T t 0 T 0
o () 2T 60, ) <o (@l o) 40 ).

Proof. The proof of this theorem is similar to that of Theorem[F1] but with some subtle differences.
Base case ¢ = 0.
1. (Nonactivation invariance)

Choose any v* from the set {v+7c}l§;1 U {v_,c}lz;l U {v4, v_}. We will work with neuron sets in
the “+” class in this proof; the “—"-class case can be handled in the same way.

First, given 7 > 0, we need to show that, for every n such that \P(X,(f); v*)] > 0and p €
P(Xn Sp v*), for every (+, ¢, ) neuron index,

<w(+m ><UOV2+QCO\/T wﬁw, x, >+b+cr)=0 (170)
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This is indeed true. The following holds with probability at least 1 — O (poly( d)) for all (+,7) ¢
Sfro)('v) and all such 7 ):

(w20 + 00 <oV L\/ (2 + 2¢0)(In(d) — 1/In°(d)) + O ( ) — V2 7+ 2c0y/In(d)og

”(d)
(2+2¢0) (1 + )(n(d) — 1/ I0°(d)) — 2+ 2e0) In(d) . ( : )
@+ 20)In(d) - 1/ 10°(@) + VAT 2y m@ '@

:0’0

(2+2e0)(Ind) — (1 + 0/ W) (1)
J@+2e0)nd) - /(@) + vIF 2@ (@)

<0,
171)

The first equahty holds by utilizing the identity a—b = (<wSr )c s acq(f,)»
b =

2. (Non-activation on noise paiches) Invoking Lemma [H:3] for any 7 > 0, with probability at least

1-0 (r::li'\zg) ) , we have for all possible choices of € [m] and the noise patches :cif% = ,(LT%
‘(wfcr, dIn(d ( (d)> <. (172)

Therefore, no neuron can activate on the noise patches at time ¢ = 0.

3. (Off-diagonal nonpositive growth) This point is trivially true at ¢ = 0.

Inductive step: we assume the induction hypothesis for ¢ € [0, 7] (with T' < T, of course), and
prove the statements for ¢ = 7" + 1.

1. (Nonactivation invariance)

Again, choose any v* from the set {v, C} S U{o, c} i U{vy, v}

We need to prove that given 7 > T + 1, with probability at least 1 — O (%P(gﬂ)), for every
t' <T+1, (+,c,r) neuron index and v*-dominated patch w%f,)),
(+,er) ¢ SO v) = o (<w$gr,m<ﬂ> b(jz,) = 0. (173)
By the induction hypothesis of point 1., with probability at least 1 — O (%), the following
is already true on all the v*-dominated patches at time ¢’ < T
(0) ()% ") —
(+,e,7) ¢ S1(v*) = o <w+”, >—|—b+67 = 0. (174)

In particular, o ((wS_Tg s a:ng,z} + bfg,) =0.

In other words, no (+, ¢, r) ¢ Sf)c(v*) can be updated on the v*-dominated patches at time ¢ = T.
Furthermore, the induction hypothesis of point 2. also states that the network cannot activate on any
(T)

noise patch x5, = (. p (1) with probability at least 1 — O (7;0115 55) . Therefore, the neuron update for
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those (4,¢,7) ¢ SSFO)C(’U*) takes the form

awl) == ZI{IPX(T v)| > 0}L{yn = (+,¢)} — logit| (X))
vGC(v*)n 1 (175)

<O e+ e+, > 0} (oo +¢lh)
peP(Xiv)

Conditioning on this high-probability event, we have

ot
ALY, = : ) o
<- Y Z L{[P(XD;0)| > 0}[L{yn = (+,0)} — logit (X))
l ) NP veC(v*) n=
X Z ]1{<w<(‘r)c ’I“7 (t) v + C(t) > SF c,T > O}Q(t)
peP (X v) ?
) Z LP(XP;0)] > 0}[1{yn = (+ )} — logit ), (X (V)]
veC(v*) n=

< 3 1w, ale+ )+ o, > 01¢),
peP(qu,");v)

2
(176)

Let us further upper bound the two || - ||2 terms separately. Firstly,

3 ZW X 0)] > 0}1{yn = (+.¢)} — logit!, (X ()]

vel(v*) n=1

X Z ]l{(wit)c a4+ ¢y + bgf?w > 0tal v
PP (X1 )

N
> S HPED:0)| > 0} Ly, = (+.0)) — logit! (X))
veC(v*) n=1 (177)

< 3 1wl 0+ ¢+ 68, > 03al, o],
peP (X v)

2

N
> Y 3 HPXD:w)| > 0} Ly = (+.0)} — logit (X))

veC(v*) n=1

< Y 1w, ae+ )+, > 0T

pEP(XSP;v)

For the second || - || term consisting purely of noise, note that since all the C,(:L’s are independent
Gaussian random vectors, the standard deviation of the sum is in fact

N
{Z Yo > HPED)l > 0b{(wl), v+ ¢ + 6L, > 0}

veC(v*) n=1 (t).,,
€C(vr) pEP(Xy " ;v) (178)

1/2
x [H{yn = (+.0)} — logitsf?c(Xf,,”)]Q} oc.
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With the basic property that /3¢5 < > |c;| for any sequence of real numbers cy, cz, ..., we

know this standard deviation can be upper bounded by

N
S 3 Y ypx i) > 031{(w, ., av+ ¢y + b)), > 0}

'UEC('U*) n=1 pEP(X“),’U)

% [L{ya = (+,0)} — logit| (X 1) o¢

. oy 1
It follows that with probability at least 1 — O (WM))’

> ZH{IPX“ )| > 0}L{yn = (+,¢)} — logit. (X))

veC(v*) n=1

< > 1wl au ) b, > 03¢,
peP(X )

2

< > Zumx“ bmm@:@@ymyﬂmm]

veC(v*) n=1
1
x> Wl ale+ )+ b, > 0h—g—
In”(d)
peP (XS w)

Therefore, we can upper bound the bias update as follows:

AbS:)CT

1 n 1
<_ A (T ———
= 15d)NP< ’ 1n9(d)>

(Z > HIP(XL;0)| > 0} |1y = (+,0)} — logit (X (1)

veC(v*) n=

,_n

< 3 1w, wv+c@>+mcr>0g

peP(Xv)

NP

Furthermore, with probability at least 1 — O (poly( )

) the following holds for all n, p:

(@D, ¢y (€8 all)v™), <cn,l,,<<f,1><0<1 ; )
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Combining the above derivations, they imply that with probability at least 1 — O (P 01]\; @

mg, ;, dominated by v*,

) for any

(Awl) . 20)) + b0,
<Aw$)c r @ (T v + Cn p> + Ab-{- c,r

=5 > ZW 1) > 0} [1{yn = (+,¢)} — logit (X))

veC(v*) n=1

< Y 1wl 0+ ¢+l > 0HalPw + ¢, ol vt + ¢ + AbY,
pep(x,ﬁ”,v)

-5 2 Zw D10)] > 0} [1{yn = (+0)} — logit (X 1)

vel(v*) n=1

x> @l al+ ) + 60, > 0} (v, ¢ + (¢, alv) + (¢, <))

PEP(X;v)
+Ab+c’r
" N
< 3 Y HIP(XY0)] > 0} 1ya = (+,0)} — logit?, (X))

veC(v*) n=1

D S T

peP(XfP )

NP (O ( (d)) e (F ) lngl<d>))

( 2. Zﬂ{ip XO;0)| > 0} [ 1{ya = (+,0)}  logit| . (X1)|

veC(v*) n=1

) A

< S o+ 0+ im.>0}>
peP(X ;)
<0.
(183)

Therefore, with probability at least 1 — O (%) , the following holds for the relevant neurons and
v*-dominated patches:

(Aw) 20y ab) <o (184)

In conclusion, with 7 > T + 1, with probability at least 1 — O (%), for every (+,c¢,7) ¢

Ssro,)c(’v*) and relevant (n, p)’s,
I, + sl )+ 50,4 T, = D e 0 <0 )

which leads to (wgf 2T,£C£LT,2;> + bg’_f:i’r < 0 for all ¥ < T + 1 with probability at least
1-0 (%W) (also by taking union bound over all the possible choices of v* at time
T + 1). This finishes the inductive step for point 1.

2. (Non-activation on noise patches)

The inductive step for this part is very similar to (and even simpler than) the inductive step of point
1, so we omit the calculations here.
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3. (Off-diagonal nonpositive growth) By the induction hypothesis’s high-probability event,
we already have that, given any fine-grained class (+,¢), 7 > T + 1, for any feature

v* € {v,’c}]Z:l U {v_} U {v} o }erze and any neuron wy ¢, 0 ((wfgr, $Z;> + bSrTZ’,) <
o ((wg))C Ly 4 bgﬁ))c T) We just need to show that (Awﬂf’)c,r, 7))+ Abf} < 0 to finish the

proof; the rest proceeds in a similar fashion to the induction step of point 3 in the proof of Theorem

Similar to the induction step of point 1, denoting M to be the set of all common and fine-grained
features, the update expression of any neuron (+, ¢, ) has to be

N
Aw(?), =<5 30 Y HIPED:0)] > 0HL{ya = (+,0)} — logit AX )]

vEM n=1 (186)
x> ) alDu+ ¢y + ), > 0} (afv + ¢)
peP(X"w)

Written more explicitly,

N
(m __"n (T). — (1) ( x (1)
Aier =Np MZ{ *}nZlﬂﬂP(Xn )| > 031 {yy = (+, ¢)}[1 — logit{ (X))

x> a4 D) 6D, > 0} (v +¢D)

PEP(XA"w) (187)
" N
T
—5p 2 Hun # (1. {IPX7:07)] > 0}flogit] 2(X ()
n=1
<Y ) alDe D)+, > 0} (Do + 1)

peP (X v%)

mNP
poly(d)

It follows that with probability at least 1 — O ( ) for relevant n, p, r, we have

(Aw') ol v +c )

S S P D) > 011 = (4 0H1 — Togit T (X (D)
veM—{v*} n=1

1
<X el ¢, > 000 ()

peP (X" v)

(188)

Furthermore, similar to the induction step of point 1, we can estimate the bias update as follows:

Aav,,
n
<-2(i5) N< 5 S P01 > 0 [t = (.0 o )
veMn=1
<3t e 1o, >0}>
peP (X ;v)
(189)
It follows that, indeed, (Aw SFT) 5L 2,} + Ab(+ l » < 0, which completes the induction step of point
3. O
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G.3 TRAINING

Choose an arbitrary constant B € [©2(1),1n(3/2)].

Definition G.2. Let T;(B) > 0 be the first time that there exists some X" and ¢ such that
Fy (X ) > B forany n € [N andy € {(+.¢)} ey U{(— )iy,

We write Ty(B) as Ty for simplicity of notation when the context is clear.

Lemma G.2. With probability at least 1 — O (%W’), the following holds for all t € [0,Tp):

1. (On-diagonal common-feature neuron growth) For every ¢ € [ki], every (+,¢,7), (+,¢,7") €
10 (0s),

S:)c r wf)c r wS:)C r EB’Z:’T/ (190)
Moreover,
Aw') =[1/4,2/3VT %1 (1 + s*—1/3) ok Pu+ +A¢Y) (191)
2
Where AC+ c,T ~ N( X)C+ c, I)’ UX)C#»,C,T" = 6(1) X T]UC P\\//iﬁ
The bias updates satisfy
A =0 (’75) . 192
+,¢r k+P1n5 (d) ( )

Furthermore, every (+,r) € S_T_(O) (v4) activates on all the v -dominated patches at time t.
2. (On-diagonal finegrained-feature neuron growth) For every ¢ € [ki] and every
(+,¢,7), (+,¢,7") € S*(O) (v1c)
(t) o _ @ (0) (193)

Wyler = Wyler =Wy — Wyl
Moreover,

Awl) = (1 +0 (é)) VIEe (1451 n%vﬂ + A" (194)
WhereCJrCTNN( , AC ) anda(t) :(1i0(ﬁ)> (1is* 1/3)770413\/%
The bias updates satisfy .

A, = -0 (mzﬁ&(@) . (195)

Furthermore, every (+,c¢,1) € S ('v+ ¢) activates on all the v -dominated patches at time t.

3. The above results also hold with the “+” and “—" class signs flipped.

Proof. The proof of this theorem proceeds in a similar fashion to Theorem[D.I] with some variations
for the common-feature neurons.

We shall prove the statements in this theorem via induction. We focus on the +-class neurons;
—-class neurons’ proofs are done in the same fashion.

First of all, relying on the (high-probability) event of Theorem [G.I] we know that we can simplify
the update expressions for the neurons in .S +(0 )(v+7c) to the form

A )  _ n
Wher =N p

n=1

<X Mwlalo. + ¢+ b, > 0} (alorc+¢0)
pe’P(Xn V+c)

L{yn = (+,0)}[1 — logit?, (X ()]

(196)
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and for the neurons in Si(g) (v4), the updates take the form

Awﬂf?c}r
N

— 5> = (1 = Togit (XN + > Ty = (+,¢)}logit (X))
n=1 celks]—{c}

Y @, ey + )+ 60, > 0} (alos + ).
peP (X vy)
(197)

By definition of Tp and the fact that B < In(3/2), for any n € [N] and ¢t < Tp, we can write down
a simple upper bound of loglt(t) (Xn (t))

Fy o (xP
10g1t(t) <X7(1)) Tk eXI()t() el k ) (t)
Zc;l exp(FJr’c/ (Xn’)) + Zc’;l exp(F,’c/ (Xn")) (198)
.3 _ 3
2k, 4ky
and we can lower bound it as follows
1 1
1 t(t) XOy>__ - _ —
ogit} .(X,") TR T (199)

The inductive proof for the fine-grained neurons Si(’g) (v4 ) is almost identical to that in the proof
of Theorem The only notable difference here is that [1 — loglt(t) (Xn (t))] has the estimate

1
(1x0(&)).
The inductive proof of the common-feature neurons Siﬁg) (v4) requires more care as its update

expression [201] is qualitatively different from the coarse-grained training case in Theorem SO
we present the full proof here.

Base case, t = 0.

With probability at least 1 — O (r::’lly( d)) for every ¢ € [k4] and every (+,¢,7) € S ( +)s

<w$)c r agLO,27U+ + 47(1?)> bsf)c r

> o W(l — 1)(2+2¢0) (In(d) + 1/ n°(d)) — v/(2+ 2c0) In(d) - < <d>)>

(1 —0)(2 + 2¢0)(In(d) + 1/1n°(d)) — (2 + 2¢0) In(d)

o ¢ ( ; ) 200
\/(1 —0)(2+ 2¢0)(In(d) + 1/ 1n°(d)) + /(2 + 2¢0) In(d) In”(d) (200)
=09 (2+2c0)(—tIn(d) + (1 — 1)/ In°(d)) -0 ( 1 )
V(1= 02+ 200)(I0(d) + 1/ 10*(@) + /2 F 2e0) n(d) In’ (d)
> 0.
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This means all the v -singleton neurons will be updated on all the v -dominated patches at time
t = 0. Therefore, we can write update expression[201] as follows

Awg{‘O)C T
N
=55 2 | Hun = (1 —logit LX)+ 30 1ya = (+,¢)) [Hogit P,(X[)
" eelir]—{e}

X Z ( (0)’0 —I—C(O)).
PEP(X 50y
(201)

By concentration of the binomial random variable, we know that with probability at least 1 —
6*9(1“2(‘1)), for all n,
P50, = (1£57172) 57, (202)

Now, with the estimates we derived for logitgc(X ff)) at the beginning of the proof and the inde-

. 0 .
pendence of all the noise vectors C,(L,p’s, we arrive at

Aw®) :[1/4,2/3]\/1@(115**1/3)n% Svs + A (203)

0 =
where J(Ang:C:r = 0(1) x no¢ P\\/ﬁﬁ.

Additionally, a byproduct of the above proof steps is that all the Sj_(g) (v4) neurons indeed activate
on all the v -dominated patches at ¢ = 0 with high probability.

Now we examine the bias update. We first estimate HAwS?)C .

. With probability at least 1 —
2

0] (ﬁ) the following upper bound holds for all neurons in S ( )t

ot 0 (1gtp) o+t
s* s*
< —_— 204
() w0 (e oo

S*
<
<0 (nk+P> )

and the following lower bound holds (via the reverse triangle inequality):

20 (15 ) osla - ac)],
>Q < ks*P) 0 (?704 P%ﬂ) (205)
>0 <n kfp) ;

=0 (nki—*P), which means

sl

It follows that HAw f)c -
2

Aw) "
Ap© :7H w“w@( ns > (206)
Prer In®(d) k4 PIn®(d)

This completes the proof of the base case.

Induction step. Assume statements for time [0, ], prove for ¢ + 1.
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First, by the induction hypothesis, we know that neurons in Si(,? (v4 ) must activate on all the v -
dominated patches at time ¢. Therefore, we can write the update expression 201 as follows:

Awﬁf?c,r
N

=% DS Hyn = (+,0)}1 - logit !, (X 1)) + Yoo 1y = (+,¢) }[~logit! . (X )]
n=1

c/€lky]—{c}
X Z ( i)pm_ +¢0 ) .

peP (X 5vy)
(207)

Following the same argument as in the base case, we have that with probability at least 1 —

0 (zxr),

A, =[1/0.2/8VTE L (125 7) . 1Al (208)

2%, P

and O'X)C+ .. =0(1) xno¢

Vs*
R
Now we need to show that 'wSFH) indeed activate on all the v, -dominated patches at time ¢ + 1
with high probability.

So far, we know that for T € [0,¢ + 1],

Aw() | =[1/4,2/3VT+: (1 + s**l/g)

s’ (r)
Moot T AL (209)
(r)

andoy;, =0O(1) x no¢ It follows that

P\/i

wiiV =wl, + (+ D/ 2/BVTE (1257 ) e +¢EE)L @10)

2k, P

(t4+1) pr
where O = O(1) x v/t + 1no¢ P\/\/;W‘

The following holds with probability at least 1 — O ( LNP) over all the v -dominated patches

poly(d)
:I:Ef ;1) = a(t;l)mr + Cﬁ;l (which are independent of w ++1)) and the v -singleton neurons:
(Wit allt Doy + ¢IE0)

0 — 1 s*
—(w'”, oDy, 4 D) 4 (14 1)[1/4,2/3](1 + 1) (1 +s 1/3) (1 +£0 (mQ(d))) T3k p
+( S:I,lr)7a£f$1)v + C(t+1)>

(211)
Note that with probability at least 1 — O (m>,
(€D 0l . < O(1) x Vo2 /TTa(d) @)
' i PV2N
and since VT + 1 < t + 1, /s* < s*, ocv/dIn(d) < ﬁ, and N > dk,, we know that
(t+1) (141 1 s*
(¢ et vy <0 <d> X (t+ Ungr (213)
Similarly, with probability at least 1 — O (m) ,
(t+1)  (t41) (t+1) VTno? Vs* 1 s*
(Cherspp vy +¢up ) <O(1) x T’?%mvdln(d)ﬁ() 7 X(t+1)77M~
(214)
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It follows that with probability at least 1 — O ( mNE )

poly(d)

(w1 Dy, 4 D)

er c,r
1 *
> (wll), a5 oy + D)+ 3+ 1) - ) (1 57) (1 -0 (1 9(d))) g
n +

(215)
Next, let us estimate the bias updates for 7 € [0,¢ + 1].

Estimating AbY Yt ¢ follows an almost identical argument as in the base case (with the only main
difference being relymg on Theorem [G.T] for non-activation on non-v.;-dominated patches), so we
skip its calculations.

(w{ ), alli Vo, +ct+1>+blt13

><w-(|?)cr’ 'Sthrl)U + C(t+1)> + b+ c,r

+ i(w 1)(1 ) (1 - 5*71/3> (1 0 <1n91(d)>) 772I::P _o <m> (216)

>0.

This completes the inductive step. O
. ns* * *(0 ns* *(0

Corollary G.2.1. At time t = Ty, 55 S|, 225 x5 |S1 D vy o) = 0(1)

Proof. Directly follows from Lemma|G.2]and Theorem O

G.4 MODEL ERROR AFTER TRAINING

In this subsection, we show the model’s error after fine-grained training. We also discuss that fine-
tuning the model further increases its feature extractor’s response to the true features, so it is even
more robust/generalizing in downstream classification tasks.

Theorem G.3. Define Fy (X) = maxeci,) Fi o(X), F-(X) = max.epp_ | Fo o(X).

mkj NPTy

With probability at least 1 — O (W

), the following events take place:

1. (Fine-grained easy & hard sample test accuracies are nearly perfect) Given an easy
or hard fine-grained test sample (X,y) where y € {(+ 0}, U {(=.o}z,

P (X) < maxy .z FY™ (X)] < o(1),

2. (Coarse-grained easy & hard sample test accuracy are nearly perfect) Given an easy or hard
coarse-grained test sample (X ,y) where y € {+1,—1}, P TO)(X) < ﬁy(/TO)(X)} < o(1).

Proof. Probability of mistake on easy samples.
Without loss of generality, assume X is a (+, ¢)-class easy sample.

Conditioning on the events of Theorem and Lemma we know that for all ¢’ € [k_],

FU") < O(my 0 00y/In(d)) < of1), 217)
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and for all ¢ € [k4] — {c},

FJ(E’E) < Z Z g (<w(+T,2)7 OnpU4 + Cnp) + bfj?,r) + O(my. 00/ In(d))
PEP(X504) (4,)€8  (vy)

2 1 s*
< g* S(O), ‘7 1 1 *—1/3 1 - T
=5 [Sre4)] 5 RIGEEI G w'(a))) " 2w P
(218)
moreover,
T T T
DY S o () anpvs + G -0,
PEP(X5v4) (+,r)e87 0 (vy)
T T
+ Z Z U(<w(+,2?rvan’pv+’c+4n,p> bgr(;)r)

PEP(X5v+.¢) (+,r)e57 D (vy c)

*

i(g)(m)‘ 3(1 —1) (1 _ 5*—1/3) <1 - <1n51(d)>> nT02]:7
i) (1-0 (7)) -0 (1= (1- (1n51<d>)) gt p

(219)

>s*

+ 5"

Relying on Proposmon we know ‘S+ - v+)‘ = (1 + (lnS(d )) ‘S*(O) )’ and
’S*(O) Vi) = (1 + (W)) +(,C)( +)|, therefore FJ(rTg)(X) > maxXe e F_E_Tf/)(X) has to
be true. With Corollary|G.2.1} we also have FJ(FT;’)(X) > Q1) > o(1) > maxe e FLZ,)(X). It
follows that the probability of mistake on an easy test sample is indeed at most o(1).

Probability of mistake on hard samples. Without loss of generality, assume X is a (4, ¢)-class
hard sample.

By Theorem|G.1|(and its proof) and Lemma[G.2] we know that for any ¢’ € [k_], the neurons w. o ,
can only possibly receive update on v-dominated patches for v € UJ(FO)C, -
veu®, c(v)v + AC$30,7T, with ¢(v') <
VIF(1+5713) anSIP if v’ is a fine-grained feature, or c(v') < Zv/T+ 1 (1 + s*71/3) anSIP
if v/ = v, (because the v’ component of a v’-singleton neuron’s update is already the maximum

possible). Moreover, ag)g+ , <0 (7704 P‘/\/%).

and the updates to the

neurons take the feature-plus-Gaussian-noise form of )

Relying on Theorem|[G.I] Lemma|[G.2] Corollary [G.2.T]and previous observations, we have

T T To)
SR SENDY S o (s anpvre+ o) + 00T, )
PEP(X50+4 ) (+4,e,r) €57 (wy o)

(-o())-00-) (-o(ghe)

(220)

>s" Si(,g) ('U-hC)

>0Q(1),
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and for ¢’ # c,

My ef
Tt T .
P < Y o (w2, )00, )
r=1
" Y o (T anpeeet G+ )
PEP(X3v4.c) (4,¢! T)eS(O) we)
’ S o (@l al o+ ) o)

peEP(X;v_ )(+c’ GS(),(v )

To—1
( OZ A’LUE: ,’r7<* + Z <wf,)c,"r’ *>
+,¢/r

61/1—5-0)( . =0 relmy /]
0 0
+ Z g (<w5r )c’ 1 OnpUst e + Cn,p> bgr)cl T)
PEP(X5v4.c) (+,¢’ T)ES(O) ,(vye)
0
+ Z g (<wg-,)c/,r7 IL pV- T Cn P> + b+ c, )
PEP(X5v-) (4,¢/,r)eS (v-)
1
<O ——).
- (polyln(d)>
Moreover, for any ¢’ € [k_], similar to before,
FOX) < 3 o (@,,¢)+57),)
r=1
DY > o (@ anpvre+ Gup) + 00,

PEP(X5v1.0) (—,0/,1)€S' (vy0)

+ Z Z a((w(_Ti)T, f pU— + Cnp) + (T“JT)

PEP(X;v-) (7,0’,7”)65(70’1, (vo)

<0(1) x > @+ Y w0

(*,CI,T)GZ/{(_O) relm_ ]

o

+ Z Z oz (<w(707)c/,r, Qn pUy c + Cn,p> + b(,o’)c/’r)

PEP(Xiv4.c) (—,c/,r)es (v )

+0(1) x5t [SOL(w-)| X (thyper + Ol ()

<0 (M) +0 (JOM) +0 <1nb¢l))

<o(1).

Therefore, F\"?)(X) > max,(; o) Fy * (X), which means F")(X) > F")(X) indeed.

(221)

(222)

O

Remark. First of all, note that the feature extractor, after fine-grained training, is already well-
performing, as it responds strongly (€2(1) strength) to the true features, and very weakly to any
off-diagonal features and noise. This can already help us explain the linear-probing result we saw
on ImageNet21k in Appendix[A.2] since linear probing does not alter the the feature extractor after
fine-grained pretraining (on ImageNet21k), it only retrains a new linear classifier on top of the

feature extractor for classifying on the target ImageNetlk dataset.
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At ahigh level, finetuning F can only further enhance the feature extractor’s response to the features,
therefore making the model even more robust for challenging downstream classification problems;
it will not degrade the feature extractor’s response to any true feature. A rigorous proof of this
statement is almost a repetition of the proofs for fine-grained training, so we do not repeat them here.
Intuitively speaking, we just need to note that the properties stated in Theorem will continue to
hold during finetuning (as long as we stay in polynomial time), and with similar argument to those
in the proof of Lemmal|G.2] we note that the neurons responsible for detecting fine-grained features,

i.e. the Si(fi) (v4.c), will continue to only receive (positive) updates on the v, .-dominated patches
of the following form:

N
7 . X
Awg:,)c,r :Nilp Hyn = (+,0) 1 — 10g1t$)( 7(Lt))]

n=1

Y 1o+ O+ 80, > 0) (el +CE)
PEP(X\ vy )

(223)
and similar update expression can be stated for the Sj_(g) (v4) neurons:
Awl),
Ui - (®)
=L N"1{y, = 1 — logit (x®)

x> @l el + )+, > 0 (ales +¢0)).
peP(X{vy)

Indeed, these feature-detector neurons will continue growing in the direction of the features they are
responsible for detecting instead of degrade in strength.
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H PROBABILITY LEMMAS
Lemma H.1 (Laurent-Massart X2 Concentration (Laurent & Massart| (2000) Lemma 1)). Let g ~
N(0, I,;). For any vector a € R%O, any t > 0, the following concentration inequality holds:

d
P> aig? > llall + 2llal2VE+2)alwt| < e (225)

i=1
Lemma H.2. Let g ~ N(0,0%1,). Then,
P [llgll5 > 50%d] < e~ (226)

Proof. By Lemmal[H.1] setting a; = 1 for all ¢ and ¢ = d yields
P [llgl3 > o2d + 20°d + 20%d] < e™* (227)
[

Lemma H.3 (Shen et al.| (2022a)). Let g1 ~ N(0,0%21,) and go ~ N(0,031,) be independent.
Then, for any § € (0, 1) and sufficiently large d, there exist constants ¢y, cy such that

P {|<91;g2>\ < 10102 dln(l/é)} >1-96 (228)
1
P {(gl,gﬂ > 020102\/6?] > 1 (229)
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