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Abstract

The transformer architecture has prevailed in vari-
ous deep learning settings due to its exceptional
capabilities to select and compose structural in-
formation. Motivated by these capabilities, San-
ford et al. (2023) proposed the sparse token se-
lection task, in which transformers excel while
fully-connected networks (FCNs) fail in the worst
case. Building upon that, we strengthen the FCN
lower bound to an average-case setting and es-
tablish an algorithmic separation of transformers
over FCNs. Specifically, a one-layer transformer
trained with gradient descent provably learns the
sparse token selection task and, surprisingly, ex-
hibits strong out-of-distribution length generaliza-
tion. We provide empirical simulations to justify
our theoretical findings.

1. Introduction

In modern deep learning, transformer networks have estab-
lished themselves as a fundamental building block, show-
casing their versatility across diverse tasks such as language
modeling (OpenAl, 2023), computer vision (Dosovitskiy
et al., 2020), and reinforcement learning (Jumper et al.,
2021). At the core of transformers is the self-attention
layer (Vaswani et al., 2017), a critical component assigning
varying attention weights to different segments of the input
sequence by discerning relevance between tokens.

The success of transformers is closely tied to their repre-
sentational capabilities in extracting structural information
encoded in token embeddings. Empirical observations re-
veal that transformers trained with GD-based algorithms
exhibit biases towards certain algorithmic solutions in some
arithmetic tasks (Edelman et al., 2022; Liu et al., 2022; Yao
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et al., 2021; Nanda et al., 2023). However, few works have
presented rigorous mathematical evidence that substantiates
their superiority over alternative architectures.

In recent work, Sanford et al. (2023) introduced a simple
task known as the g-sparse averaging for an input context se-
quence, where the target output is an average of a g-subset of
the input tokens, specified in the input. When the input con-
text length is T, the g-sparse average was demonstrated to
be effectively approximated using a O(log T')-dimensional
self-attention layer, whereas any fully-connected network
seeking to approximate this task requires a first-layer width
of at least Q(7T) in the worst case. This crucial finding
implies that, in theory, the sparse-average task potentially
induces an exponential separation between transformer mod-
els from the fully-connected neural networks (FCNs) with
respect to the context length 7', further reinforcing existing
empirical findings that the inductive bias of transformers
merits strength in approximating certain arithmetic tasks.

However, these results are limited to the expressive power of
transformers and do not inherently guarantee that transform-
ers can be trained with standard gradient-based methods
to achieve such approximation capability as its expressive
power would suggest. Thus, a pertinent and natural question
beyond theoretical expressiveness arises:

Q: Does the expressivity separation between transformers
and FCNs translate to learnability?

Our results provide an affirmative answer to this question.
In our work, we focus on the sparse token selection task
(STS,). In this task, every token in the input sequence fol-
lows the standard Gaussian distribution, and a token subset
of size ¢ is drawn uniformly at random. Importantly, we ini-
tiate an exploration into the training dynamics of a one-layer
transformer with softmax attention using GD for the STS,.
We first study the transformer’s training dynamics under GD,
where the goal is to minimize the expected loss over the
input distribution. Notably, we characterize the global con-
vergence of the transformer with the stochastic positional
encoding introduced in Shen et al. (2023). Additionally,
we delve into the provable length generalization capacity
of the transformer learned with GD. We also establish new
lower bounds for the capacity of FCNs to approximate the
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sparse token selection task within the data distribution. Em-
pirical simulations in practical settings of our architecture
verify our theoretical findings and moreover demonstrate
the advantages of stochastic positional encoding over a fixed
absolute positional encoding in length generalization ability.

1.1. Our contributions

STS, is efficiently learnable. We establish a gradient de-
scent convergence guarantee for a one-layer transformer
employing a stochastic positional encoding where only
O(d 4 qlogT) width is necessary (Section 3.2). Under
mild conditions on the data distribution, initialization, and
hyperparameters, we prove that running GD on a one-layer
transformer globally converges when both layers are jointly
trained with the same learning rate.

FCN cannot express STS,. Complementing our efficient
learnability results, we show a separation between FCN's
and one-layer transformer networks: all FCNs (regardless
of depth or activation function) that can approximate the
task must have Q(7T'd) neurons in the first layer, which is
exponentially larger than the O(d + glog T') width used in
the transformer.

Length generalization on STS,, . We investigate the length
generalization performance of the trained model with
stochastic positional encoding, using out-of-distribution
data on longer sequences. Based on the global convergence
result, we prove that the length generalization loss also con-
verges to zero. Our experiments demonstrate that when the
in-distribution training loss converges to zero, the OOD loss
also tends to zero for the stochastic positional encoding, but
strictly nonzero using fixed positional encoding.

1.2. Related works

Expressiveness of transformers. The transformer archi-
tecture (Vaswani et al., 2017) has been long adopted as the
fundamental building block in many recent large language
models such as GPT (Brown et al., 2020; OpenAl, 2023)
and Llama (Touvron et al., 2023a;b). Recent works have be-
gun to study the limitations and strengths of the transformer
architecture from a theoretical perspective (Yun et al., 2019;
Pérez et al., 2019; Yao et al., 2021; Bhattamishra et al.,
2020b; Zhang et al., 2022; Liu et al., 2022; Hahn, 2020;
Bhattamishra et al., 2020a). One such direction considers
its universal approximation power (Yun et al., 2019; Bhat-
tamishra et al., 2020a;b; Dehghani et al., 2018), similar to
the universal approximation results for fully-connected neu-
ral networks. More recent works have focused on analyzing
its expressive power on certain statistical tasks (Edelman
et al., 2022; Flhage et al., 2021; Likhosherstov et al., 2021;
Akytirek et al., 2022; Zhao et al., 2023; Yao et al., 2021;
Anil et al., 2022; Barak et al., 2022) as well as in-context
learning settings (Dong et al., 2022; Huang et al., 2023).

In another line of literature, transformer layers are used to
represent gradient descent steps for certain learning tasks
(Bai et al., 2023; Garg et al., 2022; Von Oswald et al., 2023;
Olsson et al., 2022; Akyiirek et al., 2022; Panigrahi et al.,
2023; Sanford et al., 2023). In a recent work, Sanford et al.
(2023) introduced a sparse average task where recurrent neu-
ral networks and fully connected neural networks (FCNs)
all have memory complexity scaling polynomially in the
input sequence length, while a one-layer transformer has
a construction for only log T-width on the task. In all of
these works, however, the training process of transformers
is not considered; rather, the focus was on the representation
power of transformers. Building upon the setting of Sanford
et al. (2023), our work provides not only a generalized result
for the representational power by extending from worst-case
to average-case but also investigates the algorithmic aspect
of training transformers: we show that the same exponential
separation is attainable when using gradient descent on an
architecture with stochastic positional encoding.

Training dynamics of transformers. Several works in
the literature have studied the learnability of certain trans-
former models. Jelassi et al. (2022) showed a Vision Trans-
former (ViT) (Dosovitskiy et al., 2020) trained by GD
with positional-embedding attention matrix can learn spatial
structure. Li et al. (2023) analyzed the sample complexity
required for achieving good generalization on a similar ViT
model. However, their results both hinged on a warm start
of initialization near the target pattern, which is a practically
infeasible assumption. Tarzanagh et al. (2023) established
an equivalence between the optimization geometry of self-
attention and a hard-margin SVM problem that separates
and selects optimal tokens using linear constraints and estab-
lished global convergence under strong assumptions. Tian
et al. (2023a) revealed how the self-attention layer com-
bines input tokens in an SGD-trained transformer, and Tian
et al. (2023b) explored the training procedure of multilayer
transformers by focusing on the dynamics of MLP layers;
however, neither give a provable guarantee for convergence.

Another line of research focuses on the training dynamics of
in-context learning. Mahankali et al. (2023) first introduced
linear regression as an in-context learning task and showed
that a one-layer transformer minimizing the pre-training loss
is implementing single-step gradient descent. Zhang et al.
(2023) considered a single-layer linear self-attention layer
on this linear regression task and proved global convergence
for gradient flow. Huang et al. (2023) first proved GD global
convergence of a one-layer transformer with softmax atten-
tion on the linear regression in-context learning task where
in-context tokens are drawn from certain distribution. Chen
et al. (2024) extended the single-task linear regression task
to a multi-task setup and demonstrated the optimal global
convergence of a multi-head attention architecture by ap-
plying gradient flow to the population loss with a particular
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initialization scheme. Nichani et al. (2024) theoretically
verifies that a simplified two-layer transformer can learn the
induction head and generalize it to some in-context latent
causal structures. Li et al. (2023); Tian et al. (2023a); Zhang
et al. (2023); Huang et al. (2023); Tarzanagh et al. (2023)
and our work share a similar reparameterization technique,
combining the key and query matrices K, () into one matrix
W to simplify the dynamics of the training process.

Length generalization and positional encoding. Length
generalization is a major challenge for transformers (New-
man et al., 2020; Dubois et al., 2019; Anil et al., 2022; Ruis
et al., 2020; Hupkes et al., 2020; Kazemnejad et al., 2023;
Zhou et al., 2023). Several methods have been proposed to
mitigate this issue, including using linear bias (Press et al.,
2021), EOS detection (Newman et al., 2020), or scratchpads
and chain-of-thought (Nye et al., 2021; Wei et al., 2022;
Anil et al., 2022; Liu et al., 2022).

Recently, Kazemnejad et al. (2023) empirically investigated
length generalization of different positional encodings. They
show that many commonly used schemes such as APE
(Vaswani et al., 2017), ALiBi (Press et al., 2021), and ro-
tary (Su et al., 2021) are ill-suited for length generalization,
while T5’s relative PE (Raffel et al., 2020) works for down-
stream tasks. In addition, they also showed that transformers
without positional encoding (Tsai et al., 2019; Haviv et al.,
2022) outperform all explicit positional encoding schemes.
Meanwhile, Shen et al. (2023) and Ruoss et al. (2023) both
introduced some randomized positional encoding; Ruoss
et al. (2023) simulated the positions of longer sequences
and randomly sampled a sorted subset to fit the sequence’s
length; Shen et al. (2023) used some random positional en-
coding to represent indicators for tokens positions. Zhou
et al. (2024) additionally confirmed that randomized posi-
tional encoding enhances the length generalization capabili-
ties of transformers in specific effective configurations. All
the schemes above significantly improve length generaliza-
tion, inspiring us in the same spirit to consider a stochastic
positional encoding for our theoretical analysis.

1.3. Outline of this paper

The outline of our paper is as follows. In Section 2 we for-
malize the problem setting, including our STS, task defini-
tion, the positional encoding, and the one-layer transformer
architecture. Section 3 contains our main results, consist-
ing of our gradient descent global convergence results, the
length generalization theoretical guarantee, and the approxi-
mation lower bound for FCNs on expected loss. Section 4
provides simulations for global convergence of GD, inter-
prets the learned parameter pattern, and empirically verifies
the length generalization advantage from Section 3.

2. Settings

In this section, we present our notations and problem for-
mulations, including the one-layer transformer architecture
and positional encoding definitions of our paper.

Notations: We use [T] to denote the set {1,2, ..., T'}. Matri-
ces are represented in upper-case bold letters (X, W, etc.),
and vectors are in lower-case bold letters (x, e, etc.). For
norm, || - || denotes ¢ norm and || - || r denotes the Frobenius
norm. For vector v, we use vy, to denote the k-th entry of
vector v. For a matrix W, we use W[, i] to denote its i-th
column vector. We use 1{-} as the indicator function. We
use O(-) to hide logarithmic factors.

2.1. g-sparse token selection task STS,

We simplify the ¢gSA framework in Sanford et al. (2023)
to STS,: only one query subset y is fed into the model to
compute the sparse average instead of T query subsets.!
The objective is to train the parameterized model using
a gradient-based algorithm to approximate the ST'S, task
given a certain data distribution. Similar to gSA in Sanford
et al. (2023), this task is designed to showcase the ability of
self-attention units to capture and aggregate dependencies
between input tokens, especially the positional information.
STS, highlights two salient features of attention matrices
observed in practice: they are sparse, and the sparsity pattern
depends on the input (Likhosherstov et al., 2021).

Definition 2.1. For sparsity ¢, token dimension d, and
input dimension dT" + ¢, consider the input (X,y) =
(1, T2, oy BT Y1, Y2, -, Yq) € RYTT where the input to-
kens x; € R? and the query y € ([Z}) is a g-element subset
of [T']. Define the g-sparse token selection STS,(-) as

STS,(X,y) =

Q| =

q
E myj
j=1

Data distribution: We consider samples (X, y) € R4T+¢
from the following distribution D7, (T is the sequence
length, ¢ is the subset size): The input tokens x;,i =
1,2, ...,T are sampled from standard Gaussian distribution,
and the g-sparse subset y containing all the averaging in-
dices is uniformly sampled from all g-subsets of [T].

X = (m17m2, ...,:cT),a:i ~ N(O,Id),

y ~ Unif (([?»z €[]

'Under the population loss we are training on, the sparse token
selection problem is equivalent to the original problem. For details,
see Appendix A.2.
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2.2. Positional encodings

One of the key features of transformers is the positional
encoding (PE). In our STS, task, the positional encoding
turns out to be necessary for the transformer to maintain
the positional information in the input sequence. In this
paper, we consider two different PEs: the one-hot and the
near-orthogonal positional encoding.

Definition 2.2 (One-hot PE). The one-hot positional encod-
ing for position ¢ € [T is:

e;=(1{i=1}1{i=2},--- , 1{i =T}

The positional encoding matrix is E = [e1, e, ,ep] =
I, with each column vector e; as the PE of the ¢-th token.

Remark. For clarity, we stress that e; is equal to the i-th
elementary basis vector only when using the one-hot PE.

Definition 2.3 (Near-orthogonal PE). A near-orthogonal
positional encoding is such that for all positions i € [T, we
have e; € {+1/y/d. 1de "and moreover, when we denote the
positional encoding matrix E = [e1,eq, - ,er] € RaxT
we have, for some § € (0,1/2), that d, = O(qlogT/5?)
and |(e;, e;)| < 6 forany i # j, with the i-th column vector
as the PE of the i-th token.

The existence of such a set of near-orthogonal positional
encoding is guaranteed in Lemma A.2 (Lemma 12 in San-
ford et al. (2023)) by showing the existence of Rademacher
random matrices E satisfying the (q, d)-restricted isometry
property (RIP). Related background of the near orthogonal-
ity and restricted isometry property refers to Appendix A.

Encoding for subset y: To utilize the positional informa-
tion, the query subset y needs some encoding e, based on
the positional encoding E. For one-hot encoding, we con-
sider ey = ), €; as the summation of one-hot encoding
for all indices in y. The encoding scheme for y can separate
the positional encoding vector e; with index ¢ € y and those
that are not: (e, e;) = 1,Vi € y; (e,, e;) =0,Vi € y.

For the near-orthogonal positional encoding when y =
{yi}1_,, we consider the following encoding based on the
RIP of E:

e, = Ey(EyTEy)—llq € R%
E, = [eyl,eyz,--~ ,eyq] € R%xT

Here, E, is the concatenation for near-orthogonal PE for
indices in y. By Lemma A.3, we know the encoding e, can
separate the column vectors with index in y and all other
columns: (e,, e;) = 1,Vi € y; (e, e;)| < %55, Vi € .

For the input format, we consider the positional encodings
FE to be concatenated with the input token matrix X. We

T
then add the query token Zguery = [Ty, €, ] as an ad-
ditional query column in the input matrix. The final input

matrix for a transformer will be in the following form,

T1 T2
€1 €2

rr_ €T €T
[Zazquery] — T-1 T query
er_1 er €y
€]

which is a (d + d.) by (T + 1) input matrix.

2.3. One-layer transformer architecture

A simple one-head, one-layer self-attention transformer has
the following architecture:

f(Z) =V Zsoftmax(Z'K'QZ)

where Q, K € R™*4 V' ¢ R4*(d+de) are the query, key,
value matrices, respectively, and m is the width? of the
self-attention layer parameters @, K. The column-wise
softmax operator applied to matrix W € R%*? outputs
softmax(W) € R**t with:

EXp(Wiyj)
> iz exp(W, ;)

Reparameterization: Instead of studying dynamics based
on the parameters of key, query, and value matrices
K, Q,V, weintroduce the following reparameterization on
the architecture:

softmax(W); ; =

1. In the attention layer, we combine @, K into a single
trainable matrix WHKQ ¢ R(d+de)x(d+de),

2. In the attention layer (with parameter W ®Q), the (T +
1)-th query token Zguery only attends to previous tokens
Z. The value matrix V' also only attends to the Z part.

The first consolidation of the query and key matrices is
common in recent theoretical works (Tian et al., 2023a;
Huang et al., 2023; Zhang et al., 2023; Jelassi et al., 2022).
The second modifications for the W and V are inspired by
Huang et al. (2023); Zhang et al. (2023); Chen et al. (2024)
to stress the attention between the query token and the input
tokens. With those modifications to the architecture, the
overall one-layer transformer can be written as follows:

Definition 2.4 (Reparameterization). Define a reparameter-
ized 1-layer self-attention layer with trainable parameter ma-
trix V, W where W ¢ R(d+de)x(dtde) V7 ¢ Rdx(dtde).

fo(X,y) = VZsoftmax(Z " W zguery ), o
Z = [XT ET]T,zquery = [ T eT}T.

Lquery €y

2.4. Stochastic positional encoding

Though a set of fixed near-orthogonal PE may be sufficient
for the reparameterized transformer to learn ST'S, with

This is called the embedding dimension in Sanford et al.
(2023).
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a specific sequence length and query set size, in practice
we would like the trained model to extrapolate beyond the
sequence lengths encountered during training. However,
experiments in Section 4 show that fixing the positional
encoding hinders length generalization. This motivates us
to use a stochastic positional encoding module proposed in
Shen et al. (2023), in which a stochastic encoding is used
for each token, newly generated for each epoch and during
testing. They showed that stochastic positional encoding
significantly improves length generalization capability on
certain arithmetic tasks.

For a one-layer transformer f with freshly sampled ran-
dom encoding F at each inference, we can combine the
stochasticity into the population loss. In expectation, we
consider the stochastic architecture E[f] when training over
the population loss. In our setting, we further condition
on the event that the positional encoding matrix E has the
(g, 9)-restricted isometry and orthogonality property (RIP)
for some constant J, take the conditional expectation over
the encoding distribution of the transformer model output,
and let this be the stochastic architecture output. For sim-
plicity, we denote the conditional expectation of a random
variable ¢ as:

Eg{) (] =Eg {C‘E satisfies (g, §)-RIP

We define a one-layer transformer with stochastic positional
encoding as follows.

Definition 2.5 (Transformer with stochastic positional en-
coding). Define a reparameterized 1-layer self-attention
layer with stochastic positional encoding as the follow-

ing model with trainable parameter matrices V', W where
W e R(dﬂ-de)x(d—i-de)’ Ve Rdx(d-‘,—de):

és)(X, y) = ]Eg”) \ 24 softmax(ZT"quuew)]7

T 1T T 1T

Z = [X E ] » Zquery = [mquery ey}

Training algorithm: To train the neural network on the

STS, task, we minimize the population squared loss for

parameterized model fg(X), similar to Huang et al. (2023)
and Zhang et al. (2023):

1
Lr4(0) = 5 Exympr, [ISTS(X,9) = fo(X,9)|2]
3
The expectation is taken over input tokens x; and the query
subset y. For clarity, we write the expectation as Ex , [-].

For the transformer with stochastic positional encoding, the
training objective becomes:

s 1
£ (6) =

= 3 Ex, [ISTS,(X.9) - £ (X )] @

When it is clear from context, we denote L1, and C(TS’)q
as £ and L), respectively. For the learning objective in

Equations (3) and (4), we use gradient descent (GD) to train
the neural network.

0t +1) = 0(t) —nVeL(6(t)) ©)

3. Main results

In this section, we present our main results. First, we charac-
terize the convergence of GD on the one-layer architecture
introduced in Section 2.3, using one-hot positional encod-
ing as a warm-up example to provide proof intuition (Sec-
tion 3.1). Then, we consider the architecture with stochastic
positional encoding in Section 2.4 and present our main
theorem with exponential separation (Section 3.2). As a
corollary, the transformer with stochastic positional encod-
ing trained with GD provably exhibits length generalization
capability (Section 3.4). We conclude this section with the
expected loss lower bound on FCNs and rigorously establish
the claimed exponential separation in expressive power.

3.1. Warm-up: one-hot positional encoding

In this subsection, we study gradient descent convergence
on the STS, with one-hot positional encoding, building up
proof intuition for the stochastic positional encoding case.
We consider the joint training regime, where GD updates V'
and W simultaneously with the same learning rate . With
one-hot positional encoding, a one-layer transformer with
width O(T) is sufficient, which is a factor of d narrower
than the lower bound of Q(7'd) for FCNss.

We first prove global convergence when V' and W are
jointly trained with gradient descent. The following theorem
characterizes the convergence time of GD. For simplicity, in
this subsection we assume T guery = 04. Due to space limits,
the proof of Theorem 3.1 is deferred to Appendix D.2.

Theorem 3.1 (Joint training with one-hot positional en-

coding). For any 2 < q < T/4, ¢ € (O,m)7

n < ﬁ,mqum = 04, if we run gradient descent on

the population loss in Equation (3) with zero initialization

W (0) = 0(a17)x (a+1): V(0) = 045 (at1), then after time
A(T%d

t> O(W) we have L(0(t)) < e.

We briefly sketch our proof techniques. We start from deriv-
ing the key lemma of the proof, Lemma 3.2. It shows the
evolution trajectories of V'(t) and W (t) are always along
some direction for all time ¢ > 0.

Lemma 3.2 (Lemma D.5, informal). Along the gradient
descent trajectory, for all t > 0, there exist some time-
dependent scalars C(t), a(t) s.t.:

OgxT
(Ir — 71r17) ]’

Ogxd

W (1) = (1) | g2

V(t)=a(t) [Ig Oaxr].
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The nice property along the gradient descent trajectory is
attributed to the symmetry and orthogonality of the one-
hot positional encoding. Since y follows uniform distribu-
tion over all possible g-subsets of [T'] and X follows the
Gaussian distribution, we can directly calculate the gradient
in each of the entry W;;(t), V;;(¢). It can be shown that
along the training trajectory on the population objective,
except for the position-position block, all other attention
blocks are always 0. Moreover, the gradient of the position-
position block of W always aligns with (I7 — £1717),
while the gradient of the token block of V' always aligns
with I;. Using induction beginning from zero initialization
of W(0) =0,V () = 0, the lemma holds for all ¢ > 0.

With Lemma 3.2, the GD dynamics can be approximately
reduced to the following ODE on «(t) and C'(t):

. ) a(Tqs: —2qsy + 1)
aT (T —q)s+

-Ts)

. nad (6)
C= T 1s+(1 —qs+)(1+

where s := softmax(Z " W (t)2zquery)i- By Lemma 3.2
it is equal to softmax(CE"e,) = W is the at-
tention score of correct positions ¢ € y for any y. It thus

remains to analyze this non-linear ODE.

We first characterize the dynamics for «(t). When s is

(T—q)s+
TasT —2qs, 71" note that a(t)

can be seen as a linear ODE. However, the evolution of C'(t)
leads to a monotonic increment of s, making the trajectory
of a(t) follow a non-monotonic pattern. Fortunately, we
can inductively prove that first, « rapidly grows to a con-
stant c¢; near 1, and subsequently, « can stay above ¢; and

below a threshold (1 + ¢ %)a* with ¢o < 1. By
the dynamics of C(¢), this threshold prevents C(t) from
decreasing, and the induction hypothesis enables us to prove
that C'(¢) is monotonically increasing. Note that when s
converges to % as desired, the threshold naturally converges

to 1 and the V'(t) converges to the ground-truth [I; Ogx7].

fixed with a stationary a* =

With «(t) bounded, we can analyze the movement of C(t)
by lower bounding its increment each iteration. Like in
Huang et al. (2023), the increment pattern exhibits a two-
stage pattern. In the first stage, C'(¢) rapidly increases at
a linear rate until s, reaches @(%); in the second stage,
the growth rate of C(t) gradually decreases while being
lower bounded by poly(T, d) - € when L(t) > €. Therefore,
sy converges to % at a rate of O(1/t), leading to the final
convergence of the model.

3.2. Transformer with stochastic positional encoding

In this subsection, we study the gradient descent conver-
gence on the ST'S, problem with stochastic positional en-

coding. We also consider the joint training case, updating
V (t) and W (t) simultaneously with learning rate 7.

Though stochastic PE was introduced as an alternative so-
lution due to the failure of fixed absolute PE in length gen-
eralization (Shen et al., 2023), it also turns out to help the
analysis of the GD training trajectory. The symmetry of
the randomized architecture makes it possible to use our
intuition from the one-hot encoding case while reducing the
transformer width to ©(d 4 qlog T'). We now present our
main theorem with stochastic PE.

Theorem 3.3 (Joint training with stochastic positional

encoding). Suppose ¢ = ©O(1), § < 1/10, d. =

O(qlogT/6%), 2 < ¢ < T/4 € € (0, 155075 ):71 <

40‘2%. If we run GD on the population loss in Equation (4)

with zero initialization W (0) = 0(q44.)x (d+d.), V (0) =
2—2§

0ix (d+d,) then after time t > O~($ + 7;72;1), we have
LB (0(1)) < e.

The full proof appears in Appendix E.3. The proof idea
for this theorem is similar to that of Theorem 3.1. We first
use induction to prove a key lemma similar to Lemma 3.2,
though the convergence direction is different.

Lemma 3.4 (Consequence of Lemma E.7, informal). Along
the gradient descent trajectory, for all t > 0, there exist
some time-dependent scalars C(t), a(t) s.t.

Wi =) |t O]

V(t) = a(t) [Id OdXde] .

With Lemma 3.4, we can use the (¢, §)-RIP of E to esti-
mate the expectation in the dynamics, and moreover derive
an approximate ODE similar to Equation (6) that roughly
tracks the trajectory. Although we cannot calculate the exact
ODE, the upper and lower bounds enable us to formulate
an inductive argument, similar to the proof of Theorem 3.1.
Eventually, the analysis of our controlled dynamics leads to
global convergence.

Note that the model trained by GD with stochastic PE con-
verges exactly to a solution equivalent to the constructed
one-layer transformer in Sanford et al. (2023) with the same
width m ~ ©(d + glog T'). This implies GD learns STS,
using a transformer of near-optimal width, where the theoret-
ical lower bound ©(d + ¢) is only smaller by a logarithmic
factor.’

Moreover, the learned transformer can perfectly solve STS,
tasks given any fixed positional E satisfying (¢, 0)-RIP, and

3Remarkably, this resembles the intuition from Zhou et al.
(2023): since we learn the smallest transformer in theory, it can
length-generalize. This corresponds to our length generalization
guarantee in Section 3.4.
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Figure 1. The above figures describe the training trajectory of the
one-layer transformer model with attention layer W attending to
the full matrix [Z, Zquery]. Left (Global convergence of the trans-
former): we plot the training loss for the one-layer transformer
with stochastic PE, complementing it with the inverse loss plot.
The training loss converges to the global minimum of 0, and the
inverse loss increases linearly, indicating the O(1/t) convergence
rate. Right (Cosine similarity with the ground-truth): we plot
the evolution of the cosine similarity between W and W* and
between V and V' * throughout training, where W* and V* are
the ground-truth matrices. The two cosine similarity curves gradu-
ally converge to 1, indicating the one-layer transformer eventually
converges to the desired direction.

we can replace the stochastic architecture with any valid E
as a fixed architecture. In practice, this means that once the
transformer is successfully trained, we no longer need to
sample new positional encodings for evaluation. For more
discussion, see Appendix E.6.

3.3. Expressive power separation

We now complement our positive results with a width lower
bound for FCNs on the population loss: any FCN without
the first layer width Q(T'd) cannot approximate the STS,,
with respect to the expected square loss. In comparison to
the results of Sanford et al. (2023), our results lower bound
the approximation error on average over the data distribution
instead of considering a single worst-case data point*.

In this section, we consider FCN of the following form:
f(iL’) = WLO'(WL_l e a(Wla:))

In fact, the results can be generalized to any network of the
form f(x) = g(Wix) for some first layer weight matrix
Wi € R™*(Td+49) and arbitrary function g : R™ — R74,
For the FCN, the input format should be flattened as a vec-
tor [@yee,y] = (], g, ..., ], Y1, Y2, ...,yq)T € RiT+a,
Here, z; € R for i € [T).

We now consider the expected loss for the STS, with input
tokens x; ~ N(0,I;) and the query subset y sampled
uniformly from the set of g-subsets of [T]. Our result shows
any FCN that can approximate ST'S, requires its first hidden

“The lower bound of average-case loss with respect to some
data distribution implies the existence of a lower bound for worst-
case loss in (Sanford et al., 2023).

layer to have width at least Q(7'd).

Theorem 3.5. Let M : R4T+9 — R? be any FCN employ-
ing any activation having first layer width at most T'd — 1.
Then:

Ex., [|M CSTS(X,y)2] > ol
X,y “| ([-’ngg,y]) q( ay)HQ = Tq(T— 1)
The proof (see Appendix C.1) relies on the observation that
when the first hidden layer has fewer than 7'd neurons, the
linear transformation W7 has a non-trivial kernel. This im-
plies there exists some 1-dimensional subspace where the
FCN outputs a constant. However, the ST'S,(-) function de-
pends on the total input vector e, € R in all directions.

This leads to a non-trivial approximation error.

Combining these results and Section 3.2, we rigorously es-
tablish the expressive power separation between transform-
ers and FCNs on this STS, task in the intrinsic complexity
of width: a simple transformer with width ©(d + gqlogT')
can efficiently learn STS,, while any FCNs must have
Q(Td) width to even approximate this task.

3.4. Length generalization

Here, we present our length generalization result. One key
motivation for stochastic PE is that it can improve the length
generalization of the trained model, which is beyond the
range of the training distribution. This inspires us to inves-
tigate theoretical guarantees on out-of-distribution data of
longer sequence length on the ST'S,, task.

Suppose our training objective is based on the distribution
Dr, 4 with sequence length T and subset size g. Then, the
OOD loss with sequence length 75 > T} becomes:

£5),(6) = S Bxynr,, [ISTS,(X.) — 187 (X, 0) ]
@)
We can then derive the following corollary of Theorem 3.3,
proving the length generalization error goes to 0 as the
training error tends to 0, as long as the embedding dimension
is large enough for E to satisfy RIP.
Corollary 3.6 (Informal®). Suppose ¢ = O(1),d. =
O(qlog Trmax/8?). If we apply gradient descent with zero
initialization with T7 < Thax to train the model under
same condition in Theorem 3.3, then when the training loss

E(Tsl),q(g) < ¢, it holds that for any Ty € (T1, Tmax]:
2
(s) T2 €
£T2,q(0) < O( T2 )
1

The proof, given in Appendix E.4, is based on the exact
global minimizer GD finds after training. With stochastic

*It is a direct corollary of Corollary E.9, which can also gener-
alized to OOD data with unseen query subset size ¢’ # q.
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Figure 2. Length generalization superiority of stochastic PE: We plot the out-of-distribution error throughout training on each of
the four length generalization tasks (Tiese = 250, 300, 350,400) when 7" = 200 and ¢ = 3. Observe that the one-layer transformer
with stochastic positional encoding has a clear advantage over the fixed positional encoding architecture in all four tasks: stochastic
architecture converges after 10k steps, while the length generalization error of the fixed architecture does not go below some constant.

positional encoding, the GD solution can naturally gen-
eralize on longer input sequences, leading to this length
generalization corollary.

4. Experiments

In this section, we describe our experimental setup on syn-
thetic data, which numerically justifies our theoretical guar-
antees for convergence. In addition, we devise several length
generalization tasks for our model, in which we are able to
highlight the benefits of our stochastic architecture.

Synthetic experimental setup. In our experiment, we use
the one-layer transformer architecture defined in Section 2.3.
Our synthetic data follows the distribution Dr 4 in our theo-
retical analysis: X is sampled from the standard Gaussian,
and y is uniformly sampled from all possible g-subsets of
[T]. In particular, we choose T' = 200 for our sequence
length, g = 3, d = 5, and d, = 170. In addition, to simulate
the population loss training, we train using online stochas-
tic gradient descent (SGD) by resampling a fresh batch of
n = 256 datapoints (X, y) at each iteration to use for our
gradient estimate. When training with a fixed positional en-
coding, we sample and fix the encoding samples at the start
of training; when we simulate the training of the stochastic
architecture, we sample a single positional encoding F at
each iteration.

Training loss convergence. Our experiments show the
convergence of the in-distribution training/population loss
(estimated using the fresh batch of data at each iteration)
for our stochastic architecture (Figure 1). The convergence
process can be verified by observing the cosine similarity
of the weight matrices to their ground truth directions in
Figure 1. We also experiment on a smaller transformer with
d = 20, d. = 20 and plot the heat map of the parameters V'
and W. As we can see in Figure 3, the heatmaps of W and

Iteration t=0

Iteration t = 50000

Figure 3. Interpretable training: For the full model Equation (2),
we present a heat map of the self-attention layer W and the value
matrix V at initialization and after convergence. We initialize
W,V randomly at ¢ = 0. After training, observe that only the sub-
block of W that attends to the positional encodings E converges
to the identity direction, while all other entries converge to 0; in V,
only the sub-block that attends to the input tokens X converges to
identity direction with all other entries converging to 0.

V coincide with the ground-truth

0O o0

W= [0 OLIde

} Ve —[L, 0.

This justifies our reparameterization, confirming that the
simplified transformer still captures the essential positional
information of the ST, task.

Length generalization. We propose the following out-
of-distribution length generalization tasks for our models.
For each task, we fix before training a validation set of
Nest = 128 out-of-distribution datapoints (X, y) from the
corresponding task distribution.® Figure 2 confirms that the
fixed architecture has drastically worse length generaliza-
tion compared to the stochastic architecture: transformers

®For detailed settings, see Appendix F.
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with fixed PE cannot even converge to zero OOD valida-
tion loss while the stochastic model extrapolates to data of
unseen length. Our empirical findings reveal the benefits
of using a stochastic positional encoding architecture over
a fixed positional encoding architecture, thereby justifying
our theoretical setup and the results in Corollary 3.6.

5. Conclusion

In this paper, we put forward a comprehensive theoretical
analysis of gradient descent on the sparse token selection
task STS,. We characterize the joint training dynamics of a
one-layer transformer with stochastic positional encoding
and demonstrate the width separation between transformers
and fully-connected networks on STS, task. The stochas-
ticity of these positional encodings also provably leads to
length generalization capabilities beyond what is seen in the
input data, highlighting a benefit of our architecture.

There are still many open questions. For instance, can we
move beyond population loss and show a sample complexity
guarantee? Can we extend the benefits of randomized posi-
tional encodings to other tasks? Can we analyze the length
generalization of transformers in other practical settings?
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A. Backgrounds and Preliminaries
A.1. Restricted isometry and orthogonality property

We replicate the definition of restricted isometry and orthogonality from Sanford et al. (2023) in this section. For v € R”,
denote supp(v) = {i € [T] : v; # 0}.
Definition A.1. We say a matrix E € R%*7 satisfies the (g, §)-restricted isometry and orthogonality property if

1Bv|3 € [(1 = 8)[vl3, (1 +)llv]l3] and [(Bv, Ev')| < d]|v]l2]v’]
for all vectors v, v’ € RT with |supp(v)| < ¢, |supp(v’)| < 2¢, and |supp(v) N supp(v’)| = 0.

Here we restate the two lemmas in Sanford et al. (2023) for the construction of the transformer approximating STS,. The
first lemma is that the existence of a Rademacher random matrix can satisfy the restricted isometry and orthogonality
properties. For simplicity, we just call it RIP.

Lemma A.2 (Lemma 12 from Sanford et al. (2023)). There is an absolute constant C' > 0 such that the following holds.
Fix 6 € (0,1/2) and q € N. Let E denote an d. x T matrix of independent Rademacher random variables scaled by \/%.
Ifd. > C(qlogT)/52, then with positive probability, E satisfies the (q, §)-restricted isometry and orthogonality property.
Lemma A.3 (Lemma 13 from Sanford et al. (2023) and consequence of Lemma 2.1 from Candes & Tao (2005)). Fix
§€(0,1/2)and q € N. Let E = [ey, . .., er| € R%*T satisfy the (q, §)-restricted isometry orthogonality property. For
every vector v € {0,1}T with supp(v) < q, suppose the indices i1, i, . . . yisupp(v) € [T] in v have entry 1. Then, the
vector e, = E, (EJEv)_llsupp(v) € R% satisfies the following:

lewll2 < v/g/(1 - 26)
(e ep) =1 ifv;=1
e en)l < 6/(1-26) ifvi =0

where we define E, = [ei,, ..., e ] € R xsupp(v),

Remark. Compared with Sanford et al. (2023), we add the expression of e,, = E,,(EJ Ev)*llsupp(v), which we use
as the encoding for the query subset y in our one-layer transformer. It is used in Lemma 2.1 of Candes & Tao (2005) as
the dual certificate for the specific dual problem of a primal /;-minimization problem. We borrow the exact form of the
dual certificate here as the encoding, replacing the blackbox MLP layer ¢(X) used in Sanford et al. (2023) (which can
be poly(T, d)-wide, far larger than the width of the transformer). We posit that this positional encoding for y can also be
expressed by a multi-layer transformer with width ©(d + qlog T'), depth ©(log log log T" + log log £). It can be constructed
using the transformer construction on matrix inverse in Giannou et al. (2023).

A.2. The equivalence between simplified STS, and ¢SA in Sanford et al. (2023)

We restate our ST'S,, task and compare it with the original ¢SA task used in Sanford et al. (2023).

Definition A.4. For sparsity ¢, token dimension d, and input dimension dT" + ¢, consider the input (X,y) =
(1, T2, ooy T3 Y1, Y2, -, Yg) € RITT9 where z; € RYand y € ([Z]) is a g-element subset of [T']. Define the g-sparse
token selection STS,(-) as

STS,(X,y) =

q
E iByj
j=1

Q| =

This arithmetic task is based on the gSA task, while reduce the number of query subsets y; (which is 7" in Sanford et al.
(2023)) to 1. As a regression task, we believe it is a natural simplification only to consider one query in one data point.

Moreover, when considering the population ¢, loss Equation (3) we are using (instead of the ¢, loss used in Sanford et al.
(2023)), the two tasks are equivalent. For STS,, the population loss is:

2

1 1 1<
[’T,q(a) = §EX;y~DT,q [” STSq<X7y) - fG(X7y)H§] = §EX;y~DT,q Hq Zw% - fe(X’y)
=1

2

13
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For the original ¢SA, suppose all y; follow the uniform distribution, then we have the population loss:

A
1
‘CT’Q(G) = 5 ]EX,yiNDT,q Z ”qSA(Xv yZ) - fG(X, yz)”%
Li=1
2

T

13
= EEX,yNDT,q 523%1 — fo(X, i)
=1

2

They only have a T-factor difference. It also indicates that the training trajectory is also different in scale with an appropriate
learning rate. Therefore, we believe it’s more reasonable to consider the optimization problem on our simplified STS,
problem.

B. Limitation and discussion
Beyond the scope of this work, there still exist some limitations and future open problems.

First of all, our analysis is based on population loss rather than empirical risk minimization (ERM) on a finite dataset
using (stochastic) gradient descent. The population loss is equivalent to the empirical loss induced by the limit of infinite
training samples, which largely simplifies the dynamics. In our case, the stochasticity in the positional encodings also takes
advantage of this population loss. It enables us to focus on analyzing the stochastic architecture Eg[f], where f is the
transformer with E as its positional encoding. This population objective is used in almost all recent works analyzing the
full-training dynamics on linear/softmax transformer architectures (Huang et al., 2023; Zhang et al., 2023; Nichani et al.,
2024; Chen et al., 2024; Tian et al., 2023a; Kim & Suzuki, 2024). It would be an interesting open problem to analyze the
SGD dynamics and sample complexity on any of the existing tasks in the literature.

Another limitation of our submitted version of the paper relates to the simplified architecture of our setting. Specifically, we
consolidate the query and key matrices @, K into W. Though it may lead to different landscape properties on the training
trajectory, it does not inherently change the expressive power of the transformer. In particular, most of the recent works have
also adopted (1) to simplify the dynamics (Huang et al., 2023; Zhang et al., 2023; Nichani et al., 2024; Tian et al., 2023a;
Kim & Suzuki, 2024).

Finally, we would like to remark that we use stochastic positional encoding in our one-layer transformer instead of a fixed
set of near-orthogonal positional encoding; the additional stochasticity enables us to analyze the GD dynamics theoretically.
Moreover, it also helps a lot in practice with regard to out-of-distribution length generalization. Empirically, both choices
work for in-distribution convergence, but only stochastic positional encoding can also achieve out-of-distribution length
generalization. The length generalization superiority of randomized PE is also justified in several recent works with extensive
experiments (Shen et al., 2023; Ruoss et al., 2023; Zhou et al., 2024). Nevertheless, analyzing the dynamics with a set of
fixed positional encodings on the in-distribution loss can be an interesting open problem.

C. Approximation results on ST'S,

As Sanford et al. (2023) proved the worst-case width lower bound for FCNs to approximate the original gSA problem,
we can also prove similar results for the new formulation of ST'S,. In this paper, we go beyond the worst-case analysis
and prove the width lower bound in expectation under certain data distribution. Also for completeness, we present the
approximation results with a one-layer transformer, showing the capability of the transformer to represent STS,,.

C.1. The average-case lower bounds for FCNs on STS,

We first present our negative results FCNs for STS,, in the expected loss. For an FCN, we vectorize the input to [@yec, y] =

T . . . . .
(a:lT7 T s ey Ty Y1, Y2y ooy yq) € R4T+4 Here ¢; € R? fori = 1,2, ..., T. With this theorem, we rigorously establish the
exponential expressivity separation between FCNs and one-layer transformers in the complexity metric of width/embedding
dimension.

14
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Theorem C.1. Let M : R4T+9 — R? be any FCN employing any activation having first layer width at most Td — 1, then
E M STS,(X.y)|3] > 4
@i ~N(0,14),y~Unif ((117)) [H (Tvec, y) — a ,y)||2] = m

Proof. Consider the first layer weight matrix W € R¥*(47+4)_Since k < T'd— 1, rank(W) < T'd — 1. Therefore, we have
the submatrix of the first 7'd rows W, = W[:, T'd] € R¥*T? has its nullspace ker(W,). Denote the vector v € ker(Wj)
s.t. ||v|| = 1 and w.l.o.g. ||[v]lcc = v1, which is the first entry of the vector. We then find the set of orthonormal basis
{v1,...,v74} in RT? with v; := v as the first basis vector.

Now consider the decomposition of @y in the basis {v1, ..., v74}. Since it’s sampled from normal distribution, @ye. can be
rewritten to the reparametrized vector:

Tyee = €1V1 + €V + - - + €pqUTg, € ~ N(0,1), i =1,2,...,Td
Denote € := (€1, ..., erq). Then we can calculate the expected MSE loss given some sparse set y:
EwiNN(O,Id) “|M(wVeCa y) - STS(I(Xa y) ||§]

- / | M(@veer ) — STSy(@vee, ) [2dp(a)

)

Note that STS;(@vec, y) = STS, (2331 €iVi YLy --ny yq> = Z?:dl €, STSq (v, Y1, .., Yg)- And since v; = v is in the
kernel of the first layer,

dp(e)

Td
M <Z €V, YLy --ny yq> — STSy(®yec; YY)
i=1

Td Td
M (Z €iVi, Y1y -1y yq) =M (Z €V, Y1, ~~-7yq>

=1 =2

which is constant with respect to €;. Therefore we have

Td 2
/ M (Z €V, Y1,y -0y yq) - STSq (:Bvec; y) p<€1)d61
R i=1
Td Td 2
:/ M(Zeivi7yl7'“7yq> _Zei SrTSq (vi7y1a"'7yq)) p(el)dGI
R i=2 i=1
Td
:/ M (Z €V, Y1, ...,yq> — €1 STS, (v1, Y1, -, Yg))
R i=2
Td 2
—Zéi STSq (’Ui,yl,...,yq)) p(él)dﬁl
i=2

Z/ ISTSg (01,91, -, y))I* elp(er)der = |STS, (01, Y1, -y o)) II”
R

The last inequality is because after expanding the squared norm we have (1) €)-terms are always non-negative and (2) the
integral for €; -terms is 0.

Now we have the lower bound for the expected loss:

EmiNN(O,Id),y~Unif(([Z])) [HM(mvec»y) - STSq(va)Hg]

Td
M (Z €Vi, Y1, -0y yq) - STSq(mveca y)
=1

2

=E, o () | p(e)
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2B, e((y) [ 1584 01 0n. i) dp(eara)

€2:7d

=E, uuie (7)) [TSq (0,91, -, 9)|
2

Ey~Unif(([§])) Zv(i) /*

S

. 1 T,
_ (@[22 1 T y0)
=B, vmie (1)) | 22 0N @ | + By oy |z Do v o0

= T ey iti

T
_ax Loz, 4= 1T o)
_T,ZQQHU I +T(T71)Zq2v v

i=1 1#£]

T (-1 [<& o7

—dq 2 q— (4) —dq
> 9 e IS0 >~ 9
ey vyl DD Tq(T — 1)

C.2. The worst-case lower bounds for FCNs on ST'S,

For completeness, we present the negative results FCNs to approximate the newly formulated ST'S, problem. It is using
exactly the same technique in Theorem 10 of Sanford et al. (2023).

Theorem C.2. Let M : R4T+7 — R? be any FCN employing any activation having first layer width at most (T —q+1)d—1,
then there exists some input (Tec,y) € RITH 5.1,

1
M (@ ree, y) = STSy(X, )l > %

Proof. Let M(x) = f(Wx), where W is the first layer matrix satisfying W € R"™*(@7+9) 41 < (T — ¢+ 1)d — 1, and
f : R™ — R is an arbitrary function representing the subsequent layers of the FCN. W can be partitioned as

‘G?---?VTQW} ,
where V4, ..., Vi € R™*4 W ¢ R™*4, Due to our restriction on the width of the first layer, we have
rank ([Vg;---;Vp]) <m < (T —¢+1)d—1< (T'—q+1)d.

This implies that [V,; - - - ; V] has a nontrivial null space containing a nonzero vector u = (uy, ..., uy) € R(T—a+)d et

1
= ’u,7
2maxje(q,.. 1} [[u;ll,

3

and (for simplicity, we concatenate xy.. and y and call it &, in the following proof.)

Lyec = (07 ~-~707£q7 ---7£T>y173/27 "'7yq)
——
q—1
m(]ec = (07 eeey 07 75(1’ ceey 7£Tay17y27 "'ayq)'
1
q—

Then
W-’I?vec = ‘/10 —+ ...+ ‘/;1_10 —+ [‘/:1’ . aVT] é + Wy _ Wm(,ec,

and for some j* € {q,..., T}, ||€;-|| = 1/2. Consider
Y= (17 e q = 17])
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Lvec,j — (07 "'507547 "'7£T7y)
m(/ec,j = (0’ -0, _€q7 e _£T7y)

foreach j € {q,...,T}. We observe that
1 , 1
STS(I(:CWCJ) = 651 and STSq(mvec,j) = _géj'

It follows that
HSTSq(‘Evemj*) - STSq(w;ecJ*)

| =

Because we have shown that M(Zvec j) = f(W yee,j) = (W Ty ;) = M(Tee ;)

vec,j

max (| M(@vec,;) — STSq(Tvec ;)| ,

1
M(xCec,j) - STSq(xcec,j) H) 2 %
So in the worst case, M can approximate STS, with a loss no better than 1/2¢. O

C.3. Self-attention can approximate STS,,

We exhibit the expressivity result for the g-sparse token selection task for completeness. Due to the equivalence between
our STS, and the original ¢SA, the proof uses the same method in the proof in Sanford et al. (2023). In this method, it is
required to reform the input matrix Equation (8). In expressivity, it is equivalent to our model.

Theorem C.3 (Consequence of Theorem 2 in Sanford et al. (2023)). Forany T, €, any m := d+2d. > Q(d+qlogT), there
exists some near-orthogonal positional encoding E € R%**" and the corresponding q-sparse subset encoding e, € Rée

fory € ([Z]), s.t. there exists some 1-layer self-attention unit with width m that e-approximates STS,,.

Proof. First, we choose the near-orthogonal positional encodings to enable the efficient representation of set i and position
1. We consider some d, = C'4 1§§ L for some constant C' (We can pick 6 = 1/4), and generate Rademacher random vectors.
According to Lemma 12 and 13 in Sanford et al. (2023), there exist 7" positional encoding vectors ey, e, ..., e € R

satisfying

(ei,e;) =1
|<ei’ej>‘§67 Z#]

Denote e, = h(y) = Ey(E;,r E,)"'1,, then we will have (this is the explicit form of Sanford et al. (2023) Lemma 13)
(e, ey )y =1foralli ey

) .
[{€ei,ey)] < 1= % foralli ¢ y

Then we describe the transformer weights. Now we have the input in the following form:

£y L2 -+ TT-1 XT
Xinpm =10 0o --- 0 €y (8)
e e -+ €éer_1 er

With positional encodings, we can construct sparse linear operators Q = [0gxd, L., 04, xd.], K = [0dxd; 04, xd., La.], V
to represent the v,,, e;, and x; with ©(d + ¢d.) width:

QX = (0,0,..0,,ae,) € R¥*T
KX = (e, ey, ...,ep) € RE*T
VX = ((L’l,wg,...,iL'T) S RdXT
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We pick « := [21log(2T") /€] to help the softmax layer to do the average.

Pass the input through the transformer f, and we only take the output for the last token with e, we have

f(X)r = VXsoftmax(X "K' QX)[:, T]

T
= Z softmax(X " K ' QX)[i, T)x;
i=1

Analyze the output of the softmax. If ¢ € y, we first consider the upper bound:

o 1
softmax(X ' KT QX)[i, T] < e—a =-
qe q
And then the lower bound

eCE

softmax(X 'K 'QX)[i,T]| > —————
X QX)L T qe® + Nez

That means

11
softmax(X " K 'QX)[i,T] € [ -+ 26} for all i € y;.
q q q

If i & y;, then the upper bound of the softmax is

a/2

fimax(X T KTQX)[i,T] < —— < =
softmax ( QX)|, ]_qea_QT

Finally, we conclude the above bounds:

”f(X’ y)T - STSq(X?y)THQ

1fso max(X K" 1 x; — softmax(X T K" 7 x;
Z(q ftmax(X T K QX)[,T]) i — Y (softmax(X T K "QX)[i, T))a;

icy igy 2
€ €
<qg —+(T—¢q) - — <
Sa g t(T—a)gr=se
So we construct a 1-layer transformer that can e-approximate STS,. O

D. Proof details in Section 3.1

In this subsection, we study the gradient descent convergence on the g-sparse token selection problem with one-hot positional
encoding. We consider updating V' and W simultaneously with the same learning rate 7). For gradient descent, the update
dynamics for W (¢) and V' (¢) should be

W(t+1)=W() —nVwL(t)
V(it+1)=V(t) —nVvL(l)
D.1. GD dynamics and preliminaries

Based on the reparameterization and the objective in Equation (3), the following lemma shows the gradients of W and V.
Recall that the input matrix is in the following form

X xTr e [ i €T €T
Z, zquery) = |0 2 ror TT T g RUAFTIX(THD, )
€ € -+ er_1 €er €y

where we separate the input tokens Z and the query token zguery:

X _ |z x2 TP T (d+T)xT — | Tauery
z:= {E}_[ﬁ es -+ er_1 er €R > Equery = €y (10

18



Transformers Provably Learn Sparse Token Selection While FCNs Cannot

Lemma D.1. Denote S, := softmax(Z "W zyery) € RT at time t for certain g-sparse set y. Also, we define the q-hot

vectorY = (1{1 € y},1{2 € y}, ..., 1{T € y}) for the subset y € ([Z]). The gradient dynamics of W with input token
matrix X is:

VwLl=—-Ex, (Z(diag(Sy) — SySJ)ZTVT(lXY - sty)z,;[,e,y>
q
1
Vvl =—-Ex, <<qXY - sty> (Zsy)T)

Proof. The loss function is as follows according to Equation (3)

1
L(6(1) = 5 Exy [ISTSq(X,y) — fo(X,»)ll3].
Take matrix differentials and we have

4L —Exc, [(£(X) — STS, (X)) TV X d(softmax( 2T Wger)
+Ex, [(f(X) - STSq(X))TdV(ZSy)]
T
)

To the softmax function, we have d softmax(v) = (diag(v) — vv ' )dv. Therefore we have

dL =Ex , (f(X) —STS,(X)) "V Zd(softmax(Z "W zguery))
+Ex,, [(£(X) — STS,(X))"dV(ZS,)]

T T
1
= —Ex,|(-XY - sty> V Zd(softmax(Z " W zguery)) — Ex (qXY - sty> dv(Z8,)

T T
1 1
=—Ex, (qXY = sty) V Z(diag(Sy) — 84S, ) Z T dW zguery — Ex l(qXY - sty) dv(Z8S,)

We have the gradients for the two parameters:
1
VwL=-Ex, (Z(diag(Sy) — SySJ)ZTVT(gXY - sty)quuery>

1
VvL=-Ex, (<qXY - sty> (zsy)T)
Thus we complete the proof. O

Along the gradient trajectory, if the value matrix can be aligned with the ground-truth [I d deT], we can have the
following nice form for the loss function.

Lemma D.2. Denote S, := softmaX(ZTquue,y) € R for certain g-sparse set y. Also, we define the g-hot vector

Y = ({1l ey}, 1{2 € y},... 1{T € y})" for the subset y € ([Z]). IfV(t) = a(t) [Is Ogxr]|, the loss function can be

represented as the following form:
2

cow) = 1,

H;Y — ()8,

Proof. We have the architecture fg = V' Z softmax(Z Tquuery) and the loss function in Equation (3):

£(00)) = 3 Ex, [ISTS,(X,9) — fo(X, ) 3]

Then we can have the following expression

1 2

£0() = 3 Ex.y

1
’qXY -V ()ZS,
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T
1 1 1
= §Ex‘y (XY—a(t)XSy> <XY—a(t)XSy>
’ q q
d 1 ?
The last identity is due because the expectation of the covariance matrix X " X is dI. O

In the rest of this section, we characterize the convergence result training with GD for the settings above. Specifically, we
consider the one-hot positional encoding. Here we define the encoding for all positions i € [T] and the encoding for any
g-subset y.

Definition D.3 (One-hot Positional encoding). The one-hot positional encoding is an orthogonal matrix E = I, with
each column unit one-hot vector e; as the positional encoding of the i-th token. Thus, for any set y € ([Z]) , it holds that

e, = Zjey e;.

Remark. With one-hot positional encoding, the one-layer transformer can achieve O(T") width cost, which is polynomially
smaller than the memory lower bound 2(7'd) for FCNs. However, it cannot achieve exponential separation due to the
inefficiency of one-hot encodings.

D.2. Joint training of value and attention matrix

Now, we analyze the dynamics of training the value matrix V' and attention matrix W simultaneously with the same
learning rate 7). Instead of continuous gradient descent training, we directly train the transformer with gradient descent on
the population loss. The following theorem characterizes the convergence of GD when training both layers simultaneously.

Theorem D.4 (Joint training with one-hot positional encoding). Suppose 2 < q < T'/4. For any € € (0, m), n <
20%7 Zguery = 04, if we apply gradient descent on the population loss in Equation (3) with zero initialization W (0) =

0(i+1)%(d+1)> V(0) = 045 (a+1), then after time t > O(Tn—?) we have

£00) = 5 Ex, [ISTS,(X,9) — fo(X,0)[3] <.

We have the following lemma that will hold throughout the gradient descent training trajectory. We inductively prove that
V and W are always along the ground-truth direction, respectively. For convenience, we consider all functions of W,V
including £, S, as a function of ¢.

Lemma D.5 (Induction Hypothesis). Given the initialization of W (0) = 0 and V (t) = 0, Zguery = O, then along the
gradient descent trajectory, for all t > 0, we have Yy, 1y’ € ([Z]) :

1. Forallt > 0, there exists some time-dependent scalar C(t) s.t.

_ Odxd OaxT
WO=CO ors (10 - F1017)

2. Forallt > 0, there exists some time-dependent scalar o(t) s.t.
V(t) = Oé(t) [Id deT] .

Proof. First, observe that the base case when ¢ = 0 is clearly true. Thus, given that these statements hold up to time ¢, it
suffices to prove these for next iteration ¢ + 1, and the result will follow by induction.

Note that since the position-position block (right-bottom block) of W is always in direction of I — %IT 1. and other
entries are 0, so we know

S(i) = s1(t) > s-(t) = SV (), Vi € y.j £ y.
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Once again, since we are only considering the dynamics at an arbitrary time ¢ throughout the proof, we will abuse the
notation as sy := sy (), s_ 1= s_(t), a := a(t), and Sy (i) := S(t () which is the i-th entry of the softmax output.

First, suppose that the properties 1 and 2 hold. Recall that
1
VvL=Ex, ((qXY — sty> (zsy)T>

Now we consider the token-token block in V. We have that the (4, j)-entry (i € [d],j € [d]) of Vy L(t) is

e/ VvL(t)e; =Ex, |e] (;XY — sty> (Zsy)Tej] V() =a®) [Is 04xr])

= EX,y e;rX (;Y — OéSy> (XSy)TEj:|

(x5
—Ex,, (ZX <]l{k S Sy(k))> <ZT: Xj,ksy(k)ﬂ
k=1

We will case these entries based on whether they are on or off-diagonal.

Case L. Diagonal entries (: = j)

T
el VvL(t)e; = Ex,y K ]l{kqe u_ asy(k)>> (Z Xj,kSy(k)ﬂ
k=1

- X2, mey}
Ex .y L—1 i q aSy(k)>Sy(k>

=E

Y

5 (FEE —as,0) 5,0

k=1

(e

=1 —-agsy)sy — (T = qlas

Case I1. Off-diagonal entries (i # j)

e;erE(t)ej = Ex’y l(z Xk (]l{k € y} OéSy(k))> <i X]kSy(k)>‘| =0
k=1

This follows from the fact that each cross term of this sum is a product of two mean zero independent Gaussians, and thus
the entire expression is 0. That means the gradient of V' has its token-token block aligned with identity.

Then, we consider the position part. We have that the (¢, d + j)-entry (¢ € [d],j € [T]) of Vy L(1) is
[ 1
e/ VvL(te; =Ex, |e/ (qXY - sty) (ZSy)Tejer} V() =a®) [Is 04xr])

[ 1
=Ex, e;rX<qY - O‘Sy) (ZSy)TeH_d}

B 0
—Ex, (ZX (“key} aSy(k)>>Sy(j)
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Using induction hypothesis, since

_ Odxd OaxT
WO =Colr i ian)]

S, (7) is independent of X, so this expectation of the token-position block is all zero:
T ]l{k €y} .
e/ VvL(te; =Ex, ZX —aS, (k) ) ]S,3)
1{k € .
(Z Ex (X ({qy} - asyoc))) 5,0)
k=1

Combining the two blocks, we have that Vv £(t) = ((1 — agsy)sy — (T — q)as?) [Is  0axr], which implies that for
time ¢ + 1, V'(¢) will also be in the direction of [I d deT] , hence proving the fourth property.

=0

‘We now proceed to prove the third property with a similar analysis. We also just need to prove that the gradient can be
expressed as:

0 0
VwL(t) = C1(?) {O;ij (Ir _dxlTTlT)}

for some scalar C' (), and then it indicates the next iteration W (¢ + 1) will keep in the same direction. Recall that
VwL(t) =Ex, [Z(diag(sy) -8,8)z'vV' ( XY -VZS ) query}
Since V' (t) = a(t) [Is  Og4xr] by the induction hypothesis, we have that this is equal to
VwL(t)=aEx, [Z(diag(Sy) - 5,5 )X"'X ([11 —as, ) query]
We first consider the first d columns of the gradient, which is

1
VwL(t).<qa=aEx, [z(diag(sy) -5,8,)X'X (qY — aSy) :cqueryq
= 0(a+1)xd-

Because xquery = 04.

Next, we consider the top-right block of the gradient Vw L(t)<qar+4. By induction hypothesis, S, =
softmax(Z " W (t) zquery) = softmax(C(¢£)(I — 11" )e,) at time ¢, which is independent of X . Therefore, by symmetry
the gradient of this block is

. 1
VwL(t)<agaria=aEx {X (diag(S,) — 8,8, ) X' X (qY — aSy> eyq

_ %a Ex., [X (diag(8,) — 5,87) X T X (1
q

Y — aSy> eyq

1 1
—50Ex, {X(diag(sy) -5,8,)X"X <qY - ozSy> eyj =0

Finally, we consider the position-position block. In particular, since E X " X = dI, we have that for 4, j € [T],

VwL(t)(ita),(j+d) = ¢ Ex y [ ;r(diag(Sy) - SySJ)XTX(q —as, )e ej}
(Here e; are one-hot vectors in R”.)
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= adE, {(Sy(i)e;r - 8,(i)S,) (;Y - aSy)ll{j € y}]

= id e — NS T 1o o
- 5 3 (ol 5080 )
= ?TC; Z (Sy()1{i € y}/q — aSy(i)* — Sy(i)sy + aS,(1)[|Sy]1*)

We now case this between on and off diagonals again.

Case L. Diagonal entries (i = j)

el VwL(t)e; = ol Y (Sy()1{i € y}/g — aS,(i)* — Sy (D)ss +aS,()lIS,|?)

T
(q) y:j€y
ad(T:l) 1

_adg 1 5 afl —gsy)?
= TS+(q asy — s +agsy + T—q
ad aq(l —gs)?
= ?S_;'_ (1 —agSs4+ —qsy + anSi + Tifq
ad Ta
= T 5+ ((1 —a)(1—gsq)+ ﬂ(l - q8+)2>

Case II. Off-diagonal entries (i # j)

el VwL(te; = 2L ™ (8,()1{i € y} g — a8, (1)? — Sy(i)ss + a8, (D)IIS, )

T
(q) y:j€yY

=0 S (5, 0)L{i €y} g — a8, — S,(0)ss +aS, (]S, )

(q) Y jEY, i€y

+ O‘Td > (Sy(i)1{i € y}/q— aSy(i)* — Sy(i)sy + a8, (i)]|Sy[*)

(q) Y i €Y, i¢y

The first of these terms is similar in structure to the diagonal entry case:

Y (S,0L <) g a0~ S, s + S, @IS, )
ad (T2 |
= MS‘F (; —asy — s+ a||Sy||2>

(q)

ad(q—1)q 1
— S (5 - sy sy +alls, )

T(T—1) °*F
= S s (- )0 = a4 (- 0 )

where the last line follows from the calculation in the diagonal entry case.

Looking at the second term, we have:
ad . . N2 . . 2
> (Sy()1{i € y}/q— aS,(i)* — Sy(i)ss + aS,(i)]Syl*)

T
(q) y:j€Y,igy
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ad(T__Q)
= e (Cas. - sy +allS,)?)

(o)
_adg(T—q)1—gsy (_a(l —qs+)
T(T-1) T-—gq T-—q

— 54 +ozqsf_ +

a(l —gsy4)?
T—gq
adq

= 7_1)(1 - qs+)(—s+ + agst —

gsya(l —gsy)
T—gq

From this, we get that eiTVWE(t)ej is the following expression multiplied by T(%iil)

(g—1)s4 ((1 —a)(l—gsy) + %(1 - qs+)2) +q(1 —gs4) (s+ + agst — W)

Tas
=(qg—-1) (s+ — spo—qst +agsy + ﬁ(l — q3+)2>

spa(l —qgsy)?
+q(s++qsi+aqsiaq253_q + ;_qq +) >

Tasy
= — (8+ — sya—qst +agsy + m(l - qs+)2> + q(—sta+2agsT — ag®s + asi(1—gs4)?)

Tasy
T'—q

= —s, +sa+ qs2+ — aqsi — (1—gs)* —qspa+ 2aq2si — 04(]353’r + ags; (1 —gsy)?

(- + - as )

Thus, we have that

ad

e;rVWE(t)ej = m ((1 - a)(l - q3+) + %(1 - QS+)2> (_SJr)

for off-diagonal entries.

Combining our on and off-diagonal entry calculations, we obtain that

V() = (s (- @)1= as) 4 o= a5 ) (1 - 21017 )

Ogxd OgxT
Orxa (Ir— £1717)
for iteration ¢ + 1 as desired. O

Combine all the four blocks, we know the gradient of W is along the [ } . This proves property 1

Remark. After proving the induction lemma about the evolving direction of W (t) and V' (t), the optimization problem
can be reduced to analyzing the two variable dynamics of C(t) and «(t).

We can now proceed to prove the main theorem for the joint training algorithm by analyzing the C(t) and «(t) dynamics.

One can refer to the main paper for proof ideas.

Proof of Theorem D.4. After Lemma D.5 shows that V' and W are always along the ground-truth direction: V() =
a(t) Iz, W (t) = C(t)(Ir — £171]), the dynamics of the parameter matrices then can be characterized by two scalar
variable «(t) and C(t). Our update rules become

alt+1) :a(t)-l-n((l — agsy)sy — A

a(t)(Tqs: —2qs4 + 1)
(T —q)s+

24
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Cle+1) =00 + iz o (1= ) =g+ 71 - g ?)

ad o
=00 + iz s g (14 72 (- 7o) )

Here, s (t) := S?St) (1),1 € y is the correct position softmax probability value at time ¢. We omit the ¢ here for clarity since
at each iteration only s (¢) is related. Along the trajectory, s < % by its definition: since W is along (It — %1717.), all

i € y has the same softmax probability Sét) (i), and thus they cannot exceed the upper bound 1/g.

Now we prove that these update rules take o — 1, C(t) — +oo when ¢ — +o0. Note that when s is fixed, «(¢) has a
(T—q)s+

- - * J—
stationary point a*(t) = TasT =205 F1

. That means we can write the oz dynamics into:

alt+1) = alt) + s, (1 _ o) >

a* (1)
1 1

One can easily check that when s € (7, 5), a*(t) > 1, and it achieves maximum at s, =

3
Es)

To characterize this limit above when ¢ — oo, we need to prove the following two arguments:

1. C(t) is non-decreasing for all ¢t > 0.

2. «a(t) goes through 2 phases:

9(T—q)e
dT

Phase I. o monotonically grows to 1 — 0.1 at some time ¢;.

Phase II. o stays within an interval whose upper bound is close to o* after time #1:

aft) € [1 —0.14/ q(Td;Q)e, (1 + (qu;:();:ff)))a*(t)] (IH1)

Phase I. We inductively prove that both «(¢), C(t) are non-decreasing. For ¢ = 0, by zero initialization, C(0) = C(1) =

0,(1) = 7 > 0so it holds for ¢ = 0. Suppose it holds for some ¢ < ¢; before o hit 1 — 0.14/ %. Then we know for

a(t + 1), we have the update rule:

a(t+1) = aft) +ns4 <1 - (j*((tg)) > at) + 77%(1 - O(ji((tt))) (Induction Hyp. s} > 1)
> a(t) + n%(l ~a(®) (@* > 1)

T —

So « is non-decreasing. Meanwhile, for C(¢ + 1):

ad
> C(t) +ns (1 - gsy)

C(t+1):C(t)+nTa_dls+(1—qs+)<1+ a“ (1—Ts+))

1+qq(1Ts+)) (@ <1,(1-Tsy)<0)

B ad T—qg+q—Tgs+
*C(t)+7lT_15+(1*q$+) T—q

adT 9
_ el — >

so they are both non-decreasing. Then we need to upper bound the time ¢; for «(t) to reach 1 — 0.14/ %: by the
update above we have

a(t)
a*(t)

) > at) + 771(1 — o(?) ) (Induction Hyp. s, > %)

alt+1) = alt) +ns+ (1 - T o @)
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1
> a(t) + nz5(1 - () (0" 1)
S1-at+1)<(1-n/T)1-a®) <..<(1-7/T)(1-a0)).
Thus for a(t +1) > 1 —0.14/ %, it takes at most O(%g%) iterations.

Phase IL In this phase, we first consider s, (t) < ﬁ. In this case, a*(t + 1) > a*(t), and inductively

. . ns+(t) , . - ns+(t)\,
o (t) —at+1) = a*(t) —alt) - af(t) (a(t) —a(t) = (1 - af(t) )@ (t) — a(t)) >0,

a(t +1) < o*(t + 1) always holds, and the induction hypothesis holds for ¢ 4 1.

All arguments below is based on s (t) > ﬁ We first verify that within the induction hypothesis range, C(t + 1) > C(%).

d
Ct+1) = C(t) + 17—

sl = as) (14 7201 7))

ad (=101 —gs4)\ . 4
> — 1 1+— - t)—(1-T
> O1) + 771 qs+>( +( et et - Ts)
(o < (1+ G505 )ar (1), (1 = Tsy) < 0)
_ ad 1 1—gsyt

a
(T —1)(Tqs% —2qs4+ + 1)

=C(t)+n si(1—gsy)® > C(t)

. , . . ) (4d—1)(1—gs4+ () )«
Next, we first divide a(t)’s possible range into two parts: «a(t) < (1 + Wqﬂs‘ia)_l))a (t) and aft) €
(4d—1)(1—gs4 (t)) * (8d—1)(1—gs4 (t)) *
[(H 4dqs+<t><qu+<§>—1>)0‘ (t), (H qus+<t)<qu+<+t>—1)>0‘ (t)]
For the first part, we prove the following statement (S1):

If a(t) < (1 + %)a*(ﬂ, the next step

(84— 1)(1 — g (t+1))
8dgs+(t+1)(Tsye(t+1)—1)

alt+1) < (1+ )a*(t+1).

If (S1) is true, then we know once a(t) < (1 + %)a* (t), a(t + 1) satisfy the induction hypothesis. After

proving (S1), the only part left is when

(44— 1)1 = g5 (1) \ . (84— 11— g5+ (1) \ .
« (1 dagor o) O (1 Sagsrmss 1) 0]

We prove statement (S1) by proving

(8d —1)(1 —gs4(t+1)) ‘ (4d—1)(1 —gs+ () \
(1 " Bdgs (L + D (T (t+1) - 1)>a t+1)> (1 T Adgs s (0)(Ts2 (1) - 1)>a ®) 52)

When the inequality (S2) above is proved, then (S1) is proved. This is because: if a(t) < a*(t), then by update rule we have

a*(t) - alt+ 1) =a"(0) - a(t) - T (@ ()~ () = (1 - B2 (0) - ale) >0,

alt+1) < a*(t) < (1+ (4d — 1)1 _qs+<t)))>a*(t)

Adgs+ ()(Ts+ (1) — 1
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(8~ 1)(1— gs. (1 + 1))
= (1 8dgs L+ )(Tsr(t+ 1) — 1)

)a*(t+1)

If a(t) > a*(t), then alt + 1) < at) < (1+M)a*(t), and therefore smaller than

4dgsy (t)(T's4(t)—1)
(8d—1)(1—qs4 (t+1)) .
(1 + smt et o (t + 1.

Now we prove (S2) by expanding the s, (¢ + 1) using the update rule of C(¢). Denote AC(t) := C(t + 1) — C(t). Since
N < 5oq2» AC(t) < £. Then we have

20d2°
(t+1) ! - 1
S —
' g+ (T = q)e=00=2C0 = g4 (T — q)e- D (1 - AC(t))
1
g+ (T — q)e=C) — (T — q)e=CWOAC(t)
1 5 1 2 c
= n T — - (t)A t
T g+ (T —q)e=C® + 4 <q +(T — q)e—C(t)> ( q)e C(t)

The last inequality is due to AC(t) < +. Then we have

sp(t+1) < ! +5< !
" T g+ (T—q)e €O 4\qg+ (T —q¢q

=50+ 3405 —a)ac(

2
P==0 ) (T ~ g)e OAC()

= 54(0) + 25.(1 — 45, )AC(D)

(1—gs4(t+1))
gs4+(t+1)(Ts4 (t+1)—1)°

Then we consider the decrement of a*(¢ + 1) and

0 (1) = (T-q)s4(+1) _ (T —q)
Tgsy(t+1)2—=2¢s4(t+1)+1  Tgsy(t+1)—2¢+1/s(t+1)
(T —q)
= Tas s (1) — 20+ 151 (0) + 3705+ (D1 — 451 (0)AC(Q)
(T -q) 3T = @)Tgs+ (t)(1 = gs4. (1)) AC(2)
T =2+ /ss (D) (Tass(D) — 2+ /55 (1))
S(T — Tast (01— g AC(H) . 5Tgs ()1 — gs1 (1)AC(H) .

=a’(t) - NTqs2 () —2qs-(t) + D2 © R TCE ¢sT(1) =205, () +1) v

(1—gsp(t+1))
gs+(t+D)(Tsy(t+1)—1)

1 1
T s+ D)(Tsa(t+1) —1) (Tsi(t+1)—1)
1 1

e DTy (1D = 1) Tsr () = 1) (504 1) 2 54(8)
11 1 - 1
Tl (D) syt D) -E Tsd) - 1)

1( I Ssi(1— qs.QAC(t)) ( 1 B Ssy(1— qs+)AC’(t)) 3 1
=1\ ) (- % (57— £ (Ts1(0) — 1)

(1—gsy (1)  §s+(1—gss)AC(H)  Fs+(1—gs)TAC(H)

2 e OTse () -1 a0 (Tsy 1) qsy (O(Tss — 12
C (egsa(®)  3si(-gs)ACH)(RTs, — 1)

45+ (O(Ts3 () — 1) 45+ (02 (Tss — 172
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Then plug in the original term, we have the lower bound for

(8d—1)(1 —gsy(t+1)) .
(1 i 8dgs(t + 1)(Ts+J(rt +1) — 1)>a (t+1)
(4d —1)(1 —gs4 (1)) * (1 —gsy(t))
- <1 " dgs (O(Ts1 (1) - 1)>a 0+ 8dgsy (t)(Ts, (t) — 1)
554 (1—gs ) AC(H)(2T'sy — 1)a*(t)
4gsy (t)?(Tsy —1)2

o (t)

_ <1 (8d—1)(1 —gsi(t+1)) > 5Tgs3 (t)(1 — QS+(t))AC(t)a*(t)
8dgsy(t+1)(Tsy(t+1)—1) ) 4(Tqs%(t) —2gs4(t) +1)
. 8d—1)(1—gs (t+1 d
Since 8d(§€+(f+1)(7?94t((f+1))) N < 81 < 1 when s, > T , we have
4B DU—gs(t “(t+1)
8dgsy(t+ 1)(Tsy(t+ 1 - 1

(4d— 1)(1 — g5, (1)) (-gse(t) .
2 (14 g T 1)) O Sdgs, 0T, ) - 1) P
_q. 5Tqs% (t)(1 — gs(t ))Ac(t)a*(t) s+l —gsp)AC(H) (2T s — 1)

A(Tqs2 (1) — 2454 (t) + 1) g5+ (02 (55 — 1)?

a*(t) *)

Then we need to prove that (here s := s4.(t)) to show (S2).

(1-gs0) _ 5Tast (1= gs)AC(E) | J.(l - s AC(H(T s, — 1)
8dgsy(Tsy —1) = 2(Tqs3 —2qs4 + 1) qs3 (T'sy —1)?

We have that the right hand side has the following upper bound (T > 4q):
5Tqs? (1 — gs4)AC(t)  2s.(1—qs1)AC(t)(2Tsy — 1)

2(Tqs% — 2gs; +1) qs? (T'sy —1)?
Tgs (1 — AC(t)  2s4(1— AC(t)(2Tsy — 1
< 5Tgsi(1 — s )AC() | 35+ qz+) (t)(2T'sy —1) (54 <1/q)
2qs4(Tsy — 1) qst(Tsy —1)2
_ 5Tqs3(1—gsp)AC(H) | Psi(l—gs1)AC(H) -
2¢s4(Tsy — 1) qs? (T'sy — 1)
Leta=(1+ vﬁ)a*, then we have the upper bound for the update
AC() =01~ )Ly P o ! s (1 gs.)?
gs(Tsy — 1)) (T —1)(Tqs% —2¢s4 +1) F +
d(T — q)s2(1 — gsy)?
e )5( ) 2
(T = 1)(Tqs% —2qs4 + 1)
d(T — ¢)(1 — gs4)?
< (1 =) (T —q)(1 —gs4) i
(T =1)(Tqs4 —2q+1/s54)
AT —q)(1= Y27 4
<n(l -9 I <] (s+ 21/vTq)

(T—1)(2y/Tq— 292 ~ dqT"

Since n < 55 d2 , plug the upper bound for AC(t) back to the two terms in (**) respectively and we proved the inequality.
And therefore, (S2) is proved, which also leads to (S1).

Finally, we consider a(t) € [(1 + %)a (1), (1 + %)a*(ﬂ] Now, since by update rule,

a(t) (8d—1)(1—gs, () \ ., (4d— (1 —gs, (1)
a*<t>) : (1 " Sdgs, (0)(Ts 1 (1) - 1))“ O = 4y Ts @) - 1)
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We just need to prove that

(8d —1)(1 —gs4(t+ 1)) .
( 8dgs (L + 1)(Ts+J(rt 1) — 1))0‘ (t+1)
(8d—1)(1 —gs4(t) \ ./, (4d—1)n(1 —gs1 (1))
= (1 " 8dgs, (0)(Ts (1) - 1>)O‘ O = (s, ) - 1)

Note Equation (*) gives the lower bound for the left hand side:

(8d —1)(1 — gsy(t+1)) y
(1 8dgs. (i + 1)(Ts+?t T - 1))“ (t+1)
(4= 11— gso() | . STes )0~ g5 ()AC()
> (14 g )@ 2T (1)~ 245 () 1 1) ©
B 254—(1 - QS+)AC(t)(2TS+ - 1)04*(t)

g5+ (02 (Tss — 1)?

Yet when o(t) > (1 + %) a*(t), we have a better upper bound for AC'(¢):

1—gst d
AC(t) = (1 —)(1 "
O =0 =+ )Y T Tt —2gs 1

d(T - q)s1(1 —gs4)°
(T —1)(T'qs% — 2gs4 +1)?

o1 4d —1\? d(T — q)s% (1 — gs4)?
=1 4d (T —1)(Tqs? — 2gs4 + 1)?
n (T-q)si(1—gsy)?

2(T —1)(Tqs% — 2qs4 + 1)?

<n(l—+?)

<

Then we need to bound both terms in Equation (#) (for simplicity denote s as s (t)):

5Tqs2 (1) (1 — g5 (1) AC(t) 5nTqs’ (1 — gsy )3(T — g)?

a*(t) <

)3+(1 —qsy)?

2(Tqs? (t) — 2qs4(t) + 1) 4T —1)(Tqs? — 2gs4 + 1)*
U (T -q)* (1—gsy) ' qs5. (1 —gsy)?

4 T-1 Tqs® —2qsy +1 (Tgqs? —2gsy +1)3
_om T(T—q®  (—gsy)  as2(1—gsy)?
! T-1 qs+(Tsy —1) (Tqs? —2gqsy +1)3
_ b T(T—q)® (1-gs4+) q(1 —gs4)?

4 T-1 q(Tsy —1) (Tqst —2qsy +1)(Tq —2q/s4 + 1/s%)?
S TT—q? (1-gsy) q
4 T-1  q(Tsy-1) 2(Tq—g¢?)?
_om T (L—gsy) _5n (1—gsy)

8¢ T—1 q(Tsy—1) = 14¢q(Tsy — 1)

554 (1 — g5+ )AC(H)(2Ts4 — Ua*(t)
4gs4 (1)*(T'sy —1)°
< 91— g54)(2Tsy — 1) (T — q)*s3(1 - gsy)?

4qs, (Tsy —1)2 2(T —1)(T'gs? — 2¢gs4 + 1)3

_ (1 —gs1)(2Tsy — 1)(T = ¢)*s3 (1 — gs4)°
8¢(Tsy —1)2(T —1)(Tqs? — 2gs4 + 1)3

29

#)

(s+ <2

(s > ﬁ-)

(¢=>2,T > 4q)

(Plug in AC(t))



Transformers Provably Learn Sparse Token Selection While FCNs Cannot

o nl—gsy) 2Tsy —1 (T —q)? 1 (1—gs4)?
~8¢(Tsy —1) Tsp—1 T—1 Tq—2q/sy+1/s7 (Tqs: —2gs; +1)2
com—gsy) o (T—¢? 1 1 _ 159(1—gsy) _ 15n(1 —gsy)

~ 8q(Tsy — 1) T—1 Tq—q?24 ~ 32¢*(Tsy —1) — 64q(Tsy — 1)’

Therefore, by Equation (#) we have

(84— 1)(1-gs (t+1) .
<1 8dgs+(t+1)(Ts4+(t+1) — 1)>a (t+1)
(80— 1)(1 =52 () \ ..\ 5Tast (00— g5 (DAC(H)
> (14 oy 0 2(Tqs2 () — 25+ (0) + 1)
3511 - gs4)AC(H(2Ts 4 — 1)a*(t)
45+ (02 (Ts; — 1)2
(8d—1)(1 —gs4+ () ) . 5 15\ n(l —gsy)
=14 s BT )2 O~ (T + 61 e
D=0 ) oy 1ol
0)(Ts: (0) - 1)

a’(t)

d>1)

< qusJr 4d q(Tsy —1)

Therefore, we finish the induction for (IH1).

With the induction hypothesis, we can analyze the upper bound of convergence time. For Phase I, we have the lower bound
for AC(t) (note that a < 1,y < 0):

AC(t) >n(1—~)(1-01 (T —1)(Tqs% — 2gs4 + 1)

s+(1—gsy)?

ndsy (1 —gsy)?
T 2T —1)(Tqs% — 2qs4 + 1)

And for Phase II, we have the lower bound since v < S’é—;l

1—gsy d 9
AC(Ht)=n(1—-~)(1+ a* s4(1—gs
o0 (T—asi(l-gsy)®  _n (1—gsy)?
~ 8 (T —1)(Tqs% —2¢s; +1)2 = 8¢q(T —1)(Tqs% — 2¢s4 + 1)
Then AC(t) > (1= q”) for all ¢. Then we divide the training trajectory into two stages as in Huang et al.

8 q(T—1)(Tqs3 —2¢s++1)
(2023): in the first stage, s; grows to 1/2¢. In the second one, C(t) grows large enough s.t. s > % — é\/ ‘I(Tdi}q)é.
For the first stage, it’s necessary that C'(¢) > log %. While since sy < ﬁ, we have
1

3 n
AC(t) > > 1
clt) 2 8¢(T —1)(Tqs? —2qs4 +1) — 812

2
It takes at most O(Tlnﬂ) iteration for C'(¢) to reach this value.

For the second stage, we need C(t) > log (% q(ﬁfq)e). Since s, < % — %, /% during this period, we can lower

bound the increment:

Ui (1—gsq)? nge
AC(t) > > ,
) 8q(T —1)(Tqs% —2¢s +1) — 8d(T — )T

. T?dlog( <L), . .
So it takes at most O(%) iterations.
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Finally, we check thatif s > = — %\/ %, then the loss is smaller than e.
1_ [ 2

= %E _(;XY - a(t)XSy)T (;XY - a(t)XSy)

While a(t { 14/ q(T;Tq)e ( + gzgi)(;gfé{)))a (t)} := [a1, aa], the loss value is upper bounded by
d (T —q) 1y’ + aj 2(1—gsy)?
max ———— - sy — — -
et 2T =g\ VI g o

For oy =1 —0.14/ q(j;i;q)e, we have

(T - Q)Q<a(t)5+ - ;) +a(t)’(1- q5+)2>

T =9 ga(tyss — 12 4+ (1 qs+>2)

< Q(Td_ ) (Tq_q<q5+—1+0.1qs+ q(Td;q)e> + (1 —gsy)?

: ((1 —q5.)%4+0.2 %(1 —¢s.)+0.01- q(Td;’)j + (1 - q5+)2>

T—q 2 QT —qle [q(T —q)e q(T — q)e
q-((l—qs+)+0.2\/ o \/ e +0.01.dT>>

T
<————(1—gs )2—|—0.216§e.
AT —q) ¢ "

a(T—q)e
2 dT

For ais = (1 + M)a*(t), denote Aa = ap — o*. Then Aas, < a*. Also, for o we have a upper

8dgs4 (Tsy—1)

bound (using € < WTq)q))'

o — T'—q < 1 Ja( —q
qu+—2q+i qs+ T [aT—qe (T q)e - 25

Then the loss can be upper bounded:

L(0(t)) = Q(Td—q) ((T —q)q (a23+ - ;) +a3(1 - qs+)2>
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(T—q)e
d 4/ 4% (T — g)*¢ .o
T _ * 1 _ * S S A
(T—q)e
d 4 : dT * 4q(T - Q)e *
tag g\ T (e e (s

(T—q)e
d 4\/ . daT 4¢2(T — q)%€¢ .o
_ T— * 1 _ 2 S Sl 7 *
ATyl T(Tqs? —2qs, + 1) (I=gs4)+ = —@
(T—q)e
d 4 1 dT 2 4q(T — q)E 2
* 1 _ 2 * 1 _ 2

d . 1\? 2 2
=M<(T—Q)Q(a 5+—q) +a (1—q8+)>

[ (T —q)e
d 4 q qu

dr 2 4°(T — q)%¢ .o
- = ) —1 2 _ * 1— 2 i *
2q(T*q) (qSJr( ) ) + Q(qu) T$+ «Q ( qs+) + dT3
(T—q)e
d 4/ 5 r 2 49(T — q)e .o
* 1 _ 2 * 1 _ 2
€ d 4°(T —q)%c .o | 4(T —q)e o 2
< - * *2(1— <e
2+2(T—q)< st g s s e
when T > 4q.
2 J1og( 4T
In conclusion, after Phase I (at most O(%) iterations) and Phase II (takes at most O( e lf;g Ty T dlnge( z) ) iterations),
the population loss £(0(t)) < e after time O(TT?) O

E. Proof details in Section 3.2

Though Sanford et al. (2023) demonstrated the success of the representational power of one-layer transformers on the
original gSA task, it does not guarantee gradient descent can converge to the constructed solution for W. For our simplified
task STS,, the problem remains. Experiments (see Section 4) show that if the positional encoding is fixed during training,
even though the trained model can express STS, when it has the original positional encoding, the performance can be
drastically bad after switching to another set of valid positional encoding. This motivates us to consider the population loss
with the resampling of positional encoding.

To be specific, we further consider resampling from all possible, yet valid positional encodings to get a transformer with a
stochastic positional encoding module. In the construction of C.3, as long as the positional encoding matrix E satisfy the
(g, 0)-restricted isometry property (RIP) and subset encoding e, = Ey(EyT E,)"'1,is used, W = ol with infinite large
« can approximate ST'S,. Therefore, we condition on that the random Rademacher matrix has the (g, ¢)-restricted isometry
and orthogonality property for some §, and take the expectation of the model output as a transformer with a stochastic
positional encoding. After adding the randomized architecture, the model becomes:

Definition E.1 (Transformer with Stochastic Positional Encoding). Define a reparameterized 1-layer self-attention layer

with stochastic positional encoding as the following model with trainable parameter matrix V', W where W € Ré*d: V ¢
Rd xd .

fés)(X, y) =Eg [VZ softmax(Z " W zquery) | E satisfies (g, §)-RIP
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Recall the definition of Z and zquery:

z-[B] -0 o T o] e - [ av
For simplicity, we denote the conditional expectation of a random variable x as:
]Eg?’) [x] =Eg {a:’E satisfies (g, 6)—RIP}
The training objective becomes:
£(6) = 5 Bx, [ISTS,(X, ) — £5” (X, )13]. (12

E.1. Notations

In this section, we introduce the notations used in the proof of Theorem E.6 for simplicity. One can refer to this section once
some undefined notations are found.

We apply the same notation S,, for simplicity: denote the attention score

Sét) := softmax(Z " W (t) zquery) € RT

for certain g-sparse set y € ([Z]). We denote the i-th entry for the attention score as
Sz(/t) (i) := softmax(Z "W (t) zquery)i € R

For clarity, we ignore the timestamp and overload the notation as S, for all time ¢ during gradient calculation if all variables
that occur in the expression are at time ¢. For GD updates, we will specify the difference between Syst) and S§t+1).

For W (t) = C(t) L;) dxd 0? de} , we know before softmax layer the pre-attention score C'(¢) is the same for any i, j € y
dexd de
since e/ e, = e;ey = 1. That means Sy (i) = Sy(j). During the proof, we denote s, = S, (i) with ¢ € y when

W(t) =C(t) L?dd XX‘Z 0;2 de] for some scalar (which is always true in the proof of the two theorems).

After introducing the stochastic architecture, we have Egz) [S,] in our dynamics. For simplicity, we define S, = Eg%) [Sy]-
By Lemma E.14, we know for W (t) = C(t) L?ixxdd Ogef] (which is always true in the two theorems), there exists
55(¢),5=2() s.t. o

Sy =57Y +5-(17-Y).
And here 57 := ESV[S, (1)), i € y, 57 := EYV[S, (i)],i € .

In the following subsections, we will separate the gradient matrices into blocks. For matrices in the same shape of
W € RldFde)x(d+de) we denote W, <4 € R(4Fde)xd a5 the submatrix formed by the first d columns. Then, we define
W. -4 as the submatrix formed by the last d. columns. Similarly, we denote W<y <4, Ws4.<d4, W<a,>d, W>4,>q as the
four different block submatrices, respectively. Similar notations also apply in the case of V.

E.2. GD dynamics for stochastic PE

Before introducing the main theorem in this section, we first provide the expression of the gradient dynamics. Recall that
the input matrix is in the following form

Ty T2 - LT—-1 LT Lquery c R(d+de) x(T+1) . (13)

Z,z =
(Z, zquery] e, ey - ep., erp e,
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where we separate the input tokens Z and the query token zguery:

X _ |1 ®2 - mp1 T (d+de)xT — | Pauery
Z .= {E]_Ll er o eri er eR s Zquery = e, (14)

With the stochastic positional encoding introduced, we have the following lemma that shows the dynamics of W, V.

Lemma E.2. Denote S, := softmax(Z TquM,y) € RT for certain q-sparse set . Also, we define the q-hot vector
Y = (1{1 e y},1{2 € y}, ..., 1{T € y}) for the subset y € ([ig]). The gradient dynamics of W with input X is:

query

1
Vwil =—-Ex,E <Z(diag(5y) - SySyT)ZTVT(gXY - VZEG[S,))z, )
1
vvi=-5x, ((3x¥ - vZELIS,)) 2 ELls,)T)

Proof. The loss function is
1 ‘
£(0) = 5 Exy [ISTS,(X,y) — 57 (X,p)l13]-

Take matrix differentials and we have
AL =Ex, [(/§7(X,y) = STS,(X,y) "V ZA(ES” [softmax(Z T W zquer) |

+Ex., (/57 (X,y) - STS,(X,y) TV EF" (25,)|

To the softmax function, we have d softmax(v) = (diag(v) — vv " )dv. Therefore we have

AL =Ex., (/5 (X,y) = STS,(X, )"V ZA(EY [softmax(ZT W zque)] |

+Exy [(/57(X,y) — STS, (X, y)) AV EY (Z5,)]
T
=—Ex, (1XY ~VZEW [sy]> VZEY d(softmax(ZT W zquery))
q

.
1

—Ex, (XY ~VvZEY [sy]> AV EY(ZS,)
q

.
1
= —Ex.,( (qXY ~vzZEW [sy]) VZEY [(diag(S,) — S,S,])Z T AW zquery

1 T
—Ex, (qXYVZEg‘)[SyD v (ZEYV[S,)

. dWw _ _ ac
Since <3~ = I We have

1
VwL =—Ex,EZ (Z(diag(Sy) - 5,8NZ"VT(-XY - VXEZ[S,])=], >
q

query

VvL=-Ex, ((;XY ~VZE® [sy]) (ZEW [Sy])T>

O

Along the gradient trajectory, if the value matrix V' can be aligned with the ground-truth [Id dede] and W = C -

[ded Ogxd.

, we can have the following nice form for the loss function.
O0g.xa Iq,
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Lemma E.3. Denote S, = softmax(Z "W zyery,) € RY for certain g-sparse set y. Also, we define the q-hot vector
Y = (1{1 € y},1{2 € y},...,1{T € y})" for the subset y € ([ig]). IfV(t) = at) [Ia O04xq.| and W (t) =
C(t) [(? dxd O;X dﬁ} , the loss function can be represented as the following form:

dexd de

2

L) = 5,

2v - aEgs,

Proof. We have the loss function

£(0) = 5 Ex [ISTS,(X.) — £57 (X, 0)3]

and the architecture fp = EXY [V Z softmax(Z T W Zguery )]-

Then we have

2
1 1
L(O(1) = 3 Ex, quy ~ V() ZER'[S,]
1 1 wig1) (1 (R)
=3 Ex aXY —a(t) X Eg"[S,] ;XY —a(t) X Eg"[S,]
d 1 R) 2
=35 |[2¥ a0 5Ls,
q
The last identity is due to that the expectation of the covariance matrix X ' X is dIr, and S, is independent of X.
The independence is because S, = softmax(Z ' W zqey) = softmax(C(t)ETe,) according to the condition that
Odxa Odxa
W) =C(t °l. O
(0 =cio) [got O

Then, we will prove that during joint training dynamics, V' can always evolve along the direction of [Id dede} .

Lemma E4. If V(1) = a(t)Is, W(t) = C(?) [gddxi Ozde} for some scalar a(t), C(t), then the gradient for V (t) is
e X e

Vv L(t) —E, Z]E i)/q| +aE, [HE(R) Y] } [Is Oaxa,]
i€y
Proof. Consider the gradient of V':

Vvl =—-Ex, ((;XY - vzZE®Y [sy]> (ZEW [sy])T>

Since W (t) = C(t) [(?ddxx i 0256} , we know S, is independent of the randomness of X .
We first consider the token block in V', which is the first d columns.
VvL <i=—Ex, ((;XY ~-vzEWPS, ]) (ZEW[S, ])§d>
- E [;XY (xEG"18,)) T} +Ex, (VZER 1S, /(XEGIS,)T)
We consider the two matrices separately:

E [;XY(X ER) [Sy])—r} and Ex, (VZ EMS,) (X B [Sy])T)
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For the first matrix, consider the (n, m)-entry of the matrix:

e E [1XY B [Sy]TXT} em=1E [Xn:Y EP [Sy]TX;;}
q q

é E Z T Z IE(R) )] T

S i=1

When m # n, the expectation should be 0 since z,,; is sampled from standard Gaussian distribution. When m = n, then the
expectation is E, [Z icy ]Eg%) [Sy(2)]/ q} . Therefore, we have the whole matrix

E BXY ES [Sy]TXT} =E, | Y ER[S,(1)/q| L
i€y

el E|VZEL (S, /(X EG[S,) |en = aF o] XESY[S,EL(S,] X Ten]

=aE [Xn: ES(S,1EG (S, X,

()

a8, |15,

Thus the matrix should be in the following form:
R R R 2
E[VXELISIXERS)T] - ok, | [E0s,) |4
So we get the token block of the gradient

1 T
VvLi<qa=—FE [qXY(X EG(S,]) } +Ex, (VXEG[S,)(XEL[S,)T)

= | -E, | S EQS,())/q| +aE, U(E(R) y]M

i€y

Then, we consider the position block of the gradient:

1
VvL aitdvd. = —Ex,y (<qXY - VZEP[S, ])(ZE(R) [Sy]) di1:dra, )

1
(T R

Since X ~ N(0, I;) and S, is independent of X . Combine the two parts, and the proof is completed. O

Finally, along the gradient descent trajectory, if V' = a(t) [I; 04xa,] and W (t) = C(t) B)d”l O;X de} for all £, we
dexd de

can further simplify the gradient expression.

Lemma E.5. If V = a(t) [Is Oaxa,| and W (t) = C(t) [(?ded Ogde} for all t along the training trajectory and
e>< e

E is stochastic positional encoding, the position-position block matrix of the gradient of W, i.e. Vw L4 >4, with input
tokens X is:

. 1
VwLsasa = —do(t) E, B (E(dlag(Sy) ~5,8]) (qY —a(t)EY [sy]) e;j>
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Proof. By Lemma E.2, we have the gradient dynamics of W with input token matrix X is:
_ (R) - s e 7zTvT(lyy _ (R) T
VwLlsa>i=—Ex Eg” | E(diag(S,) — S,S,)Z 'V qXY VZES'[S,)] |e,

. 1

= —a(t)Ex ,EW (E(dlag(Sy) - sst)XTX(qY —a(t)EY) [sy]>e;)
(UsingV = [I; Oaxa,])

= —a(t)E,EXY | E(diag(S,) — 5,8, ) E XTX]( Ly — o) EWPS,] el

=—a()E,Ep” | E(diag(Sy) — Sy, ) Evyj o] WY ~ER"1S] e,

(Using W = [(?dx”l O;X d“} = S, is independent of X)
dexd  da.

= —da(t)E, EY) (E(diag(Sy) - 5,87) (;Y — a(t)EW) [Sy]>e; ) E[XTX] =dI)

O

In this section, we consider the gradient descent dynamics. The update rules are in the following form

W(t+1) = W(t) — nVwL(t)
V(t+1)=V(t) - Vv L()

E.3. Joint Training

Now, we analyze the dynamics of training the value matrix V' and attention matrix W simultaneously with the same learning
rate 77 with the stochastic positional encoding. The following theorem characterizes the convergence of GD when training
both layers simultaneously with stochastic positional encoding.

Theorem E.6 (Joint training with stochastic positional encoding). Suppose 2 < ¢ < T/4,¢q,6 = O(1),d. =
2

O(qlogT/6?),6 < 1/10. For any ¢ € (0, I()(J(Edlﬂinq)q)’n < 40‘2—3? if we apply gradient descent on the population

2722‘ R
-3
T - + T d

loss in Equation (4) with zero initialization W (0) = 04_xa., V (0) = Ogxq, then after time t > O( e

), we have

L(O(t)) = %]Ex,y [|| STS,(X,y) — f37(X, y)\l%] <e.

The proof idea is similar to the joint training scenario with one-hot PE. We can still simplify the dynamics of W and V'
using symmetry, proving convergence along the global optimal direction. Then the two variable dynamics are considered
inductively so that W and V can converge to the global minimum.

We have the following lemma that characterizes the evolution speed along the converging direction of W and V': they

always pointing to the ground-truth direction that W (t) = C|(¢) L?dx‘i O;Xd"‘] ,V(t) =aft) [Is Ogxa,] -
dexd  1d

Lemma E.7 (Induction Hypothesis for Stochastic PE, Joint Training). Suppose all conditions in Theorem E.6 holds, then
along the gradient descent trajectory, for all t > 0, there exist some time-dependent scalars C(t), a(t) s.t. W(t) =

C(t) Oaxd  Odxad, V(t) =a(t) [Is Oaxa,], and C(t), o(t) satisfies:
Od.xa 1L,

e

Clt+1)2 00 +np—ge - 2, 5P - qm(l . W%

< rni— g g6 gs,) <1 . W>+
a(l — gs1)?

alt+1) =alt) + n8+<1 _gasT + ((Tl_‘;);)>
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Proof. We prove W (t) = C(t) [(? dxd O;Xde] JV(t) =a(t) [I; Oaxa,] . by induction. First, check the initialization
dexd  a.

W) =0=0- [(;)dx‘i O?de ,V(0)=0=0-[Is Ogxq,]. Here the scalar C(0) = o(0) = 0. For GD dynamics,
dexd de

by Lemma E.4 and Lemma E.5 we have C(1) = C(0), a(1) = «(0) 4+ n/T. Therefore, the induction hypothesis holds for

t=0.

Then we prove this argument inductively: if Lemma E.7 holds for iteration ¢, it is enough to prove that for iteration ¢ + 1,
this argument still holds. Then by induction, we can conclude that it holds for all time ¢ > 0.

Note that since the position-position block (right-bottom block) of W is always in direction of {0 dxd Oix de} and other
dexd de

entries are 0, S, = softmax(Z T W zquery) = softmax(C(t)E e,) when y is given. Therefore, the softmax vector is
always independent of X for iterations < t.

Now we suppose these two properties hold for iteration . We first consider the token-token, token-position and position
token submatrices of W (t). We prove that those gradient blocks should always be 0.

For the first d rows, we have (here within 2guery, Zquery can be any fixed token vector):

1
VwL(t)<q: = aEx , B [X(diag(Sy) - sst)XTX<

Y - aSy) zquery—r}
q

1 1
— SaEx, ES {X (diag(S,) — 5,8 ) XX <qY _ asy> zquewT]

1 . 1
+50Ex, By [—X(dlag(Sy) ~ 5,8, )(-X")(-X) (qY — asy> zqueryT]

(By symmetry and independence between X and S)
= Odx (d+d.)-

Then we consider the position-token block Vy L(t)sq,<a:

1
VwL(t)sd<a=aEx B [E(diag(Sy) ~-8,5NXTX (qY - asy>a,-que,f]

1
=daEx ,E {E diag(S,) — S, ST) ( §Y - aSy) wqueryT:| (Independence between X and S)
1
=daEx ,E {E diag(S,) — S ST) (Y — aSy) a:query—r}
q
1
+daEx E(R) [ E dlag SyS;—) <qY - asy> wquery—r:| = 0g, xd-

(For E and —E, S, are the same.)

Finally, we consider the update for the position-position submatrix W (t)-q ~q in its (k, j)-entry Wi;(t), k,j € [d.].
With the update rule by Lemma E.5,

AW (t)54.5q = nda(t) B, ELY <E(diag(5’y) - 5,8]) (;Y —a(t)EY) [sy}> el )

Since W (t)sq,>q4 = C(t)14,, we only need to prove that the gradient term is along the direction of I,;,. Recall the notation
S, = Egz) [S,]. To prove this statement, we first expand the gradient term:

AW (02050 = nda() B, B (B(aine(s,) - 5,87 (17 - a0 ELIS,])ey )

T

= nda(t)E, ES) (Z e; [(diag(Sy) -8,5)) C}Y —~ oz(t)Sy)] ie;)
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=nda(t)E, Eg?’) Z e; [(diag(Sy) - SyS;) (qY

+ nda(t) ]E(R) (Z

= nda(t)

+ nda(t) E, E(R)

) E, EY

i€y

iZy

1

e; [(diag(Sy) -5,5,) (;Y — a(t)Sy)] e,

( Syu)(f]—a(t)sy(i)) 18,(0) | a(t)

5) - 28,) Y 8,0) | el

~a8,)] ef

Sy Sy =) Sy(i)/a||e

i€y

<

(Term 17)

Jj€y
(Term 27)

By Lemma E.14, we know for W (t) = C(t)I,_, there exists 5 (), 5-(1) s.t.

E:HY+§(1T -Y).

By Lemma E.12, any off-diagonal entry of both terms in the gradient should be 0 according to symmetry. Now we only
need to consider the diagonal entries. By Lemma E.13, all the diagonal entries of each term in the gradient have the same
value. Therefore, the gradient of the submatrix is aligned with I,;,. Combine the four blocks, the whole gradient of W is
Oixd  Odxd. }

aligned with
g |:0de xd  la,

For V' (t), by Lemma E.4 we know its update is always in the [Id dede] direction. Therefore,

)+ By | Y EGS,

i€y

V(t+1) = i/a| — aE, U.E(R) y]m [Is Ouxa,]

aligns with [I d dede] . By induction, we complete the proof for the direction property.

After proving the direction property, we calculate C'(¢)’s dynamics by considering two terms separately. Now we only
consider the position-position blocks’ dynamics. Since the symmetry among all the diagonal entries, the trace of each term
is considered and each diagonal entry will be 1/d, of the conditional expectation of the trace.

Term 1: Terms with ¢ € y.
L1 — , - .
nda(t) tr | B, E{Y Zei S, (4) ( — a(t)Sy(z)> +8,(i) |a(t)S, S, — Z Sy()/a| e,
1€y q i€y
1 - -
= nda(t) E, EY) > 18, 0) <q — a(t)Sy(z)) +8,(i) |a(t)S) 8, — > Sy(i)/q]| | tr (eie,)
1€Y L 1€y i
(Linearity of trace and expectation)
L1 S— -
— o) B, B | 3 |8,0) (5~ a5)(0)) + 8,0 [al0)S] 5, ~ XS,/ |ele,
1€Y L q i€y 1]
1 — _
= ndo(t) B, EG [ Y 18,(0) <q - a(t)Sy(i)) +8,6i) |a(t)S,) S, — > S,(i)/q (e] e, = 1fori € y)
1€Y L 1€Y 1

()8, Sy — Y Syli)/q

€Y

(Symmetry among i € y)
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Expand SJ S, and we have:
S, Sy = 8,()s7+ Y Syl
i€y idy

Plug it back into Term 1:

ndga(t)E, By’ ( S, (i) (; —alt)S, (i >) +8,(i) [a(t)SJ 5,-Y Syu)/q] ] )

i€y

:ndqa(t)Ey]Egi)(FSy(i)(;_a(t ) (ZS ( +—>+a %S )])

Sy (i) (1 — qSy(i)) ((1] - a(t)8+> + (1) 5y (4) (Z Sy(i)S) )
L ¢y
(

S, (i) = sy are equal for i € y)

—q51)
')

(@55 + (T —q)s4 =1

— g B, EP) [ (1-gs) (a<t>s+) +a<t>s+<1qs+>“‘qs”D @51+ 550, Sy) = 1)

)

d T57 —1
Terml—z E, ER) <s+(1—qs+)<1—qa(t) ;f_q ))Ide

Therefore,

Term 2: Terms with ¢ ¢ y. We use a similar technique from above.

ndo(t) E, ELY (Z e; [—a(t)Sy(z')Sy(i)+a(t)Sy(i)(S S, _,5 (i)D" 8y } )

iy Jj€y

igy 1€y iy JGy

=B, 2 S (-8 (a0 "5 aasisr - a0 - a0 I ) e, )
nda(t) E,EGY S (— {Sy(i)er (1 - W)]e:ey>

iZy

—na(t)d- 1—L26 E,ER Y |:Sy(i)5+ (1 - W)]

igy

nda(t)EyEﬁf)Z<[Syu)(a(t)s_a<t>Zsy<i>s+a<t>Zsy . ZS )] )

Y

The lastline is due to 3 7, Sy (i) =1— 3", Sy(i) =1 — gs. Thus we have

do(t)6 a(t)(Tsy —1
Term 2 > _(177—2<5))d E, Eg)(l —qsy) <1 — q();_;)>s+Idc
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Similarly, we can also have the upper bound for Term 2.

do(t)6
Term 2 =< ndalt) EyEg)(l—qur)(l—

et g (t)(T55 — 1>>s+1de

T—q

Combine two terms, we have the lower bound for C'(t)’s dynamics:

Ct+1) > C(t)+ntg§ . doc“l(t) E, B (1 _q8+)<1 _ qo‘(t)(T—l)>S+

1-25 d.

~
\
<

Clt+1) < Oy + - LW g gy qs+>(1 _ WTH—D)5+

By induction, we complete the proof. O

Remark. Similar to the one-hot case, after proving the induction lemma about the evolving direction of W (¢) and V' (t),
the optimization problem can be reduced to analyzing the two variable dynamics of C'(¢) and «(¢):

0l = 00+ 100 gm0 o (1 0T

de
a(l - q&r)2>
(T —q)s%
Then the rest of the proof is to analyze the dynamics of C'(t) and «(t) and prove that C'(¢t) — +oo and «(t) — 1 eventually,

and calculate the convergence time by estimating the trajectory of the two variable dynamical systems. One can refer to the
main paper for proof ideas.

alt+1)=at) + 778+<1 —qosy +

Proof of Theorem E.6. After Lemma E.7 shows that V' and W are always along the ground-truth direction: V' (¢) =

a(t) [Ia Oaxa.], W(t) = C(t) [(())ddxxi Og de} , the dynamics of the parameter matrices then can be characterized by

two scalar variable «(t) and C(t). Our update rules becomes

e

1)z +ni—o PO g gG gs,) <1 . W>+

Cle+1) = 00 +ni - A E, 500 - sy <1 . W%
a(l — g57)2

alt+1) = aft) + ns+(1 — qoET+ (2{_‘;);3)

Ogxa Ogxa,

Along the trajectory, s, < 1 by its definition: since W is along
a Od.xa  1a,

], all ¢ € y has the same softmax
probability S@(,t) (7), and thus they cannot exceed the upper bound 1/q.

Note that when s is fixed, «() has a stationary point a* (t) = (T —q)5

= FreT e With some calculation, we can rewrite the
qsy?—2qs1+1

« dynamics into:

alt+1) = aft) + ns+<1 _ o >

a*(t)

- 1 1 % . . . — 1
Observe that when 51 € (7, 7), a"(f) > 1, and it achieves maximum at 5 = e

To characterize this limit above when ¢ — oo, we need to prove the following two arguments:

1. C(t) is non-decreasing for all ¢t > 0.
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2. «a(t) goes through 2 phases:

Phase I. a monotonically grows to 1 — 0.1 % at some time ;.

Phase I1. « stays within an interval whose upper bound is close to o™ after time ¢;:

o0 1-on 0 1 A= o)

Phase L. In this phase, we inductively prove that both a(t), C(t) are non-decreasing. For ¢ = 0, by zero initialization,
C0)=C(1)=0,a(1) =7 >0.

a«(T—q)e

Suppose it holds for some ¢ < t; before o reaches 1 — 0.1 . Then for (¢ + 1), we have the update rule:

alt+1) = alt) + 778+<1 - (j%)
1 t
> at) + 77?(1 - s*((g)) (Induction Hyp. 53 > 1)
> a(t) + n:(1 - a(t) (0" > 1)
T — —q)E€
> a(t)+ 0.1 % (@<1-0.1 (I(T(;Tq) )

So « is non-decreasing. Meanwhile, for C(¢ + 1):

Ot +1) > o) +nt—20 W g gy gy (1 _ q<t><T—1>>

"9 T, T _q
7 d Tsr—1

>0 + = 22m, BE (1 — gsy) o dIsE =Dy (@ <1,(1-Ts;)<0)
8 d. T—q
m od R T—q+q—Tqsy
™m adT (R) .

=C(t ——E,E 1-— 1-— >C(t

()+ ) de(T—q) Y ~E ( q8+)( qs+)s+_ ()

so they are both non-decreasing. Then we need to upper bound the time ¢; for «(t) to reach 1 — 0.14/ q(z;q)é: by the
update above we have

ot +1) = alt) + n5+(1 0 )

=0
> aft) + 77%(1 _ ;(8)) (Induction Hyp. 57 > £)
> a(t) + (1 - () (0 > 1)

S1-at+1)<(1—n/T)(1-alt) < ..<1-n/T)1 - a0)).

d
Thus for a(t +1) > 1—0.14/ %, it takes at most O(Tl(;g <) iterations.

Phase II. In this phase, we first consider the easiest case: 51 (t) < ﬁ. Under this condition, a*(t + 1) > «*(t), and
using induction hypothesis

"4 — o o ) — alt) — D ey e = (1= BN ) — g
o (t) —a(t+1) (t) — a(t) a*(t)( (t) —aft) =(1 o () )(@*(t) — a(t)) >0,

a(t+1) < a*(t + 1) always holds, and the induction hypothesis holds for ¢ 4 1.
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Then we only need to consider the case with 5 (t) > ﬁ. First, we check that within the induction hypothesis range,
C(t+ 1) > C(t). We know the following term in the gradient update of C(¢) should be greater than O:
Ts57—1 8Td —d.)(1 — ¢5%
TSN g ( GTA AU Z SO ey 4 ()
T—gq 8Tdgs(Tsy — 1) T q
(o < (1+ G052 )ar (1), (1 = Tsy) < 0)

dgsy (Ts4—1)

> e - a5 > 0. Gr <

~ 8TdTqs7? —2qs, +1 ~ )

Q=

Therefore by the update rule:

Ot +1) > o) + =20 0l g g qs+)<1_qo‘(’f)(T8+—1)>S+

1-20 4 T ¢

Tdo(t) (R) de(1 — g5%)
ot E,E{(1 - ot
=0 +n—gg (= gs4)st - g —ogsr v 1) = O

Next, we first divide «(t)’s possible range into two parts: «(t) < (1 + ng;%’@%;%%@f»a*(t) and a(t) €

Kl + Zl(;;szrd(thlTszs(;)(t)l))) (1), (1 + ;%Z%;;E%%@l)))a*(t)}. For the first part, we prove the following statement

(S3):
If a(t) < (1 + 4(3;:(5%(1(3%;%%@1)) ) a*(t), the next step
a(t+1) <1 * Sd;;li ti)l()l<:;f(;(+j)lz)1))a (t+1).
If (S3) is true, then we know once «(¢ ( 4(3;:;6;1( t%ﬁlTé T(zr)(t)l)) ) a*(t), a(t + 1) satisfy the induction hypothesis. After
proving (S3), the only part left is When
(S o )]

We prove statement (S3) by proving

(8dT —de)(1 — g5 (¢t +1)) x (4dT — d.)(1 — g5 (1) .
<1 BTG 0+ (T (0+ 1) - 1)> wlbtl)2 (1 T 4T () (T (1) — 1)>a ) e

When the inequality (S4) above is proved, then (S3) is proved. This is because: if a(t) < a*(t), then by update rule we have

. o ns(t), . _ 5+ (t)y,
o (t) —at+1) = a™(t) — a(t) - af(t) (a™(t) —a(t) = (1 - af(t) (@™ (t) —a(t)) > 0,

* (4dT - d(i)(l - qT(t)) *
alt+1) < a*(t) < (1+ 4qu§(t)(T§(t)t 1))a (t)

(SdT_de)(l _qsi(t—"_ 1)) *
(1 S s )¢+

If a(t) > a*(t), then aft + 1) < aft) < (1 + Af;j;ﬂat;%sz?*)(t)l))) *(t), and therefore smaller than
(84T —d.)(1—g57(t+1)) .

(1 + 8qus+<t+1><T§7+<t+1>71>)a (t+1).

Now we prove (S4) by expanding the 51 (¢ + 1) using the update rule of C'(¢). Denote AC(t) := C(t + 1) — C(t). Since

n < AC(t) < . Then we have

4Od2T’
1
G+ Yigy e COTACONAeTe))

5(t+1) = E,Ey”
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1
<E,E
=~ Ly Lp q+2i€y e—Ct)(1—el ey) AC(t)(e] ey—1)
1
<E,E{Y

q+ gy e"CMl=elen)(1 - AC(t)(1 - e]e,))

(R)
<
E,EL <q+z§z e—Ct)(1—e]ey)

2
C el e, — T
_CW 7 ew) Y eCOele (1 —ele,)AC(1)
iZy
2

(Zz‘ey eC)(e; ey’l)(l —ele,)AC(t) < t,dueton < 40d2T)

—, 51-0 (R 2 (1 Ct)(e]e,—1) _ 1
< ++11_25EyEE S a*q AC(t) Qigy € : =59
_ 45
=5+ 55 By ESY s, (1— qs)AC(t) (6 <0.1)
45
<54 (- g)AC() (Els4?] > Els, %)

(1—gs=(t-+1))
G55 D) (T55 () -1)°

Then we lower bound the decrement of a*(¢ + 1) and respectively. Denote As =351 (¢t + 1) — 5 ().

(T — 55t +1)
Tgsy(t+1)2 —2¢55(t+1)+1
_ (T-4q)
Tgsy(t+1)—2¢+1/55(t+1)
S (T'-4q)
T Tgsy(t+1)—2¢+1/55(t+1)
(T —q)
T Tqs{(t) —2¢+1/57(t) + TqAs
(T —q) B (T — q)TqAs
= Tqst(t) — 2q+ 1/5:(0)  (Tqss(0) — 24 + 1/55(0)?
(T — q)TqAs
(Tqs+(t) — 2q + 1/55(1))°
TqsyAs o (t)
(Tqs52(t) — 2g35(t) + 1)

a*(t+1)=

—a*(1) -

=o' (1) -

L-gz(t+1) 1 B 1
G+ DT+ ) - 1) g+ D(Is5t+1)—1) (Tt +1)—1)
1 1
S TR G D)1 (T - 1)
R 1 B 1
S gl SE(t+1) spt+1) -5 (Ts(t) - 1)

1

Tt +1) > 55(t)

< As ) 1
5t -7 GE() - 1) (Ts(t) — 1)
(I—gs¢(t) As B As
Tqsr()(TsE(t) = 1) g5 (0)*(Tsy — 1) gs () (Ts4 —1)°
(1 —gs4(t)) As(2Ts, — 1)

1) s (02 (Tsy — 1)2
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Then plug in the original term, we have the lower bound for

(84T — d)(1 - 5T (t+1)) ) .
(1 St T T o) e
(44T — d)(1 - g57(1) . d(1-s7() .
. (1 T ddgs () (T () — 1) )“ O SiTgsy Oz - D" )
B (1 (8dT — do)(1 — g5 (¢t + 1)) ) TqsyAs
8dTqs+ (t +1)(Ts3(t+1) — 1) ) (Tgs>(t) — 2¢55(t) + 1
AS(QT@ — 1)
(02 (T — 1)

()

A" (1)

(8dT—do)(1—g53 (t+1)) - 8dT—d
dTqs; (t+1)(Ts(t+1)—1) = ~ 8dT

(8dT —d.)(1 — g5 (t+ 1)) .

(1 + Sl )Tt + 1) 1))a E+1)
(4T = d)(1 - g5z (1) . a0 gT)

z (l g O(T5e(t) - 1) > O s s - Y

2T s+ As . As(2Ts7 — 1)

T (Tgs () 2057 () + D) g (0)2(Tsr — 1)

Since g e < 1whens, > ﬁ, we have

5 o (t) ()

Then we need to prove that (here 51 := 51 (t)) to show (S4).

) 2T g7 As As(2T5T — 1)
ST O(T55(0) — 1) © Tas2(0) — 20570 + 1)+ g0 Tz — 1
de(1 — ¢37) N 2Tq57%As As(2Tsy — 1)

8dTq(Ts% — 1) ~ (Tgs:” —2¢57 +1)  ¢55(T55 — 1)?
We have that the right hand side has the following upper bound (7" > ¢):

2Tq5 2 As As(2Tsy - 1)
(Tgs53> — 257 +1) g5 (T55 — 1)
c BTq5°(1— gsp)AC(H) | 452757 — 1)55(1 — ¢57)AC(H)

(As < 357 (1 — g57)AC(1)

16(Tqs7> — 2¢51 + 1) 32¢55 (T57 — 1)?
73 o JR— —_ o JR—
< 45qu+£ E+)A0(t) 135s+(i %)AC(t) (5, <1/q.T > 4g)
16¢s+(T5y — 1) 32¢5+(Ts1 —1)
o W5Tq5°(1 - g57)AC(H) | 135(1 — ¢57)AC()
- 16¢(Tsy —1) 32¢(Tsy — 1)

Leta=(1+ 7%)0& then we have the upper bound for the update

AC(t) < 7711__255 : dZit) E,ES (1 - gsy) (1 - ‘I‘J‘(t);Ti_l)>8+
- gn(l S 7qul(i;gj— 1) de(quﬁdiqs+ Ty ¢57)"  (Els?] > Elsy]*,6 <0.1)
<n(1—9?) 8d2‘(l(TZ;Q) (21q—+qf7$)j)2

- (52 > 1//T)

17
<10 ) T~ 202

45



Transformers Provably Learn Sparse Token Selection While FCNs Cannot

Ind
< 322 - (UP2)
Since n < 40‘273? plug the upper bounds (UP1), (UP2) for AC(t) back to the two terms in (***) respectively:
2Tq572As As(2Tsy — 1)
(Tg5+? —2¢57 +1)  ¢55(T55 — 1)
o 45Tgs*(1 = gsp)AC() | 135(1 — ¢53) AC(1)
16¢(Ts5% — 1) 32¢(Tsx - 1)
405dT(T — )57 (1 — ¢57)° 135(1 — gsp) AC(t) 9nd
~ 128(T37 — 1)do(Tq57? — 257 + 1)2 32¢(Tsy — 1) 32q
4051dT' (1 — ¢57) 1215(1 — gs1) nd
~128¢(Tsy — 1)(T — q)gde ~ 1024¢(T55 — 1) qd.
405nd(1 — ¢s+ 1215(1 — g5+ d
< 05nd(1 — ¢5%) 5(1-g¢55) 1 @>2.T > 4q)

128¢(Tsy — 1)d.  1024¢(Ts5y —1) qd,

de(l — qi)
= 8dTq(T57 — 1)

Therefore, we proved the inequality. And therefore, (S2) is proved, which also leads to (S1).

Finally, we consider a(t) € ((1 + Zf;‘;g;@g; *S%S(?)(j)l)))a*(t), (1 + ;3;5%% gg%ﬁ(ﬁf))a*(t)}. Now, since by update

rule,

alt+1) = alt) + ns+<1 _ o) ) < <1 L (BdT —d)(1 - q8+(t))>a*(t)  n(4dT — d.)(1 — g1 (1))

a*(t) 8dTqsx(t)(Tsx(t) —1) 4dTq(Tsy(t) — 1)
Therefore, it’s sufficient to prove that
(8dT —d)(1 = g55(t+1) \ .
1 t+1
< ST+ )T+ -1 )% ¢t

(8T — d)(1 — 57(1) ) ., n(AdT — d,)(1 - g57(1)
> (14 Gt )~ O~ ey

Note Equation (**%*) gives the lower bound for the left hand side:

(14 ST =0~ 51
8dTqsr(t+ 1) (Tsx(t+1)—1)
(847 — d)(1 - 57(0) .
> (14 Gty ) O
- 2Tgs1As (1)
(Tqs7>(t) — 257 (t) +1)

)a*(t+1)

. As(2Tsy —1)
A (Tsr — 1)

Sa*(t) (##)

Yet when a(t) > (1 + S;Zgiég%gf)@l)) ) a*(t), we have a better upper bound for AC(¢):

1-6 dolt) . 10(H)(T57 ~ 1)
1_26 de ]EyIEE (1*(]5.‘.) 17T——q S+

9 1—¢5¢ da*
< —n(l - 1
<51 Y e ) 4 T —ag 1 1
< 77(1 _ ’72) 9d(T — q)£2(1 — qg>2
- 8de(Tqsy? — 2q57 + 1)2

o1 (44T —de\*) 9T — q)5°(1 — g57)°
=1 4dT 84, (Tq52 — 2q355 + 1)2

)H(l —g57)?  (B[s4?] > E[s4]%,6 <0.1)
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n_ 9d(T - q)5:%(1 — g57)°

= 2dT/d. 8d.(Tqsy* — 2q57 +1)2
In(T — q)57%(1 — ¢53)°
16T (Tqs72 — 2q57 + 1)2

Then we need to bound both terms in Equation (##) (for simplicity denote s as s (t)):

2Tqs7As .
a’(t) =
T2 2 D" )
_ ATg(T — q)57°(1 = ¢57)AC(t)
16(Tq57.2(t) — 255 (t) + 1)
_ A05ng(T — ¢)*s5°(1 — g57)°
= 256(Tqs 12 (t) — 2g5+(t) +1)*

2Tq(T — q)5:°As
(Tqs72(t) — 255 (t) + 1)

R I, (Yo%

256 g5+ (Tsy —1) (Tqsy? —2¢57 +1)3
_ 4050 g2 (1-g57) q(1 — g57)*

256 q(Tsy —1) (Tqgsy? —2¢57 +1)(Tq —2q/57 +1/57%)2
< 405y (T— g (l-gsy) Q(1LQH)2

256 q(T53 —1) (Tgsy® —2g57 +1)(Tq — ¢2)?

405n (1 -¢3%) (1-g57)?

T 256 q(Tsy—1) (Tgs7” — 2457 +1)q
405n  (1—gsy) 1

=256 q(Tsr—1) 2
405 (1 —gs5)

= 1024 ¢(Tsy —1)

As(2Tsy — 1) o (1)
FE R (Ts — 12
(2T? — 1) . 45 o
= 07 (i;s+ —z () 5551 = sHACH)
135(T — ¢)(1 — ¢s7) - (T — q)572(1 — ¢57)?

= 32¢(T57 — 1)(Tqs+? — 2¢55 + 1) 16T(Tq55? — 2g5% + 1)?
1215n(T — q)*57%(1 — g57)°

~ 512¢T(Ts5 — 1)(Tqs3> — 255 + 1)°

< 1215p  (1-g57) (1—g53)

= 512 ¢(Tsy — 1) (Tgs:? — 2g55 + 1)2(Tq — 2q/55 + 1/57°)
1215 (1 —g55)
~ 4096 q( sy — 1)

Therefore, by Equation (##) we have

(8dT — de)(1 — g5+ (t +1))
<1 * 8dTqsy (t+ 1)(Ts(t+1) — 1)>a (t+1)
(84T —de)(1 — g55(t) .
- (1 ST (0)(T55(0) — 1) ) o’ (1)
2Tqs+As

B As(2Tsy — 1)
T -2 0+ 1" 7 P T — 172
(8dT — d.)(1 — g5 (1)) 405 1215\ n(1 — gsy)
= <1 t RdTgs (1)(T5 .t )+ 1)>a () - (1024 * 4096> o(Ts, —+1)
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(8dT — do)(1 — gs5(1)) .., n(4dT —d.)(1 - g55(1))
> (1 t) — dT > d..
( T sdTgm T - ) T T darg s ) - 1) (= de)
> at+1).

Therefore, we finish the induction proof for (IH2).

With the induction hypothesis, we can analyze the upper bound of convergence time. For Phase I, we have the lower bound
for AC(t) (note that 1/2 < av < 1):

—30 da(t qa(t)(Tsy — 1
AC(t+1) > 1726 dE>EyE§>(1—qs+)<1—%z>>s+
™m ad T—-—q+q—-Tq¢gst

=< T E ]E )( —qs+) S+

8 d. T—q
ndT _
= mEy ]Ega )(1 —qs4+)(1 — g55)s4

And for Phase I, we have the lower bound since o < (1 + %) a*(t):

— (R) .
Ac(t)zn(l_STdde)<1 (8Tdde)(1qs+)> *(t)deEyE,f (1 —gs+)(1 —g55)s+

8Td 8Tdgsy(Ts+ — 1) 8d.(Tqs3% — 2¢51 + 1)
o nde 7T — q)5TE, BRY (1 - gsi)(1— g55)s+

~ 8dT 8d.(Tqs72 — 2q57 + 1)2

o (T —q)s7 B, By (1-gsy)(1 — g57)sy

= 64T (Tqs 12 — 2q51 + 1)2

Then we also divide the training trajectory into two stages as in Huang et al. (2023): in the first stage from (0, ¢1], all possible
sy grow to 1/2q. In the second stage (t1,to], C(t) grows large enough s.t. 5 > % - % %.
For the first stage, it’s necessary that C'(¢) > % log %. This is because by Lemma E.15, we have:
1 1
1-35 ~ — °+ = - ’
g+ (T —q)e” =3¢ Q+(T—Q)€_1‘7;‘SC

To make any s (E) reaches this threshold 1/2¢, C(t1) > 1= 25 log 4 is necessary. At this time ¢, all s < 1/2¢, which
means the expectation 5 < 1/2¢. At this iteration, we can also upper bound all the attention score:
1 1

SJFS —QC(t)S 1—-6
q+(T—q)e T—26 q_|_(T_q) 1saq1 35

That means

1
(1_q8+) 1—gq- 25 1-3
q+(T—q) T35 g1-35

_25 268
_ qT-3% > (g) 1-33

Since all s satisfy the lower bound, the expectation s also has this lower bound. Therefore during this stage, by Phase I
lower bound for AC(t) we have:

TndT
AC(t) > —— e B, EGY (1 - gs4)(1 - g57)s+

a 16de(T - q)

777d q =% =33
= 16d.(T —q) (7) (542 7, (1=gs) = ()7

48



Transformers Provably Learn Sparse Token Selection While FCNs Cannot

And for the Phase II lower bound, we have:
AC(t) > (T — )57 E,ERY (1 — gs4)(1 — g53)s
- 64T (Tq5%° — 2¢5% + 1)?
.
(T — g5 ()7
T 64T (Tqs* — 2g51 + 1)?
_46
T —0)(§)"
 64T(Tq — 2¢/55 +1/55°)(T/q — 1)

= 64T (T — q)

Since T' > d. = ©(qlogT), AC(t) > %T; through all the first stage. Therefore, for C'(t) to reach @(1og 1), it

(Tf = 3 ) iterations.

Oz

( )1 35
takes at most O [ log T=4 /64T(T o | =

For the second stage, we need C/(t2) > 1=22 log( Td ) sothat 55 > o — 14/ AT9< Since all s, > 3 during
this period, we can lower bound the 1ncrement.

AC(t) > (T — )57 By By (1 — gs4)(1 — ¢57) s+
- 64T (Tq57° — 2q5+ + 1)

R _
LT -9 £ E B (1-gs,)(1— ¢57) - &

q

- T _1)2
647'(; — 1)
> M g (- g
= 128T(T —¢q) ¥ *
Tnge e

> QQC(ZITQ (Before to, 57 < % — % Q(ZTq) )
Hence it takes at most ¢, < O(1=22 gg log< 7\ 37— q)qe) 127;;1;2 O( ) iterations to converge.
Finally, we check that if 57 > = — %\/ q(Tl;qu)e then the loss is smaller than e. This part of proof is the similar to
Theorem D.4”. By Lemma E.3:

_ 1 wig il
L(6(t)) = iE d —at)Eg’[Sy]
d

1\ 2
=T )<(TQ)Q< (t)5+q) +a(t)2(1q5+)2>
While a(t) € {1 ~0.1 /‘1(7;7;‘1)6 (1 + W)a*(tﬂ := a1, ag), the loss value is upper bounded by
Lo 1)2+ (1 - gs7)?
max ————— - a5y — — a;(1—gs
j€{1,2} 2(T7q) q q J + q q +

Foro; =1 —0. 1\/M we have
o e R
= — - a(t)sy — — « —qs
2T — q) q)q9 + p qs+
"By ‘similar’, one can replace all the s in the proof of Theorem D.4 with 33 here.

49



Transformers Provably Learn Sparse Token Selection While FCNs Cannot

< d(T 9 galtyss — 17 + (1 - qw)

( g5t — 1+ 0.1g5% ‘I(ng”eyﬂl—qaﬁ
< s (Tq (1—qs+) +0.2 (](Tdf)g(l—qu)jto.orcl(:ii;’)e) +(1—q5+)2>
sty (Tq = )
+ (T_ ) - q57)°
< Q(Td—q):(§(1 — G55 +02le <e.

2 a(T—q)e
——=—a*. Also, for o* we have a

For oy = (]_ —+ W)a*(ﬂ, denote Ao = oy — o*. Then ACE@ <

upper bound (using € < WT(;)(;)).

R el BN PN S \/ 7‘] .
St L ~ g5~ _ (T— q)e _25

d . 1 . _
T ><(T—q)q<a Foy) e 2(1—q8+)2>
(T—q)e
d Y s 4¢%(T — q)%¢ .o
d 4y 20 4q(T — g)e
d 2 *2
=T =g (T —q)q( a5y —— ) +a™(1—-q57%)
(T—q)e
d 4/ 7 4°(T — q)%€ o
_ T— * 1 e 2 I R Sl VA
+2(T—q)( T @e 2y G~ =g @
d 4 Q(Z;Q)f 4q(T q)e
*2 ___ - *2 __
+2(T—q) T (1 —qs7)? + —ar° (1—q¢57)?
[a(T—q)e
_ dT (qs (t) _ 1)2 + d _4 dT 06*2(1 —gs ) + 4q2(T - q)2€ *2
2q(T —q) 7" 2(T — q) Tst * d1s
(T—q)e
d aT 4q(T — q)e
+2(T—q) (1 —gs7) + 173 (1-gs7)
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d 43 (T — q)%c .o | 4q(T —q)e _
( g gm0 ()

€ d 4%(T — q)% (28\*  4q(T — q)e 28 ,
< = — —_ (— <e.
_2+2(T—q)( 7’ %) T arm ) ) =€

when T' > 4q.
222
In conclusion, after Phase I (at most O( Tlog < ) iterations) and Phase II (takes at most O (L 1;35 + ‘ig ) iterations), the
o35
population loss L(6(t)) < € after time O(% + TTid) O

After proving the convergence to the global minimizer, we can directly have the following corollary on the parameter V ()
and W (t). By the dynamics proved in the theorem, W (¢) is always along the I, direction, and V' (¢) should converge to
I,;. Tt coincides with the construction in Sanford et al. (2023), showing the constructed one-layer transformer can be learned
with GD.

2—
Corollary E.8. Under the condition of Theorem E.6, after time t > O(T1 =5 + d) we have W (t) = C(t)14,,V (t) =
a(t) Iy, and C(t) > =22 log(T_ (ng)qe) [ 01y Mg 4 8, [aT g }

Proof. The lower bound for C(t) is proved in the Theorem E.6.

By Equation (IH2), o* (t) = % and C(t) > % log(% (ng)qe), we have
q(T — q)e (B8Td—de)(1—g55)\ wn| — o1 1 [q(T—q)e
tyel1-01 1 " w1 1
O‘()el T ’<+ STag (T —1) )* W23~V " ar

and

1

a*(t):%§é§;§1+§\lu.
Tqsy =29+ 5= ~ 45+ _ /q(Td;q)e 5 dr

Therefore for (1 + %) a*(t) we also have an upper bound.

(8Td —d.)(1 —g55) \ . 6 [q(T —q)e q [q(T —q)e
(H 8qu§(T§—1; )a(t)<<1+5 dT ><1+T—q dT >

The last inequality uses 7' > 4q, e < m

E.4. Length generalization and out-of-distribution guarantee

In this subsection, we present the strength of stochastic positional encoding, which is the strong out-of-distribution guarantee,
including the length generalization performance mentioned in the main paper. Empirically, in Section 4 we observe
stochastic positional encoding has superiority over a fixed set of near-orthogonal positional encodings, especially in length
generalization tasks. Here, based on the global minimizer found by gradient descent, we can also present a theoretical
guarantee for an out-of-distribution guarantee.

Recall our data model is: The input tokens x;,7 = 1,2, ..., T are sampled from standard Gaussian distribution, and the
g-sparse subset y containing all the averaging indices is uniformly sampled from all g-subsets of the set [T7].

X = ($17$2, "'7wT)awi ~ N(OaId)>
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y ~ Unif (C?))z €[]

Suppose our training objective is based on the population distribution with sequence length 77 and subset size ¢;. By
“out-of-distribution”, we include two different tasks: (1) generalize on unseen data points with go-subsets where g2 > q. (2)
generalize on longer sequences with T> > T’ . We know the out-of-distribution loss with sequence length 75 and g2 as

S 1 S
L) ,(0) = 3 Ex yopr, o, [ISTS0 (X,1) = 157 (X )l (15)

With the constructed transformer in C.3, as long as d. = ©(go log T5) where the positional encoding matrix E’ € R *T2
with sequence length 75 can satisfy RIP, the one-layer transformer can express STS, with any input sequence length T" < T,
and ¢ < gs. In this paper, we present the following corollary that demonstrates the GD-trained transformer with stochastic
PE can also achieve good OOD performance in both subset size g2 > ¢1 and T> > T; under the condition that E can satisfy
RIP with maximal sequence length T}, 4« and maximal gy ax.

Corollary E.9. Suppose guax = O(1),de = O(gmax 108 Trnax/6?),6 < 1/10,n < %. For any € € (0, m),

and we apply gradient descent with zero initialization with q1 < Gmax, 11 < Tmax t0 train the model. Then we have the
following out-of-distribution loss generalization guarantee with qa € (q1, Gmax), T2 € (11, Tmax): if the training time

2—245
=~ 1—35 2
t> O(T177 2?4 Tned), we have:

(S) T2€
['T27qz (9) < O( T2 )

Proof idea. The intuition behind the corollary is that training the transformer with the stochastic architecture on arbitrary T’
and g where the RIP condition holds can lead to exact the same global minima in the construction equivalent to (Sanford
et al., 2023). That means it naturally satisfies all possible 7" and ¢/, as long as the RIP condition holds.

Proof. By Corollary E.8, we have W(t) = C(t) [(?d)(d Oaxa. } V() = o) [Ig Odxa], and C(t) >
dexd

25 T— T € T €
i gé 1og<Tq (ng)qe)’ aft |: \/ 4 qu) 1 + 5 \/ ! qu) ]

Denote Aar = a — 1. Similarly, we can have the following bounds for the s :

(To—g2)qn [/ (Thi—q1)qae (T2—q2)q1 /[ (Th—q1)qie
T1—q1 T1d < T1—q1 T1d

o+ (Te—gq2)qn [ (Ti—q1)que
T1—q1 T1d

1 -Ep/[Sy(i)]g2 =1—q257 <

By Lemma E.3, we have

. d 1 2
’C’(Tz’lh( ) = §Ey’ [“YTZ - O[(t) Eg [Sy’}
qz 2
df1 — (1-g5¢)°
= —(1 = a)57)? + a(t) ———L
o (o mats P + (U
d TS .2 d _ __
<—— (1 -¢57")" — —Aagsy (1 — 57/
=2 (T — ) ( qs1) % 325+ ( 751")
d d 2A Aa)?
+ —Ad? (g5 )2+ = - M(l —q57)? (Plug in 577, Ac bounds)
q2 2 To — g2
To(T> — q2)q} N (T> — go)ate | 3201(T1 —qu)e | 3(To —p)gie _ O(Tfe)
~ 23T (T1 — 1) 1031 25¢2 T 23Ty (T — q1) T )
Therefore, we complete the proof. O
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E.5. Supplementary lemmas on conditional expectations

Lemma E.10 (Flipping rows doesn’t change the softmax). Given a q-subset y, denote the softmax output with input E as
S, (E) = softmax(CE"e,), we have for any i:

S,(E)=S,(E') E E, = EE,
where E' = F,E, F; = diag(1,...,1,—1,1,..., 1) € R%X9e with the i-th entry being —1.%
Proof. Notice that
E'e,=E"E/E E,) '1,

while
E'"e,=E"F/F,E/E,F'F,E,) '1,=E"E/(E, E,) "1,

The second identity is due to F,' F; = I;,. So the vector inside softmax is the same, so the outputs are the same. For
E;'— E, = E;TE;, it’s similar:
T T R AN nY
E,E,=E F, F,E,=FE E,
O

Lemma E.11 (Switching rows doesn’t change conditional expectation). Given a g-subset y, denote the softmax output with
input E as S, (E) = softmax(CE"e,), we have for any i:

S,(E)=S,(E'),E,E,=E, E,

where E' = R;;E, R;; € R *de ywhere R;; is the elementary matrix to switch the i-th row and j-th row of the positional
encoding matrix E.

Proof. Similar to Lemma E.10, notice that

E'e,=E"E/(E,E,) '1,.
while

E'e,=E'R/R;E,(E,R R;E,) '1,=E"E,(E, E,) '1,.

The second identity is due to RZ-TJ- R;; = I, . So the vector inside softmax is the same, so the outputs are the same.
For EJ E, = E;T E; it’s similar:

T _ ' pT _ /T

E E,=E R R,;E,=E, E,
O

Lemma E.12 (Off-diagonal entries of the gradient have 0 expectation). Given a g-subset y, for any function f(S,(E)) :
Re*T — R, we have for any i € [T):

ul ES) [f(Sy(B))ee) Ju] = 0,5 # k.

where w; is the one-hot vector (1{i = 1},1{i = 2}, ..., 1{i = d.}).

Proof. First, the exact expression the (k, j)-th entry in the matrix is:

€y1,j

_ y2,J

wl B [f(Sy(B))eie) Ju; =BG | £(S,(E))eul] (E) B, |
eyq:j

8 F, is to flip the i-th row of the positional encoding matrix E.
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where e; ; denote the j-th entry of position encoding vector e;, [€y, j, €y, i, , €y, J} as E,[j], and y; is the i-th index
in the subset y. We expand the conditional expectation (Here Prf) (.) := Pr(-| E has (g, §)-RIP)):

up ESY [f(S,(E))ese] |u;
= EY [f(S,(E))enl] (E] E,)'E,j]

R _ . 1 1
= Egs) [f(sy(E))eikl;r(E;Ey) 1Ey[]] €k = \/d:] Pr(R)(eik = \/@)
R _ . 1 1
+E(E) {f(sy(E))eikl;r(EJEy) 1Ey[3] €k = _\/Z} Pr(R)(eik = _\/@)
Note that by expansion of condition expectation:
R _ . 1 1
]Ega) {f(sy(E))eiklz(EJEy) 1Ey[]] €ik = \/@] PY(R)(eik = \/l)
_ . 1 )
= 5 B [ 18, Bent] (B BB ilen = ien =G £
Ep DFL €
Pr® (e Epop F ile = 1 Pr(R)(e- = 1 ) (&,i i L)y
pk — p7p ik \/@ ik \/@ D \/ﬂ
1 .
= - ¥ 8 | A5, Bent] (B ) Blilen = -z ien = ~6un 2 ]
V.
Ep ,pFi
1
. Pr(R) (epk: = §p7p 7é i7 €ik = \/dj)

(Lemma E.10, f(S,(E)), E, E, are not changed, and E, [j] is unrelated to ep)

R _ ) 1 .
=- > Ep [f(Sy(E))eml;r(EJ E,) " Byljljen = == e = =60 7 ]
fpapii ¢
1
. pr® (epk =&, pF i, e = — \/cT) (Flipped row have same probability)
e

B [f<sy<E>>eik1; (E] E,)'E, )

1 1
o \/ﬂ Clen =)

€

Therefore they cancel out and the expectation is 0. O

Lemma E.13 (Diagonal entries of the gradient are the same). Given a g-subset y, for any function f(S,(E)) : R%*T — R,
we have for any i € [T, 4,k € [d.]:

TE(R) S (E T, T TE(R) S (E T, T

ul BE [1(S,(B))ese] |l = u] ED [1(5,(B)ewe] u]

where w; is the one-hot vector (1{i = 1},1{i = 2}, ..., 1{i = d.}).
Proof. First, the exact expression of the (k, k)-th entry in the matrix (which is diagonal) is:
R R _
o B [£(Sy(B))eie) Jur =BG [1(S,(B)ewl, (B, B,) B, [K]

Consider another PE matrix E’ = Ry,; E, which also satisfy the (g, §)-RIP and have same conditional probability with E.
Then we have

ul QY [f(Sy(E))eie) Jur = ES [f(S,(E))eil] (E] E,) B, K]

=Ej, [f(Sy(E")ey1, (B, E,) " E,[k]| (Change of variable)
=B [/(S,(E)eil, (E, B,) " B, K] (Lemma E.11)
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= Eg%) [F(Sy(E))e;; 1; (E;— E,)'E,[j]] (Change back the variable)

= u;r ESER) [f(Sy(E))eie;—] u;r

O

Lemma E.14 (Conditional expectation of the softmax vector). Given a g-subset y and E satisfies (q, §)-RIP, for the softmax
probability vector Sy(E) = softmax(CE " e,), we have for anyi,j € y ori,j & vy,

R . R )
Eg [S,(0)] = B [S,())]
Proof. Fori,j € y, we have eiTey = ejTey =1,s0

eC

Sy(i) =
Y qu + Zzéy eCe;rey

= Su(])

and thus their expectations are the same. For 4, j ¢ y, considered a switched PE matrix E' = R;; E. By Lemma E.11, and
the probability for E and E’ are the same:

Ce/ e
et€i ey
ER S, ()] = E -
qu + Zkgy eC’elc ey
eCe;ey R
R ’ .
= Ej; = E%” [5,())]

qu + ZkQ'q eC’e];rey
O

Odxa  Odxd.
Oa.xd  1a,
for the softmax probability vector S, (E) = softmax(CE"e,), we have for any i € y:

Lemma E.15 (Estimation for softmax vector with W = C { ] ). Given a q-subset y and E satisfies (q,0)-RIP,

1 1
< 8,(i) < ,
g+ (T —q)e =3¢~ )= g+ (T — q)e”75°
1 R , 1
_ Ty SEEE)[Sy(Z)]S _ —iioe
g+ (T —qe =% g+ (T —qe 7%
Proof. By Lemma A.3, we know e, e, = 1 fori € y, and ‘e;eyy < lfw. Then we know for any C, we have
c c
C—<8,0)< -,
qe® + (T — q)e™=> q+ (T —qe ™%
1 1
& — <8, < —
g+ (T —qe 750~ " T g (T = q)e 135
Since all individual value is bounded within L L___ |, the expectation has the same bound.
g+H(T—q)e” 17269 g4 (T—g)e” 125
Thus, we complete the proof. O

E.6. From stochastic to fixed: after training

Here, we continue the discussion at the end of Section 3.2: our one-layer transformer with stochastic positional encoding can
be ‘derandomized’ after the two layers W, V' are already trained. That is, when in the training phase, we use the stochastic
positional encoding in the model and run gradient descent till convergence. But after training, we can keep all the parameters
unchanged, sample only one near-orthogonal E satisfying (g, 0)-RIP, fix it as the set of PE, and use that model as our trained
model. The following corollary of Theorem E.6 can characterize the perfect interpolation ability of the trained transformer.
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2—265
5

Corollary E.16. Under the condition of Theorem E.6, after time t > O( T

— Tt Tn—id), we keep

W(t) = C(t) {5’;*‘2 Ogd] V() = a(t) [Ia Ouxa,]

unchanged. Then, consider any arbitrary E € R%*T satisfying (q, §)-RIP, consider the model
fo(X,y) = VZsoftmax(Z "W zery)

we have the non-stochastic training objective Equation (3):
1
L1q(0) = 5 Ex yonr, [ISTS(X, ) — fo(X, y)|3] <e

Proof. Use Corollary E.8, we have for any y and F satisfying (g, J)-RIP be bounded by Lemma E.15:

1 1
5 < Sy(i) < ——,Vi€y.
g+ (T —qe =5~ " g+ (T - q)e 3¢
Since W = C(t) {ngd O;X d‘z} ,all S, () are the same. Then, we denote s = S, (7) and use the same argument in the
dexd de
proof of Theorem E.6 when verifying £(¢) < e to complete the proof. O

This corollary implies that in practice, once we use the fresh sampled randomized PE in Shen et al. (2023) or Ruoss et al.
(2023) on our tasks, it’s only necessary to sample the E during training. At the time for evaluation, we can fix one valid PE,
preventing us from do more sampling. This avoids ‘memorizing’ all the random number within the model, and therefore
does not violate the memory lower bound condition.

F. Experiment details

In this section, we describe in detail our experimental setup, as well as present additional plots that were not highlighted in
the main text. For all of our experiments, we use PyTorch (Paszke et al., 2019), run on NVIDIA RTX A6000s.

Setup. For all of our experiments, we choose 7' = 200 for our context length, and ¢ = 3, d = 5, and d. = 170. The
trainable weight matrices W and V' have two initialization case: zero-initialization at 0, or randomly initialize with the

. . 2 _ 1
standard deviation c° = Tid-

At each iteration, we sample a batch of n = 128 training data points (X, y), and for each OOD task, we fix a set of
Nest = 128 data points (X, y). For our length generalization tasks, we look at Tiee = {250, 300, 350, 400}, and for our
g-generalization tasks, we look at q.sc = {5, 6,7, 8}. We use the reparameterized model Equation (2):

f(X,y) = VZsoftmax(Z "W zger), Z=[XT ET]".
where we use the whole input matrix and the query:

[Zazquery] — L1 L2 -+ TT-1 LT Lquery c R(d+de)x(T+1) (16)
e €y - er_1 er €y

Positional encoding sampling. We also enforce a weaker version of the RIP assumption by sampling positional encodings

so that they are pairwise near-orthogonal, as defined by some dot product threshold hyperparameter; it turns out that such

a choice of positional encodings will satisfy the restricted isometry and orthogonality property, as we would expect for a

near-orthogonal matrix. In practice, this is implemented using rejection sampling.

For the experiments where we run with a fixed architecture, the train and test positional encodings are fixed beforehand. For
the experiments where stochastic architecture is used, this is simulated at each iteration by sampling 7" positional encodings
for training at each iteration and to be used for the entire (X, y) batch at that iteration, and for validation, a single set of Tjey
positional encodings is sampled for each validation set at each iteration.
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Training details. We run simulations on three different settings:

(1) Attending the entire input matrix [Z, Zquery] as described in Equation (2) and training with SGD (with zero initializa-
tion/random initialization of W and V).

(2) Attending the entire input matrix [Z, Zquery| as described in Equation (2) and training with Adam (with zero initializa-
tion/random initialization of W and V).

(3) An additional experiment run on smaller d, d. for illustration and training with small random initialization and SGD
with annealing.

Fixed vs. stochastic architecture. For the fixed architecture, we sample 71, = 400 positional encodings at the start of
training. For each iteration of training, we use the first 200 for the fixed architecture, and for each validation task, we use the
respective prefix of positional encodings (1" = 250, 300, 350, 400). For the stochastic architecture, we sample positional
encodings at every step for training, as well as for validation. When sampled, we use rejection sampling to ensure the
positional encoding matrix satisfy near-orthogonality.

Our experiments demonstrate that even though both fixed and stochastic PE architectures lead to in-distribution population
loss of 0, the out-of-distribution validation performances are different, both for length generalization and generalization on
unseen gs-subsets. The following sections describe the experiments that were run.

F.1. SGD from zero initialization

When we attend [Z, zquery] and train with GD, we run with i = 1, then annealing to n = 1/3 at iteration 50000. We run
until iteration 100000. The learning rate schedule is to prevent potential instability, for instance via the edge-of-stability
phenomenon (Cohen et al., 2021; Li et al., 2022; Damian et al., 2022) or loss spikes in transformer training (Chowdhery
et al., 2023; Dehghani et al., 2023; Wortsman et al., 2024).
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15
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0.0
0 20000 40000 60000 80000 100000 0 20000 40000 60000 80000 100000 0 20000 40000 60000 80000 100000 0 20000 40000 60000 80000 100000
Iteration Iteration Iteration Iteration
Qtest =5 Jtest =6 16 Qrest =7 e Qtest =8
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Figure 4. The length generalization performance and OOD performance on unseen gst-subsets. Top: Length generalization. Note
that stochastic PE converges to 0 validation loss, whereas a fixed PE is unable to do so; all of the fixed PE end up with validation loss at
least 0.15. Bottom: Generalization to unseen g.si-subsets. Note that while both stochastic and fixed PE can converge to 0 validation
loss in the long run, stochastic PE converges slightly quicker, as seen by the zoomed in versions of the plots near the end of training.
Additionally, the fixed PE’s validation performance gets worse as g5 increases.

F.2. Adam from zero initialization

Here, we attend [Z, zquery] and train with default Adam settings until iteration 100000.
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Figure 5. The training trajectory of Adam. The length generalization advantage for stochastic positional encoding is similar to the
description of Figure 4. While Adam may allow the validation loss for the g to converge to 0 in the long run, for all practical purposes
related to early stopping, stochastic PE dominates in such OOD performance.

F.3. SGD from random initialization

Similar to Appendix F.1, we attend [Z, Zquery| and train with GD, we run with 7 = 1, then annealing to ) = 1/3 for iteration
50000 to 100000. We observe similar results as in Appendix F.1.

Ttest = 250 Ttest = 300 Ttest = 350 Ttest = 400
1.75 —— fixed PE 1.75 —— fixed PE —— fixed PE 1.75 —— fixed PE
—— stochastic PE —— stochastic PE 175 —— stochastic PE —— stochastic PE

Validation loss

0 20000 40000 60000 80000 100000 0 20000 40000 60000 80000 100000 0 20000 40000 60000 80000 100000 0 20000 40000 60000 80000 100000
Iteration Iteration Iteration Iteration
Qtest =5 Jtest =6 Qrest =7 Qest =8
14 —— fixed PE 14 —— fixed PE —— fixed PE 12 —— fixed PE
—— stochastic PE 12 —— stochastic PE 12 —— stochastic PE —— stochastic PE
1.2 10
Zogmed In Zogmed In 1.0 Zoomed In Zogmed In
w10 0,040 1.0 0040, 0.040 0.040
I 003 003 0035 0035
K=} 0030 0030 0.8 o030/ 0.8 0030)
£0.8 0025, 0.8 0025 0025, 0.025!
2 0020 0020 0020 0020
B 0.6 06 06
z06 -
204 oo 0.4 bood 04 ool 0.4 oo
- 7aboo 75300 soboo _ 8330p Foboo 75800 soboo _asach Foboo 75300 soboo _asdoh Foboo 7300 soboo _asich
0.2 0.2 0.2 0.2
0.0 0.0 0.0 0.0
0 20000 40000 60000 80000 100000 0 20000 40000 60000 80000 100000 0 20000 40000 60000 80000 100000 0 20000 40000 60000 80000 100000
Iteration Iteration Iteration Iteration

Figure 6. The training trajectory of SGD with random initialization. See description of Figure 4. Note that the overall dynamics are
similar to the zero initialization case; as before, the length generalization advantage of stochastic positional encoding is evident. Moreover,
stochastic positional encoding achieves better out-of-distribution loss compared to fixed positional encoding.
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F.4. Adam from random initialization
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Figure 7. The training trajectory of Adam with random initialization is similar to the zero initialization case. See description of Figure 4.
While Adam may allow the validation loss for the g to converge to 0 in the long run, for all practical purposes related to early stopping,
stochastic PE dominates in such OOD performance.

F.5. Additional heat maps in the setting of Figure 3

Here, for the sake of illustrations, we train with " = 10, d = 20, and d. = 20. In addition, we use small Gaussian
initialization with an entrywise standard deviation of 1/+/d.. The heat maps can be seen as follows; GD eventually
converges to the ground truth directions of W* and V'*.

X E

Figure 8. More figures in interpretable training (iterations ¢ = 0, 100, 500, 50000): For the practical model Equation (2), we present
the heat map of the self-attention layer W and the value matrix V' after convergence. We initialize W, V randomly at ¢ = 0. We can
observe that during training, in W only the sub-block that attends to the positional encodings E gradually converges to identity I,
direction, while all other entries gradually converge to near 0. Similar phenomenon happens in V', only the sub-block that attends to the
input tokens X gradually converges to I; direction with all other converging to near 0.
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