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ABSTRACT

Understanding how transformers learn and utilize hidden connections between
words is crucial to understand the behavior of large language models. To study
this mechanism, we consider the task of two-mixture of linear classification which
features a hidden correspondence structure between words, and study the training
dynamics of a symmetric two-headed transformer with ReLU neurons. Motivated
by the stage-wise learning phenomenon observed in our experiments, we design
and theoretically analyze a three-stage training algorithm, which can effectively
characterize the actual gradient descent dynamics when we simultaneously train
the neuron weights and the softmax attention. The first stage is a neuron learning
stage, where the neurons align with the underlying signals. The second stage is
an attention feature learning stage, where we analyze the feature learning process
of how the attention learns to utilize the relationship between the tokens to solve
certain hard samples. In the meantime, the attention features evolve from a nearly
non-separable state (at the initialization) to a well-separated state. The third stage
is a convergence stage, where the population loss is driven towards zero. The
key technique in our analysis of softmax attention is to identify a critical sub-
system inside a large dynamical system and bound the growth of the non-linear
sub-system by a linear system. Along the way, we utilize a novel structure called
mean-field infinite-width transformer. Finally, we discuss the setting with more
than two mixtures. We empirically show the difficulty of generalizing our analysis
of the gradient flow dynamics to the case even when the number of mixtures equals
three, although the transformer can still successfully learn such distribution. On
the other hand, we show by construction that there exists a transformer that can
solve mixture of linear classification given any arbitrary number of mixtures.

1 INTRODUCTION

Since the invention of self-attention (Vaswani et al.l [2017)), transformers have become the dominat-
ing backbone architecture in many machine learning applications such as computer vision (Doso-
vitskiy et al.| [2020; [Liu et al., [2021)), natural language processing (Devlin et al., 2018)) and protein
structure prediction (Jumper et al., 2021). Within the past two years, ChatGPT and GPT-4 (OpenAl,
2023} Bubeck et al.| [2023) along with other large language models (LLMs) (Touvron et al., 2023
Manyika & Hsiao| 2023} |Gemini, 2023} |Anthropic), [2024)) have demonstrated astonishing abilities
in language understanding, math Olympiad (AlphaProof & AlphaGeometry,|[2024) and coding, etc.

Despite the wide range of success of transformers, how those models can achieve such impressive
performance still remains largely unknown. One mystery lies in how transformers are trained to
utilize the connections between words to solve various tasks. For example, consider the prompt
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“Bob is watching television in the living room. Where is Bob?”. To answer the question, the model
must utilize the (hidden) correspondence between “Where” and “living room”.

There are many previous works studying the mechanism of self-attention under different settings
through training dynamics such as (Li et al.| |2024b; [Huang et al.| [2024; [Li et al.| 2022} Tarzanagh
et al.} 2023bja; Vasudeva et al.,2024). However, many of those previous works were either focusing
on attentions that are position-based or studying a setting where the words in the dictionary don’t
have explicit relationships between each other. The goal of this work is to study some simple yet
informative setting such that we can get a clear understanding how the softmax attention learns and
utilizes certain connections between words to solve tasks through training. To achieve this goal, we
consider the task of mixtures of linear classification. In this task, we have a dictionary consisting
of group identifiers and classification features, and there is a hidden correspondence structure:
each group identifier is associated with one classification feature. Each input contains a group
identifier and a corresponding signed classification feature. The rest of tokens are sampled from
signed classification features from other groups. The label of the sequence is determined by the sign
of the classification feature corresponding to the group identifier. Thus, a model needs to capture the
correspondence structure between group identifiers and classification features to solve this task. To
see how attention can solve this task, later in our training dynamics analysis, we are going to show
that the softmax attention builds such correspondence structure by allocating more weights on the
group identifier when it sees classification feature queries.

Although the intuition suggests that we can construct a transformer to solve this task, it is still
unknown that how the transformer models can be frained to learn such a hidden correspondence
structure. This inspires the following intriguing question:

How do transformers learn and utilize the hidden correspondence structure to
solve mixture of linear classification via gradient descent?

Our contributions. In this work, we study the training dynamics of a two-headed transformer given
two mixtures. Our contributions are summarized as follows:

1. As a guidance for our theory, we first conduct experiments to observe the training dynamics
of the transformer where we train all the weights simultaneously. Our experiment results
show a clear stage-wise learning phenomenon where the neuron weights learn before the
attention modules.

2. Motivated by our experimental observations, we design a three-stage layer-wise training al-
gorithm and further analyze its gradient flow dynamics. We characterize the feature learn-
ing process where the attention features evolve from a nearly non-separable state to a well-
separated state. In particular, our analysis captures how the self-attention associates the
group signals and classification signals to solve this task. Our analysis closely reflects the
actual behavior of the gradient descent dynamics when we train all weights simultaneously.

3. In order to analyze the change in softmax attention, we formulate a set of relevant variables
whose evolution can be characterized by a large non-linear dynamical system of ordinary
differential equations. To make the analysis of the dynamical system tractable, we reduce
the dimension of the system by identifying some key variables and forming a smaller sub-
system. We are able to relate the evolution of the smaller system with a linear dynamical
system to track its dynamics. Our proof techniques can be of independent interest.

4. We explore the training dynamics of the transformers when the number of mixtures goes
beyond two. We empirically show the difficulty of analyzing training dynamics even when
the number of mixture equals three, although the two-headed transformer model can still
learn this distribution. On the other hand, we give a general two-headed transformer con-
struction that can solve mixture of linear classification given arbitrary number of mixtures.

1.1 RELATED WORK

Mixture of linear regression/classification. Mixture of linear regression/classification is a classi-
cal model in statistics and machine learning (De Veaux, 1989} Jordan & Jacobs| |1994) which was
applied in areas such as object recognition (Quattoni et al., |2004) and machine translation (Liang
et al.,2006). This problem can be solved by tensor-based methods (Anandkumar et al.,2014;2012;
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Hsu et al., |2012; |(Chaganty & Liang| 2013)) and the expectation-maximization algorithm (Khalili &
Chenl, 2007 [Y1 et al., 2014; Balakrishnan et al., 2017; |Wang et al., 2015). Previously, mixture of
linear classification has been used in studying mixtures of experts (Chen et al., [2022).

Training dynamics of transformers. The training dynamics of transformers have been studied
under various settings. One particular category is in-context learning. For example, in-context linear
regression has been studied under linear attention (Zhang et al.l [2024)), softmax attention (Huang
et al., 2023)), non-linear embedding (Yang et al.), and multi-task with multiple heads (Chen et al.,
2024])). Other in-context learning settings include classification (Li et al., [2024b), causal structure
(Nichani et al.| [2024)), Markov chain or n-gram (Edelman et al [2024; Makkuva et al.| 2024} |Chen
et al.), nearest neighbor (Li et al.,[2024c)) and chain-of-thought (Li et al.,2024a).

For non-in-context settings, it has been shown that trained transformer can learn spatial structures
(Jelassi et al.| [2022)), topic models (Li et al., |2023b), and feature-position correlation (Huang et al.,
2024). In addition, (Tian et al., [2023)) showed that self-attention behaves like a discriminative scan
algorithm. There is one line of works studying a setting where the attention weight can converge
to a SVM solution (Tarzanagh et al.l 2023bga; Vasudeva et al., [2024). In addition, (Li et al. [2022)
studied a classification task with label-relevant and label-irrelevant tokens. (Li et al., |2023a) pro-
vided analysis of training graph transformers for node classification tasks. (Wang et al.) showed
transformers can learn a sparse token selection task which lead to an optimization-based separation
between transformers and MLPs. There are also works trying to prove convergence of transformer
training via NTK (Wu et al.;, 2023} |Deora et al.) and mean-field (Kim & Suzuki, [2024}|Gao et al.).

Our work also study a non-in-context learning setting. However, many of the previous works were
either considering attentions that are position-based or studying a setting where the words don’t
have explicit relationships with each other. Our study complements the above work by considering
a setting where the dictionary possesses a correspondence structure.

2 SETTINGS

Notations. For a vector v € R, we use diag(v) to denote a diagonal matrix with v being the
diagonal entries. When we subtract the vector v by a scalar a, we subtract each entry of v by a, i.e.,
v—a € R¥and (v — a); = v; — a. For a set S with elements in R and |S| = n, we can vectorize

the set S in any arbitrary but fixed order and denote the vector as vec(S) € R™. We use ﬁ, O, O to
hide polylogarithmic factors.

2.1 DATA DISTRIBUTION

Definition 2.1 (Mixture of linear classification). Define the K -mixture of linear classification data
distribution D as follows: Assume d > 2K. Let C = {ck}szl C R? denote the group signals and
V= {vk}le C R4 denote the classification signals, where C UV is orthonormal. Let L be the
number of tokens per sample. Each data entry (X,y) € R*L x {41} is created as follows:

1. Sample y ~ Unirform({£1}).
2. Sample k ~ Uniform([K]) and ly ~ Uniform([L]). Set X;, = c.

3. Sample |y ~ Uniform([L]\ {lo}) and set X}, = yvy.

4. Foreachly € [L]\ {lo, 11}, sample k' R Uniform([K]\ {k}) and set X, = evys, where
¢ "% Uniform({%1}).

Based on our data distribution, the model needs to utilize the correspondence between the group
signals and classification signals to solve this task. We further elaborate our data model as follows.
Take the sequence X = [c1, yav2, Y101, Y3vs] With y1, Y2, ys € {£1} as an example. Based on the
form of X, the token c; indicates that this instance is in group 1. Then the label of this sequence
depends on the sign associated with v; (that shares the same index with c;), and hence is given by

Y1.
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For the training dynamics part of this work, we consider KX = 2 and L = 3, and we discuss the
setting with arbitrary number of mixtures in Section [f] Since the samples are invariant of permu-
tation between tokens, we can ignore the order of the tokens and define Xy, 5 o := (ck, SUK, vk )
for k # k' € [2],s,8 € {£1}. We refer to the samples X, s s as consistent samples and samples
X}.s,—s as conflicting samples.

2.2 TRANSFORMER ARCHITECTURE AND LOSS FUNCTION

Given inputs X € R¥* L we first define a single softmax attention head H : R%*% — R as

L
H(X)= Z w' Xsoftmax (X Wi Wo))
=1

where w € R, b € R, Wy, Wg € R™*4_ and x; denotes the [-th token in X . Then, we define our
one-layer symmetric two-headed transformer with ReLU neurons f : R¥*Z — R as

f(X) =0 (H(X)+b) =0 (H-(X)+b) (D

where b € R and o is the ReLU activation function. We denote the weights in H as
wy, Wiy, Woy and similarly for H_. We introduce a shorthand notation Ky = Wg X
and Q4 = W4 X. For p,v € X, we define the output of attention, or softmax probabil-
ity, as pgﬁﬂ,keu(X) = softmax(XTWILrWQJru) o where [(v) denotes the index such that

(v

Xl(u) = V.
Loss Function. We train w.., Wi+, W4 to minimize the population loss E(x ) [£(y f(X))] where
¢(x) = log (1 + exp (—x)) is the binary cross-entropy loss. The gradient of the cross-entropy loss

is given as ¢/ (x) = fﬁ and we denote g(x) := 1/(1 + €%).

3 GUIDING EXPERIMENTS AND ALGORITHM

3.1 EXPERIMENT RESULTS

To understand the dynamics of the training process, we train the two-headed transformer in Equa-
tion (I) on the data distribution in Definition [2.1] In our experiments, all the weights in the trans-
former are trained simultaneously via gradient descent with learning rate 0.1.

Loss Neuron alignment with signals Scores

o 1000 2000 3000 4000 5000 0 2000 4000 6000 8000 10000 12000 14000 0 2000 4000 6000 8000 10000 12000 14000

(a) Loss (b) Neuron alignments (c) Attention scores

Figure 1: Experiment results. The attention scores and neuron alignment are of the positive head.

We make the following observations from our experimental results in Figure[I] which will guide us
to further develop our three-stage training algorithm and our analysis in Section {4}

* Learning for different types of samples follows different orders. From Figure[Ta] the loss
for the samples with consistent signs drops in the early stage of training, while the loss for
the samples with conflicting signs only start to drop after sufficient amount of training.

* There is also a learning order of the weights. From Figure [Tb] the neuron weights start to
align with the underlying signals since the beginning of the training. On the other hand, by
Figure|lc| only after sufficient amount of training, the attention scores start to exhibit no-
ticeable change. We further conduct experiments by fixing the neuron weights as Gaussian
and only training the attention. Our results show that the model is not trainable in this case.
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» The time when the attention scores exhibit noticeable change coincides with the time when
the loss for samples with conflicting signs drops. This suggests that attentions play a central
role in learning those samples.

* The attention weights are positively associating the group signals and classification signals
from the same group and negatively associating them from different groups. This can

be seen from Figure |lc| that the score CTW[(ELTWSJ)Fvl is increasing to a large positive

magnitude and the score ¢; W;LTW(” vg 1s decreasing to a large negative magnitude.

In order to understand the mechanism of neurons and attentions separately, the second observation
suggests to decompose the training process into stages: neurons are trained first, followed by training
the attention. The process can be finished by training neurons again to drive the loss towards zero.

3.2 THREE-STAGE TRAINING ALGORITHM

Motivated by our experiment results, we introduce our three-stage layer-wise training algorithm in
Algorithm [} In our layer-wise training algorithm, in the first stage we train the neuron weights
w4, w_. In the second stage, we train the attention weights W, Wo,, Wi _, Wg_ on the sam-
ples with conflicting signs. In the third stage, we train the neuron weights again. Our algorithm
design closely reflects our experimental observation in Section 3]

Algorithm 1 Three-stage Training

Initialize wi) =0, WI((OL W(O) ~ N(0, w2$) and b to be a sufficiently small positive constant

such as 1/2.
while t<Tido > Stage 1: training the neuron weights with all samples
<t)
df( . ?E)(X,y)[ o Ay fgt))( )]
t
Wik WQi] Wik WQ J-
end while
while ¢t € [T}, T5] do > Stage 2: training the softmax attention with the conflicting samples
d[W“) ,W(t)]
S = By [V[Wki’WQi]E(yf(t)(XD'X = Xk,s,—s]-
wl®) = T
+ =Wy .
end while
while ¢ € [T, T3] do > Stage 3: training the neuron weights to minimize the population loss
dw®
i = ~Eoc [V /O]
t
[WKjUWQi] = [Wki 7WQi2 I
end while

4 MAIN RESULTS

Before we state the main results, we first introduce the parameter conditions used in our analysis.

Condition 1. We use the following parameter conditions:

* The attention initialization scale satisfies w < C' < 1 for some small constant C.

* The attention weight embedding dimension m > poly(1/w).

We now state the guarantee for Algorithm [T under an idealized infinite-width transformer model
which we will introduce later in Definition [5.I] Our experiment results show that this idealized
model is indeed an accurate model that captures the real training dynamics.

Theorem 4.1 (Main theorem). Under Condition|l|and the infinite-width transformer model in Def-
inition [5.1] there exists Ty = ©(1), To — Ty = O(log(1/w)), T5 — To = O(1/e) such that after
running Algorithm we have E[0(yf(T3)(X))] < €. The neuron weights of the transformer satisfies
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* Positive alignment with the signed classification signals wngg)Tvk = (:3(1) and
(T3)T, A
w2 (—v) = O(1).

* Positive alignment with the group signals wf3)—rck = é(l)

o Symmetry between heads and groups: wSrTB)TUk = ! 3)T( k), wTH Ty
wngS)Tvg, wsrTS)Tck = w7 ey, wSrT?’)Tcl = wSrTg)TCQ.

In particular, the output of the softmax attention for sample X, 1 _ satisfies the following properties:

* Concentration on the group signal key:

BT (Xio) =2 (Xg o) = ©(1)

pq(—vl,kecl - pqevl,l«—cl

o e (X 2) =P o (Kaan) = ()

Do —vy ke—cy T Py —vg kcy

(+.T3) (Xlﬁr,*) (=,T3) (Xlﬂr,*) >0

pq(—cl,lﬁ—cl - pq(—cl,lﬂ—cl
* Near symmetry within a single attention head:

P (X1 2) = Y (K )| < Ow)

q<v1,k<v1 - pqevl,kefvg
(+,73) (+,73) A
‘pq<——uz7k<—v1 (X17+77) - pq<——1127k<——1)2 (Xlﬁ”,*) S O(W)

e (X)L, (K| < Ow).

pq(—cl,lﬁ—vl - pq(—cl,lﬂ—fvz

We now describe how the transformer can correctly classify the sample X;  _. Based on Theo-

rem the output of the transformer f(73)(X 1,4,—) can be analyzed as follows: by the attention’s
concentration on the group signal key, we have

ws_T:s)TCl ( (+,T3) (X17+’7) (+.Ts) (XLJ“*) +Ts) (X1,+,*)>

pq<—’u1,k<—cl +pq<——vg,k<—cl +pq<—cl,k<—c1

)T -, T =T =T
- w(_ ) 1 (ptgeuf,)kecl (X1,4,-) +pt(zefv)2,keq (X1,4,-) +p<(1e013,)kFcl (X1’+’_)) = Q(1).

On the other hand, due to attention’s near symmetry property, regardless of queries, we have

wiT‘g)Tvl and w +T3)T (—v2) approximately cancelling each other:
T5)T +,T: +,T: +,T
U)Sr V) (_02> (pz(ﬂ—vf,)k(——vrz (X17+7*) + pé<——3v)2,k<——1)2 (X17+a*) + pgecf,)lﬁ——vg (XLJF’*))
T5)T + T +T: + T
o™ o (P (X 0) + T s, (K ) 4P, (X1 0)) &0,

Therefore, the positive head can output a value larger than the negative head and thus the sample can
be correctly classified. Our results on the behavior of the softmax attention in Theorem [4.1] agrees
with our experiment results in Figure[Ic} By symmetry, the trained transformer will behave similarly
on other samples with conflicting signs.

We now introduce another interpretation of Theorem that relates to logistic linear regression.
Notice that the transformer architecture in Equation (I)) can be rewritten as

c(Hy(X)+0b) Elel Xsoftmax (X "Wy, Wqix)
FX) = [l wl ] | —g(H_(X) +b) L, Xsoftmax (XTW,._Wo_) 2)
o(Hy (X) + b)b— &(H_(X) + b)b

F(X)

We define the vector F(X) € R24+! (o be the attention feature of input X. Thus, if the transformer
model can successfully learn the data distribution D, we must have the set of attention features
{F(X)}xep linearly separable. We show in Lemma [5.4] that the attention features under uniform
attention is not linearly separable and we describe how the attention features evolve and become
well-separated after training in Section[5.2}

Finally, for samples with consistent signs, although their attention features also change after stage
2, we are able to show that those changes do not affect the separability of their attention features.
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5 PROOF OUTLINE

In order to analyze the training dynamics of the softmax attention, first of all, we need to keep track
of the dynamics of the score variables MTWE Wouv for u,v € C UYV. However, upon writing down
the gradient flow updates for ;1" W, W, it can be seen that their updates are governed by the
variables in the form of u" W Wxv and " W W which we call key and query self-score
variables. By keeping track of the gradient flow updates for those three types of variables all at
once, we now have a complete dynamical system where all the terms appearing in the updates are
tracked. The gradient flow dynamical system can be found in Appendix[B.2}

Before we analyze the training dynamics, we observe one complication brought by random ini-
tialization: from our data distribution in Definition the two mixtures are symmetric to
each other and thus, ideally, the transformer’s behavior should be the same for each class, e.g.,

awit f Wg J)r v =g Wl f ng v5. However, due to random initialization, ¢] W, J)FT Wéol vy

02T WE(OJ)FT Wc(golvg. In order to solve the above complication, we consider the infinite-width trans-
former where the embedding dimension m of the softmax attention goes to infinity. Within this
model, we can derive nice symmetry properties between two groups and between two heads (Ap-
pendix [C), that are convenient for our analysis.

Definition 5.1 (Infinite-width transformer). The infinite-width transformer is defined as the archi-
tecture in Equation (I)) with m — oc.

Our experiment results show that as long as the initialization scale w is small enough, and the
embedding width is large enough, the infinite-width transformer can indeed serve as an accurate
model reflecting the true dynamics. For clarity, we present all of our results and analysis under
the infinite-width transformer model. The finite-width transformer is a discretized version of the
infinite-width transformer. Thus, the actual gradient flow dynamics can be seen as the infinite-width
dynamics with perturbation introduced by finite-width discretization. We discuss how to take the
discretization into account in Appendix [G]

5.1 STAGE 1: NEURONS ALIGN WITH THE SIGNALS

In stage 1 of Algorithm[I] we train the neuron weights and keep the attention weights fixed at their
random initialization. Since the neuron weights are zero-initialized, the outputs of the two attention
heads are both zero at initialization. Recall that we fix the bias term b in our transformer (Equa-
tion (I))) to be some small positive constant. Thus, there exists a period of time from initialization
that the outputs of ReLU will be positive for all samples. We first characterize how the neuron
weights align with the signals in such a case.

Lemma 5.2 (Neuron alignment, stage 1.1). Under Definition for t € [0,Th], if
HY(X), HY(X) > —bforall X € D, then for k € {1,2},

dwg)Tvk 1 dw(t)Tvk 1
T+ R _ (t) - - _ - (t)
- ] Z g (Xk/,s,s’) ’ - Z g (Xk/,s,s’)

dt de 8
k'€[2],s=s' k'€[2],s=s’
At the same time, for k € {1, 2},
dwif)—rck _0 dw(_t)Tck _0
a7 a7

From the above lemma, we can see that when the output of ReL.Us are positive for all samples, the
neuron weights will align with the signed classification signals while not aligning with the group
signals at all. A direct consequence is that the attention head output H J(:)(X 1,—,—) will keep de-
creasing until it becomes smaller than —b, as long as b is not too large. Then the neuron weight w
is no longer able to receive gradient from sample X; _ _. We can show that when this happens, the
neurons start to positively align with the group signals.

Lemma 5.3 (Neuron alignment with group signals, stage 1.2). Under Definition[5.1] for t € [0, Ty],
if H (X)) < =bfork € {1,2}, then

dwE:)Tck 1

— — 4
m 9 ( Xk 4)-
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At the same time, the neurons still keep aligning with the signed classification signals. Thus, if
T) = O(1), then we have wa)Tvk = 0O(1) and wif)—rck. = ©O(1) after stage 1.

Although the neuron weights can learn the signals in stage 1, it is not hard to show that the trans-
former will output zero for samples with conflicting signs like X  _ and thus those samples are
not correctly classified. In fact, we can show that under the averaged initial value model, our data
distribution D is not learnable by merely training the neuron weights.

Lemma 5.4 (Non-separability of uniform attention feature). There exist no neuron weights w.. such
that yf(X) > 0 forall X € { Xy s —s}re[2),se{+1} When the softmax attention is uniform.

Recall our definition of attention feature in Equation (2). Lemma [5.4]can be interpreted as that the
uniform attention feature is not linearly separable. Due to randomness, the actual attention feature
at initialization is not exactly uniform. However, by a simple continuity argument, Lemma can

be translated as the maximum margin of the initial attention feature is at most 0] (w?/y/m).[!

5.2 STAGE 2: ATTENTION LEARNS FROM THE SAMPLES WITH CONFLICTING SIGNS

Since by Lemma [5.4] the samples with conflicting signs are hard to learn by merely training the
neuron weights, in stage 2, we directly train the softmax attention weights W+, Wo+ on those
hard samples. As we mentioned in the beginning of Section [5] in order to keep track of how the
softmax attention changes during training, we need to analyze a dynamical system with all the score
variables MTWST Wg}ru, key self-score variables MTWST

MTWSJ)FT Wéﬁu From the gradient flow update in Appendix observe that we can write the

dynamical system in the following form:

Wg}ru and query self-score variables

vec({uTW,@QWé;iu}Wecw) vec({mwgingiu}u,uecuw

t t t t

dt VCC({NTW%ZrTW%lV}u,VGCUV) =41 Vec({”TW%lTWﬁLV}u,uecuv)
vee({nTWHL WS v wwvecoy) vee({n WG WY v wveeuy)

where A(*) is a square matrix with dimension |{MTW¥LTWSJ)FV}M7V| + {u" WI(QFT W;(tlu}w, +

|{,uTVVCSt)+T Wg}ru} uv| =16 410 4 10 = 36. Thus, directly analyzing the dynamical system can
easily become intractable. We need to come up with ways to utilize the structure of the problem to
reduce the dimension we need to analyze.

One observation from Figure [1¢|is that the score variables ¢, Wi(ff ng_vl and ¢ WI(QFT ng V2

exhibit the maximum magnitude change compared with all other score variables. In fact, these two
quantities play a key role in making H, (Xq 4 ) > H_(X; 4, _). Thus, if we are able to prove

that ¢ Wf(ffngrvl will become sufficiently large at the end of stage 2, then we can make good
progress on proving that the attention features become separable.

To make our presentation simpler, for a moment, assume we have the near symmetry properties:

clTW]((ti_Tng_vl ~ —clTWI((th(t) Vg

Q+
ef Wil Wider m —e] Wil Wil e
0T 11/t T 1y (t
UIW(D(Q_)‘_ chj-vl ~ —vIWéj_ Wé_)i_’l)g

which can indeed be made rigorous in Lemma [E.4] Applying this near symmetry property to the
gradient of ¢ Wi((tf Wg}rvl att = T (see Appendix , we have
)T

def W Wl
dt

1 2
~ Ly (W W) (2

t=T,

]' 1 1 2 1
+ 3™ (W Twa) (Gl e ).

"Recall that the maximum margin of a set S is defined as v := MAX|| 4|y =1 minges w'z.
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Due to symmetry and cancellation at initialization, it only depends on 2 self-score variables:
clTWI((thI(flcl and v, W(t)TW( J)rvl At the same time, the gradient of c; W(t)TWI((tzrcl and
vlTngWét}rvl at t = T3 also depends only on ¢, W(t)TW(t) 4 v1. Thus, if this simpler depen-
dence can hold through the rest of stage 2, then we get a much smaller 3 x 3 system to analyze.

Unfortunately, this is not true. Take the gradient of c; W(t)TW(t) (v as an example. Training the
attention weights can break the symmetry that holds at 77, and the gradient of ¢, Wl((t 1+ Wo ® Lo will

start to depend on other self-score variables. The way to overcome this issue is to reahze that as
long as the maximum change in the output of the softmax is not too large, we can bound the effects

from other self-score variables and the gradient of ¢, Wl(f

T WTWE 1 and o] WS WS 0y

Zr ngvl is still mainly contributed by

Now, we have successfully reduce the dimension of the system that we need to analyze to 3 x 3.
However, there is still a problem we need to handle: the system has a matrix with non-linear depen-
dence on those 3 variables. Generally, it is impossible to derive a close-form solution. Fortunately,
we can show that (1) those 3 variables are increasing throughout the training and (2) when the change
of the softmax attention (from initialization) is within a certain range, the growth of those 3 variables
can be lower bounded by a linear dynamical system.

Lemma 5.5 (Informal version of Lemma[E.2). Fort > T4, when all the score variables are bounded
within some range, there exists a constant b > 0 such that

WI((T fg)vl 0 1 17 [dWie %t)vl

dt TWK+ : cif| =b [1 0 O] TW§:+ .
T () 1 0 0 T (t)
vl Woy Welo ol Woy Woiu

With Lemma L we can prove that the score ¢ WI((ZF W(t) v1 will become sufficiently large at the
end of stage 2.
On the other hand, when the query token is the group signal, we can prove

TWI((T/

t)T
Ywiler <o, oy wlIwilie >o.

By symmetry, this implies p(+’t) (X1,4-) (=) (X1,+,— ). This finishes the proof of

K R q(—Cl,kM—Cl > pq<—c1 k<c1 5 .
the trained attention’s property on the concentration on the group signal token in Theorem [{.1]

Finally, when v; and v are the keys, we can prove the near symmetry property between scores:
6T 6T
ol WO Woon & —uf W Wo v,
T T
W Wy o WO Woy
T
UIW](Q‘_ WQ+61

Q

—Uy W]((tz'_ WQ+01

which can be translated to the near symmetry property within a single head in Theorem[4.1]

5.3 STAGE 3: CONVERGENCE

In stage 3, we train the neuron weights again. At the end of stage 2, the attention features for samples
with conflicting signs becomes well-separated. In addition, we can show that the attention features
for the samples with consistent signs are still well-separated. Thus, the training in stage 3 behaves
like logistic linear regression on linearly separable data and training the neuron weight can drive
the population loss towards zero. This proves the part in Theorem that the population loss can
become sufficiently small after training.

6 GENERAL NUMBER OF MIXTURES

In this section, we study the case when the mixtures have more than two groups. Our experiment
results can be found in Appendix We summarize our experimental findings below.
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Observation 1. The transformer architecture in Equation can learn the data distribution for
K > 3. However, the near symmetry property in the attention no longer holds. In addition, the
training takes longer with more groups.

On the other hand, we observe that for K = 3, the training dynamics is still stage-wise and there
are score variables exhibiting major growth compared with others. Thus, the techniques developed
in our work can be used to study the training dynamics for K > 3.

Although the training dynamics for K > 3 has some differences from the K = 2 case, we are able
to provide a construction of transformers that can solve any arbitrary K mixtures.

Lemma 6.1. There exists a transformer architecture solving K -mixture of linear classification.

Proof. The construction is given as follows. Let
K K K
W;+WQ+ = QC-kac; +C~chc; +C~kavg,
k=1 k=1 k=1

K K K
We_ Wqo_ = —2C- kac; +C- chc;r +C- kau,;r
k=1 k=1 k=1

The transformer is given as

K K
FX) =Y vl Xsoftmax(X Wi, Wi Xi,) + > —vjf Xsoftmax(X "Wy Wo_X),)
i k=1 11 k=1

Let C — oo. First of all, consider classification signal query v. Then,

Nk

K
v Xsoftmax(X "Wy, Woivr) + > —v)f Xsoftmax(X "Wy, Wo k)
1 k=1

o
I

’U];r’l}k — v,:vk =0

Similar analysis for query —vy. On the other hand, for group signal query cy, suppose the corre-
sponding classification signal in X is v, we have

K K
Z v, Xsoftmax(X "Wy, Woicp) + Z —vp Xsoftmax(X "W Wo,cr)
k=1 k=1

= U,Ivk — v,;rck =1

Similar analysis if the corresponding classification signal is —vy. Thus, we have y f(X) > 0 for all
(X,y) € D. O

7 DISCUSSION

In this work, we studied the training dynamics of a two-headed transformer solving two-mixture
of linear classification. We characterized the feature learning process of how the softmax attention
utilizes the relationship between the class signals and their corresponding classification signals in
this task. One open problem is that the current proof techniques critically utilize the fact that both
the transformer architecture and the data distribution are symmetric. Can we discover some hidden
structures of the problem such that we can analyze the training dynamics for &' > 3? More interest-
ingly, we demonstrated that during training, the attention features evolved from a near non-separable
state to a well-separated state, i.e, the maximum margin of the attention features increases during
training. What properties does the data distribution need to have such that the maximum margin can
increase in training? We leave those interesting questions as future works.

10



Published as a conference paper at ICLR 2025

ACKNOWLEDGMENT

HY would like to thank Alex Damian for extensive discussion and suggestions. The work of ZW was
in part supported by an NSF Scale-MoDL grant (award number: 2133861) and the CAREER Award
(award number: 2145346). JDL acknowledges support of Open Philanthropy, NSF IIS 2107304,
NSF CCF 2212262, NSF CAREER Award 2144994, and NSF CCF 2019844. The work of YL
was supported in part by the U.S. National Science Foundation with the grants ECCS-2113860 and
DMS-2134145.

REFERENCES

AlphaProof and teams AlphaGeometry. Ai achieves silver-medal standard solving international
mathematical olympiad problems. 2024. URL https://deepmind.google/discover/
blog/ai-solves—imo—-problems—at—-silver—-medal-level/.

Animashree Anandkumar, Daniel Hsu, and Sham M Kakade. A method of moments for mixture
models and hidden markov models. In Conference on learning theory, pp. 33—1. IMLR Workshop
and Conference Proceedings, 2012.

Animashree Anandkumar, Rong Ge, Daniel J Hsu, Sham M Kakade, Matus Telgarsky, et al. Tensor
decompositions for learning latent variable models. J. Mach. Learn. Res., 15(1):2773-2832, 2014.

Anthropic. The claude 3 model family: Opus, sonnet, haiku. 2024.

Sivaraman Balakrishnan, Martin J Wainwright, and Bin Yu. Statistical guarantees for the em algo-
rithm: From population to sample-based analysis. 2017.

Sébastien Bubeck, Varun Chandrasekaran, Ronen Eldan, Johannes Gehrke, Eric Horvitz, Ece Ka-
mar, Peter Lee, Yin Tat Lee, Yuanzhi Li, Scott Lundberg, et al. Sparks of artificial general
intelligence: Early experiments with gpt-4. arXiv preprint arXiv:2303.12712, 2023.

Arun Tejasvi Chaganty and Percy Liang. Spectral experts for estimating mixtures of linear regres-
sions. In International Conference on Machine Learning, pp. 1040-1048. PMLR, 2013.

Siyu Chen, Heejune Sheen, Tianhao Wang, and Zhuoran Yang. Unveiling induction heads: Provable
training dynamics and feature learning in transformers. In ICML 2024 Workshop on Theoretical
Foundations of Foundation Models.

Siyu Chen, Heejune Sheen, Tianhao Wang, and Zhuoran Yang. Training dynamics of multi-head
softmax attention for in-context learning: Emergence, convergence, and optimality. arXiv preprint
arXiv:2402.19442, 2024.

Zixiang Chen, Yihe Deng, Yue Wu, Quanquan Gu, and Yuanzhi Li. Towards understanding the
mixture-of-experts layer in deep learning. Advances in neural information processing systems,
35:23049-23062, 2022.

Richard D De Veaux. Mixtures of linear regressions. Computational Statistics & Data Analysis, 8
(3):227-245, 1989.

Puneesh Deora, Rouzbeh Ghaderi, Hossein Taheri, and Christos Thrampoulidis. On the optimization
and generalization of multi-head attention. Transactions on Machine Learning Research.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and Kristina Toutanova. Bert: Pre-training of deep
bidirectional transformers for language understanding. arXiv preprint arXiv:1810.04805, 2018.

Alexey Dosovitskiy, Lucas Beyer, Alexander Kolesnikov, Dirk Weissenborn, Xiaohua Zhai, Thomas
Unterthiner, Mostafa Dehghani, Matthias Minderer, Georg Heigold, Sylvain Gelly, et al. An im-
age is worth 16x16 words: Transformers for image recognition at scale. In International Confer-
ence on Learning Representations, 2020.

Benjamin L Edelman, Ezra Edelman, Surbhi Goel, Eran Malach, and Nikolaos Tsilivis. The
evolution of statistical induction heads: In-context learning markov chains. arXiv preprint
arXiv:2402.11004, 2024.

11


https://deepmind.google/discover/blog/ai-solves-imo-problems-at-silver-medal-level/
https://deepmind.google/discover/blog/ai-solves-imo-problems-at-silver-medal-level/

Published as a conference paper at ICLR 2025

Cheng Gao, Yuan Cao, Zihao Li, Yihan He, Mengdi Wang, Han Liu, Jason M Klusowski, and
Jianging Fan. Global convergence in training large-scale transformers.

Team Gemini. Gemini: a family of highly capable multimodal models. arXiv preprint
arXiv:2312.11805, 2023.

Daniel J Hsu, Sham M Kakade, and Percy S Liang. Identifiability and unmixing of latent parse trees.
Advances in neural information processing systems, 25, 2012.

Yu Huang, Yuan Cheng, and Yingbin Liang. In-context convergence of transformers. arXiv preprint
arXiv:2310.05249, 2023.

Yu Huang, Zixin Wen, Yuejie Chi, and Yingbin Liang. Transformers provably learn feature-position
correlations in masked image modeling. arXiv preprint arXiv:2403.02233, 2024.

Samy Jelassi, Michael Sander, and Yuanzhi Li. Vision transformers provably learn spatial structure.
Advances in Neural Information Processing Systems, 35:37822-37836, 2022.

Michael 1T Jordan and Robert A Jacobs. Hierarchical mixtures of experts and the em algorithm.
Neural computation, 6(2):181-214, 1994,

John Jumper, Richard Evans, Alexander Pritzel, Tim Green, Michael Figurnov, Olaf Ronneberger,
Kathryn Tunyasuvunakool, Russ Bates, Augustin Zidek, Anna Potapenko, et al. Highly accurate
protein structure prediction with alphafold. nature, 596(7873):583-589, 2021.

Abbas Khalili and Jiahua Chen. Variable selection in finite mixture of regression models. Journal
of the american Statistical association, 102(479):1025-1038, 2007.

Juno Kim and Taiji Suzuki. Transformers learn nonlinear features in context: Nonconvex mean-field
dynamics on the attention landscape. arXiv preprint arXiv:2402.01258, 2024.

Hongkang Li, Meng Wang, Sijia Liu, and Pin-Yu Chen. A theoretical understanding of shallow
vision transformers: Learning, generalization, and sample complexity. In The Eleventh Interna-
tional Conference on Learning Representations, 2022.

Hongkang Li, Meng Wang, Tengfei Ma, Sijia Liu, Zaixi Zhang, and Pin-Yu Chen. What improves
the generalization of graph transformer? a theoretical dive into self-attention and positional en-
coding. NeurIPS 2023 Workshop: New Frontiers in Graph Learning, 2023, 2023a.

Hongkang Li, Meng Wang, Songtao Lu, Xiaodong Cui, and Pin-Yu Chen. How do nonlinear trans-
formers acquire generalization-guaranteed cot ability? In ICML 2024 Workshop on Theoretical
Foundations of Foundation Models, 2024a. URL https://openreview.net/forum?id=
HizDrDvxLP.

Hongkang Li, Meng Wang, Songtao Lu, Xiaodong Cui, and Pin-Yu Chen. Training nonlinear trans-
formers for efficient in-context learning: A theoretical learning and generalization analysis. arXiv
preprint arXiv:2402.15607, 2024b.

Yuchen Li, Yuanzhi Li, and Andrej Risteski. How do transformers learn topic structure: Towards a
mechanistic understanding. In International Conference on Machine Learning, pp. 19689-19729.
PMLR, 2023b.

Zihao Li, Yuan Cao, Cheng Gao, Yihan He, Han Liu, Jason M Klusowski, Jianqing Fan, and Mengdi
Wang. One-layer transformer provably learns one-nearest neighbor in context. 2024c.

Percy Liang, Alexandre Bouchard-C6té, Dan Klein, and Ben Taskar. An end-to-end discriminative
approach to machine translation. In Proceedings of the 21st International Conference on Compu-
tational Linguistics and 44th Annual Meeting of the Association for Computational Linguistics,
pp- 761-768, 2006.

Ze Liu, Yutong Lin, Yue Cao, Han Hu, Yixuan Wei, Zheng Zhang, Stephen Lin, and Baining Guo.
Swin transformer: Hierarchical vision transformer using shifted windows. In Proceedings of the
IEEE/CVF international conference on computer vision, pp. 10012-10022, 2021.

12


https://openreview.net/forum?id=HizDrDvxLP
https://openreview.net/forum?id=HizDrDvxLP

Published as a conference paper at ICLR 2025

Ashok Vardhan Makkuva, Marco Bondaschi, Chanakya Ekbote, Adway Girish, Alliot Nagle, Hyeji
Kim, and Michael Gastpar. Local to global: Learning dynamics and effect of initialization for
transformers. arXiv preprint arXiv:2406.03072, 2024.

James Manyika and Sissie Hsiao. An overview of bard: an early experiment with generative ai. Al
Google Static Documents, 2, 2023.

Eshaan Nichani, Alex Damian, and Jason D Lee. How transformers learn causal structure with
gradient descent. arXiv preprint arXiv:2402.14735, 2024.

OpenAl. Gpt-4 technical report, 2023.

Ariadna Quattoni, Michael Collins, and Trevor Darrell. Conditional random fields for object recog-
nition. Advances in neural information processing systems, 17, 2004.

Terence Tao. Nonlinear dispersive equations: local and global analysis. Number 106. American
Mathematical Soc., 2006.

Davoud Ataee Tarzanagh, Yingcong Li, Christos Thrampoulidis, and Samet Oymak. Transformers
as support vector machines. In NeurlPS 2023 Workshop on Mathematics of Modern Machine
Learning, 2023a.

Davoud Ataee Tarzanagh, Yingcong Li, Xuechen Zhang, and Samet Oymak. Max-margin token
selection in attention mechanism. In Thirty-seventh Conference on Neural Information Processing
Systems, 2023b.

Yuandong Tian, Yiping Wang, Beidi Chen, and Simon Du. Scan and snap: Understanding training
dynamics and token composition in 1-layer transformer. arXiv preprint arXiv:2305.16380, 2023.

Hugo Touvron, Thibaut Lavril, Gautier Izacard, Xavier Martinet, Marie-Anne Lachaux, Timothée
Lacroix, Baptiste Roziere, Naman Goyal, Eric Hambro, Faisal Azhar, et al. Llama: Open and
efficient foundation language models. arXiv preprint arXiv:2302.13971, 2023.

Bhavya Vasudeva, Puneesh Deora, and Christos Thrampoulidis. Implicit bias and fast convergence
rates for self-attention. arXiv preprint arXiv:2402.05738, 2024.

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N Gomez,
Lukasz Kaiser, and Illia Polosukhin. Attention is all you need. Advances in neural informa-
tion processing systems, 30, 2017.

Zhaoran Wang, Quanquan Gu, Yang Ning, and Han Liu. High dimensional em algorithm: Statistical
optimization and asymptotic normality. Advances in neural information processing systems, 28,
2015.

Zixuan Wang, Stanley Wei, Daniel Hsu, and Jason D Lee. Transformers provably learn sparse token
selection while fully-connected nets cannot. In Forty-first International Conference on Machine
Learning.

Yongtao Wu, Fanghui Liu, Grigorios Chrysos, and Volkan Cevher. On the convergence of encoder-
only shallow transformers. In Thirty-seventh Conference on Neural Information Processing Sys-
tems, 2023.

Tong Yang, Yu Huang, Yingbin Liang, and Yuejie Chi. In-context learning with representations:
Contextual generalization of trained transformers. In ICML 2024 Workshop on Theoretical Foun-
dations of Foundation Models.

Xinyang Yi, Constantine Caramanis, and Sujay Sanghavi. Alternating minimization for mixed linear
regression. In International Conference on Machine Learning, pp. 613-621. PMLR, 2014.

Ruiqi Zhang, Spencer Frei, and Peter L Bartlett. Trained transformers learn linear models in-context.
Journal of Machine Learning Research, 25(49):1-55, 2024.

13



Published as a conference paper at ICLR 2025

CONTENTS

[3_ Guiding Experiments and Algorithm|

3.1 Experimentresults| . .. ... ... ... ... .. .

3.2 Three-stage Training Algorithm| . . . . ... ... ... ... .. .. .......

4__Main Results|

5 Proof Outline

[5.T Stage T: Neurons align with the signals| . . . . . . . . . . .. . .. ... .. ...

[5.2Stage 2: Attention learns from the samples with conflicting signs| . . . . . . . . . .

B3 Stage 3: CONVergence] . . . . . . v v v

(6 General Number of Mixtures|

[7_Discussion|

A" Additional Experiment Results|

IA.4  Experiments on Multi-mixture Models| . . . . ... ... ... ... ... .....
IA.5 Real World Experiment| . . . . . .. ... ... ... .. ... ... ...

B_Gradient Flow]
IB.1 Gradients of each weight matrices| . . . . . ... ... ... ... ... ......

IB.2  Gradient Flow Dynamical System| . . . . . ... ... ... ... .........

[DStage 1: Training neurons to learn the signals|

ID.1 Stage 1.1: Growth of neuron alignment with classification signals| . . . . . .. ..

ID.2  Stage 1.2: Growth of neuron alignment with group signals| . . . .. ... ... ..

ID.3 Properties attheend of stage 1| . . . . . . . ... ... ... ... ... ...

[EStage 2: Self-attention learns from the conflicting (hard) samples|

14

o 0 9

19
19
20

20

23
23
24
26

26



Published as a conference paper at ICLR 2025

E2

Growth of asymmetry|. . . . . . . . . ...

E3

When the query 1s the groupsignal| . . . . . .. ... ... ... .. .. ...

E.4

Properties at theend of stage 2| . . . . . . ... ... ... ... ... ...

E3

The updates of the softmax attentionatt¢ ="77| . . ... ... ... .. ......

[E.5.2 Thekeyself-scores| . . . . .. ... ... . ...
[E.5.3  The query self-scores| . . . . . . ... ... ... ... ... ... ...

E6

Sum of partial gradients|. . . . . . ... .. L

E7

Expanding theupdates| . . . . . . . .. ... ...

!

[E.7.1 Thekey self-score| . . . ... .. ... .. ... ... ... . .. ...,
[E.7.2 The query self-score| . . .. .. ... ... .. .. ... ... .......

|G Handling the finite-width discretization|

15

53

56

58



Published as a conference paper at ICLR 2025

A ADDITIONAL EXPERIMENT RESULTS

A.1 SOFTMAX ATTENTION

We provide the softmax probability of the positive head on different samples.

cl vl v2 cl -vl -v2
0.7 0.7
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0.6 0.6
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© X1,4,—- (d) X1,— .+

Figure 2: Softmax attention of the positive head on different samples. The vertical axis denotes the
query tokens and the horizontal axis denotes the key tokens.

A.2 ONLY TRAIN THE ATTENTION

Recall that in Section [3] we observed there is a learning order when all the weights are trained
simultaneously: the attention weights learn after the neuron weights. To further study whether
this learning order is necessary, we conduct another experiment where we initialize the neurons as
Gaussian and only train the attention. Our result suggests that in this case, the transformer is no
longer trainable.

Training Loss of Attention-Only Training
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0.698 - — loss
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0.696 1 —— loss_conflicting_samples

0.694
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0.690

0 2000 4000 6000 8000 10000 12000 14000

(a) Loss

Figure 3: The loss for training only the attention while keeping the neurons fixed at initialization.
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A.3 FULL ATTENTION SCORES OF TWO MIXTURES

Scores

— qiclkicl

0 2000 4000

6000 8000 10000 12000 14000

(a) Score

Figure 4: Full attention scores for K = 2.

A.4 EXPERIMENTS ON MULTI-MIXTURE MODELS

In this section, we provide experiment results on synthetic data for multi-mixture models. Specifi-
cally, Figure[5] Figure[6 and Figure[7]respectively indicate that the training dynamics of 3-mixture,
4-mixture and 8-mixture models are all showing some similarities as that for 2-mixture model,
demonstrating the broad applicability of our developed theoretical results.
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(c) Scores with width 65

Neuron alignment with signals

3.04
25
2.01
1.5 4
1.04
05
0.0
0 2000 4000 6000 8000 10000 12000 14000
(b) Neuron alignment
scores for 3 mixtures width 260
5 1
44
31 F — qvlkicl
q:vl kic2
Py — qvlkic3
— q:v2,kicl
14 | — qv2,kic2
] — qw2kc3
/ q:v3,kicl
01 — qv3kic2
q:v3kic3
14
24

0 2000 4000 6000 8000 10000 12000 14000

(d) Scores with width 260

Figure 5: The experiment results for the case with K = 3 mixtures.
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Loss for 4 mixtures scores for 4 mixtures width 260
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Figure 6: The experiment results for the case with K = 4 mixtures.

Loss for 8 mixtures scores for 8 mixtures width 260
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Figure 7: The experiment results for the case with K = 8 mixtures.

A.5 REAL WORLD EXPERIMENT

In this section, we present our real world experiment results. In our experiments, we use MNIST
dataset and extract the images with label 1 and label 2 to play the role of classification signals.
We create two random vectors to play the role of group signals. We plot the training loss curves for
both simultaneously training all the weights and separately training the neuron weights and attention
weights in Figure 8] In separate weight training, the three stages are set to 100 steps each.
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Training Loss Training Loss
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(a) Loss for simultaneous training (b) Loss for separate weight training

Figure 8: The experiment results for simultaneous weight training and separate weight training.

B GRADIENT FLOW

B.1 GRADIENTS OF EACH WEIGHT MATRICES

) _
de

L
E |g® (X)ydﬁf) ZXpl(ht)]

=1

dw(t) L
——=E gWX)yd@ZXpl(*’”

dWI((t) [ ) L z( t " (t)
G g0 Y T Y T

L =1 h=1 n'=1 95 p

= E |g"(X)ys) Z Z w] X, Z piy (U = 1) = pi3")a e Z/]
h'=1

L =1 h=1
=E gV (X)ys” Z ( wixp gl (xpi "t + QizwIXdiag(pl(J“t))XT)]
=E g(t (t) Z q}] ( (+ t)pl(+ )T + w+Xd1ag( (+, t))) XT‘|
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deJ)F O (+ PN L OT
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B.2 GRADIENT FLOW DYNAMICAL SYSTEM

Let u,v € YV UC. We have

duw "y ® (+.8)
s it 3 ()
dI/TW(t) W(t)
K(i; =FE g(t) yo Zu QtiT (flpl( )Tdiag (wS:)TX - wgf)TXpl(J“t)) Xy
+E g(t)(X)def) Z VTWI(Q_TKS_t)diag (XTw+ — wIXpl(Jr’t)) (+:1) Tu]
1=1
TW(t)TW( )
m K+l =E &t Z VTW(t)TqE:l)le t)leag ( 1X - wIXp(Jr t)> bl I
+E|g®(X ZMTWK gt pit t)Tdiag( TX —w] xpit ”) XTV]
dI/TW(t)TW(t) L
Q;t Q+H =E g(t)(X)yc’rgf) Z W(t)T (t)diag (X wy — w+Xp(+ t)> pl(+’t)xlTu
1=1
+E [¢W(X Z p Wy W7 K diag (X wl Xpit t)) pl(+’t)xl—|—y‘|

C SYMMETRY

In this section, we derive symmetry results for the infinite-width transformer model. We first char-
acterize the initial values of the softmax attention weights:

Lemma C.1. The initial values of the attention weight in the infinite-width transformer satisfy:

TW(O)TW(O) ]EW T { TW;WQ@ —0
JTWIW —
ST OT O Eg, |V WkWgknu| =0,  v#u
Wici Wicin = T 2
Egw,. K WeWgp| =w?, v=np
TW T WLl =
T O ) Eiwg [V WoWan| =0, v#u
v Wor Woin= oy 2
EWQ K WoWop| =w*, v=upu

where Wi, W\Q € R™*4 and (W\K)ij, (WQ)ij ~N(0,w?L).

Proof. Let (Wgky)i, (Wo4): denote the i-th row of Wiyy,Woy, respectively.  Then,
we have I/TW(O)TW(O) = Z;’;l(WI(?i) (W(O)) Notice that (WI((OJ)F);'—I/ ~

N(0,w? L), (WSJJ)F)Z ~ N(0,w?L). Thus, TW}?)i Wéoj)[u has the same distribution as

L S~ agb; where a;, b; "% N(0,w?). By the Law of Large Number,

m

1 m
lim » W' Wg)i) = Jim — > aib = Elaiby] = E[ayJE[by] = 0

m— 00 ,
i=1

The rest can be proved similarly with an additional fact that for w ~ A(0, 1), w u is independent
ofwlvifu L v. O
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The symmetry results contain two parts: symmetry between two groups and symmetry between two
attention heads.

Lemma C.2 (Symmetry between two groups). Under the infinite-width transformer model in Def-
inition let p1,v1 € {c1,v1} and pa,va € {co,vo} such that py, po are the same type signals
(i.e., either u1, s € C or 1, ua € V) and vy, vo are the same type signals. For all t,

Wy = w7 g (3)
ST =W W, VW W =W W 8
A WL Wilm = Wi Wil o, ol WLTWi D = f WS Wi )
TW(t)TW(+/I,1 TW(t)TW(+M2, TW(t)TW(+/L2 TW(t)TWét_)i_ I (6)

The symmetry between the two groups also holds for the negative head.
Corollary C.3. Let s, s’ € {£1}. Forallt,
(+ 2 (Xl ) p(Jr t)(XQ s,s’ ) p(i’t)(Xl,s,s’) :p(i’t) (X2,s,s’)
HJ(:) (Xl,s,s’) = HJ(:) (XQ,S,S’)a H(j) (Xl,s,s’) = Hg) (XQ,S,S’)
f(t) (Xl,s,s/) = f(t) (X2,s,s’)
Proof of Lemma[C.2] First of all, by Definition 5.1} all the equalities hold at ¢ = 0. Thus, we only
need to show the gradient flow updates satisfy all the equalities if all the equalities hold at time .

Assume all the equalities hold at time ¢. This implies that p(t:1) (X ¢ o) = ptF8(Xy , o) (recall
that since our model doesn’t have any positional encoding, we can consider ordered inputs in our

analysis), which further implies that H_(:)(XL&S/) = Hf) (Xa,5.5), H(_t)(XLS,s/) = H(_t)(XQ,s,s’)
and f(t) (Xl,s,s’) = f(t)(XQ,SA,S’) for all S, SI € {Zl:].}

First, we prove Equation @)z

g(t)ya(t)Z( +t)) ]m

= ]Es,s/

dwgf) p1
dt

(+:1) !
(Xl,s s'D; (Xl s, e’)) H1

M=

1 .
Eg(t) (X17S7S/)$O'_(;:) (Xl,s,s/)

=1

L
1 T
+ ig(t) (XQ,S,S ) X2 s,s’ ; <X2 s,8 pl (X2 s,s’ )) /Jvl‘|

T
(XQ,s,s/p[(Jr,t) (X2,s,s’)> M2

M=

1 .
= Es,s/ ig(t) (X2,s,s’)30'$) (XQ,S,S/)

l

L
1 T
+ §g(t) (Xl,s s’ )304. Xl ,5,8" Z <X1,s s’pl(+ )(Xl,s,s’)> /IJ2‘|

=1
(by p(+’t) (Xl,s,s/) - p(+’t) (XQ,s,s’ ))
®T

dwy’ pe
gye ! Z (xp"") ] pp =

Next, we prove the first equality in Equation ():

1

A WO W
dt
1 L
= iEs,s’ g(t)SJE:) Z:U’I f)TqS_tl)pl(—i_ t)Tdiag (wsf)TXl,s,s’ - wE:)TXl s,s’ p(+ t)> Xl—r,s,s’yl‘|
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1
+ §Es,s/ 50-:) ZNIW&T -(:l) . t)leag ( (t)TXZ,s,s’ - wf:)TX 5,8’ p(+ t)) X;s,s’Vll

1 .
+ iES’S’ gWsel) ZVIWSLTKg)dlag (XlT,s,s’w+ —w] Xy, o t)) o (Xl,s,s’)leh}

L =1
r L
1 . .
+ Q]Es,s/ g(t)SUS:) ZleW]((thf)dlag (XQT,s,s’w-'r 1 Xo s a/pz(Jr t)) o )(XQ 5,8 )1 M1]
=1

*E ,s’ (t)sa(t) ZM;—WQwLT E:l)pl(—’_ t)Tdiag (ws—t)TXZ,s,s’ - wgf)TXQ 5,8’ P(+ f)) XZS,S’VQ]
=1

1
+ iES;S SU+) ZM; + Jfl)pl(Jr t)leag (wg)TXl,s s wS:)Txl s,s’ p(Jr t)) XIS,S’V2]

1 .
+ §]Es,s/ t)sa(t) Z TWELTKS:)dlag (X;,s,s/’er - ’WIXls,s/Pz(Jﬁt)) Pl(ﬂ) (X2,s,s’)zT,u2]

1 . .
+ iES,S/ g(t)sag) ZuJW}ffKSf)dlag (XIS,S,w+ — wIXl’S S/pl(+ t)) (+ )(Xl 5.5 )1 ,uQ]
L 1=1

Ay W W) s
di
The rest equalities in Equation (@), Equation (3)) and Equation (6) can be proved similarly. [

Symmetry between two heads: notice that for the negative head, we can view it as training
the model —f(X) on the dataset where the label is —y and the set of classification signals is

{—Ul , —Ug } .
Lemma C.4 (Symmetry of two heads). Suppose Definition[5.1|holds. Let ji1, jio € VUC. For all t,

wgf)T/h = w7y - (—1)HmeEw) 7
Hs Wiey Wl = ug Wi WG pa - (-1)102 0 (1)l 0m ey (®)
3 WL WG i = g LT W iy - (1)) (—1)10mew) ©)
W Wi = p WTWE) - (1)) (1)l ew) (10)

Corollary C.5. Let s, s’ € {£1}. Forallt,
p(—ht) (Xk,s,s’) = p(_7t) (Xk,fs,fs’)
HJ(:)(XIC,S,S’) H(j)(Xk,—s,—s’)
O (Xiss) = =8 (Xy—s,-s7).

Proof of Lemma|[C.4] First, all the equalities are satisfied when ¢ = 0 by Definition[5.1} Assume all
the equalities hold at time ¢ and we are going to show that the gradients with respect to ¢ also satisfy
the equalities. Equation (8)) implies that p(*+*) (Xks,s7) = p(—t) (Xk,—s,—s), which further implies

HJ(:)(XIC,&S’) = H(j) (Xk: —57—5’) and Sf(t)(Xk s s’) = _Sf(t)(Xk,—s,—s’)~

Define y/ := p - (—1)"*€V) for 4 € YV UC and Xissr = [y Vi V] = ek, =k, —vi] =
Xk,—s,—s’-
We first prove Equation (7):
(T L
dwy’ pp () o~ () 0\ T
LT [g 3 (Sinr) |

22



Published as a conference paper at ICLR 2025

dw(_t)Tuﬂ < ) "
T = —Ek,s,s’ Z: (Xk s e/pl ) ,ull

=1

=Ep s, l (®) 55 8) Z (X,’C’S S,pl(_ t)) ] wy

=1

which implies

dwgf)—rul B dw(_t)—ru’1

dt dt
We next prove Equation (8):
6T o/ (
WA W
dt
= Ek,s,s’ [ t) Z H (tJ)rT -‘:lpl(_‘— DT dlag (wS:)TXk,s,s’ - wif)TXk,s,s’pl(—ht)) X];r,s,s’y‘|

+ Egs,s [g(t)sff(f) S ovTwid K diag (XIIS,S’w'f‘ —w] Xpowp " t)) N )(Xk,s,sf)fu]
=1

)W
dt

= _Ek,s,s’ [g(t)SUg)

M=

(:U’/)TWS‘/),TQE‘) (= i)leag < ®T Xk ,8,8" w(f)TXk,s,s’p[(_Vt)) XIIS73’V/‘|

1

M=

- Ek,&s’ [g(t)saw) (V/)TW]({t)_TKEt)dlag (X]Is,s’w— - ij/c,&s’pl(i,t)) pl(i}t) (Xk7s,s’);u/]

=1

L
= Ek,s,s/ [g(t)sgg) Z(NI)TWétqu(_tl)pl(_7t)Tdiag (wg)TXl/c,s,s’ - w(—t)TXI/f,s,s’pl(_’t)> Xllf,s,s”/‘|

M“H

+Eis,s [ ®) 55®) (y')TWg),TKg)diag (X,;j—s,s,w, — ij,’c,s’S,pl(f’t)) pl("t)(X,’C’S’S,)lTu'l

l

1
which implies

TWI((tzi- W(t) ( ) W(t)TW(t)
dt B dt
The rest of equalities Equation (9) and Equation (T0) can be proved similarly. O

D STAGE 1: TRAINING NEURONS TO LEARN THE SIGNALS

D.1 STAGE 1.1: GROWTH OF NEURON ALIGNMENT WITH CLASSIFICATION SIGNALS

Due to our zero-initialization on the neuron weights, both attention heads are outputting zero. Since
we add a small positive bias in the ReLU, for a short amount of time from the random initialization,
we can ignore the ReLU activation.

Lemma D.1 (Neuron alignment with the classification signal, stage 1.1). Under Definition[5.1] for

te0, T if HV(X), HY(X) > —b forall X € D, then for k € {1,2},
dwg)Tvk 1
R _ E (X0 oo
dt 8 g ( k' s,s )

k'€[2],s=s’
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_ Uk; _ 1 (t)
—_— _g Z g (Xkl,s7sl)

k'e[2],s=s’

Proof. Take k = 1. By the gradient flow update, we have

w Ty ) +5) "
Eit: gDyall Z(sz , ) o
=1

L T
E lg(t)yz (xp"") ] v
=1
1
+.t t
SOTCENE ST BEIN) RRY PR S IR
1
8

0| =

s=s’

+,t
Z § g X2 ,8,8" Zp(g(;l)kes v1 X2,s,s')

4L (ng (Ko) ngz?m x>) ]

’

1
=3 Z 9 (X ser) | - (by Corollary [C3)

k'€[2],s=s'
O

Lemma D.2 (No neuron alignment of group signals, stage 1.1). Under Definition as long as
HY(X), HY(X) > b for all X, and for k € {1,2},

dwE:)Tck —0 dwg)Tck _0
a7 a

Proof. By the gradient flow update, we have

dw{" e, URS 0\ "
= =B |3 (™) e
1=1
L T
t
= g(t)yZ(Xle )) ]Ck
_1 +,t t +it
(S0 - S50 Sl
=0 (by and Corollary
O
Corollary D.3 (Duration of stage 1.1). There exists a time Tps = O(1) such that

H) (X _o ) < —bfors € {£1}.

Proof. Lemmaand Lemmaimply that g (X) = Q(1) for t < O(1). Since b is chosen to

be a sufficiently small constant, there exists a time T 5 = ©(1) such that H{T09) (Xk,—s,—5) < —b
for s € {£1}.

D.2 STAGE 1.2: GROWTH OF NEURON ALIGNMENT WITH GROUP SIGNALS
In this sub-stage, we are going to show that (1) the neuron weight will keep positively aligning with

the signed classification signal and (2) the neuron weights start to positively align with the group
signal.
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Lemma D.4 (Growth of classification signals, stage 1.2). Under Definition[5.1) for t € [0,T1], if
H(Xy ) < =bforall k € [2), then

dwgf)Tvk 1

S (®)
at =3 Z 9 ( Xk +.+)
k'€[2]
Similarly, if H") (Xk,+.+) < =bforall k € [2], then

dwg)—rvk 1
—a s | X 9k

Proof. Take k = 1.1t H{" (X}, _ ) < —bforall k' € [2], then

duw! "o, 0\ +0) "
+ _ (t),,~(t +,t
m =K [g Yoy lg_l (Xpl ) ] v

=3 ( D (X144) pr(zel)kevl (X1,4.4) > 3 D59 (X quel)kesvl (X1,5,67)
s#s!
1 < 1
+it +5t)
+ g (g(t)(XQHr«#) Zpgel,)kevl (X2;+ + > - g Z S/ (t) X2 s,s’ Zpgel k<s'vy X275,S')
=1 s#s!
1
=3 Z 99 X+ 1) | - (by Corollary [C.3)

O

Lemma D.5 (Growth of group signals, stage 1.2). For t € [0,T1], ifHJ(:)(ka,) < —b for
k € {1,2}, then

d111(+t)-|—c;C 1 ( )

a0 37 (Xt ,4)-

Similarly, if H (Xy 1) < —bfor k € {1,2}, then
t)T
dw() cp 1 (f)

a5t Keeo):

Proof. 1t H{" (X} _) < —b, then

de:)Tck L T
(t) (+,t)
dr g0yol Z ( ) Ck

(zgw e zpwm (Keso) — 60Xt zpwm >)

= gg(t)(Xk,+,+)~ (by Corollary [C3)

Similarly, if (X, ) < —bfor k € [2], then

L T
©ye 3 (xp ") ] ¢
=1

dw(_t)Tck

dt
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L
,t —,t
( S ngﬂzw Xk,_,s»+g<t><xk,+,_>ngegmwk,ﬁJ)

=1
1

= gg(t)(Xk,f,f)- (by Corollary [C:3))

[

D.3 PROPERTIES AT THE END OF STAGE 1
Corollary D.6 (Activation of different types of samples). Fort € [Ty5,T1]and s € {£1},k € [K],
only O'( )(Xk7_s7_s) = 0 and all the rest of cases equal 1.

Proof. First of all, by the neuron signal alignment lemma stage 1.2 (Lemma[D.4]and Lemma [D.5),
we have

dwgf)—r(vl + vg) dw(t)T c1

at T
Since the attention is uniform during stage 1, by Corollary we continue to have ¢ (Xy, _ _) =
0 in stage 1.2. O
Corollary D.7 (Neuron alignments at the end of stage 1). There exists a time Ty = O(1) such that
S_Tl w=0(Q)forallp e VUC.
Proof. This is a direct consequence of Lemma[D.4]and Lemma[D.5] O

As a result of stage 1, we can show that the transformer model now can produce a positive margin
on the consistent samples but it fails to classify the conflicting samples.

Theorem D.8 (Stage 1). Under Definition we have fT)(Xp.4) = s - Q) and
f(Tl)(Xk:,s,—s) =0.

Proof. Since the attention during stage 1 is uniform, this is a direct consequence of Lemma [D.T}
Lemma[D.4] Lemma[D.5]and the symmetry between two heads in Lemma O

E STAGE 2: SELF-ATTENTION LEARNS FROM THE CONFLICTING (HARD)
SAMPLES

E.1 GROWTH OF SCORES

The following result states that there exists a range where (1) the growth of
CEWSFW(” v and —c,IWI(QF W(t) v, dominates other score variables; (2) the growth of

UTW(t)TW LUk, =V W(t)TW Jvgr dominates other query self-score variables; and (3) the
growth of ¢;, W(t)TWI((l_ck, —cy, Wl((tzr W}((tz_ck/ dominates other key self-score variables.

Lemma E.l1. For t > 1), there exists a constant C > 0 such that as long as
max,, yeyuc |MTW(t)TW(t) v| < C, then there exist a constant 0 < ¢ < 1 such that

e min (fWOTWE v~ WO WE)

Ghow)

k£k'€[K] +
> max U {‘ TW[Q,’_ W(t) ‘} \ U {‘czWI(gl_TWétivk CEWI(Z_ Wg)
w,reCUY k#k'€[K]
(11)
c- min ( W(f)Tngv W(t)TW(f) )
k#£k'€[K]
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> max U {‘U;Wg_)i_—rng_ck , U;ng—rng_ck/ ,’CQWSJ_TWC(Qt_)i_ck/‘} (12)
k#k'€[K]
. Ty T g/ (1) T T yr-(t)
c i (TR W W)
>max [ | { ‘vgwgfw,(ﬁck Nod wiOTW e ol W}QTW};M/)} (13)
k#k'€[K]
and
WS w3 = IWSLewl3,  IIWiexll3 = W2, vill3. (14)

Proof. The proof is by inspecting the gradient flow updates in Appendix and proving by induc-
tion. At ¢ = 711, all the scores equal 0 and further, we have

dCTW(t)TW(t) v dCTW(t)TW(t) Vs 4
k" K+ Wot Uk R B : € oL k = 2yM2, (wiTl)Tcl _ wiTl)TXle,Tl))
dt i dt — 3

4 2 )
_ gg(Tl)w2§w5rT )Tcl

On the other hand, we have

d
argmax - U {‘uTWSLTngV’} \ U {‘ch}ffWSj_vk , CEWI(;LTWS—)%W’ }
t=T1 v ECUV k#k'€[K]
do] WO W e
dt
t=T
and
Ty T @)
dv, Wi Woia _ ég(Tl)wngrTl)TXpl(-i-,Tl) _ A4y 2L ()T

3g wiswi Y e

dt 3 3

t=T,
Thus, Equation (TT)) is satisfied at t = T4.

Next, we have ||ng;)vk||% = w?, ngéﬁ)TW&:)vk/ = 0, v[Wéﬁ)TWé;:)ck = 0,
vl WS TWE e = 0 and ¢ WP TWS ey = 0. Further,
do] WS, WS v dof WL W e do] WS, WS e def WS W) ew .
dt ’ dt ' dt ’ dt N
t=T1 t=T1 t=T, t=T4
Hence, Equation (T2) is satisfied at t = T4.
Similarly, we have ||W§(Ti)ck||§ = w? chéTi)TWI((Ti)ck/ = 0, U,IWéﬁ)TW;(Ti)ck =
0 ’UTW(TI)TW(TI)C =0 d Tw(Tl)Tw(Tl) _ es
s U Wiy Ky Ck = 0and v, Wi/ K+ vk = 0. In addition,
W | W W] el W] agwiwhe|
dt ’ dt ’ dt ’ dt N
=T, =T, =T, =T

Thus, Equation (T3] is satisfied at t = T}. Finally, Equation (T4) is also satisfied at t = T4.

Now, assume Equation (TT), Equation (T2)) and Equation (I3) hold at some ¢ > T'. We are going to
show that the gradients at ¢ also satisfy those inequalities. We are going to prove the inequality be-
tween cg Wf((tf Wg l vy, and v Wl((t)g— ngr c1. The proof for the rest of cases is similar by checking
the gradient flow dynamical system in Appendix as they all follow similar structures.
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. . . ) . def wOTw do] wOTw )
First of all, notice that if we replace p(*-*) with p(+:71) in a T e+ and r Q+ ¢
holds that there exists a constant 0 < ¢’ < 1 such that

1
§g(t)2< TW(t) W(t) UIW(tzLTW(tJ)rUQ> (w(+t)Tc1 B (t)TXpl(+,T1))

Wy
1
+§g(t)2 (CIWI((tZrTWI((tZr o — TWt)TW(t )( BT, Xpl(+,T1))
1
> (39() ( TW(t) Wélcl — W(t)TWQJch) ( Xpl+ Tl))

1
+ gg(t)Z ( T W WD — o] Wi W}?Lw) ( D ¢S Tl)) )

since wgf)—rcl — wgf)TXle’Tl) = %wﬁf)—rc and w(t)TX (+ ) BwE:)Tcl. Next, we calculate

the deviation of replacing p(**) with p(>T1) in the gradlents

def WO Wi v
d

(

L
g(t)yagf ZUIT +T S:l)pl(Jr Tl)Tdiag (wﬂf)TX—w() Xp(+ Tl))X 011
=1

E [gWysl") ZC (t)T K\ diag (X ( wy —w] Xpi™ Tl)) pl(+’T1)mlTv1] )

yoﬁZvI W (vl aag (w7 — 00T Xp(0)
— pl(+’T1)Tdiag (w_(f)TX — wgf)TXle’Tl)) )XT61‘|

+E

gWye ! (t) Z cTWI(;Jr K )(dlag ( wy — w+Xp(+ t)) pl(+,t)
1=1

— diag (XTw+ _ wIXpl(+,T1)) pl(+,T1>)xlTUI]

Thus, there exists a constant C' > 0 not too large such that max,, ,cyuc | MTWI@?WSiM <cC
and thus |[p(+*) — p(+T1)|| = O(1) and then

dey ! (t)T (t) T t) (+ T1)T )T ®T (+,T1)
Vich | ; T
dt — < l (t)ya E v Woy ayp; " diag ( X —wy Xp M ) X 01]

+E

gt yo’+) ZCITWK+ K(t)dlag (X wy — w+Xp(+ Tl)) l(+’T1)xlTv1] >|
1=1

1
< c//<3g(t)2( TW(t) W(t) vaégTWéflvz) (wg)Tcl _ t)T

+T1
1
+ 2992 (W Wi et — T WO W, ea) (T er — o Txp{ 1) )

for some sufﬁc1ently small constant c’ ’ > 0. This implies that if ¢ satisfies ¢ + ©(1) < ¢ < 1 then

TwOTW v OT w0 .
LA WL W G do] Wi WG
i = d

Based on Lemma [E-T] we can show that there exists a time range where the dynamical system
exhibits exponential growth.
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Lemma E.2 (Score growth lemma). Fort > T4, there exists a constant C > 0 such that as long as

max,, ,evuc |,uTWI(2|r W t) v| < C, then there exists a constant b > 0 such that

t T 7t
[T o o
t t t
& of Wy - Wiia h 8 81 TWK+TVV +C1
Tw(ti W(t-)t,- Tw(t) W(t)
Proof. First, as long as ||p(+ t)(X) - (+’T1)( X)||oo = O(1) for all X and [, we have g(!)(X) >

Q(1). Now, applying Lemma to the update of ¢, W}(tf ng_vl in Appendix , we can
derive that there exists a constant b; > 0 such that
de] W W u
dt
and similarly, there exists bs, b3 such that

> bl ( Tw(t)Tw(f+ e+ TWQ+ W(f) )

de] W Wil e TWOT W
i >byecy Wiy Wy
dv Tw(t) W(t)
TWOTw®
5 >by-cy Wiy Woin
Take b = min(by, ba, b3) we finish the proof. O

Lemma E.3. There exists a T such that Ty — T} = O(log 5 ) and

AW TW oy, —ef Wi Tw o, = 0(1).

Proof. We can define a process x(t) by

0 0 1 1
d b
2(0) = |w?|, =2 Ar, A={1 0 0
and by Lemma|[E.2] we have
Tw(T1+t)Tw(T1+t)

05 |
T 1 1
Y1 WQ+ Woi o1

Now, we analyze z(t). We can compute the eigen-decomposition of A as

- 1 1
det(A—)J):det(ll -\ 0]>:—A3+2/\:0 = A=0,£V2.
10 -\

The eigenvectors can be found by finding the null space of A — AI:

-2 1 1 1 0
1 0 —-A T3 0

Thus, the eigenvector for A = 0 is

and the eigenvectors for the non-zero eigenvalues are

dli
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Therefore, plugging in the initial value x(0), we have

x(t) = %2 exp (\/ibt) \{i + exp (—\/ibt) _1/5
1 1

Hence, there exists 75 — Ty < O(log ) such that ¢{ W, TQ)TW(TZ vy > (T —T1) > Q(1). O

E.2 GROWTH OF ASYMMETRY
The following result shows that there exists a near-symmetry between the score and self-score vari-
ables.

Lemma Ed4. For t > 1), there exists a constant C > 0 such that as long as
max,, yeyuc |MTWI(2?W51V| < C, if we define

AW =
I}gggc{ ‘(01 +e2)TWEATWE) ‘(Ul ) WL WS | [T WL e+ eo)| s | WL (00 + Uz)‘

‘(01+CQ)TW¥)+TWELM (v1+v2)rwg)+TW(t)

, (C1+Cz) W W

o+ WL |

then

dA®)
i <0
<O (w).
chW}fl)TW((;_/)m ( )
dt

and

AD <O (w)

Proof. First of all, by the symmetry between two groups in Lemma|C.2] we have

(1 + ¢2) W(t)TW(t) = TWI(§+ W ) +(v1+v2)
(c1 + cQ)TWI((tiTW Ve = TWI(§+ W(t) (c1+¢2)
(1 +1}2) (t)TW t) (t)TW(t (1} + v3)
(01 + v2) W}((tf t) Lo =0, Wl((thQ+(C +c2)

Thus,

Al = Vo {(Cl +e2) W WEL i (o1 + ) TWE W,

T

T T
(c1+c2 )TW(t) Wi((l_,u, (v1 + v2) W( W(tlu, (c1+c2) Wéj_ W(tiu, (01 +’02)TW(S?_ ngu}

Att = Ty, we have A(TY) = w2 and by the updates in Appendix [E.5| we have

dA®)

=0
dt

t=T1

Define Ap() = max;, j,e[L],XeD |pl(f312 (X) - % . For t > T, from the gradients of the score

variables in Appendix [E.5|and Appendix [E.6] we have

dA®)
5

<0 (‘A(MP@D (15)
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. . dclrW(t)TW(t) v
This can be seen from the following. Take ——%—<*— as an example: Define

def W w8l

dt

P+ ) =p(+.T1)

L
—F g(t)yé.(j) Z UITWgJ)rTqutl)p;Jr,Tl)Tdiag (wgf)TX _ wgrt)TXpl(Jr,Tl)) XTe X“)S]
=1
L
+B g yol) 37 el WiA K Ddiag (X Twy —wlxp[ ™) " il Xk,s,—sl
=1

Then, following similar steps in deriving Appendix [E.3] it is not hard to derive that if we replace

. Ay wOTw®
p(tt) by pttT1) in 1K£—tc~>+l, we have
T (OT @)
decy WK+ WQ+1)1
dt
p(H:t) =p(+.T1)

. 2
— gg(t)Q (vlTWé;fWé;lvl - vlTngWgJ)rvz> <3w5rT1)TCI>

1 2 (T
#3002 (TWETW e~ W W er) (S0l )
and thus,
)T t
de] WO W) (01 + v2)
dt

=0.

p(t ) =p(+T=1

Further, by the chain rule, we have

def Wil WGk (vr+va) o r dWGL (0 + o) + def Wi\ W (01 + vo)
=C v v
dt 1KY dt dt Q+\TL T2
dW((;_i_ (U] +1}2)
dt

Therefore, expanding via Appendix E we have

-
def WO WE) (v1 + v2)

dt

chWI(;)TWg_)F(Ul + vg) B chWI((tlTWg_)‘_(Ul + v)

J’_
dt dt

)

Applying similar analysis to all other asymmetry variables, we get Equation (T3).

—p(+: T =1
p D =p(+ T =1

<0 (‘ A®Ap®

Now, we analyze the growth of A(*). Consider a specific time 7" such that ¢, WI((TQTWC(QZ)vl =

O(w) for the first time and by Lemma [E.1, we have |Ap(*)| < O(w) for all t+ < T’. Further, by
LemmalE.2)and similar analysis in Lemma|E.3] we have 7" — T} < O(log(1/w)). Thus,

[
+
| dt

AT) Ow?  ~
’ ’ S S O (W) b
clTW[((T )TWC(;;)vl O(w)

dt < w? + 5(w2).

‘A<T’)

< ‘A(Tl)

This implies that

Finally, comparing the gradient of A(*) with the gradient of clTVVI((tL—r ngvl fort € [T', Ts] (fol-

lowing similar analysis in Lemma[E.T)), we have

dA(®)
dt < O
<O (w).
deT WD T WD, (@)
@
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where the O is independent of t.

holds for ¢ < T" since Ap ) < Ow) fort < T'.
(T )T (T
T Wi Woi v

T T-
Ow)|e] Wi Tw v, —

1| < O(w).

Notice that this inequality on the ratio of gradients also
This implies that |A(T2)] < |A(T

/)‘ +
O

E.3 WHEN THE QUERY IS THE GROUP SIGNAL

The main goal of this section is to analyze the group signal queries. To do this, we need to know the
sign of the group signal queries. This can be analyzed by induction-like argument over all the scores
and self-scores below.

Lemma E.5 (Sign of all the score and self-score variables). Fort € [Ty, T5),

clwgfwgivl Z 0, chI(f)JWSJ)rvg S 0

U1W§(th(t) v1 <0, U1WI(2,,_TW5_)~_U2 >0
)T DT xr(t
AW Wle >0, aWd Wile <o

uW T Wles >0
clwgfwgiuz <0

uWi T wle <o,
clwgfwgivl >0,

C1Wg)TWg)+c1 >0, clwg)TW(t) ey <0
WS WHv >0, oWy Wl e, <0
aW Wil or <o, W W v, >0
aWOTWwh ey >0, eWwTwd e, <0
UlWI({tl- W[((tz,_vl >0, vlwngWI((tivg <0

Proof. First of all, at t = 71, all the variables are zero and thus the results are satisfied. Now,
assume all the inequalities hold for some ¢ > 77, we show that the gradients of those score variables
also satisfy those inequalities. We first prove the inequalities in the first column. First of all, by
LemmalE.2] we have

dey Wi Wor def Wi wil oo do] WETWH v
dt ' dt ’ dt -

We now prove v, W](QTW(O c1 < 0 as an example and the signs of all the other score variables can
be analyzed similarly. By Append1x|E;7|, we have

dvIWI(() W(t) (t MT @) (+1)T T T ¢
gt gDysl! )Zc QJ)F (le( DT diag (wﬂr) X —wP T xpit )) X Ty Xk,+,]
e ) STl (o )
=1
L
+E | gBysl) 3 vlTW;(thf)diag (XT —w] Xpi*™ t)) P2l e Xk,s,s]
=1

We first analyze the sign of the sum of the first two terms.

.
g yaﬁch —wTXp) X7

g<><

wOT (B (+H)T
Q+ 9P

diag (w!" X

U1 ka—]

Xk,,+‘|

( OTx,

yaJ:) Z CIWQ+Tq$l)pl(+ t)leag ( OT x w(l)TXle_’t)) X Ty

(+:t)

(+:1) (+:1)
pq<—v1,k<—v1

(+t)
—pq<—v1) + pq(——vl,/ﬂ——vl

pq<— ’Ul))

TW(t)TW(t) (

eT
Q+ (% (7’[1)_,'_ X

32



Published as a conference paper at ICLR 2025

+ clTng_TWgJ)rvlwgf)Tvl (péti)hm_m (X1,4,-) — Pgtt—)vl,ke—m (X27+7—)>

e W W e sy (m0l X0 ) = W W el oy (—el T X )
b T =00 (B s (00 X050 ) 4000 (00 X a2

+ clTWé;iTWétivzwgf)Tvl (*Pétgvz,kevl (X14,-)+ Pét?g,ke—m (X2,+7—))

DT (¢ 4t HT DT - (t 4t T
+ CIWé-)‘r Wé-)i-clp((zec)bkem (X17+7_)w5r) v+ CIWC(?-)% Wé-)ﬁ‘czpflec)z,kefm (X21+7—)w5-) Ul)

T t ’t t _|_ ’t )t t T
+¢g® (JW& Wégi(-m) (pt(]tf)vl,kefvl (—wfr) Xl,_,+p§i_)v1) +p§iv)hkevl (_wsr) XQ»—,+p§ttv)1>>

)T t )T +,t +,t
+ el WO WL (ol (o) (P, ey (K1) =P o, (Kam1)

)T t +,t )T , t)T t +,t )T ;
+CIW<(%)L Wé)iclpéec)l,ke—vl (_w-(i-) X17*~+pt(zttc)1) - CIWéJ)r WC(?iCQPEJPc)z,k%m (_wg-) X2,71+p((1j_tc)2)

)T - (t 4.t HT ; 4.t T 4.t
+61TWéJ)r Wé-)'rUZ (pt(1<—v)2,k<—7v1 <_wsr) Xl,—,+Pé<+_t@)2) +p§elv2,ml (—wi) Xz,—,+pfz<__)vz>)

T 11, (¢ T 4.t +.t
el W W s - wfT (—on) (B ey (K1) = s, (Ko )
T s T T s T
+ e WETWEL et (X el T (o) = T WETWE eapltl L (X wl?) Ul)
Define

t) . Ty O Ty @)
As) .— uréll%(c{ ’(cl +e2) Wiy Woin

3 ‘(’Ul +U2)TWI((tl-TWg-)-M )

WO e+ )

)

MTWI(&TWC(Q(UI + Uz)‘ }

Notice that
+,t +,t
P e (X 2) =S e (Xa o) = O(As®)

+,t t)T ) (st +,t
pfl(—v)1,k<—v1w(+) X1,+fp£1:?1 - pg<—v)1,k<—cl (X1’+77)(1 - pfﬂ—v)hk«—cl (X1,+»*))/2 + O(As(t)>
+.t HT +.t +.t +.t
pfﬂ_—)vhk(_—vlws') X1’7’+p¢(1<——)1)1 = pz(1<——)v1,k<—c1 (XL*!JF)(]' - p((1<——)111,k<—01 (X17*7+))/2 + O(As(t))

Now consider the function y(x) = (1 — 2)x/2. Notice that if z; < % and 1 < 2o < 2, then

3 3 3
y(x2) > y(x1). Therefore, there exists a constant C' > 0 such that if |clTWI(2rTngvl| < C, we
have

+,t +,t +,t +,t
P e (X )= (X )2 > Y (X (=P (Xam 1)/2
Next,

it it b t
P e (X )@ =) (X o)/2 =l (X )=l (X 4))/2

= @(clTW}(;lTWéfj_vl) > 0(As®M)
where the inequality is by Lemmal[E.4] Thus,
T WETWE o (P s (—ol X 2p§00 ) #0000 e, (el Xa e (5, )
+ ] W W P Ty (péti)l,kem (Xia2) =250 e (X27+7_)>
+ CIWSFWSJ)F(_M) (pc(ltizvl,l«——vl (—wﬂf)TXlﬁ+pét?vl) +P§t?1,kwl (_w(j)TXZf,ergt?l))

+e WHTWE (—o)wd T (<) (P(Jr’t) (Xi—4) —piY) (X2,—,+)>

q——v1,k<——v1 qv1,k<v1
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<0

Similarly,

T WETWEL (=2) (02 (0T X opSE0, ) +0lE0 (00T Xa D))
eIt (<52, )P o ()
+ CIWSFWSJ)FW (P,(Iti,)%ke,ul (—w(ﬁ)TXl,fﬁpéthL) +p¢(]t?v2,kev1 (_WS:)TX2,7,+PSIEQUZ))

e WTWE oz w7 (=) (5 ey (1) = 85y (X))

qvo,k——v T Pge—vz ks

<0

Finally, since vlTWI((thglcl <0, UQTWI(ELTWS_)FQ >0,

t)T t +,t t)T t)T t +,t t)T
TWEWEen ) sy (X o Ty + el WO W eanlE0) o (Ko )l Ty
t)T t +,t )T t)T t +,t t)T

+ CIWCFH)‘ Wéiclpfﬂ—c)hk(——vl (X1’77+)’w5_) (_vl) - CIWCSJ)r WC(;H{CQPEN—C)QJ«—M (XQ,*,Jr)wg-) U1
<0
Thus,

)Ty (t

do] W WS el 0
dt -

The inequalities in the second column can be proved by noticing the symmetric structure of the
gradients of score variables in Appendix [E.6] Thus, the gradient of the variables in the second
column has the exact opposite sign of the corresponding variables in the first column. O

E.4 PROPERTIES AT THE END OF STAGE 2

Lemma E.6 (Activation in stage 2). Fort € [Ty, T3],

Vk e 2, s e{+1}: o\ (Xpa o) >0
Proof. This is a direct consequences of Corollary [D.7]and Lemmal[E-4] O
Theorem E.7 (Attention at the end of stage 2). There exists a To = O(log(1/w)) such that

* For samples X1 + + and X1 _ _,

— when the query token is the group signal c1,

(+,T2) (+,12)

P (X1 0) = P, (X0, )| < O ()
P (Xr) = P (X ) SO W)
pf;tff,)kevz (Xi4+,4) — pf]iff,)kefvl (Xl,—,—)‘ <0 (w)

— when the query token is the classification signal,

P ey Xaa) =T, o (K12 0)| SO W)
P (X ) =P (X )| <0 W)
p((ztff,)kew (X1,4,4) — p((ltj_ﬂi;)z,k%—vl (X1,--)| <O (w)
P ey Xaa) =Pl o (K1o )| O W)
P Xe) =) L (K- 0)| <O w)
p((;tfj,)kevl (X1,4,4) — Pétz)l,kﬁ—vz (X1,--)| <O (w)
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* For samples X1 + — and X1 _ 1,

— when the query is the group signal c;,

Pol e hee (Xa) > P o, (K1)

q<—c1,k<c1 > pq<—c1,k<—c1

e (X ) = T, (Kag)| O @)

pq(—cl,lﬂ—'ul _pqecl,kefvg

z(ztcTi)ke—vl( 1,-4) —sziff,)sz( lm+)’ < a(w)
— when the query is the classification signal,
Pecih ke (K10 2) = 20 ke, (Xa o) = O(1)
DY e (K1 2) = DY, o (Xnmh) = ©(1)

+,t +,t A
pt(IPU)lJCHvl (X17+7_) - pf]ev)l,kefvz (Xlr‘r,—)‘ <0 (w)

DS s (K1) = Y (X14.-)| <O @)

q<——va,k<v1 - pq<—71)2,k<—7v2

+it +t
P55 cen (X100) = YY) o (X )] O )
Proof. The proof is a direct consequence of Lemma[E.3] Lemma|[E.4]and Lemma[E3] O

E.5 THE UPDATES OF THE SOFTMAX ATTENTION AT t = T}

In this section, we give out the explicit updates for the scores and self-scores at t = T7.

The equations in this section are derived by the following:

1. Notice thatpl(j'l’le) = % forly,ls € [L] and thus wS_Tl)Xkys_,_spl(‘*"Tl) = %wfl)—rck where
s € {£1}.
2. Therefore, by Corollary ws_Tl)Tck = Q1) and thus dS_Tl)(Xl’ﬁ,) =

o (X0 g) = o (Ko o) = 6V (X ) = 1.

3. By symmetry between two groups and two heads in Lemma [C.2] and Lemma [C.4] we
have w{"" "¢; = w{™ ey and ¢TI (X 4 ) = gTI(Xy_y) = ¢ (Xos o) =
g™ (X5 _ ). Thus, we denote g(™) = ¢(T) (X, , ).

E.5.1 THE SCORES

def WTW v,

Q+
dt
t=T1
L
) g(t)yo-.S:) Zvlrwgfqgfl)pl(Jr,t)Tdiag (wgf)TX _ wg:)TXpl(+,t)) XTe ch,s,s‘|
=1 t=T1

+E

L
g(t)ydﬁ) Z clTWI((tLTKJ(:)diag (XTw+ — wIXpl(Jr’t)) pl(+’t)xlTv1
=1

Xk:,s,—s]
t=T,

1
= 592 (oW TWED vy o T WEDTWE v ) (e — T Xp )

1
+ gg(Tl)Q (ClTW K(Ti)T”;(Tjr)Cl - CILLE)T”;Q)@) (wngl)TCl - wfl)TXP§+7T1))
1 2
= gg(Tl)Q (inéﬁ)—rwéﬁ)m - inéﬁ)j—wéﬁ)w) <3w5rTl)TC1>

1 2
# 302 (W T W e - W T ) (Ful e )
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def Wi T W) vg
dt
t:Tl
1
= ggm)Q (U;Wém W, U;Wég?TWgﬁ)W) (wfl)Tcl w{TT Xpl(+’Tl))

1
+ gg(Tl)Q (*ClT Wl(g}_)TWI((T_‘I_)Cl + ClTWI((T_,’l_)T Wl(g}_)cz) (wS_Tl)Tcl - wS_Tl)TXle’t))
1 2
- §g(Tl)2 (“;WC(Q?THC&)W - UQT”é)ﬁ)T”cﬁ)W) <3w(+T1)TC1>

1 2
#3002 (e WD TW e+ WD W) (e )

3
def Wi wil el
dt
t=T1,
= g(t)yg o Z (tJ)rT Srtlpl(+ t)leag (U’S:)TX - ws:)TszH’t)) XTCl Xk,s,—s]
t=T,
L
t)yo—_(i Z Tw(t)T dlag (XT,er _ Xp(+ t)) (+, t)xTcl Xk,s,s‘|
=1 t=T1

= 59(T1)2 (CIWé;:)TWg:)m — clTWgﬁ)TW(qj:)vz) (wfl)q — wﬁrTl)TXle’Tl))
1

+ gg(Tl)Q (CIWI@?TW}&)U - Wf(gi ) ( (Tl Xp(Jr Tl))

1

= gg(T1 ( W(Tl W(Tl — W(Tl (T1 <3w(T1)T )

+%gm) (TWm)TW(Tl)U Wy, ( é (T)T )

def Wi T W) ey
dt
t=T\

1
= gg(t)2 («:1T W((;_E)TWCSE)UQ —¢ WC(QZJ:)TWéE)Ul) <’LU_(,’_T1)CQ — wiTl)TXle’Tl))
1
+ 592 (T Wi T Wi v — T WD T 0 ) (<l T xpf )
1
= 5902 (W TWED v, — o W TW G0 ) <3w(+T1) ”)

1 1
+ gg(T1)2 (CIW}(gl)TWéT_t) vy — TW(TI) W[({Tj_)vl) (—3w5rT1)Tcl)

dv] W(t)TW(t)
dt
t=T1
L
[ ST g (o - 001) o e
= t=T4
L
+E g(t)yd(j) Z va}éfKit)diag (XTw - w+Xp(+ t)) (+ t)xl 1| Xg 5,81
=1 t=T,

1 T T 11(T T T 15(T ™T T
= Ly (CIWé;) W, — o W) WéHl)cQ) (_w(ﬁ) xp{* 1))
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1
+ gg(Tl)Q (UlTWI((Ti)TWI((T_,’l_)Ul - UIWI((Q}_)TWI((Z}_)UQ) (—wg_Tl)TXpl(-"’Tl))

1 1
Lo (W W) ()

1 1
0™ (T o W) ()
do] WO W e
dt

t=T1

1 T)T 1 (T T)T 11 (T )T T
= gg(T)Q (—clTWégJi) Wé;)cl +clTWé2Ji) WC(QJ:)CQ) (—wil) Xle' 1))

K+ l

1 1
= 2g™2 (—cIWéﬁ)TWéﬁ”cl +c1TWg;)TWCg?c2) (_3w<+T1>Tcl)

1 1
+ 592 (T WD TW v — o] W TW 0, ) (3w<T1>Tcl)

1
+ §g(:r1)2 (U;FWI((Ti)TWI((Ti)Ul _ U;'WI((Ti)TW(Tl)Uz) (_wiTl)TXp(Jr,Tl))

+

do] WOTWS v
dt
t=Ty
L
=E g(t)ydg) Z vIngTqS:l)pl(J“t)Tdiag (wE:)TX — wg)TXle’t)) X Ty Xk,s’sl
=1 t=T
L
+E g(t)ydit) Z UITWI((tl_TK_(:)diag (XTer - wJTrXle’t)) pl(Jr’t)xlTvl Xk757_81
=1 t=T1

1 T T T
- gg(mg (vfngj) W ey — o] W ng)cz) (7w<+T1) Xpl(+,T1>)

(el )

1

L0 (T W WA e, — o W ) (o
1
3

3

CQ)
1
= gg(Tl)Q (UIWc(;:)TWéﬁ)Cl - U;rWéE)TWC(;_E)CQ) ( wSFTl)Tq)
1 2
L (T W e — o W) (2,
)T t
do] WOTWE) v
dt
t=T1

1
= gg(Tl)Q (UQT ng:ﬁwgi)q — va ngi)T ngﬁ)cz) (—wiTl)TXpl(Jr’Tl))
1
+ 592 (=l WD W e+ ol WD T ea) ()T er — ™ Taxp 1)
1 1
= 292 (U;W&ﬁ”ﬁ)q _ vJWg;)TWé?cQ) (_3w<+T1>Tcl)

1 2
+ gg(Tl)Q (—”IWI((E)TWI((ZI)Q + UIWéTi)TW}(Ti)Cz) <3w5rT1)T61)

E.5.2 THE KEY SELF-SCORES

dof WET W v,
dt
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L
= E | gys" > ol Wit gl )pi ™ diag (w] X — w] Xp{™") X T, Xk,s,_s]
=1 t=T,
L
. T T,
+E g(t)yas_t) Zv;ng qS:l)pl(J“t) diag (wIX — wIXp§+’t)) X Ty Xkﬁs,_sl
=1 t=T,
1
= 392 (o W TWE e — o WD TW Ve ) T xp( 1Y
1
+ 29 ™2 (<o d W TWE e + o] Wi TW e ) o0 xp T
1 1
= 392 (oW TWE e — ol Wi TW Ve ) cw ey
1 1
+ 592 (—od WD W e o] Wi W e ) Zul™ e
t)T t
dof WETWE v,
dt
t=T1
1
= gg(Tl)‘l (inﬁﬂ)—rwqu — vlTWéTi)TWé;:)Q) (—wiTl)TXpl(+7Tl))
1 1
= 30 (T W T ey = o W W) (e )
t)T
def WETW, e
dt
t=T1
L
= E | gWys "> T Wi ot ding (w] X — w] Xp(H) X Tes Xk,s,—s]
=1 t=T\
L
. T T 5.
+E | gOyol S Wil p{ ™ diag (w] X — wIxp{™) X ey Xk,s,s]
=1 t=T1

1
= gg(Tl)2 (CIWéTi)TWgﬁ)Uz - CIWéTi)TWC(;:)m) (wiTl)TCQ - wsrTl)TXle’Tl))

1

+ 292 (W TWE v = S WD TWE v ) (wl e — w0 T Xp(7 1Y)
1 1 1 1 1 2
= gg(Tl)Q (CIWI(<T+)T” Cgk)”Z - CIWI(<T+)TWCF21)”1) (3wS—T1)T02)

1
0 (TWETWE W,

def WETwid )
dt
t=T1

3

1 2
= 3004 (W W = W W) (S0 e )

1
— —4(Ty (CIWI((Ti)TWéTJ:)Ul _ ClTWéTi)TWg:)UZ) (wiTl)Tcl B wsrTl)TXpl(Jr,Tl))

def WETWiE v,

dt

t=T1

L
=E g(t)ydﬁf) Z clTngqul)le’t)Tdiag (wIX — wIXpl(J“t)) X Ty

=1

Xk,s,s‘|

38



Published as a conference paper at ICLR 2025

g W“)Z WKtZrT S:z) (+, t)leag< IX—U’IXPzH’t)) X

Xk,s,—s‘|
t=T1
= gg(Tl ( TwI Wi e, — T WD T )( (Tl)TXerTl))

w
n %gm) ( TW(T1)TW Ty, — o W Tl)TW(Tl) 2) ( w7 Xpl(+,:r1))
_ égm)Q (cIWI((T;)TWé?cl W WD) ( é +T1>T >
+ng) (T WD TS0y — o] W T )(?w T )

deg WO W, o,

Q+
)

)1)
C2>

JF
dt
t=T14
1
= gg(Tl)Q (CJWI({T_:_)TWC(;_E)Q — CQTWI((Z:‘{)TWC(;_E)@) ( w(Tl)TX (+ Tl))
1
+ gg(mQ (UIWE(Ti)TWngQ _ UIWI((TﬁTW(Tl 1) (wiTl)T y— wiTl)TXplw,Tl))

1 T3)T o (T )T (T
= 392 (Wi TWVer — JWID W

1
ke

E.5.3 THE QUERY SELF-SCORES

=1

t
TWQ+ W( )
dt
=T
L
lg(t)ya Z TW(t (f)diag ( Wy — 11)+Xpl(+ t)> pl(Jr t)xl vo| Xk s,—s]
=1 t=Ty
L
+E|g¢ )yUS:) Z TW(t) K(t)dlag (XTw+ _ wIXpl(+7t)) (+, t)xTvl th,_s]

t=T,

1
= 392 (—ol W Wi er + 0T W Wl e ) (w e —wl Txp 1)

1
4 gg(Tl)2 ( W Tl)TWI((TJi) W(T1)TWI((T+1) ) (wi 1)T01 _ wiTl)TXpl(+7T1)>
1 2
_ gg(Tl)2 (_vlTWéT_E)TWI((Tl)Cl + oy W(T1)TW(T1) ) <3w(T1)Tcl)
1 2
. gg”’“2 (vJ WEDTWi e =] W W ) (Gl e )
ol (t)
WQ+
dt _,
1
— gg(Tl)Q (UIWC(QY_E)TWéTi)Cl — UlTWC(;_E)TW[((T_i)CQ) (wEFTl)Tcl - wErTl)TXpl(J“TI))
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E.7 EXPANDING THE UPDATES

To help us analyze the sign of the scores and self-scores in Lemma[E.3] we rearrange the gradient
flow updates for those variables into forms that are convenient for such analysis.

E.7.1 THE KEY SELF-SCORE
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E.7.3 THE SCORES
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F STAGE 3
In stage 3, we show that training the neuron weights can drive the training loss to be arbitrarily small.
This is possible since the attention features now are linearly separable with at least a constant margin.

This can be seen by considering the neuron weight w; = ¢y +co+v;+v2 and w_ = ¢;+ca—v1 —vs.
Simple calculation can show that this will make yf(X) > Q(1) for all (X, y) € D.
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T Pyeco kv, <X2,7,+) T Pyvy kv (X2,*7+) T Py Sy ks (XQ,Hr))

By Theorem [E.7, we have

(+:¢) (+,t) (+,t)
pq(—cl,k<—v1 (X1:+’+) + pq(—m,k(—vl (X1’+’+) + pq(—vg,lﬂ—vl (X1,+’+)

L (t +.t +.t +,t
60 (X1 ) (P8 ey (K1) 4000 (Ka ) 425, (X0 0)

(+:t) (+:1) (+:1)
+ pq(—cz,kx—'ul (X27+7+) + pq(—vl,kx—vl (X2»+7+) + pq(—vg,kx—vl (X27+7+)

. (¢ +,t +,t +,t
o0 (P sy (o) P ey o ) 4P, (Ko )

—0(1)
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and by symmetry between two groups Lemma|[C.2]

(+:t)
Pyicy ke, (XlaJr»*)

+,t +,t +,t

+ p1(1<—c)1,k<——vl (X17_7+) + p((1<——)v1,k<——v1 (X1»—7+) + p((1<—'u)2,k<——'ul (XL—F")
(+t) +.t) (+:t)

- pq<—02,k:<——vl (X27+»—) - pg<——v1,k<——v1 (X2»+7—) - pq<—v2,k<——v1 (X27+7—)
+,t +,t +.t

Pyl ke (K22 2) = P s, (X2m ) =Y

_pqevl,lﬁ—vl _pq<—7v27k<—v1 (X27_7+)
=0 (w)

+,t +,t
+p((1<—u)17k<—1;1 (Xl,Jr,*) +p( : (Xlﬁ*,*)

q<——v2,k+v1

Thus,

de:)Tvl

T @(ggf)) +0 (wg(t)) .

O
Lemma F.2 (Growth of group token alignment). Let gSf) = gW(X, 1 4)and gW = g® (X1,4,—)-
Fort € [TQ,T:}}, ke [2],

»T
dw)”’ cg S Q(g(t)) ! (wg(t)>
a = +

Proof. In stage 3, by Theorem [E.7] we have
dwgf)-rcl
dt
L T
=E [gu)y(-,(j) 3 (Xpl(”))

=1

C1

1
= 5o (pg:zz,w (X1op) PG, e (Xt F P, ey (K1)
=600 (P e, (o) 045 (X )+ 0 (X1 ) )

qé——va,k<c1
Loy [ (+.t +t +t
+ gg(—) <pc(1<—c)1 Jk—c1 (X1,+,7) + pfﬂ—v)l,k(—cl (XLJH*) + pgﬁ——)vz,k(—cl (X1>+1*)

+,t +,t +,t
) e (Xm ) =D Y e (Xamg) — P <X1,_,+>)

7pq<—v2,k<—cl
> @(g(_t)) +0 (wggf))

O
Theorem F.3 (Convergence). There exists T3 such that Ts — Ty = O(1/¢) and E[{(yf® (X))] < e.

Proof. Let g\ := g® (X 4 ) and g := g™ (X, , ). For consistent samples X, ., we have

t)T
dfO(X1 1 4) _ dwl? Mo ooy (+.0) (+.0)
dt - dt pq(—cl,l«—vl + pqevl,lﬁ—vl + pq<—1)2,k<—v1
dwl Ty oy (+:6) (+:6)
+ dt <pq<—cl,k<—v2 + pq(—vl,lﬁ—vg + pq(—v;,lﬁ—i&)
OT
dwi’ e ¢ (4 (+.1) (+1)
+ dt ( qé—c1,kc +pq<—v17k<—cl +pq<—v27k<—cl)
T
dw™’ v .4y [ (—) (—1) (=)
dt o_ (pq<—cl,k<—v1 +pq<—v1,k<—v1 +pq<—v2,k<—v1>
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dw® s ) ) )
- dt o_ (pqécl,keim +pq<;v1,k<7v2 +pq<;v2,k<7v2)

dwTer ) 0 (—1) (—1)
- dt o_ (pqecl,kecl +pq%v1,k<—cl +pq<—v2,k<—cl)

By symmetry, we have

dwg)—rvl ¢ _ _
—a (pge)c)l,kevl (X1 44) + 0500 oy Ket) + DS i, (X1,+,+)>

dw(—t)TU? —t it it
— e (P s (K1) P e (K ) FPEC, (K1)
®T

dw'’ ¢ ot ¢ 1t
- dt (p1(1<—c)1,k<—cl (X17+7+) +p<(1<—v)1,k:<—01 (X17+7+) +pg<—v)2,k:<—cl (X17+,+))

dw'® Ty
— + 1 (+,t) (+,1) (+.4)
— T (pq(—cl,/ﬁ——vl (Xl,—,—) erq(__vhk(__vl (X17_7_) +pq<——v2,k<——v1 (X17_>—))
T
dw oy 1 4y x (+.) ¥ . +
—ar Paen e (Xm2) T 20000 ey (K= 2) + 20 e (X1 )
T
dwgf) Cl [ (4,1) (+,) )
T Pgeci ke (X1,-.-) F Py “uy ke (X1,--) F Py S ke (X1,--)

Thus,

dfM(Xy 4 4) _q de:)Tvl N dwg)Tvg L5 wdw(f)Tcl
dt dt dt dt

= Q(gif)) +0 (wg(f)) (by Lemma[FI)

For conflicting samples X}, 5 _, we have

)T
df (X y,) _dwl oo NERD 4 phD)
dt - dt q<—c1,k<v1 pq(—vl,kevl pqefvg,kevl
dwlToy (+:1) (+,1)
- dt ( q<—c1,k+—va +pq<—v1,k<—7v2 +pq<—7v2,k<—7v2)

dw®T
Wi G (+:1) 1 phd 1D
dt g<—ci1,k<c1 pq(—m,k(—cl pqefvg,kx—cl

dw Mo ) ) (—1)
+ dt o_ (pqécl,kevl +pq<—)v1,k<—v1 +pq<—)7v2,k<—v1>

.
w7 5 (320

(_at (_at
dt o_ pq<—cl7k<——v2 +pq<—v)17k<——v2 +pq<——)v2,k<——v2)
®T
dw>" a1 @) (1) ) )
- dt 0(— (pq<—cl,k<—cl +pq<—'ul,k<—c1 +pq<——v2,k<—cl)
T T
dw!’ ¢ ~ dw v
—o( = 9} oS
_ (t) A (t)
=Q(927) + O (wyg; (by Lemma[F2)
Thus,
dE[C(yf (X)) _ 1d0(f D (X144)) n 1de(f(X1,4,-))
dt 2 dt 2 dt

df O (X1 4.4)
dt

df (X 4,-)

)
= 25 (fY'(X1,4.4)) ”

O 0)
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= (@) +6))
=0 (LX) + LU0 (X,,0))

which implies that

Bl 00 < 0 (=g ).

G HANDLING THE FINITE-WIDTH DISCRETIZATION

In this section, we describe how to incorporate the finite-width discretization. As we mentioned
in the beginning of Section 5] the gradient flow for the finite width transformer can be seen as the
gradient flow for infinite-width transformer model with perturbation. Thus, we need to calculate
the deviation of the finite-width gradient flow from the infinite-width gradient flow. Since we only
train the neuron weights in stage 1 and stage 3, we only need to consider how the finite-width
discretization will affect stage 2.

First, at initialization, by the standard concentration bound, we have the following:
Lemma G.1. With probability at least 1 — 0 over the randomness of the initialization of Wg, W,

forany p,v € CUYV,
0 0 4 8 4 8
<Wl((),u,Wc(2)l/> < w? (,/mlogé +—log 5)

4 8 4 8
<W;(O)M,W;(O)V> §w2< log6+mlog6>,

O, wON <2 /2100t 4iel
<WQ s We V> <w ( mlog5+mlog5 ,

o [4 8 4 8
||W}()u||§ = w? (1 + ( Elogg + Elog 6))
) 12 9 4 8§ 4 8

Wo pllz =w <1i<\/mlog5+mlog6

Proof. Since WI(? )u, W((;)O)y ~ N(0,w?I), we apply Lemma to get the corresponding bound.
O

and forany p € CUYV),

Next, recall that from Section[5.2] the score and self-score variables evolve according to the dynam-
ical system

T
vee({u T WiE, W, ? L0 hnwecy) vee({u Wiy ? Lvhuveeoy)
& VCC({MTWI((Z_ 9 V}u Z/GCUV) :A(t) Vec({MTW[({t.y : V}u,ueCUV)
Vec({MTW(t) W(t) V}u,VECUV) VCC {MTW(tiTWéQ+V}u,VECUV>

for some matrix A®) with |[A®) | = O(1). By Lemma stage 2 lasts O(log(1/w)) time.
Then, we can bound the effect of the perturbation to the dynamical system as follows. Consider the
dynamical system
dx(t)
dt
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and the perturbed dynamical system
dx.(t)
dt

where € and A A(t) are the perturbation introduced by the finite-width discretization. Notice that we
have ||AA(s)|| < ¢||dz(s)]| for some constant ¢ for all s € [T}, Ts]. Define dx(t) = x.(t) — x(t).
We have

= (A(t) + AA@®)ze(t), x(0) =m0 +¢€

dox(t)
dt

= A(t)sz(t) + AA()z(t)

This implies that

|0z (#)]] S/OIIA(S)&E(S)+AA(S)we(8)IIdS
< /0 A6z (s)] + [[AAS)[[ | (s)]]ds
S/O|I5w(5)|\(llA($)H+0||xe(8)||)d5

Applying Gronwall’s inequality, we have

oz (®)]] < ||2(0)[] exp (/0 A+ cllze(s)]| | = poly(1/w)/v/m

since ||A(?)|| < O(1) and ||z.(s)|| < O(1) and ¢ < O(log(1/w)). Thus, picking m > poly(1/w)
can make the perturbation to the gradient flow system at most O(w).

Proposition G.2. Fort < T,
llze(®)]] < O(1).

Proof. We are going to show that in the infinite-width case, || (¢)|| = O(1) for t < T5. Later, we
are going to show that ||dz(t)|| < 1 and by triangle inequality, we have ||z(t)|| < O(1). The key
observation is to use Lemma E.1 which provides an upper bound on the score variables after stage
2. However, there is an issue: x will also contain self-score variables whereas Lemma E.1 only
provides an upper bound on the score variables.

To solve this issue, we refine our analysis for the infinite-width case. We are going to
show that UTW(t)TWgJ)rvl and clTWI((tLTWI((tlcl are within (multiplicative) constant factor of

clTWl,(fZ;r Wg}rvl First of all, a direct consequence of Lemma E.1 is that it also provides an up-
per bound of the growth of the 3 dominating variables and thus Lemma E.2 can be modified as

w

Wf(<t+ c(z Ul 0 1 1 WI(<+ ?
TW(t)T f) —01) |1 0 0] TW(f)T t)
o] (*)T () 100 o] (t)T (f)

Woi WQ+”1 Wor Woiv

Notice that there is a self-balancing property of this dynamical system: there exists a constant
C > 0 such that if (] WO, Witker > € W WS v, then el W TWS o >
4] W1(<t)+T Wi((zrcl Thus, if those variables are already within constant factor of each other, they
will maintain this relationship.

Then, the base case can be established by the existence of a time 77 5 such that Ty 5 — 77 = O(1)
and ] W TW Dy, T WD Tw o) ey oI w o Tw o)y, = ©(w?). This finishes
the proof of v, ng_—r ng_vl and ¢, WI(Q_T Wl((ti_cl are within constant factor of clTVVI((tzr—r ng_vl
during stage 2.

Finally, for the finite-width case, as long as ||dz(t)|| < 1 for ¢t < T5, we can apply Gronwall’s
inequality as before and get |[0x(¢)|| < poly(l/w)/\/ﬁ < 1 as long as m > poly(1/w). This
argument is proved in a way similar to Section 1.3 in|Tao|(2006). O
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H PROBABILITY
Lemma H.1 (Bernstein’s inequality for bounded random variables). Assume Z1,...,Z, are n i.i.d.

random variables with E[Z;] = 0 and |Z;| < M for all i € [n] almost surely. Let Z = Y| Z,.
Then, for allt > 0,

t2/2 . £2 t
P[Z > t] < exp ( Z;;l IE[ZJQ] n Mt/3> < exp < min {m, 2]\4})

which implies with probability at least 1 — 6,

n

1 1
zZ< |2) E[Z3 log < + 2M log .

j=1

Lemma H.2. For wi,ws € R™ with wy,ws b N0, I,,/m),

4 2 4 2
21 >4/=log= 4+ =log=| <
|[|w1 |3 1‘_”m10g(5+m10g6]_5
2 2
Pl(wl,wg_q/ log5+ logdl )

Proof. We have

E [lwi 3] [Z wi ,] =1

Notice that w? i 1s a sub-Gamma random variable with parameters (25, 2). Thus, by Bernstein’s

inequality,
[ 4 2 4 2
P [|||w1||§ —E [||w1||§” > m log 5 + m log 5] <4

E wi,;W2 l] =

Next,

E[<w1, ’11}2

By Bernstein’s inequality,

4 2 4 2
P l(wl,w2> > \/EJr mlogél <5
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