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ABSTRACT

Modern large language models (LLMs) excel at tasks that require storing and re-
trieving knowledge, such as factual recall and question answering. Transformers
are central to this capability because they can encode information during training
and retrieve it at inference. Existing theoretical analyses typically study trans-
formers under idealized assumptions such as infinite data or orthogonal embed-
dings. In realistic settings, however, models are trained on finite datasets with non-
orthogonal (random) embeddings. We address this gap by analyzing a single-layer
transformer with random embeddings trained with (empirical) gradient descent on
a simple token-retrieval task, where the model must identify an informative token
within a length-L sequence and learn a one-to-one mapping from tokens to la-
bels. Our analysis tracks the “early phase” of gradient descent and yields explicit
formulas for the model’s storage capacity—revealing a multiplicative dependence
between sample size N, embedding dimension d, and sequence length L. We
validate these scalings numerically and further complement them with a lower
bound for the underlying statistical problem, demonstrating that this multiplica-
tive scaling is intrinsic under non-orthogonal embeddings. Code to reproduce all
experiments is publicly available.'

1 INTRODUCTION

Large language models (LLMs) routinely answer knowledge questions with little or no external
context, indicating that substantial factual information is stored in parameters and can be retrieved by
suitable prompts Petroni et al. (2019); Jiang et al. (2020); Roberts et al. (2020). A deeper theoretical
understanding of how such parametric memories are learned and accessed is increasingly important:
it can guide scaling choices (e.g., trading off memory capacity against compute budgets, Carlini et al.
(2022); Allen-Zhu & Li (2024)) and clarify failure modes (e.g., hallucination, Zucchet et al. (2025);
Huang et al. (2025)). Motivated by empirical results documenting the prevalence of parametric
factual recall and its scaling with model size Allen-Zhu & Li (2024); Morris et al. (2025), recent
theoretical works have begun to analyze the capacity and learning dynamics of transformers on
controlled factual-recall tasks Cabannes et al. (2024a); Nichani et al. (2025).

Many theoretical studies of transformer optimization work in population-dynamics settings and
adopt simplifying assumptions, such as treating token embeddings as orthogonal or one-hot vectors
(see, e.g., Tian et al. (2023b); Chen et al. (2024); Ghosal et al. (2024)). While these choices do not
always reflect practical applications, they make the mathematics, particularly gradient calculations,
more tractable, and population analyses of this kind do not characterize the statistical or compu-
tational complexity of gradient-based learning. In factual-recall setups, strictly orthogonal embed-
dings are known not to be capacity-optimal, whereas random or non-orthogonal embeddings (i.e.,
superposition) enable near-optimal factual storage Nichani et al. (2025). At the same time, remov-
ing the orthogonality assumption introduces token interference that leads to intricate optimization
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behavior (e.g., oscillatory trajectories Cabannes et al. (2024b)), and in practice, superposition-based,
memory-efficient solutions can also be more difficult to train Elhage et al. (2022), which highlight a
fundamental trade-off between optimization and statistical efficiency versus storage capacity.

Motivated by the above gaps, we aim to address the following question.

Can we characterize the optimization and sample complexity of a transformer with non-orthogonal
embeddings trained by gradient descent in the learning of a factual recall task?

1.1 OUR CONTRIBUTIONS

In this paper, we analyze gradient-based learning of a single-layer transformer with an atten-
tion+MLP block and random embeddings on a synthetic task inspired by Nichani et al. (2025): the
model must retrieve an informative token from a context containing many noisy tokens via attention,
then map it to the correct label via factual recall. To mitigate the complex optimization dynamics
arising from non-orthogonal embeddings, we follow Bietti et al. (2023); Oymak et al. (2023) and
consider a simplified training regime involving only a few gradient steps with finite samples on the
attention and value matrices. This perspective effectively zooms in the “early phase” of the training
as commonly studied in the feature-learning literature Ba et al. (2022); Damian et al. (2022); Dandi
et al. (2023); Vural & Erdogdu (2024); Wang et al. (2025).

Our analysis provides a fine-grained characterization of how vocabulary size V', sample size N, em-
bedding dimension d, sequence length L, and MLP width m interact to permit successful gradient-
based learning of the recall mechanism. Our main result states that

* The success of learning depends on (V, N, d, L, m) in a multiplicative manner: learning becomes
easier as (IV, d, m) increase, which reflects the benefits of more data, higher-dimensional (and thus
more orthogonal) embeddings, and larger MLP width; whereas learning becomes harder as (V, L)
increase; that is, the task becomes more difficult with a larger vocabulary or longer sequences.
This multiplicative relation is visualized in Figure 1a, where we examine how the parameter size
m % d depends on the vocabulary size V' for different sequence lengths L. The full phase diagram
corresponding to this relation, which formalizes Figure 1a, is shown in Figure 1b.

» Consequently, while optimal capacity and sample complexity can be achieved jointly for short
sequences, successful learning on long sequences requires either a larger embedding dimension
(thus sacrificing capacity) or larger sample sizes (worsening statistical complexity).

The multiplicative rate above formalizes the “tradeoff” intuition that smaller embedding dimension d
— which increases superposition and thereby improves storage capacity — simultaneously yields
a harder learning problem, as reflected in the required sample size. We complement this with a
statistical lower bound showing that the trade-off is inherent for any estimator that accesses only
gradient information from the initialized transformer. Finally, although our theory is derived for
a specific three-step training algorithm, we empirically observe qualitatively similar multiplicative
scaling when the transformer is optimized by gradient descent to low empirical risk.

1.2 RELATED WORK

Learning dynamics of transformers. A growing line of work analyzes how transformers acquire
specific behaviors from gradient-based training. Much of this literature imposes population-level
assumptions and orthogonal/one-hot embeddings to make gradients tractable, often on discrete syn-
thetic tasks Li et al. (2023); Bietti et al. (2023); Tian et al. (2023a); Nichani et al. (2024); Chen
et al. (2024); Ghosal et al. (2024); Chen et al. (2025); Wang et al. (2025). Several works study
few-step training regimes as a lens on the “early phase” of feature learning Bietti et al. (2023); Wang
et al. (2025). Beyond discrete settings, related analyses investigate attention learning for continu-
ous inputs and sparse-signal retrieval Oymak et al. (2023); Marion et al. (2025); Duranthon et al.
(2026). A complementary thread focuses on the emergence of in-context learning and induction
mechanisms: single- and two-layer attention trained on linear-regression or Markov data provably
implements gradient-descent-like updates and generalized induction heads Von Oswald et al. (2023);
Zhang et al. (2024); Chen et al. (2024); Nichani et al. (2024). These results typically rely on sim-
plified settings and do not address storage capacity. In contrast, our work analyzes finite-sample
training with non-orthogonal embeddings in an attention+MLP architecture with a particular focus
on factual recall.
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Figure 1: (a) Empirical scaling of the parameter size required for a GD-trained one-layer transformer to learn
factual recall, where we use m =< d2 (see Section 4.2 for details). For small L, the trained model achieves the
optimal capacity V' < md (purple line). As the sequence length L increases, the scaling changes, suggesting
a multiplicative rate (blue and red lines). (b) Phase diagram for the theoretical scaling of the parameter count
given in Corollary 2. Each region corresponds to a regime where a particular noise term in Theorem 1 is
dominant. The parameter-size condition (md) in each region is given in Corollary 2.

Associative memories and storage capacity. Classical associative memories (Hopfield-type
models) study recall of vector patterns and established foundational capacity results Hopfield (1982);
Amit et al. (1985); McEliece et al. (1988); Krotov & Hopfield (2016); Demircigil et al. (2017);
Ramsauer et al. (2020); Schlag et al. (2021). Recent works adapt associative-memory viewpoints to
transformers, modeling inner weights as superpositions of outer products and deriving scaling laws
and optimization behaviors Bietti et al. (2023); Cabannes et al. (2024a;b). In factual recall specif-
ically, random (non-orthogonal) embeddings enable near-parameter-count storage, whereas strictly
orthogonal embeddings are not capacity-optimal Nichani et al. (2025). Various empirical works
have studied the mechanisms and scaling behaviors of LLMs in factual association tasks Petroni
et al. (2019); Jiang et al. (2020); Geva et al. (2020); Allen-Zhu & Li (2024). We provide a theoret-
ical analysis of such mechanisms and quantify how vocabulary size, sequence length, embedding
dimension, and MLP width jointly govern learning efficiency. Our work operates in a setting similar
to Nichani et al. (2025) but allows finite samples and explicitly considers gradient descent dynam-
ics. Our result is similar to the finite-sample results in Oymak et al. (2023), where the required
sample size grows with the dimensionality and sparsity level of informative tokens, while we allow
non-orthogonal embeddings and show optimal capacity as in Nichani et al. (2025) under certain
conditions.

2 PROBLEM SETTING

Our goal is to understand the capacity of transformers trained on finite data with non-orthogonal
embeddings, in a setting where the relevant information is hidden in a potentially large sequence
of non-informative noisy tokens. The attention operation should then identify the relevant token,
while the subsequent linear or MLP block can then recall the correct label via an associative mem-
ory mechanism. This is similar to the factual recall task studied by Nichani et al. (2025), with
simplifications that make the analysis more tractable, as detailed below.

Notation. o denotes the softmax function. 1y == (1,...,1)" € RV is the V-dimensional all-ones
vector; e; is the one-hot vector with a 1 in the ¢-th position (dimension understood from context).
We use 2 (resp. <) to mean “>” (resp. “<”) up to polylogarithmic factors in V: fy 2 gy <=
fv > poly(logV)gy and fy < gy <= fv < poly(logV)gy, for some fixed polynomial.
Lastly, ||-||2 denotes the Euclidean norm for vectors and the operator (spectral) norm for matrices.

Problem setup. Let the input/output tokens take values from a finite alphabet [V] :== {1,--- ,V}.
For notational convenience, we represent the alphabet by the one-hot vocabulary ¥V = {e;, - , ey }.
Each example in the data consists of a length-L input sequence X = [x1, ..., 2] € V* and a label

p €V generated as follows:

e Input tokens are sampled independently and uniformly: [z, ..., z1] ~ Unif(VE).
* Informative position is a random index ¢ ~ Unif([L]) independent of X .
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e Ground-truth function is a permutation matrix IT, € {0,1}V*V. Labels are generated as the
permuted informative token, p = IL,x,, while the remaining tokens are non-informative.

The goal is to identify the correct token position ¢ and learn the target function (permutation) IT,.

Transformer architecture. We consider a basic transformer block which first maps input tokens
into a d-dimensional embedding space where d < V. The embedding layer is parameterized by
(Zins Zout Ztrig, 220s) € RV x RV x R? x R?, where

+ The input tokens are embedded by the columns of the matrix Z;, € R¥*V.

* Output tokens are associated with unembedding vectors, which are collected in Z,,; € R4xV,
* Zirig 18 a trigger vector that marks the informative token.

* zgos is the special embedding vector that marks the end-of-sequence.

Given the embedding parameters, we define the self-attention head, parameterized by the key-query
matrix Wkq € R?*?, which operates on the embedded sequence of inputs Z;, X € R¥*L:

attn(X; Wiq) = ZinXU<(ztrigez— T ZinX)TWKQzEOS). @.1

The trigger embedding z,i is used to “mark” the informative token with a special direction, mim-
icking the behavior of previous transformer layers that may learn to flag particular tokens by adding
to its residual stream” (note that the number of trainable parameters inside softmax can be re-
duced to d by collapsing Wkqzros into a vector). We consider two different learning models:
an Attention-only model and a width-m, two-layer network model Attention-MLP, defined as:

R ( outvattn(X WKQ)) Attention only
P(X;V,Wkq) = (2.2)

( Z, V¢(Winattn(X; WKQ)) Attention-MLP

where V € R4*? for the Attention-only and V € R&>*™, W, € R™*? for the Attention-MLP model.
Note that compared with Attention-only model, the Attention-MLP model contains an additional
set of trainable parameters and nonlinear activation function ¢ before the value matrix. Similar to
in Nichani et al. (2025), the MLP allows using a smaller embedding dimension d while keeping the
capacity large by increasing width m.

For the Attention-MLP, we keep Wy, fixed at its random initialization. The trainable parameters for
both of our models are (V', Wkq). We use cross-entropy loss to train our model:

L((V,Wkq),(X,p)) = — Zyﬂ p; log p;.
Training algorithm. Following Oymak et al. (2023), we consider a 3-step gradient-based algorithm
with dataset {(X;,p;)}}", with a sample size of N. We initialize our parameters as V(*) = 0,
W((g = 0 and use the learning rates n,y > 0:

VO —vO . LN gy 2 ((vO), W<0>) (Xi,p1)) (2.3)
Wil = Wil =7 4 2 Ywio £(VO, W) (X5, pi) @4)
VO = vy LY Ty L(VO, W) (X pi)). 2.5

Network prediction and storage. Given our model and training method, we use argmax decoding
at inference and define the test accuracy as

Accuracy == P(x p) [p = epred(X)}, where pred(X) = arg max; 9 (X; v® W(l))

where p(X; V@), WI(:C%) is the network output defined in (2.2). In what follows, we characterize
conditions under which the model stores the informative tokens asymptotically, i.e., Accuracy — 1
as V — oo, in terms of the relevant parameters (V, N,d, L, m).

The “trigger” terminology is borrowed from Bietti et al. (2023), where a special previous token “triggers”
a retrieval operation in the context of induction heads. Our setup resembles learning only the “induction head”
layer assuming the first “previous token head” layer is already in place. The triggers often appear to be single
directions in interpretability literature, see, e.g., the “X in opposite of X” feature in Kamath et al. (2025).

4
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3 MAIN RESULTS

We first present our general theorem on learnability via gradient descent, and then specialize into
different regimes to derive more interpretable scaling behaviors in Section 4. We provide a proof
sketch in Section 5, and defer the full proof to Appendix C.

3.1 TECHNICAL ASSUMPTIONS

We first state generic assumptions that apply to both the Attention-only and Attention-MLP models.
Assumption 1.

* Parameter range: Let L = V° forc € (0,1), Q(V1ogV) < N =0o(VL), and V > Q(1).

* Learning rate: We use a sufficiently small learning rate 0 for the initial step (2.3), and sufficiently
large learning rate y for the remaining steps (2.4)-(2.5) that satisfy Assumption 4.

o Embeddings: Let Z;,,, Z o € R4*V pe independent Gaussian matrices, and let zyig, ZEOS € R4
be independent Gaussian vectors, all with i.i.d. entries distributed as N (0, 1/d).

We assume ¢ € (0, 1) since in many practical pretraining setups, the context length is smaller than
the vocabulary size, and the condition L < V simplifies several terms in the proofs. The lower
bound N 2 VlogV is required so that each element from the alphabet of size V' is seen at least
once with high probability. The learning rates follow prior analyses (Oymak et al., 2023; Nichani
et al., 2024): a small 7 ensures that the network’s predictions remain close to uniform after the first
step, whereas a large +y is needed to push the attention scores and predictions toward one-hot vectors.

In addition to the above assumptions, we require the transformer model to have sufficient capacity
to reach perfect test accuracy. Such conditions are characterized by Nichani et al. (2025). For the
Attention-only model, we have the following condition (see (Nichani et al., 2025, Theorem 3)).

Assumption 2 (Attention-only). For the Attention-only model, we require d*> >'V.

With a nonlinear MLP layer, a smaller embedding dimension can suffice if the width is large enough.
Hence for Attention-MLP we require the following condition.

Assumption 3 (Attention-MLP). For the Attention-MLP model, we assume that
* Polynomial activation: ¢ : R — R satisfies ¢(0), ¢'(0), ¢”'(0) # 0.

* MLP width: md 2V and d 2 Vﬁ, where k, denotes the smallest nonzero Hermite mode of
¢, e, ke :=min{k > 0: Ezopno,1)[0(2)hi(Z)] # 0} where hy, is the k™ Hermite polynomial.

o Initialization: Wi, € R™*? are fixed with entries i.i.d. distributed as N'(0,1).

The nonlinear MLP layer allows us to compensate for the embedding dimension and go beyond the
d? > V lower bound required by the Attention-only model (Assumption 2). Note that md > V is
a necessary condition for capacity as shown in (Nichani et al., 2025). The additional requirements
imposed on the polynomial activation function appear to be artifacts of our three-step GD analysis,
and we conjecture that they could be relaxed when considering a longer training horizon.

3.2 LEARNABILITY STATEMENT

Now we are ready to present our main theorem on the complexity of learning the factual recall task.
Specifically, the transformer learns the desired mechanism when the signal term dominates the noise
and bias terms as stated below.

Theorem 1. Let Assumptions 1 and 3 hold for Attention-MLP, and I and 2 hold for Attention-only.
The Attention-MLP model achieves Accuracy = 1 — oy (1) with probability 1 — oy (1) whenever

1 1 1 1
5> + + : G.1)
VL2 ™ NVLd(dANL) NvVVddAL) Ndym
—~~ ——
Signal Gradient noise Mean bias MLP noise

For the Attention-only model, the same holds with the last MLP noise term removed.
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Theorem 1 characterizes learnability as a function of (V, N, d, L, m) and identifies the following
terms that impact the gradient signal-to-noise ratio:

1. Signal measures the alignment between the key—query weights Wég and the trigger 2,ig.

2. Gradient noise is due to the concentration error in the update of W}((I(;))

3. Mean bias arises from the nonzero mean of token vectors { X;} 2V ;.

4. MLP noise reflects the randomness in the MLP weight matrix Wy, in Attention—-MLP.

We make the following observations.

* Multiplicative scaling. Note that the parameters (V, N, d, L, m) interact in a multiplicative fash-
ion. For example, the noise and bias terms in (3.1) all decay with (IV x d), suggesting that increas-
ing the embedding dimensions d can lower the statistical complexity of learning the correct recall
mechanism. While the full 5-parameter trade-off can be opaque, in Section 4 we focus on specific
regimes that lead to simplification of the scaling relationship and validate the rate empirically.

» Optimal storage & sample complexity. Recall that the capacity-optimal construction for the
factual recall task requires md > V parameters (or d*> > V for Attention—only); and as discussed
earlier, a sample size N =< V' log V is necessary to observe all distinct tokens. (3.1) implies that
in the small-L regime, the optimized transformer achieve optimal capacity and sample complexity
simultaneously. For longer sequences, however, these two conditions may not be achieved at the
same time, i.e., one must increase either the network width or sample size beyond optimality to
learn the task — this confirms the empirical observation in Figure 1.

3.3 STATISTICAL LOWER BOUND

Theorem 1 provides an upper bound (i.e., sufficient condition) on the model and sample size for
learning factual recall under a 3-gradient-step optimization procedure. We complement this suffi-
cient condition with a lower bound indicating that the multiplicative dependence on the problem
parameters is partly statistical; that is, the scaling behavior will be observed in any model satisfying
the broader conditions stated below. Our lower bound applies to statistical methods that can query

the dataset through the attention outputs at initialization, h; := attn(X;, WI(%) In particular, we
consider queries of the form h; as the gradient with respect to the key—query matrix Wxq depends
on {h;,h;h] }V| (see (B.1)). The statement is given below:

Theorem 2 (Informal). Any method that relies on the noisy version of the queries {h;, h;h] }1¥ |
fails, i.e., Accuracy 4 1 with finite probability, if N < V min{1, L/d?}.

The complete statement of Theorem 2 is deferred to Theorem 4 in Appendix E. We observe that the
lower bound does not exactly match our upper bound in Theorem 1, as Signal < Gradient Noise
in (3.1) is stronger than the stated lower bound. This being said, Theorem 2 also confirms the mul-
tiplicative scaling, hence suggesting the trade-off between capacity and sample efficiency is present
in a boarder class of learning algorithms. A stronger computational lower bound for transformers
and gradient-based optimization is an interesting problem we leave for future work.

4 IMPLICATIONS AND EMPIRICAL VERIFICATIONS

In this section, we leverage our main theorem to obtain more concrete scalings between parameters,
and present empirical evidence on the derived multiplicative rate.
4.1 ATTENTION-ONLY MODEL

We start with the Attention-only model which gives a simpler phase diagram.

Corollary 1. For the Attention-only model, the bottleneck term in (3.1) is the Mean
bias term.  Therefore, Theorem 1 is equivalent to the parameter size requirement d*> >

max{V, V2/3L8/3 IN*/3},

We make the following observations:
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Figure 2: Empirical scaling of parameter size via three-step GD for the Attention-only model. In (a) and
(b), top-left and top-right use L = V°?; bottom-left and bottom-right use L =< V. In (c), we compare
the parameter counts from (a) and (b) for the L < V case under two sample-size regimes, N < VlogV
and N =< V'5. Line fitting: We identify in the heatmaps the smallest embedding dimension that achieves
accuracies {0.1,0.125,0.15} and perform a least squares fit. The slopes of the fitted lines and their theoretical
counterparts are reported on the heatmaps.

* The condition in Corollary 1 is the maximum of two terms, where d?> > V is due to the capacity
requirement in Assumption 2, whereas the second term ensures Signal 2 Mean bias and implies
a multiplicative scaling between the sample size N and embedding dimension d (i.e., increasing
one of the parameters can compensate for the other).

* Note that the Mean bias term arises from a nonzero token mean, which can potentially be allevi-

ated by centering the tokens, for instance through an appropriate normalization layer. Exploring
the effect of applying normalization in this model is an interesting direction for future work.

Empirical Findings. We run the three-step gradient descent algorithm on an Attention-only model
over varying V and d, and report the accuracies in the heatmaps (Figure 2). The plots are in log-log
scale; therefore, the slopes give the exponent s in d < V*. As shown in the top row of Figures
2a-2b, the slope for relatively small L (where L =< V°-5) matches the optimal capacity condition
2 =V. By contrast, when the context window is larger (L < V'), the requirement becomes d < V/,
which is also reflected in the experimental results, as observed in the bottom panel of Figure 2a.

In Figure 2b we run experiments with increasing sample size to observe the multiplicative trade-off.
As seen in the bottom figure of Figure 2b, increasing the sample size from V log V' to V'1® reduces
the exponent of the parameter size from 2.02 to 1.42 (the theoretical value is s = 1.32). Finally, the
learnability thresholds for L =< V in Figures 2a and 2b are plotted together in Figure 2c, to illustrate
that increasing the sample size can compensate for the number of parameters in the network.

4.2 ATTENTION-MLP MODEL

For the attention-MLP model, the nonlinear MLP layer introduces additional phases as stated below.
Corollary 2. For the Attention-MLP model, Theorem 1 translates to md 2,V and
MLP noise, m = o(d*L) and m = o(dV)
Signal > ¢ Gradient noise, V > dL and m 2> d*L
Mean bias, V =o0(dL) and m = dV,

where

2
* Signal 2 MLP noise is equivalent to md 2V ‘/ENL .

1
* Signal 2 Gradient noise is equivalent to md 2 V"\’/LN4

4 1
* Signal > Mean bias is equivalent to md 2, mLAj’igVa
3
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Figure 4: Empirical scaling of embedding parameter size for the Attention-MLP model under two width
regimes, m < d? and m < d°. In (a) and (b), top-row uses L = V°-25; bottom-row uses L =< V5. In (c), we
compare the parameter counts from (a) and (b) for the L < V95 case under both width regimes.

The phase diagram for the Attention-MLP model is visualized in Figure 1b. Compared to the
Attention-only case, it exhibits additional regimes because we can trade off m and d and thus use
a smaller embedding dimension; this can lead to different dominant terms in the gradient. In par-
ticular, since large L and d entail a larger magnitude of the Mean bias (as in the Attention-only
setting), increasing the MLP width m and thereby reducing the required embedding dimension d
may suppress this bias term.

Empirical Findings. We run the 3-step gradient descent algorithm on an Attention-MLP network
over varying V' and d and plot the accuracies in Figures 3 and 4. We take the nonlinearity to be the
mixture of two Hermite polynomials ¢ = 0.7hg + 0.3h3, satisfying the conditions in Assumption 3.
We run experiments with width m =< d? and m =< d>. Due to the prohibitive cost of increasing the
width further, we restrict ourselves to the MLP noise-dominated region.

In Figure 1a, we plot the scaling of the number of parameters (md) as a function of vocabulary size
V for different sequence-length regimes in L. We observe that L < V%25 requires md =< V, which
is the optimal capacity, as predicted by our theory. As L increases, we need more parameters to
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achieve the same capacity, as observed in the L =< V°-5 and L =< V75 cases in Figure 1, where the
slopes agree with our theoretical predictions as well (see also Figures 3a and 3b).

We further test the effect of sample size in Figure 3, where we use L =< V°% and m < d?. We plot
both heat maps in Figures 3a and 3b, and the fitted lines for L < V%5 together in Figure 3c. Note
that we state the plot in terms of parameter count, which scales as md =< d?, so the slopes from the
heat map are scaled accordingly. We observe that increasing N from N < VlogV to N < V1?
reduces the network size to the optimal level, aligning with our theoretical prediction. The heatmap
versions of these experiments are shown in Figures 3a and 3b.

Lastly, we probe the width scaling by keeping the sample size N < V logV and L < V- fixed in
Figure 4. Here, we observe that we can reduce the embedding-dimension requirement by increasing
m in Theorem 1, although it increases the total parameter count overall, as seen in Figures 4b and
4c, since width must grow proportionally more than d to achieve the same accuracy. This is also
consistent with our result.

4.3 BEYOND EARLY PHASE OF TRAINING

While our theoretical analysis focuses on a particular three-gradient-step training procedure, we
empirically observe qualitatively similar multiplicative scalings when the transformer model is
optimized beyond the “early phase”. Specifically, we train our Attention-only model using
Adam (Kingma & Ba, 2015) with mini-batch gradients. In the experiments, we use layer normal-
ization in both the attention and output layers and set the learning rate to 0.005. We use a batch size
of | N/2] (except in the last experiment, where we use | N/16]), and run the training for 16 epochs.
We highlight the following observations:

* Capacity improvement with multi-pass training. In the top row of Figure 5, we plot the heatmaps
for L < Vand N < VlogV. In early training the slope is suboptimal; notably, by the end of
Epoch 1 it closely aligns with our theoretical prediction. Moreover, training the network additional
epochs improves the capacity condition to a near-optimal level, as shown in Figures 5c and 5d.

* Effect of sample size. In the bottom row of Figure 5, we plot the heatmaps for L < V and
N = V15 We observe a similar trajectory in capacity, while the overall capacities improve
compared to the small-sample regime, showing the multiplicative dependence on sample size V.

s Effect of sequence length. In Figure 6, we plot the heatmaps for L < V8% and N < VlogV.
We observe improvements in capacity over multiple epochs, while the capacity is larger than in
the L < V setting at every stage of training, which shows the effect of the sequence length L.

* Effect of batch size. In Figure 7, we repeat the experiments from this section using the same
learning rate and architecture but with a smaller batch size | N/16|. As before, we consider
L =< V in two sample-size regimes, N < VlogV and N < V-5, We observe behavior similar
to the larger batch size setting, but with improved slopes in Figure 7. This suggests that smaller
batch sizes may improve capacity in practice.

Overall, these experiments suggest that the multiplicative relation between the hyperparameters re-
mains throughout training. However, the exponents depend on the iteration number and batch size.
Understanding how capacity evolves during training remains an interesting open question.

5 PROOF OVERVIEW

In this section, we outline the main ideas behind the proof of Theorem 1. For ease of exposition, we
consider the Attention-only model under population dynamics with orthogonal embeddings.

The main idea of the proof is the following: We observe that the recall task is achieved with near-
perfect accuracy if and only if the attention mechanism can distinguish informative tokens. Once
this occurs, the remaining task reduces to learning a linearly separable problem, which is well under-
stood. Therefore, the proof focuses on the attention scores in (2.1) and characterizes the conditions
under which the mechanism selects the informative tokens.

The pre-softmax scores evaluated on a fresh sequence Xj,,, with the key-query matrix given by the
first gradient-descent iterate W}({B, are given by

scores = (ztrigeeT + ZinXin)TWI%ons. (5.1



Published as a conference paper at ICLR 2026

parameter size (d?)

210 o

203 201

2! 2! 21 21 = 2 2! 2!
vocab size (V) vocab size (V)

(a) Epoch 1 (b) Epoch 2 (c) Epoch 8 (d) Epoch 16

: W
= d
oo
i . / W
- 22 B T BT M e

21 20 2 2 210 2 2 2 2 g
vocab size (V) vocab size (V) vocab size (V)

21

2% 2 PR
vocab size (V) vocab size (V)

O

parameter size (d?)

a2
2

o

21 PRES
vocab size (V)

(e) Epoch 1 (f) Epoch 2 (g) Epoch 8 (h) Epoch 16

Figure 5: Empirical scaling of the parameter size for the Attention-only model under two sample size regimes.
Top row (a—d): N = V'log V. Bottom row (e-h): N =< V'-®. The model uses L =< V and is trained using
Adam over 16 epochs. We observe that the capacity improves as the number of epochs increases.

By substituting the exact expression for Wég into (5.1), we analyze scores. For intuition, we
present the simplified expression below (see (B.1) for the full expression):

N
1
scores & || zuig|/5€0 (ﬁ ZmIZZi—I';(V(l))TZOHt(pi - %]1‘/)) (5.2)
i=1

Informative

N
1
+7 X002, (ﬁ ZzinXiXiTZiI(V(l))TZout(pi - %1v)) : (5.3)
i=1

Non-informative

Here V(U denotes the first iterate of the value matrix defined in (2.3). The informative term in
(5.2) captures the alignment between the trigger vector in the fresh input and the one encoded in the
learned weights WI&%, and therefore contains the position information of the informative token. By
contrast, the non-informative term in (5.3) reflects correlations between tokens and does not contain
information about the token position. Thus, the proof reduces to characterizing the conditions under
which the informative term in (5.2) dominates the non-informative term. We present the proof
sketch for the finite-sample setting with non-orthogonal embeddings, as well as how each noise
term in Theorem 1 arises, in Appendix B.1.

6 CONCLUSION

In this paper, we derived precise asymptotic rates for learning with gradient descent on transformers
trained on a simple recall task with random embeddings and finite samples. Our analysis and exper-
iments reveal a rich picture of multiplicative scalings between various problem parameters, showing
that parameter count is not the only important factor controlling capacity when learning with finite
samples on large noisy sequences. Our results suggest that finer control of the data distribution
may be necessary for learning efficiently at optimal capacity, for instance by ensuring sequences
are less noisy and more informative, hoping that the discovered mechanisms are robust to harder
settings. This is reminiscent of the procedures used for long context extension in LLMs, where most
of training happens on shorter sequences, but the final models are extended to work with very long
sequences, and empirically do well on retrieval tasks such as “needle-in-a-haystack” (e.g., Gemini
Team, 2024), which resembles our theoretical setup. Analyzing similar scalings in more structured
data distributions and architectures is thus an interesting avenue for future work.

10
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A ADDITIONAL EXPERIMENTS
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Fi(%ure 6: Empirical scaling of the parameter size for the Attention-only model with N < VlogV and L =
V985 The model is trained using Adam over 16 epochs. The slopes are smaller than in Figure 5, which is
consistent with the shorter sequence length.
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Figure 7: Empirical scaling of the parameter size for the Attention-only model (L =< V), trained with Adam
using a batch size of | N/16 . Top row (a-d): N =< V log V. Bottom row (e~h): N =< V-5,

B PRELIMINARIES FOR APPENDIX

Additional Notation. For a vector z € RV, we use diag(x) € RV*V denotes the diagonal matrix
which has the same diagonal entries with @, while for a matrix A, diag(A) € RY denotes the
column vector whose elements coincide with the diagonal entries of A. For a random variable w,
E.[-] denotes taking expectation with respect to w and keeping the remaining independent terms
fixed. Similarly, we use E[-|w] for conditional expectation, conditioned on w. We use Lgyent as
an indicator function, which takes values {0, 1} depending on the event holds or not. We use C
to denote any constant in the upper-bound, which might depend on ¢. We use poly,, ,(N,d,V, L)
denotes a polynomial function of (N, d, V, L) whose degree depends on (p, ¢) polynomially. For
vectors w, w and a scaler variable n > 0, we use W = W + O(n) to denote || — w||oc = O(n).

Since we do not use positional encoding in the model, without loss of generality we can fix the infor-
mative index ¢ = 1. We define the sequence of non-informative tokens as N; = [x; 2, - - , ;, L]T.
We will denote the rows of W;,, with {wk}?zl. For compact representation the attention with the
trigger, we define

Zin = [Zin  Zuig) and X; =: wiTvl 1 e RLx(V+1)
in i rig i N 0

i

16
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With this notation, we can write the iterates in three-step GD. Let

ﬁt, ( i V(t) WI(((%
We have
n N
V= Zouw (1 D (pi = Bo.)é (g X Zr W)
i=1

WI(<1) = Zin% Z Xj(diag(ao,z) o 0 z)X z!w]

=1

) and Q= O‘(Xizi—;WI(((ngos)

x diag (¢ (Win Zin X[ 00,)) (V) Zoui (pi—i1) 205 (B.1)

For notational convenience, we define the noise due to finite width as (which we defined equivalently

in (B.11))
FW(W/HM Zin; Xia X]) =

%(ngiag(qs’(%ngmX? JlL))¢(%WinZianT h)

—Ew, {mldiag(gs’(%wmzmxjh))qs(%wmzinxj ILL)] )

For the terms arising in the expected value term in (B.2), we define

* aiji=Ey [¢/(%wTZinXiT]lL>¢)/(%wTZianT]lL)},

¢ Biyi=Ea [0 (b7 Zu X 11)6 (1w Zu X 11)]

(B.2)

Moreover, we make the following definitions to simplify the notation in the following:

Al,ir =

N
1
Zin<—LN Zlaij(wj - vlv
iz

L
A = Zin (ﬁ ;aij(
(LN ZO‘”

j=1 j=1
1 N
Sy 1= (ﬁ SN, = E1vl] )la(xy élv)T)
j=1
1 N
X (m ;(% - 1)1,
N N
1 /1 T/1
53 = oy (N D (@~ %IV)) 72 (@ - VlV))
j=1 j=1

(B.3)

,Z\I—j—r — %]lv]l—gfl)]].Lfl(iL'j — %]lv)—r)

T T T T
NJ %]lv]lLfl) )Zin

(B.4)

~ L1l )T) B

B.7)



Published as a conference paper at ICLR 2026

B.1 PROOF OVERVIEW

In this part, we consider (5.2)-(5.3) with empirical loss and non-orthogonal embeddings. For no-
tational convenience, without loss of generality, we assume ¢ = 1 and II, = Iy (accordingly,
Pi = x;,1). Our goal is to show how the Signal, Gradient noise, Mean bias, and MLP noise terms
arise from the dynamics of the first gradient step.

The analysis proceeds in two steps. First, we show that the first iterate of the output-layer weights
V(1) admits a natural decomposition into mean, bias, and noise components. We then show how
this decomposition gives rise to the terms appearing in Theorem 1.

B.1.1 DECOMPOSITION OF THE VALUE MATRIX

Both the informative and non-informative terms depend on V' (1), We show that it can be decom-
posed as

N
1
M _ T
\4 Zout(NL l:zl L1 — (X ]1L) )Zm (BS)
( 1 1 Y 1 )
= Zow( o7 (v — ¢ lvly) + —Z zi1— +1v)1y E)Z] (B9
VL VN \/LVN n
i=1 ——

Mean ) Noise
Bias

where the noise term is given by

Ve 1 1 1
== W(Z(xi,l—Vﬂv)(xinL—énv)T—V(Iv—VILVILJ)).
=1

Here, the bias term arises from aggregating tokens at initialization; specifically, the aggregate-token
averages %Xi]l £ in (B.8) concentrate around their mean %]lv as L grows, and this effect appears
as the bias term. The noise term captures finite-sample fluctuations of tokens around this mean. In
(B.9), we explicitly factor out the typical operator-norm scaling 1/+/V LN from the noise term so
that the remaining matrix = has constant norm on average, i.e., E[||Z||3] =< 1.

B.1.2 CHARACTERIZATION OF NOISE TERMS

Signal. Using the mean component in (B.9), the informative term in (5.2) can be written as

N
. 1
Informative = 7| zig || 5€1 (ﬁ Z wIlZiE(V(l))TZout(pi - %]lv))

1
—1vy)

7||ztr1g,H2 AN T
= N Z Z m IV - V]lV]l )Z Zout(wi,l - %

VL2 out

Signal < ﬁ
+ negligible terms .
—_————

= o

viz)

The first term is due to the mean component; the negligible terms are due to the bias and noise in
(B.9). Standard concentration arguments for Gaussian matrices can be used to show that the leading
term scales as ﬁ, which gives us the Signal term in (3.1). The detailed derivations are provided
in Section D.1.1.

Gradient Noise and Mean Bias. For ease of presentation, we focus on the large-L regime where
we can use the following approximation due to concentration
1

1
ZZmXZ-XZTz; ~ aId. (B.10)
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Let x;, denote an arbitrary row of Xj,. Using (B.10), we can approximate the non-informative with

N
1 1 1
Non-informative ~ — . Z1 ZnE 21, Zow— 3 (@01 — —1
on-informative d\/mwm in out ‘N 2 (i1 v v)
Gradient noise
+ *VdmlTnZ Zln]]-VHZoutN E i1 — H + negligible terms.

Mean bias

The first term arises from the noise component = and determines the scaling of the Gradient noise
term. The second term comes from the bias component and yields the Mean bias term in (3.1). We
hide the contributions from the mean component in the negligible terms, since they are smaller in
magnitude. The fluctuations of each term can be bounded as stated in Theorem | using standard
concentration arguments. The detailed derivations are provided in Section D.1.2.

MLP noise. In this part, we consider the Attention-MLP model. The scores in (5.1) can be defined
in the same way for this case as well. Let {wy, } 7", denote the rows of Wi,,, where wy, ~ N (0, I).
For illustration, we work in the large-L regime and adopt the approximation in (B.10).

We define the MLP-noise term as the deviation of the scores from their expectation with respect to
the randomness in Wj,,:

MLP-noise := scores — Eyy,_[scores].

Under the large-L assumption in (B.10), the scores admit the approximation (see (C.1) for the full
form)

MLP-noise ~ x| Z,] —— de ;1 FW(Win; Zin, X1, X;) (%01 — w1v) Zoy Zows (zj1 — ©1v).

Here FW(Wiy; Zin, X, X;) denotes the noise induced by the finite width of Wi, defined as
FW(Win; Zin, X, X ) iwk(b ( ]IZinXi]lL>¢(%w/IZian]lL)
_E [wm <Zwk ZinXiILL)qﬁ(%w;Zian]lL)} . (B
For large L, standard concentration arguments imply that || %w;ZinX i1z H2 ~ L~'/? - 0. Hence
0 ($wl ZuXi11)o(Fwl ZuX;1L) - $(0)8(0),

where Assumption 4 ensures ¢(0)¢’(0) # 0. Since E[wy] = 0, replacing the ¢-dependent factors
by this constant yields, we have

FW(mey Zin, X, X]) - % i Wk
k=1

Substituting this into the expression above gives

m N 2
MLP noise ~ Zlfcl putZiEwk HZOut Z T;1— Hz

- AL

<o(wm) “O<N)

Here, the terms can be bounded as in the displayed equation using standard concentration arguments,
which yield the scaling of the MLP noise term in (3.1). The detailed derivations are provided in
Section D.3.
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B.2 PRELIMINARY RESULTS: CHARACTERIZATION OF GOOD EVENTS

We start with characterizing “good events” which we will use in the proof of Theorem 1.

Lemma 1. We considerl € N, and V3 > N >V > Land L < V¢, and d < V' for some
e1,e2 € (0,1). For the following we define, m;; = (1 — 1/V)8;; + L. We define the following
events:

(El) Let z, = Ziney, and z, := (zx, + Li=1Z4rig). We have

(E1.1) $|ZinZ,) ||2 < 2 and maxg<y || zill2 V ||zerigll2 < 2 and max;z;|(2;, )| < k:%/.
logV/
(E1.2) J1Zinlv]2 < 2and 5112 Zinlv oo < 55
3
(E13) [ Zulv| < 2logV\[% and |2} ZuZ]Zuly| < CxlogV(¥)? and

21 Zuuding (2] Zin)

< Cklog V\/E

ZmXT]lL| < E;CFXT]].L + CK log Vw

(E1.4) Foralli € [N], |z

(E15) Foralli € [N, |1} Z] Z;, X 1,| < L+ Crlog V|| X, 11|24/ %-

. X, 1.2
(EL6) Foralli € [N, |2} ZinZ] Zun X 11| < 2 (e X 11 + Cic log VIX2rl2),

(E]7) For all Z,j S [N], %HIXJZ;meXlT]lL — mij| |%]1LX]TXZTHL — mij| +
X1 X1 °
Cx X, L||2LH g trlle 1\%v

(E1.8) Foralli € [N],

)
Tzl < Cr(ef N 1y + L 4 1og0 v INe Leaillz),

in \/E
(E2) We have
(E2.1) Foralli,j € [N], |+1] X; X, 1 — myj| < O 1;’%‘2
(E2.2) Foralli € [N], ]lL||oo<10gLand||XT]lL||0_f
(E2.3) ‘||N N wlls — ,’_ log Nand‘HNZfilxi—%]lsz—% < Ck 1Jovg\/1j
a1 55w - fﬂvnm e
2
(E2.4) Zi\fj:l“]‘mi:mj -4 < % and Z” \(lg—a;, — +) < 45 and for any k € [V],
N
| Ty er — Fl(Lomer — 3)] < G
e Cklog® Vv
(E2.5) ||S1]l2 € 757 and [tr(S1) — (1 — $) 7= (% + )| < Cloa
Cklog>V Cklog® Vv
(E2.6) ||Sall2 < 5595 and |tr(Ss) — (1 — $)2 42| < 1I\</\/§T/
(E2 7) —C§\1}3§ 4 V21L2 ILV]lv = SS N V2L2 ]]-V]]-; = C};vli))giv V212 :l]-V:[]-—r
Ck log?V
(E2.8) HW SN NS = S )L 1T (N - V]lL_l)THQ =Ll

For any K > 0, there exists a universal constant Cx > 0 depending only on K such that

PUEDIX ) > 1 o and BI(E2)] > 1 - T

Proof. For (El):

* By Proposition 4, we have ||+ZinZ,] — 1142 < 2\1/0‘%/ and by Proposition 6, we have

maxy<v||2kll2 V || Zuigll2 < 2 with probability at least 1 — CVd exp(—clog® V).

* By Proposition 6, \F||Zm]lv||2 < 2 and \FHZTZm]lVHOo < 213/%‘/ with probability at least
1 — CVdexp(—clog® V).
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By Propositions 6 and 7, we have ﬁp;zmm < 2oV ang |lzf ZinZ.) Zin1y| <

Vd
3
Ck log V(%) > with probability at least 1 — C'Vd exp(—clog? V). Moreover
1 Y 1
V Z;Zindiag(zi—gzm Z |Z1H Zi, zk ZszH zlaztr1g> szzk ’
i=1 ——
76 Hék €+[-Ck,Ck]

where we used previous items to bound the last term. For i # k, by using Lemma 3, we have for

p< g

d(d+2)---(d+6p—2)
dsp

Ellzill5" |(zi, z) 7] < d P E[|2i5°)(2p)" < d7727pP < dTr2trpr

Therefore,

Bl =087 (20, 20)7)% < 472 /p.

By Proposition 15, we have for2 < p < ¢,
2p ﬁ _1 1p /
<ca |\ L+ vit ]
} = vy

By using p = log V', we have the bound in the statement with probability 1 — LK

E H %Zgzindiag(zizzin)

* By Proposition 6 with probability at least 1 — %

¢ Zin X, 11| < lef Zi, Zin X, 11| + L1204, Zin X, 11|
| X, 1.2

<el X1y +CxlogV T

By the union bound, the item follows.

* By Proposition 6 with probability at least 1 — iz,
\%
1020, 2 X 1| < 10X 1p + Crclog VX L2/ —

[V

* By Proposition 7, with probability at least 1 — CN exp(—clog2 V), we have
T
2] ZinZ Zn X 1| < 2 (ef X1, + Ciclog VIX2EL2) for all i € [N].

* By Proposition 6, with probability at least 1 — V%

1 X 1L]2] X, 112 logV
1) XX 1, —my; £C J : )
7oLt AL T M E LR L Vd

* For the last item, let ny = ]lz_lNiek. We have

1
Zﬂ{XjZ;ZianﬂL —my =

v
1 L 1
ZinNzTNiZi—rrle = nk(||zk||§ =+ ]llzlzszg — &)zk =+ Ezk + an (ij;-r — gId)Zk
j=1
J#k
By Proposition 12, we have

Zn] Zjz; —fId)zk 2p %<C(p—1)6E zvznj(zjz;—lId)zk
d

T2 #k

.
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C
< Z-DOINT 13
Therefore, with probability 1 — ¢ L we have
L N1,
| 20N NiZzells < Cic (e + — +log H\/Ez”)

For (E2):

* By Proposition 9, we have the first item with probability 1 — ‘J/V—K
* By Corollary 3, we have max;c(n)|| X, 11 o0 < log L with probability 1 — VLK for large enough

L. For the second part, we define nj := ]l—LrX ier. We observe that

1. L
E[|| X 11lo] }:Pnk>o ( (L—V)) 1(1—§V+o@ﬁq)
By McDiarmid inequality, we have
T L 2
IP’HHXZ- Ll L(1- >+ (L/V))’ > VILlog V| < 2exp(~2log” V),

2V
which gives the result.

e Letn = Zf;l x;, where E[n] = & v Ly. By Proposition 9 with probability 1 — 7 =, we have
1.1 1 2 1.1 1 log V
“n- 11 1- x| = |lgnla- -5 -l <c

Lastly, by Corollary 3, we have [|4n — 1y [l < GH)

¢ We have

N N 9
e~ 1= (S e~ - 20 )+ 20

i,j=1 i,5=1

=<1—§>_Z_<nmi—% L+ B0 1)
:“—3)“; W, + -

=
2 2 oN, 1
— V (Z r;=er V ) + 7(1 — V) Z(]]-mlzek - %)
=1 i=1
N 2 N
= N¥( ‘2/ <ek, ! Z >2+%(1—%)<ek,%2(ml—%ﬂv)>
i=1 i=1
CN?
s e

* The events for Sy, So and S5 follows Proposition 10.

* (E2.8) follows the second item in Proposition 9.
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Proposition 1. We consider the parameter regime in Lemma |I. Let ¢ =
supy, | k2>1|¢(k1 (0)¢¥2)(0)|. The intersection of (E1) and (E2) implies the following events:

(R1) Foralli,j € [N, |:1, X Z] Zin X[ 11, — mij| < Cpe (1Y 4 22

(R2) sup, jlas; — &/(0)2 V |8y — 6"(0)$(0)] < £ (mij + Cic '8 + Cpc 1221

(R3) Let A, iy = Ay iy — ¢'(0)4Ziy S, Z,] for x € {1,2,3}. We have

- sup; ey [ Avirll2 < CK¢’(O)2(N3L3 + vare V/\L21AL\/E)'

) CxkVV (_1 1 1
- Supi,re[N]||A2,W||2 < d% (NL2 + VVL VALMLx/E)'

- We have A3 ; = v2L2 5 Zinly 1y, Z,] such that

Ck¢'(0)* IR S U A SN SN S
N <NL+\FVAL2ALI>+< L+\/NVAL2AL\/&)'

sup |537i,«| <
i,rE[N]

(R4) Foralli,r € [N],

- We have
#'(0)* 1 1.1 sl 1 1 1
A — - 1———IH<
H b d (N+( V)V) |l = Cxe(0) <NdL3+VdL2VAL2AL\/;1)
log V' log?V
/
+ Cr¢'(0) (L2V3/2\/&+L2N\/Vd>'
- We have
HA | _¢,(0)4(1_l)2L—1IH CK\F< 1 1 1 )
2ir d vV’ I2N dvNL \NL3 V\FLVALML\/&
logV log®> V
+ Cxo' (0)* + )
x#'(0) (NL\/Vd N\/LVd)
- We have Az, — ¢/§8) V2L2 Zmllv]lTZ—r = 635; Zm]lv]l;Z; such that
- Crd' log“ V'
|A37Z.T| < M
NVV
Cx¢'(0)2/ 1 1 1 1 1 1 2
+t— = )t =t =] .
N (NL WVALMLx/E> ( L \/JVVALQAL\/&)

Proof. We have the following arguments.

* By (E1.7) and (E2.1), we have (R1).
* For (R2), we assume (R1) hold. Let w; = tw ' Ziy X' 11,/ 1 Zin X, 11||2. We write

| [0/ (14 200 X 1 law) o/ (14 20 X7 1 ll205)] = '(0)2

@) & B [045] 0ty g0
— | 3 I Zu X104 2 X 1Ll 6D )6 0)|

u,v=1

=1, X2 2, X, 1,6 (0)9*) (0)

E*: H 1[ Zn;( ILZ ||u2H*1[ ZnX I |‘U2M¢(u+l)(0)¢(v+l)(0)
= ' ‘ ' ] U'U'
u,v=1

u + v is even
utv>2
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©) ¢ log V' log? vV 1
Sz(mij—FOK Nz CK\/i L)—FO(ﬁ),

where we used Taylor expansion of ¢ and E, [w' Ziy X;" 1] = 0in (a), E[Z}'Z§] = 0if u+ v

is odd for jointly Gaussian (77, Z3) in (b), and (R1) in (c). Similarly,
|E[s" (I ZmXT]lLszz‘) (I Zw X 1L l2w;)] — 6(0)0™(0)]

wi'wy
[ - }¢u+2)( )¢(v( )’

= | Zn L2 X L 20 X
(2)(0)

u,v=1

1, X;Z) Zn X, 1,6(0)¢

1
[
k2 1 1
+ > ZinXiT]lL\\§||ZZinXg-T]1L||2
wt s oven
ut+v>2
b logV log? vV 1
< Z(my; + CK K =).
< 7 (my+C NG +C \/VAL)JFO(LQ)
¢ For (R3), we define
N
Ao (L 0V (s — LT ) (@ — 11T
1,ir = LNZ(OL”_(b(O) )(mj_v V)(mj_v v)
j=1
N
< (7 S0P — 1) — $10)T)
LNj:1 . 7oV
1 al / 2 1 1 T
+(ﬁz¢(0) (x; — v 1v)(x; — 31v) )
j=1
N
1 T
(Lle Qpj — :I:jf%]lv)(a:j +1v) )
N
+ (53 Do = 90 — 1)@ - 1))
N ij J T vEVI\L T AV
j=1
N
(i (arj — &' (0))(m; — 21¢) (2 l]lv)T)
LNJ:1 rj J Vv J \%4
We have
. C/ (0% supslovii — &/ (0)%] o 13
1Ayl < SO suDil = OO g 1% (0)2 suplay — ¢/(0)2]11S4 )
LN i#]
1 1 1 )
V2L2V AL2 ALV

(d)
<
Cy'(0 ) (NVL3
where we used (R2) and (E2.5) in (d). By (E1.1), we have
1 1 1
o ) .
VAL2 V A L2 A LVd

181isll2 = 1 2B e Zillz < C6' 02 (375

Moreover, we define
N
Tyl )l (e — +1v) )

LS (i — 0 (0)2)(

AQ,ir = (NL :
j=1
24

.
N -
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N
1 , o o
X (M;fb 0)*(z; — $1v)1;, (N} — 1yl ) )
N
i / 2 T 1 T . 1 T
j=1
N
x (7 2oan =07 @) = $1)LL(N] = $1v1])T)
j=1

We have

[Azirll2 < ¢'(0)%]1S2]13

N
1
7 2y = 0 (@; = FLILL (N = $1v1f )|
J

+¢/(0)%]1S23

N
1
7 2 = ¢ 0 @; = 1)L (N] = $1vif )|
1

Hﬁ Z(aij —¢'(0)*)(z; — %le)]lzq(N]T - %]lv]lz_1)TH2
1

1
< |5z s = SO @~ 1T (NT — AT
N
| S — 0@ — FLOLE (N — 117"
NI i 5 — viv) L 11V vVEiL-1 9
—
=
(e) C sup; |a—¢/(0)2| 1 N
i#£j 1% 1 1 T
v oo | |+ 3@ - 2@, - 217
NLVL VL N = ?
i
sup;z;lai; — (02 1 o~ 1 T T 1 T
* VL HNL DN =l ) 1] (N = 1) Hz
—
=
()RS C 1

< + .
= NLVL VYLV AL2ALVA
where we used (R2) and (E2.1) in (e), and (R2), (E2.5) and (E2.8) in (f). Then, by (E2.6), we have

C(1+1 1 )+02(1+1 1 )2
NVL\NL3 VLV AL2ALVA NL> VVLVAL2ALVA

1Az l2 <
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Therefore, by (E1.1)
TP T CVV [ 1 1 1
||A2,w||2— ||ZmA2 er H2 >~ dr( % + V\/ZV/\LQ/\L\/E)
Lastly, we define
A L / T 2 1
A37zr (N Z(au (b (0 ) ( (CCJ — V]lv))
— —
1 ZV 1
+ <N Z¢’(0)2(CE; ) ( Z (0 — )z — %lv))
j=1 j=1
1 S 2 1 e . 2 1
+ (5 Dt = 00 (s - #1v) (5 Dolaws = #0))(@; - +1v))
J=1 j=1

) (B.12)

L 002 (L N ;;) + (2 ! _
- N \NL /NVAL2ALVd \FVALMLI
We observe that Ag ;, = Vzig inly ]lTZII, and by (B.12), the last result follows.

* For (R4), we assume (E1.1), (E1.2), (E2.3), and (E2.5)-(E2.7). We write

or1-34) 1 1

Al,ir QS(d) L2V (N—’_V)Id
tr(S 11-3),1 1
r( 1)Id_7 L2V (N+V)

= Ay +¢'(0)* (ZinS1Zin + 7 pi Id)

YO -9) 1
HAL””_ i Wy IdH
1Sillr |, Ix(S) = 42 (% + )]

<Ay ir|l2 +2¢'(0)* log V Nz d
log® V )

1 1 1 logV'
< 1(0)\2 1(0)% .
< Okt O + a2 VAL2A Lﬁ) + a0 (L2V3/2\/3 TNV

Similarly,

#'(0)* 1 ,L-1
HAQ’”* d (1*V) L?NIde
| Sal| N |tr(S2) — (1 —

< || Qg2 +2¢'(0)* log V i ;

)2

h
L

<[~
5
=
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CkVV s 1 1 1 log V log® V
< K‘F( . )+CK¢’(0)4< 8 % )
dVNL\NL> VLV AL2ALVA NILVVd NVLVd
Lastly,
#'(0)* 1 T,
Asir = 3 yaga ZnlvilvZ,
N
1 2 1
= As, (H x; — =1 H _ ) Zinly 1] Z].
3, +¢ N - % V) 9 V2L2 1% in
By (E2.3), we have
CK*log®V 1 12T < (H N 1, )Hz 1) L g 1lz]
N\/V V2L2 indVv in — N V v N V2L2 in 2V
=1
K21 1
L CK’log’V Zinly 1) Z).

- NVV V2L
By (R3), the result follows.

O

Proposition 2. We recall that zj, = zj, + =125 Given that (E1) holds, the following statements
hold:

(P1) We have fori # j and any k € [V],
C

‘E[(ﬂmi:% 002 20X X2, 20 X] X, Z) 22| < 5.

(P2) Foranyk € [V],

L I?

T T L L7

E[|| Zin X, X:Z 24|31 Z0n] < C(d n d2)'
(P3) We have for i # j and any k € [V],

< C’log2V.
S—p

m mn

‘11«: [(loima, — 2)2) Zu X[ X, 2] 2011 Z], 20, X X, ZTzk|Zin}

(P4) Foranyk € [V],

Vlog2V<L L2)

E (102 Zu X[ XiZ021)" 2] < O——2— (T + 5

(P5) For notational convenience, let
L 1
¢i=2] Zin (XTX - VIV)Z;Zm(XJ - SIv1])1.
Forany i,k € [V],

CLlogV L?
]| < —/—==— < -4+ =),
|E[€|Zm]| — m [g |Zln] ClOg V<d d )

Proof. For the first item, we have
E[(lo,—2, — ©)2) Zin X, XiZ, Zin X X; Z;;, 21| Zin]
(@)
= E [(lo,=a, — )2k Zuntiw, Zy, Zinx ;x| Zi) 25| Zin]
1

1
== [z;Zmac x Z! Z,xx] Z, z;g\Zm} - —2] ZwZ! Z,,Z] ;.

V3

<
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C
< Y7 1
— Vd
where we used the independence of the rows of X in (a). For the second item, we write

L

VszZindiag(ZiIZin)Zizzk

L(L-1

+ %Z;—Zinzgzinzi—gzl—cr
L L?

< — —_ .

<o(3+ %)

B[z} ZwX,' X Z! Z;,, X X, Z,) 2,.1Z:] =

For the third item, we have
E[(lai—a, — ©)2k Zn X, XiZy, Zin Ly 1\, Z;, Zin X[ X; Z3 2| Zin]
=E [(lo,=a, — )24 Zunwix; Zy, Zinly 1\ Z;, Zinw e, Z;j 21| Zin)

mn

1
:VIE[ Zinxix! Z;, Zinly 1\, Z,, Zinzix] Zi2i|Zin)

1
— Wzgzinzgzm11V]1$Z;Zinz;zk

log V

<C

For the fourth item, we have
E [z} Zu X, X, 2 201y 1] 2, Z:n X[ X 2, zk\zm}
= LE [z} Znziz] Z}, Zin v 1) Z} Zinziz Z,} 21| Zin

L(L -1
+ %z{ ZiwZy Zinly 1y, Zy), Zin Ziy, 2k
LV1og’V  L2*Vleg*V
<o(=F—+—3—).

For the fifth item, we have

E 2] Zin(X] Xi~ £ 1v ) 20,20 X 11|20
L2
—E [zgzinxj X, Z] Zn X[ Xi|zin] Ly — 57 ZZy Zuly

LQ
= L2 ZE [wia] 2, Zwia] 12| 1y T3k Zin i Zinly (B.13)
By (E1), we have
CLlogV
(B.13)] < ==222
VvVd
For the second part, let n; := ejTXiIl . We have
L
7) Zin (X' X, — =1v) Z,, Z; (X[ — ]1V]1T)]1
v v
v 4
:Z(nj—% zkzj j (Z nl—— zl)
j=1 =1
vV v
=3 (n — L)z 22 2. (B.14)
j=11=1
Let S = (sji)jicv] such that sj; == 1(z, z; JT z 4z} z1z] z;). We will use the third item in
Proposition 8 to bound second moment of (B.14). We bound each term separately below.
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* We have
1 - 1+
tr((Iv - 1v17)S)| = [6(8) - 1751y
1
- v‘z,jsz[mla;Izgzmml] - 2 ZnZi Zuly
< ClogVVV
—= \/a .
e Moreover,
1T51TS—522S21T52
tr((IV—V]lV]lV) (IV—V]lV]lV) ) = tx( )_V” ]1‘/”2+W(]1V 1y)".

We have tr(S?) < % and

v v
1 1
T T, T T, T T, T T T
e, Sly = 3 E 7, zjz; 21+ 3 E 2, 212 25 = 21, 22 Linlv + 2, ZinZy, %5
=1 =1

Therefore,

1

CV21og®V
< ——m—
v

1
tr((Iy - 5 1v1])S(Iy L 17)S)| < ——;

* Moreover, ||diag(S)||3 < %.

Therefore, by Proposition 8, we have

zin} < Clog? v(% + L—z)

L 1 2
E [(zgzm(xjxi — CIV) 2] Zn(X] - 7]1‘/]12)]112) =

Vv

C PROOF OF THEOREM 1

We consider the following technical assumptions for the subsequent proof.

Assumption 4 (Technical conditions). We work under the following conditions:

» Permutation. Without loss of generality, assume 11 = Iy,.
* Learning rates. Take 1) = oy (1), chosen sufficiently small so that we can write py = 31y +O(n).

* Activation. We consider a polynomial activation ¢ with a degree of p, satisfying:

= ¢(0),¢'(0),9"(0) # 0
— The smallest non-zero Hermite component of ¢ has index q., ie, ¢* = min{k >
0| E[¢(Z2)He, (Z)] # 0}, for Z ~ N(0,1).

Since the learning algorithm does not assume any structure in the ground-truth permutation, we
may, without loss of generality, take it to be the identity. This simplifies the notation in the analysis
below. The learning rate 7 is chosen sufficiently small so that the network output remains close to its
initialization %]lv, which simplifies the analysis of the three-step gradient descent algorithm. The
assumption on the activation function is technical and is needed for the analysis of the three-step
gradient descent dynamics; however, we believe that such an assumption would not be necessary for
general multi-step training.
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C.1 ATTENTION SCORES AND THEIR ASYMPTOTIC SCALING

Let X be an independent copy of input sequence. By using the technical condition above, we de-
compose the attention scores in to three terms s1, so, s3 € RL:

1
XZL W)

N
— X0z Y X (I = F1L11) XiZ;,

ij=1
X Zian—-r]].L(wj - %RV)TZ;tZOU‘E(xi - %ILV)

N
ny T T T T
+ wapa XZinZin > BiXd (I — $1.1]) X, 2y,

i,j5=1
X ZlnX,LTI].L($J — %]].V)Tz;tzout(wi - %ILV)

N
+ J\’;Zszﬁlzianj (I,-11,1])X,2]

ij=1
X FW(W/II]’ Zin7 Xia Xj)(mj - %]]-V)TZ;ltZout(mi* %]]-V)
(C.1)

+ O(n*ypoly(d, N))

— 777(31 + 89+ 53) + O(n*ypoly(d, N)).
The following theorem characterizes the scaling of each term. We recall that {ey, - -- , er} denotes
the standard basis vectors in R,
Theorem 3. With probability at least 1 — oy (1), we have the following:

]ll=1 ]llzl 1
e Foralll € [L], | (e, 81) — ‘5 * ’
L [ten o) = | S Nviana T NVEd@a TR A D)
*[s2llc < 1 * :
2lloo = NVILd(LAd)  NLd(L A d)'/?

1
o s3]l S W

We first make an observation that we will frequently rely on in the following:
Proposition 3. For any p € N, we have
E[l|Avirl5] V E[l| Az,irll5] V E[ As ir[I5] < poly,, . (d, V, L).

Proof. By Proposition 13, we observe that o;; < poly,, (d,V, L). Therefore, we have
| A1 irll2 V(| A2irll2 V (| Az irll2 < poly,, (d,V, L)IIZinZLIIQ,

from which the result follows. O

D PROOF OF THEOREM 3

‘We observe that

T
XZLZIHXZT = (Zin)(T + Zinev+1elT) (ZmAXZT + Zinev+1elT)

= XZ] Zin X, + ez, ZnX] + X Z zinige] + ||zuigllzere] . (D.1)
In the following, we will consider x; = e, for a fixed k € [V]. We will write

(ngelT + ZinXT)el =z + Lj=1Z4rig = Zk, (D.2)
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D.3)

and
= (Zk, Zirig) €1 = [LkI€1-

(€123 Zin X T + |zuigll3€1€] )&
=Mkl

In the following, we will consider the event

Event := (F1) N (E2).

D.1 CONCENTRATION BOUND FOR s1

By (D.1)-(D.2)-(D.3), we can write that

Z iz Zin X[ (I — Z]lL]lT)XiZi—g

(er,81) = N2L2
1,j=1
X ZinX]T]].L(mj — %lv) Z;Ltzout(mi - %IV)
L N 1 T
kl

+ ez 2o diler = 7)) XiZg Zin X (2 = 1) 2oy Zow (@i — 1v)
ij=1

=19+ p.

We will analyze 1) and ¢ separately. We define
B; =B;; +B;>+ B, 3,

where
1 N
= (F7 L awl@s - #10)@; - $10)7)
=1
1 N
= (ﬁ Za” JT — %]]-V]]-I_l)]]-L—l(xj — %]].V)T)
Jj=1
N
1 1
Bi,3 = ]1\/ <ﬁ2a” )T)
Jj=1
D.1.1 CONCENTRATION BOUND FOR ¥
We define

p Zin X, (I - %hﬂ{)xizgzin

1
C; = E(wz - %HV)ZI@
1 1
= E(wi - Y1)z} 2w X[ X, Z,}, Zi,, — ﬁ(:pi - L1v)z) 2 X" 1,1] X, 2} Z:,
::Ciyg

::Ci,1

By Chebyshev’s inequality, with probability 1 — oy (1)
N
g r(Bi 2} ZowCi) = tr(ZOutN >

—(y o) s RS

=1
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Bounding J5: We start with bounding v, term. We have

11 & 11 & 11 &
el S, - 3l Sand, « Lt Somn),
2_\/a N;C‘ ,,1F+\/a N;C' ,,2F+\/g N;C 3|

‘We have
2
o |4 XL, CiBia }F < %(Zf\,fhl tr(Ci1Bin B, Cl)) + tr(Ci,zBi,lBLCIz))
2
¢ ’% Zivzl C;Bi, ‘F < % ( Zfr:l tr(CiQBi.,ZBZQC;,—z) + tr(Ci,2Bi,ZBZ2CI2)>-
2
s & 2N CiBus|| | < (2N 6(CiaBisV,LCT) + 1(CiaBis BI,CL) ).
We define the scalars
0ra-4),1 1 /(0)4 1.,L—1 /(0)4
t12=¢()( V)(7_|_i)’ t2::¢()(1_7)2 , ts = qﬁ() .
d L2 N VvV d vV’ L2N NV2L2

First, we will bound the first two terms. Let * € {1,2}.

Bounding first two terms. For i # r, by using the definition in A, ;- and A ;. in (B.3)-(B.4), we
have

1
tr(Ci1B;.B/,.C)) = 3 (Lo—a, — )20 Zin X, X Zi As i Zin X, X, Z4] 2,
ts
= 75(la=s, — Dzp Zin X, X2, Z0n X, X, Z,] 2,
1
+ ﬁ(nzi:zr — D)z) Zn X X Z (A — t.10) Z0n X, X, 22,
ts
< ﬁ(llm,;:.m -2} 2, X X2 2, X, X, Z}] 2,
1
+ ﬁ(]lm:zr - %)”A*W - t*Id||2HZinX7TXTZi—rr12k||2||ZinXiTXiZi£Zk”2~
By (P1) in Proposition 2, (E1) implies
b g1 W7z XX, 272, XTX,Z22.|Z Ct 1 D4
12 ( mi:mriv)zk inAy; NXjhy Lin X Xp Ly 7| Lin || S 2 Vd D.4)
Moreover, by using (R4) and (P2), we have
1
2B [(Leime, = DA — Ll 20X X 221 2| 2 X[ X 2 22 | Za

(o) O, 2
_ &0 (3 + vap vrpiya) T ¢ O (s + i), +=1
_Vd(L/\d) VYV ( 1 1 1 ) ’ 4( log V/ log® vV ) o
dVNL\ NL3 T vIvaraova) T ¢'(0) NLVVd T NvVIVd) *=2
- c 1 N c 1 1 N Clog® Vv 1
T N3/2JVA2L2 LAd  V3/2NL2 LAAV ANL2ALVd  NV3/2LY2d3/2 (L A d)3/2
(D.5)
On the other hand,
tr(ci,QBi,*BI*CIQ)
1

= ﬁ(]lwi:mr — D20 2 X 11] X, Z AL Zn X 1 1] X, Z 2

[

= ﬁ(]lmi:mr - 20 2, X, 1,1] X, 2, Z:n X, 1,1] X, Z ] 2,
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1
+ ﬁ(llmi:m — D20 Zin X 101 X Z (Asir — td0) Zin X, 11] X, Z,) 2,
ta
< ﬁ(ﬂmizm — D20 2 X101 X, 2, Z1n X, 1,1] X, Z ] 2,
1
+ ﬁ(lmi:mr — DA — L2 Zin X, 1.1] X, Zi 2k 2| Zin X, 1L 1] X Z4 2|2

By using (E1.4), (E2.2), and (R1), we have
by
71 E|(Lojme, — v)2) ZnX,; 101 X, 2 Zin X, 111} X, Z;) 21| Zin
Ct, log’V 1
< .
VLV ANL2ANLVALANA

Moreover, by using (E1.4), (E2.2), (R1), and (R4)

1
ﬁE (]]-ml:mr*%)HA*,ZT*t*Id”Z||ZmX7:r]]-L]]-IXTZ1—£Zk||2||Z1nXZT]]-L]]-IX7Zle”2 ‘ Zin]

log V. log? V
< L ¢/(0)2 N(}L3 + leL2 V/\L21/\L\/E)+¢/<O)4(L2V§/2\/E + L2]§Wd>’ x=1
— VL2(LANd VvV 1 1 1 rina( logV log® V .
(Lnd) | V.3 T v vazeazva) 90 (NLm toavoa) =2
T N32VALALNANd V32 /NL3ALANAV NL2ALVAd  NV3/2L5/2\/d (L Ad)3/?

(D.6)

On the other hand, for ¢ = r, by (R4),
tr(Cilei,*BiT,*CiTl) + tr(CiQBi,*BiT,*Ci—;)

1 1
= (- V)z;ZinXiT X, Z A, i Zn X X, Z] 2,
(1 - i) T T T T T T T
+ L4V 20 Zin X, 101] XiZi) AviiZin X, 101] X, Z) 2
t, T

n

1 Ty
< ﬁ(l - V)”ZinXiTXiZiTZk”% + ﬁHZmXiT]lL]lzXz‘ZinZkH%-

By using (E1.4), (E2.2), (R1), and (P2)

Ty ty
TS B[ Z0X] XiZ 203|200 + 17 B 120 XT 101 ] Xi 222132
Ct. /L L?\ Ct, 1
< (24 )4 D.7
*LZ(d d2)+L2L/\d ©.7)

Therefore, we have by (D.4)-(D.5)-(D.6)-(D.7) and using N < VL and L < V, we have

| 20]

1 & 2 1 &
Ef|+ ;ciBi,1 ||z ]+E [HN;CZ-BZ-,Q
_ c N C
~ N2dL(dANL?)(dAN L) N3/2/VdL2(d A L2?)(L A d)
N C 1 n C’log3 Vv
V3/2/NLA(dANL2)(LAd)V ANL2ANLVA ~ NV3/2/Ld(d A L2)(L A d)3/2
1 3
<— ¢ . + Clog”V . (D.8)
N2dL(dANL2)(dANL)  NV3/2\/Ld(d A L2)(L A d)3/2
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Bounding the third term. We have

1 N
lLyen
N; 3

We recall the definition Agﬂ-r in (R4):

N
2 2
’F S m ( Z tr(Ci,lBi,SBIE}CIl) + tI‘(CLQBi,gBI?’CJQ)) .

7,r=1

) 1 N T, N 7(0)4
AB,ir = (N;aij((cj — %]lv)) (N;arj(mj - %]IV)) — ¢§\7) .

We have for i # r,
tr(C;1B; 3B, 5C, ) + tr(Ci 2B 3B, 5C.,)

= %(nmi:wr - D20 Zn X X, Z) Az i, Zin X, X, Z,) 2,

+ %(1%:% — D20 Zin X 101] X, Z A 30 Zn X, 11] X, 24 2

< %(Mimr — )20 2 X X2 Zin v 1), Z Zin X, X, Z4y 2,

+ %(1 iz — ©)2p Zn X, 101] X, 2 Zin Ly 1, 2,0, Z3n X, 1 1] X, Z,) 2,
+ éjg’g(nmi:mr — N2l Zw X X Z1v 1] Z X, X, Z 2

+ ﬁ;‘L’(‘i (Loiw, — 2)2) Zin X, 101 X, Z0 10 1) Z0n X, 1,1] X, Z,) 2,

For the first term, by (P3),

t3 1y, T T T T T T T C¢'(0)* 10g2 |4
ﬁE |:(]]‘wi:w7‘ = V)2 ZinX; XiZi Zinly 1y Z3y, Zin X, X7'Zinzk‘ziﬂ:| < NV2LA g2

For the second term, by using (E1.4), (E1.5) and (E2.2)
t3
*
¢'(0)* 1 ( V)
< —— LV —
~ NV3LALAd v

E {(]1%:% - %)z;ZinXiT]lL]linZiIZin]lv]l‘T,ZiEZinXTT]lL]lzXTZiEzk\ZiH}

d
For the last two terms, by using (E1.1), (E1.4), (E2.2), (R1), (R4), and (P2),

715[(1@::::7. - %)|A3,z‘r|||ZinXiTXz‘Z£Zk||2||ZinX;rXrZ£ZkH2|Zin}+

n

75 B|(Lomo, = )80, 1 20, 200 X 101 XiZ2il12| 2, 20 X 101 ] X 22 i

e i 1) (T Y G )
NVV N \NL /NVAL2ALVA
T e .
d d*> d*> Ld/\NL /NVAIL2ALVA
_ C #'(0)*log? V C ¢'(0)*log? V D9
T NVBL2A(LANd)\V NLAANL2d  NV2LAQ2 JV A LA A L2d ’
For i = r, by using (R4),

tr(Ci1BisB/3C;)) + tr(Ci 2 B; 3B/ 3C/5)
1 1
= F(l - V)nginXiT X, Z! Az Z0n X' X, Z) 2,
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1
N Zn X 11 X Z) Az 0 Zin X, 101 X, Z) 2

1
+ ﬁ(l - V)Zk
_ 2
<z v Z! 2, X, X, Z] 2. ]* +
Then, by (P4), (E1.4), (E2.2), and (E1.5), we have
t t
SE (1) 2] Zu X X 2] 2,)? |zm} +E [(ILTZ-TZmXiT]lL]lIXiZiEzk)2|Zin

2
3 \]lTZTZmXT]lL]LZX ARAES

n

L2 in
C¢'(0)* 1og vV 1 d d?
< — 4+ — D.10
< e TrdltE v (D.10)
Therefore, by using (D.9)-(D.10) and using L < V and N < V L, we have
N
1 2 1
E [H* C:B, ‘ zm} . D.11
N ; 3| pl%n| < NZgL@n I @n D) (.11
Therefore, by (D.8)-(D.11), we have
< ClogV Clog’?v
Nfd(d AL2)Y2(d A L)Y/2 \/N(Vd)3/4L1/4(d A L2)Y2(L A d)3/4
Bounding ©;: We have
1 & 1 1 &
= tI‘(N ; CZ‘BZ'J) + tI‘(N l_zl CiBi72) +tI‘(N ; CiBiyg) .
=911 =012
We have
1 1
911 = 5373 Z aij(La—a; — 1v)z) Zin X, (I — Z11L11L)X Z]Zw (X[ - $1y1])1,
i,j=1
—-Liy1))1,

)X

(1-3) & T T [
Zajjzk Zian (IL — Z]].L]].L

X Zi Zin(X] — L1v1])1,

X Zin X (Ip — $101) X Z, Zin( X, — $1v1])1g
=t Y110 + V115 + V11c-
We start with the last term. By using Holder’s inequality,

Fl) swp oy —¢'(0)
i) €

19 c ( ]lm =x; ~ 7/
‘ 11 ‘ = \N2[2 JZ;' i =& N
x sup |zj Zin X, (In — $1017) X:Zy Zin (X[ — $1v1)) 1]
i#j€[N]
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< ClogV 1 D.12)
T VLVAVIAAV AL2ALVA '
where we used (E1.8), (E2.4), (E2.8), and (R2) in (D.12). Next, we consider 9115:

1
W110| = (N2L2 Zz;chm(aﬂXTX Z) 20X 1 — B [0y, X] X, 20 Zin X[ 15, |zin])
(1-v ) T T
+ NL2 ZmE [aux XIZinZinX1 ILL |Zin]
N
- (]I\I;L? > a7 Zin X[ X2 Zin Ly
j=1
1-H) &
- N2L Z zp Zin X[ 1.1 X, Z) Zin (X — $1v1])1,.

¢ For the first summand,

|| e

2
% (0 X] X, 20,20 X 11— E [0, X] X; ZTZmXTﬂL\sz} |zin1

2
- N3L4 [ ( I—chinXIXIZiIZinX;—]lL) |Zini|

C¢'(0)* T
< i Elel ZuXT X0 2] |2 (D.13)
where we used (R1) in (D.13).
By Chebyshev’s inequality and (P2), with probability 1 — oy (1), we have

1-4H &
2] Zingre O (00 X X, 20 20 X[ 10 — B [0, X] X, 2, 20X 11 |Z0n) )
Jj=1
T N3VLdVLAd
¢ For the second summand,
(1-v) 20 ZinE a0 X{ X123 Zin X{ 11 |Zin]
NL2 n 1 in“/1n<*1 n
(1—$)¢'(0)?
=z Ze B[ X X020 Zin X[ X0 |Zin] Ty
1 1
+ (NL2 2 2, Zin E [(an — ¢'(0)*) X{ X1 Z;;, Zin X{ X1 |Zin] 1y
1— LY (0 2 1 1\ 4 0 2
— %zgznﬁl [:B1:B1 Z Zm:clwl |Zm]]lv %Z;Zinzgzmlv
(D.14)
(-9)r TZ.E Z1Z,.X, 1,2 1
+ NLV Zp Lin [(0&11 _¢ (O) ) in€in<}1 L| in] (D 5)
l-v 1
Lo NLQV)ZZZmE (011 = ¢'(0)) (X[ X1 — £1v) Zy, Zin (X[ — V1V12)1L|zm] (D.16)
1— 1
+ (NLV)Zk ZinE [(011 — ¢'(0°) (X X1 — L 1v) Z,] Ziw v |Z10) (D.17)
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1 1
< ClogV + .
=e (Nx/Vd(L nd) | NL3A(L A d)>

where we use (E1.3) to bound (D.14); (E1.6), (R2) for (D.15); (P5), (R2) for (D.16); and (E1.8),
(R2) for (D.17).

¢ For the third summand,

N

1
W Z ajjzlj;—ZianTXjZiIZin]lV
J

—

/ 2
= QJSV(‘?L Z;—ZianZ;ﬂv +

¢/(0)2 al TZ XTX LI ZTZ 1
N2LV sz in( j 77V V) in4inlV
j=1

N
1
+ m Z(Oljj — Qﬁ/(O)Z)Z;ZinX;XjZ;Zm]].V.
j=1

The first term:

¢'(0)* ¢ T ’ ClogV
—=z, ZinZinZ 1y | < —=—=.
‘ NV?2 ok VI= NVVdE

The second term: By using

2[(S a2 (XX, b1 Zizn) 2]

j=1

al 2 LVN
_ T T L T _
_ ;E [(zk Zin (Xj X, - VIV)ZinZin]lV> |zin] ==
Therefore, by Chebyshev’s inequality, we have
(02 = ¢ ¢/(0)
Zm<X-TX- Ly )ZTZmIL ’ < 207
’NQLV;Zk j I vV in \4 _NS/Q\/V—Ld
Finally,
1 N
‘W S oy — qs’(o)?)zgzinXJTXjZ;Zmﬂv‘
j=1
< LHL i(a-- — §(0)2)ZuX] X, Z]
- 37 m=<=4 J“~in
NVVINL = 2
C
< —,
NVVLd
where we use (E2.8) and (E1.1) and (R2).
Therefore,

N
1 - ‘ 1 1
—— S a2l ZuX] X, 2, Zinly | < Clog V . .
‘N2LV j=1aJ]Zk J J“in \%4 0og (N\/Vd% +N\/VLd)

* For the last summand,

1- ) Y
% > 0jiz) Zin X[ 1,11 X, 20, Zin (X — $1v1])1,
j=1
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x (ag; XT 1AL X; 20 Z(X] = $1v1))1,

zin])

—E[aj; X, 1.1] X, Z, Zin(X,] — $1v1])1,

1—4)¢'(0)? 1
+ szZinE (X[ 1.1] X1 2] Zin (X, — Vﬂvﬂz)h |Z:]

NL3 k
1-3+ 1
+ ( NLSV)ngmE [(c11 — ¢'(0)°) X, 1.1} X1 2} Zin (X — V]ly]lz)]lL |Zin] (D.18)
We have
1 2
2] Zin E [(ajjxfﬂLﬂlez;Zm(Xf - V]ly]lz)h) |zin} AR

L L?
< CL%2] ZuE (X[ 1] X0 | Zhze < CL* (2 4+ ).
Moreover, by using Proposition 8
1
E [XlT]lLﬂXlZ;Zm(XI—V]lv]l{)h |Zin]

=E[X| 1.1} X122, Zin X 11|Zin] — Ly (X[ 1.1] X1Z, Zin1y |Zi)

v
L(L 1) C2L(L-1)

= LE [z1@] 2] Zinz: zin}+<Ttr(Z;Zm) Tn&z;zmﬂv) 1y

L(L—2)
BV

+ Z] Z1y.

Lastly,

1
ZinE (011 — ¢'(0)2) X[ 1,1] X1 2, Zin (X, — V]lv]lz)]lL |Zi]
1
1%

I+
) NL3°F
! T
< NI? Tyl )l Zin]
ClogV
= NL5/2\/E7
where we used (R1),(R2), (E1.4), (E1.5) for the last inequality.

Therefore, by Chebyshev’s inequality, with probability 1 — oy (1), we have

E [lons = /(012 2 X 10| 1] X1 25 Zin (X —

1 1
(0.18) = ClogV(NLQ\/m * NLm)

Therefore, we have

1 1
) <ClogV + . D.19
il < ClogV (o gva  NBVERd) 19

Finally, we consider ¥114:

)ximj)zgzin(xj — L1y,

o
s
Il
_
|
=
=
h
=
N
=]
/N
-
NE
=
8
[
K)i~!
I
<[~

|
S
=
e
[]=
N
=
N
5]
|
(=
8
I
&
|
<[~
B
=
e
>
+
I
-
=
8
=
SN—
N
5]
N
5]
s
|
<
=
<
=
S
=
h

<.
Il
_
o
Sl
Sl

i N1) Zi—IEZin(.’Bj — %lv)

+
5SS
=
e
NE
L
N
=
/N
N
NE
=
8
|
k,Ei
|
<|~
z
4‘

<
Il
—
.o
Rl
S

002~ 7, (L5 ONTNZTZ (NT - 2101T
+ > 2l Zu (57 D (Laima, = $INTNG) Z0 Zin(N] = $1v1]_ )10

<
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N
¢ (0 1
-5 Z TZm(NL > (oima; — %)NiT]lLJlZNq;) Z Zi(N] = L1y1]_ )1,
i 1=1
i#]

= ﬁaa + 19ab + 19(10 + 7-9ad + ﬁae~

For the first summand, we write

. Lo (02~ 1, (1 v LT ,
Vaa = (1= f) NL Z k Zm(ﬁ Z(lmz—% — V)T )Zmzln(% - vlv)
i—1 i=1
! i)
719aa1
16/(0)° o~ 1 1 o ™ T T_ 1
+(1-) 3 7 Zm(— 3 (loia )z, )ZmZm(N] ~ 1,1 )1,
L' NL = NL 1TV v
1#£]
=V qa2
We have
0)2 N N
I'ﬂaa1| < (NQL g; Ti=x; )Sip ]lw #erZ) me Z; ZTZm(:B V]lv)‘
2 N N
(N2L2 DD May—e, — #l(lay=e, — %)) sup|z) Zinerey Zy, Zin(z; — %le)‘
i J
= z#
(NQVLQ |]lm7_ek — ) sup\zk mekeZZiIZin(mj — %]lv)’
j= 12 1
C’logV
SVRva
where we use (E1.1) and (E2.4).
Moreover, let
1 ¢/(0)° o
ﬁaaQ = (1 - E) NI Zﬁaalj-
j=1
We have E[0442 ;| Zin] = 0 and E[J442,j0aa2,j/|Zin] = 0 for j # j/, and
]Ew(zzaQ,ﬂZin]
CL 1 & T 1
< 71[*3 [ ZIH(N—Z L=, Tix; ) ( NI Z lo,—a,; Tix; )Zinzk\ in}
#J #J
N
CL [+ 1 N 1 . c
Tt [Zk‘ Z‘“(ﬁ ;fm )Zian(NL Z;“ )Zmz’“‘z“l} V2La?’

i#j i#j

where we use (E2.8) and (E1.1).
Therefore, by Chebyshev’s inequality with probability 1 — oy (1), we have
ClogV
|19aa2| =~

VNVI3/2d
Therefore,
ClogV ClogV

19010/ S + .
Wael < T2 75+ TavId
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Moreover, for the second term, we write

QNN

ol < (S5 s, - 1)
j= 11 1
v T 1 T
xsuplllmﬁeekszm(wZIL X+ X, 1,2))2Z] Zm(X ~ 11y1])1y
i#£j
2 N N
(N2L3 szmj—ek V| xi=ey *))
j=11:=1
i#]
x supleg Zin(exlL X + X 1€l ) 20 Zin(X] ~$ 1y 1)1,
N N
#'(0)? 1
+ (NQVL3 ZZ|]]'Z7—ek V‘)
j=1i=1
i#j

x suplz} Zin(exl] X; + XJ]lLe{)Z;Zm(XJT — L1y1])1y)
J

< C'log V‘
~ VI2d
where we used (E1.1), (E1.3), (E2.4) and (R1).

For the third term, we write

(0 o=t R e T ) )
Voo = S5 D2 Zin (Ni N, — IV)Z Zm(ﬁ Y (loyea, — &)@ — V]lv))
i=1 —1
i
N N
¢'(0)*(L — 1) 1
+ W TZmZTZm(N Z(w] - %]lV)(wj - %HV)T> Z(:BZ - %]IV)
j=1 =1
(0)2(1 — )L -1 N
IO g S e 1)
i=1
= 19ac1 + 19(102 + 79(103-
By using (E1.1), (E2.3), (E2.5),
C T T C
BllacalZ) < Faaygh BnZinZn it < Fapay
Moreover,
ElVacslZn] < Fpayagte ZnfnBnduti < Fapgm
Therefore,
ClogV ClogV
19(10 S . =, .3 anc S T —_ .3 -
Vol < Lo Vacsl < G N L3
Moreover, we have
[q‘gacl]
< ¢ iv:]E[zTZ (NTN L=l NzTz (NN - 2220 27002
= AT2V/2T74 7 k “in i i V) in in( 4 i V) k 1n:|
N2V2[Ad P
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N
c L—-1

=NV v ;E {Zk Zwdy Z’f|2m}

N
- Nevarad vE 2o [ Zn i En il T

i=1

C
< —.
— NV2L3d2
Therefore, by Chebyshev’s inequality, we have
ClogV
19(10 S T —_ .3 .
Vecrl < TNV
For the fourth term, we have E[¢,4|Zi,] = 0 and
E[ §d|zin]
N4L4 |:< Z ]lz;éj T;=x; 7]1V)Z;rzin
3,j=1
1 2
x NiTNiZhZZin(NJT—Vﬂvﬂz,l)h,l) |Zm}
c > T T T T 1 T 2
= O E (20 20N N:2J 230 (N~ V]lan,l)ﬂL,l) 1Z2]

i,j=1
C N
T T T
m Z [ ZmN Ni Z Z‘nN N Z Zk|zln]
«_ ¢
~ VIN2Ld*(L A d)
where we used (P2) in the last step.

Therefore, by Chebyshev’s inequality with probability 1 — oy (1), we have

0a| < ClogV
“N = NVVLdVI A d
For the last term, we have E[¥,.|Z;i,] = 0 and
E[Y 3P‘Zin]
=~ N4L6 |:( Z ]]-z;é_] ;=T %) /;ern

1,j=1

1 2

x NJ 1,17 N Z Zin(N] — V]lvnz,l)h,l) |Zm}
1 2
T T T T T T
N4L6 ; E [(zk ZuwN1L1] N, 2] Zin(N] — Vﬂan,l)nL,l) |zin]
L0 5
= NiLigy 2

7,7=1

Sﬁw(”g)

where we use (E1.4) in the last step.

E{ngmNiTnL_l]l _N.ZT zk|Z,n]

Therefore, by Chebyshev’s inequality with probability 1 — oy (1), we have
ClogV
NVVL3/2\/d(L A d)Y/2

[Fae| <
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Overall, we have

1 1
D11a] < ClogV + .
V11| < Clog (VL%/& \/NV\/Ld(L/\d))

Therefore, by (D.12)-(D.19)-(D.20) and using N < VL and L < V, we have

1 1
911] < ClogV +
Pl < Clog (VLZ\/& \/]VV\/Ld(L/\d))

(D.20)

1

1 n 1 ) ClogV
NVV(LAd)Wd  NL2VLAd

1 1
< .
- ClogV(N./v(L A d)Vd * VL2(L A d)1/2)

+ClogV(

Finally,
N

+
VINIVLANAV A L2 A LVd

(D.21)

1 T T T T
Vg = N2L2V Z Qi (Lo =a; — V) wZinX; (Ip — $1011) X2y, Zin 1y

1
N2L2V

I
MZi

<l=

i (Lo, —a; —
1

-
&,
Il

1

N2LV? Oéij(]laci:wj %) Zan Zinly

2N

Q

<
Il
_

1
- N2[3V 5

WE

1

* For the first term,

1

N2L2V Z az] Ti=x; %)Z;Zm(XZTXL - %IV)ZiIZin]lV

Z]—

< wov( D

¢'(0)? (
N2L2V

Wz

] =

+

2

le

Laima, = 1) sup (0 — ¢/(0)%)2] Zun (X[ X -

1 0]

v (3
- N2L2V

HMZ &
Il

NL2VH )Hoosf-p

< - -
L%F V(LAd)
where we (E1.2), (E1.8), (E2.3), and (R2).
¢ For the second term

1 N N 1
W ZZ aij<]]‘mi:wj - V)Z;Zinzi—gzin]lv

i=1 j=1

- N2LV2 (ZZ| Ti=Tj )Sup‘azgzk ZiﬂZi—lr:Zin]lV‘ <

=1 j=1
where we used (E1.3), (E2.4), and (R2).
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Taima, — 1) sup |(0i5 — 0/(0)%)2] Zin (X[ X, — &
i,

N
‘Z(nmi:mj - %)D sup ’(zgzm (X X:— L1,)Z]
j=1 !

)24 Zin (XiTXi - %Iv) Z Zinly

(Lo, — 5)24 Zin X 1,1] X, Z,) Zi 1y

Iv)zilzmﬂv\
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¢ For the third term,

N

1
G Z i (Layma, — ©)28 Zin X, 111] X, Z,) Zin 1y

i,j=1
1 N
< N2L3V( > Loya, — %11V|) suplaz) Zin X 1,11 X 2 Zin Ly |
irj=1 !

o (VE+ /%)
V22 /L Aad

where we used (E1.4), (E1.5), (E2.4), and (R2).
Therefore, by Chebyshev’s inequality with probability 1 — oy (1), we have

3 2
1] < Clog’V Clog~V

. D.22
NIVE T VIV (b-22)
By (D.21)-(D.22), overall we have
1 1 1 1
91 < ClogV + + n
' & (VLZ\/E VNVI2d | NVVLdVLAd | NLAVV(LA W)>
1 1 1 ClogV 1
+ ClogV + - + -
& <NW(L ANd)Vd  NyVd:  NL:VLA d) VVLA(LAd)V ANL2ALVd
1 1 1 1
< ClogV + =+ +
=8 (N\/V(L ANd)Vd  VNVI32d  VL¥2d(LAd)  V2\/Ld(L A d))
ClogV

VI2(L Ad)/2

D.1.2 CONCENTRATION BOUND FOR ¢

‘We recall that
I .
ki
o= N2[2 Qi (61 — %]IL) XiZiIZinX;]lL(:Bj _ %HV)TZ;EltZOut(ini _ %]lv)
ij=1

In this part, we will focus on the term

N
! T
NTL? Z Qg (61 - %]]‘L) X?',Zi—rrlzinX]—'r]]-L(mj — %ﬂ.v)—rz;tzout(mi — \I/J]-V)
7,7=1
.
= vz 2 ot (21 ZuX] Vil - $10)T 2] Lo (@i~ $1v)a] )
ij=1
N
. ! T 19 \T 7T 1 T
- > aijtr(zinzian 1(zj — v 1v) " Zgy Zous (zi — V]lv)]lLXi)
ij=1
= 1 + pa2.

For the first term, we write

¢'(0)

2 N
p1 = N2 Z tr(Zout(mi - %]lv)w;erZmXIILL(m] — %ﬂ.v) out)

TZT
7,7=1

N
1 1 1
+ W ijz:ltr(zout(()lij — d)/(O)Z)(.’Bz — V]].v)m;rZ;ZmX]T]].L(.’Bj — V]].\/)TZT )

out
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=11 + P12

We start with the second term. By Proposition 5, we have

1 1
P12 = Na72 Z (aij — (/)/(0)2)(]1@:% - V)szZiIZianT]lL

i,j=1
log” V|| w 2 1 T,T T LT
+ el 2 (e O~ e 202X s — 1) |
Let M = {(vij — ¢/(())2)aciTZ£ZianT]lL)}i’je[N]. We have
al 1 1
| 2 o = 0O e = Iv)ed 23 20X Ve - 17|
N
1 1 N
< IM|r|| Y@ - 1)@ - 510)7|| < 1M,
< Il St - 1= 107, < Tl
where we used (E2.5). Moroever,
N
ISIF = D (@i = ¢'(0)*)*(2] Zi, Zin X 11)?
i,j=1
N N
< (X Jaw = SO+ Jasi - ¢'(0)%) supla 2] 2 X 1.
i#j=1 =
N? N L
s( + 7)1+ 3):
(VALEALVA)? L d
where we used (E1.4) and (E2.4). Therefore,

1 1
el Z (o = OF) i = W) 202X 1i(a; = 10T
< = ( N @) <1

NV IL3/2Vd(L Ad)Y/2\V AN L2 A LVd VI2VL ANd
Moreover,
1 N
73| 2 (@i = ¢ (0 Laimo, — $)] 220X 1
ij=1
1 1
gi( ]1:_—i)su aij — (0] Z) ZnXT1,| < —
N2[2 l;:ll T =T; V‘ i,jE[II)\/']K J ¢( )) j L| VL2\/m
1
where we used (E1.4), (E2.4), (R2). Therefore, |p12| < VIV
Next, we consider |ps|. By Proposition 5,
T T T
P2 = N2 L3 Z =z, — v XiZ Zin X 11,
4,j=1
T T T
N2L3H Z WX Z) 2w X 1 — L1y) H

F

1
+ 13 Z (ij = ¢ (0)) (Lay—a, — ©)1] XiZi) Zin X[ 11,
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+ WWH > (i = 0 @i = $1) 1L XiZ0 2 X Lol — $10) |
ij=1

F
= P21 + P22 + P23 + P24.
For a4, we define M := {(a,;j - ¢’(O)2)]lTXiZ‘TZinXT]1L}i JelN]” Similar to above, we have
w24 < NVL3\f” ||
We have
N
M5 = (ai; — ¢'(00*)(X,[ 2] Ziw X[ 11)°
z’,j*l
<( Z laij = ¢/ (0)22) sup|1 [ X[ 2 2 X, 1|
i#£j=1 i#]
N
+ (Dl — ¢/ (07) supl1 [ X]T 2 Zin X[ 1.
i=1 i
2
vy )
(V A L2 A LVd)3
where we used (R1), (R2). Therefore,
1 N VN 1
[paul < ( +5) S —
NVIL2VAN(V ANL2ALVA)3?2 L VIL2VL Ad
For (93, we have
1 o 1
lpas| < m( Z | Laps=a; — V\)|$UP|(‘1U - ¢ (01, X Z, Zin X 1|
i#j=1 7
1 1
+ ——=sup|(ay; — ¢ ()1} X, 2 Z, X[ 11| S — =,
NI3 zp‘( 2 d)( )) L~“* L| VLQ\/m
where we used (E2.4), (R1), (R2).
For the first two terms, we define
ZXT]]-L '—Vlv) s 0,1 = sz Z; f]lv)
1 1 1 1
= 11 1 i— —1y) " = —ly— i—=1y)".
Vo2 NLZ L)oo (s % v) » Vo3 % VNL;(OE v v)
We have by (E2.5)-(E2.7),
¢'(0)* 1 H ¢'(0)? T 2¢/(0) 1
< —\zuvovy z 7(‘2 z < -
el < = A |20 VoV 2|, < Gy G F = LdLN ~ VI2d
Lastly,
/ O / 2 / O 2 1
L NVL2f NL2Vd ~ VL2Vd
Therefore, |@o1| < m
Lastly, we consider ;. By Proposition 5, we have
|11l

= ¢'(0)*tr(Vy1 Zip, Zin Vo 1) + ¢ (0)*t0(Vy)1 Zit, Zin Vo 2) + 8 (0)* Lt (V) Zi, Zin Vi 3)

1 1
i—HVTZ-TZinV H i—HVTZTZinV ) +
\/& 0,14in 0,1 P \/E 0,14in 0,2 F

L
— v, z! Z.. v
\/gH 0,14in 0,3 P
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* For the first term, by (E2.5), we have

1
(Vo Zin ZinVo,1) = tr(ZinVo,1 Vo1 Ziy) =

VIL?

¢ For the second term,

N
1
(Vo1 21, Zin Vo 2) = N*Z vIV) Vo 2 Zin(N] = $10-1) T

We have

2 1
E [((w] - %ILV)TVOEZ;Zin(NJT — 17 )1L) Zin} S

~ V2Ld

By Chebyshev’s inequality,

1
(VoL Z Zin Vi ’ <
( 0,1 072) ~ \/NVLS/Q\/g

¢ The third summand: We have
(L — 1)tx(Vy, Z3}, Zin Vo 3) < L Zin Vo ll2) Zin Vo 312
where we used that Z;,, Vj 3 is 1-rank. By (E2.5)-(E2.7)
L 1 1
Vi < < .
vale = L TG VLN S NI
* The fourth summand: We have by (E2.5)-(E2.7)

1 T T 1 T T ¢
ZalvhznzYs, = |z vz, < v

LI Vo' Zipl2]| Zin

* The fifth summand: We have by (E2.5)-(E2.7)
2
VohZnZuVoo| | < (VoL 2] 20 Voo Vi Zi Zin Vi )

1 Vo1 1
< t1(Zi Vo 1 Vi, — .
NLd tr(ZinVoa Vo1 Zin) < NLdV2L2  NVI3d

Therefore,

1 1
— vz z.vi H <
GV zzves| | <

¢ The sixth summand:

1
T T 7T
(L _ 1 H‘/O 1Z ZlIl%3H V2N]lvzinZin%,l‘/b,lzinzin]lv < m
Therefore,
L—1 c
- Vv—r ZTZmV H < —Fr.
Nz H 015 T03 5 = VL /Nd

Therefore, we have

B 1+oy(1) 0(1)
w_“’“l< VL2 iw/NVL3/2d>'

D.2 CONCENTRATION BOUND FOR s3

In this section, we will use 3 := ¢"(0)$(0). We have

out

N
1
6?52 = W Z B,‘jZZZinXiTXiZ;ZinXiT]lL(wi — %lv) ZT Zout(a:j — %]lv)
ij=1

out

N
1
- Nops > Bizd Zin X V1] X 2] Zin X (i — $1v) T 2y Zows(; — L)

‘,j—l

T
Aﬁgk[l} Z ﬂ” e ]LL) XiZiIZinXiTILL(wi - %IV)TZ;tZout(wj - %ILV)
1,j=1

=: Kk + negligible terma.
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D.2.1 CONCENTRATION FOR K

We will write x as follows:

N
1 _
h= s O (B~ B ZuX] X.Z0 20X 1
i,j=1
X ((Ez — %HV) Zoutzout( - %]1\/)

n N
/B —
+ o O A Zn(w@] — HIv) 2 Zu (@i + S 1)
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N ZinZ ) Zin X 1 (2 — S 1v) T Z ) Zow (s — L1v)
2 Z n“ininAq SLE T AV out Zout \%
N LV )

=K1 + Ko+ K3+ Kqg + K5 + Kg-.

By Proposition 5, we have

N
1 2 1y, T T T T
k1= a7z D B = B)ei=a, = )2 Zin X XiZ; Z0n X[ 11,

ij*l
log \%4 . - . 1 .
N2L2\/>H Z BU 7 ]1 ) ZlnX XZ Z X ]lL(wl_V]IV) HF
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N N 2\ 2, N A
L T T T To 12)2
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1
N N ) 5
1
N2L2 (Z (Z Bii = P) (L= v)) )
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N
x (Z(zgzngzm(xiT - %11V112)11L)2)
=1
<1 (@+N3/Q 1 )(L vV V\E)
~ N32LV\ L V VALRALVA/ \dVIANd 32
N 1 ( VN N N3/2 1 ) L
N32[2\ L V. VAL2ALVA/ VAVL Nd
1 1 1 1
+ + ,
VI2VA(L Ad):  NL32dVIANd  VLV2dVLAdV AL?ALVd
where we use (P4)- (P5), and (E1.3)-(E1.5). Moreover,

[SE

N
1
< 1 1 T
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N
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Therefore,
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kil S -+ + :
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By Proposition 5,
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N
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1
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where we used (E1.1) and (E2.3). Moreover,

N
1 . . . )
8|5 X 10 Zaleial - 10221 2]

1
< E [zgzm (miw] — L1v) 2] Zin 1y 1] 2] Zin (i) — %IV)ZiIzHZm}
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N NV 7 q2’
where we (E1.1)-(E1.3). Therefore, by Chebyshev’s inequality, we have
1 1
<
el S e T NIva
Moreover, by using Chebyshev’s inequality
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where we used (E1.1)-(E1.3) and (E1.8). Therefore, we have (D.23) < ]‘\ZQ 1+ L72) . Also,
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Therefore, we have
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Moreover, by Chebyshev’s inequality

N

=y (@~ 1)
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~ d lnNL_ 7 VVL L [ VV 9 dS/Q\/N
=1
< Vv
~ VNLd3/?
Moreover,
1 N 2
1\, T T T
E [(NQLV igl(]lwi:wj — )2k ZinZiy Zin X, ]lL) |Zin}
1 N N 2
— 1\, T T T
- W ZE {(Z(lmi:mj - V)Zk ZinZinZinXi ]1L) |Zin:|
j=1 i=1
2 N 2
T T T
< yiprvs OB |(F 2020 20X 11 ) (20
j=1

N

+ srazave B (
=

2
(Loima, = )2} ZinZih Zin X[ 1) (23]

e

Yl
S

N
2 2
< Nazrys 2 E (25220 2 XL ) (2]
Jj=1

N
2 1 2
——3E [H— N 2l 202 2 X 1y (@i — 41 TH zin}
+ Zy in [ L(Sc vV V) 2|

=1 =

2 EN E[ (2] 202 20X 71, 0] + —C
< . . f . .
AR Kz’f i Hin Sin i h) | ‘“] N2V Ld3’

where we used D.2.1 in the last step. We have

N
1 2
W: :IE |:<Zl—i;rZiIlZi—I|;ZinXiT]].L) |Zin:|
=1

2
T T L2 T L T Clog™V
< Wzk ZinZinZin<W1V]lv + VIV) ZinZinZinZk < W
Therefore, by Chebyshev’s inequality, we have
1
kel S .
Iwol = N VT

Overall, by using N < VL,
1| < ( 1 n 1 n 1 " 1 n 1 )
T \NVLd(LAd) NLALAd)Y? NLJVVd +NVLd +NVL2V/d

1 1
* <VL2\/aV2\Ed3/2>'
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D.3 CONCENTRATION BOUND FOR S3
We have
1 N
T T T T
elss =157 > 2l Zuw X X7
i,=1

Ly Lot T 1, T T
X (m;wkgb’(ka ZinXi ].L)QS(f'LUk Zian ]]_L)

—E [wid (Fw] 20X 110)0 (0] 20X 11) | ) @5 = $10) 7 20 Zowi (s — 1)

N
1 T T T T
- > 2 Zn X[ 1,1] X, Z}]
N2L? A

1 & i1, T T 1T T
X (m’;ww (zwi ZinX; 1L)¢<zwk Zin X, ]1L>
o Bt T3] ) et )

N

Lkl 1 T
+ N2[, igz:l (81 — Z]].L) XZZIE

(S (Ff 20 X7 10)0 (0] 20X 1)
k=1

=: v + negligible terms.

D.3.1 CONCENTRATION BOUND FOR v

We define
b= tr(ﬁ i(mi — L1y)7] Zin X, XiZgwid' (Lw)] Zin X, 11)
=1
X 1 isﬁ(iwkTZinXT]lL)(xj - i]1\/)TZoTutZout>
N~ J v
- tr(ﬁ i(mi -+ 1)z Zin X} Xi Zjwid' (w)) Zin X[ 1)
=1
X ;igf)(iw;ZmX;h)(wj - %]]-V)T>
j=1

log?V 1 N
4 log —HZ(mifLﬂv)zlazinxixizilww/(%w,jzinxjh)H2

N
1 T T
<IwEelielzaxi 1)@ - 1)

where we used Proposition 5 for the second step. We define
o(t) = ¢(0) + tep(t) and ¢'(t) = ¢(0) + teh1(t) and 1p(t) = 1 (0) + taha(t).

and write

N N
X 1 1
7y = $(0)¢/ (0) tr(—NL ; 2i2] Zn X[ X Zjwir ;(wj - %1V)T)
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+ ¢(O)tr<NL2 Z xi2) Zinxix; Z) wiw]
i=1

N
1
X Zin X 1 (pw) Zn X 1) D (@

N
1
+ qﬁ(O)tr(WZ x;z) Zin N, N; Z wpw]
i=1

1
X Zn X Loty (fw) Zn X[ 11) Z(mj - %RV)T)

1
(57 Do (@ = $1) Zu X[ XiZhwed (Fw] Zu X[ 11)

N
T T 1
XN; (kaZmX ]lL)L wl Zin X 11 () —

v
= U11 + D12 + D13 + D1g.
In the following, we bound each term separately. Let n,, := |{i € [N] : @; = e, }|
* We have
1 & n 1.n
S w w T -1 T
v = Z“Z_:(W — V) & Zin (ewe + L e IV)Z wy,
+z] ZmNL Z w2y Y (N;Nl- - %IV)ZIwk
Le{il,“',’inw}
We have by using Lemma 5 and Proposition 8
”w T L—1 T 2
fng S0 T (NN )z ]
ze{ih“winw}
L n 1 2
el S (rm-mafa
NLzl(N V)-e{'z- i vV Sin
w= i€{i1, ying

:ZkZmJ\ﬂL? Z { W_%)Q }

x E [(NlTNl _ %Iv)zgzin (NlTNl _

c -
< 7N2L2Vzgzm1@ [(NJN1 _ %Iv)zgzin (NITN1
B C

 N2VdA(LAd)’

Moreover, by using (E1.1) and Proposition 8§,

%IV) ‘Zin:| Zi—gzu.ﬁ

Vv
1 N I T 1
EKL;(N SN Zm(e“}e + 5 I")Z “”*) ‘Z‘“}
1 v n 1 n n 1
= w w, T w 2L-1 T
= B[l ( () evel + (O — )R ) 2012

14
Ny 1 Ny T Ny 1iop 2
S gt [H 2§~ ) ewen + (5 - V>2LV1IVH ‘Zi“}
w=1
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< [ G- 0%+ SRS - 2] < 7
Therefore,
B 1] 5 o
e Moreover,

2
7h < H 73 Z:c 2] Znwia] Zwow] ZuX] 1o (Fu] ZuXT11)|
We have for any i € [N],

1
Z;Zinxim;rzizwkwl;rzinXiT]]-L¢1(%w;ZinXiT]]-L)‘ S \/Z<]]-a:i=ek + 7)

Vd

Then,

1 N 2

T Tr,T T T T T
H—NLZ Zwizk Zinxix] Ziwew) Zin X 19 (Lw] Zin X, ]1L)H2
N
2

L (WA

~LAIN e Vel Y vdLes
Then,

1
e Moreover,

2

Zmz ZuN] NiZww] Zo X 100 (Fw] ZuX11)]

s = NHNL2 2

We have for any i € [N],

2} ZuN] NiZjwew] Zu X[ 1ovn (Fw] 20X 11)|
L

7

SVL|ZiwN N:Z ) zi|» SVL(ef N 1y +1+

Then,

N
2
T T 1,.,T T
|+ Z;wizk ZuN] NiZjwiw] 2 X 1 (b Zu X 11) |
1=

1 | Ly 1 1 < 2
T T
SN | ;”’i(h—lNie’“ 1+ 7) Hz SVIdLad) T N H ;m”lL—lN"e’fHQ

We have

1 - 2 1 1
. . <
e [H ;wzﬂLlNle’“HJ S ysp T Nve

Then,

1
ZlIl
EfFslZi] < NVLA(LAd)
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* Lastly, we have
N

N 1
P14l < HEZ@F% V)2l ZuX] XiZwid (fw] Zu X 11) |

HN Zw(ka Zn X, nL)L {ZunX] i - $10)7 |

By using the derivations in the two previous items, we have

HWZ(%— L1)7 2] Zn X Xi Z] wid! (%w,jzianﬂL)Hz
1=1

N
1
<[y Sl Bl e (ol 21

N
! T T T 1,,.T T

+ HNL2 Zaz L Zow N, N, Z] wiw] Zin X 101 (2w] Z X, ]IL)HQ
1=

+|¢’(0)HA}§: 2] ZwNT N, Z, wkH

< 1

~»mmwﬁwmu%;m—

é]]_v)Z;ZinNZ-TNZ‘Zink H2
We have

(i —

2
1 T T T
L1y)7] ZiuN, NZ-ZinwkHZ

a5 2 2|
N

1
7 E [ 3" (Laiee, — $)2l ZuN] NiZ], Z:,N] N, Z 2,
ij=1

1 L 1 L?
NIy L Zidiag(Z! Z2,,))Z, 21 + —

Moreover,

IN

zm}

1
ZmZ ZmZ Zp = 7(D25)

<
= NL2V2%k = NA(L A d)

N
1
H = S v(bw! 20X 1, )w] Z X[ 1 (2 - %JIV)THQ
j=1

N
1
= |1/)(0)|HWZ’U’;ZH1X]T]1L(% — %]IV)THQ
j=1

N
1
+ | Zwava (Fel 20X 1) (0] Zu X107
j=1
We have
"(/}2 (ka Zin X ]lL) (w,;rZian—-r]lL)Q) < L.
Therefore,

1

N
L Lo T T T 2
I ) O RN

Moreover,

HNL Zw’jZmX Le(2; _%RV)TH

2
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< |57 S wl Zn(X] - S 1)L - $10)7
1

N
1 1
+ V|’UJ,IZ1H]1\/|HN Z(wj — %]lv)TH .

j=1
We have
N Clog?V
- Hhwl Zulvl| & D) (2 - 3107 < S
— Moreover,
1 T v 1 T 1 T2
|3z 2 wi 2X) = piviD s - 1) |

NL <
j=1
1NXT Ly,17)1 ]lTTZT<1
X ﬁ;( i TV vip)lg(z; VV) inwkwﬁ'
]:
Then, for N < VL
Clog'® v
E[p2,1Z;y)] < ——2——
alZu] < SEra T

¢ On the other hand, we have

N
1 1 1 T T T 1,.T T
vl < —llaz > (e~ $1] ZuX] XiZhund (bl ZuX, 1),

N
’ H;f; o(Fol ZuX] 11 )@ - 1))

Note that

1 & 1 & 1
|3 2 e(tel ZaXT 1) (@ - b10)], = 0|5 Xtas - 710,
Jj=1 j=1

N
1 1, T T L T T 1 1
=Sy (tw) ZuX] 1 )f Z. X1, (@ — L1 H <
+HNJ__1¢(Lw’“ i L)Wk 5 (@ = v lv) 2™~ VN

Therefore by (D.25), we have
1
E [ 2 zin] < -
valZin| S NE@E(L A d)
Therefore, we have

1
E[v|Z;in) =0 and Variance(v|Zi,) < N

E LOWER BOUND

To prove a lower bound, we construct a Bayesian setting with the same likelihood distribution in our
setting. In particular, the ground truth permutation is chosen from the set of permutation matrices:

H = {P € {0,1}V*V | IT is a permutation matrix}.

We describe our Bayesian setting as a game between Environment and Learner as follows:
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* At the beginning, Environment samples P, ~ Unif(#), probability vectors without revealing
them to the learner.

* Learner observes L + 1 channel that generates words from the set V = {ej,es, - -, ey}
sequentially fort = 1,2, --- , N with distributions:
— Atevery round, Environment randomly picks a channel ¢;
— Label: Channel 0 generates p; ~;;q Unif(V)
— Input: Given /; and p;, Channel ¢; generates X, ; = P.p:
— Noise distribution: Channel j € [L]\ {¢,} generate X ; ~ Unif()) independent of Channel
0.

* Let D := {(Xy, pi) }+<n be the dataset. We study the Bayes estimator with 0 — 1 loss given the
representation of the past: S = f(D, ¢1.n):

P =arg max P[P = P.|S, Zi,]. (E.1)
PcH

In the following we consider the empirical mean and covariance of embedded words as the given
data, i.e., S := {(pt, X¢, pt) }1<n, where

Wy = %ZinXtT]lL + %gt and X; = %ZinXtTXtZiI + %Gt.
where {(g¢, G1)}i<n are i.i.d. measurement noise with distributions g; ~ N(0,1I;) and
Grij = Gy ji with Gy 45 ~ N (0, 122)) i d. fori < j.
Theorem 4. The following lower bound holds:

) Q(N) L _d  C &
PP # P,|Zy] > 1~ ov(1) - —— | 1A (= 0% LlogV
[P # P|Zu] 2 1 - ov(1) - — <A(aﬁLlogV+0§;L10gV)>

We use an information-theoretic argument to prove Theorem 4. For the proof, let H(A) and H (A|C')
denote the entropy and conditional entropy of A given C; let [(A4; B) = H(A) — H(A|B) and
I(A; B|C) = H(A|C) — H(A|B, C) denote the mutual information between random variables A
and B and the conditional mutual given C, respectively. We let Dk, denote the Kullback-Leibler
(KL) divergence. We start with an auxiliary statement for the proof.

Lemma 2. Let A, B, C, D be discrete random variables defined on the same probability space. The
following statements hold:

* In general, H(A|B,C) < H(A|B). The equality is satisfied if and only if A 1L C|B.
* IfB L D|(AC), wehave I(A,B|C,D) < I(A, B|C).

o Let S = g(A,C) be a measurable function of (A,C). If B 1L A|(S,C,D), then
I(A; B|C,D) = I(S; B|C, D).

s Given, u, ' € RY, positive definite & € R¥? and supp(A) C R?, we have

DLV (p+ A, D) [N (1 + A, 3)) < %(u — ) = (p— ).

Proof. We have

H(A|B) — H(A|B,C) = E [ log W} ~ & [log P(IP’(A, C|B)

P(A|B) A|B)P(C|B)

Since the mutual information is non-negative, the first item follows. Moreover, since I(A, C|B) = 0
if and only if A L C|B. For the second item, by using the first item,

I(A,B|C,D) = H(B|C,D)— H(B|A,C,D) < H(B|C) — H(B|A,C) = I(A, B|C).
For the third item, since S is a function of (A4, C), we have

] = I(A,C|B).
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= H(B|C,D) — H(B|S,C, D) = I(S; B|C, D).

Let f denotes the Gaussian pdf with O and covariance 3. For any € R?, since t — tlogt is
convex

S aceuppiay P@)f (@ —p—a)
> pla)fl@—p- a)) log ( (AP ©
acsupp(A) (Zaesupp(A) p(a)f(g; _ /1’/ . )

< Y pa)f@-p-a) log JEZH @)

acsupp(A)
Therefore, we have
DN (p+ A DN +A )< Y pl@)DkN(p+a, )N (1 +a, X))
acsupp(A)
= Dxr (N (p, B)[IV (1, X)),

where the last inequality follows the invariance of KL divergence in the second line to constant shifts.
The final bound follows the known formula for the KL. divergence between Gaussian distributions.
O

The proof of Theorem 4 is given in the following:

Proof of Theorem 4. Since we assume Z;;, is known by the learner, we will fix it in the following
without explicitly conditioning thte terms on it. Note that we consider the Bayes decision rule in
(E.1) and use Fano’s inequality (Scarlett & Cevher, 2019) to lower bound its error probability:

I(Py;S) +log2

P[P + P.|Zi,] > 1 —
[P # P.|Zin] > og ]

(E.2)

We have
I(P; S) = I(Pa; {(pt, 2t pe) e<v) = H{Pis {pe <) + I(Pu; { (1t Zt) o< v [{Pt fr< vy )

(a)
(Po; {(pee, 3¢) be< v [{Pe } <)

~

P (pe, Ze)[{ (e, u)}u<ta{pt}t§N)

HMZ

Given fixed Z;,, we observe that (ut,Et) A1 {(uu, w) fu<t | P, {p}i<n and (pu,,%;) L
{Pu}uxt|Ps, Therefore, by Lemma 2,

N
P*,S Z *7 IJJt7Et |{pt}t<N Z *7 I~'Lt72t ‘pt)

Moreover, we have P, 1 (ut, ) | X, .1, i, Where X, , is a function of (P,, p;). Therefore, by
Lemma 2,

N
I(P,;S) SZ (X,65 (e, 3¢) 1)

‘We have
%4 %

(b)
I( X, 15 (e, Be) |pr, Zin) = v ZDKL P{,. 5,)/IPo) S 7 KL(Pf,, )P (es0))
k=1 k=1

where IP’(M =) denotes the distribution of (s¢, X;)| Xy, ; = e, Py denotes Py = 1> Zk 1 IP’(M 2.

and (b) follows the convexity of KL divergence in its second argument. For k& # j, by the last item
of Lemma 2, we have

d? e Cd Cd?

C
D (P < - —zli+ s laal —zzilE < ST+ o
e (P s gl —alet sz plae —22lle < 57+ 7

=~

Ht, Et)H Ht Et))

= Q
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Therefore, we have

Moreover, we can write

I(P;S) <I(Py; D, l1.n) = I(Py; { X i< v {Pt }e< v, b1:N)

N
< Z I(Py; X, ¢ {1, li }1<N)

~
I
-

M=

<N (P Xy, tlpe br)

~
I
—

where the first inequality follows data processing inequality, third and fourth inequalities follow the
first and second items in Lemma 2. We have

I(P*; Xe,,,t|Pt,€t) = H(Xft,t|ptaét) - H(th,t|pt,€t, P*) =logV.

log V' =0

Therefore, we have I(P,;S) < N log V. Finally, we have

2
I(Py;S) SN(logV/\(O d _|_Cd)>_

27 2
U“L os, L

The result follows from (E.2). ]

F AUXILIARY STATEMENTS

F.1 GAUSSIAN MATRICES AND RELATED STATEMENTS

Lemma 3. Let z ~ N(0, I;). We have E[||z||3*] = d(d +2) - - - (d + 2k — 2).

Proof. We observe that ||z||2 ~ x3. By using the moment formula for chi-squared distribution, we
have the result. O

Lemmad. Let z ~ N(0,1,) and S € R**? be a symmetric matrix. For u > 0,
P (|27 8z — tr(S)| > 2||S||pu + 2||S2u?] <267
Proof. We note that z" Sz — tr(S) has the same distribution with Z?:l Xi(8)(Z% — 1), where
Z; ~iia N'(0,1). By using the Laurent-Massart lemma, we have the result. O
Proposition 4. Let S € RV*V be a symmetric positive semidefinite matrix. Let
M =2,5Z].
For poly(d) >V >> d, We have

t
P [HM - r(dS) IdH2 > max{ |‘\S’/|£F log V, ||S||2 log® V}} < exp(—clog® V).
Proof. Without loss of generality, we can assume that S is diagonal, i.e., S = diag(sy, -, sv).

We have

tr(S) “ 1
M — =1 = ;si(zizj — &Id).
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We have

B[(Xnlael - 1) ] = 40+ plsiiL

d
Moreover, for p < 5

1
E[llziz] — STallf] <Ell=l3"] < 2”

By Proposition 15, we have 2 < p < &

(), R ,
E[IM - ==15] <c(VpV log -7+ (pV log )V + IS1)-

Forp = ﬁ log2 V', we have the result.

O

Proposition 5. Let S € RV*V be a square matrix and let M = Z;,SZ.!. Forpoly(d) >V >> d,
We have

P[|tr(M) — tr(S)| > log? VW] < exp(—clog® V).
Vd
Proof. Without loss of generality, we can assume that S is diagonal, i.e., S = diag(s1, -, sv).
We have
v
tr(M) —tr(S) =Y _si([z3 - 1)
i=1
We have
4\?s? d
E [expOusi(l2ild = )] < exp (<5), N < i
Then,
4X?||S|)? d
E Atr(M) — tx(S)))] < ) N < =
[\ (x(M) — ()] < exp (== 75 ), N < qre
We have
S
]P’[|tr(M) —tr(8)| > log?V ” ”F} < exp(—clog® V).
Vd
O
Proposition 6. Let S € RV*Y be a square matrix. For w,v € S** and M = Z;,SZ!, we have
tr(S
| (v aru — Ty | > Lol s f oy ) ot sy ) 122
< 2exp(—ct?).
Proof. Consider g = v/dvec(Z), where g ~ N (0, I;/). We have
1 1
v Mu = EgT(uvT) ® Sg = ggTsym(uvT) ® sym(S)g
By using Proposition 11, we have
E[g"sym(uv ") @ sym(8)g] = tr(S)u " v.
Moreover,
av
(gTsym(uvT) ® sym(S)g — tr(S)uTv> =4 Z Ni(g2 — 1)
i=1
where g; ~ N(0,1). By using the subexponential concentration, we have the result. O
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Proposition 7. For u,v € RY, we have

V-1 VvV
TrzT T T
P[[o” 202020 Zinu — uTo (14 = )| = Cllul o]z log V(Y- + =5 )]

<10 exp(—clog2 V).
Proof. Without loss of generality, we assume that v and v have a unit norm. Let

v, = —— ([ —vv " )u.
L= e )

‘We have
v' Z! 2,2 Zpou = (uvw' Z] 2,2 Ziv 4+ /1 - (uTv)20' Z] 20,2 Zv,

Without loss of generality, we consider v = e; and v; = ey. For the second term, we write
zi = Zine; and let Z = {z;}Y_; and g = Vdvec(Z).
el Z, ZinZy, Zinez = (| 215 + |2203)2] 22 + 2] ZZ 7 2,

1
= (2113 + ll22113)21 22 + Zg "sym(z125) ® Iy 2g.
We have
* By Lemma 4, and Proposition 6

5logV
Vd

5logV
Vd

logV
Vd
< 1—6exp(—clog? V).

and |z] 25| <

and ’||z2||§ — 1’ <

P[[llz1llf - 1] <

* By Proposition 11, we have

= [lsym(z125 ) ® Iy 2|2 < [|21l2]l22]l2
— |lsym(z127 ) @ Iv o[ p < VV | z1]|2]|22]2
- tr(sym(z12; ) ® Iv_2) = (V — 2)2{ z».

Therefore, by Lemma 4, we have

1 V2 log V log? V
P| 2o om(ziz]) @ Tvoag — U el m| <2z afizals (B VT + 28]

<1—2exp(—clog® V).

By union bound of the precious two items, we have

]IDHeIZizzinZ;Zineg' < 210gV<% + g)} > 1 — 8exp(—clog® V). (F1)
Next, we redefine the notation: Z = {2;}¥_,. We write
V-1 = 5 V-1 V-1
# ZnZiam —1———= = |mli -1+ 2] (227 - —— L)z - —— (=1} - 1)

By Proposition bla, we have

V-1

- v
]P’{zir (ZZT - Id)zl < log V||z1||§§} <1-2exp(—clog?V)

By using the first item above, we have

V-1 VvV oV
T T
PHZ1 ZinZ;z1 — 1 — T) > 610gV(7 + ]

The result follows (F.1) and (F.2). ]

)} <1-2exp(—clogV). (F2)
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F.2  MULTINOMIAL DISTRIBUTION AND RELATED STATEMENTS

Lemma 5. Let (ny,--- ,ny) € Mult(N; (py,--- ,pv)). Fort € RV,

%4 1% N
3o (3o00)] = (0"
i=1 i=1
Then, if p; = % ie[V]
e We have

SB[ i = 1)+ (= ki + 1) = YOI pere o= S0

* By the previous item, we can write

‘E[”?]:V+ (N R
n; 2 _ (V=1)(N4+V-2
- E{(W—%) ”z} —%
-F [nf] _ V + 3N(N 1) + N(Nfé)g(N72)
-E [nﬂ — XN N o 7N(N 1) + 6N(N—V1??(N—2) + N(N—1)(g4—2)(1v—3)

Fori#i,E [n2n2,] _ N(%—l) + 2N(N—Vlg)(l\’—2) + N(N—l)(gIZ)(N—3).
) {(Zz/:l ”12)2} —N21 2(N+1)‘§V(N71) I (N+1)N(g;1)(N72)

Proof. Let ; sampled from {e;,--- ,ey} with (p1,--- ,py). We have n; = Z;\f:l e;ra:i. We

o o (3 )] =2 e (32 0] = (2 o (1000 ]) " = ()"

The later statements can be derived by using z; = e* and taking derivatives of both sides with
respect (21, -+, 2v). O

M=

j=1

Proposition 8. Ler n := (ny,--- ,ny) ~ Mult (L, %]lv) and S € RV*V be a symmetric matrix.
The following statements hold:

e We have

- E[diag(n)Sdiag(n)] = LE[z, Sw1w1w1]+L(L Dg
- Eldiag(n — £1v)Sdiag(n — £1v)] = LE[x{ Szizi12{] — & S.

e We have

- Enn'Sn| = %Slv—ﬁ—LE [x12{ Sx1] + <L(L l)tr(S)—ﬁ—Wl";SlV) 1y

e We have
2 1 2
E[((n—*ﬂv) S(n—%lv)) :| V‘dlag VS]IV—"_W(HESHV)]IVHQ
L(L—-1 2
(Viz)tr((lv - 5]1‘/113)5)
L(L—-1
+ %u((m — L1v1y)S(Iv — %hng)s)

Proof. For the first item, we observe that

. . L L(L-1)
e;r Eldiag(n)Sdiag(n)|e; = E[n;n;]S;; = (Véij + T)Sij’

63



Published as a conference paper at ICLR 2026

from which the first equation follows. For the second equation,

. . L L L. L
e] Eldiag(n — £1v)Sdiag(n — £1v)le; = El(n; — ) (n; = 118y = (505 — 75 ) Sis-

For the second item, we have

(Elnn"Sn)); = > SjrElnin;ny]

ik
L(L-1)(L—-2 L(L-1)(L-2 L(L-1
- A V)?’( )(Z Sjk)+( ( V)s( )‘" (Vz ))(QZSik-i-ZSkk)
i#jFk ik i#k
L 3L(L—1) L(L—1)(L—2)

L L(L—1) 2L(L — 1) L(L—1)(L—2)

- VS’LZ + Vv tI‘(S) + Vv zk: Slk + V3 (%: S]k)'
For the third item, we have (n — £1y) = Y2 (2; — L1y) in distribution. For notational
convenience, let

1 1
sij = (2; — V]lV)TS(wJ V]lv)

Then,

E [((n— é]lv)TS(n— £]lv ) } XL: Eswskl

4,5,k

By independence, only (i, j, k,[) where each index occur even times contribute. The possible cases
are:

* All four indices equal (i = j = k = [): There are L many terms here with contribution

Efs) = g ains (1 - %MT)S(IV L)
= V’ diag(S) VS]lv + — 72 (]l;S]lV)]lvH )

* Two distinct indices, both pairs diagonal (: = j and k = [ and ¢ # k): There are L(L — 1) many
terms here with contribution

1 1 2
Elsiisi] = Elsi]? = Wtr((Iv - anw)s)

 Two distinct indices, paired off-diagonal: (i = k and j = [ and i # j): There are L(L — 1) many
terms here with contribution

E[s3] = tr (E[(z: - %1‘/)(9,;1 - %uV)TS(mQ - %nv)(;cg - %nV)T]s)

1 1 1
- Wtr((IV - 1 1))S(Iy - V]lvw)S).

Proposition 9. Let V3 > L. There exists a universal C > 0 such that the following holds:

* Letmyj = (1— %)L-:j + % For K > 0andp > logV,

<)
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Pl RX X1 - my

2 log= V 1
z CK f/\L} <

e For K > 0andp > logV,
Py
E[||dr o (T4 1)1 (X - $1v1]) =T -$1v 1)) ] <c( S+

£+ 757))

2
: P[HN@ (XT =LA (X - $1v1]) = - 31v1)) | > ox(MEL +

log“V log“V’
L+ b)) ok

Proof. Let x;; be i.i.d. copies of ;. We note that X;1; = ZlL:l x;; in distribution. For ¢ = j, we
have

1 2 L-1) 2&4
ZHIXZX;FHL =1+ Z Z ]la:ir:$il =1+ (T) + Z Z Z (]lwi7-:w7:z - %)

1<l<r<L 1=2r=1
Define
-1
le = Z (]lmir:wiz - %) and ]:l = U(Yl’ e 7}6)
r=1
Given that
-1 ) ) 1 1 L
Z 1z, —a, |®i ~ Binomial(l — 1, V) = E[[Yi[']» < C(Vp v +p), p=logV. (F3)
r=1

where we used Corollary 3. As for the quadratic variation

1 L
@ *ZEYz Fi] Z (||wa{|2 )):VZII’ zir — F v,

For p > log V, by using triangle inequality,

B1Qu < L[| S )
1=1 =1
(a) 1 Vv , : - y
< VZU—U]E{HZ% ,j + > E[sz" =1y, p}
1=1 - ~ 2
() 1 &
< Cp? Zl
=1
o,

where we used Holder’s inequality in (a) and Corollary 3 in (b). By using (F.3) and Proposition 15,
for p > log V, we have

L 1
Py L
Bl| o] < elovi g +07)
; k p\/ﬁ\/v p
By using p = log V', we have

5 log?V

1< 1
‘L;Yk‘>CeK | SR

VE’

<
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Hence, we have the i = j case. For i # j, we have

1 1 & 1
T T
1 XX, 11L_f+ ;;ﬂwﬂ:%—v

We redefine the martingale difference sequence as

L 1
Y, = Z ]]'m'il:mjr v
r=1

Conditioned on X, we have {Y7,--- ,Yz} areii.d. and
1 1
B[Vl X, =0 and E[V71X] = 2I(X] = S D)L

By Proposition 15, for p > log V', we have

[l 3ol] (L e 2 )

By using p = log V', we have

1 L K?log? 1
P{‘anxjxj]lL - V’ > M} <

VVvEL 17 VES
For the second item, we define
1 1 1 T 1 1
Y, = (X - =1y1])1.1) (X, — =1y1;}) — =TIy — =1y1)
L(z VVL)LL(z VVL) V(VVVv)

-
QN<NIEH|—L(X1T—$1V11{)1LH L(Xl L1y 10) 1,170 (X] — 21y1]) }
11 1 T T 1 T\

—NE[(l—V)Z(Xl vivly )lL]l (X) — $1vl}) }
1 1
1 T 1 T T(yvT _ 1 T 1 1 T
x (Z(X1 —V]lv]lL)]lL]lL(Xl - +11]) - oIy - 1))
() ON
<27
vV v+ QN7
where we use Proposition 14 in (c). Therefore, we have ||Q n]|2 < C—N. Moreover, we observe that
1
Y, H Z 1,101 H
By using the first item,
1 1 % p% p2
Y; 5<7 IE[H 1y1] 11” <o 2.
BIIEY < 5+ B (| =7 - D] <1+ o(Zo+ 5

Therefore, by using Proposition 15, we have

<c W\/T+(pv1ogv>ml(l+p 2
iyl = NV \/‘7 7 .

By using p = log V', we have

[, > st v{ g 1 ) <

el -

Pl 2

66



Published as a conference paper at ICLR 2026

Proposition 10. We consider Sy, S and Ss defined in (B.5), (B.6) and (B.7) in the regime V3 >
N>»Vand L <V® e€(0,1). Forany K > 0andV > Qp (1), the following holds:

1. We have

|

2. We have

1-1/V 1 2.1 , log?V e? 2
tI‘(Sl) - T(V—i—(l_ V)ﬁ)‘ > m or H51H2 > L2V2 S W

1.,L K2log®V

1 ‘ N K31log?V
v’ 12N LNV

NLV

‘tr(Sg) —(1- or ||Ss2 > C

3. We have

]P)|:7CK210g2V 1 ]lv]l—r‘<53

CK2log?V
NVV  VZL? 1yly < CKClog?V 1 ]lv]l\T/} < .

N V2L2 NVV V2L

Proof. We define n; .= |{j < N | x; = e;}|. We observe that

2 1 9 1 n?
(1) = (1= ) T2z ;n + g and [Sillz < sup 5
By using Proposition 9 and Corollary 3, we have the first item. For the second item, we write

(1-4) &
L2N‘g Z(NJ‘T_*]IV]lL Dlp 417 1(N ]lvjl D7

S =
2 : v v
j=1

L2N2 Z xij=xK Sym((NjT - %I]-V]]-—erl)]l[z*l]lzfl(Nl;r - %RVIIA)T)
i<k

=: 821 + S22
We will analyze So; and Soo separately.

Bounds for S3;:  We have

1 ,L-1
— (1= =)
tr(Sa1) — ( V) LQN
1 ) 1
= (- LQNQZHﬁ — S )L - (- 5.
::Ylyj
We have E[Y;] < & and by Proposition 9,
1 Cp?
E[|Y1,|P]? < .
H 1»]| } — \/V/\L
Therefore, by Proposition 15,
1 ,L—1P3 C pN 1 p?
E | |tr(S21) — (1 — —)? "< — + pN:
o820 (1= ) ] —LN2(\/V+p pWAL)
By using p = log V, we have
1 ,L—1 Klog®V 1
P||tr(Sa1) — (1 — =)? C——| < — F4
[ir(Son) = (0= 5 o | > O o) (F4)

Moreover, by Proposition 9, we have

P52 - (01— ) g v v - 1) > cKlLf{;ﬁV(WlW sl %VL))}
< % (F5)
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Bounds for So5:  We write
N k-1

(522 L2N2 ZZ Tj=Tr ]]'L 1(N]T %]‘V]]'zfl)T(Nl;r - %I]-V]]-—erl)]]'lzfl
k=2 j=1

N
= g Yo k-
k=2

Let 71, == 0(Ny.;) and Y2 1 = 0. We have

) AL-1)1 2 T e T 2
BYEuFea) = e i B[] X (lemme = DNT = b 1AL )10 |7
j=1
1 4L-1) 1 & 1. - )
=(1- V) ANt V2 ZH _V]]-V]lL—l)]]-L—1||2
Then,
N 1) N k-1
Qn = Z]E[Y;,lclfkfl] = ( V L4N4v2 Z H ]lv]l )]lL*lng
k=1 k=2 j=1
N—1
1 4 -1 1 T 2
=0y gy 221 BN = v )l
Then, for p > log V,
212 5 AR AR 2
E[lQn|?]” < I3N3V2 ZE ['Nk Lr-allz } = L3N3y2 ZE [IINJJquIIZ
=1
®) 52
< TN (0

where we used Holder’s inequality in (a) and Corollary 3 in (b). By using Proposition 15, we show

the following:

* To bound E[|Y5, k|p] for p > log V, by using the

1
HY2 k[P N1k, | ?

conditional independence of {x;}"Z], we write

Jl’

= LN2 (z‘L—1< Ny - V]lV]lL i 1’(NfT7%1V12—1)1L‘1>‘2)§
Cpk? 1
szl\; (Z’L— 1< N¢ - élvlzfl)h’l’(N; B %1V1L1)1L*1>’p)
Therefore,
E[|Ya "]} < 7 (“%E P ) B[ (N0 = St )t (8] = 1]
1
< 5 (B )| Ly (w1 - 2|
© Cp? pVE 2y 1
OB i)

where we used Proposition 9 in (c).
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* Then by using (F.6) and (F.7), we have for p = log V'
E[Jtr(Sz)[]»
<c( pi PN 1 ) Cp?

< .
NLV "INV YV AL) = NLV

Then, we have
CK3%log? V
NLV

1
P |[tr(S22)] > < VK (E8)

To bound ||Sa2]|2, we define

k-1
1 1 1
Y= (Loj=a, ~ V)Sym((NjT = W) el (N - V]lv]lfll)T)-
j=1
We have
E[Y}?|Fi-1]

2
=

<l

k—1

1 1
SE|[(N] - 11 )11 (N - Sl )T
j=1

1 2
o7 - oAt ]

1
Vv

1

Tyl )l 1] (N} ﬂvﬂZq)T‘}%—l}

1

V]lv]lz—ﬁT

(NJ»T - V]lv]l—Lr_l)]lL—l]lz—l(NjT

N-1

N-1 1

(N = BN - L

Vllv]lzfl)T

Lyl )ipaly (Ny —

2NL 1 2
< oy - Lo o1

1 1
(N, — V]lv]lzq)]lLfllzq(sz - VﬂvﬂZq)T-

P
2

]%

22 2NL 1 2
EllQnliil? < = E|( H(N;_anng_l)h,le)
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2L2N2 N-1 1 ) % R
NS — Z1,17 V1, 417 (NS — =1y17 )7 ]p
\% H‘N(L—l) k:l( k vV L-1) 111y (INy Vv 1—1) )
2N2L2 1 p2
< B[l g - o]
2L2N2 N—-1 1 ) . R
N, - =1y1]_)1,.41; (N] — =1v1;_)" }
\%4 H‘N(L—l) k:l( k vV L-1)lr—11, 4 (INy vivii- 1) )
<CN2L2(1+ p2 )+CL2N2<l L_’_ﬁ(l_’_ p2 ))
A VV VL v \VW VNV TNV VAL
N2L? 2
<N (1+ o+ —=—)-
4 N/V  VV VL
To bound E[|| Y||5] , we observe that
* We have
2
E{((lm]:wk_ )Sym<(N — 1]]'V]]'L 1)]]-L 1]]‘L 1(Nk _%]]_V]]_I_l)—r>) ’:Bk,Nk-i|
1 L
< FIOT = S 11 L3l + (N = $1v17 )11 (N = $1v1] )T

Moreover,
. :
E[H(]lmj:wk )bym((N ]lV]lL D1z 1]1L I(Nk —%]lv]lz_l)T)HZ‘xk’Nk]
p % %
<2E||(Loymon— )| |2 IO =101 ) Lo ||, B[ (V] = #1027 )1

2

< CVI|(N) - ¢1V121)1L1H2(\/§+p) (1+ \/‘;A L).

* By Proposition 15, we have for p = log V,

1 1 Lk 1
E[| Yi[Blex, Nol# < CIUNT = -1v1E ) 1iolle (VB 77 + VIR ),

which implies

1 k 1
E[|Yil5)F < CLp(Vhy/ 5 +p*k7)
Therefore, for p = log V', we have

5/2 4
Py VP P p

Therefore, we have

K3log®? VY 1
IP[ S 7] <. 9
1522]l2 > C—F%75 < VR (F9)
By (F.4), (E.5), (F.8), and (F.9), we have the second item. For the last item, we have
N
1 1 T 1 T 1 1 2 1
 1y1) = — 1yl H* o1 H_*
S~ Ny lv varz Y V( N;(% v~ W
By Proposition 9,
CKZ?log?V 1
gl %l > <7
HHN (@ Vv)z NI TN IS VE
The displayed equation 1mphes the third item. [
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G MISCELLANEOUS

Proposition 11. Let A € R™? and B € RV*V. Let M .= A ® B. We have
M|z = [|All2|Bll2 and |M||r = ||Allp||Blr and tr(M) = tr(A)tr(B).

Proof. The Frobenius norm and trace are straightforward. For the /5 norm, let A =: Zle oiu;v,

NV e T
and B=:3_;_, 6;4;0; . We have

d V d Vv
M = ZZO‘iéj(ui’lJ;r) & (’ELJ’EJT) = ZZai&j(ui &® ’lNIJj)(’Ui ® ’l~Jj)T.

i=1 j=1 i=1 j=1

For any (i,7) # (i’,j’), we have
(u; ® '&j)T(ui/ & ﬂj/) = (v; ® ﬁj)T(’Ui/ & ﬁj/) = 0.
Therefore,
|Mz = max 03 — max s max .
%] ? J
O

Proposition 12. Let z ~ N(0,1;) and Py : R? — [0, 00) denotes a degree k polynomial which
takes nonnegative values. For p > 1, we have

1 k
E[|Pu(2)["]> < (8(p—1))* E[Px(2)].
L . E[| Py (2)%]3 £
Proof. By hypercontractivity, it is sufficient to prove that “EP.=] < 82. We have
E[|Pi(2)*? < E[|Py(2)] E[| Ps(2)%] < 2% E[|Py(2)] E[|Pi(2))%
which proves the result. ]

Proposition 13. Let k € N and w ~ N(0, I). For L > 0 and u,v € S, we have

Lk/2] .
E {Hek (%wTU)H@C (\%uﬁvﬂ = I]/i"‘“ fz_i % (214;) (L= 1)% (u,v)"2

Proof. Fora € R, we have

Lk/2] o -
He,(az) = Y M(GQ —1)'a*" ¥ H,, ()
£ 9ii] !

Therefore, fora = 1/ V'L, we have
E [Hek (%w—'—u) He, (%w—rv)}

Lk/2] ol
= Y (g2 —1)igk2 T
=FE [( Z 212|(k, _ 271)‘ (CL 1) a Hek—zi (w u))

1=

Lk/2]

! 2 i k—2i
x ( ; s @ Y ok Hekzi(wTv))]

Lk/2]
k!
= 2 (g

k/2] . ,
= E Z (2Z — 1)” <k>(L _ 1)21’, <u,v>k_2l,

2 , , ,
) (a? — 1)21a2(k—2z)(k —2i)! <u7v>k—21

LF 4 2! 2i

=0
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Proposition 14. Let Z be a random variable and X be a d X d symmetric matrix valued random
matrix. We have

—E[Z?]? E[X?]? < E[ZX] < E[Z?]? E[X?]2.
Proof. We observe that

{ZId = 0. (G.1)

X} (21 X]= {Zz[d ZX] =0 = {E[ZQW E[ZX]

ZX X2 E[ZX] E[X?

By (Ben Arous et al., 2025, Proposition 24), we know that (G.1) is equivalent to E[ZX]? =<
E[Z? E[X?]. Since X — v/ X is monotone in matrix order, we have the result. O

G.1 ROSENTHAL-BURKHOLDER INEQUALITY AND COROLLARIES

We will rely on the following inequality:

Proposition 15 ((Peng et al., 2025, Theorem 2.1)). Let {Mk}szl be a d-dimensional symmetric

matrix valued martingale adapted to the filtration {}'k}]kvzo. LetY;, = M, — Mj,_1 be its corre-
sponding difference sequence and the quadratic variation is defined as

N
Qn =Y E[Y?|Fi .

k=1

For any p > 2, suppose

1

1
2w i
E[l@nlli|” < o0 and sup E[|¥ilg]” < .
ke[N]
Then it holds that
E[IMx5)" < C(VpViogd E [IQul5]" + (pViogd)N sup E [[Yal]").
ke[N]

We have the following corollaries:

Corollary 3. The following statements holds for general L,V > 0:

1. For X ~ Binomial(L, 1), we have

X - ka1 < (vay % +o(2)7)

1
'V

E[|el|?] < CW((‘L/)” + (%) +pp‘1}>.

3. By following the notation in the second item,

2. Letc = (c1,- - ,cv) ~ Multinomial(L, - 1v ). For p > 1, we have

o If V> L, we have for L > ¢ 4 1,

2¢ %(L)logL—?

Pllleflc > log L] < (m v

 If L >V, we have

L
P [ncnm > ev] <oV bV,
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Proof. The first two items are direct consequence of Proposition 15. For the third item, using
Tey>k < C“”(c”’_l) (c“’_kﬂ) and linearity of expectation

Plllefloe > k] < ZPcwzk Z Elcw (Cw—l)'k'!'(cw—k—Fl)]

w=1
L= (L—k+1)
- JIVET
For V >> L, by choosing k& = |log L], the result follows. For L > V, by choosing k = L%J, the
result follows. O
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