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Abstract

Transformer-based large language models (LLMs) have displayed remarkable cre-
ative prowess and emergence capabilities. Existing empirical studies have revealed
a strong connection between these LLMs’ impressive emergence abilities and their
in-context learning (ICL) capacity, allowing them to solve new tasks using only
task-specific prompts without further fine-tuning. On the other hand, existing
empirical and theoretical studies also show that there is a linear regularity of the
multi-concept encoded semantic representation behind transformer-based LLM:s.
However, existing theoretical work fail to build up an understanding of the con-
nection between this regularity and the innovative power of ICL. Additionally,
prior work often focuses on simplified, unrealistic scenarios involving linear trans-
formers or unrealistic loss functions, and they achieve only linear or sub-linear
convergence rates. In contrast, this work provides a fine-grained mathematical
analysis to show how transformers leverage the multi-concept semantics of words
to enable powerful ICL and excellent out-of-distribution ICL abilities, offering
insights into how transformers innovate solutions for certain unseen tasks encoded
with multiple cross-concept semantics. Inspired by empirical studies on the linear
latent geometry of LLMs, the analysis is based on a concept-based low-noise sparse
coding prompt model. Leveraging advanced techniques, this work showcases the
exponential 0-1 loss convergence over the highly non-convex training dynamics,
which pioneeringly incorporates the challenges of softmax self-attention, ReLU-
activated MLPs, and cross-entropy loss. Empirical simulations corroborate the
theoretical findings.

1 Introduction

Recently, a variety of transformer-based large language models (LLMs) have demonstrated remark-
able performance across a broad spectrum of machine learning tasks, including natural language
understanding [1]], symbolic reasoning [2], and even heuristics design [3} 4]]. One crucial emerging
ability of these models is their in-context learning (ICL) capacity [5]], which allows them to learn
from a few demonstrations and conduct predictions on new queries without requiring any further
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fine-tuning. However, the current theoretical understanding of the mechanisms underlying this ICL
capability remains limited, leaving the reasons for the remarkable emergence and generalization
power of transformer-based LLMs in unseen ICL tasks largely unexplained.

In line with traditional topic models [6]], [7} 8] propose that latent concepts / topics underlie natural
texts, providing a Bayesian inference framework to elucidate the ICL mechanism via Bayesian Model
Averaging (BMA) approach. On the other hand, theoretical and empirical studies have shown that
transformer-based models exhibit linear geometric regularities in their latent representations as a
result of concept or topic learning [9, [10], where the representations within-concept have positive
inner products while representations cross-concepts exhibit near-orthogonal relationships. This
structured semantic geometry has been well-documented in recent research on pre-trained LLMs
[[L1L 1120 110L [13]. However, the connection between this observed multi-concepts latent geometric
structure and the LMs’ remarkable ICL capabilities remains unclear. Separately, recent theoretical
analyses have modeled ICL as a martingale process driven by latent “concept” variables [14} [15]. Yet,
these studies have not incorporated the observed multi-concept semantic regularity into their analyses,
nor have they discussed the strong out-of-distribution (OOD) ICL abilities exhibited by transformers.

Additionally, existing theoretical work on transformer has been conducted on unrealistic, oversimpli-
fied settings, such as linear or ReLU transformers [16} 17, 18} [19], MLP-free attention-only models
[[16, 20], QK-combined softmax attention [[19, 20, 21} 22| |23]], unrealistic infinite dimensional as-
sumption [[14} [19, 21} 24] and impractical loss functions like square loss [9, [16] 25| |20} 26] and
hinge loss [27, 28]]. Furthermore, existing works have only been able to derive linear or sub-linear
convergence rates for the 0-1 loss.

Therefore, there is a need for a more advanced analysis that can bridge the understanding between
the multi-concept semantic regularity and the mechanisms underlying transformer-based ICL. This
naturally leads to the research question:

Essential Questions

Whether and how do the geometric regularity of the multi-concept-encoded representation
facilitate transformer in conducting efficient ICL?

To answer the above question, following the meaningful data modeling ideas in [9, 29]], we conduct
theoretical analysis on a concept-specific sparse coding prompt distribution for classification tasks,
where the sparse latent variable encodes the information denoting the word’s belonging concept.
Importantly, the features in both the word’s and label’s dictionaries exhibit concept-specific geometric
properties - within-concept positive inner products and cross-concept orthogonal geometric properties
- that aligns with the findings in [9} [10, [11]. Our main contributions are highlighted as below.

1. First, we provide a comprehensive analysis of the learning dynamics for a two-layer trans-
former model, comprising one attention layer followed by a ReLU-activated feed-forward
network, which is trained using the cross-entropy loss via stochastic gradient descent over a
concept-specific sparse coding prompt distribution. Leveraging advanced analytical tech-
niques, we showcase the asymptotic properties governing the coupled learning dynamics of
the attention and MLP layers.

2. To the best of our knowledge, we are the first to prove an exponential convergence of the 0-1
loss over this challenging setting. Despite the highly non-convex optimization landscape, we
demonstrate that the transformer can achieve Bayes optimal test error with just a logarithmic
number of iterations.

3. We provably show how the multi-concept encoded linear semantic geometry can enable
transformer to efficiently perform certain out-of-distribution ICL tasks. This offers an
intuitive explanation for why transformer-based LLMs are able to successfully leverage
the polysemous nature of words to tackle diverse, unseen concept-specific tasks, aligning
well with users’ practical experiences. Furthermore, our analysis takes a step forward
in providing a potential theoretical underpinning for the innovative capabilities of LLMs,
encompassing their ability to achieve cross-concept knowledge intersection. We believe our
findings provide an initial positive response to Question 5.1.4 in the ICML 2024 position
paper [30], which asks whether the observed latent geometry of LLMs can explain their
OOD extrapolation abilities.



2 Related Work

Theory of Exponential Convergence Rate of Stochastic Gradient Descent. Our analysis of the
exponential convergence rate for the 0-1 loss builds upon prior work linking the excess risk and
essential supremum norm to exponentially fast convergence under the “hard low-noise condition”
[311132]]. This phenomenon has been further explored in more recent studies analyzing the exponential
convergence of stochastic gradient descent (SGD) 331134, 135136/ 37]], as well as in more generalized
settings such as multiclass classification [38]] and support vector machines [39].

Feature Learning in Learning Theory. Recent works in learning theory have extensively studied
structured data from a feature learning perspective, examining NN’s feature direction reconstruction
and noise memorization as a proxy for training or 0-1 loss convergence [40, 41} 142]]. While prior
studies often assumed orthogonal features, recent efforts have analyzed non-orthogonal scenarios
[43]144]. Our work extends this line-of-research to challenging nonlinear Attention-MLP transformers
with non-orthogonal structured data representations.

Theory of Transformers and In-Context Learning The literature on Transformers and ICL is
wide-ranging, and we will selectively address the most relevant ones. Prior studies have analyzed
how transformers learn topic/concept semantics [9]], the origins and biases of LLM representations
using latent variable models [10], and ICL from a model averaging perspective [14]. However, albeit
incorporating concept variables, these works do not connect the geometric properties of concept-
encoded representations to transformers’ powerful ICL abilities. Another line of research has studied
the learning dynamics of ICL, including analyses of linear transformers [17, [19], QK-combined
attention-only models [45]], and multi-head softmax attention over linear regression without MLP
[25]. Though relevant, these works rely on simplifications and do not notice the connection between
semantic regularity and powerful ICL. While [28] also analyzes the learning dynamics of transformers
with softmax attention and ReLU MLPs for in-context classification tasks, making it the most relevant
prior work, our analysis differs in several key aspects. Specifically, (i) they consider orthogonal
dictionary learning with a single label vector, in contrast to our non-orthogonal concept-encoded
dictionaries for both words and labels; (ii) their technique requires a large batch size (at least £~ 2,
where ¢ is the test error) and long context lengths, which are not required in our result; and (iii) they
utilize an impractical hinge loss and only achieve linear convergence without a relation to €, whereas
we analyze the more practical cross-entropy loss and derive an exponential convergence rate in terms
of the test error €. However, we note that this is only an informal comparison due to the differences
in the models and primary findings. A detailed Related Work Section is deferred to Appendix

3 Problem Setup

Notations. For I and Frobenius norms we utilize || - || and || - || to denote their computations.
Considering two series a,, and b,,, we denote a,, = O (b,,) if there exists positive constant C' > 0
and N > 0 such that for all n > N, |a,| < C'|b,|. Similarly, we denote a,, = Q (b,) if b, = O (a,,)
holds, and a, = © (b,) if a, = O (b,) and a,, = Q (b,) both hold. Our 1(-) is to denote the

indicator variable of an event. In addition, we denote span(vy,vs, ..., v) as the linear subspace
spanned by the vectors vy, va, . .., Uk, and conic(vy, v, . . ., vk ) denotes the conic hull (the set of all
non-negative linear combinations) of the vectors vy, va, . . ., k.

3.1 Data Distribution

The data distribution employed in this study draws inspiration from a range of empirical and theoretical
research works [9, (10,4647 /48]]. This distribution captures context-awareness and can be viewed as
a specialized prompt version of PLSA [49] and LDA [6]. In this distribution, each word and label has
multiple feature embeddings, each embedding corresponding to a different concept. This is achieved
through the use of a sparse latent concept/topic variable, which happened to be particularly adept at
representing language polysemy [47]]. Adhering to the LLM representation explored in [9, [10]], the
features in both the word and label dictionaries maintain orthogonality across concepts and positive
inner products within concepts. Additionally, the distribution incorporates Gaussian noise accounting
for linguistic ambiguity or the imperfection of the LLM’s representation.

Definition 1. Polysemous Word Model (D, Dy, D, D¢,, D¢, ). We assume there exists K task-
relevant concepts, each characterized by two semantically-opposite word’s feature vectors ,u:l and



Ky, and their corresponding label’s feature vectors q,jl and q,. , Yk € [K1). There are also
K, task-irrelevant concepts denoted by vy,, Vko € [Ks]. The word samples x € R4 and their
labels y € R™ are generated from distributions parameterized by a shared latent concept variable
z= (21, ,2K) € {0,1}(K < dx) capturing the concept-specific information.:

z~Ds, & ~De, =N(0,014,), & ~De, =N(0,0¢14,,),

T =Mz + &z ~ Dy, y:Qz+€yNDya

where the feature dictionary M = [, uy, g s 1y, e, B, s V1 Vas- -+ Vi) € RIXXE
exhibits positive inner products within concepts and orthogonality across concepts, and the label dic-
tionary Q = [qi", q;, q;', gy, - ,q}l 2,0, 0] € R>*K has similar geometric properties.

Specifically, we have Yk € [K1], ks € [K2], ||ui|| = Uk, || = |lul], Hq,f1 || = |lal|, and there exist

constants 0 < Kg, Ky < 1 such that 0 < <uk+,1,u,;> < kgllu|? and 0 < <q,:,r1,q,;> < kyllql*

The detailed formal definition can be found in Appendix [E] By this definition, a single word or
label can possess different features corresponds to different concepts. The illustration of Figure 1 in
[12] can be an example, where the “Dog” vector in the representation space of LLM is decomposed
to a direct sum of orthogonal vectors: “[Animal] + [Mammal] + - - -, and we can see “[Animal]”
belongs to the concept “Organism’s Category” categorized into labels “[Animal]” and “[Plant]”, and
“[Mammal]” belongs to the concept of “Animal’s Category” characterized by labels “[Mammal]”,
“[Fish]”, “[Bird]”, “[Reptile]”. Besides, Figure 1 in [46] can also be a good support for our modeling,

Lt}

where “Ferrari” vector consists of “[Cars] + [Italian] + - - - .

The following definition models the contextual prompts via specifying the statistical property of z
among in-context words, which is a special prompt version of PLSA [49]] and LDA [6]. The detailed
formal version is available in Appendix [E]

Definition 2. Concept-specific Contextual Prompt Distributionﬂ During training, each prompt
sample S = x1,y1, -+ , L, YL, Tr+1 would share at least one co-concept, which is drawn from a
mixture distribution Dg defined as:

K1

Ds = (i Plri+ 7 Pirin) ()

k=1
where P,jf 141 denotes the k-th concept-specific prompt distribution, and 7Tki = (2K 1)_1 denotes the
equal chance of a sample to belong to P,;FLH. Specifically, a sample Sy, ~ Py 1, 1,€ € [£] means
that the query’s label y7 , | is qf, and we denote ys, = e as the real value label of this prompt.
In addition, every demonstration pairs (z7',y;'),l € [L] in Py, contain either (ui,q) or
(11, » q;; ) with equal chance. Also, every 2", 1 € [L + 1] would satisfy P(z]"_ g1, 10y = 1) = K1,
denoting the equal chance to have diverse features other than the current co-concept of the 'P,a L1l

This definition suggests that for prompt S sampling from Dg, there exists e € [*], k € [K1],
such that all the word-label pairs in this prompt share the k-th concept as their co-concept, and the
corresponding real value label of the query in this prompt is e. Besides, the real value label of each
word-label pair in the demonstration would have equal chance to be +1 or —1.

3.2 Transformer Model
Following [17} 20, 28], our embedding E(-) of prompt S is formulated as H:
H:E(S) _ ( Ty T2 - X, xqaery ) — (h]_,hg,"' ahquery) ER(dx-i-dy)X(L-i-l),

Yy Y2 - YL

The learning model is a single-head, one-layer Transformer with one self-attention layer and one
two-layer perceptron. Mathematically, it can be expressed as follows:

fHE; V) =170 (Woattn(H; ¥)),

L
attn(H; ¥) = ZthlUS ((WKhl)T Wthuery> ’
=1

2Our theory allows for a broader range of the probability settings stated in the training prompt distribution,
but for the sake of simplicity in presentation, we here chose a feasible one.



where o (+) = Relu(-), 05(-) == softmax(-), Wg, Wg € R™Marx(dx+dy) Wy, ¢ Rmex(dxtdy)
are the embedding matrices for queries, keys, and values, respectively, and Wy € R™X"
and r € R™ are parameters in the MLP layer. Typically, min (mgx, m,) > dy + dy. ¥ =
{Wqo, Wk, Wy, W, r} denotes the set of all model weights.

Training Setting. We fix one layer in both the attention and MLP layers to scrutinize the training
dynamics more rigorously. Specifically, we let

WZ =« WZ * %
WQ:< *Q *), WK:( K *>, Wv=<* Wg) Wo =(x W§),

where W§, W € Ridxxdx WY ¢ Rmv—dx)xdy WY c Rm*dy_ Here, we set the elements
other than W, W, WY, and W, to be zero. Besides, we fix WY, tobe I(,,, _a,)xa,- We sample
r; from a uniform distribution Unif{—1,1} and fixed during the training process. Based on this
setting, the trainable part we need to consider is actually ¥’ := {Wm , W%, Wg} This problem
remains highly non-convex and challenging.

We utilize mini-batch with-replacement SGD to train the transformer model. The empirical cross-
entropy loss for each batch B; is written as

A
Ls, (W) = L (V') = 3 (s, - L W) + 5|,
neb;

where £(z) = log(1+ exp(—2)), ys,, is the real value label of the prompt defined in Definition 2] and
the term || W||% represents [|W||% 4[| W ||% + [[W||%, which is the Ly regularization term with

|| - || 7 denoted as the Frobenius norm. The purpose of the regularlzatlon in this paper is to accelerate
and stabilize the mini-batch with-replacement SGD. The learning step is set to be n; = ('v ) where

v is an offset parameter. This decaying schedule is standard and also used in prior work [34} 50, [51]]
studying convergence of SGD. The whole procedure is in Algorithm T}

Initialization Setting. All initial values of W, are sampled from a i.i.d. Gaussian distributions with
mean O and variance J%. The initialization of Wg and W% are diagonal matrices opl, which are
also adopted in other work that consider training W and W g separately [25, 28]].

Testing Setting. The model performance is measured by 0-1 test error on a test prompt distribution
D*:

LEI (V) == Pgop-[(ys - F(E(S); ¥)) < 0. )

Algorithm 1 Training algorithm

Input: Training distribution Dg, Test distribution D*, Batch size B, step size 7, =

stopping criterion € and total epochs 7.

Initialize model parameters VA

for ¢t = Oi 1,. —1do

If L9 (W (t)) g € stop else continue.

Randomly sample mini batches B, of size B from Dg.

Update model parameters: o' = ¢/ _ nth,/LBt(\I/’(t)).
end for

_2
A(v+t)°

4 Theoretical Results

In this section, we present our main theoretical results, which is based on the following conditions.
We consider the learning iterations 0 < ¢ < T*, where T* = Q(m ™'y oy 'mA 2K, ||q| (L —
1)|Ju|? + 1) log(e~!)) denotes the maximum admissible iteration.

Condition 1. Suppose that there exists a sufficiently large constant C, such that the following hold:

1. dx,dy > max{Clog(KLBT*/6), K}, dy > Clog(m/), m > Clog(K/9).



2. v 2 Cmax{||q|]*/(mEK1),10/A}, A < min{(Clog(Km/d)[lql))~", (Coo/2|lu*) '}
3. K > {CKy,Cllull/(oeVdx)}-
4. o¢ < min{Am/(Cvdx|[ulllall'/?), lal/(C/dy)}.

u 2 2
5. 00 < /K- log(18l log (1912 )) /(O lul)),

o1 < min{(Coolul|*|lally/log(5Em/8) /K1)~ w*? /(Cm*?|q])}.

1 — 00> (1—ro)?|lul*/2

Here, w* = - iyl /2"

Note that we do not have any requirement upon demonstration length L and batch size B for training,
thus the training can be really flexible compared with the strict requirement in [28]]. The condition
on dimensionality d, dy and the network width m ensure the learning problem is in a sufficiently
overparameterized setting [41} 142} 52, 143]]. The condition on y ensures the learning step to be small
and thus learning process enjoys an approximation to gradient flow. The condition on the small A is
to ensure the model’s sufficient learning before being stuck by regularization [53]]. The condition on
K is to control the impact of cross-concept contribution in the Attention’s learning dynamic, which
can actually be relaxed at the cost of a denser analysis. The condition on o is to ensure that the
gradient flows be mildly influenced by the noise. Last but not least, the conditions on ¢ guarantee
that the initial beliefs of MLP is small and the gradients of SGD can update the model effectively. A
more detailed discussion over the parameter settings is delayed to Appendix [H]

Theorem 2. Exponential Convergence of 0-1 loss. Under Condition|l| define

2 2
~ log(sKmy/g) TEL e 70 )

v = min{2v20 /(1 + ky), 00(1 — kg)e a-emoall®)
Then, for Ye > 0 there exist some positive constants C1 and Cs, with probability no less than 1 — 6,
for T >T = CroymAK17+/(1 + i) log(BEm/8) /w*(1 — ky)||q
Cor®>mM2(y+1T)
Killal((L = Duf* +1)

, we have

LOD:l(\I/(T)) < exp(—

).

Thus after

Killal*((L = Dluf?+1), 1
1. = log(=
c Cor2mA2 Og(e)
iterations, we have L%:l(\IJ(T)) <e.

Note that the bound is valid only when T" > T, a common threshold in prior convergence rate
analyses [34, (33 36]. Importantly, the existence of T does not affect the convergence rate as € — 0,
since 7" is independent of €. Our novel analysis generalizes these prior results to our realistic settings
handling the challenges of self-attention, ReLU-MLP, and cross-entropy loss simultaneously. By
considering extreme cases, our techniques relax the batch size requirement, enabling more general
results. Consequently, the sample complexity for Bayes-optimal test error is N = 7.

Before introducing the next proposition, we highlight a key observation from the semantic geometry
in Deﬁnition For any k; € [K;], defining ay, = (/.t; + py,)/2 and by, = (Mﬁ1 = py,)/2, we
find that for &} # ki, {ax,,br, } L {ax;, by} and (ag,,by,) = 0. This structure is exemplified in
Figure 1(b) of [12], where “[Bird]” consists of orthogonal steering vectors: “plant = animal” and
“mammal = bird,” corresponding to the concept feature a; and semantic label features b;. Here,
the term eby,, in pf determines the label assignment. Similarly, defining cx, = (q;, + q;,)/2 and
di, = (q,’c"l —4qy, )/ 2 yields analogous properties.. Detailed definitions are provided in Appendix
The following proposition explores the model’s ability to handle OOD unseen ICL tasks.

Proposition 1. Out—of-Distribution-Generalizatio During testing, the learned model admits
probability distribution shift on D7 and data shift on D,, x D,, to generate a new prompt distribution

3Here we do not consider the shift of D¢, De,, for the ease of presentation. However, we assert that this can
also be addressed by leveraging high-dimensional statistical analysis over other well-behaved noise distributions.



D = f:ll (w;*P,:,L*H* + W,;*'P];L*_H*). Specifically, the new DY satisfies the following
properties.

e The prompt length L* can be any positive integer.

* D7 can enjoy arbitrary distribution, satisfying that each prompt has at least one co-concept
k € [K1), at least one pair shares the query word’s co-concept’s label, and still each word
has equal chance to have positive or negative semantic labels over its conceptsEl

* Dy, x Dy, can enjoy a great family of data shift VEk # k' € [K1], ka2 € [K2], we can have new

M* and Q* such that uf =aj+bi, ¢ = citd;, vy, = vy, Here, ay, by, cp, dj; are
any vectors belong to the conic hulls of{ak} LA {en 1 {di | respectively,
satisfying b7 | > |ai | = ©(lu]) and ;> It = Ol Vi, = O([[ul]) are any

vectors from the complement space of span(M).
Again, the learned model satisfies LOD?(\II(T*)) <e

This proposition demonstrates the strong Out-of-Distribution Generalization ability of transformer
utilizing multi-concept semantics, suggesting the efficiency transformer to conduct unseen ICL tasks
just by its learned “Knowledge” on the high-level concept and low-level label semantic information
from the two non-orthogonal dictionaries. The admit of shift for D} denotes that each prompt
can enjoy multi-co-concepts and each word-label pair can appear in at least || z||o concept-specific
prompts/tasks’ distribution, which aligns the real-world cases. On the other hand, we also believe the
admit of shift for D, x Dy is inspiring, suggesting that transformer can conduct specific cross-concept
semantic “Knowledge Intersection”. As such, this lemma suggest that the transformer can master the
regularity of unseen ICL tasks’ “structure” in the presence the multi-concept encoded representation.

Remark 1. Comparison with Related Work. Theorem 3.4 in [28)] and Theorem 2 in [54] address
the transformer’s OOD capability in specific structured ICL classification and regression tasks. Our
results differ by focusing on compositional generalization of learned concepts, grounded in the
concept-specific linear latent geometry observed in LLMs.

5 Proof Idea

In a big picture, we simply extend standard expectation-variance reduction techniques [34] to our
setting. Section[5.1]defines coefficients to examine NN’s expected projection along feature directions.
Section [5.2] provides the convergence of the expected estimator through the lens of coefficient
evolution; Section[5.3]showcase the exponential convergence by treating the conditional expectations
of the NNs as Doob martingales and exploiting the property of the tails under low-noise conditions.

5.1 Idempotent Operator Techniques

Idempotent Operator Trick. Define U = span(M) and its complement space Ut. By

definition, we know that dim(U) = K and dim(U*) = dy — K. Then we can let
{{ax, }ﬁ;p {bg, }fllzl, {sz}é?:l? {1 }4* 75} be the set of standard orthogonal basis for R4,
where uf-, . ,ujx_ x are the standard orthogonal basis of U-.

Then we can derive an idempotent decomposition of the identity matrix

5 aa,T bbT vV,
2 Jarp * Zub E Z rﬁ?*Zuu ~Liexar: @

Similar techniques are also applied to the label’s dictionary: Q := span(Q), where we define
a, -, quy_ , as the standard orthogonal basis of the complement space Q™. In our subsequent
derivation, the expectation E[-] is taken over the stochastic gradient descent. Similar to the idea in
[34, 33| [36]], we first serve to see how E(\I/(t)) evolves. For E(\I!(t)), every gradient descent update
by all concept’s samples within a soft “weight”, and thus the analysis is equivalent to gradient descent

*The requirement of D} could be relax with a stricter requirement on L* and a denser analyses.
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Figure 1: Illustration of our Idempotent Operator Techniques. This allows us to focus on analyzing the evolving
coefficients, which are key to the expected 0-1 loss convergence.

with an ideally-balanced prompt set. Leveraging the symmetry of the prompt distribution, as well as

(0)

the symmetry of W " and Wl(r?)’ we introduce the following decompositions.

Lemma 1. We can decompose E[W§], E[W%.| and the i-th row of E[W§)] (i € [m]) via the
following (scaled) projection matrices and projection directions.

Wm t) Za T‘l;af|4 +Zﬁ ’ ||b ”4 Z 'VTV|T‘4 + Z p : Ta
K

(t) _ (t) asas I/TI/T 0T
BIWET = 2 o ||4+Zﬁ o Z it Z i it

y () _ a® 1T
B, 1= 2, 000 T u2+250« e ||2+ Z POty i

Here ag)s, a&?s and a(o)  Trepresent the expected concept learning process, 5Q o %)S and

Bo (t) ., Tepresent the expected concept-specific semantic learning process and Tg )7 , 7'?7 , pg)w, pg?w

()

and Po.. . ., Tepresent the expected memorization of the concept irrelevant noise. It holds that
E[(W O u )] TBIWE ) = o), - ail/llasl® £ 55, - 61/ b1, :
t) e t
]E[Wg’c’)“”( 'q) = O‘E)? kTE 50@ ok

for Ve € [£],i € [m],k € [Ki] and for Ve’ € [1],s' € [Ki],r € [Ka],w € [dx — K], Vu €
{1, vr, ub}, it holds that E[(W% (Wu) TE[WE ) u¢] = 0. Similar conclusions hold when the

query vectors are v, and u:, Vr € [Ka],w € [dxy — K]. As such, our remaining task is to scrutinize
the coefficients evolution, Wthh would be the key contributors to the expected 0-1 loss convergence.

5.2 Convergence of the Expectation

Denote Uy, (t) and Wy, (t) — Uy (t) as the activated neuron set for {i € [m] | riys, > 0} and
{i € [m] | riys, < 0} separately, and >, s¥5n (og))n represents the correct attention weight,

where the detailed definitions are delayed in Appendlx [El We then introduce the following lemma.
Lemma 2. Under Condition[I) when

t )\
(> - oo el k@ Y @) —Vys 85 k| Z0 ®)
GEULST () AEW ST (1)U S (1) les, 5

holds, we have L%:l(E(\II’(t))) =0.
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Figure 2: Learning dynamics: (i) training and test loss; (ii) correct attention weight; (iii) maximum values of
QQ,s - OK,s, BQ,s - BK,s, maximum values of the complement products 7, - Tk, OF pQ,2 - pK,2, and maximum
values of product-with-noise ( -’;;gm)nggm; (iv) maximum values of ao; .k and |5O(i,.),k|9 maximum
values of the complement coefficients po; ., and maximum values of product-with-noise Wg(i,-) &y.

As such, the following lemmas show the learning outcomes of the E(¥(*)) along the iterations.

Lemma 3. (Convergence of the Expectation). There exist constant C7 > 0, Vt > T =
CroymAK 1y \/(1 + riy) og BEm/8) /w3 (1 — y) O LEW D)) = 0.
Lemma 4. (Regularizing the models). Under Condition[l} it holds that

[u ||2

T T 0 T*
oy = o)) = OElGL)), 85, = Bic) = ©(lully/log(S 7~ <mm>>>
2
NG ) 1~ oo lall E TN = @ 1 .
Wy S 180, il = o 1)), Bl SZ (05 0 = Oty i)

In addition, our analysis provides three asymptotic properties of the coefficients evolution, which are
delayed to Appendix [[.T.3]and [.2] for room limitation.

5.3 Exponential Convergence of 0-1 loss
Proposition 2. Vt > T, when ||\I/’ ® _ E(\P’(t))HF < v holds, we have L%_*l(\ll’(t)) = 0. Here,
1V'[[% = WEIIE + [WEIE + [TWEII%
By definition of 0-1 loss, then we only need to prove the 0-1 loss convergence by seeing the speed of

g™ converging to E(\I!’(t)) with an error of v in terms of || - || .

Drawing insights from [34]], we see By, - - - , Br_; as ai.i.d. random variables following the same
distribution. Then V¢ € {0, --- , T}, it holds that

DY =EWE T | By, B ~EWE T | By, By,
Dt =EWZTHD | By .. B —EWEZTHD | By .. B ] (6)
Db =EWY " | By, B —EWYL Y | By, By,

are martingale difference sequences, and for VX € {Q,K,O} and its corresponding W €
{W§, Wi, WE 1, we have S v, D = WTHD) _ E[W(T+D]. Then we utilize the follow-
ing lemma in [34}55] to give a bound over the variance.

Lemma 5. Let D1,---, Dy_1 be a martingale difference sequence. Suppose Icr > 0 such that
Z?:o | D2, < 2, where || - || is the essential supremum of || - || . Then for Ve > 0, we have
€2
Dyl > } <2 :
Plsu | S Dile > < 2esp(- )
s€[T] o T

Therefore, we need to see if there exists a decaying positive constant ¢ (with decaying rate
0O(1/T7), q > 0), such that Zt o IDK A < er?,VX € {Q, K, O}, where | - ||« is the essential
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(b) OOD Scenario 1(ii): L™ = 2 during testing.

Training and Test Loss in in OOD3 _Evolution of Attention Weignts in 0003

fraction for concept 1 during testing. and H%t* = a2 % b; during testing.

Figure 3: Learning dynamic in three OOD scenarios. The training settings and plotting methods are identical to
those used in Figure[2] and the testing settings are: (a-b) utilizes different prompt lengths; (c) adopts a skewed
distribution over z; (d) switches the concept-specific semantic features.

supremum of || D || . Subsequently, by controlling the martingale sequence norm tail similarly in
[34, 55]], we can obtain an exponential convergence rate after 77 .

For W € {W%, W% WY}, to check the decaying cr, we adopt the techniques of [34, 33, 36] in

the following manner. Let B;’ be an independent variable from By, - - - , By and let Wt(T‘H) be an
output of the algorithm depending on (By, - -+, Bi_1,B:',Bi+1,- -, Br). Then we have

ID% lloo < E[WTHY = W, T+ | By, -, B].

Therefore, one may estimate c§2 by bounding | W (T+1) — W, (D) ||2_ uniformly w.r.t. By, - -- , Br_1.
Such a bound can be derived utilizing stability property of stochastic gradient descent [34}56]. For
the OOD scenario, since we require the data shift to be via conic combination, the new words and
labels in each prompt will share the positive/negative real-valued label without any self-conflict. The
norm requirements and constraints on D} would ensure the Gaussian noise, concepts other than
the co-concepts, and probability shifts have limited influence on the prediction compared with the
considerable scale of coefficients by Lemma] laying the groundwork for the proof.

6 Experiments

In this section, we demonstrate the validity of our theoretical analysis through simulations of
Algorithm [, We use the following parameter settings in Figure 2} The parameter settings are:
the length L = 4, the number of co-concepts K; = 2, dictionary size K = 104, the number of
test instances ness = 5000, dimension dxy = dy = 1000, MLP width m = 50, feature strengths
[lull = ||lall = 10, Vk € [K1], the cosine (i)}, ;. )/ |lul|? = (g;", ;. )/|la]|* = 0.5, the initialization
parameters o9 = 0.1, 01 = 0.01, and the noise deviation o¢ = 0.01. For the optimization, we
use A = 0.002, B = 16, v = 10000, and the total training epochs is 100. Figure [3] (a-d) uses
the same training settings, but during testing, it applies different configurations: (a) L* = 5, (b)
L* = 2, (c) a 0.8 fraction for the first concept and a 0.2 fraction for the second concepts, and (d)
uli* =aj + by, uQi* = ag + b;. Figurevalidates our Theorem [2|and Lemma which showcases
the fast convergence rate and the evolution of coefficients. Figure[3]validates Proposition [I] where
the learned model permits certain data shifts.

7 Conclusion

This work provides the first exponential convergence analysis of 0-1 loss for transformers with
softmax attention and ReLU-MLP, trained on a non-orthogonal concept-specific prompt distribution
by practical cross-entropy loss. Furthermore, the results demonstrate transformers can perform certain
OOD ICL tasks by leveraging the multi-concept semantic linearity, highlighting their innovative
potential. An important future direction is to extend the analysis to more complex scenarios.
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A Limitation and Broader Impact

The theoretical analysis provided in this work introduces novel perspectives on optimization and generalization,
but the data model employed may require additional refinements to better align with practical scenarios, such
as adding more layers of attention. The techniques and findings can inform future empirical and theoretical
explorations of transformer architectures, though we do not foresee a direct social impact arising from the
theoretical advancements presented.

B Additional Experiment Details

We implement our methods using PyTorch, ensuring consistent software and hardware environments. Specifically,
the experiments are run on Linux servers with NVIDIA A100 graphics cards and CUDA 11.2, and can be
completed within one hour.

C Additional Related Work

Theory of Convergence Rate of Stochastic Gradient Descent. Our analysis of the exponential convergence
rate for the 0-1 loss builds upon a rich body of prior work. In the context of classification, the faster convergence
rate mostly based on the excess of risk with some power of the essential supremum norm. Specifically, [31} 32]
introduce the Hard low-noise condition over the margin. When there is a hard margin separating the classes, the
test error can exhibit exponentially fast convergence as the number of training samples increases, even when
the surrogate loss error only decreases polynomially. This phenomenon has been further explored in more
recent studies. [33 |34} 35136} 137] have analyzed the exponential convergence of stochastic gradient descent
under various settings. Meanwhile, [35] have investigated hard-margin and exponential rates in the context
of structured prediction, which encompasses traditional classification as a special case. Besides, recent work
also obtain the exponential rates in generalized settings such as Multi-class classification [38] and SVM [39].
Building upon this rich theoretical foundation, our work derives the first exponential convergence analysis for
the 0-1 loss in the specific setting of transformer models with softmax attention and ReLU-activated MLP over
the sparse coding data model, whose surrogate loss function is the cross-entropy loss.

Theory of Feature Learning of GD-updated Neural Network. A rich body of recent learning theory research
has focused on the feature direction’ recovery view of neural network representations [40} 41} 42,143\ 145,52}
531157, 15811591160, 1611 1621 1631 64, 165! 166, 167, 168, 169, [70]]. Rather than directly examining the evolution of the
0-1 loss, this line of work explicitly studies the process of reconstruction of the data’s feature directions and
memorization of disrupted noise in the network’s latent space as surrogate metrics. While most studies in this
area have assumed (near) orthogonal data, recent efforts by [43] and [44] have made initial attempts to analyze
non-orthogonal data scenarios. Building upon this foundation, our study extends this line of research to nonlinear
attention-MLP transformers with within-concept positive inner products and cross-concept orthogonal data
representations. The key to our analysis is the assumption of good initialization of attention matrices and a
sufficiently low-noise condition, which is reasonable for modeling language rather than images. In this setting,
SGD allows noise to have only a mild impact on shaping neural network matrices or influencing gradient flow.

Theory of Transformers and In-Context Learning. The literature on Transformers and ICL is wide-ranging,
and we will selectively address the most relevant ones. Prior studies have analyzed how transformers learn
topic/concept semantics [9], the origins and biases of LLM representations using latent variable models [10]], and
ICL from a model averaging perspective [[14]. However, these works do not connect the geometric properties of
concept-encoded representations to transformers’ powerful ICL abilities. Another line of research has studied
the learning dynamics of transformer, including analyses of linear-attention transformers [16} 17,71} [72], QK-
combined attention-only models [20l 21} 26| 154} [73\ [74} 75\ [76l [77. [78] [79], ReLU-free MLP [54] 80} I81]] or
without MLP [17, 25]], impractical squared or hinge loss [25 26} 27} 28]. Though relevant, these works rely on
simplifications or do not connect the observed linear semantic representation of large model to the transformer’s
excelling OOD capability.

Concept Learning in Deep Learning. Hierarchical learning has long been regarded as a key factor behind the
success of deep learning [82} 183/ 84]. Recent research shows that large-scale generative models, such as diffusion
models and transformers, effectively encode hierarchical concepts in their latent spaces [[1111124[1311461185.1861187].
Moreover, (731188l 189]] show that transformers can capture hierarchical and compositional structures in data.
From a Bayesian perspective, [7, 8, [14] interpret ICL as LL.Ms predicting outputs based on latent (concept)
variable inference. Furthermore, studies reveal a linear structure in LLMs’ latent space over independent
interpretable concepts: representations of the same concept exhibit positive inner products, while statistically-
independent concepts are nearly orthogonal [9} [10} [11} |12} [90]. Interestingly, aligning with the findings in
[46} 90], Independent Component Analysis (ICA) is naturally more suitable than Principal Component Analysis
(PCA) for obtaining meaningful feature or label vectors in our prompt modeling. This is because the features or
labels are nearly statistically independent and of equal strength, especially with a large K, while the noise is
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feeble in our modeling. Building on these insights, we explore in a theoretical context how the compositional
nature of concept representations relates to transformers’ ability to generalize to OOD tasks through a sparse
coding modeling. We believe our OOD results are not only coincides with the transformer’s compositional
generalization ability on language tasks [89], but also consistent with other concept learning outcomes of
diffusion and multi-model model: [87] shows that adjusting the length of semantic representations can directly
affect image generation behaviors (see Figure 5), while [[86] reveals that compositing different concepts enables
OOD generalization (e.g. “blue square apples” in the Figure 1a in [86]).

D Preliminary Lemmas

D.1 Probablistic Lemmas on Concentration

KNL
Lemma 6. Suppose that 6 > 0 and ¥d € {dx,dy} = Q(log(T)), where N = BT*. Then with
probability at least 1 — 6,
2d 2
< |1&l? <
% < ey < 3%
6(N(L+1))*
(65, 0)] < 20 - \/dlog (AMELDE,
6KN(L+1
€l < il -y 2105 KNV EE L)
forall &, &; ~ De,(orDe,), pp € Dx(0or Dy),l € {1,2}.
Proof. See Lemma B.4 in [42] for a proof. O

Lemma 7. Suppose that 6 > 0, dy = Q(log(m/d)),m = Q(log(K/(5))). Then with probability at least
1 -0, forVi e [m],k € [Ki],w € [dy — K1,

2
oidy y (0) Uldy
< <
D wy, O <37
(0) (0)
‘Oéoay.),k' |/3)o(,i74), |(0) | 91 (5Km) ™
: og ‘o1
Teul " Tl 5o
) (0)
|0‘(00v kol ‘ﬂo. Kl 5Km
01/2 < max DALY i)k p(o) <4/2log(——) - o1,
/2 et el el o) =)

Moreover; for some ¢ € (0,1] for Ve # €', € [£], Jwc € (0, wé) where wi < 1,

. e mlog(10K1/9
e tmiri= 208+, >0) - 2|,/ mosl0/0)
. log(10K4 /6
’\{ze[m] (OO() k+e/<ﬁg)( &> 0,rie- ,6’(0) k>0}|_7’< wy
/ J—
el iri="08 L+ >0~ <1+;<>m‘ < |fmlos10K1/0) (k= i
m il

. e (1—we)m mlog(10K1/9)
\{ze[m]|n=m,a§§’; ),k+4/3<°> o> 00l -l <oy - G o

2 I

5Km. bo1(||exl| + Clldx
> v (o)t ) 0] <y f210g PRI Bl elidil)
ic{icimliri=2, agg() )Yk+5145g’()’i1.>)k>0}
5Km 50’1Hdk“
> ri- B k= 0| < 2log(*=) - 27 L
ze{ze[m]\a(m >7k_+e/(5g)()i .),k>0}
(®)

In addition, for a sufficient large m = Q(log(K/(8))/(1 — w¢)) the lower bound inequalities regarding
maximum value in Eq. (IZ) hold at any above index set of i in Eq.(8). For example, there exist i € {i € [m)] |

e
ri= g)()7 ok —|—Cﬂ(0) k>0, a(o) Cﬂ(o) ok < 0}, such that a(o) gk S —01/2||ek]|-
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Proof. First, notice that Wy( _)(0) ~ N(0,01l4y,), then by Bernstein’s inequality as well as dy =
Q(log(m/4)), with probability at least 1 — 6 /(5m), for Vi € [m)]

W3, QI —o1dy| < O(F - Vdylog(5m/6)) < oidy /2.

By union bound we can have the first inequality in the lemma hold with probability at least 1 — §/5.

Next, we notice that

RO 5
0,k —(wy O Ok _ iy © dy 0wy O gl
llex| 6o el ld] O Tldel| 7 TOE O T

are all Gaussian random variable with mean 0 and variance o7 . Then by Gaussian tail bound and union bound,
dy.

I kH [l
(W 0(1 ) Q)| < v2log(5Km/é) - o1.

Notice P(o1/2 > |<Wg(i y ) q)]) is an positive constant, then following the techniques of Lemma B.5 in
[42] and the condition m = Q(log(K/d)), we have

@, q)) =1 - P(or/2 > max{[(W} V., q)[}),
mK
=1-P/2> (W, . a))
>1-4/10,

with probability at least 1 — §/10, forall i € [m] and q € U, ,,{ , @}, it holds that

P(o1/2 < [(W3,,

then with probability 1 — §/5, the second and third inequality hold.
For ¢ € (0, 1], we see that the variable « (> xte Cﬁ(m ~ N0, 0% (|lek|* + ¢|ldx|?)), and it’s
independent to the event {r; = —} Ve € [£]. Therefore, we can see the count of {i € [m] | r; =

% oz(oog ok +e’Cﬁ( ok >0,e Cﬁ(o) ok > 0} as a binomial variable with p = 1/4,n = m, then by the

property of binomial tall condition m = Q(log(K /(8))) as well as Hoeffding’s inequality, with probability at
least 1 — §/5 we have

i _ ¢ O 7 ~3(0)
Hielmlin = a0 €S0 0 > O [log10Ki /5]
m 4= 2m
which completes the proof of the forth inequality. Similarly, for the fifth inequality we can utilize the same

techniques to derive that it holds with probability at least 1 — 6/5.

For the event {7 € [m] | r; = 3, (O) C,Bg?_ Lk 0}, we have
m i)

_ € O (0)
Pri= =) | +¢BY) )k>0) P(%Hw )

Pla (oo()7 3k Cﬂ(O) ok >0 | oz( ok +e Cﬂ(O) )k >0)
1 .
=5 P(a(oo()l " gﬁ(o) >0 ao Late CB(O) >0
_1 14w
2 2
¢ 4 . m m> ©0)
where is the probability of the conditional event {o, e'¢Bo gk >0 | Aok T

e CB(D) ok 0}, and we > 0 due to the larger variance of a( () ok compared to e Cﬁ(o) ke We de-

note the probability with w¢ since the true value is hard to compute. Subsequently, the event {z efm]|r; =

. . . . 1
£ a(oo() =+ (ﬂ(o) ok 0} can be seen as a binomial variable with p = +we

,m = m, then we can

have the 51xth 1nequahty hold with probability at least 1 — §/5, utilizing the property of binomial tail, condition
m = Q(log(K/(9))) as well as Hoeffding’s inequality.

The seventh inequality is a natural inference of the third and forth inequality, where the m = Q(log(K1/0))

ensure y/m log(10K1/0)/2 < m/16, and the last inequality is then also a natural inference of the third and
fifth inequality.

Therefore, by union bound, the proof is completed. O
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D.2 Matrix Theories

Lemma 8. (1.1.P5in [91]]) Let A € M, be idempotent, that is, A2 = A. Then, each eigenvalue of A equals to
the rank of A, which is either 0 or 1. Beside, identity matrix I is the only nonsingular idempotent matrix.

Lemma9. Foramatrix A = 27:1 i P;, where P; are symmetric idempotent matrices with rank(P;) = 1, and
thus Zle i P; is the idempotent decomposition of matrix A by P;. Then we see that || Al|r = \/tr(ATA) =

\/Zle wu? = \/Zle A2, where \; are eigenvalues of A.

Proof. By definition,

d d d
ATA= @i PTP =) piPP =) uiP.
=1 =1 =1
Then, by Lemma 8] we have

d d
tr(ATA) = tr(z w2 p; Z ui tr(P, Z wi rank (P, Z ni = Z A2,
i=1

i=1

D.3 ODE Systems

Lemma 10. (Lemma C.1 in [43]). Suppose that a sequence az,t > 0 follows the iterative formula
Qo1 = ay 4+ —

T Y bear?

for some 0 < ¢ < 1andb > 0. Then it holds that

c
e <ap < ——— 41

— 1+ beao
forallt > 0. Here, x+ is the unique solution of
da: c z a
ﬁzm, $0:a0<:>xt+b€tzct+ao+beo.

Lemma 11. (Coupled ODE System 1). Suppose that there are two coupled sequences y;, z:, t > 0 follows the
iterative formula

1
2+ e—2ut? | e2ut?
Zi41 =2t + b, zo < 0, b >0,

for some a,b > 0. Then it holds that

Yt+1 = Yt + azeyt , yo > 0, a >0,

y(@) <y, 2(t) = 2,
forallt > 0. Here, y(t), z(t) are the unique solutions of the following ODE System respectively

y (&) = 72(0)y(1).  y(0) = vo, ©
Z'(t) = b, 2(0) = zo.

As such, for t1 = min{t € Z | z: > 0}, we have

—az(0)%(1 + e 2(©7%)
ye, > y(0)e 4b(1 — 6*21!(0)2)

—2(0)(1 + e~2v(©)7)

>
andty > b1 — 6*29(0)2)

Proof. From the condition we see that zo < 0 and 2 is an increasing sequence (z; > zo). Besides, as yo >0,

during the period where z; < 0, we see that y; is monotonically decreasing. Then by (2 + e~ 2wt + vt )l
1/4 as well as Comparison Theorem, it’s obvious that the continuous coupled ODE in Eq. @) is the lower bound
of y;. Then one can readily obtain the result by solving the ODE. O
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Lemma 12. (Coupled ODE System 2). Suppose that there are two coupled sequences y:, zt, which are the
sequences after t1 in Lemma@ andt > t1 follows the iterative formula

1
2+ e—2yt% | o2ui &, yu >0, >0,

1— e*2y(f)2

Yi+1 = Yt + azeye

zt41 =2t + b zt, >0, b >0,

14 e—2y(1)? &
for some a,b > 0, and ¢’ < ¢, < 1. Then it holds that
y(t) <wye <YR), 2(t) <2 <E),

forallt > t1. Here, y(t), y(t), Z(t), z(t) are the unique solutions of the following ODE System respectively

_em2u(t)? (4 _ 42
5 (BI(2y(0)") + Bi(=2y(0)%) + 410g(y(1)) = abe”* -2 20 4 Loy, ?) + Bi(—200,%)
+ 4log(yt, ),
1 *2y(11)
2(t) = be m( —t1),

é(Ei@?(t)z) 1 Ei(—25(1)%) + 4log(5(t))) w

2(t) = b(t — t),

1 .
+ 5 (Bi(2y,*) + Bi(—2y,, ")) + 410g(y,)

where

. et oo n 1 n L(n-1)/2] 1
/ Tdt Yeuer + 0 + exp(z/2) Z n'2" 1 2k +1°

—o0 n=1 k=0

Ei(z) =

Proof. We see that as z; > 0,t > t1, the y; is monotonically increasing. As such, by Comparison Theorem we

()2
2 > and £;. Easy to see that

see that the upper and lower bound of the coupled system would depends on W

1 —e~2vt)? 1 _ g2’

)

2 S 2 S
1+ e—2y(t1) 1+ e—2y(®)
and then collaborating with ¢’ < £; < 1 we can obtain the result by solving the ODE. Observing that
dy(t) ol —e I (f )y (t)dt
——— = abc 5 5 3
dt 14 e2v(t)? 1 4 o207 4 o—2u(t)

5 _e*2y(t1)2 -t 2
(Bi(2y(0)?) + Ei(~29(0)°) + alog(u(0)) = abe "1~ (50

11— €—2y(t1)2

+ const,

l\')\’—‘

z(t) =be

Thus by the monotonicity the system is unique, which is also ture for the upper bound ODE. The proof is
completed. O

1 4+ e—2y(t1)? (t—t).

E Data Distribution

This section provided the detailed formal definitions of the prompt distribution.

Definition 3. (Polysemous Word Model (D, Dy, Dz, D, , De,,) ). We assume there exists K1 concepts of
words totally. Specifically, each concept k1 € [K1] is characterized by two semantically-opposite feature vectors
separately, denoted as p,;rl and py , and the label vectors that describe their semantics under the co-concept

are q,jl and qy, . Our word samples x € R and their corresponding labels y € R are generated i.i.d.
Sfrom distribution Dy and Dy, which can be written as the following forms via reparameterization:

z2~Ds, o ~De =N(0,0i1ay), & ~De, =N(0,0814,,),
T =Mz + s ~ Dg, y:Qz+§y~Dy,

where z € R¥ (K < dx). We denote z as the sparse latent signal and £ as the spurious dense noise, and each
x-y pair are reparameterized by one shared z. We have the following assumptions on M, z, £ respectively:
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s The sparse latent variable z = (z1,--- ,2x) € {0,1}" is sampled from D.. P(z; = 1) =

loglog K

o(——=—).

(BB
M = [I‘LT7I"L1_7[‘L;7"L2_7 7’-”2}17/1}_(17’/1,’/27"' aVKz] = [Ml,"' ,MK] S RdXXK is the

feature dictionary matrix, where {p%l }i?:l are concept-relevant features, {Vy, }i(;:l are concept-
irrelevant features, and Vk € [K], || Mk|| = ||u||. We assume that features of the same concept have
positive inner product: 30 < ke < 1, Vk1 € [K1], 0 < (p,;rl ) < kaz||u||?. Meanwhile, we let
the features of different concept be orthogonal: Ve € [£],€’ € [+],s' € [K1],r # 71’ € [K2],u €
{;1,2;, vy}, we have (pg,u) = (v, ) = 0.

e Q = [qf’7 q;, q;, qy, - 7q}'(ﬂq;(l,o7 -0 € RV XK s the corresponding label dictionary
matrix, where ||q5|| = ||ql|, for Vk € [K1). Similarly, we let the labels of the same concept to have
positive inner product: 30 < Ky < 1, Vk1 € [K1], 0 < (ql:rl,qa) < wyl|qQl|?, while the labels of
different concept to be orthogonal: (g, q,f,) =0,Vk # k' € [K1].

Definition 4. (Concept-specific Contextual Prompt Distribution) We consider the case that each prompt is
concept-specific (i.e., the multi-concept words in one prompt would at least share one co-concept). Specifically,
the chance for selecting each concept as the co-concept of one particular prompt is © (K1~ "), and the chance

for selecting the two semantically-opposite vectors of the same concept is 5 During training, each prompt

S =A{z1,y1, -, XL, YL, TL+1} is sampled from the mixture distribution Dg defined as below.
Ky
Ds = Z (leplj,L+1 + WI;PI;L+1) ) (10)
k=1
1
where T = w1 = BYeN and the P}, L1 and Py | are prompt distributions characterized by the k-th
1 , ,
concept, defined as
. 1
Pipes = {S | @ ~Day ~ Dy, Prorant = LI € [L+1],5 # {2k — 1k}, Py = =,
1
{zioh—1 =1} U{z120 = 1} = Q, {z120—1 = 1} N {212 = 1} = 0,VI € [L], Piok—1 = Piak = 5},
_ . 1
Pk,L+1 = {S | @~ Dz,y ~ Dy, Pry1,26 = 1L,vle [L+ 1]a.7 #* {Zk - 17k}aplyj = K’
1
{zi26-1 =1} U{z120 = 1} = Q, {21261 = 1} N {212, = 1} = O, VI € [L], Pog—1 = Prorx = 5},

where P, ; =P (z,; = 1). Vn € [N] where N is the training size, if the training prompt Sy, is sampled from
Px r+1,€ € [£], k € [K1], then by Deﬁnition the label vector of the query should contain q,, and we call
ys, = e as the real value label of this k-th concept prompt. Specifically, for Vk € [K1] we define the index set
of training prompts sharing the k-th co-concepts as

Vi =V UV,

where N N
Vi = {” | Sn ~ Pk,L+1}v
Ve ={n|Sn~Pppi1}-
For sample x; where n € Vi, k € [K1],l € [L + 1], we define the index set for its non-zero elements of z*

besides zy,_q; and z3y, ;, namely M7 = {k € [K] | 2"y = 1,k ¢ {2k — 1,2k}}. Also, for each prompt
sharing the k-th co-concept, we define the index set of demonstration in the context:

S:,k ={le[Ll]|n€Vi 2o =1}, S,p={l€[L]|n€ Vg, 2o =1},

F Model details: Attention Part
In this section, we provide several important definitions and compute the original gradients of attention.
Lemma 13. (Contributing and Misleading Neurons)

Wi ={iem]neVvi 15, >0}, Ul 0)={icm]neVir 15, >0}

(11)
Win®) ={i€[m]neV, 15, >0}, U () ={ic[m]|necV v 15, <0}
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Win(t) = W,j"n(t) UW,,,(t) are neurons that can be activated, among which Uy, . (t) == L{]In(t) ui, . ()
are neurons that correctly contribute to the prediction. The following lemma computes the original gradients.

Lemma 14. (Gradient Update) Denote

r; =rli],
6. =1 (ys, - FE WD),

n T 12
(o))" = softmax ((Wﬁ?hf) Wg>h’g+1) , (12)
15, ® = I(Wgzi)_) attn(H™; ™) > 0).

nga) L, (UW) € R > can be derived as

1 n
5 (v Zrﬂlm ST @) @] W) WERWE @i — 2))ah " | +AwWg .
neBy l,j€[L]
13)
Similarly, wa((t) Lg, (\Il(t)) € R4 *9% cap be derived as

1 t u“ n n n n n n n
5 S e > il ST @) (09)] (ngi,_)wg)hl YW T2l (e —a) | | +aAWE D,
neBy i=1 l,j€(L]
(14)

Subsequently, we directly compute the update of the attention matrices along the feature directions as below.

Lemma 15. (Concept Learning of Attention) For vk € [K1], we have the single step of learning of the concept
part of the features:

a; W& a, —alWgWa, = —p, . a;, " Vyys o Lo, (w)ay
t t T b4
= _nt(IC(,),)a,;,zrhaas + I<Q,)afc,(:0ntri) - ntAa’IAc WQ(t)aA (15)
agW}?(tH)a,; — ang((t)a,; =—n- a,;TVW%(t)LB,(\I/“))a,Ac
= _nt(lg)a (hH()A + I};)a (.Uﬂtrl) ntAa;:W:;{(t)ak}7
where Tt and I are defined as below.
Q,a;},cham Qa contri .
1 t) T n n
=5 2 [tal@in+ Y M) Y n Y (@)@
k#ke[Kq) rEMT iewgp (6 Lie[L]
ec[=£]
nGVEﬁBt
W, Q@+ > Qs+ &)@ WED (6 = y)be+ >0 Mot &hi— > M- &)
sEM} sEM seMP
1 5p0 (1) 2 T en t)\"
5 2 [l e @+ > M) Y wf Z NCO)
ée[i] "‘GM2+1 ieWe (t) l,je[L
neVENB; kon
(W, D0 Qs+ e WEO (- u)b + 60— €2,))].
SEMP
t 1 ®) 2 Ten
o =5 > [G0ail’ +a @G+ Y M) > mwy O
e€[£] reMY 4 iGW,f, (t)
nGVEHBt ,n
)\ )\ T @ ) n n t
di( Y @) = Y @)al WO @l - b + g — Y (@8] )]-
lesi,;; zes;‘z JelL]
(16)
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Similarly, I'; K a, chaos and g)a conri are defined as below.
¢ 1 Z ® T ¢ n Z Z Z \"
]E(,)afc,t‘haos = E |:6 : Zil aj W%( >(a’k + eby + gw,L-‘rl + MT) r; - (Ué>)l
k#ke[K1] reMT 4 iewg (@)
e€[+]
neviNBy

L,j€e[L]

(@), (W8, D@l + > Qs +ee (Y Morgi - Y Mo-&y))|

seM" seM" sEM"
1 N t x n
t5 2 [naWe e &t S M) 3
eef+] reMp iewg (t)
nEV}éﬁBt n
@), (@ WY DN Qs +&p))a; (€n—€n)]
J (i,+)
LielL] seMp

1 x
=5 > [6"al W0 @ +eby+ &+ > M) Y nwy O

ee[+] reMP PEWE (1)
nevgth n
t)\" t t
4 (Y @) = X 0@ G- Y (o) e ")},
lese . leS;i JElL]

r;

i)

an

Lemma 16. (Label Semantic Learning of Attention) Also, for vk € [K1], we have the single step of learning of

the concept-specific semantically-opposite part of the features:

b W5 b, — bl WEDb, = —n, ~b,;TVW6(t)LBt(\I/<t))b,;

(18)

= _nt(Ig)b~ chaos + [g)b conm) Tt )‘b;’:wg (t)bfw
by Wit "oy — b Wi by = —ne - b, Vg o Lis, (3t

_ () Jis2 T (t)

- 777t(IK \bj, \chaos +1 K bk,wntn) Abfc W?( ag,

@® ®)
where IQ,b,;,chuos and 15 by connri AT defined as below.

[g)bk,cham = % Z [eél “ (5:2: L+1 + Z M Z r;- Z (U_(st))?(‘fg) ):

k#ke[Kq] reEMT iewg () L,j€e[L]
ec[+]
nEV;;I"IBt

W2 D@+ S Qs+ )bl WEO(! —y b+ Y Mot el - 3 M,

seEMy SEM
1 ) 2, Tien
T Y (AW ey Y M) Y e
e€[E] nevens, rEMP iEWe (1)

x T
{3 > @ @) Wg, D0 Qs+&5.0)bi Wi (26, + b,

les+ RIES L sEMp

n
seMj

(ot — &x,5))

+ 3 > G D] WE, OO Qs+ eg)bl WEY (<26, + (65, - €2,

les” JeS:r seMp

(t) _ (t) 2 N

K= 5 S PLOUBIE e+ S M) Y nwy
éel+] nEVCﬁBt reMp ieWiﬁy (t)

(t)
N

bEWE L2 0 (@8N0 @b+ D e (30 @D Y (e))en].

jest, jes e€[+] jes < lesy &
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Similarly, I};?b and Igﬂ)b@’mnm are defined as below.

];,rhaos
1 n
I;,)bk,chaos = E Z |:€ ! Z;(t)bgwé(ﬂ(ak + 6bk + §m,L+1 + Z M'r) Z r; Z <t)
k#ke(Kq) reMT 4 iewgp (1) Lie[L]
ec[+]
neVENBy
W8, D@+ > Qs+t (Y Mo+ei— > Mo —¢y)]
sEM] seM" SEMT
23 Y B WE ey b et Y M) Y e
66 [l nevins, rEMY 7,€W; L@
n n n n
{3 3 @D @] Wy, DY Qs+ e @bl + b (6 - €2 )
lesy i€, seMit

(t))"

=303 I W OO Qs g2l + by (€2 - €20}

les” _jest . seMp

1 (1)) L on
fﬁ??bk,mm:EZ > [242(t>bgWQ(t)(eaz;+bz;+€(€m,L+1+ M) > riWo,

eE[E] nevens, reMp iEW? ()

(t)dfc

203 ENCYS EODII+ D0 e (>0 @D (e)w e,

jeS;E jes . e€[%] jes’, lese
(20)
G Model details: MLP Part
Lemma 17. (Tensor Update)
T
Wo., Wep = a(oo()i ok T Z ng o Le, (¥)ex
, , 4 .
21
“%u(wd m}jva o Ls, (¥ dy,
, i

Lemma 18. (Gradient Update) Vv (v Ls, (\I’(t>) € RY>¥@x+4Y) can be derived as
O,

1 ¢ n
= > [aUras, e Y ) Ddi+e Y 08 (et Yo Qereg) THAWE,
k#ke[K1] lesy lelL] SEMP
e€[+]
nEVEﬂBt
(22)
Lemma 19. (Concept Learning of MLP) For Vi € [m], k € [K1),
Wg(i -)(tﬂ) Wg( mcfc =N Vu (t)LBt(‘I/(t))C/%
| ( ) e (®) (®) @3
t ¢ ¢
= _77t(] c);,chaos + [O(iﬁ),c,-c,wntri) - nt)‘w’(y)(iy,) cfc’
where I(t) 13265, chaos and Ig() 1y scontri AT€ defined as
®) _ 1 ® no (¢ Wy
CENPRREE D SHD DD DI TENRTICD SYEOND D e |
k#ke[K ] e€[X] nEVENB le[L] SEMP
() _1 s O am () g2
IO(iy.),cE,Conz‘n’ - E Z Z [e : E’/VL r: ]lo(i>( >HC;€H ]
eE[E] nevens,
24

Remark 2. (Informal Discussions). Interestingly, the gradient of MLPs’ Concept Learning is very large. We
have the following situations.
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* When the neuron is activated (i.e., {n € VEN By, U‘(Wf((t)bk)TW5<t)bk > 0}, and ozgz_ i +

e (23 st . (Ug))l 1)W'(y)(i’.)<t)d,; > 0), the neuron is likely to be activated (i € W;n(t))

LIf(I)ri-é > 0,0 € Wi (t) < i € Wi (t) U (t), the gradient will advance the
y (.
Ouy R

2.0f(2)ri- € < 0,i € W (t) & i € W, (t) — U (t), the gradient will diminish the

K,
g(, 5 mc,;, thus help deactivate this neuron.

Lemma 20. (Label Semantic Learning of MLP) For Yi € [m)], k € [K1],

we, - Wy Cdp =0V o Ls (8)d;
’ ) (25)
_ _nt(l(t) + I(t) ) _ 77t>\Wy (t)d~
O(iﬁ_),d,;,rhaos O(iﬁ_),d,;,contrt O(i,») k>
where I ysdschaos and I g? ol sconiri 4T€ defined as
(t) _ (t) n t (t) n \T
[RPUREE S S DD Sl (TACUR IS SIS S SR
kE[K1] e€[£] nEVENBy le[L] sEMP
t 1 (t) n " " 2 (26)
I<O()i,,),di€,zrnmri = E Z |:£'I’L T 1O(i) (t)( Z (Ug))l - Z ( ,(S’))l )decH ]
ee(£] lese p les—
neVENB, " ™ k

H Discussions over Parameter Settings

Note that we do not have any requirement upon demonstration length L and batch size B for training, thus the
training can be really flexible compared with the strict requirement in [28]]. The condition on dimensionality
dx,dy and the network width m ensure the learning problem is in a sufficiently overparameterized setting
where the norm and the inner products of the Gaussian noise and initialized NN can be controlled within a certain
range with high probability 1 — §, which is standard requirements in recent feature learning line-of-research
[414157,153, 14511581, 142,152, 143]]. The weak requirement on network width m allows us to conduct a fine-grained
analysis based on the network projection length, which is fundamentally differs from the NTK line of research
[92] that requires an infinitely wide network to perform linear regression over a prescribed feature map. The
condition on -y ensures the learning step to be small and thus learning process enjoys an approximation to
gradient flow rather than the challenging “Oscillation” regime [93|], which is analyzable but not necessary in
presenting our theory. The condition on the small A is to ensure that the learning dynamic of Attention and MLP
would not stuck at the origin point, and ensure that we can analyze the expected learning dynamic with limited
impact of the regularization at the initial stage, which is also adopted in [S3]]. The condition on K is to control
the impact of cross-concept contribution in the Attention’s learning dynamic, which can actually be relaxed at
the cost of a denser analysis. The condition on o is to ensure that the impact of the norms and inner-products
involving the Gaussian Noise on the gradient cannot surpass those in the order of feature’s norms, which ensures
the gradient flows to be not too noisy and could converge to the expected gradient flow exponentially. Last but
not least, the conditions on ¢ guarantee that the initial beliefs of MLP is small and the gradients of SGD can
update the model effectively. The condition of o is only used when discussing the OOD scenario.

I Convergence of Expectation

In this section, we assume all the events in the Section [D]hold, denoted as Ypre.

We examine the evolution of E(¥'") := {E(W3 ) B(WEZ ), E(Wgzl , )} at the whole iteration 0 < ¢ < ¢,

where the expectation E[-] is taken over the stochastic batches. As such, we can see every stochastic gradient
update within each batch as a gradient update upon noise-free and category-balanced concept-specific prompts.
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+ - + -
+ —

Lemma 21. ForVky € [K1], we define ay, = Py ™ Pry and by, = w By definition, we then
have N B

My, = Qky + b, My, = Ok — b, ,

<ak17bk1> =0, {aknblﬂ} 1 {ak’labk’l}a

- 2 2 + 2 2 2 2 27

(it 1) = Naw 12 = w12, [ 17 = e, 17 + [6e, 117 = [[u, @7

1 2 2 K +1 2 —K. +1 2 2 1 2

Ll <l ? < S g, g < o 2 < L

for Vkll 7é ki € [Kl]

Remark 3. We observe that, through this formulation, the shared component ay, can be interpreted as the
“concept” part of the two features, while the terms by, represent their opposing semantic aspects. The
relevance of this modeling is exemplified by Figure 1(b) in [U2)], where the concept “[Bird]” is composed of
orthogonal steering vectors: “plant = animal” and “mammal = bird.” These vectors correspond to the concept
feature ay, and the semantic label features by, respectively.

Idempotent Operator Trick. Define U := span(M) and its complement space U". By definition, we know

that dim(U) = K and dim(U%) = dx — K. Then we can have a set of standard orthogonal basis for R?,
defined as

3 —{ by as bs ak, bx, | ST %) VK, ut ut }
L= 2 T ug
ey lax[l” o1l Nlazll” lo2l" " llaw, 7 1o, |7 flufl flaf ™ flaff? 77

where ui, - - -, ujx, r are the standard orthogornal basis of UL. Then we can derive that

dy—K

Ky
asa,’ v,
2 TP Z i Z a2 i =T @)

Lemma 22. (Partial Statement of Lemma !) E[W3] and E[W%] are identical and symmetric during the
whole iterations. We can decompose E[W§ ) and BE[WE ] by (scaled) idempotent matrices.

Ky dy—K
cc(t) aas (t) (t) VyVr (t) utu 1T
Hwa 2 fa. ZB '||b|\4+Z | ||4+Z” St
Ky
x (t) asas V'rV'r (t) L 1T
EWk Z a. ZBKS' Hb ||4 +Z T T Z PKw: ’

()
where ag's

(29)

(t)

and oy represent the concept learning process, ﬁg?s and ,8?  represent the concept-specific

semantic learning process and Té )r, Tg)r, pg’)w, pg()w represent the memorization of the concept irrelevant

noise.
Proof. Apparently they hold at ¢ = 0, suppose it holds at step ¢, thus
EWE Y] = E[(WE)T] =EWE"] = E[(W5')"],
we examine ¢ + 1. It holds that
Es, Wi | E(U'Y)) = BIWE Y] - niEs, [Byys o Lis, (B )]

Es, [WED | EEW )] = EWE Y] — nEs, (O, L (B )]

Here, we see E(\I//(t)) as fixed matrices and the expectation Eg, [] is taken over the stochastic batch at the time
step t. As we are considering expectation over the isotropic prompt distribution, which can be seen as a noiseless
distribution with an averaged categories of words and labels, the expected gradient form could be written as
symmetric form:

K
Es, [WE T [ EW )] - EWE D] =3 (0 a.a.” + b5 bb.T)
s=1

dy—2K1— Ko

Ko
ODEIIARED SR SRS
r=1

w=1

with some coefficients ags, bf,?,s, cg?r, dg?w, Vs € [Ki],7 € [K2],w € [dx —2K1 — K3]. It’s direct to check

that ]E[Wz(t)] also has the exactly same outcome. The proof is completed. O
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Worth noting that

#eTE[Wm (t)} aQ o+ ﬂ(Qt)s’ NETE[W?((O]IJ' a(}?g + ﬁ%?s’
e E[WE “)} =ay), -85, pt EWEVul =ald, - 8., 30)

TEIWE =) v EIWE O = 7
We will also have

@x e T @x e
EWEDue) EWED s = ol - al?, /lladl? + 85, - B, /11bs]?,

s

(t) (t) (t) (t) 2 S

x (t e x (t

(EWE V]ps®) EWEO)us = =ay), ol /llas)? = BY, - B/ bS],

for Ve € [+] and for Ve’ € [+],s" € [Ki1],7 € [Ka],w € [dx — K], Vu € {u%, vy, usb},
EWE “Tu) E[WE Vs = 0. (32)

Similar conclusions hold when the query vectors are v, and ul, Vr € [Ka], w € [dx — K].

Definition 5. Define Q := span(Q) and its complement space Q*, we can decompose i-th row of WY, via the
following decomposition:

Ky T Ky dy—K;
y (D) a®) k (®) (®) 1xdy
EWS, ] ; Oyt TexlP +;BO“">’ ‘d Rl Z P G ERVYL(33)

where qi-, -+ -, qjy, K, are the standard orthogonal basis of the complement space Q. Then we have
EWY, (]q¢ = agg ke 5g3)k (34)

forVe € [£],i € [m], k € [Ki].
Lemma 23. At initialization, for some e € [£] and Vk € [K1], define

o) 1= exp (0 [|bx||*) — exp(—o5|bx|*)
G=2FE| Z =

e exp(07][b]12) + exp(—o3 bk )’

then we have some w¢e € (0, w’q) where wég < 1, the following will hold

(0 0) (0) (0 0 0
aQ)k _ O‘EK,I« _ Box _ K?k _ Tc(g,zﬂ _ I((>r — O 0
lacl?  llaxl®  loxl* | [uf2 = Juf2 P T T
10K1
_ . € (0) (0) m mlog( ) m
B0 =[G e m) [x = 7 al) | eio88) > 0} 2 T - [T 2
10K
e e — |y __€ (0) ‘<@ m log( 5)
LB IV (0) ~ U O)] [iemm)| ri=-S,a8)  +ecsl) >0l < T+ s
14 wee)m m log (2 (14 wze)m
B[4 (0) 1 W5 (0) — oy < Lo fmlosCEh) B
neVy ’ ’ ’ 8 2 8
(L—wm  [mlog(121) _ (1—wf)m
_ —e _7/4—¢€ > k _ 5 > k .
U0 (0) = OV 0) ~ 2 0] > = e
The parameter wéz is determined by oo, o1, |ak||, ||bkl|, ||ck|| and ||dk]|-
Proof. We have that éEve[L{,iyn(O) N (W, (0) — U, -(0))] # @. By Lemma we see that for
neve , ;
2 2 2 2
ONG exp(ag | b[|) — exp(—0q||bx ")
Ce =2 E g —1= )
=R EL 2 S b + exp( oAl
esy sy
we can have corresponding wee € (O,wéz) where w’gﬁ < 1 to ensure the conclusion holds.
O
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Lemma 24. (Coefficient Update) Denote IE(\I/'(t)) = {E(W3 (t))7E(W}"<(t)),E(W82i ))} where the

expectation E[-] is taken over the stochastic batches. We have
a 1
t t—
af) =al, —m> a. Vs wEs, [Ls, (1) | E@ T )]a,
T
-1
ol = ol —m > a. Ve 0 Ba, [Ls, (¥"") |E(W)]as,
T
t t—1
B2 =B —m Db Vys o Es, [Li, (U') | E'" )b,

t=1

/ 1
) =B, mZb Vs 0Es, [Ls, (07) [ B0 )by,

t=1

T
Tor = o= > vr Vs 0Es, [Ls (') [ E@ ),

Tl =T =y v Vs 0 Bs, [Ls, (8') [ BT )]s, (35)
T T
t t—1
P = Pt = D Vg 0 B (L, (") EW g,
—1
Pt = Pl — Zuw Vs 0 Es, [Ls, (0'") [ B )ug,
T 0 (t) (t—1)
00k = 00,y ™ mng%wm (L, (0" ) | B e,
T 0 ® (t-1)
B0 = Bt = 22 Ve, 0B Do (1) | BV,
T 0 ® (t=1)yy L
POp o = POy *ﬂtngo(iv)mEBt L, (277) [ R ))qu,
where e € [£],s € [Ki],r € [K2],w € [dx — K].
+ - + -
+ —_
Lemma 25. ForVk, € [K1], we define cx, = M and dy,, = M By definition, we then have
qul = Cky + diy, ql; =cr; —di,
<Ck1,dk1> = 07 {Cklvdkl} 1 {cki7dk/1}7
— + 36
(@) = llew |7 = llde 7, i 17 = llew | + lldi, |7 = [ul?, G0
1 K —|—1 —Ky +1
§||01H2 <lew I” < == lal?, y lall < lldx, |I* < *||OI||2,

forVky # ki € [Ka).

Based on Lemma@ and Lemma@ the following two lemmas compute the update of attention’s expected

projection along non-feature and feature directions.

Lemma 26. Fort > 0, we have

Tg+l) = (1 - 77t)\)7—5>w T;;+1) (1 - an)T%)rv
PO = (L= neX)pls Pt = (1 —neN)p,,
Poi) o= (L =mNpf) o

where r € [Ka],w € [dx — K],® € [dy — K1].

29

(37



Lemma 27. Fort > 0, we have
ot = (1—w>a8>k7 oD = (1 - peA)al?,,
Boi = (1= nN)BY
4?7tﬂ IIka4 () gn n n
> 3w B 615,00 @GN0 @)l

e€[t] i€[m] jeSIk J€ES; .

%;l) = (1—n\)BY )

4 b 4 n t n
ntﬁQk” Al Z Z Zﬁg()i,»)v nev‘w (t)IL (t)( Z (aéf))j)( Z (U(s))jn

e€[t]i€[m 765:% JES L
(38)

Proof. The deduction is direct by the symmetric property of prompt distribution in Lemma@ and the gradient
forms in Lemma[[3and Lemma

This lemma reveals that the attention layer mainly serves to learn the different semantic part of each concept,
and hardly have interest in learning the shared co-concept part. Also, collaborating with Lemma[22] we see that

Bo tH) ,Bgzl), this indicates that the signal of 6 e B <t) . would remain positive.

Also, by the symmetry property of learning progress denoted in Lemma. we see that Vk € [K1], al Q e =
a%)k, ok ﬂ(t’) . Observe that for Vk € [K1],

[Z o) exp(Bg i Bion/10x]I%)
= op (BT, D,/ I08l2) + exp(—BD), - B lbxl?)
n,k
(39
o exp(—Ba, - Biow/bx%)
E [ Z G )j]: (t) (t) (t) (t)
o B0/ l?) + expl 5, - PR Ton TP
n,k

We see from Lemmathat ag))k = a(}?)k = oollax|?, ﬂg))k = ;?)k = 09||bk||?. Therefore, for t = 0,k €
[K1], we have

2 2
n exp(0p||bx|”)
E D ()= ,
ertenl 2 7= SR + exp TP
J n,k
(40)
E [ Z (U(O)),] _ exp(—oj||bk ) )
nevisn' % 0 exp(opl|bk]|?) + exp(—a3 bk %)
JES, k"
Obviously, nemlz%sﬂ [desysn (gfqo))j] > 0.5 > nEv [Z 5 s (o g))j]. Meanwhile we see that
~ —92 .
wevin [ngsysn (JS ) ] & 0.5 due to the small oo = O(J|u||~*) by Condltlon

The observation in Eq. 1.! collaboratmg with the positiveness of 3, (t) %)k we see that the inequality

C [desysﬂ (Ug))j] > [Z 5 Usn (Ué))j] will remain during whole iteration. Also, by Eq.
ney, °n ne

(B9), we know that

B (@)Y 0= (exp(B5) - B/ Ibkl®) + exp(—60, - 504/ Ibel?) - @1y

JEst JES, &
This observation under our expectation scenario greatly facilitate our analysis. Since £, ® < 0, it’s obvious that

the s1gna1 of r; 50 " will determine whether the neuron ¢ € [m] will serve to increase or decrease the B, (t)

and ﬂ 11, during the gradlent update. We therefore start to analyze the MLP’s update below based on Lemma
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Lemma 28. Fort > 0, we have

t+1 t HCkH (t> n
(Ou )) = 1= nt)\)a(oi ok Z [er; Vi 15, )
ec[4]
EUE), ) epcon)
(K1 —1)lex” F (D gn (1)
_ i E (4,15 s
y KK Z ler nGVik( no 10, )]
ec[£]
(42)
(f)
]E(I ),ck,rhaw)
(t4+1) _ ) _ ne||d||*rs HOPERNG (£)\™
Bo“ ook T =(1 nt)\)ﬂo(i,_),k 721{1 Z ng}f[en lo(i) ( Z (US )l
e€[+] lesg .
> @),
1€s; s,
where k € [K1].

Proof. The proof is direct by the symmetric property of prompt distribution in Lemma[22] and the gradient
forms in Lemma[[9and Lemma[20}

An interesting fact is that the E(/, g:

suits our intuition that if similar things appear in various fields (concepts), the learning process can help integrate
and facilitate the learning. The following lemma demonstrate the lower bound of the attention assignment, which
emerge from the good property of our expected attention.

5 CIwc}ms) also contributes to the learning of k-th concept. This actually

Lemma 29. For a certain iterations t € (0,T1), for Vk € [K1], e € [£], we have
1. The neuron set B[(Wy, ,, (t) — Uy, ,(t)) — U, .. (1)] is non-increasing, and all of this neuron will get
deactivated. Additionally, both E[a(t) } and e - Bg) ok would monotonically decrease. Also, it
holds that e - 50(, k> Oand|a s k| e- 50(7 s

2. The neuron set E[Uy, ., (t) — W, 1. (t) — U, (1))] is non-increasing, and all neurons in it will turn
into IE [L{k n(t) N Wi (8) = U, 1 (1)), Additionally, both E[ay, (t) ] and e - ﬂ(t) Lk would

monotanzcally increase. Also, it holds that e - /80 ok 0 and |a o k| e- ﬁo(i,~)1k

3. For Ev Ui () "W 2 (t) — U, o (1)), the e - ,Bg() ok would monotonically increase. Besides,
nevp : : i
when there exists constant C > 1 such that

E 6, <c E (€,
’VLGVE nevlzc

the E[agz_ 5 ) would be contributed to increase, otherwise it will decrease. Also, ()

Efle(2 ZlESfL . (0g>)l - 1) (t) ) k” and]E[on( 3 k] > 0;

il 2

4. All the neurons in IEv Ui, &)W s (£)—U,, 1 (t))] will ultimately either have its coefficient update
neVy ’ ’ ?

stuck due to regularization, or grow into a changing margin into E[U ,,(t) — (W ;. (t) — U, 1. ()]

where ® )\ o
aog, . ~ El2 > (05 - Deboy, . xl
lese

Proof. By Lemma , we see that Vi € E[Ug ,(t)], oe(otz ok and eﬂm )k would be contributed by Vj,

to increase, and also Vi € E[Wg ,,(t) — Uy ,(1)], aéz L,k an nd eﬂ & would be contributed by Vi to

decrease. As such, the first and second point hold naturally by deﬁnmon The ultimate transformation of
Eli o (t) = Wi (8) — Uy (£))] into éEve[uk,n( )N (W, 2 (t) — U, ()] attributes to the faster changing
n e ’ ’
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speed of aggiy_) x compared to eﬁg()iy_) i in the neuron sets E[Uy; ,, (t) — (W, 1. (t) — U, 1. (t))], whose learning
speed ratio is at least (||cx || /||dx ||)*. Therefore, the absolute value of a(tz ok will surpass that of eﬂ(t() ok
which 1ndlcates the neuron would be activated for opposite labels, then the proof is completed. Given that
(Zlese ( ) Zzes ( ) ) will remain positive, the discussion over e,@o< ok is simple since it will
always grow inr;’s dlrectlon and thus the third and forth point hold.

1
Considering the growth ofa Lk by 7rk =7, , Plak—1 = Py, = 5 we know

ELY @)1= E 1Y @)

k ney, _
LEST koles s

hence if i € IE%} Ui . (t) N (W 5 (t) — U, 5 (t))], it indicates that
nevy ? ’ ’
t t) t
Elag),  x% (2 > (0§, = DeBl), =0,

We see that for ]Ev Ui (&) "W, (t) —U, 2 (t))], the E[V§] will serve to increase the agz_ " but E[V, ]
ne I: ’ B B i)
)

will serve to decrease the ag(_ e The contribution will tend to be positive if
i)

LB Y6 UL 0N L0 — U] 2 B (610 € Ui (1) 0 V0 U O)]

Then, as E[(2 3¢5 | (0, - )eﬁ ] of the neurons inand B U, () N (Wi, (1) — Uy ()]

ney k

(t)

will continue to grow, and ﬁnally it will be comparable to the E[a s ). Otherwise it will continue to grow

while the evolving speed of IE[ o(, 5, &) is comparatably feeble as 1t receive the contribution oppositely from

E (6,10 € BV (6) —Us () U S (1)) and B (6, V0 € BIWE (1) U, (8) Nl 5 (1))
ney, ¢

evse
neVvy -

Quantatively this is validated by our later results in Lemmawhere the éE . (Eﬁl(t)) - E (é;lm) would be

n€V7
controlled by the initialization. Interestingly, we see that as E[(2 ", se . (Ug)) 1e ﬁgz N ] grows up, its

scale will surpass those of E[a(oti_ %- Under this scenario, Ev Uz n(t) N (W e (t) — U, 5 (t))] will turn
nevy ’ ’ ’

into E[U, . (t) — Wy, (t) — Uy 1. (1))], where IE[ )’k] again continues to grow. Thus finally we have

ag  x RE2 Y (08— ey |l

leSy .

Lemmawill show that the growing of E[(2>_, 5e . (o (t>) 1) ﬁ o &) will stuck, and thus the growing of
E[O‘<oz ok &) Will also stuck at the changing margin from IE;} Ui (1) ﬂ (Wk_fl(t) —U, 2 (t))] into E[U, ,, (t) —
nevy ’ ’ ’

Wi (8) = Uy 1 (8)]-
The proof is completed. O
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Proof. Proof of Lemma|2| To examine the 0-1 loss, by definition, we know
Ly (E(¥")) = Ps,~p- (ys, -f(E(Sn)JE(\I’t)) <0),
=Ps,~Ds(Ys, Z > E [UR(W%(L,)M S (e u <o),

w(t)

ec[+] ZE{r,f;:L} le[L]
=PElys, - | Y. - Z or(WE, 3" (0) 'y |1 <0),
ec(+] 1€{rL le[L]

:IP’(IE‘,[ S onfal it@ Y 09 - 1ws.88) L

iE{ri:yin } lESys”

- > or|ag, w+@ D (09 —1ys.B80) }30)

i€{r;=—"2n} eSSy
t t
=PE[( X - X e et D O] s, 0] <0
QS WSt o-up o) tes,

Therefore, a sufficient condition for LY." (E(¥?)) = 0 is

B Y af) 4@ > e -ve sy JEL Y af)

ieUg () lese iEWs L (-Ug (1)
(0\™ ® (“43)
+ (2 Z (057), — e~ Bo(i,,),k}’
lese
for Vk € (K1), e € [£]. O

We know Vi € Uy ,,(t), Ele - ﬂg(), _),k} in the left side of the inequality is increasing, and Vi € E[Wg , (t) —
Uy o (t)], the Efe - B(t) ] in the right side of the inequality is decreasing, which is a good news since we want

the left side exceed the rlght side. By Lemma we see that all the neurons in E[(W ,, (t) U, . (t)) —U,. . (1)]
will be deactivated, and all the neurons in E[Lf ,,(t) — (W, 1 (t) — U, (t))] will turn into Ev Ui ()N
’ ’ nevg

Wi (8) = Uy o (8)]-
I.1 First Stage: Growing of Coefficient

In this stage, the coefficient update dynamic is continually changing without being much influenced by the
comparably feeble regularization. Also, the impact of the decaying learning step 7: is under controlled
during several periods, which can be safely done due to small initialization by a large v, as well as the slow
quadratic decaying nature of the derivative of n;. We see that at initialization, by Lemma and Lemma the

30 .
Sngps[f(E(S")’ W) satisfies

E[ Y wlad a0 X @) = 0ys.88) k|12 - y/21085"):

Sp~D 0
B iew,5n (0) lesysn (44)
Sa1(llexll + Cilldxll)
16 ’
and our remaining job is to see when will [ F(B(S,,); E(¥®))] stay positive for some error tolerance.

As such, we need to scrutinize the coefﬁcients that would grow along the iterations. Therefore, we define

T s

€U () e (WESn (1) —ulSm (r))nu USn (r)

+( X - > )@ Y @)~ s, W, Tdi]

. Ys. Ys.
€U (1) ie(W S (U S (), B () 1ESTR

7=0

T=t
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We will see that the conditional expectation of this sequence (conditioned on E(¥’ (t)), and the expectation is
taken over Dg) would grow up to conquer the small initialization and make IED [f(E(S,); E(Y (t>))] stay
Sn~Dg

positive. Consider the whole training duration 0 < ¢ < T, the evolving speed of ,3 <t+1>, %;1), aSjlj  and
B, & depends on B[, ] E[13, V) and B[S, 50 | (o) Denote

Og ‘= N
12 [Jul|* (1 + e~781uI%)
(1 — e—odllull®y

—21log(5Km/§)
1 4 e—2"1002(1-ra)?|lullte

a = 4log(T™),
— (0) (0)
K= Sg}jﬁfﬂao(i,_),k‘» |5O(i1_),k|}7
We will show that % is the lower bound of min,e[7+) ke Kl]{ [desysn (0?)?]} along the whole

iteration. By Lemma K can be upper bounded by 8+/21og 5Km/5) o1(+/(1 + ky)/2||al]), and lower
bounded by 2v/201]|q]|, which is a negligible term due to the small initialization by Condition

Lemma 30. Under Condition[l] for the whole iteration 0 < t < T*, for Vi € [m],e € [£],k € [Ki],r €
[K2),w € [dx — K|, we have that

0<Ele-85), 416 €U ()] —e- B, <05 e,
, Cllex|?
0> Ele- 85, E Wi (t) — U (1) —e- B e
= [ ﬁ (Z k, () k, ())] € 50(1 ),k— U§2|ldkl|2
* A 5Km
o1(05%|di||* + Cllex|*) 4/ 2 log( 5 )
B o5’ lldxl ’
0< IEHoz(t) ] < C’iuckuz «@
>~ O(iﬁ_),k — UEQHdkHQ )
(45)
Lemma 31. Suppose Eq. [#3) holds at iteration t < Th, then we have
k,
E [ys, f(E(S)E(W"))] —E[A7]] < r/2
neVy
Proof. By definition, we have
Elys, f(E(S); ¥")] = Elys, - Z Y or(Wg, > (o
zE{ri—f le[L]
_ 1 (t) (t)\™ (®)
=E[—( Y - S |ed e Y @) - s8]
e Sr (1) iew S () -u.Sr () 1es,Sn
Observe that
1 ) ONe ) 1
E[E Z @0, 50+ (2 Z (@51 = DysaBo, } B HE[
€W (O =UE L, (1) lesisn
Q) (" Q) =0
Z (ag( e Y @ _1)ysnﬁo(i“)7k)”7:t < K/4.
i€WE (M) =UE L (M)NU 5 (7) leSyS"

Here the inequality holds due to the fact that E[a(t) 110 € Wi n(t) — Ui (1) — U, 1, (1))] is decreasing
the initial value O‘og 1(i € Wy . (0) = U, (0 )) - Z/{,;Z(O)), and it’s absolute value will not surpass that of

Ele(232, gvsn (J(St))l — 1)ﬁ(t) " «) < /8, which is positive (by definition) and also decreasing by Lemma
n,k ?
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[29 On the other hand,

1 t )\ t 1 )
‘E[E Z 0‘(03@ Skt (2 Z (05", _l)ys"ﬂ(ogi,-wk }_E[E Z (Ou 5ok

Y . Y
zeuk n (1) lesnig‘ i€y, 5 ()

SR A S EET

m ys ys
€U, S () 1es, e

Combining the two we can see the result is obtained. O

We then denote the last time when there still exists IE[AiC ‘] < kas T, formally T is the last time where

U (BN <s}£0.

ke[K1],ec[t]

Latter we will show in Lemma [33] that

P Cro1rmAK17y/(1 + ky) log(5Km/6)
(205 = 1)*(1 — ry) | ql '

We then denote the learning step at T as 1 = 14, and thus

n=np = _—%_-
TNT +9)

By Lemma 3] actually it would hold that

SnNDS[f(E(Sn)§E(\I/(T)))] > k)2 > 0.

And thus the 0-1 loss converges to zero with an error tolerance by definition. Our following job is to find T'. The
following lemma provides the continuous ODEs as the upper and lower bound of the sequence Af €.

Lemma 32. Under Condition suppose Eq.@) holds at any iteration t < T, then for Vt < T*,Vk €
[K1), e € [£], it holds that

1. The difference | éEve(ef(E(S);IE(\I/“)))— E (—ef(E(S);E(¥™)))| is none-increasing.
neVy ’VLGV;

2. The difference of the loss derivative is bounded by O(k):

E[ E (6.~ E (t)<g.
nevy nev, ¢

3. IE[AiC | is non-decreasing. The lower and upper bounds of the gradient update have continuous

2
_ cinollall

ODE counterpart. Specifically, there exist positive constant c1, ¢z, we can define ¢ 2mK;

2 21— 2 ke - Zhie Lk : .
ke — c2nps 205 -1*(1=ry)al b7 =72 bR = "2 Let T°, 1¥° be the unique solutions
= 16mKy = t Ly
of

,k —k,e e k, —k,e k K, ke K, k
BT = et 4 B, gt e = et

then it holds that

—k,e
e ke ke ¢ 1 r (t) 1
e <E[AFS] < T + ) <-E (¢ S TRl e
Ly [ t ]— t 1+Ek:,e 1+bke —k,e nevi(n ) 1+bk’e£§76
Specifically, we have
k,e ke e
C 2 k,e c” c”
lo + =) <E[AY°] <o t+1)+ ———
g(3bk = 3) > [ t ] = g(gk,e ) 1+5k7€
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Proof. Observe that E| Ev @,y — E (£, equals to
nevy

nEV;e
-1
E[ 1 ()y™ (t)
1+e[7m(2i€b{£m’(t)7EiEW£,n(t)—M (t))(o‘o( )k+(221«zse (e57), =Debo )‘k>]
-1 |
(t) (t)y™ (t)
1+e[*%@1eu;;m*Ziew,;;mu,;;m)(%”,.),N?Zlesz,k @O -esd) L))
e*[%(zieugy,,L(t> Z'LEWU NOEZS (t))< O, (2Zlesf{’k (o 1))n Dy Bm ),k)] y=-e
=Ef > y(j
-4, -3, ) FRRC)Y (cr ) —1)yBY ]
(46)
As cross-entropy loss is L-smooth with L = 1, one can bound the difference by
(®) (®)
E[E (6.") = E (@] E (f(BESHEWY) — E (—ef(B(S);EW™))
neVy nev, ¢ neVy nev, ¢
1 “47
t t) y=-e
=El—( > - X el .t@ > @O -nwsl L
iUy (1) Wl m-ul () lesy . Y=

By Lemma[23] we see that for initialization, we have

0 0 5Km 301(ex + CElldxl)
B, (ef (B(S)EW®) - N (el (BSE E(¥®)))] < 2y/2log(~5—) - .

< Kk/8.

Now we serve to show that the following expected difference
| E (ef(B(SHEW™) - E_(—ef(B(S):EW™Y)))
nevyp nev, ©

is non-increasing. Intuitively, this observation is due to the inherent nature of cross-entropy loss, which

always pays more emphasis (has larger derivative) on those low value. Also, another important factor is

the update of those ambiguous neurons’ coefficient summation would also prefer the low-value one among
(e F(E(S); E(¥™)), Ve € [m)]. To better present this observation, we define

i = argmin{ E_(c/(B(S)EW@®), E_(~ef(BS)EW)),

which further means that ey satisfies E[ E (£, ®y_ E i (¢,")] < 0 due to the non-positive and
nev, ot nev, t
non-increasing property of cross-entropy loss.

Recall the update rule, we have

2
(t+1) _ ® llek |l B F ®an (1)
Q0 3k = =(1—m /\)ao( “ MoK, %][erz ngz;j(e" 15, )]
ee Y

(K = Dlex* F W gn (®)
— gt G N ery - B (6,15, O],
TTORK E[i][er nee (bn 100, )

E[eBG) 1 | W] = (1 - i\

2
t n n
—migge 2 mie B8, 03 0 - 3 )L
k

€[] LEST les; s

Then we have
Elag™) p+e@ > (0§) =05t e EL Y (08T = (1= m)(af), |+ el

lese lese
(t)\"™ (t) 7 (t) (t) (t+1)\™
> @O - 188, ) - g Z rie, E 16715, O (el + ldel’2 3 (0§ 1)
1ess . e€ LeST k
(" (K1 —1) OFERN0
23 @) -0) -5 3 we B 1615,V en] ]
1S e€l+]
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=0
By Lemmaand Lemma , we see that the E[Zieb[“ (1) — (W= (1)U (7)) 0‘<OT<>. : k]‘ Ve € [4] is
k,n k,n k,n Q)0 p—

increasing such that

T7=0 T7=0

(m) ) _ (m)
E[ Z ao(i,.),k ‘ v ] r=t41 - 6( Z ao(i‘-)vk
iel/lg,"(T)—(W,;fl(‘r)—l/{l;i(f)) iEM,SJL(T)—(W,;i(t)—b{,;i(f))

2
_ Z nt'lckH E (Z;L(t))),

2mKi nevg
iEUR ()= (W () =U; 5 (1)

T=t

(48)
where we ignore the impact of cross-concept safely due to the large K = Q(10C (K1 — 1)|lq||*/(mK1)), as
well as the impact of regularization term since A = O((C'log(K'm/§)||q||) ") by Condition|l|in the first stage.

+1)\"
S

Similarly, suggest E[>~, o X (o is also given when considering the update for ¢ + 1, we see that

=0

B[L S Y (8™ - D55 1B Y (D)) e S () - 1)

€Uy (1) lESfLYk, ZGSflyk lesgyk

1 @ | el || S (O - 1e,®
oG ) Z eﬂo“'«')’k =t Z 2mKy ngii(@ (0570 = D).
zEZ/IE,n(T) zelx{ﬁ’n(‘r) lESfL’k

(49)
Interestingly, by Eq. || we see that (237,c5. () —1) = (2 D les—e (a$); = 1). Thus we can
n, n,k
characterize that the magnitude of gradient update of the term in Eq. and (49) of the e; would be larger than
those of —e} due to the non-increasing nature of cross-entropy loss.

On the other hand, by Lemma 29]the monotonicity of

7=0

E[ Z ag()i,.),k] ’ E[ Z a(o‘r()i,.),k]

T=t
iEME\n(T)ﬁ(W,;i(T)fl/II;Z(‘r)) ’L‘e(Wgyn(T)*Z/[ﬁ,n(T))ﬁu;;(T)

7=0

T=t

depend on the signal of E[ E_(£,"))— E (£,)]. Specifically, we see that

nEVE n€V;€
E| > o) v e )3
Oi, )k r=t41 S{CBILY -
i€Uy  (TINWy 7 (1) =Uy 7 (1)) dEUE L (T)IN(W ¢ (1)U 4. (7))
ne||ex]? ;@ ;@)
- 20 E (6, E(0, ;
> ey B ()= B (@)
deUg | (TINW 5 (1) =U 5 () k
(r) () =0 _ ) 7=0
E[ Z ao(i‘,),ﬂ‘l’ }T:Hl—@( Z X0g k|,
iEWE (1) =UE ()N & (7) iEOWE, (1) =UE L (D)U;; & (7)
nellex /(@) /()
+ = E (£ ")- E (¢ ;
> S LB L@
iE(WE, (1) =Ug (1)U, % (7)
(50)

where the contribution term is shared by the two sequences. Therefore,

by Eq.(50) and [#6), the evolution of

) ) T=0
E[ Z oI Z O‘O<,;,_),k]

i€Ug L (NN S (1) =U;, 6 (7)) iEWE (1) =Ug  (F)NU; ¢ (1)

T=t

will prefer to grow in the direction of e;.
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We then take a look on the decreasing coefficients based on Lemma [29]

=0 =0
() (t) _ ()
E[ Z X0, ).k k] et O( Z Q0GR _,
€OV, (M =UE L, () =Uy 5 (7) iR, (M =UE () =Uy 5 (7)
nellex 10
—— E (¢
+ Z 2mK, nevg( )y
iE(Wgan(t)—b{iyn(t))—uk_;(t)
1 t41 T t+1 7=0
Bl > @3 8T 085 W VOB YD a8t =
iEWE L (ND-Ug (1) LESS 1ess . =
(7)
eBOA k|T=0
(B[ Y (o§™)1-ve( 3o e
1€SS iEWE (1) —Ug () =

oy M g o 3 o0 - e,

2mK1 nEVﬁ lesfhk
(5D

As such, we have all preliminaries to characterize the first result of the lemma. We first utilize the induction to

prove the following:

| E_(ef(E(SHEMTY) — E (—ef(B(S);E(W™)))] < /8. Vee [4].

nevy nGV]:
This apparently hold at initialization. Suggest for any ¢ < ¢ — 1 the result holds, then we only need to prove

E, (e; fB(SHE@T™) = E_ (=i fES)EW ) >

nev ! nev;e{—l
E (G fBEREY) — B (—ei, JEEEW@)).
nev, 1 nev, 1

By the condition of small 7; in Condition[T} Lemma[3T] Eq.{@8) (@9), (50) and (5I), we see that

E. (~¢ JEEEQT) - B (G, /BE)EwT)

nEVﬁC{il nev, 1
—( E_ (e JBEREED)) - E (i FES)EWD))
nev, it "evkt71
~ - 2
< r(E=1)y  (F-1) nr+||ck|
< O(E| I%i (€ ) Ez (€ ))( Z 2mK,
ney, ! ney, t71 - S
zeWk’n (t—1)
— n 7 || 2 Z \n
e Y @ -y Y L g oy e - <o
eX ek -1 eX
tes, it iew, Tt E-) nevy' tes, it
and thus we have
| E, (5 fESHEWD) — B (—ef, f(E(S); E(¥M)))|
ox t—1 e t—1
nev, ! ney, 1
S| E, (L JEEREWTY) - B (—ef JBE)EWT)).
nEV,jil nev, 7!



Therefore, we complete the induction. Then we have

B E @~ B, @)
nevkt*1 nev, t—1

<| E_ (e f(E(S;E E(w)) - E. (—er  F(E(S);E(TD)))]
nev, =t nev, 1

<| E, (i JESKEWET) = E_ (—er JBE;E@ )
nevkt nev, t—1

<o S| E (fBEREWT) = B (—efBS):EW))

< zlog(‘r’im). 3o (el + Cilldx ) < 18,

4
This completes the proof of the first result.

To obtain the continuous ODE upper bound of E[AF“], we first recall the update

Elafrh e Y (o) —1s5 T LT8O EL Y 08T = - nN @b, |+
(i)
lest 1€SE ,
®) D™
e > (@) — 188 - m2K Z re B 6, 13, (lenl” + el Y- (o8,
lese ecl+ lese
()" (K1 —1) , r B gn (#) 2
e Y @)y -) *"“W > me B 16915, Vel
lese eel+]
Then, utilizing Lemmaand the fact [Wy, ,,(t)| < m, we have constant ¢; > 0 such that
2
E[A q/(t) E (t+1)\™ < A e 7775Hq|| ) El (t)
(AL W0 B (o)) o B 6],
lEthk
2
1
< Ake nollall®
<AP +af omK, 1+6_“/2€Af‘€) (52)
—k,e
_ k,e C
= Al ey o

where we also neglect the impact of cross-concept due to the large K = Q(noC (K1 — 1)||q||*/(mkK1)) in
Condition [T]and appropriately chosen c;.

To obtain the lower bound ODE couterpart, we examine the update of the correct contributor neurons, as shown
in Eq.(8), (30) and (#9).
In terms of the update of E[agz, ) ] Where i € E[Ug . (1) N (W1 (t) — U, 1 (t))], we see that its update is
controlled by E| Ev .- E (@9

ne 2 —e

nev,

2
|| Ck s (t) 7 (t)
SR TEICISU N [ iy VAL B A

2mKy nevg nevy®
Then by the first result in this lemma we know |[E[ E (¢, = E (£,")]] < B < & and thus
neVE nev- 4 — 32
ol — (el 4 Merllel?
Ociyk ™ Ok ™ 64mK, 7

* 2
By the condition on the small initialization in Conditi0n|z|such that o1 = O(%), due to the large C,
we see that the k = O((20% — 1) /m) is far more feeble. Thus the gradient contributions made by neuron set

E[agi i) where i € EUE . (t) N (W, 1, () — Uy ;. ()] can be neglected compared to the increasing update
of E[a82 LG EUL (6 = Vi) = U s @) and Ble@ Y ege  (08)); =1)85) | 1)) Besides, we
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see that EWy , (t)] will at least preserve the neurons of E[U ,,(0))], which will not be deactivated by Lemma
29

Then there exists ca > 0, recall o5 is defined in Lemma as the lower bound of
ming 1 { E [zjes sn( )71} and B[, (0))]] > m/8, it holds that

Ale () (t+1)\" Al ne(205 — 1)°||di|? /(1)
BIALG 9B Y (E0))] 2 Al - (MR B )
lese L
. 20% — 1)?||dg||? 1
ZAf’ +(6277t( Os )"l dk]l . —)
8mK1 1 4 er/2eA;
. (53)
o ake y (Canre (205 = (1= y)llall !
Z £y JF( 16mKk ! k‘e)
11172%1 1+€“/26At
k,e
:Af,e+ c

14 Ree”

where we ignore the impact of regularization term at this stage since A\ = O((C'log(Km/d)||q||)"*) and
appropriately chosen c2. The third inequality is due to the definition of dj.

Collaborating with Lemma([I0} the proofs are completed.

For the last results, following the techniques in [43]], first it’s easy to check that

ke ke e ke e e ke ke ke

Bt <z LR < 1T, pReentC < ghe p peett < 1apheent
thus

ZEk,e 2 ke 67@,& zgk,e 2 . gk,e
log(? + 3) <z < log(gk&t +1), log(3bk7e + g) <z, < log(bk’e +1).
Thus
k,e —k,e —k,e
c” 2 ke c” c”
log(rbk’e + g) <E[A;] < log(gk’etJr 1)+ 71 s

Proof of Lemma[30] We use induction to prove this lemma. All conclusion holds naturally at ¢ = 0. Suppose
there exists 7' < T such that the six conditions hold for any 0 < t < T—1,we prove that these conclusions
also hold for ¢t = T.

We now prove

0<Ele-85) | 416 €U ()] —e-B5) < (05) e (54)
Recall the update rule
(t+1) (t) HdkH2 ) r (M) gn (t) (t)\™ (B)\™
Bog =1 =mN)Bg ~ g > rlngvz[zn 15,00 (@) = > (@
c€[+] LSy k les;

As we ignore the regularization term at the first stage, we can easily seen that E[e - g ) o WL € Ui . (1))]

increases with ¢. Assume ¢4+ ; as the last time 37 € E[U; ,, (¢)] such that Efe - g() ok 1 €Uy ,(t)] —e-
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ﬂg)(i Gk S < (0%) "' log(T™), then for i € E[Us , ()] we have
Ble- 8, | ) < Ele- 857" %]

dk t)omn n n
L (AL TCID SRC OIS SR

e€[+] 1€sg . les—e =tot ok
di |’ ¢ n n
RD YIRS SIS SRC U SR
tot  <t<T e€[+] less, 1es;s,
(0) y—1 * ’f]OHdk“2 "ZOHdk”2 /()
<e. 2o _
<e-Bo, .kt (05)" log(T") + omK, >  omK, Ef€," ]
tot p<t<T
<e BY) 208 g~ Y moldel gy 0y o)
ok s g omK, n Ouy b
tgt p<t<T

where the first inequality is by the positive nature of regularization term as well as the contribution of the
n n
gradient; second inequality is by E[—¢, "s+.*)] < 1 and E[(Zzgse (O'g))l =D les—e (O'g))l )] < 1;the
n,k

third inequality is by the condition 7o = O (™%, Tar® %) and thus M <1 < log(T*),as well as (05) " > 1.
The remaining job is to prove that

2
S Bl Oy 0 < (03) os(r)

_ 2mK;y
tgt , <t<T
Observe that
(t) !
‘E[Eln Il =E| e y (t) (B)\™ ]
1+ exp(ys,, - (Zee[i] m Zie{rﬁﬁ} UR(WOQ,» ZlelL] (@57); yln)))
< Elexp | ( Z B Z )(agz ook +(2 Z (o <t>) )ys"ﬁgzmv’“) )
EW ST () -U S (1) ieuy S (1) es,
1 * t
< Elexp(k/2 — oo 2: (205 — 1)ZJS715<<)()1-,.)J€)]
iUty 5 (1)

< 2exp(—log(T™)).

Here the first inequality is by 1/(1 + exp(z)) < exp(—z); the second inequality is by Lemma the last
inequality is by the feeble x/2 and E[e - 5<t) KL eUs ()] > (0%) " log(T™). Then we have that

]O||d‘7H2 7 () gn (t) }O||dCH2 *

_ 1 (@ _ 2mK1
top p<t<T top p<t<T
Tol|di|* ) [ e -
< — —log(T < ————F—< log(T™).
S ok, ep(les(IT) < =Rl e < (o) log(T)
We complete the proof that 0 < E[e - (t() )’kIL(i eUg ,(t)] —e- 58)21 Gk S < 3(0%) M og(T*) < (o) e

We now prove a strong augmented hypothesis that there exist i* € E[Ug ,, (t)] for VO < ¢t < T, we have

2
~ Ck
E[‘agz,i,.),k|/(e ) ﬁgzi*“),k)] S CU!Hd|I|cH2 ) (55)

where we set C' = 2C" /2 log( SEm) for some constant C’. i* can be any element satisfies |ﬂg)() B} )’k| =
01/2||dy]|, which exists at ¢ = 0 by Lemma(7]as well as the fact that ||k || > ||dx|| by their definition in Lemma
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Suppose Eq. holds at 0 < ¢ < T — 1, recall the update rule and the large K condition, we can have a
constant C' > 1 such that

Ele - g“) Il(iel/{;n(f—l))]:E[(l—nf e 5<T “ )1 € Ui (T - 1))]

- 1!:;}@ B[, (Tfl)( Z (Jgffl))f_ Z (o gT 1>)l il

LeSTk les;e

n7_105ldk]®

> (1 = np_yNe- A5 i € UL (T — 1)) + 15 22

E[je, TV,

Ellal), W =E[(1=nz_ Nl

llexl? P (T=1)gn  (T-1) (K1 —1)||ex|?
— N5 oK, e;[i] ler; - néEv,S (4 15, N—n5 1 ——7—— KK Z ler;
E (6.7 V15, 7))
nGVik " (i)
Cnf_lHCkH

e/ (T 1)
Al

<E[(1 - ng_ Nab, Yl +

where the first inequality is due to the definition of o§ and Uﬁyn(f); the second inequality is due to the large
K = Q(noC (K1 — 1)||la||?>/(mK1)). Then we have

@) (T-1)
ooy, .xl < max{ Ellog,,,, 4l Cllexll® y _ p_llexl”
Ele-85) MG €U, @) Ele Y VG ey, (T - 1)) oslanlPT T oglidel

where the last inequality is by the induction hypothesis and the C’ can be taken as C, which completes the
induction.

‘We now prove

0> Ele-B5) (i € Win(t) —Uin(®)] —e- 85

Cllex? o1 (o5l dil” + Cllex®) 5Km
> —— a— - 2log(——).
o5” | di? o5” | dll J

Recall the update rule

2
(t+1) Il S L5, O @)= S (09
160(1 gk = (1 — N A)Bo(l ok — Nt oK, rlngﬁj [‘gn 10(1;) ( (OS )l - (US )1 )]
ec[+] g leSfL,k les;i

=0
Easy to see that E[e - ﬁ(f) RLEEWE L (1) — Uﬁn(r))]‘ < 0 and it’s decreasing. As we know that the
T=t

neuron i € EWy . (t) — L{k n(t)] would be deactivated at ¢ 4 1 once

1 1\" 1 1
ElaGr) wte- (D0 (08™) = 30 (o5 851 <o,
LEST 1€,

This indicates that for the neuron i € E[Wg . (¢) — Ug. . ()],

Elaf) te (Y (08 = X ()85 =0

LeST les; e
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Now collaborating with Eq. (34) and Eq. (33)), we now can have
@&\ (t) @)
Ele-( > (0¢), = Y (o ), 89 el 2 —Elag, ]

leSy 1€s,
_ Cllex?
oglldk]?
_ Cllex)?
oglldk?

((U;')_IO‘ +e- Bo(i,.))

((08) "o

2log( 5[§m

Cllex|?

* 2 20é

o5 [ld]l

o1(05?|di||* + Cllex||)
o5?|Idx|

5Km)

— )

The proof is completed. O

Joilldxl)

= Ele- B5) | k10 € Win(t) —Uin()] —e- 85 > —

2log(

I.1.1 Expected 0-1 loss Convergence

Lemma 33. Under Conditionm there exist constant Cy > 0, after at most

P CrormAK17y/ (1 + ky) log(SKm/(S)‘
(205 — 1)(1 — ky) | dll
iterations, we have L%_sl (E(\Ilt)) = LOD:I(IE(\I/t)) =0.

Proof. Fort < ¢, recall from Eq. that for the period ¢ < T, it holds that

* 2 2
ke [ @] s ake _ (21205 = 1)7(1 = ry)llall” 0
E[AS [ 0] = AT —( TomEs ng;;[én D).

Note that by definition Ak"3 = 0, and we recursively use the equation t times

(205 — 1)*(1 = ky)llal® / (5)
Ak:e > 0277 S Y
] Z 16mK1 neve[g ]

For each k € [K1], e € [], denote by £"*° the last time in the period [0, 7] satisfying that E[A}“] < &. Then
by Lemma 31| we see that

lef (B(S); E(T))]]| < 3r/2.

neve

Thus there exists a positive constant C' such that — E [é’ ® ] > C for 0 < t < £*°. Then we have
06277(20s —1)°(1 — ry)lal®t
16mK1 '

Therefore we see that for Vk € [K1],e € [£], E[A}°] will reach & within —= 16m§(1/~c

Cean(205 —1)°(1 = ky)llal?
epochs. Recall that in this first stage the impact of decaying learning rate is under controlled by a large ~y
in Condition |l as well as the slow quadratic decaying speed of 7:, under which we have n = O(1o). By
k < 8a1l|ally/(1 + ky) log(5Km/5)), we see that there exist a positive constant C; = ©(64/(Ccz)), the
threshold time can be

E[A[] >

7 CrormAK17y/(1 + ky) log(5Km/5).
(205 = 1)*(1 = ky)ql

Then by definition of 0-1 loss we have
Ly (E(Y")) = Ps,~p-(ys, - f(E(Sa),E(¥")) < 0)
< P o (EIAL] - /2 < 0)
< Ps,~p+(E[k/2 < 0) =0.
The proof is completed. O



I.1.2 Period 1: Decreasing Period of Correct Attention Score

We claim that if ), efm) T Bg)()_ ok > 0 during initialization, the expected attention score will not experience

this decreasing period due to the expected gradient formula in Lemma[27} Our aim for this period is to examine
the lower bound of the attention score during a limited number of iterations.

Lemma 34. Under Condition|l| for Vk € [Kl], after at most a certain iterations

7 — Csoiky 101og(5Km/3)(1 + e~2310117)
| =

2C4||de||(1 — 6*203\\%\@)

I

where Cs is a positive constant, we would have the ﬁg)k = ﬁg)k be monotonically increasing during the
remaining iterations Ty < t < T*. Besides, it holds that o% is the lower bound of the lowest correct attention
assignment along the whole iterations:

o5< min  {E [ Y (¢i))}

te[T*],ke[K1] n€Dg m
JES, S"

Proof. By Lemma the ﬂ(tﬂ) [B(HI) | w®] will be contributed to increase by
{ie ]E[Wkn(t)] | ri- 50(7;)_),1« > 0}

and they will be contributed to decrease by
{i € EVi, (0] | i - BS) | < 0}

By the fifth inequality in Lemma 7} we know that

(i € BV (0] [ xi- B5) >0} = TF| < =

Q) _mpm
Wi, (0)] | r Bog, ok < 0} 1S 6

(O'g))j )(ZjeS* (J(S))j )] is shared by all neurons, thus whether the Bg)k

As E 16,015, 0%

neve ©) JEST
and ﬁ%)k will be contributed to increase or decrease depends on the signal of . erpwE () i eﬁg()‘ e By
’ k,n i)

the last inequality in in Lemmal[7] we see that at initialization,

S we ) > —yf2ios X 2t )
ie]E[Wkin(O)]

By the expected gradient update in Lemma [28| the eﬁ ok will grow in r;’s direction along the whole

iterations. As such, the values of E[r; - g? ok 1(i € W,fn( )], Vk € [K1] will grow larger. Therefore, after
a limited epochs we can have
> need a0

ie]E[Win(t)]

where the ﬂg)k and ﬂ}?k would be contributed positively and monotonically increase.

Now we serve to find the lower bound of the evolution of E[(3_, se (0?) )], which is clearly to be the first

iteration where the negative cEWE (0] i eﬂgz ok has grown to surpass the 0. By the symmetry property
k,n 7))
denoted in Lemma[22]and Eq.(39) we have

E LY (@)= ! . 57)

sy ~28{), % /llby )12

nev, JGS:‘,SIC" 1+e
Recall that
4 Bl
(H—l) (t+1) (t) Qk 3 /() ()
51" = (s - e S 5w L B 01,
n n
(> @D @),
J€st, JES;
dy|? ¢ n n
860 =88, e 3 B 1615, O S @) = 2 @)
e€[£] k lese les;

44



and we also see that

BICY @0 @00 = (exp(BGh - B0/ Ibul”) + exp(=5) - A0/ 1Bu]) " < 7.
jesyt JES;
(5%
As Y, eEWE, ( ks e,BO< ok will grow to surpass 0 in a limited number of iterations, we can claim that

there exists a constant C”, such that for the limited decreasing period of E[(},. se (ag)) )], we have

1> —E(E;(t)) > C. Also, m > K[|y »(0))]] > m/8 by Lemma as well as the fact that EDVy, . (t)]
will at least preserve the neurons of E[l4; ,,(0))] along the iterations, without being deactivated as discussed in
Lemma[29] Also, we note that in this hypothesised decreasing period, the absolute value of the initially negative

E[> icim Ti 50( N ] and initially positive 5 . Will all decreasing. Then by Conditionwe see that the small

initialization of MLP as well as the small regularization will make the decreasing order of ﬁg)k negligible, as

n el .
max{|-A83), + S w88 LECYS 0N (e)He 1)
ee[ﬂzemwmon €Sy, JEST
50'1||u||4i|Q|| (0)
< _ 1
<O+ g 2log(2E)) )
<0(1/0).

(59
Here the second inequality is due to Eq.(38), (56) and the definition of the by, in Eq.(27); the third inequality is by
the condition A < (Cao/2||ul|*)™" and o1 < (Coollu|*||allr/log(5Km/5)/ K1)~ . Therefore, it holds that

during the decreasing period of B(Qt )k as well as the period where > . eEwE (1) Ti ﬁgz' ok remain negative,
5 (3 En i)
we have

. pt+1) (t) 04770||dk-||2 1 —
> v Bog w2 > vi Bog K @ ~288,7 /b l1? '
i€EWIE , (t+1)] IEEWE (1)) 1+e “Pak

Here, by a appropriate chosen small Cy, we again ignore the regularization term at this period due to A =
O((Clog(Km/8)|lq||)~") for alarge C by Condition and the impact of the learning rate is also controlled
due to the slow quadratic decaying nature of 7; and a small initial no < O(0.01C ™) by Condition so as the

(0) 2
changing amount of 1/(1 + e~ 2Pa.x /kuu?) by Eq..
Therefore, by Eq.(58) we have
(t+1 t 047]0i|bk||4 t (t )\
Bar 2 B+ =020 30w Bg) (D0 @GN @) (60
B, ()] €S, €S, ),
where the inequality is by the negative nature of 3 .. ieswit ( o T ﬂg )

<
Eq.( l Now we can see that there exists two surrogate sequences B . and Ztem W:t: T eﬁo( ok 88

) k- and the decaying nature of 7, and

the lower bound sequence of the 6Q e and Y eEWE, (1) r;- e,BO( - These two former sequences’s initial

501]d|
1

values are taken as the lower bounds of the latter two (oo ||by ||* and —+/21log(5Km/5) - ), and their

update rule are

t+1 t t C4770ku”4 t )\ )\
Bk = Bak +Bgh T 2w BE) (30 (@D @),

i€EBWE ()] jest JES,
(t+1) (t)
Z i eﬂo(i,-)sk - Z i eﬂo(i,.),k
EE[WIE, (t41)] i€EWIE, (1))
2
1
K 14 =289 1wl

Camol|bx Canol|di|? 1 .

Then by Lemma|l1} leta = 47| |b | b= amo|d | (2 3 —1), we have the maximum
K, K 14 6288 16kl
o —2(0)(1 & e—2v(®? Ki~v+/10Toa(BEmM/3)(1 4 o208 1Bkl
iterations 71 = 201 +e 5 ) = T 08(5Km/9)( 2+6 = ), set C3 = v/10/(2C4)
b(1 — e—20(0?) 20| dr[(1 — e 23 1bxl?)
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we obtain the 77 in the lemma. The lower bound of 58)k along the decreasing period as

2502|[b|[*(1 + e~ 270 Bk 1%

— log(5Km/é) = 5
—205||bg
Bo.x = ool|bk|e 1024(1 — e~2egloal®)

Utilizing the scale bounding property (—rq + 1)/2||ul®> < ||bs, ||* < ||ul|?/2 in Eq. and , we can

denoted the lower bound of all ﬂg)k = }?k for Vk € [K1] as B, ., which can be given as

ol e
—log(bKm

_ ool — kg)|uf? T oEGEm) (1= e o3Iu)
BQK - 2 € )

Recall oy is defined as

Og = s
[l (1 + Bl

(1- ew%\lu\ﬁ)

—2012 log(5Km/$8)

1+ 6—2_1002(1_*‘%)2”“”46
which is actually can be written as
1

.
-2
14¢ Par

Therefore, we see that o5 is the lower bound of min; 7+ ke[, {neEDS[ZJ'ESyS;? (gg));]}.

Remark 4. As we see that in Lemma we require that the lower bound given in Eq.@ depends
that the values of E[ri(2)7, . . (Ug))l — 1)632_ )k)] surpasses K, which naturally says that the
value of ]Eieui,ﬁo))[“ﬂgzi,),k] should surpass r since E[(2 Zlesi,k (gg,t))l —1)] < 1. Therefore

E;cue (0))[1'1'585()1\_),1@] should surpass 0 at T since k > 0, which indicates that T > Ti. We see that

k,n
the initial period t < T4 is where Eieug (o) [riﬁg(), , k] grow to surpass the initial scale, whose upper bound
is /8 by the definition of k.

1.1.3 Period 2: Increasing Priod of Correct Attention Score

This period’s analysis is based on Period 1 in Section[[.1.2] or a good initialization such that

0
Z ri/B(O()i,-)vk > 0.

i€[m]

Lemma 35. Under Condition consider the duration after Ty in Lemma then for Vk € [K 1], consider the

periodTh <t <Ty, =C5 min{H'TA’, )I\l;lll% }, where Cs is a small constant. Then the following holds that

* We have y(t), 7(t), z(t), Z(t) be the lower and upper bounds of the increasing ﬂg)k = E?k

0 . . . ..
and ZiEJE[Wki)n(t)] r; eﬁo(i)_)’k respectively. That is, there exists positive constants cs—g, for

c3(1 = ka)llull* _ _ cafjul* es(1—ry)llall®y - _ eollall® ,_ ~ .
,a = , b= , b= , ¢’ = C, it holds that
MK “T WKLY wik ) I ) © 1hhotds tha

Q:

) _ plt) - (t) =
y(O) S Bgh =Bk ST, 2() < Y riveBy |, <E(),
iEE[W$7l(t)]

46



forallt > Ti. Here, §(t), y(t), Z(t), z(t) are the unique solutions of the following ODE System
respectively
(t—t)*

S(BI(2y(0)%) + Bi(—2y(0)*) + log(y(1))) = abe”* (205 — 1) L5

1. .. 0% . 1— 0% _
+ = (Bi(log(—==)) + Ei(log(—))) + 4log(Bg ),
2 1—-o0% oy —
2(t) = bd' (205 — 1)(t — Th),
1, . 0 . .2 _ abt? _K
L (Bi(25(t)") + Bi(-20)?) + 41og(u(t))) = " 4
1 ) 2 4 ) 2 4
+ (P 4 i o 7M1 4 tog(a0/20ul?),
- K
zZ(t) =bt+ =
=) =B+ %,
where
) _ [(n—1)/2]
T et (_1)n lwn 1
Ei = —dt = Yguer + 1 2 — .
i(z) [w 7 At = e +Inz + exp(a/ ); g1 L 2kt 1

* For some limited constant /\ such that AN\, 05 < A\ < A < 1. Then the /Bg)k = ﬁg)k will grow to

Ys

n
make the correct attention score  E [Zjesysn (Jét))j | achieve the A in at least a A(1 — A)
nevySn n.k

scaled Gaussian rate such that

/ _ *
Bg?k > exp((LbC Al = A)(205 —1)

2

(t = T1)* + log(Bgx))-

Proof. By Remark we see that at the initial phase during ¢ > 7, we have Eie[m] riﬁt(jo()i)_>,k < k/8, and thus

2
by Eq. li in Lemmawe see that a(oo()' ok < C%. This indicates that E[AF“] < ©(«a) and thus by
i,0) O—S k

Lemmar|31|{we see that the scale of | I[*%) [ef(B(S); E(w®))]]| is also O (k). This suggest that there still exists
ne }:‘

a constant C, during a certain amount of subsequent iterations we would still have that C < —E[¢'(¢)] < 1.
Also, m > E[|Uf ,,(0))]] > m/8 by Lemma as well as the fact that WV . (¢)] will at least preserve the
neurons of E[Uf ,,(0))] along the iterations, without being deactivated as discussed in Lemma [29] In addition,
recall that in this first stage we also can control the impact of regularization and decaying learning rate by a
small X and a big ~ by the sufficiently large C' in Condition[I] which indicates we now have

Canol|bx|* 1 1
pg10 = s+ o (s, Sl S gy e ),

(t) 2 () 2
K B () 1+ e 2Ba /oKl | 4 2600 /Ibkl
and (t+1) ()
t4+1 t
Z T E[e,@o(i“)’k] = Z ri 'Bo(i,-),k
ieE[win(tH)} ie]E[w,j{n(z)}
Cano||die || 1
+ Q(MEM@)(Z o - - 1)]).
1 14 62850 /bl
By Lemma@ we see that the iteration satisfies the ODE System 2 with a positive initialization, where the
. C b ||* C di|)? =~
parameters in Lemma|12|are £; = —E[¢'(t)], a = @(%), b= @(%), ¢/ = C. Then by
1 1

solving the coupled ODE systems, collaborating the scale bounding property (—#4 + 1)/2|[ul|® < ||bg, ||* <
llall?/2, —ky + 1/2||la|l® < ||dk, ||I* < |lql|?/2 in Eq. and (36)), as well as the Comparison Theorem with

some constants c3_g, we can have upper and lower bound of ﬂg >k and Zl cEvE (1) which is the result in this
’ k,n

lemma.
For the second result, given the A, we can directly have a lower bound ODE y A (t) to be the lower bound of the
ﬁg)k via Comparison Theorem, where y , (t) satisfies

y'(t) > Q’A(t) =abd A(1 — N) (206 — 1))(t — Ty, (t) =

abd A1 — A)(205 — 1)
2

y(t) >y, (t) = exp( (t = T1)* +log(Bgx)):
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where the inequality holds by the decaying nature of g(x) = z(1 — x) when x > 1/2. The proof is completed.
O

(®)

Lemma 36. (Asymptotic Property 1). In the first stage, the growing of ,3 (t) = Bk, as well as the attention

score enjoys the asymptotic property that

()
[5“) 2] E[nevysn [Zjesys” (s )j”
e log(t) log(t) = o), tilinoo t* =6
1+t4

Proof. By the asymptotic property of Ei(z)

lim  2i@) +Bi(=2) )

r—+o00 exp(x)
xT

This suggest that when y(t) > y(t) is close to infinity, the lower bound ODE in Lemmawill approximately
satisfies the following

ex 2
M + 2log(y() ~ abe”* (205 — 1) + const,

This suggest that roughly
lim y(t )%/ log(t?) = ©(1).

t—+4o0 —

Then we see that as y(t) goes to infinity, we have a lower bound

E[Yies: , (05));] #
lim lo —)/2log(t?) = ©(1 lim E (t) 7 = O().
i tog(—_ e (@)m)/ o) =00) > I E 3 =6

On the other hand, obtaining an upper bound over y(t) is relatively easy. Since we have 2—|—e’22(t>2 +€2£(t)2 <4

and (1 — o2’ )/ (1+ e’gﬂ(t)Q) < 1, which gives the upper bound ODE over attention and MLP considering
2(0) >0

abt?

S (BIR(02) + Bi(=25(0)%) + 4log(3(1))) =
Z(t) = bt + const,

_K
+ agt -+ const.

where the term “const” ensure that 7(0) = y(0). The asymptotic property of this ODE system is the same as the
one of lower bound ODE. Then consider ¢, y(¢) both go to infinity, we have some ¢ such that

61/24 Han 4
tim B[S @@/~ i B[S (00— =1

t—+oo st 1+ (t+ ct1/2) t—+oo st 14t4

LI.2 Second Stage: Regularizing the Model

As the Bg)k = ﬂ(t) and eﬂ(t) .k are continually growing up, we see that the decaying —E[¢’(¢)], as well as

the decaying attention score products (ZjE ot (g'g) ):)(1 - Zj cst (gk(9 ) )j ) is becoming feeble and feeble,
n,k n,k

under which we can no longer ignore the regularization term safely when estimating the coefficient gradient
dynamics. However, although the regularization can prevent the coefficients from growing, it will maintain their
scales without decreasing them.
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Lemma 37. Under Condition[l) consider e = Elys,,| for all t € [T, T*] it holds that

B,B(t) :O( Hq||2 )
Ok AmK, "
* 2 2 e " 2 *
o =6 Gs (1 —ry)”, lall*(205 — 1)
o Cirm? © B(- k)
2
_ \/Hu“og luPlal?,,
B = ) HUH Us 1—I€y)21 e~ *llall*(205 = 1)
|u||¢ on( G o a2 ),
1
E[( Y (o)) = O )
JEST 2[[ull?[lall?
*\ N 1
EI( > (o5 ) =6 )
i NK1 (1t rg)? "1 e "lal?@og—1 .
JEST K 1+ uuu"‘;g%ff’rzy)? log™ (5 )
where eﬂgzi .k Tepresents mr; ﬂg()i . That is, we consider the positive growth of E[ (t) ]

Proof. We will prove the desired argument based on the following induction hypothesis:

/\mK1
2 2
0, = Ol g 221l
8 = Oullyf1oa(*, 3 = %)),
We split the situations into two cases:
N e 052(1=ry)? 1 e Fllal?(205-1)
®- eﬂo('i,.)’k <6 S(1+f'ey)g log( OimKls )
(t) lull2o52(1—ry)? e~ llall2(2o5 1) \\y.
and §®(Ilull\/log( L2020y o el )
(t) llall®
(iD). eBy ik 2 QASLKl
andﬁ(t) > |lufly/2 log(Slal2lal®y — [ (04)")] > ——L—5. Easy to note that the scales’
ok > 5 log(Szis jest, (057);)] 2 T,z - Easy to note that the scales
* 6llullZ]la)?

orders of the case (i)’s quantities are less than those of case (ii), thus this split is plausible.

Recall

d . n n
BT L = (1= mNBE), i e ’““ > r B 615,002 @9 3 @)

e€l=] 1€sg lesze

Then it’s easy to check that for case (i), as by Lemmawe see that the magnitude of E[|agg‘ ok |] is controlled
by some C'od " 2(1 + ky)?(1 — /@)’2,882'* k2 C'. That means that the term E[A¥°] can be controlled by

its contributor ©(ef, (t) ) Then we have

0'*72(14—}-1 )2(1—n )7266(1/)‘ )
(eﬁ(t) ),k/E[_al(t)D < @(eﬁ(ot()i,.)»k(l + e’ v y O k)
ox—2 k)2 (1—r 2,50
S e(eﬁe S (1+ y) (1 'y) ﬁO( )k)

< (HqHA(jLOE{I_ 1))’

where the first inequality is by the definition of E[—é;m]) (similar to the techniques in Lemma and the
definition of E[A¥“]; the second inequality is by g(z) = = < e® —laswellas 05 2(1+ky)2 (1 —ky) 2 > 1;
the second inequality is by the case (i) hypothesis. Then we would have

di|? / n n m
AeBS) ge(—% > E[ringvz[én(t)]lo(i)(t)( S @) = 3 6D)m. 6

e€[+] LeST & les—e
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Thus the growing of eﬁo( ok would be non-degenerated: Elef, (tﬂ) x> O(eBy (t) ) which directly suggest

[/Bg(l >) W = 9((’5(111’{:)2) log( < N”‘;L‘ngfs 1)) holds since T* is the maximum admissible iterations.

Similarly, for the 188>k in case (i), first recall that
4mﬂ(t) [1br[|* n
(t+1) (t) K.k B® /(1) (t) (®)
BL —(1 — mn)BL, D DD DR A I DT

nEVE
1= > @),

i +
clx]ie[m] JES, i

cot

]esn,k

then, as we see that

E(S e)ha- 3 o9 = L L

(t) 2 (f) 2
—23 b 25 b
jGS,:'k jESjL',C 1+e Q.k /Mol 1+e /Nl

1
9 1 2P9h Ibl? | =288 /lbe?
1

lull2o5?(1—ry)? e~ ~llql?(205-1) )
2+ )\Kls(‘1+ny)g 1 ( AmKq = )

lul*o5’(1 = £y)* | e *lal’(205 = 1)\, 1
= It
O Rty o8l AmK, )

<o

’

where the first inequality is by the definition of E[(3_, 5%, (afqt))j )] and the induction hypothesis; the second

inequality is by the small A by Cond1t10nlw1th a sufﬁc1ently large C'. Then we see that

4ku|| By S rzﬁo(l Ju, ] c[,mﬂgmm( ST @D @D = e

e€[+]i€[m] jest " JEST

Here the inequality is by the case (i) hypothesis upon 6,882_ ok —E[¢'(t)] <1, and

ZZH M6, =3B 3T jml<2

e€[t] i€ e€[+] ’LEW"Y (1)

Thus we see that the growing of ﬁg)k would also be non-degenerated: 68;1) > 9(58)k) This also directly
validates that for the maximum admissible iterations 7, it holds that

* 2 2 —K 2 *
B = log(ulPos™ (L = ky)? | e *|lal|*(205 — 1)
Iull\/O N (1 E )2 og( Nk )
@ 1
E[( > (05" )= (1 KL Trg)? o1 "l (ZoE—1) )-
JEST b + TulZ052(1—rg)? 08 ( K, )

For case (ii), we directly check that

) (A , FWgn (1) ()" ()"
Ao, k2 2K, > E[r’ngvg[é” 15, (D2 (08 = > (@)

e€l+] 1€5E . st
Here the inequality is by —E[¢'(t)] < 1 and

E(Y (68, = Y (e =Ee2 > oY), -n<tL

lesy es EE

As a result, by the gradient form we see that ﬂg;l) < ﬁ(t) and thus we prove the induction proving goal

2 @
Elefg ) ] = O

AmKq
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Similarly, as we now have

B e)ha- 3 o0 = ! !

jest, jest, 14 e 2B ez | 28807 /i)

1
2

94 (2PN BRI | —268) bk 2

1

v
Wl

(t) 2

1+ e2Paun /ku“2/3

1 1
=3 2|[u]2][q|2’

3 1 + )\‘;chll2

A2 K2
= O(5 o),
2|[ull?(|all

() 2
where the first inequality is by e 2Pa Ntk I < 1; the second inequality is by the induction hypothesis of case
(i1); the last equality is by the small A in Conditionfor a sufficiently large C'. Then we observe that

3> o(- Ml EPIPILLE 6.715, 00 Y @D @O,

Oi,yk neve
+]ie jest, JES,

where the inequality is by —E[¢'(¢)] < 1,

By 3w B M5, = 3 Bl > /mi<2

e€[£] i€[m] ec[+] iEW,‘;n(t)

as well as the induction hypothesis upon eﬂo( ok in case (ii). Thus 3 Hl) < @(ﬁ(g)k), which support our
proving goal in this induction process:

2||uf?[lall?

(t+1)
E[5] = Ol log(* 5 =,

)

In addition, we can see that even if we suggest the MLP’s eﬁ ok is growing in a fastest linear-level speed, it

1+~ lal®
considering the fast speed of the increasing attention, by the asymptotic perperty 1 discussed in Lemma[36] we

(M) . . . 1

see that we still require © to reach the highest admissible correct attention score 5 5
AK 1 )\ mK 1
1 + 2 2
2[[ul?[lall
Therefore, we can have some appropriately small constants Cs, and when the iteration number is more than

. I+ Jullq
:C51’I11H{7)\ ’7)|\|K‘1|H/T|n7|

Lemma 38. The scale of the coefficients will finally be stabilized at a considerable level:

require at least O( Meanwhile, we see that even when

) to reach the maximum admissible value

}, we need to consider the impact of regularization. O

") ﬂ(m — O(log( llall® )
),k = k= 23 )

O, mAK,
|[ul? lall
Hull\/log log( m/\Kl))),
1
E{( Z (08" >>j>]:@<1 e ()
Jest + far log(5572)

where eﬂgzi ., represents mrlﬂo( ok That is, we consider the positive growth 0f|5(t) ok |-

Proof. Recall the last discussion in Lemma we see that as E[(2 Zlesg (a(st))l - 1)65(52, ')7,6] getting
larger and larger, it will finally reach the scale of ag?’ ok which has updated in a feeble speed controlled by

initialization when the neuron fell into the neuron set ]Ev Ui (&) YOV, (1) — Uy 1 (1)) After a( ) ok <
ne E ’ ’ ’
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E[(2>,cqe . (o (t>) 1) ﬂ(t) ) the neuron would change into the neuron set ]Ev Ui (t) = WV (8) —
n, ne ]: ’

U, 2 (t))]. As such, the a(O?/ ok would again increase at a normal speed, which is even faster than eﬁo(’_ ok due

to the update rules and the fact that ||cx|| > ||dk]|. As such, the neuron set ]Ev Ui (t)— W, () —U, (1))
neVy ’ ’ ’
would again fell back into the neuron set Il-*%} Ui . (t) N (W, 2 (t) — U, ¢ (t))], where the update speed is again
nevy ! ’ ’
feeble. And it will increase until E[(2 3, o . (a(st));l — 1)eﬂ(ot(), ‘),k] catch up.

Besides, we see that the expected attention score will grow up considerably, where we can see that there
exist some constant ¢ > 1/2, ¢ < E[(Jg))l] < 1. As such, ultimately we have E[(}", . g . (ag))l —

Yies-e (0 MY = e(), ofoT( >) L <e (OT(> , and E[AF] = O(E [65“) | &])- Then following the

process 1n Lemma [37) we can obtain the results. Here we omit this part since the proving procedure is
. k,e

the same to Lemma , despite we see E[(ZZES;‘ ) Zzes ( (t)) )] = ©(1) and E[A;°] =

OEsY ). O

Again, similar to Lemma[36] we can have asymptotic property when considering the decaying impact of the
learning rate, as well as the cross-entropy loss. We directly provide the following two lemmas. Due to the
similarity of the proof procedures of Lemma[33]and Lemma[36] we omit the proofs of the following two lemmas
as well as the constant details for simplicity.

Lemma 39. (Asymptotic Property 2). If we consider the impact of the decaying learning rate at the sec-
ond stage and do not consider the decaying of cross-entropy loss, for some constants ¢, d, c,d regarding
Ki,n, ||11H, ”q”a Ka, Ky, we will have

y() S BGh = Bk ST, )< D mi-ey) L <EW),

iE]E[Wff’n(t)]

forallt > Ty. Here, (t), y(t), Z(t), z(t) are the unique solutions of the following ODE System respectively

5 (Fi2y(0)%) + Bi(=25(1)*) + 4log(y(1))) = @ <L12 (%) +log(ct + d) log <Lf:l))>
+ 2 (Biloa( 122 ) + Bifloa(*—22))) + 41og(5gx),
S S
2(1) = b (205 — 1)(t~ T3),

_ . d+ct c(y+1t)
=q (ng (77’}/6 — Qer) + log(ct + d) log (727 4

1 ol ||ul|* . oi||ul/*
+5<E<—°”2 )+ -2 M) 4 1002,
KR
t —
) =b+ ",
where

Lis(z) = 7/03” =9 4.

t

Additionally, we would have asymptotic property that

()"
2 2 E[nevysn[ €S, (s )J”
Jm y(t)” = lim O(log(log™(t))),  lim log? (1) =0(1).
1+ log*(t)

Lemma 40. (Asymptotic Property 3). If we put our sight on the long period and take the decaying property of
the —E[¢'(t)] into account, for some constants @,b,¢, d, j, a,b, ¢, d, j, we will have

y(t) S BGh =B ST, 2B) < D mi-ey) L <ED),

ie]E[wk%n(t)]
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forallt > Ts. Here, y(t), y(t), Z(t), z(t) are the unique solutions of the following ODE System respectively

j(d+vet) b+ejt+d

| Lie(§—g ) s+ dlee( a5
2 (Bi(2u(t)?) + Bi(=2y(t)") + 4log(y(t)) = a(———=——"+ 5 =)
1 e — 0% _
+ 5 (Ei(log(5 5—)) + Ei(log( 2))) + 4log(Box ),
- US X
z(t) = b’ (205 — 1)(t — T1),
Jd+ct) b+cjt+d
= 1 1 D —
(g ) leslet +d)loa( o)
= a( . = + . =)
< )
1 2 4 . 2 4
+ (P | 2200 4 g tog(ou /2,
- K
Z(t) =bt + =
z(t) +3
where * (1
Lia(z) = — / =)
0 ¢
Additionally, we would have asymptotic property that
E[ne\I;E::’s [ZJGSyS" (Ug))j”
. 2 . 2 . k _
Jim y(t)” = lim O(log(log™(1))),  lim oz (1) =0(1).

1+ log*(t)

It’s obvious that the decaying impact of the learning rate and cross-entropy loss are at the similar order. Also,
if we consider decaying learning rate, the right side of the inequality would be smaller. z(¢) would be in a
O(log(log(t))) order when z(t) get large, which will make the right side of the y(¢)’s formula contain an
intergral of ©(log log(t)), which is obviously slower.

J Exponential Convergence of 0-1 Loss

We continue our proof after Lemma@ In this section, we assume all the events in the Sectionhold, denoted
as Tpre.

Lemma 41. The Frobenius norm of W, and its gradient can be bounded:

Ki|q]® Kiql?
A2m m

W87 = Of ) Vs o L, (F)]7 = O )-

y (t
wy (

Proof. For Vi € [m], by the gradient update rule in Eq.(22), as well as LemmaEI’s insight we see that the lengths
of the W, on certain projection direction will continue to grow until being stuck by the regularization, which is
a A-scaled WY, itself. Due to the low-noise condition in CondltlonWlth a sufficiently large C' as well as the
isotropy of noise, the learning progress of features would be the main contributor to the F norm of NN matrices
and the noise, validated in Figure|Z|(iii—iv). We can consider an extreme case where all the samples in a single
batch belongs to some concept k € [K1], which we can have the upper bound of the first term of the right side of
the inequality over the k-th concept’s corresponding projection direction, and thus we can derive an upper bound

302d
Y

_olal?
) = 6(4ms) (©2)

A2m?2”’

(t) q,ﬁ: 2 2 1 2
(Wo O e < e £ il
k

where the first inequality is by (2, s (o g)) — 1) < 1, and Lemma [6} the last equality is by the low

noise condition o¢ < ||q||/C+/dy in Condmon Then by the low noise condition as well as the data model’s
definition we see that all the 2-norm of the W7, is controlled by the K1 concepts’ corresponding lengths in
projection space. Then by the definition of Frobenius norm and Eq.(22) we have

Kiall® ® Kilal?
Sz ) VwyoLs (¥ E < O(— - o

IWg|E < 6 ).
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Lemma 42. ForVk € [K1], a] W5V a;, o] Wi P a; and b] WE Db, b W Db satisfy
afIng“)ak ai Wi Ya; = O(oo||ul?),

2
b Wm (t)b ,b,;TWf((t)b,; |uH\/ ||LIH HqH ))
Moreover; the Frobenius norm ofwg(t) and Wf((t and its gradient can be bounded as below

- - L — 1D)||ul? 2
W8OI, [WE O = 0 1og( LA,

Ki(L —1)|ju ?
Vw0 Lis, (B [V o Lis, (203 = o2 DTG,

Proof. By Eq.(T6) and (T7), we see that
|I(t) | |I(t) I Jis2

,afc,chaos ’ Q,a.fc,conm

1Y | < nO(max{la; W§Pa;, |la] WE D ay[}(||uf

,a ,chaos|7| K,afe,comri

)t L 92 < o0 max{a] WV ag), o] WE O ag ).

Here, the first inequality is by the scaled identity initialization of W © , W% © , orthogonal relationships of
vectors in Lemma Lemma@ e (@ (t))l (crgt))j <1/4, Eq‘ in Lemma the second inequality

is by the low noise condition o¢ < )\m/(C’\/dXHuHHqu/Q) and the large K > C||u||/(c¢+/dx) for a large

Cin Condition Thus the update of aTVVz (t)a and a; Twe t)a are dominated by their regularization,
and thus the scale can not be better than the 1n1t1ahzat10n By Lemmam the conclusion holds.

2log(——

On the other hand, we see that by the scaled identity initialization of Wa(o), W}”((O) and orthogonal rela-
tionships of vectors in Lemma [27] the initialization of b; “b; and b; W% "' b;, are the same, and as
ionships of in L 27| the initialization of b] W& )b, and b] W% b, are th d
the gradient update is nearly symmetry, which can lead to the fact that G)(bg Wf?mb,;) = (a(bér W}”((t)b,;)
and b] WEOWE Db, = ©(b] WE Db bl Wb, /|[b;||). By the scaled identity initialization of
W5 © W?{(O), orthogonal relationships of vectors in Lemma Eq. and we can see that
T T
|[g,)bl%,chaog|7 |[;§,>bf€,chaos‘ S 77’50()‘ maX{|bE W6<t)bl%‘7 |b12: Wifn{(t)bfc'})

2 2
x (t @ u q n
s, conils 115, coni] < 1@ (max{|bf W&y, [b] W Vg 1A + llllal® S O

m
JESnk
(> @)
jES;k

We see that bgW?Q(t)bfC and bngJ”biC will continue to grow up except always being stuck by the regular-
ization. To see the upper bound under this situation, we consider an extreme case where all the samples in a
single batch belongs to some concept k € [K1], and there is only one demonstrations in each prompt share the
semantic with the query. Then by the scaled identity initialization of Wg(()), W}(O), orthogonal relationships
of vectors in Lemma and Eq., we can see that the growing of bgwg%g and bgW}’((”bg, would
satisfy the following and strive to grow up to make the equality holds, which naturally have an upper bound

t t . T t T
|Ié??b,;,comn‘ |I< ) ,comri‘ > )\mln{|bf€ WE( )bfc|’ ‘b;; W?(mb/;” =
[all*|lal® " ¢
o (0 @Y @)z e =
jest, JES,
bTWm (f)wm (f)b _blTwz Owe (.
lulPlaf?  2est, " Fljesy, e T T
( A2m bTww Hwez (H)p. _bTwe®Owe (Hp. ) >1=
S cgt €k @ K k+ZJGS e ke K02
[lall*(lal® L-1
o A2m (e bIwWEOWE Dby (L= e —bgwg(t)wi(t)bk)z) z1=
e((L—lg\\QIUII lall® 267 we O wg b, > 1

z - 1 L —Du?|all?
= bl W5 Vb, bl W Vb, < 9(||u|\\/5 1@%))
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Here, the second arrow is by the definition of 3 . jest (O'g)): and Eq.(31); the third arrow is by our considered

extreme case where there is only one demonstratlon 1n each of the prompt sample in this all-the-same-concept

batch, which is considered for obtaining the upper bound; the forth arrow is by the small A by Condition m

. Twz (H)we (t)
which denotes e 2% W@ WK 8% ghould be the key contributor.

Similar to the claims in Lemma[T] here we see that as the X is very small, by the scaled identity initialization of
W3 ) W?((O), orthogonal relationships of vectors in Lemmaas well as the low-noise condition by Condi-
tion | it’s safe to say that as the learning proceed, the scales of bTW"3 mbﬂ bTWm <t)bﬂ would completely
dominate a; WQ(t)a aTWK( Ja;, as well as a] W% b, bTWX(t>ak, TWw v, ub W:‘c Oy,
vX € {Q, K} r € [Ka],w € [d;( — 2K, — Ks). Collaboratmg with Lemma(9] we have

maX{(bTWcmg(t)b ) (bgw?((t)bk) } _ O(Kl log(( — 1)”“”2Hq”2))

[ ||2 A?m

On the other hand, we see that the maximum gradient F norm on a single batch comes from the maximum

W%, IWED % <

changes of the bgWg(t)b,;2 (or bgW?((t)b,;). As we see that the extreme case of the growing is every

concept k € [K1] has been fully learned such that even a batch full of the same concept can not let the
corresponding concept’s feature grow. In this case, we see that the maximum gradient F norm should be at the

order of H)\Wf?(t)Hp (or [[AWZ || ). Thus
L —1)||ul/?||q]|?
19wz Lis (8O [V o Lis (8] = 00 K tog( L= A

_ o= DllPlal?

where the equality is by g(z) = log(z) < O(x),z > 1. The proof is completed.

Remark 5. Worth noting that this upper bound, as well as the upper bound of || WY, O ® q /||| in Lemma

are looser in the order of K1~ 2 and K1~ compared to those ofﬂg?k = (t)k and eﬁm " in Lemma E
This suits the intuition and statistics since in the practical training setting, for B > 1 we can see thal sometimes
the samples of a batch all belong to one concept, or sometimes their are not any particular concept in a single
batch, especially when B is small. Therefore, unless we have the situation where even when every prompt sample
of a batch belong to the same concept the regularization can stuck the growing, there is still chance for that
concept’s features to be learned. In contrast, the expectation considers every concept’s sample appear in every
batch scaled by a “soft weight” in the order of ©(1/K). As the attention s gradient contain MLP, its order
would be ©(1 / K 2). Besides, we see that this lemma’s result contains the scale of L — 1, which comes from the
extreme case discussion where there is only one demonstration in each prompt sample that share the semantic
to those of query. In contrast, when considering the expectation, the number of two opposite semantics is the
same, under which the L/2 would be eliminated in the numerator and denominator. Last but not least, when
estimating the real cases, we have scaled the derivative of —0 to its maximum 1, we do so because in real cases
due to the imbalanced prompt samples in a single batch, it would be inconvenient to consider it is contributed by

severel elements like eﬁ(ot(), (Of? ok This actually indirectly demonstrates the superiority of considering

expectations.

O

Lemma 43 (Restatement of Proposition vt > T, when H\I"(t) E(\II'(t))HF < v holds, we have
Lyt (W) = Ly (BY'Y)). Here, V' [7 = W3 + W + [WE]I7-

Proof. By Lemma [33] we see that our convergence of 0-1 loss is based on the intermediate result that
E[Af*€] > k, which will ensure that E[ys, - f(E(S»), (\I!T))] > k/2. Therefore, when conditioned
on E[W3 ], E[W2% ®], a minimum admissible dlsparlty between WY, ) and EW}Y (] corresponds the the
minimum admissible disparity between Wg(i ) Wg( <t)dk and a(t) . k,ﬁ(t) ke where would
consequently cause Eye [AF°] < k/2 that could have potentlal to deterlorate the 0-1 loss. Given that

K/2 > V201 ||q|| by Lemma [23] the decomposition in Eq.(33) as well as Lemma EI, we see that for some
k € [K1], the minimum admissible disparity can be written as

T T T T T

% —r) = O(V2 mn(nqn)(” ) C||2\|F> O(2v2/(1 + ky)on).

Therefore, we see that when conditioned on E[W§ ], E[WZ% ], the minimum admissible disparity between
Wg(t) and E[WY ()] t0 not worsen the 0-1 loss is ©(2v/2/(1 + iy )o1).

Ol(V201lal) (-

"
o)

llexl? llex
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On the other hand, when conditioned on E[Wg(t)],t > T, we compute the minimum admissible dispar-
ity between WZ}(T'), W2 (") and E[Wg(T/)] = E[WZT]. Considering all the activated neurons, when
()" (1) _ (1)
Ziewgyn(t)E[ri@ Zlesi,k (o5 7), — 1),80(”)’,6] = 0, we should have Ziewg’n(t)E[riao(i,,),k] >0
otherwise some of the neurons must be deactivated, which is contradicted by the definitions of W, (t).

In this case we can magnify the impact of Ziewg ) Elri(2 2 cge . (géf))l _ I)B(OT;? ‘)JC} by consider-

ing Ziewg o) E[ria(OTA(iﬁ)y «) = 0. As such, the minimum admissible disparity would be the case where

bgWE(T)bk and bgWﬁ(T)bk both differ from ﬂg,)c = EKT,)C by the amount of 8, ;. Recall the defini-

tion of B in Lemma and collaborating with Lemmalﬂ we have the minimum admissible disparity be

2 2
2 ul4(1re—c0lull
—log(5Kmy sy illlZGre O 77 )

0_0(1 7/{1)6 (1—5_03““"'2)

. Recall

2 2
oFlultate 70 MI7)

— log(5Km/é) 5
ul|
>}

v i=min{2v201 /(1 + ky),00(1 — Kaz)e (a-e78!

the proof is completed.

Lemma44. Fort € {1,--- T}, for W € {W§ W% , WZ} and X € {Q, K, O} it follows that

1/2
K3 lall (k= D ul 1)

L [WED - W, < o o )
m

2. [WEHD W, G| o < (1 = ) [WS — W, O[5 Vs > ¢+ 1,

Killal*(L = Djjul* +1)

mA2(y+T) )

3. s 1D < o

Proof. We provide the proof by extending the techniques in [34] 33| 36| to Hilbert-Schmidt space, whose inner
product is defined by trace. First we note that 1o = % < min{1/(Liogist + A), 1/2A}, where Lyogis is the
L-smooth Lipschitz constant of cross-entropy loss £(+), which is 1. The first statement can be shown as follows.
Since by definition we see that W(*) = W, we only need to check the maximum disparity of the gradient in
a single iteration update, then by Lemma@T]and Lemma[2] we readily obtain the results.

For the second statement, following the proof in [94,134], we see that the Lipschitz smoothness of cross-entropy
loss denotes that
1

Logist

(VwLs(V) — Vi L(¥), W — W') > |VwLs(¥) — Vw: Ls(D)|%. (63)

Then we have that for s > ¢t + 1,

2
WD = WD = (1= 50) (WO = W) =, (951 (90, Z2) = 04 (61 2))|
2
—2ns (1 —nsA) -
o 20s (1= 1maA)
<VW<S)LBS(\1/S) — Vi, o L, (U°), W) — Wt<5>>

+ 15| Vo Ls, (¥°) = Vi, o) L, (¥°) ||

()
F 11 LLogist e

|V Li, (¥°) — vw,,(s)LBs(‘I’S)HfF

we _w,®|
F

= (1= [W - w,

< (1 _ nSA)Q Hw(s) _ Wt(s)

<(1- nsA)Q‘

where we utilize the Eq. (63) and conditions on learning rates. Utilizing this statement, the stable property of
stochastic gradient descent has been shown. Again following the techniques in [34} 133} 36], we now obtain the
bound: fort € {1,...,T},

K?|qll(L —1)/2 1 E
men_wtmn _<ofa [lall(C m1/2) hall + 1)y [T (=n. (64)
s=t+1
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From the following inequality,

L ’y+s—2 v+t
H (1=n:d) H +s +T
s=t+1 s=t+1 v "Y

where the last inequality hold clearly by expanding the product, the right hand side of the Eq.(64) is upper
bounded as follows

1 1 T i 1
KZ lall((L = 1)2|jul| + 1) K lal[(L=1)z[ul +1) ne(yv +1)
o(— || 1—nsA) < O(—
( i )ntS:t+1( nsA) < O( g ) N+ T

o Al =D ju] +1),

A(y+T)

We finally obtain the desired bound:

- 2 —~ o Killal?((L = D)u]* + 1) Killal*((L = Dllul* + 1)
Z”Dtl‘w = Z;@( mA2(y+1T)? ) <8 mA2(y+T) ):

Remark 6. Utilizing this lemma, the exponential convergence over the 0-1 loss is readily obtained.

K Out-of-Distribution Generalization

Lemma 45. OOD 1: Master of Polysemy of Words. During testing, The prompt length L™ can be any
positive integer. The Dy can have any new probability distribution that differs from the training distribution,
satisfying that each prompt has at least one co-concept k € [K1], with equal chance to have positive or
negative semantic labels. Additionally, a single (x,y) ~ D} X Dy* pair can appear in at least ||z||o concept-
specific prompts/tasks. Importantly, all of the tasks in this new distribution D* enjoy Bayes-Optimal test error
LSy <e

This lemma demonstrate the strong OOD Generalization ability of transformer utilizing multi-concept semantics,
suggesting the efficiency transformer to conduct unseen ICL tasks just by its learned knowledge on the two
non-orthogonal dictionaries. Also, this lemma showcases an intriguing phenomenon since it allows multiple
concepts with comparable chance along word-demo pairs - even with the same input-output pair and query,
the model can produce diverse responses when provided varying contextual (concept / task) information. For
instance, with the prompt “Japan: Sakura; China:”, the LLM may output “Penoey” (national flower) or “Panda"
(national symbol), reflecting different conceptual (task) interpretations. Both answers are right since they are all
the co-concept tasks. Interestingly, adding another demonstration like “Japan: Sakura, France: Iris germanica,
China:” stabilizes the response to “Penoey”, since the only co-concept is left to be “national flower”. In our
theory, we make an elementary explanation to this flexible, context-sensitive in-context learning (ICL) behavior
by attributing it to the transformer’s ability to harness multi-concept semantics.

Lemma 46. OOD 2: Innovation. During testing, the distribution of Dy, x Dy, can enjoy data shift. Specifically,
suggest we now have a new M* and Q to define new Dy, Dy,. Specifically, Vk # k' € [K1], ko € [Ka), we let

* +* * * * —* * *
M1 =py, =ap+by, My, =p, =ap— by,
* -+ * * * * —* * *

Q2k-1=q, =cp+dp, Q=gq, =c,—d,

* * *
My, ok, = Vky ,  Qiyt2rx, =0,

where N N
* . + n * . - n
a, € comc({%},ﬁl), by, € conzc({%}ﬁl),
+ — + —
" . + * . —
¢, € comc({%},{il)7 d; € comc({w}f:ll),
* - - - L
Vi, " € (span(pl, pi, 13 o s B, B, ) s
satisfying

6kl > llakll = ©([al), [ldkll > llexll = ©(lal), v, = ©([ul]),
and {ay, bk}k 1 {ck, d,?g},{;l1 are two collections of pair wise orthogonal vectors. Then we can have a
corresponding new prompt distribution Dg = 2{:11 (7?2'*732:““* + ﬂ;*P,;L*_,_l*). Again, the model

enjoys Bayes-Optimal test error LODjl (T <.
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This lemma suggest that transformer-mlp structure empower ICL ability in solving task involving semantics
(“knowledge”) originally from other co-concept prompt’s training distribution. This cross-concept semantic
“understanding” ability ensure the transformer perform an specific OOD ability.

For example, when we show a prompt “Isaac Newton:Today I designed a machine to capture sunlight; Thomas
Edison:” to GPT o1, we would obtain an answer “Today I invented a lamp that shines without fire.” During
training, even when the concept “Inventors and Their Inventions” may not co-appear with the concept “Fabricate
a story” with high chance, the transformers empower the ICL to perform this interesting Out-of-Distribution task.
We believe this can serve as an attempt to explain the innovation power of LLM [30,1951/96]] grounded in the linear
geometric property of LLM representation, since most of the innovative outcomes of human being generates
from cross-concept “Knowledge Intersection™, and as it is not an easy task for human specialist to master
cross-domain knowledge, we claim that LLM can help innovation by leveraging cross-domain knowledge when
deduction over unseen structured task. Similarly, for multi-model scenarios, [86] have shown that compositing
different concepts did enable OOD generalization (e.g. “blue square apples” in the Figure 1a in [86]).

This lemma seeks to elementarily explain why LLMs’ ICL can excel in complex tasks when using evolutionary
strategies, especially when the LLM’s latent representation based on language only partially captures the relevant
features. Such tasks include algorithm design [97} 4], heuristics [3]], acquisition functions [98], and solutions to
combinatorial optimization problems [99]. Although the resulting solutions may often seem counterintuitive to
human experts, a possible explanation is that transformers can perform ICL in OOD scenarios by leveraging
weighted combinations of their updated “understanding” (i.e., changing the identified underlying concepts in the
evolution process) of new demo-query pairs, such as randomly sampled TSP instances. These understandings are
rooted in the latent structures of the problem instances and can be effectively updated by evolutionary strategies
that selectively refine and discard certain outcomes.

Proof. Proof of Proposmonl By Proposmonl we only need to check the expected 0-1 loss LY. (E[¥']) = 0.
Denote E[My4 ] C [2K1] as the expected index set denoting the expected shared concept-specific features by
the query and one demonstration. By definition in the Lemma, as the semantic combination is conic combination,
we see that E[M, ] will be either a collection of odd (corresponding to positive label) or even (corresponding
to negative label) numbers, and all of the combination of the features and labels in one prompt are corresponding
to the same real value label without “self-conflict”. By Lemma [38] we see that the coefficients are all at a
substantial scale at 7. Then by the condition on z and Eq. e can readily check that even when the
probability of the fraction of demonstrations sharing the co-concept label semantic with query is feeble (but at
least one), utilizing the same set of notations, we still have

Enep=| Z (U(ST*))?]

lE]E[SyS"]
5(T5) 5(T%)
. M
L )2e Zl«e]E[Mysn] o712
=9 sy 8 D) BT g(T7) ) (65)
P e e I Ll e e T A
* e n e n
fu? llall?
iy 108(Gary)
- 9( 2 2 2 )
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m 1
> 1/2,

where the equality and inequality is by worse-case consideration over D7, a small o and X in Conditionwith a
sufficiently large C, as well as the requirement ||bj;|| > ||ai|| = ©(||ul|). Besides, by ||d%|| > |leill = ©(||ql)),
Eq.(63), Lemmaf] Eq.(3) and Lemma2] we have that

T* T*)\ ™ T*
Eneps[ 3 wmilag ) i +ws,2 3 (08)) =18 1> 6(k),

ew“s*1 le]E[s’S"]

Collaborating with Lemma43] the poof is completed. O
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NeurlIPS Paper Checklist

The checklist is designed to encourage best practices for responsible machine learning research, addressing
issues of reproducibility, transparency, research ethics, and societal impact. Do not remove the checklist: The
papers not including the checklist will be desk rejected. The checklist should follow the references and follow
the (optional) supplemental material. The checklist does NOT count towards the page limit.

Please read the checklist guidelines carefully for information on how to answer these questions. For each
question in the checklist:
¢ You should answer [Yes] .

¢ [NA] means either that the question is Not Applicable for that particular paper or the relevant
information is Not Available.

* Please provide a short (1-2 sentence) justification right after your answer (even for NA).
The checklist answers are an integral part of your paper submission. They are visible to the reviewers, area

chairs, senior area chairs, and ethics reviewers. You will be asked to also include it (after eventual revisions)
with the final version of your paper, and its final version will be published with the paper.

The reviewers of your paper will be asked to use the checklist as one of the factors in their evaluation. While

"[Yes] " is generally preferable to " ", it is perfectly acceptable to answer " " provided a proper
justification is given (e.g., "error bars are not reported because it would be too computationally expensive" or
"we were unable to find the license for the dataset we used"). In general, answering " "or "[NA] " is not

grounds for rejection. While the questions are phrased in a binary way, we acknowledge that the true answer is
often more nuanced, so please just use your best judgment and write a justification to elaborate. All supporting
evidence can appear either in the main paper or the supplemental material, provided in appendix. If you answer
[Yes] to a question, in the justification please point to the section(s) where related material for the question can
be found.

IMPORTANT, please:

¢ Delete this instruction block, but keep the section heading “NeurIPS paper checklist',
* Keep the checklist subsection headings, questions/answers and guidelines below.

* Do not modify the questions and only use the provided macros for your answers.

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the paper’s
contributions and scope?

Answer: [Yes]

Justification: The contributions and scope of this paper are well summarized in the abstract and
introduction.

Guidelines:
* The answer NA means that the abstract and introduction do not include the claims made in the
paper.
* The abstract and/or introduction should clearly state the claims made, including the contributions

made in the paper and important assumptions and limitations. A No or NA answer to this
question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how much the
results can be expected to generalize to other settings.

« It is fine to include aspirational goals as motivation as long as it is clear that these goals are not
attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We explicitly discuss the limitation in Appendix [A]
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that the paper
has limitations, but those are not discussed in the paper.

¢ The authors are encouraged to create a separate "Limitations" section in their paper.
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The paper should point out any strong assumptions and how robust the results are to violations of
these assumptions (e.g., independence assumptions, noiseless settings, model well-specification,
asymptotic approximations only holding locally). The authors should reflect on how these
assumptions might be violated in practice and what the implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was only tested
on a few datasets or with a few runs. In general, empirical results often depend on implicit
assumptions, which should be articulated.

¢ The authors should reflect on the factors that influence the performance of the approach. For
example, a facial recognition algorithm may perform poorly when image resolution is low or
images are taken in low lighting. Or a speech-to-text system might not be used reliably to provide
closed captions for online lectures because it fails to handle technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms and how
they scale with dataset size.
If applicable, the authors should discuss possible limitations of their approach to address problems
of privacy and fairness.
* While the authors might fear that complete honesty about limitations might be used by reviewers
as grounds for rejection, a worse outcome might be that reviewers discover limitations that
aren’t acknowledged in the paper. The authors should use their best judgment and recognize
that individual actions in favor of transparency play an important role in developing norms that
preserve the integrity of the community. Reviewers will be specifically instructed to not penalize
honesty concerning limitations.

3. Theory Assumptions and Proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and a complete
(and correct) proof?

Answer: [Yes]

Justification: The detailed assumptions and proofs for all theorems and lemmas are given in the
corresponding positions.

Guidelines:

* The answer NA means that the paper does not include theoretical results.

¢ All the theorems, formulas, and proofs in the paper should be numbered and cross-referenced.

» All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if they appear in
the supplemental material, the authors are encouraged to provide a short proof sketch to provide
intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented by
formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental Result Reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main experimental
results of the paper to the extent that it affects the main claims and/or conclusions of the paper
(regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: Our algorithm is straightforward and easy to implement, and every detail is given in
Section 3.

Guidelines:

* The answer NA means that the paper does not include experiments.

« If the paper includes experiments, a No answer to this question will not be perceived well by the
reviewers: Making the paper reproducible is important, regardless of whether the code and data
are provided or not.

* If the contribution is a dataset and/or model, the authors should describe the steps taken to make
their results reproducible or verifiable.

* Depending on the contribution, reproducibility can be accomplished in various ways. For
example, if the contribution is a novel architecture, describing the architecture fully might suffice,
or if the contribution is a specific model and empirical evaluation, it may be necessary to either
make it possible for others to replicate the model with the same dataset, or provide access to
the model. In general. releasing code and data is often one good way to accomplish this, but
reproducibility can also be provided via detailed instructions for how to replicate the results,
access to a hosted model (e.g., in the case of a large language model), releasing of a model
checkpoint, or other means that are appropriate to the research performed.
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* While NeurIPS does not require releasing code, the conference does require all submissions
to provide some reasonable avenue for reproducibility, which may depend on the nature of the
contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how to

reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe the
architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should either be
a way to access this model for reproducing the results or a way to reproduce the model (e.g.,
with an open-source dataset or instructions for how to construct the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case authors are
welcome to describe the particular way they provide for reproducibility. In the case of
closed-source models, it may be that access to the model is limited in some way (e.g.,
to registered users), but it should be possible for other researchers to have some path to
reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instructions to
faithfully reproduce the main experimental results, as described in supplemental material?

Answer: [Yes]

Justification: We have provided the complete configuration in Section[3|and[6] We have uploaded the
code with instructions in the supplementary material.

Guidelines:

¢ The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/public/guides/
CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be possible,
so “No” is an acceptable answer. Papers cannot be rejected simply for not including code, unless
this is central to the contribution (e.g., for a new open-source benchmark).

¢ The instructions should contain the exact command and environment needed to run to reproduce
the results. See the NeurIPS code and data submission guidelines (https://nips.cc/public/guides/
CodeSubmissionPolicy) for more details.

¢ The authors should provide instructions on data access and preparation, including how to access
the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new proposed
method and baselines. If only a subset of experiments are reproducible, they should state which
ones are omitted from the script and why.

¢ At submission time, to preserve anonymity, the authors should release anonymized versions (if

applicable).

Providing as much information as possible in supplemental material (appended to the paper) is

recommended, but including URLSs to data and code is permitted.

6. Experimental Setting/Details

Question: Does the paper specify all the training and test details (e.g., data splits, hyperparameters,
how they were chosen, type of optimizer, etc.) necessary to understand the results?

Answer: [Yes]
Justification: All the experimental settings can be found in Section[3|and [f]
Guidelines:

» The answer NA means that the paper does not include experiments.

» The experimental setting should be presented in the core of the paper to a level of detail that is
necessary to appreciate the results and make sense of them.

¢ The full details can be provided either with the code, in appendix, or as supplemental material.
7. Experiment Statistical Significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate informa-
tion about the statistical significance of the experiments?

Answer:

Justification: This paper executes algorithms 10 times and reports the average results to reduce
randomness.
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8.

10.

Guidelines:

¢ The answer NA means that the paper does not include experiments.

e The authors should answer "Yes" if the results are accompanied by error bars, confidence
intervals, or statistical significance tests, at least for the experiments that support the main claims
of the paper.

¢ The factors of variability that the error bars are capturing should be clearly stated (for example,
train/test split, initialization, random drawing of some parameter, or overall run with given
experimental conditions).

* The method for calculating the error bars should be explained (closed form formula, call to a
library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error of the
mean.

* Itis OK to report 1-sigma error bars, but one should state it. The authors should preferably report
a 2-sigma error bar than state that they have a 96% Cl, if the hypothesis of Normality of errors is
not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or figures
symmetric error bars that would yield results that are out of range (e.g. negative error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how they were
calculated and reference the corresponding figures or tables in the text.
Experiments Compute Resources

Question: For each experiment, does the paper provide sufficient information on the computer
resources (type of compute workers, memory, time of execution) needed to reproduce the experiments?

Answer: [Yes]
Justification: We have provided sufficient information about computer resources in Appendix
Guidelines:

* The answer NA means that the paper does not include experiments.

» The paper should indicate the type of compute workers CPU or GPU, internal cluster, or cloud
provider, including relevant memory and storage.

¢ The paper should provide the amount of compute required for each of the individual experimental
runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute than the
experiments reported in the paper (e.g., preliminary or failed experiments that didn’t make it into
the paper).

. Code Of Ethics

Question: Does the research conducted in the paper conform, in every respect, with the NeurIPS Code
of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [Yes]

Justification: The research does not involve any human subjects, personal data, or interactions that
would raise ethical concerns about consent, privacy, or respect for persons. In conclusion, the research
aligns with the ethical principles outlined in the NeurIPS Code of Ethics.

Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

« If the authors answer No, they should explain the special circumstances that require a deviation
from the Code of Ethics.

» The authors should make sure to preserve anonymity (e.g., if there is a special consideration due
to laws or regulations in their jurisdiction).

Broader Impacts

Question: Does the paper discuss both potential positive societal impacts and negative societal impacts
of the work performed?

Answer: [Yes]
Justification: We have discussed the broader impacts in Section [A]
Guidelines:

¢ The answer NA means that there is no societal impact of the work performed.
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13.

* If the authors answer NA or No, they should explain why their work has no societal impact or
why the paper does not address societal impact.

* Examples of negative societal impacts include potential malicious or unintended uses (e.g.,
disinformation, generating fake profiles, surveillance), fairness considerations (e.g., deploy-
ment of technologies that could make decisions that unfairly impact specific groups), privacy
considerations, and security considerations.

» The conference expects that many papers will be foundational research and not tied to particular
applications, let alone deployments. However, if there is a direct path to any negative applications,
the authors should point it out. For example, it is legitimate to point out that an improvement in
the quality of generative models could be used to generate deepfakes for disinformation. On the
other hand, it is not needed to point out that a generic algorithm for optimizing neural networks
could enable people to train models that generate Deepfakes faster.

¢ The authors should consider possible harms that could arise when the technology is being used
as intended and functioning correctly, harms that could arise when the technology is being used
as intended but gives incorrect results, and harms following from (intentional or unintentional)
misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitigation strategies
(e.g., gated release of models, providing defenses in addition to attacks, mechanisms for monitor-
ing misuse, mechanisms to monitor how a system learns from feedback over time, improving the
efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible release of
data or models that have a high risk for misuse (e.g., pretrained language models, image generators, or
scraped datasets)?

Answer:
Justification: This paper poses no such risks.
Guidelines:

¢ The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with necessary
safeguards to allow for controlled use of the model, for example by requiring that users adhere to
usage guidelines or restrictions to access the model or implementing safety filters.

» Datasets that have been scraped from the Internet could pose safety risks. The authors should
describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do not require
this, but we encourage authors to take this into account and make a best faith effort.
Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in the paper,
properly credited and are the license and terms of use explicitly mentioned and properly respected?

Answer:
Justification: This paper does not use existing assets.
Guidelines:
* The answer NA means that the paper does not use existing assets.
» The authors should cite the original paper that produced the code package or dataset.
» The authors should state which version of the asset is used and, if possible, include a URL.
* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of service of
that source should be provided.

« If assets are released, the license, copyright information, and terms of use in the package should
be provided. For popular datasets, paperswithcode.com/datasets has curated licenses for some
datasets. Their licensing guide can help determine the license of a dataset.

 For existing datasets that are re-packaged, both the original license and the license of the derived
asset (if it has changed) should be provided.
« If this information is not available online, the authors are encouraged to reach out to the asset’s
creators.
New Assets

Question: Are new assets introduced in the paper well documented and is the documentation provided
alongside the assets?

63


paperswithcode.com/datasets

14.

15.

Answer:
Justification: This paper does not release new assets.
Guidelines:

¢ The answer NA means that the paper does not release new assets.

¢ Researchers should communicate the details of the dataset/code/model as part of their sub-
missions via structured templates. This includes details about training, license, limitations,
etc.

* The paper should discuss whether and how consent was obtained from people whose asset is
used.

¢ At submission time, remember to anonymize your assets (if applicable). You can either create an
anonymized URL or include an anonymized zip file.
Crowdsourcing and Research with Human Subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper include
the full text of instructions given to participants and screenshots, if applicable, as well as details about
compensation (if any)?

Answer:
Justification: This paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with human

subjects.

* Including this information in the supplemental material is fine, but if the main contribution of the
paper involves human subjects, then as much detail as possible should be included in the main
paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation, or other
labor should be paid at least the minimum wage in the country of the data collector.

Institutional Review Board (IRB) Approvals or Equivalent for Research with Human Subjects

Question: Does the paper describe potential risks incurred by study participants, whether such
risks were disclosed to the subjects, and whether Institutional Review Board (IRB) approvals (or an
equivalent approval/review based on the requirements of your country or institution) were obtained?

Answer:
Justification: This paper does not involve crowdsourcing nor research with human subjects.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with human
subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent) may be
required for any human subjects research. If you obtained IRB approval, you should clearly state
this in the paper.

* We recognize that the procedures for this may vary significantly between institutions and
locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the guidelines for
their institution.

* For initial submissions, do not include any information that would break anonymity (if applica-
ble), such as the institution conducting the review.
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