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Abstract

Softmax attention is a central component of
transformer architectures, yet its nonlinear struc-
ture poses significant challenges for theoretical
analysis. We develop a unified, measure-based
framework for studying single-layer softmax at-
tention under both finite and infinite prompts.
For i.i.d. Gaussian inputs, we lean on the fact that
the softmax operator converges in the infinite-
prompt limit to a linear operator acting on the
underlying input-token measure. Building on
this insight, we establish non-asymptotic con-
centration bounds for the output and gradient
of softmax attention, quantifying how rapidly
the finite-prompt model approaches its infinite-
prompt counterpart, and prove that this concen-
tration remains stable along the entire training
trajectory in general in-context learning settings
with sub-Gaussian tokens. In the case of in-
context linear regression, we use the tractable
infinite-prompt dynamics to analyze training at
finite prompt length. Our results allow opti-
mization analyses developed for linear attention
to transfer directly to softmax attention when
prompts are sufficiently long, showing that large-
prompt softmax attention inherits the analyti-
cal structure of its linear counterpart. This, in
turn, provides a principled and broadly applica-
ble toolkit for studying the training dynamics and
statistical behavior of softmax attention layers in
large prompt regimes.
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1. Introduction
Modern transformer architectures rely fundamentally
on attention mechanisms (Vaswani et al., 2017), whose
ability to extract and combine information from long
prompts underpins the remarkable empirical success of
large language models and related systems. The nonlinear
structure of the softmax attention mechanism lies at the
heart of the empirical success of transformer architectures,
yet it also presents a major obstacle to theoretical analysis.
Even in the single-layer setting, the dependence of softmax
attention on all pairwise token interactions makes its
behavior difficult to characterize, both statistically and
from an optimization standpoint. To circumvent these
challenges, a substantial body of recent theoretical work
has turned to linear attention as a proxy model (Ahn et al.,
2024), whose algebraic simplicity enables explicit analyses
of learning dynamics and generalization. However, despite
the widespread use of linear attention in theoretical studies,
it is well documented that softmax attention exhibits sig-
nificantly stronger empirical performance, particularly in
terms of length generalization, expressivity and its ability
to extract task structure from long prompts (He et al.,
2025; Duranthon et al., 2025; Dragutinović et al., 2025).
Strikingly, from a theoretical perspective, it is still not un-
derstood whether softmax attention should systematically
outperform, or even consistently match, the capabilities
of its linear counterpart. This gap between empirical
evidence and theoretical understanding motivates the need
for a framework that can relate the behavior of softmax
and linear attention in a principled manner.

To address this gap, we rely on a unifying framework
based on a measure-based representation of attention layers
(Vuckovic et al., 2020; Sander et al., 2022). This perspec-
tive allows us to systematically compare the finite-prompt
model with its infinite-prompt counterpart and to identify
regimes in which softmax attention behaves effectively
linearly with respect to the input-token distribution. Such
a perspective opens the door to simplified optimization
analyses in the infinite-prompt limit, which can then be
translated back into realistic settings involving softmax
attention.
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Contributions. We consider a unified, measure-based
framework, notably developed by Vuckovic et al. (2020);
Sander et al. (2022), that allows to analyze single-layer
transformers with both finite and infinite prompts. A key
observation in this setting is that, for i.i.d. Gaussian input
tokens, the action of a softmax attention layer over an in-
finite number of tokens becomes linear with respect to the
underlying input-token measure. Building on this insight,
our main contributions are as follows:

• Concentration toward the infinite-prompt limit. We
first establish non-asymptotic concentration bounds for
both the output and the gradient of a softmax attention
layer as the prompt length grows. These results quan-
tify how rapidly the behavior of a finite-prompt layer ap-
proaches its infinite-prompt limit.

• Stability of concentration along training dynamics.
While the previous bounds hold pointwise for fixed at-
tention parameters, we further show—within a general
in-context learning setting—that this concentration per-
sists along the entire training trajectory of the attention
layer. Informally we show that for a general in-context
learning task,

lim
t→∞

R(θL(t)) ≤ lim
t→∞

R(θ∞(t)) + oL→∞(1),

where R is the theoretical risk associated to the in-
context learning task and θL (resp. θ∞) are the model pa-
rameters obtained by following the gradient flow for the
theoretical risk minimization with a finite (resp. infinite)
prompt length L. This, in turn, enables us to approximate
the training dynamics at finite prompt length by those of
the infinite-prompt model. The latter is typically much
easier to analyze from an optimization standpoint.

• Leveraging the infinite-prompt limit: softmax atten-
tion solves in-context linear regression. We then lever-
age our previous results and show that they apply in the
setting of in-context learning for linear regression with
Gaussian inputs. In this regime, our analysis allows the
linear-attention results of Zhang et al. (2024) to transfer
directly to softmax-attention dynamics, provided that the
prompt length is sufficiently large. More broadly, under
centered Gaussian inputs, our framework extends theo-
retical analyses developed for linear attention to softmax
attention in the large-prompt regime.

Related works. Measure-based formulations recently
yielded seminal insights into gradient-based analyses of
one-hidden-layer networks (Nitanda and Suzuki, 2017;
Mei et al., 2018; Rotskoff and Vanden-Eijnden, 2018;
Bach and Chizat, 2022). While these works interpret
the model parameters as measures, Pevny and Kovarik
(2019); De Bie et al. (2019); Zweig and Bruna (2021)

adopted a different perspective by considering architec-
tures that take measures as inputs. This viewpoint has
become particularly relevant with the emergence of the
attention mechanism, and has since been explored in
numerous works (Vuckovic et al., 2020; Sander et al.,
2022; Geshkovski et al., 2025; Bruno et al., 2025; Burger
et al., 2025; Zimin et al., 2025; Castin et al., 2025). These
studies mostly focus on inference through attention layers
with fixed weights. Our work further develops this line of
research by adopting a measure-based representation of the
input prompt while studying the training dynamics of a sin-
gle attention layer in the regime of large but finite prompt
length. The concurrent work of Bohbot et al. (2025) also
investigates the concentration of the attention output in
the large-prompt regime, similarly to the results presented
in Section 3. Although their analysis yields sharper
convergence rates, it is restricted to the concentration of
moments of the output distribution. In contrast, our results
establish L2 concentration for both the attention output
and the gradients with respect to the trainable parameters.
This latter property is essential for deriving the training
dynamics results developed in the subsequent sections.

In addition, a central phenomenon identified in the behavior
of transformers is in-context learning (ICL, Brown et al.,
2020; Olsson et al., 2022; Min et al., 2022; Chan et al.,
2022). It refers to the ability of a model to implement new
tasks directly from the prompt at inference time, without
modifying its weights or running any additional optimiza-
tion. Early empirical and mechanistic studies (Garg et al.,
2022; Raventós et al., 2023) show that, when trained on
prompts encoding linear regression tasks, transformers im-
plicitly implement in-context linear regression within their
attention layers. This observation has motivated a series
of theoretical analyses focusing on linear attention mech-
anisms in a variety of settings (Von Oswald et al., 2023;
Ahn et al., 2023; Mahankali et al., 2024; Zhang et al., 2024;
Lu et al., 2025). Notably we build on the work of Zhang
et al. (2025), which establishes precise learning dynamics
and generalization behaviors for in-context linear regres-
sion with linear attention mechanism.

Beyond linear attention, several works have begun to in-
vestigate softmax attention for in-context linear regression.
Huang et al. (2024); He et al. (2025) provide analyses
of the training dynamics, though respectively under re-
strictive data assumptions and under specific, nonstandard
optimization algorithms. Of particular relevance to our
work, Chen et al. (2024) show that softmax attention can
learn multi-task linear regression under Gaussian covari-
ates, which may be viewed as a refined and more quantita-
tive counterpart of our Theorem 5.2. Their analysis, how-
ever, relies on heavily technical arguments and is restricted
to the case of isotropic covariates, a setting that substan-
tially simplifies both the dynamics and their analysis (see,
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e.g., He et al., 2025, Section 5.3). In contrast, our work
handles anisotropic covariates and introduces a more com-
pact and user-friendly proof strategy, leading to a general
toolkit for analyzing softmax attention layers.

Outline. Section 2 recalls the measure-based formalism
underlying our view of attention layers. Section 3 es-
tablishes concentration bounds showing how finite-prompt
softmax attention layers (and related functions) concentrate
around their linear infinite-prompt counterparts. Build-
ing on these results, Section 4 demonstrates how theoret-
ical analyses of training dynamics for linear attention can
be transferred to the softmax setting in general in-context
learning problems. Section 5 specializes this analysis to the
case of in-context linear regression. Finally, Section 6 illus-
trates our different results on numerical toy experiments.

2. Measure based view of attention
In this section, we recall the measure-based formulation
of attention introduced, for instance, by Vuckovic et al.
(2020); Sander et al. (2022); Castin et al. (2025). In
this framework, the transformer receives both a prompt
of d-dimensional tokens, represented as a probability
measure µ ∈ P(Rd), and a query token z ∈ Rd. We
denote by TK,Q,V a transformer equipped with a softmax
self-attention layer, parameterized by key, query, and value
matrices K,Q, V ∈ Rd×d. This formulation allows us to
treat finite- and infinite-length prompts within a unified
framework.

Finite-length prompt. We begin by considering the case
where the prompt consists of a finite sequence of L tokens
(z1, . . . , zL) ∈ Rd×L. In this case, the output of an atten-
tion layer consists of L transformed tokens, each of which
is computed independently of the original token order—
once positional encodings and masking are ignored. This
permutation equivariance naturally leads us to represent the
prompt as the empirical measure µ̂L = 1

L

∑L
ℓ=1 δzℓ asso-

ciated with the tokens (z1, . . . , zL).

The transformation operated by a self-attention layer
TK,Q,V can then be seen as the following map

TK,Q,V : P(Rd)× Rd → Rd

(µ, z) 7→ TK,Q,V [µ](z)

with

TK,Q,V [µ](z) :=

∫
Rd exp(⟨Qz,Kz′⟩)V z′dµ(z′)∫

Rd exp(⟨Qz,Kz′⟩)dµ(z′) ,

where, in the case of finite-length prompt with µ̂L =
1
L

∑L
ℓ=1 δzℓ , the ℓ-th transformed token is given by

TK,Q,V [µ̂L](zℓ) =

∑L
k=1 exp(⟨Qzℓ,Kzk⟩)V zk∑L

k=1 exp(⟨Qzℓ,Kzk⟩)
,

which coincides with the classical definition of self-
attention.

Infinite-length prompt. When the input tokens are inde-
pendently and identically distributed according to µ, and
the prompt length L tends to infinity, the input prompt can
be effectively viewed as the distribution µ itself. Indeed,
one can observe, by the strong law of large numbers, that
for any z ∈ Rd,

TK,Q,V [µ̂L](z)
a.s.−−−−−→

L→+∞
TK,Q,V [µ](z).

This limit case is particularly interesting when the distribu-
tion µ of the input tokens is a Gaussian measure. Indeed,
the transformation applied by TK,Q,V then preserves the
Gaussian nature of the distribution. More precisely, it cor-
responds to an affine transformation of the input, as formal-
ized in the following lemma.

Lemma 2.1 (Castin et al. 2025, Lemma 4.1). Assume that
µ is a Gaussian measure N (m,Γ) of mean m ∈ Rd and
covariance matrix Γ ∈ Rd×d. Then, the output obtained
from the attention layer TK,Q,V is characterized, for any
z ∈ Rd, as

TK,Q,V [µ](z) = V m+ V ΓK⊤Qz.

In particular, the pushforward measure TK,Q,V
#µ of µ

through TK,Q,V is Gaussian, i.e., TK,Q,V
#µ = N (V (Id+

ΓK⊤Q)m,V ΓK⊤QΓ(V ΓK⊤Q)⊤).

This result states that when the full token measure µ is pro-
vided as prompt input, softmax-based attention behaves es-
sentially like a linear transformation. More precisely, it co-
incides with a normalized self-attention layer for centered
Gaussian inputs (see Appendix B.2 for further details).

However, it remains unclear how this relationship ex-
tends to realistic settings with finite—albeit possibly
large—prompt lengths L. To address this question,
Section 3 provides quantitative bounds characterizing the
concentration of TK,Q,V [µ̂L] towards its infinite-prompt
counterpart TK,Q,V [µ], when µ̂L is the empirical measure
of L i.i.d. tokens distributed according to µ. Notably, these
concentration results are derived in a setting that goes
beyond Gaussian measures, allowing for more general
input distributions.

3. Concentration of softmax attention
In this section, we draw a connection between a softmax-
based attention layer with a finite-length prompt and an at-
tention layer that would have received an infinite number
of input tokens, i.e., the full token distribution.

Proposition 3.1 (Output concentration bound). Assume
that µ and ν are respectively σ and 1 centered sub-
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Gaussian measures with σ ≥ 1. Then there exist constants
c1, c2 > 0 depending solely on d, V,K,Q such that,

E
[∥∥TK,Q,V [µ̂L]− TK,Q,V [µ]

∥∥2
L2(ν)

]
≤ c1σ

6 ln(L)

Lc2/σ2

(1)

where the expectation is taken over (z1, . . . , zL) ∼ µ⊗L

with µ̂L = 1
L

∑L
ℓ=1 δzℓ .

Sketch of proof. Although the input tokens are sub-
Gaussian, the proof of Proposition 3.1 does not follow
directly from standard sub-Gaussian concentration argu-
ments on the sums appearing in the numerator and denom-
inator of TK,Q,V [µ̂L](z). Indeed, the softmax weights in-
volve potentially heavy-tailed random variables of the form
exp(z⊤k K⊤Qz). On the high-probability event where these
terms remain uniformly bounded, we apply independent
concentration inequalities to the numerator and denomi-
nator of the softmax expression. In contrast, on the com-
plementary (low-probability) event where one of the terms
exp(z⊤k K⊤Qz) becomes exceptionally large, we exploit
the fact that the attention output lies in the convex hull
Conv(z1, . . . , zL). As a consequence, its norm is bounded
by maxk ∥V zk∥, which can be controlled using standard
maximal inequalities for sub-Gaussian random variables.
Extending these arguments to bounds that also average over
the query token z introduces additional challenges, as con-
centration estimates obtained for fixed z typically deterio-
rate with ∥z∥. To address this issue, we again adopt a case-
based analysis, employing different bounding techniques
depending on whether ∥z∥ ≳

√
d or ∥z∥ ≲

√
d.

Precise dependencies in d, V,K,Q can be deduced from
Equation (12) in the Appendix.

Remark 3.2 (Handling the autocorrelation in attention).
In what follows, the analysis relies on concentration ar-
guments of∥∥TK,Q,V [µ̂L]− TK,Q,V [µ]

∥∥2
L2(ν)

=

Ez∼ν

[∥∥TK,Q,V [µ̂L] (z)− TK,Q,V [µ](z)
∥∥2] ,

(and some of its variants), as obtained in Proposition 3.1.
Here the expectation is taken with respect to a fresh inde-
pendent variable z ∼ ν. A careful reader may notice that
this differs from the practical setting of attention layers,
where the model is typically evaluated on tokens that also
appear in the prompt. In that practical context, the query
token is part of the empirical measure used to build µ̂L.
A mathematical faithful formulation would therefore map
a new query token z to TK,Q,V

[
L

L+1 µ̂L + 1
L+1δz

]
(z),

where we explicitly include the contribution of the query
token in the empirical measure. A rigorous adaptation of

our proofs to this convention does not introduce any new
technical difficulties (although it makes the arguments less
readable), since both µ̂L and L

L+1 µ̂L + 1
L+1δz converge to

µ at the same rate.

The concentration phenomenon obtained in Proposition 3.1
extends to related quantities associated with the attention
layer, most notably the gradients with respect to the atten-
tion parameters. This extension is particularly important
for the analysis of training dynamics in attention-based
models. To streamline the exposition, we henceforth focus
on the dynamics with respect to U = K⊤Q and V , so
that the measure-based representation of an attention layer
becomes

TU,V [µ] : z 7→
∫
Rd exp(z

′⊤Uz)V z′dµ(z′)∫
Rd exp(z′⊤Uz)dµ(z′)

.

Such a parametrization is common in optimization analyses
of attention architectures (see e.g., Ahn et al., 2023; Zhang
et al., 2024; Lu et al., 2025; Zhang et al., 2025). Leaning
on this reparameterization, we provide in the following
concentration bounds for ∇UT

U,V and ∇V T
U,V .

Assumption 3.3. The distributions µ and ν are respec-
tively σ and 1 sub-Gaussians and for any p, p′ ∈ {0, 4, 8},
there exist constants Mp,p′ ∈ R such that

EZ∼ν

[
EZ1∼µ[exp(Z

⊤
1 UZ)∥Z1∥p∥Z∥p′

]

EZ1∼µ[exp(Z⊤
1 UZ)]

]
≤ σ2pMp,p′ ,

where Mp,p′ potentially depends on U .

The moment conditions of Assumption 3.3 are typically
satisfied for bounded and Gaussian distributions.

Proposition 3.4 (Gradient concentration bound). Assume
that µ and ν are respectively σ and 1 centered sub-
Gaussian measures with σ ≥ 1 and that Assumption 3.3
holds. Then there exist constants c1, c2 > 0 depending
solely on d, V, U, (Mp,p′)p,p′ such that,

E
[∥∥∇V T

U,V [µ̂L]−∇V T
U,V [µ]

∥∥2
L2(ν)

]
≤ c1σ

6 ln(L)

Lc2/σ2

E
[∥∥∇UT

U,V [µ̂L]−∇UT
U,V [µ]

∥∥2
L2(ν)

]
≤ c1σ

12 ln(L)
2

Lc2/σ2

where the expectation is taken over (z1, . . . , zL) ∼ µ⊗L

with µ̂L = 1
L

∑L
ℓ=1 δzℓ .

Sketch of proof. The proof relies on similar concentra-
tion techniques than that of Proposition 3.1, while requiring
the control of higher order deviation terms. Precise depen-
dencies in d, V, U, (Mp,p′)p,p′ can be deduced from Equa-
tions (12) and (14) in the Appendix.
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Switching between the two parameterizations (K,Q, V )
and (U, V ), we observe that, for U = K⊤Q,

∇KTK,Q,V = Q(∇UT
U,V )⊤,

∇QT
K,Q,V = K∇UT

U,V ,

∇V T
K,Q,V = ∇V T

U,V .

Hence, the concentration results established for ∇U and
∇V in Proposition 3.4 can be directly transferred to obtain
analogous bounds with respect to the original parameters
K,Q, V .

If the measure perspective on transformers offers an el-
egant framework for handling i.i.d. input tokens, we see
through these concentration bounds that this formalism can
be leveraged for describing the non-asymptotic prompt set-
ting (L < +∞), which is often less tractable. Yet, one
might still question the realism of the i.i.d. assumption—an
issue we address in the following sections, where we show
that it offers a meaningful lens through which to study the
challenges of in-context learning.

4. General In-Context Learning
In-context learning consists in predicting the output asso-
ciated with a new query input, given a prompt composed of
input–output pairs. What distinguishes in-context learning
is that each prompt implicitly defines its own task-specific
relationship between inputs and outputs. Mathematically,
it corresponds to minimizing (w.r.t. U and V ) a loss of the
form

RICL
L (U, V ) = Eµ∼D

[
E(z1,...,zL)∼µ⊗L [Lµ(T

U,V [µ̂L])]
]
,

(2)
where L is the prompt length and µ̂L = 1

L

∑L
ℓ=1 δzℓ . Note

that zℓ here denotes an input/output pair, so that with stan-
dard notations, we would have zℓ = (xℓ, yℓ) ∈ Rd+k,
where k would denote the label dimension. The task distri-
bution D here denotes a distribution over the set of distri-
butions so that µ is drawn according to D for each new task
(i.e., prompt). In general, Lµ quantifies the error of a pre-
diction function f on a new input and is thus of the form:

Lµ(f) = E(xq,yq)∼µ

[
ℓ
(
f
(
(xq, 0)

⊤) , yq)] , (3)

where in standard univariate (k = 1) regression settings,
one can choose

ℓ(ẑ, y) =
1

2
(ẑd+1 − y)2,

i.e., the squared error between the last coordinate of the
output ẑ and the true label y.

Remark 4.1 (Distribution shift). Note that we could con-
sider the case where (xq, yq) differs in distribution from the

prompt variables. Such a mismatch would introduce an ad-
ditional bias term in the generalization error. However, this
effect is not measured here, as we are primarily concerned
with the training phase—specifically, with the optimization
of the attention-layer weights.

In Section 3, we have established that, as the prompt
length L tends to infinity, both the attention output and
its gradient converge to their counterparts obtained by
taking the full measure µ as input. As a consequence, the
in-context learning optimization process with finite, but
sufficiently large, prompts is expected to closely mirror
the behavior of the infinite-prompt regime, which directly
targets the minimization of the infinite-length analogue of
the risk RICL

L given by

RICL
∞ (U, V ) = Eµ∼D

[
Lµ(T

U,V [µ])]
]
. (4)

In general, this optimization problem is considerably
easier to analyze. For instance, when µ is a centered
Gaussian measure, the resulting parametrization becomes
linear in both U and V (see Lemma 2.1). Building on
this observation, Theorem 4.3 below provides a general
framework for comparing the optimization processes
defined by the corresponding gradient flows

(U̇L(t), V̇L(t)) = −∇RICL
L (UL(t), VL(t))

and (UL(0), VL(0)) = (U0, V0),
(5)

(U̇∞(t), V̇∞(t)) = −∇RICL
∞ (U∞(t), V∞(t))

and (U∞(0), V∞(0)) = (U0, V0).
(6)

Assumption 4.2. Assume that the following holds for some
ρ′ > 0:

(i) conditionally on µ, xq is 1 sub-Gaussian and
(xk, yk) ∼ µ is σµ sub-Gaussian, with σµ ≥ 1, D-
almost surely.

(ii) E[σ12
µ ] < ∞ and for any c > 0,

Eµ∼D

[
ln(L)4

L
c/σ2

µ

]
−−−−→
L→∞

0.

(iii) For all (U, V ) ∈ B2ρ′ and p, p′ ∈ {0, 4, 8}, there exist
Mp,p′ such that D-almost surely

E(xq,yq)∼µ

[
Ez1∼µ[exp(z

⊤
1 U(xq, 0)

⊤)∥z1∥p∥xq∥p
′
]

Ez1∼µ[exp(z⊤1 U(xq, 0)⊤)]

]
≤ σ2p

µ Mp,p′ ;

where B2ρ′ denotes the centered ball of radius 2ρ′.

Assumption 4.2 is fairly mild and ensures that the concen-
tration results of Section 3 apply under well-behaved con-
ditions. More specifically, item (i) assumes that the tokens
are sub-Gaussian, a standard and convenient hypothesis in
this line of work. Item (ii) further requires the (random)
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sub-Gaussian parameter σµ itself to be light-tailed, ensur-
ing that the resulting concentration behavior remains well
controlled. Finally, item (iii) guarantees that the outputs of
the attention layer possess sufficiently bounded moments.

Theorem 4.3. Assume that ℓ is 1-smooth, ∇1ℓ(0, 0) = 0,
RICL

∞ is C2. Assume in addition that the gradient flow(
U∞(t)
V∞(t)

)
is contained within the centered ball Bρ of ra-

dius ρ for some ρ > 0, and that Assumption 4.2 holds with
ρ′ = ρ.

Then for any ε > 0, there exists L(ε) such that for any
L ≥ L(ε), the solutions of the differential equations (5)
and (6) satisfy

lim
t→∞

RICL
L (UL(t), VL(t)) ≤ lim

t→∞
RICL

∞ (U∞(t), V∞(t))+ε.

Sketch of proof. The proof of Theorem 4.3 builds on
Propositions 3.1 and 3.4, applied within the in-context
learning framework. Specifically, as the prompt length
L increases, the finite-prompt risk RICL

L converges to its
infinite-prompt counterpart RICL

∞ , and the same conver-
gence holds for their gradients. Leveraging these results,
Grönwall’s inequality yields a bound on the deviation be-
tween the finite-L training trajectory and its infinite-prompt
limit over any finite time horizon t.

By choosing t sufficiently large, the limiting pair
(U∞(t), V∞(t)) can be made arbitrarily close to its asymp-
totic convergence point. As a consequence, the correspond-
ing finite-L pair (UL(t), VL(t)) achieves a comparably low
risk. The final limit statement then follows from the mono-
tonic decrease of the risk throughout training.

This upper bound is particularly informative in regimes
where the infinite-prompt model is easier to analyze or is
known to perform well (most notably in the case of in-
context linear regression, studied in the next section).

Theorem 4.3 states for a softmax attention layer that
under mild regularity assumptions on the ICL loss, the
parameters obtained after training over large, finite-length
prompts obtain a population risk that is at least comparable
(if not better) to the risk it would have obtained by
training over infinite-length prompts. Although it provides
guarantees only in terms of risk, its proof also yields
(weaker) control over the training iterates themselves.
In particular, Lemma E.1 implies that for any ε > 0,
there exist sufficiently large values of L and T (with T
depending on L) such that

∥UL(T )− lim
t→∞

U∞(t)∥+ ∥VL(T )− lim
t→∞

V∞(t)∥ ≤ ε.

However, this result does not guarantee convergence of
(UL(t), VL(t)) as t → ∞, for a fixed prompt length L.

Rather, it ensures that

lim
L→+∞

(
UL(T (L)), VL(T (L)

)
= lim

t→∞

(
U∞(t), V∞(t)

)
,

for an appropriately chosen sequence T (L).

5. In-Context Linear Regression
In this section, we consider the problem of linear in-context
learning, similar to that considered in (Zhang et al., 2024).
In this case, each prompt corresponds to a specific linear
regression task, with its own set of regression coefficients.
More formally, here, each training prompt is associated
with a linear regression task of parameter w ∈ Rd drawn at
random according to w ∼ N (0, Id). Consequently, each
prompt is given by [z1, . . . , zL], where for any ℓ ≤ L,
zℓ = (xℓ, yℓ)

⊤ ∈ Rd+1 are i.i.d. random variables such that

 w ∼ N (0, Id)
xℓ ∼ N (0,Σ)
yℓ = w⊤xℓ.

(7)

The goal of the attention layer is then to predict the
label yq, based on the (masked) query token (xq, 0)

⊤.
Using the notations of Section 4, this amounts to study
in-context learning for univariate regression with

{
w ∼ N (0, Id)
µ = N (0,Γw),

(8)

where Γw =

(
Σ Σw

(Σw)⊤ ∥w∥2Σ

)
. For this linear in-context

task, considering an attention layer parameterized by
U, V ∈ R(d+1)×(d+1), the theoretical risk for prompts of
infinite length is given by

RICL
∞ (U, V ) = Eµ∼D

[
Lµ(T

U,V [µ])]
]

=
1

2
Ew∼N (0,Id)

[
Exq∼N (0,Σ)

[
(
v⊤d+1ΓwU(xq, 0)

⊤ − w⊤xq

)2 ]]

where vd+1 is the (d + 1)-th row of V . As observed by
Zhang et al. (2024), note that the prediction concerns
only the last coordinate of the transformer output. Con-
sequently, the parameter V affects the learning task solely
through its last row, so its remaining components remain
fixed during training.

When using a softmax architecture with a prompt of finite

6
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length L, the theoretical risk reads as

RICL
L (U, V ) = Eµ∼DE(z1,...,zL)∼µ⊗L

[
Lµ(T

U,V [µ̂L])]
]

=
1

2
Ew∼N (0,Id)E (z1,...,zL)∼N (0,Γw)⊗L

xq∼N (0,Σ)

[
(∑L

k=1 exp
(
z⊤k U(xq, 0)

⊤)v⊤d+1zk∑L
k=1 exp

(
z⊤k U(xq, 0)⊤

) − w⊤xq

)2 ]

In what follows, we study the training dynamics of an at-
tention layer with a softmax activation and a finite prompt,
via the gradient flow associated with the risk RICL

L . Using
previous results, this can be compared to the gradient flow
dynamics with an infinite length prompt and a linear atten-
tion layer. To this end, we consider the same initialization
scheme as in (Zhang et al., 2024).

Assumption 5.1. The parameters U, V are initialized by
the following block matrix structure

U(0) = α

(
ΘΘ⊤ 0d

0⊤
d 0

)
V (0) = α

(
0d×d 0d

0⊤
d 1

)
,

where α ∈ R and Θ ∈ Rd×d is any matrix satisfying both
∥ΘΘ⊤∥F = 1 and ΘΣ ̸= 0d×d.

This block structure is preserved through training (as al-
ready noticed and used by Zhang et al., 2024, with linear
attention), and allows a tractable analysis of training dy-
namics when α is chosen small enough. This assumption
is mainly technical and does not appear to be necessary in
practice, as illustrated by the experiments in Section 6.

Theorem 5.2. Consider the in-context linear model de-
scribed by (7) and an initialization of parameters given by
Assumption 5.1 with α ∈

(
0,

√
2

d1/4∥Σ∥op

)
. If Σ is invert-

ible, then for any ε > 0, there exists L(ε) such that for any
L ≥ L(ε), the attention parameters trained via gradient
flow (5) satisfy

lim
t→∞

RICL
L (UL(t), VL(t)) ≤ RICL,⋆ + ε,

where RICL,⋆ = limt→∞ RICL
∞ (U∞(t), V∞(t)) corre-

sponds to the Bayes risk for the in-context linear regres-
sion task, which is attained at convergence by the gradient
flow (6) for the infinite prompt setting.

Sketch of Proof. The proof relies on applying Theorem
4.3 to the specific setting of linear in-context learning,
which yields that

lim
t→∞

RICL
L (UL(t), VL(t)) ≤ lim

t→∞
RICL

∞ (U∞(t), V∞(t))+ε.

We then build on the results of Zhang et al. (2024), with
minor adaptations to our framework, to establish the Bayes
optimality of (U∞, V∞). While the results of Zhang et al.
(2024) are stated for a finite prompt length with (normal-
ized) linear attention, both their analysis and conclusions
extend seamlessly to the infinite-prompt regime (L = ∞).
In particular, Equation (5.4) in Zhang et al. (2024), which
governs the gradient-flow dynamics, remains valid in this
limit, and the remainder of the argument carries over ver-
batim, yielding convergence of the gradient flow for infinite
prompt and linear attention.

In this asymptotic regime, the softmax attention layer acts
effectively as a linear operator on both the query token and
prompt measure (see Lemma 2.1). As a result, the infinite-
prompt softmax setting becomes analytically and concep-
tually equivalent to the corresponding infinite-prompt lin-
ear formulation, aligning precisely with the limiting case
studied by Zhang et al. (2024).

Remark 5.3. Zhang et al. (2024) even give a more precise
result, characterizing the limits of U∞ and V∞ as

U∞(t) −−−→
t→∞

tr(Σ−2)−1/4

(
Σ−1 0d

0⊤
d 0

)
,

V∞(t) −−−→
t→∞

tr(Σ−2)1/4
(
0d×d 0d

0⊤
d 1

)
.

These limit matrices are Bayes optimal for in-context linear
regression (Zhang et al., 2024, Theorem 4.2), achieving a
risk equal to 0, i.e., RICL,⋆ = 0, since there is no label
noise here. Note that our results can also be extended to the
presence of label noise, which would only add a variance
term to the right-bottom corner entry of Γw, but we prefer
to stick to Zhang et al. (2024) setting for clarity.

We also require Σ to be invertible, inheriting the assump-
tions of Zhang et al. (2024), but their result (and ours
henceforth) can be extended to a degenerate covariance
matrix. This requires a slightly more careful analysis,
where the limit parameters are given as a function of the
pseudo-inverse Σ†. We refer to Appendix F.3 for more de-
tails about such an extension.

Importantly, we do not provide explicit convergence rates
here, as our objective is not to obtain sharp quantitative
bounds, but rather to characterize the limiting behavior
of the dynamics as L becomes large. Deriving precise
rates generally requires additional structural assumptions
that are specific to the problem under consideration (for
instance, a local Polyak–Łojasiewicz condition), together
with technically involved arguments that do not directly
rely on the infinite-prompt perspective.

Using such problem-specific techniques, Chen et al. (2024,
Theorem 3.3) established precise convergence rates for in-
context linear regression with softmax attention. Their

7
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analysis moreover extends to multi-head and multitask set-
tings, and accommodates distinct parametrizations for the
key and query matrices. Their approach does not rely on
comparisons with linear-attention architectures, but instead
involves highly technical arguments tailored to the soft-
max setting. However, their guarantees hold only under
isotropic covariates, i.e., when Σ = Id. This isotropy as-
sumption is crucial to their analysis, as it preserves a diag-
onal structure in the model parameters throughout training
(see also He et al., 2025). By contrast, our proof strat-
egy builds on the linear-attention analysis of Zhang et al.
(2024), which relies on comparatively simpler mathemat-
ical arguments and remains valid beyond the isotropic-
covariate regime.

6. Numerical experiments
This section presents numerical experiments illustrating
our theoretical results. The experiments are implemented
using a modified version of the codebase introduced by He
et al. (2025), originally developed for a mechanistic in-
terpretability study of in-context linear regression (as de-
scribed in Section 5).

We train single-layer attention architectures using the stan-
dard parameterization θ = (O, V,K,Q) respectively de-
noting the output/value/key/query matrices1. Optimization
is performed via stochastic gradient descent (SGD) using
independently new mini-batches at each iteration.

The data are generated according to the model described in
Equation (7), with dimension d = 5 and isotropic covari-
ates Σ = Id. Following the setup of He et al. (2025), the
regression parameter is drawn as w ∼ N (0, d−1Id), and
additive label noise with variance 0.1 is included. Com-
plete experimental details are provided in Appendix A.

We first investigate the concentration behavior of softmax
attention. Figure 1 illustrates the convergence of softmax
attention—and its gradients—towards its normalized linear
counterpart as the prompt length L increases. In particular,
the figure compares the outputs of the two models evaluated
at identical parameter values, corresponding to the random
initialization of the training dynamics, as well as their gra-
dients with respect to the ICL risk. In agreement with our
theoretical analysis, both the model outputs and the corre-
sponding gradients become increasingly close as L grows,
eventually coinciding in the large-prompt limit.

Figure 2 reports the ICL risk at convergence for differ-
ent prompt lengths L. In addition to single-layer atten-
tion models using either softmax or (normalized) linear

1The output matrix O post-multiplies the model output, yield-
ing the prediction OTK,Q,V [µ̂L](z) for a prompt with empirical
measure µ̂L and a query token z.
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(a) Comparison of linear and
softmax model outputs as L
increases.
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Figure 1. Concentration of output and gradient of softmax atten-
tion layer towards its linear counterpart, on Gaussian inputs.

attention, we compare their performance to the L-Bayes-
optimal estimator, that is, the optimal estimator based on
the L observed prompt tokens (which corresponds to a
well-tuned ridge regression; see, e.g., Williams and Ras-
mussen, 2006, Chapter 2). We observe that linear atten-
tion consistently outperforms softmax attention, although
the performance gap narrows as L increases. Moreover,
the risks achieved by both models appear to converge to the
label-noise level as L → ∞. These findings are fully con-
sistent with our theoretical analysis, and in particular with
Theorem 5.2, which predicts convergence of both softmax
and linear attention models to the Bayes-optimal predic-
tor in the large-prompt limit. Finally, we note that the la-
bel noise is non-zero in this experiment, further confirming
that our results remain valid in the presence of label noise,
as discussed in Remark 5.3.

0 250 500 750 1000
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0.5

0.6

0.7

IC
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R
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noise level

softmax attention

linear attention

L-Bayes optimal

Figure 2. ICL risk of model at convergence. L here refers to
the prompt length used for both model training and the evaluation
shown in the figure.

Figure 3 illustrates more precisely the similarity between
the training dynamics of softmax and normalized linear
attention, which we recall are theoretically equivalent in

8
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the limit L → ∞ under Gaussian inputs. Specifically, Fig-
ure 3 displays, for several values of L, the evolution during
training of the squared norm of the difference between
the parameters of the linear attention model and those of
the softmax model. To enable a meaningful comparison
of the two training trajectories, we use the same random
seed for both parameter initialization and data generation
at each training step. In agreement with our theoretical
predictions, the distance between the two trajectories
decreases as L increases, indicating that the dynamics
of softmax attention progressively align with those of
normalized linear attention in the large-prompt regime.

0 1 2 3

Training step t ×105

0.0

0.5

1.0

1.5

2.0

‖θ
li

n
(t

)
−
θs

of
t (t

)‖
2

L=10

L=50

L=100

L=200

L=1000

Figure 3. Evolution of distance between trained parameters ob-
tained with softmax and linear attention for different prompt
lengths.

Additional experiments with anisotropic Gaussian data are
presented in Appendix A and lead to similar observations.

7. Conclusion
We developed a measure-based framework for softmax at-
tention that characterizes its behavior in the infinite-prompt
limit and provides non-asymptotic guarantees for finite
prompts. This framework yields a faithful surrogate for an-
alyzing training dynamics and shows that softmax and lin-
ear attention become increasingly similar in long-prompt
regimes, with centered Gaussian inputs. As an application,
we establish the first convergence guarantees for in-context
linear regression with softmax attention under anisotropic
Gaussian covariates. More broadly, our framework pro-
vides theoretical justification for analyzing simplified at-
tention mechanisms, such as linear attention, without los-
ing relevance to practical regimes encountered in trans-
former models. We believe that these tools can facilitate
the study of training dynamics beyond Gaussian inputs and
with more complex learning tasks, including, for instance,
n-gram in-context learning (Edelman et al., 2024; Varre
et al., 2025).
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A. Additional experiments and experimental details
A.1. Experimental details

The code used to run the experiments is based on the implementation of He et al. (2025) and is publicly available at
github.com/eboursier/softmax_as_linear. The data for the ICL task are generated according to the follow-
ing process:  w ∼ N (0, d−1Id)

xℓ ∼ N (0,Σ)
yℓ = w⊤xℓ + ηℓ where ηℓ ∼ N (0, 0.1)

which matches the data-generating distribution used in the experiments of He et al. (2025). In Section 6, we focus on the
isotropic setting Σ = Id with d = 5. Training is performed using stochastic gradient descent with a learning rate of 10−3

for 500,000 steps. At each iteration, we sample a batch of nbatch = 128 prompts, each of length L.

The softmax attention architecture is parameterized by matrices O, V,K,Q. Given a prompt (z1, . . . , zL) and a query
token zq, the model outputs

TO,V,K,Q
soft [µ̂L](zq) = O

∑L
ℓ=1 exp(⟨Qzq,Kzℓ⟩)V zℓ∑L

ℓ=1 exp(⟨Qzq,Kzℓ⟩)
.
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The linear attention architecture uses the same parameterization (O, V,K,Q) and produces

TO,V,K,Q
lin [µ̂L](zq) = O

1

L

L∑
ℓ=1

⟨Qzq,Kzℓ⟩V zℓ.

The additional normalization factor 1/L, while not standard, ensures that the softmax and linear attention architectures
exhibit comparable behavior in the limit L → ∞ in our setting. The weights O, V,K,Q are initialized at random following
the standard Pytorch initialization.

To ensure a fair comparison of the training dynamics the random seed is fixed, so that both architectures are initialized with
identical weights and the same prompt batches are presented at each training iteration.

All experiments were run on a personal laptop. Each run (corresponding to a fixed architecture and prompt length L)
required approximately 30 minutes.

A.2. Additional experiments

We provide additional experimental results in the appendix. Appendix A.2.1 reports the training dynamics for the experi-
ments discussed in Section 6, while Appendix A.2.2 presents analogous experiments with anisotropic Gaussian covariates.

An observation not discussed in Section 6 is that training softmax attention architectures appears to be more stable than
training linear attention architectures. In particular, for the linear models, optimization occasionally failed for some random
initializations, requiring reruns with different random seeds to obtain successful training.

A.2.1. EVOLUTION OF ICL RISK OVER TRAINING

Figure 4 below illusrates the evolution of the ICL risk during training for L ∈ {10, 100, 1000} and both softmax and linear
activations.
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Training step t ×105

0.0

0.2

0.4

0.6

0.8

1.0

1.2

R
IC

L
L

softmax, L=10

softmax, L=100
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linear, L=10
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Figure 4. Evolution of ICL risk during training, for different activations and prompt lengths on isotropic data.

The evolution of the ICL risk is here rather natural—in contrast to the anisotropic case of Figure 8—and suggests that the
convergence happens quite quickly, i.e., before 50 000 steps.

A.2.2. ANISOTROPIC GAUSSIAN COVARIATES

Since our work is the first to establish convergence guarantees for softmax attention in in-context linear regression with
anisotropic Gaussian covariates, we include this section for completeness and provide experiments analogous to those in
Section 6, but in the anisotropic setting.
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Figure 5. Concentration of output and gradient of softmax attention layer towards its linear counterpart, on anistropic Gaussian inputs.
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Figure 6. ICL risk of model at convergence for
anistropic covariates. L here refers to the prompt
length used for both model training and the evaluation
shown in the figure.
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Figure 7. Evolution of distance between trained pa-
rameters obtained with softmax and linear attention for
different prompt lengths for anisotropic covariates.

We consider the same experimental setup as described in Appendix A.1, with the sole modification that covariates are now
sampled as xℓ ∼ N (0,Σ), where Σ is a Kac–Murdock–Szegö matrix with parameter ρ = 0.5, i.e.,

Σi,j = 0.5|i−j|.

In this representative anisotropic setting, we observe behavior qualitatively similar to the isotropic case: both softmax and
linear attention models converge towards the Bayes-optimal predictor, and their training trajectories become increasingly
close as L → ∞.

In this typical anisotropic case, we get similar observations as in the isotropic case: both softmax and linear attention
models converge towards the Bayes optimum, while their training trajectories are getting closer as L → ∞.

However, in contrast to the isotropic case, several notable differences arise:

• The ICL risk converges more slowly towards the Bayes optimum as L → ∞, as illustrated in Figure 6.

• The evolution of the difference between the two training trajectories is more erratic—and potentially non-
monotonic—particularly for small values of L, as shown in Figure 7. Nevertheless, we still observe an overall
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Figure 8. Evolution of ICL risk during training, for different activations and prompt lengths, on anisotropic data.

tendency for the trajectories to get closer as L → ∞. For large prompt lengths (e.g., L = 1000), the evolution
of this difference appears more regular, resembling the behavior observed in the isotropic case (Figure 3).

• For a fixed value of L, the training dynamics of the ICL risk are themselves more irregular compared to the isotropic
setting, as illustrated in Figure 8.

Overall, these observations confirm our theoretical results, while also highlighting that the optimization process becomes
more challenging in the presence of anisotropic covariates. In particular, larger prompt lengths may be required to achieve
performance comparable to that obtained in the isotropic case.

B. Results of Section 2
B.1. Proof of Lemma 2.1

Proof. We define for any z the skewed distribution µz by:

dµz(z
′) =

exp
(
⟨Qz,Kz′⟩

)
Ez0∼µ

[
exp
(
⟨Qz,Kz0⟩

)]dµ(z′)
Obviously, µz is a probability distribution. Moreover, note that, assuming Γ is invertible,

dµz(z
′)

dz′
∝ exp

(
z′⊤K⊤Qz − 1

2
(z′ −m)⊤Γ−1(z′ −m)

)
∝ exp

(
−1

2
(z′ −m− ΓK⊤Qz)⊤Γ−1(z′ −m− ΓK⊤Qz)

)
.

In particular, µz = N (m+ ΓK⊤Qz,Γ). Using this relation, we can now compute TK,Q,V [µ](z):

TK,Q,V [µ](z) =
V
∫
Rd exp

(
⟨Qz,Kz′⟩

)
z′dµ(z′)∫

Rd exp
(
⟨Qz,Kz′⟩

)
dµ(z′)

= V Ez′∼µz
[z′]

= V (m+ ΓK⊤Qz)

This equality still holds when Γ is degenerate, by doing the same computation, replacing dz′ by the Lebesgue measure on
an appropriately chosen affine subspace of dimension rank(Γ).

Thus the output distribution is the pushforward through the affine map z 7→ V m + V ΓK⊤Qz of the initial Gaussian
density N (m,Γ). It is therefore also Gaussian, given by N (V (Id + ΓK⊤Q)m, (V ΓK⊤Q)Γ(V ΓK⊤Q)⊤).
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B.2. Relation to linear self-attention

Normalized standard linear self-attention (LSA) is given by the parametrization:

TV,K,Q
lin [µ̂L](zq) =

1

L

L∑
ℓ=1

⟨Qzq,Kzℓ⟩V zℓ.

In contrast to the standard definition, we here include the normalization factor 1
L so that the limit as L → ∞ is well-defined.

A straightforward application of the law of large numbers then yields the pointwise limit

TV,K,Q
lin [µ](zq) = V Ez∼µ[zz

⊤]K⊤Qzq.

This expression coincides with the softmax attention output given in Lemma 2.1 in the special case of centered Gaussian
inputs. Accordingly, for centered Gaussian inputs, softmax and linear attention are equivalent.

C. Proofs of Section 3: Concentration of Attention
The output TK,Q,V only depends on K,Q by their product K⊤Q. In consequence, we use in the section the parametrization
U = K⊤Q and TK,Q,V = TU,V for conciseness. Yet, since this section solely concerns concentration of the output of
TK,Q,V , our result hold both for TU,V and TK,Q,V .

C.1. Preliminaries for the high-probability bound (Propositons 3.1 and 3.4)

Lemma C.1 below allows to provide a high probability (over prompt tokens zℓ) concentration bound for a fixed input token
z.

Lemma C.1. If µ is centered and σ sub-Gaussian, then for any δ ≥ exp
(
−L

8 exp(−2∥Uz∥2)
)

and z ∈ Rd, with proba-
bility larger than 1− 4δ, ∥∥∥∥∥

∑L
k=1 exp(z

⊤
k Uz)f(zk)∑L

k=1 exp(z
⊤
k Uz)

− EZ1∼µ[exp(Z
⊤
1 Uz)f(Z1)]

EZ1∼µ[exp(Z⊤
1 Uz)]

∥∥∥∥∥
2

≤ 27β2
L,δ,

where βL,δ = exp(2σ2∥Uz∥2) · EZ1
[∥f(Z1)∥4]1/4 ·

√
1
δL .

Proof of Lemma C.1. For a fixed z, we introduce the notation{
RL :=

∑L
i=1 exp(z

⊤
i Uz)f(zi)

SL :=
∑L

i=1 exp(z
⊤
i Uz)

in which we omit the dependence in z. Then, by definition∑L
k=1 exp(z

⊤
k Uz)f(zk)∑L

k=1 exp(z
⊤
k Uz)

=:
RL

SL
. (9)

To control the quantity in Lemma C.1, we proceed as follows∥∥∥∥RL

SL
− R

S

∥∥∥∥ =

∥∥∥∥RL

SL
− R

SL
+

R

SL
− R

S

∥∥∥∥
≤ 1

SL
∥RL −R∥+ ∥R∥

∣∣∣∣ 1SL
− 1

S

∣∣∣∣ , (10)

where R = L · EZ1 [exp(Z
⊤
1 Uz)f(Z1)] and S = L · EZ1 [exp(Z

⊤
1 Uz)] are the expected values of RL and SL.
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Control of SL. For a fixed z ∈ Rd, set Mℓ = exp(z⊤ℓ Uz), which is by sub-Gaussianity of zℓ such that

E [Mℓ] =
S

L
≤ exp(σ2∥Uz∥2/2) and E

[
M2

ℓ

]
≤ exp(2σ2∥Uz∥2).

To first control a lower bound on SL, we proceed as follows. By setting SL =
∑L

ℓ=1 Mℓ and observing that Mℓ are almost
surely non-negative, Theorem 7 of Chung and Lu (2006) gives for any α− ∈ (0, 1)

P (SL ≤ (1− α−)S) ≤ exp

(
− α2

−S
2

2LE[M2
1 ]

)
≤ exp

(
−α2

−L exp(−2σ2∥Uz∥2)
2

)
,

where we used that S = L · E[M1] ≥ L by Jensen’s inequality. Letting α− = exp(σ2∥Uz∥2)
√

2 ln(1/δ)
L , this yields that

with probability at least δ,
SL ≥ (1− α−)S.

The concentration upper bound for SL is obtained by resorting to the heavy tail concentration bound of Bubeck et al. (2013,
Lemma 3), which directly yields here that with probability larger than 1− δ,

SL ≤ S +

√
3LE[M2

1 ]

δ
≤
(
1 + exp

(
σ2∥Uz∥2

)√ 3

δL

)
S.

Thus we have shown that with probability at least 1− 2δ,

(1− α−)S ≤ SL ≤ (1 + α+)

where α− = exp(σ2∥Uz∥2)
√

2 ln(1/δ)
L and α+ = exp

(
σ2∥Uz∥2

)√
3
δL . This inequality directly implies the following

inequalities

1

1 + α+
· 1
S

≤ 1

SL
≤ 1

1− α−
· 1
S
,

− α+

1 + α+
· 1
S

≤ 1

SL
− 1

S
≤ α−

1− α−
· 1
S
.

Finally, we thus get that, with probability at least 1− 2δ,∣∣∣∣ 1SL
− 1

S

∣∣∣∣ ≤ max

(
α+,

α−

1− α−

)
1

S
.

Control of RL. Define Q̃i = exp(z⊤i Uz)f(zi). Then, using Cauchy-Schwarz inequality:

E
[
∥Q̃i∥2

]
≤
√

E
[
exp(4z⊤i Uz)

]
· E [∥f(zi)∥4]

≤ exp(4σ2∥Uz∥2) ·
√

E[∥f(zi)∥4].

Lemma 3 of Bubeck et al. (2013) can directly be extended to random vectors to the following lemma.

Lemma C.2. Let Q1, . . . , QL be an i.i.d. sequence of random vectors in Rd such that E[∥Qi∥2] ≤ u. Then for any
δ ∈ (0, 1), with probability at least 1− 2δ: ∥∥∥∥∥

L∑
i=1

Qi − E[Qi]

∥∥∥∥∥ ≤
√

3uL

δ
.
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We can use again this heavy tail concentration bound so that with probability larger than 1− 2δ,

∥RL −R∥ ≤

√
3
L exp(4σ2∥Uz∥2)

√
E[∥f(z1)∥4]

δ

= exp(2σ2∥Uz∥2) · E[∥f(z1)∥4]1/4 ·
√

3L

δ
.

Gluing things together. Finally using Equation (10) and the fact that S ≥ L, it comes with probability larger than 1−4δ
that ∥∥∥∥RL

SL
− R

S

∥∥∥∥ ≤ max

(
α+,

α−

1− α−

)∥∥∥∥RS
∥∥∥∥+ β

1− α−
,

where α+ = exp
(
σ2∥Uz∥2

)√
3
δL , α− = min

(
exp(σ2∥Uz∥2)

√
2 ln(1/δ)

L , 1

)
and β = exp(2σ2∥Uz∥2) ·

E[∥f(z1)∥4]1/4 ·
√

3
δL .

Note that

α− ≤ 1

2
⇐⇒ δ ≥ exp

(
−L

8
exp(−2σ2∥Uz∥2)

)
︸ ︷︷ ︸

=: δmin

so that for δ ≥ δmin, we can ensure that 1/(1− α−) ≤ 2 and then, with probability larger than 1− 4δ,∥∥∥∥RL

SL
− R

S

∥∥∥∥ ≤ max (α+, 2α−)

∥∥∥∥RS
∥∥∥∥+ 2β

≤
∥∥∥∥RS
∥∥∥∥α+ + 2β,

using that α+ ≥ 2α−. Now note that∥∥∥∥RS
∥∥∥∥ =

∥∥∥∥EZ1
[exp(Z⊤

1 Uz)f(Z1)]

EZ1 [exp(Z
⊤
1 Uz)]

∥∥∥∥ ≤
√

EZ1
[exp(2Z⊤

1 Uz)] · EZ1
[∥f(Z1)∥2]

≤ exp(σ2∥Uz∥2)
√
EZ1 [∥f(Z1)∥2] (11)

Then, with probability at least 1− 4δ, for δ ≥ δmin∥∥∥∥RL

SL
− R

S

∥∥∥∥ ≤ exp(σ2∥Uz∥2)
√
E[∥f(z1)∥2] · exp

(
σ2∥Uz∥2

)√ 3

δL

+ 2 exp(2σ2∥Uz∥2) · E[∥f(z1)∥4]1/4 ·
√

3

δL

≤ 3 exp(2σ2∥Uz∥2)E[∥f(z1)∥4]1/4
√

3

δL
,

which yields Lemma C.1.

Corollary C.3. If µ is σ sub-Gaussian, for any z ∈ Rd and δ ≥ δ0 := 64 exp(4σ2∥Uz∥2)
L2 ,

P

∥∥∥∥∥
∑L

k=1 exp(z
⊤
k Uz)f(zk)∑L

k=1 exp(z
⊤
k Uz)

− EZ1 [exp(Z
⊤
1 Uz)f(Z1)]

EZ1
[exp(Z⊤

1 Uz)]

∥∥∥∥∥
2

≥ C

δL

 ≤ δ,

where C = C(U, f, z) = 108 exp(4σ2∥Uz∥2)
√

EZ1 [∥f(Z1)∥4].

18



Softmax as Linear Attention in the Large-Prompt Regime

Proof. Since e−x ≤ 1
x2 on (0,∞), we have δ0 ≥ δmin. Lemma C.1 then yields that with probability 1− 4δ,

∥∥∥∥∥
∑L

k=1 exp(z
⊤
k Uz)f(zk)∑L

k=1 exp(z
⊤
k Uz)

− EZ1
[exp(Z⊤

1 Uz)f(Z1)]

EZ1 [exp(Z
⊤
1 Uz)]

∥∥∥∥∥
2

≤ 27 exp(4σ2∥Uz∥2)
√

EZ1
[∥f(Z1)∥4]

1

δL
.

Replacing δ by δ/4 leads to the desired result: with probability larger than 1− δ, it holds that

(
TU,V [µ̂L](z)− TU,V [µ](z)

)2 ≤ 108 exp(4σ2∥Uz∥2)
√

EZ1
[∥f(Z1)∥4]

1

δL
.

C.2. Concentration of the second order over input tokens (fixed query)

Lemma C.4 below allows to provides an expected concentration bound for a fixed input token z. This bound does not
directly derive from Corollary C.3, but also requires a careful bounding of the squared difference in the small probability
event where the concentration of Corollary C.3 does not hold.

Lemma C.4. Assume µ is centered, σ sub-Gaussian and there is Cf ∈ R+ such that supz∈Rd
∥f(z)∥
∥z∥p ≤ Cf for some

p ∈ {1, 2}. Then for any z ∈ Rd,

Ez1,...,zL∼µ⊗L

∥∥∥∥∥
∑L

k=1 exp(z
⊤
k Uz)f(zk)∑L

k=1 exp(z
⊤
k Uz)

− EZ1
[exp(Z⊤

1 Uz)f(Z1)]

EZ1
[exp(Z⊤

1 Uz)]

∥∥∥∥∥
2
 ≤ 2C ln(L)

L
+

2 · 16pσ2pLp Cfe
2d

(
1 + 1p=2

√
L

22σ2
· E[∥Z1∥8]1/4

)

· exp
(
−
(
L1/p

21/p
− exp(

2

p
σ2∥Uz∥2)

)
· E[∥f(Z1)∥4]1/2p

16σ2C
2/p
f

)
,

where C = C(U, f, z) = 108 exp(4σ2∥Uz∥2)
√
EZ1

[∥f(Z1)∥4]

Proof. Using the same notations as in the proof of Lemma C.1, it comes for C defined by Corollary C.3 and t0 = 16C
27δ0L

:

Ez1,...zL

[∥∥∥∥RL

SL
− R

S

∥∥∥∥2
]
=

∫ ∞

0

P

[∥∥∥∥RL

SL
− R

S

∥∥∥∥2 ≥ t

]
dt

≤ C

L
+

∫ t0

C
L

C

Lt
dt+

∫ ∞

t0

P
(
max

ℓ
∥f(zℓ)∥2 ≥ t

2
− R2

S2

)
dt,

where we used Corollary C.3 for t ≤ t0, and for t > t0 that∥∥∥∥RL

SL
− R

S

∥∥∥∥2 ≥ t =⇒ 2

∥∥∥∥RL

SL

∥∥∥∥2 + 2

∥∥∥∥RS
∥∥∥∥2 ≤ t

=⇒
∥∥∥∥RL

SL

∥∥∥∥2 ≥ t

2
−
∥∥∥∥RS
∥∥∥∥2

=⇒ max
ℓ

∥f(zℓ)∥2 ≥ t

2
−
∥∥∥∥RS
∥∥∥∥2 .

The last line here used the fact that RL

SL
is in the convex hull of (zℓ)ℓ by definition of the softmax. Now using that
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P(maxℓ ∥f(zℓ)∥2 ≥ u) ≤ LP(∥f(z1)∥2 ≥ u) by union bound,

Ez1,...zL

[∥∥∥∥RL

SL
− R

S

∥∥∥∥2
]
≤ C

L
+

C

L
(ln(t0) + ln(L/C)) + 2L

∫ ∞(
t0
2 − ∥R∥2

S2

)
+

P
(
C2

f∥z1∥2p ≥ t
)
dt

≤ C(1 + ln(t0L/C))

L
+ 2L

∫ ∞(
t0
2 − ∥R∥2

S2

)
+

P

(
∥z1∥2 ≥ t1/p

C
2/p
f

)
dt

≤ C(1− ln(δ0) + ln(16/27))

L
+ 2Le2d

∫ ∞(
t0
2 − ∥R∥2

S2

)
+

exp

(
− t1/p

16σ2C
2/p
f

)
dt

≤ C(1− ln(δ0))

L
+ 2Lpe2d

∫ ∞(
t0
2 − ∥R∥2

S2

)1/p

+

up−1 exp

(
− u

16σ2C
2/p
f

)
du,

where we use that for σ sub-Gaussian random variables, for any t, P
(
∥z1∥2 ≥ t

)
≤ e2d−t/16σ2

(see Lemma D.2 in
Appendix D). By definition of δ0,

1− ln(δ0) = 1 + 2 ln(L)− 6 ln(2)− 4σ2∥Uz∥2 ≤ 2 ln(L).

Moreover, recall that

t0 = L
√

E[∥f(Z1)∥4] and
∥R∥2
S2

≤ exp(2σ2∥Uz∥2)
√

E[∥f(Z1)∥4].

By definition of Cf , E[∥f(Z1)∥4] ≤ C4
fE[∥Z1∥4p], so that(

t0
2
− ∥R∥2

S2

)1/p

+

· 1

16σ2C
2/p
f

≥
(
L

2
− exp(2σ2∥Uz∥2)

)1/p

+

· E[∥f(Z1)∥4]1/2p

16σ2C
2/p
f

and
(
t0
2
− ∥R∥2

S2

)1/p

+

· 1

16σ2C
2/p
f

≤ L1/p

24+1/pσ2
· E[∥Z1∥4p]1/2p.

Moreover for the remaining integral, note that∫ ∞(
t0
2 − ∥R∥2

S2

)1/p

+

up−1 exp

(
− u

16σ2C
2/p
f

)
du = 16pσ2pCf

∫ ∞(
t0
2 − ∥R∥2

S2

)1/p

+
/(16σ2C

2/p
f )

vp−1 exp (−v) dv

= 16pσ2pCfΓ

(
p,

(
t0
2
− ∥R∥2

S2

)1/p

+

/(16σ2C
2/p
f )

)
,

where Γ(·, ·) is the upper incomplete Gamma function. Since p ∈ {1, 2}, we can use the upper bound Γ(p, x) ≤ (1 +
x1p=2)e

−x for all x ≥ 0 (Pinelis, 2020) so that finally

Ez1,...zL

[∥∥∥∥RL

SL
− R

S

∥∥∥∥2
]
≤ 2C ln(L)

L
+ 2 · 16pσ2pLpCfe

2d

(
1 + 1p=2

√
L

22σ2
· E[∥Z1∥8]1/4

)

· exp
(
−
(
L

2
− exp(2σ2∥Uz∥2)

)1/p

+

· E[∥f(Z1)∥4]1/2p

16σ2C
2/p
f

)

≤ 2C ln(L)

L
+ 2 · 16pσ2pLpCfe

2d

(
1 + 1p=2

√
L

22σ2
· E[∥Z1∥8]1/4

)

· exp
(
−
(
L1/p

21/p
− exp(

2

p
σ2∥Uz∥2)

)
· E[∥f(Z1)∥4]1/2p

16σ2C
2/p
f

)
,

which concludes the proof.
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C.3. Concentration of the second order over both query and input tokens

The goal of this section is now to prove an expected concentration bound for finite length prompt, when taking expectation
with respect to both prompt sequence and input token. Again, we will have to resort to different bounds, depending on
whether we are in high probability events where different vector norms and deviations are well controlled or not. First of
all, we need moment conditions given by Assumption C.5 below.

Assumption C.5. Assume that f, g satisfy the following properties for the family of probability distributions P ⊆ P(Rd)
and the integer p ∈ N:

(i) there is Cf ∈ R+ such that supz∈Rd
∥f(z1)∥
∥z1∥p ≤ Cf ;

(ii) for any U ∈ Rd×d and µ ∈ P that is σ sub-Gaussian, Ez

[
∥EZ1 [exp(Z

⊤
1 Uz)f(Z1)g(z)]∥4

EZ1 [exp(Z⊤
1 Uz)]

4

]
≤ σ8pc(f, g, U) < +∞;

(iii) Ez[∥g(z)∥4] < +∞.

Note that we could use a more general Assumption C.5 (ii), where the scaling in σ could be of arbitrary exponent, without
any significant change in our following results. The scaling chosen here is just for the sake of presentation, as it corresponds
to the one we will encounter in our in-context learning application. In addition, remark that p characterizes the homogeneity
degree of function f .

Lemma C.6 (General finite-length bound). Assume that µ and ν are both centered, respectively σ and 1 sub-Gaussian
distributions with σ ≥ 1. Moreover, consider functions f, g satisfying Assumption C.5 for p ∈ {1, 2} and µ ∈ P , assuming
that the product f(z1)g(z) is legit and that ∥f(z1)g(z)∥ ≤ ∥f(z1)∥ ∥g(z)∥. Then there exist constants c1, c2 > 0
depending solely on d, f, g, p, P, U such that,

E

∥∥∥∥∥
∑L

k=1 exp(z
⊤
queryU

⊤zk)f(zk)g(z)∑L
k=1 exp(z

⊤
queryU

⊤zk)
− EZ1 [exp(z

⊤
queryU

⊤Z1)f(Z1)g(z)]

EZ1 [exp(z
⊤
queryU

⊤Z1)]

∥∥∥∥∥
2

L2(ν)

 ≤ c1σ
6p ln(L)

p

Lc2/σ2

where Z1 ∼ µ and the expectation is taken over (z1, . . . , zL) ∼ µ⊗L.

The proof provides a more explicit bound of the form

E

∥∥∥∥∥
∑L

k=1 exp(z
⊤
queryU

⊤zk)f(zk)∑L
k=1 exp(z

⊤
queryU

⊤zk)
− EZ1 [exp(z

⊤
queryU

⊤Z1)f(Z1)]

EZ1 [exp(z
⊤
queryU

⊤Z1)]

∥∥∥∥∥
2

L2(ν)

 (12)

≤ c̃1σ
2pL3/2 exp(−c̃2L

1/p/σ2) + c̃3
ln(L)

L1/3
+ c̃4σ

4p ln(L)p

L1/(192σ2∥U∥2
op)

,

where c̃1, c̃2, c̃3, c̃4 are positive constants depend solely on d, f, g, p, P, U .

Note that Lemma C.6 above provides a more general concentration than just on the transformer output, which would
correspond to f(zk) = V zk and g(z) = 1. This is because this more general form will also be used to control the
concentration of gradients, via other choices of f and g. Note that such a general bound could even be used to control
higher order derivatives if desired.

Proof. Again in this section, we follow the notation used in the proofs of Lemmas C.1 and C.4. To get a bound on the
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expectation, we split the computation as follows for some B ∈ R+

Ez

[
Ez1,...,zL

[∥∥∥∥RL

SL
g(z)− R

S
g(z)

∥∥∥∥2
]]

≤ Ez

[
Ez1,...,zL

[∥∥∥∥RL

SL
− R

S

∥∥∥∥2
]
∥g(z)∥21∥z∥≤B

]
+ Ez

[
Ez1,...,zL

[∥∥∥∥RL

SL
g(z)− R

S
g(z)

∥∥∥∥2
]
1∥z∥>B

]

≤ Ez

[
2C(z) ln(L)

L
∥g(z)∥21∥z∥≤B

]
+ Ez

[
2 · 16pσ2pLpCfe

2d

(
1 + 1p=2

√
L

22σ2
· E[∥Z1∥8]1/4

)
·

exp

(
−
(
L1/p

21/p
− exp(

2

p
σ2∥Uz∥2)

)
· E[∥f(Z1)∥4]1/2p

16σ2C
2/p
f

)
∥g(z)∥21∥z∥≤B

]

+ 2Ez

[
1∥z∥>B

(∥∥∥∥RL

SL
g(z)

∥∥∥∥2 + ∥∥∥∥RS g(z)

∥∥∥∥2
)]

≤ Ez

[
2C(z) ln(L)

L
∥g(z)∥21∥z∥≤B

]
+ Ez

[
2 · 16pσ2pLpCfe

2d

(
1 + 1p=2

√
L

22σ2
· E[∥Z1∥8]1/4

)
·

exp

(
−
(
L1/p

21/p
− exp(

2

p
σ2∥Uz∥2)

)
· E[∥f(Z1)∥4]1/2p

16σ2C
2/p
f

)
∥g(z)∥21∥z∥≤B

]

+ 2Ez

[
1∥z∥>B

(
Ez1,...,zL

[
max
ℓ∈[L]

∥f(zℓ)∥2
]
∥g(z)∥2 + ∥R · g(z)∥2

S2

)]
,

where for the last term, we used the deterministic bound ∥RL

SL
∥ ≤ maxℓ∈[L] ∥f(zℓ)∥. We bound the three terms separately.

Bound on Term 1. By choosing B = 1
σ∥U∥op

√
ln(L)/6,

1∥z∥≤BC(z) = 1∥z∥≤B108 exp(4σ
2∥Uz∥2)

√
EZ1

[∥f(Z1)∥4]

≤ 108 exp
(2 ln(L)

3

)√
EZ1

[∥f(Z1)∥4]

where we used on the second line that, on the event {∥z∥ ≤ B},

σ2∥Uz∥2 ≤ σ2∥U∥2opB2

=
ln(L)

6
.

So for the first term, we have the bound

Ez

[
2C(z) ln(L)

L
∥g(z)∥21∥z∥≤B

]
≤ 216

√
EZ1

[∥f(Z1)∥4]Ez[∥g(z)∥2]
ln(L)

L1/3
. (13)

Bound on Term 2. Again, using that σ2∥Uz∥2 ≤ ln(L)
6 on the event {∥z∥ ≤ B}, the exponential in the second term can

be bounded as:

exp

(
−
(
L1/p

21/p
− exp(

2

p
σ2∥Uz∥2)

)
· E[∥f(Z1)∥4]1/2p

16σ2C
2/p
f

)
1∥z∥≤B

≤ exp

(
−
(
L1/p

21/p
− L1/3p

)
· E[∥f(Z1)∥4]1/2p

16σ2C
2/p
f

)
,

so that the second term can be bounded by

c̃1σ
2pEz[∥g(z)∥2]L3/2 exp(− c̃2

σ2
L1/p)
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where c̃1, c̃2 are positive constants hiding only dependencies in f and d. This matches the first term in the more explicit
bound described by Equation (12). From now on, we show that this term is dominated by a polylog term as given in
Lemma C.6. Note that for any L, σ > 0 and p ∈ {1, 2}

c̃1σ
2pEz[∥g(z)∥2]L3/2 exp(− c̃2

σ2
L1/p) ≤ 5c̃1σ

2pEz[∥g(z)∥2]L3/2

(
c̃2
σ2

L1/p

)−2p

,

where we used that e−x ≤ 5x−2p, when x > 0 and p ∈ {1, 2}. After simplifying, this finally yields that the second term
can be bounded by 5c̃1c̃

−2p
2 σ6pL−1/2.

Bound on Term 3. First note that

Ez1,...,zL

[
max
ℓ∈[L]

∥f(zℓ)∥4
]
≤ C4

f · Ez1,...,zL

[
max
ℓ∈[L]

∥zℓ∥4p
]
.

By Cauchy-Schwarz inequality, we have

Ez

[
1∥z∥>B

(
Ez1,...,zL [max

ℓ∈[L]
∥f(zℓ)g(z)∥2] +

∥R · g(z)∥2
S2

)]
≤
√
2Ez

[
∥g(z)∥4Ez1,...,zL

[
max
ℓ∈[L]

∥f(zℓ)∥4
]]

+ 2Ez

[∥R · g(z)∥4
S4

]
·
√

P(∥z∥ ≥ B)

≤
(√

2Ez[∥g(z)∥4]Ez1,...,zL

[
max
ℓ∈[L]

∥f(zℓ)∥4
]
+

√
2Ez

[∥R · g(z)∥4
S4

])
· exp

(
d− B2

32

)

≤
(√

2Ez[∥g(z)∥4]Ez1,...,zL

[
max
ℓ∈[L]

∥f(zℓ)∥4
]
+

√
2Ez

[∥R · g(z)∥4
S4

])
· exp

(
d− ln(L)

192σ2∥U∥2op

)

≤

σ2p
√
2Ez[∥g(z)∥4]C4

fC4p(d2p + ln(L)2p) +

√√√√2Ez

[
∥R · g(z)∥4

S4

] · exp
(
d− ln(L)

192σ2∥U∥2op

)
,

where we used Lemma D.2 for the last inequality. Now Assumption C.5 (ii) allows to bound
√

Ez

[
∥R·g(z)∥4

S4

]
by

σ4p
√
c(f, g, U) and to conclude.

C.4. Concentration of the fourth order over input tokens (fixed query)

To control the concentration of the gradient, we will also need to derive an expected concentration bound similar to
Lemma C.6, but with a power 4 instead of 2 in the concentration. In that goal, the two following sections derive results
and analyses similar to Lemmas C.4 and C.6, but with fourth order moment. First, Lemma C.7 gives the fourth moment
equivalent2 of Lemma C.4.

Lemma C.7. Assume µ is centered, σ sub-Gaussian and there is Cf ∈ R+ such that supz∈Rd
∥f(z)∥
∥z∥ ≤ Cf . Then for any

z ∈ Rd,

Ez1,...,zL

∥∥∥∥∥
∑L

k=1 exp(z
⊤
k Uz)f(zk)∑L

k=1 exp(z
⊤
k Uz)

− EZ1
[exp(Z⊤

1 Uz)f(Z1)]

EZ1
[exp(Z⊤

1 Uz)]

∥∥∥∥∥
4
 ≤ 2C

√
E[∥f(Z1)∥4]√

L
+

163σ4LC4
fe

2d

(
1 +

√
L

32
√
2σ2

· E[∥Z1∥4]1/2
)

· exp
(
−
( √

L

2
√
2
− exp(2σ2∥Uz∥2)

)
· E[∥f(Z1)∥4]1/2

16σ2C2
f

)
,

2Note that here the homogeneity degree p is taken equal to 1, as it will be sufficient for our application.
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C = C(U, f, z) = 108 exp(4σ2∥Uz∥2)
√
EZ1

[∥f(Z1)∥4]

Proof. Using the same notations as in the proof of Lemma C.1, it comes for C defined by Corollary C.3, t0 = ( 1627 )
2 C2

δ20L
3 :

Ez1,...zL

[∥∥∥∥RL

SL
− R

S

∥∥∥∥4
]
=

∫ ∞

0

P

[∥∥∥∥RL

SL
− R

S

∥∥∥∥4 ≥ t

]
dt

≤
∫ t0

0

C

L
√
t
dt+

∫ ∞

t0

P

(
max

ℓ
∥f(zℓ)∥4 ≥ t

8
−
∥∥∥∥RS
∥∥∥∥4
)
dt,

where we used Corollary C.3 for t ≤ t0, and for t ≥ t0 that∥∥∥∥RL

SL
− R

S

∥∥∥∥4 ≥ t =⇒ 8

∥∥∥∥RL

SL

∥∥∥∥4 + 8

∥∥∥∥RS
∥∥∥∥4 ≥ t

=⇒
∥∥∥∥RL

SL

∥∥∥∥4 ≥ t

8
−
∥∥∥∥RS
∥∥∥∥4

=⇒ max
ℓ

∥f(zℓ)∥4 ≥ t

8
−
∥∥∥∥RS
∥∥∥∥4 .

Therefore, processing the integration and applying a union bound again gives

Ez1,...zL

[∥∥∥∥RL

SL
− R

S

∥∥∥∥4
]
≤ 2C

√
t0

L
+ 8L

∫ ∞(
t0
8 − ∥R∥4

S4

)
+

P
(
C4

f∥z1∥4 ≥ t
)
dt

≤ 2C
√
t0

L
+ 8L

∫ ∞(
t0
8 − ∥R∥4

S4

)
+

P

(
∥z1∥2 ≥ t1/2

C2
f

)
dt

≤ 2C
√
t0

L
+ 8Le2d

∫ ∞(
t0
8 − ∥R∥4

S4

)
+

exp

(
− t1/2

16σ2C2
f

)
dt

≤ 2C
√
t0

L
+ 16Le2d

∫ ∞(
t0
8 − ∥R∥4

S4

)1/2

+

u exp

(
− u

16σ2C2
f

)
du,

where we use that for σ sub-Gaussian random variables, for any t, P
(
∥z1∥2 ≥ t

)
≤ e2d−t/16σ2

(see Lemma D.2 in
Lemma D). Moreover, note that∫ ∞(

t0
8 − ∥R∥4

S4

)1/2

+

u exp

(
− u

16σ2C2
f

)
du = 162σ4C4

f

∫ ∞(
t0
8 − ∥R∥4

S4

)1/2

+
/(16σ2C2

f )

v exp (−v) dv

= 162σ4C4
f

(
1 +

(
t0
8
− ∥R∥4

S4

)1/2

+

/(16σ2C2
f )

)

· exp
(
−
(
t0
8
− ∥R∥4

S4

)1/2

+

/(16σ2C2
f )

)
.

Recall that

t0 = LE[∥f(Z1)∥4] and
∥R∥4
S4

≤ exp(4σ2∥Uz∥2)E[∥f(Z1)∥4].

By definition of Cf , E[∥f(Z1)∥4] ≤ C4
fE[∥Z1∥4], using these three last inequalities, we get that(

t0
8
− ∥R∥4

S4

)1/2

+

· 1

16σ2C2
f

≥
(
L

8
− exp(4σ2∥Uz∥2)

)1/2

+

· E[∥f(Z1)∥4]1/2
16σ2C2

f

and
(
t0
8
− ∥R∥4

S4

)1/2

+

· 1

16σ2C2
f

≤
√
t0

2
√
2
· 1

16σ2C2
f

≤ L1/2

32
√
2σ2

· E[∥Z1∥4]1/2.
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Finally this yields

Ez1,...zL

[∥∥∥∥RL

SL
− R

S

∥∥∥∥4
]
≤ 2C

√
E[∥f(Z1)∥4]√

L
+ 163σ4LC4

fe
2d

(
1 +

√
L

32
√
2σ2

· E[∥Z1∥4]1/2
)

· exp
(
−
(
L

8
− exp(4σ2∥Uz∥2)

)1/2

+

· E[∥f(Z1)∥4]1/2
16σ2C2

f

)
,

which concludes the proof by subadditivity of the square root.

C.5. Concentration of the fourth order over both query and input tokens

Assumption C.8 and Lemma C.9 below then correspond to the fourth moment equivalent of Assumption C.5 and
Lemma C.6, with p = 1.

Assumption C.8. Assume that f, g satisfy the following properties for the family of probability distributions P ⊆ P(Rd):

(i) there is Cf ∈ R+ such that supz∈Rd
∥f(z1)∥
∥z1∥ ≤ Cf ;

(ii) for any U ∈ Rd×d and µ ∈ P that is σ sub-Gaussian, Ez

[
∥EZ1 [exp(Z

⊤
1 Uz)f(Z1)g(z)]∥8

EZ1 [exp(Z⊤
1 Uz)]

8

]
≤ σ16c(f, g, U) < +∞;

(iii) Ez[∥g(z)∥8] < +∞.

Again, we could use a more general scaling in σ for Assumption C.8 (ii).

Lemma C.9 (General finite-length bound). Assume that µ and ν are both centered, respectively σ and 1 sub-Gaussian
distributions with σ ≥ 1. Moreover, consider functions f, g satisfying Assumption C.8 with µ ∈ P , assuming that the
product f(z1)g(z) is legit and that ∥f(z1)g(z)∥ ≤ ∥f(z1)∥ ∥g(z)∥. Then there exist constants c1, c2 > 0 depending solely
on d, f, g, P, U such that,

E

∥∥∥∥∥
∑L

k=1 exp(z
⊤
queryU

⊤zk)f(zk)g(z)∑L
k=1 exp(z

⊤
queryU

⊤zk)
− EZ1

[exp(z⊤queryU
⊤Z1)f(Z1)g(z)]

EZ1
[exp(z⊤queryU

⊤Z1)]

∥∥∥∥∥
4

L4(ν)

 ≤ c1σ
12 ln(L)

2

Lc2/σ2

where Z1 ∼ µ and the expectation is taken over (z1, . . . , zL) ∼ µ⊗L.

The proof provides a more explicit bound of the form

E

∥∥∥∥∥
∑L

k=1 exp(z
⊤
queryU

⊤zk)f(zk)∑L
k=1 exp(z

⊤
queryU

⊤zk)
− EZ1 [exp(z

⊤
queryU

⊤Z1)f(Z1)]

EZ1 [exp(z
⊤
queryU

⊤Z1)]

∥∥∥∥∥
4

L4(ν)

 (14)

≤ c̃1σ
4L3/2 exp(−c̃2

√
L/σ2) + c̃3

1

L1/6
+ c̃4σ

8 ln(L)2

L1/(384σ2∥U∥2
op)

,

where c̃1, c̃2, c̃3, c̃4 are positive constants depend solely on d, f, g, P, U .

Proof. Again in this section, we follow the notation used in the proofs of Lemmas C.1 and C.7. To get a bound on the
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expectation, we split the computation as follows for some B ∈ R+

Ez

[
Ez1,...,zL

[∥∥∥∥RL

SL
g(z)− R

S
g(z)

∥∥∥∥4
]]

≤ Ez

[
Ez1,...,zL

[∥∥∥∥RL
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− R

S

∥∥∥∥4
]
∥g(z)∥41∥z∥≤B

]
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[
Ez1,...,zL

[∥∥∥∥RL
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S
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∥∥∥∥4
]
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]
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2C(z)

√
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]
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√
2σ2
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)
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L

2
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)
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16σ2C2
f
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∥g(z)∥41∥z∥≤B

]

+ 8Ez
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1∥z∥>B

(∥∥∥∥RL

SL
g(z)

∥∥∥∥4 + ∥∥∥∥RS g(z)

∥∥∥∥4
)]

≤ Ez

[
2C(z)

√
E[∥f(Z1)∥4]√
L

∥g(z)∥41∥z∥≤B

]
+ Ez

[
163σ4LC4

fe
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(
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√
L

32
√
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)
·
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(
−
( √

L

2
√
2
− exp(2σ2∥Uz∥2)

)
· E[∥f(Z1)∥4]1/2

16σ2C2
f

)
∥g(z)∥41∥z∥≤B

]

+ 8Ez
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(
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∥f(zℓ)∥4]∥g(z)∥4 +

∥R · g(z)∥4
S4
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,

where for the last term, we used the deterministic bound ∥RL

SL
∥ ≤ maxℓ∈[L] ∥f(zℓ)∥. We now bound the three terms

separately.

Bound on Term 1. By choosing B = 1
σ∥U∥op

√
ln(L)/12,

1∥z∥≤BC(U, f, z) = 1∥z∥≤B108 exp(4σ
2∥Uz∥2)

√
EZ1 [∥f(Z1)∥4]

≤ 108 exp
( ln(L)

3

)√
EZ1

[∥f(Z1)∥4]

where we used on the second line that, on the event {∥z∥ ≤ B},

σ2∥Uz∥2 ≤ σ2∥U∥2opB2

=
ln(L)

12
.

So for the first term, we have the bound

Ez

[
2C(z)

√
E[∥f(Z1)∥4]√
L

∥g(z)∥41∥z∥≤B

]
≤ 216EZ1 [∥f(Z1)∥4]Ez[∥g(z)∥4]

1

L1/6
. (15)

Bound on Term 2. Again, using that σ2∥Uz∥2 ≤ ln(L)
12 on the event {∥z∥ ≤ B}, the exponential in the second term can

be bounded as:

exp

(
−
( √

L

2
√
2
− exp(2σ2∥Uz∥2)

)
· E[∥f(Z1)∥4]1/2

16σ2C2
f

)
1∥z∥≤B

≤ exp

(
−
( √

L

2
√
2
− L1/6

)
· E[∥f(Z1)∥4]1/2

16σ2C2
f

)
,
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so that the second term can be bounded by

c̃1σ
4Ez[∥g(z)∥4]L3/2 exp(− c̃2

σ2

√
L)

where c̃1, c̃2 are positive constants hiding only dependencies in f and d. This matches the first term in the more explicit
bound described by Equation (12). From now on, we can show this term is dominated by a polylog term in L as in the
proof Lemma C.6, so that the second term can be bounded by 5c̃1c̃

−4
2 σ12L−1/2.

Bound on Term 3. First note that

Ez1,...,zL

[
max
ℓ∈[L]

∥f(zℓ)∥8
]
≤ C8

f · Ez1,...,zL

[
max
ℓ∈[L]

∥zℓ∥8
]

By Cauchy-Schwarz inequality, we have

Ez

[
1∥z∥>B

(
Ez1,...,zL [max

ℓ∈[L]
∥f(zℓ)g(z)∥4] +

∥R · g(z)∥4
S4

)]
≤
√
2Ez

[
∥g(z)∥8Ez1,...,zL

[
max
ℓ∈[L]

∥f(zℓ)∥8
]]

+ 2Ez

[∥R · g(z)∥8
S8

]
·
√

P(∥z∥ ≥ B)

≤
(√

2Ez[∥g(z)∥8]Ez1,...,zL

[
max
ℓ∈[L]

∥f(zℓ)∥8
]
+

√
2Ez

[∥R · g(z)∥8
S8

])
· exp

(
d− B2

32

)

≤
(√

2Ez[∥g(z)∥8]Ez1,...,zL

[
max
ℓ∈[L]

∥f(zℓ)∥8
]
+

√
2Ez

[∥R · g(z)∥8
S8

])
· exp

(
d− ln(L)

384σ2∥U∥2op

)

≤

σ4
√

2Ez[∥g(z)∥8]C8
fC8(d4 + ln(L)4) +

√√√√2Ez

[
∥R · g(z)∥8

S8

] · exp
(
d− ln(L)

384σ2∥U∥2op

)
,

where we used Lemma D.2 for the last inequality. Assumption C.8 (ii) then ensures the bound
√

Ez

[
∥R·g(z)∥8

S8

]
≤

σ8
√
c(f, g, U).

C.6. Proof of Proposition 3.1

The proof of Proposition 3.1 consists in the application of Lemma C.6 when setting f(z1) = V z1 for a given value matrix
V and g(z) = 1. Therefore, we have to verify that assumptions of Lemma C.6 are met for such a choice of f .

Note that, for p = 1, f satisfies Assumption C.5(i) with Cf = ∥V ∥op. Assumption C.5(ii) is a consequence of Lemma D.1.
Indeed for any U ∈ Rd×d and the above f ,

EZ

∥∥EZ1

[
exp(Z⊤

1 UZ)f(Z1)
]∥∥4

EZ1

[
exp(Z⊤

1 UZ)
]4 = ∥TU,V [µ]∥4L4(ν) ≤ 44σ8∥V ∥4op∥U∥4opd2,

by Lemma D.1. Finally, note that Assumption C.5(iii) is automatic for the given choice of g.

C.7. Proof of Proposition 3.4

To derive the analysis, we derive the computations “row-wise” in V , i.e., we study TU,vi [µ](z) ∈ R where vi is the i-th
row of matrix V . The row-wise gradients are given as follows

(
∇V T

U,V [µ̂](z)
)
i
=

∑L
k=1 exp(z

⊤
k Uz)zk∑L

k=1 exp(z
⊤
k Uz)(

∇UT
U,V [µ̂](z)

)
i
=

∑L
k=1 exp(z

⊤
k Uz)(v⊤i zk)(z

⊤
k z)∑L

k=1 exp(z
⊤
k Uz)

−
∑L

k=1 exp(z
⊤
k Uz)(v⊤i zk)∑L

k=1 exp(z
⊤
k Uz)

∑L
k=1 exp(z

⊤
k Uz)(z⊤k z)∑L

k=1 exp(z
⊤
k Uz)
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i) The first inequality of Proposition 3.4 (on
(
∇V T

U,V [µ̂](z)
)
i
) comes from Lemma C.6 with f = id and g = 1. Note

that, for p = 1, f satisfies Assumption C.5(i) with Cf = 1. Assumption C.5(ii) is a rewriting of the moment assumption,
indeed for any U ∈ Rd×d and the above f ,

EZ

∥∥EZ1∼µ

[
exp(Z⊤

1 UZ)f(Z1)
]∥∥4

EZ1

[
exp(Z⊤

1 UZ)
]4 ≤ EZ

EZ1

[
exp(Z⊤

1 UZ)∥f(Z1)∥4
]

EZ1

[
exp(Z⊤

1 UZ)
]4 (16)

= EZ

EZ1

[
exp(Z⊤

1 UZ)∥Z1∥4
]

EZ1

[
exp(Z⊤

1 UZ)
]4 ≤ σ8M4,0,

by assumption. Finally, note that Assumption C.5(iii) is automatic for the given choice of g.

ii) Regarding
(
∇UT

U,V [µ̂](z)
)
i
, let us first give a concentration on the first term. In particular, we can show a bound

EZ

∥∥∥∥∥
∑L

k=1 exp(z
⊤
k Uz)(v⊤i zk)(z

⊤
k z)∑L

k=1 exp(z
⊤
k Uz)

− EZ1
[exp(z⊤k Uz)(v⊤i Z1)(Z

⊤
1 z)]

EZ1
[exp(Z⊤

1 Uz)]

∥∥∥∥∥
2
 ≤ c1σ

12 ln(L)
2

Lc2/σ2

using again Lemma C.6, with f(zk) = (v⊤i zk)zk, p = 2 and g(z) = z⊤. Indeed, for p = 2, f satisfies Assumption C.5(i)
with Cf = ∥vi∥. Assumption C.5(ii) comes from the moment assumption. Indeed for any U ∈ Rd×d, the above f and Cf ,
we have similarly to Equation (16),

EZ

∥∥EZ1

[
exp(Z⊤

1 UZ)f(Z1)g(Z)
]∥∥4

EZ1

[
exp(Z⊤

1 UZ)
]4 ≤ ∥vi∥4EZ

EZ1

[
exp(Z⊤

1 UZ)∥Z1∥8∥Z∥4
]

EZ1

[
exp(Z⊤

1 UZ)
] ≤ σ16M8,4.

Finally, note that Assumption C.5(iii) comes from the sub-Gaussian property.

It now remains to control the second term in
(
∇UT

U,V [µ̂](z)
)
i
. It is the product of two terms that we can call

X̂ =

∑L
k=1 exp(z

⊤
k Uz)(v⊤i zk)∑L

k=1 exp(z
⊤
k Uz)

and Ŷ =

∑L
k=1 exp(z

⊤
k Uz)zkz

⊤∑L
k=1 exp(z

⊤
k Uz)

.

We also denote by X,Y their infinite counterparts, i.e.,

X =
EZ1

[exp(Z⊤
1 Uz)(v⊤i Z1)]

EZ1 [exp(Z
⊤
1 Uz)]

and Y =
EZ1

[exp(Z⊤
1 Uz)Z1z

⊤]

EZ1 [exp(z
⊤
k Uz)]

.

Remark that

E
[
∥X̂Ŷ −XY ∥2F

]
≤ 2E

[
∥X̂(Ŷ − Y )∥2F + ∥Y (X̂ −X)∥2F

]
≤ 2

(
E[X̂4]E[∥Ŷ − Y ∥4]

)1/2
+ 2

(
E[∥Y ∥4]E[(X̂ −X)4]

)1/2
≤ 2

(
8
(
E[X4] + E[(X̂ −X)4]

)
E[∥Ŷ − Y ∥4]

)1/2
+ 2

(
E[∥Y ∥4]E[(X̂ −X)4]

)1/2
. (17)

Similarly to Equation (16), first note that

E[X4] ≤ ∥vi∥4σ8M4,0 and E[∥Y ∥4] ≤ σ8M4,4.

Moreover, we can use Lemma C.9 to bound both E[(X̂−X)4] and E[∥Ŷ −Y ∥4]. Indeed, the former can be bounded by ap-
plying Lemma C.9 with f(z1) = v⊤i z1 and g(z) = 1. Assumption C.8 (i) is then satisfied for Cf = ∥vi∥, Assumption C.8
(iii) is automatic and Assumption C.8 (ii) comes from the moment assumption:

Ez

[∥∥EZ1∼µ

[
exp(Z⊤

1 Uz)f(Z1)g(z)
]∥∥8

EZ1

[
exp(Z⊤

1 Uz)
]8

]
= Ez

[
∥EZ1∼µz

[f(Z1)g(z)]∥8
]

≤ ∥vi∥8Ez

[
EZ1∼µz

[
∥Z1∥8

]]
≤ ∥vi∥8σ16M8,0.
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Similarly, E[∥Ŷ − Y ∥4] is bounded by applying Lemma C.9 with f(z1) = z1 and g(z) = z⊤. Again, Assumption C.8
holds with

Ez

[∥∥EZ1∼µ

[
exp(Z⊤

1 Uz)f(Z1)g(z)
]∥∥8

EZ1

[
exp(Z⊤

1 Uz)
]8

]
≤ σ16M8,8.

These concentrations along with Equation (17) yield for constants c1, c2 depending solely on d, V, U that

E
[
∥X̂Ŷ −XY ∥2F

]
≤ c1σ

12 ln(L)
2

Lc2/σ2 ,

which finally allows to conclude.

D. Auxiliary Lemmas
D.1. Bounded moment for infinite-prompt output

Lemma D.1. Assume µ and ν are respectively σ and 1 sub-Gaussian, centered measures. Then

∥TK,Q,V [µ]∥L4(ν) ≤ 4σ2∥V ∥op∥K⊤Q∥op
√
d.

Proof. The first parf of the proof (until Equation (18)) follows arguments similar to the one of Bobkov and Götze (2025,
Proposition 2.4).

Define Ψ(z) = logEz1∼µ

[
ez

⊤z1
]
. By σ sub-Gaussianity of z1, Ψ(z) ≤ σ2

2 ∥z∥2. So we can define the non-negative

function φ : z 7→ σ2

2 ∥z∥2 −Ψ(z). By Jensen inequality, Ψ(z) ≥ Ez1

[
z⊤z1

]
= 0, so that φ(z) ≤ σ2

2 ∥z∥2.

As Ψ is convex, it also holds that ∇2φ ⪯ σ2Id. So that a Taylor expansion yields for h, z

φ(z + h) ≤ φ(z) + ⟨∇φ(z), h⟩+ σ2

2
∥h∥2.

In particular, as φ(z + h) ≥ 0,

φ(z) ≥ −⟨∇φ(z), h⟩ − σ2

2
∥h∥2.

Taking h = −σ−2∇φ(z), it becomes
σ2

2
∥z∥2 ≥ φ(z) ≥ 1

2σ2
∥∇φ(z)∥2, (18)

i.e., ∥∇φ(z)∥ ≤ σ2∥z∥. By triangle inequality, we then have ∥∇Ψ(z)∥ ≤ 2σ2∥z∥.

From there, we can conclude by noting that TK,Q,V [µ](z) = V∇Ψ(Q⊤Kz), so that

∥TK,Q,V [µ]∥L4(ν) ≤ ∥V ∥opEz∼ν

[
∥∇Ψ(Q⊤Kz)∥4

]1/4
≤ ∥V ∥opEz∼ν

[(
2σ2∥Q⊤Kz)∥

)4]1/4
≤ 2σ2∥V ∥op∥K⊤Q∥opEz∼ν

[
∥z∥4

]1/4
≤ 4σ2∥V ∥op∥K⊤Q∥op

√
d.

D.2. Maximal Inequality

Lemma D.2. Suppose z1, . . . , zL are L i.i.d. 1 sub-Gaussian random variables in Rd. Then

1. for any t ≥ 0, P (∥z1∥ ≥ t) ≤ e2d−t2/16;
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2. for any p ≥ 2, there exists a constant Cp ∈ R such that E[maxℓ=1,... ∥zℓ∥p] ≤ Cp(d
p/2 + ln(L)p/2).

Proof. 1) For any δ ∈ (0, 1), Theorem 1.19 by Rigollet and Hütter (2023) yields that

P
(
∥z1∥ ≥ 4

√
d+ 2

√
2 ln(1/δ)

)
≤ δ.

Thus for any t > 4
√
d, with the transformation t = 4

√
d+ 2

√
2 ln(1/δ), it rewrites:

P (∥z1∥ ≥ t) ≤ e−
1
8 (t−4

√
d)2 .

Using that for any a, b ≥ 0, (a− b)2 ≥ 1
2a

2 − b2, this yields for any t > 4
√
d

P (∥z1∥ ≥ t) ≤ e−
t2

16+2d.

Now noting that e−
t2

16+2d ≥ 1 for any t ∈ [0, 4
√
d] concludes the first point of Lemma D.2.

2) Take in the following B ≥ 1. We can decompose the expectation as follows:

E
[
max

ℓ
∥zℓ∥p

]
= B +

∫ ∞

B

P
(
max

ℓ
∥zℓ∥p ≥ t

)
dt

≤ B + L

∫ ∞

B

P
(
∥z1∥ ≥ t1/p

)
dt

≤ B + Le2d
∫ ∞

B

e−t2/p/16dt,

where we used the first point of Lemma D.2 for the last inequality. From there, using change of variables, it comes:∫ ∞

B

e−t2/p/16dt =
p

2
(16)p/2

∫ ∞

B2/p

16

up/2−1e−udu

=
p

2
(16)p/2 · Γ

(
p

2
,
B2/p

16

)
,

where we recall Γ(·, ·) is the upper incomplete Gamma function. Typical upper bounds on the upper incomplete Gamma
function (Pinelis, 2020) show the existence of a constant cp such that for any x ≥ 1/16, Γ

(
p
2 , x
)
≤ cpe

−xxp/2, so that

E
[
max

ℓ
∥zℓ∥p

]
≤ B + Le2d

p

2
(16)p/2 · cp exp

(
−B2/p

16

)
B

16p/2
.

Taking B = 64p/2dp/2 + 32p/2 ln(L)p/2, note that, as 2/p ≤ 1, B2/p ≥ 1
2 (64d+ 32 ln(L)), so that for B ≥ 1

E
[
max

ℓ
∥zℓ∥p

]
≤ B + Le2d

p

2
· cp exp (−2d− ln(L))B

≤
(
1 +

p · cp
2

)
B.

Lemma D.2 then follows by plugging the value of B.

E. Proofs of Section 3
E.1. Proof of Theorem 4.3

Let ε > 0, and choose T (ε) such that
RICL

∞ (T (ε)) ≤ lim
t→+∞

RICL
∞ (t) + ε.
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Recall that
(
U∞(t)
V∞(t)

)
∈ Bρ for any t ≥ 0 by assumption. Using Lemma E.1, we can then choose L⋆(ε) such that for any

L ≥ L⋆(ε) and t ∈ [0, T (ε)], ∥∥∥∥(UL(t)
VL(t)

)
−
(
U∞(t)
V∞(t)

)∥∥∥∥ ≤ ρ.

In particular,
(
UL(t)
VL(t))

)
∈ B2ρ. Using Proposition E.3 and Lemma E.1, for any t ∈ [0, T (ε)] and L ≥ L⋆(ε),

RICL
L (UL(t), VL(t))−RICL

∞ (U∞(t), V∞(t)) = RICL
L (UL(t), VL(t))−RICL

∞ (UL(t), VL(t))

+RICL
∞ (UL(t), VL(t))−RICL

∞ (U∞(t), V∞(t))

≤ g1(L) + κICL
∞

∥∥∥∥(UL(t)
VL(t)

)
−
(
U∞(t)
V∞(t)

)∥∥∥∥
≤ g1(L) + κICL

∞ g2(L) · t · exp
(
βICL
L t

)
where κICL

∞ is the Lipschitz constant of RICL
∞ on B2ρ. As g1 and g2 both go to 0 as L → ∞, we can update L⋆(ε) large

enough so that for any L ≥ L⋆(ε) and t ∈ [0, T (ε)],

RICL
L (UL(t), VL(t)) ≤ RICL

∞ (U∞(t), V∞(t)) + ε.

In particular for t = T (ε),

RICL
L (UL(T (ε)), VL(T (ε))) ≤ lim

t→∞
RICL

∞ (U∞(t), V∞(t)) + 2ε.

As the risk is non-increasing along the flow, we finally get

lim
t→∞

RICL
L (UL(t), VL(t)) ≤ lim

t→∞
RICL

∞ (U∞(t), V∞(t)) + 2ε.

E.2. Technical lemmas

Lemma E.1. Assume that ℓ is 1-smooth, ∇1ℓ(0, 0) = 0, RICL
∞ is C2, and that the gradient flow

(
U∞(t)
V∞(t)

)
is contained

within the centered ball Bρ of radius ρ. Consider in addition that Assumption 4.2 holds.

Then for any T , there exists L⋆ such that for all L ≥ L⋆ and for all t ∈ [0, T ],∥∥∥∥(UL(t)
VL(t)

)
−
(
U∞(t)
V∞(t)

)∥∥∥∥ ≤ g2(L) · t · exp
(
βICL
L t

)
(19)

where g2(L) −−−−→
L→∞

0.

Proof. In the proof, for convenience, we set θL =

(
UL

VL

)
and θ∞ =

(
U∞(t)
V∞(t)

)
. We also define τL = inf{t ≥ 0 : θL(t) /∈

B2ρ}. Remark that for any t ≤ τL, θL(t) ∈ B2ρ, so that

∥θ̇L(t)− θ̇∞(t)∥ ≤ ∥ −∇RICL
L (θL(t)) +∇RICL

∞ (θL(t))∥+ ∥ − ∇RICL
∞ (θL(t)) +∇RICL

∞ (θ∞(t))∥ (20)

≤ ∥ −∇RICL
L (θL(t)) +∇RICL

∞ (θL(t))∥+ βICL
∞ ∥θL(t)− θ∞(t)∥ (21)

where the constant βICL
∞ denotes the Lipschitz constant of ∇RICL

∞ over B2ρ.

To bound ∥ − ∇RICL
L (θL(t)) +∇RICL

∞ (θL(t))∥, we apply Corollary E.5, so that for any t ∈ [0, τL]:

∥θ̇L(t)− θ̇∞(t)∥ ≤ g2(L) + βICL
∞ ∥θL(t)− θ∞(t)∥.

Let f(t) = ∥θL(t)− θ∞(t)∥, as both dynamics starts from the same initialization, we have

f(t) = ∥θL(t)− θ∞(t)∥ =

∥∥∥∥∫ t

0

θ̇L(s)− θ̇∞(s)ds

∥∥∥∥ ≤
∫ t

0

∥θ̇L(s)− θ̇∞(s)∥ds.
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Plugging the previous control on ∥θ̇L(s)− θ̇∞(s)∥, we obtain for any t ∈ [0, τL] that

f(t) ≤
∫ t

0

βICL
∞ f(s)ds+ tg2(L).

The integral form of Gronwall’s inequality gives that for any t ∈ [0, τL]

f(t) ≤ g2(L) · t · exp
(
βICL
∞ t

)
. (22)

By Assumption 4.2, g2(L) −−−−→
L→∞

0. Therefore for any T , we can choose L⋆ large enough so that for any L ≥ L⋆:

g2(L) · T · exp
(
βICL
∞ T

)
≤ ρ. (23)

Remark that θL(τL) /∈ B2ρ by continuity of θL, and therefore f(τL) > ρ. Now assume that τL ≤ T . Therefore, Equations
(22) and (23) imply that f(τL) ≤ ρ for L ≥ L⋆. This entails that necessarily, τL ≥ T for L ≥ L⋆. As Equation (22) holds
on [0, τL], it holds in particular on [0, T ], concluding the proof of Lemma E.1.

Lemma E.2. Assume that ℓ is 1-smooth and that ∇1ℓ(0, 0) = 0. Assume that Assumption 4.2 (i) and (iii) hold. Then

|RICL
L (U, V )−RICL

∞ (U, V )| ≤ 2Eµ,yq

[
∥yq∥4

]1/4 √
c1E

[
σ6
µ

ln(L)

Lc2/σ2
µ

]1/2
·
[(

c1Eµ

[
σ12
µ

ln(L)2

Lc2/σ2
µ

])1/4
+
(
Eµ,zq

[
∥TU,V [µ](zq)∥4

] )1/4]
,

where the constants (c1, c2) are given by Proposition 3.1, and depend solely on d, V, U,D.

In particular, when µ is D almost surely a Gaussian distribution,

Eµ,zq [∥TU,V [µ](zq)∥4]1/4 ≤ 2
√
d∥V ∥op∥U∥op E[σ4

µ]
1/4

which can be used in the terms given by Proposition E.2.

Proof. By definition,

RICL
L (U, V ) = Eµ,z

[
Lµ(T

U,V [µ̂L])
]

= Eµ,zE(zquery,yquery)

[
ℓ(TU,V [µ̂L](zquery), yquery)

]
,

so that, using the smoothness of ℓ and by writing q instead of query for readability,

|RICL
L (U, V )−RICL

∞ (U, V )|
≤ Eµ,zE(zq,yq)

[
|ℓ(TU,V [µ̂L](zq), yq)− ℓ(TU,V [µ](zq), yq)|

]
≤ Eµ,zE(zq,yq)

[
max(∥(TU,V [µ̂L](zq), yq)∥, ∥(TU,V [µ](zq), yq)∥) · ∥TU,V [µ̂L](zq)− TU,V [µ](zq∥

]
≤ Eµ,zE(zq,yq)

[
∥yq∥

(
∥TU,V [µ̂L](zq)∥+ ∥TU,V [µ](zq)∥

)
∥TU,V [µ̂L](zq)− TU,V [µ](zq)∥

]
.

By Cauchy-Schwarz (applied twice),

|RICL
L (U, V )−RICL

∞ (U, V )|

≤ Eµ,zE(zq,yq)

[
∥yq∥4

]1/4 Eµ,zE(zq,yq)

[(
∥TU,V [µ̂L](zq)∥+ ∥TU,V [µ](zq)∥

)4]1/4
· Eµ,zE(zq,yq)

[
∥TU,V [µ̂L](zq)− TU,V [µ](zq)∥2

]1/2
.

In what follows, for the sake of conciseness, we use the simple notation E to refer to Eµ,zE(zq,yq). The second term is
handled as follows

E
[(
∥TU,V [µ̂L](zq)∥+ ∥TU,V [µ](zq)∥

)4] ≤ 8E
[
∥TU,V [µ̂L](zq)∥4

]
+ 8E

[
∥TU,V [µ](zq)∥4

]
≤ 8E

[
∥TU,V [µ̂L](zq)− TU,V [µ](zq)∥4

]
+ 16E

[
∥TU,V [µ](zq)∥4

]
≤ 8c1E

[
σ12
µ

ln(L)2

Lc2/σ2
µ

]
+ 16E

[
∥TU,V [µ](zq)∥4

]
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by using Lemma C.9 as we did similarly in the proof of Proposition 3.4. Finally, we control the third term by using
Proposition 3.1:

E
[
∥TU,V [µ̂L](zq)− TU,V [µ](zq)∥2

]1/2 ≤ √
c1E

[
σ6
µ

ln(L)

Lc2/σ2
µ

]1/2
.

Corollary E.3. Assume that ℓ is 1-smooth, ∇1ℓ(0, 0) = 0 and that Assumption 4.2 holds. Then for any (U, V ) ∈ B2ρ, we
have

|RICL
L (U, V )−RICL

∞ (U, V )| ≤ g1(L)

where g1(L) −−−−→
L→∞

0.

Proof. To prove this, we use Proposition E.2 by making explicit dependence in U, V for the constant c1 and c2. To this
end, we define

g1(L,U, V ) = 2Eµ,yq

[
∥yq∥4

]1/4√
c1(U, V )E

[
σ6
µ

ln(L)

Lc2(U,V )/σ2
µ

]1/2
·
[(

c1(U, V )Eµ

[
σ12
µ

ln(L)2

Lc2(U,V )/σ2
µ

])1/4
+
(
Eµ,zq

[
∥TU,V [µ](zq)∥4

] )1/4]
.

Note that c1 and c2 only depend on U, V through their norm and are therefore uniformly controlled in B2ρ, i.e., c̄1 =
sup(U,V )∈B2ρ

c1(U, V ) < ∞ and c̄2 = inf(U,V )∈B2ρ
c2(U, V ) > 0, so that

g1(L) := sup
(U,V )∈B2ρ

g1(L,U, V )

≤ 2Eµ,yq

[
∥yq∥4

]1/4 √
c̄1E

[
σ6
µ

ln(L)

Lc̄/σ2
µ

]1/2
·
[(

c̄1Eµ

[
σ12
µ

ln(L)2

Lc̄2/σ2
µ

])1/4
+M1/4

ρ

]
.

Assumption 4.2 then implies that this upper bound goes to 0 as L → ∞.

Lemma E.4. Assume that ℓ is 1-smooth and that ∇1ℓ(0, 0) = 0. Assume that Assumption 4.2 (i) and (iii) hold. Then

∥∇RICL
L (U, V )−∇RICL

∞ (U, V )∥2→2 ≤

2
√

2c′1Eµ

[
σ6
µ

ln(L)

Lc′2/2σ
2
µ

]
·
(
Eµ,zq [∥TU,V [µ](zq)∥2]1/2 +

√
c1Eµ

[
σ3
µ

√
ln(L)

Lc2/2σ2
µ

]1/2
+ E[∥yq∥22]1/2

)

+
√
c1Eµ

[
σ3
µ

√
ln(L)

Lc2/2σ2
µ

]
· Eµ,zq [∥∇TU,V [µ](zq)∥2]1/2,

where the constants (c1, c2) and (c′1, c
′
2) are respectively given by Propositions 3.1 and 3.4, and depend solely on d, V, U,D.

In particular, when µ is D almost surely a Gaussian distribution,

Eµ,zq [∥TU,V [µ](zq)∥2]1/2 ≤ 2
√
d∥V ∥op∥U∥op E[σ2

µ]
1/2

Eµ,zq [∥∇TU,V [µ](zq)∥2]1/2 ≤ 2
√
d(∥V ∥op + ∥U∥op) E[σ2

µ]
1/2,

which can be used in the terms given by Proposition E.4.

Proof. By definition,

RICL
L (U, V ) = Eµ,z

[
Lµ(T

U,V [µ̂L])
]

= Eµ,zE(zquery,yquery)

[
ℓ(TU,V [µ̂L](zquery), yquery)

]
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and therefore,

∇RICL
L (U, V ) = Eµ,zE(zquery,yquery)

[
∇U,V (T

U,V [µ̂L](zquery))∇1ℓ(T
U,V [µ̂L](zquery), yquery)

]
where ∇U,V is the Jacobian matrix of (U, V ) 7→ TU,V [µ̂L](zquery). In what follows, we abbreviate query by a simple q to
save space in the equations. Since

∇RICL
L (U, V )−∇RICL

∞ (U, V )

= Eµ,zE(zq,yq)

[(
∇U,V (T

U,V [µ̂L](zq))−∇U,V (T
U,V [µ](zq))

)
∇1ℓ(T

U,V [µ̂L](zq), yq)

+∇U,V (T
U,V [µ](zq)) ·

(
∇1ℓ(T

U,V [µ̂L](zq), yq)−∇1ℓ(T
U,V [µ](zq), yq)

)]

∥∇RICL
L (U, V )−∇RICL

∞ (U, V )∥2→2

≤
√

E
[
∥∇U,V (TU,V [µ̂L](zq))−∇U,V (TU,V [µ](zq))∥22→2

]
·
√
E [∥∇1ℓ(TU,V [µ̂L](zq), yq)∥2]

+
√

E∥∇U,V (TU,V [µ](zq))∥22→2 ·
√

E ∥∇1ℓ(TU,V [µ̂L](zq), yq)−∇1ℓ(TU,V [µ](zq), yq)∥2

≤
(
E
[∥∥∇U,V (T

U,V [µ̂L](zq))−∇U,V (T
U,V [µ](zq))

∥∥2
2→2

])1/2
·
(
E
[
∥∇1ℓ(T

U,V [µ̂L](zq), yq)∥2
])1/2

+
(
E∥∇U,V (T

U,V [µ](zq))∥22→2

)1/2 · (E∥∥TU,V [µ̂L](zq)− TU,V [µ](zq)
∥∥2)1/2

≤
(
E
[∥∥∇U,V (T

U,V [µ̂L](zq))−∇U,V (T
U,V [µ](zq))

∥∥2
2→2

])1/2
︸ ︷︷ ︸

use Proposition 3.4

·
(
E
[
2∥TU,V [µ̂L](zq)∥2 + 2∥yq∥22

])1/2
+
(
E∥∇U,V (T

U,V [µ](zq))∥22→2

)1/2 · (E∥∥TU,V [µ̂L](zq)− TU,V [µ](zq)
∥∥2)1/2︸ ︷︷ ︸

use Proposition 3.1

≤
√
2c′1Eµ∼D

[
σ6
µ

ln(L)

Lc′2/2σ
2
µ

]
·
(
E
[
2∥TU,V [µ̂L](zq)∥2 + 2∥yq∥22

])1/2
+
√
c1Eµ∼D

[
σ3
µ

√
ln(L)

Lc2/2σ2
µ

]
·
(
E∥∇U,V (T

U,V [µ](zq))∥22→2

)1/2
. (24)

Using again Proposition 3.1,

E
[
2∥TU,V [µ̂L](zq)∥2 + 2∥yq∥22

]
≤ 4E

[∥∥TU,V [µ](zq)
∥∥2]+ 4Eµ

[
c1σ

6
µ

ln(L)

Lc2/σ2
µ

]
+ 4E[∥yq∥22],

which allows to conclude.

Corollary E.5. Assume that ℓ is 1-smooth, ∇1ℓ(0, 0) = 0 and that Assumption 4.2 holds. Then for any (U, V ) ∈ B2ρ, we
have

|∇RICL
L (U, V )−∇RICL

∞ (U, V )| ≤ g2(L)

where g2(L) −−−−→
L→∞

0.

Proof. We use Proposition E.4, and similarly to the proof of Proposition E.5, we can define c̄′1 = sup(U,V )∈B2ρ
c′1(U, V ) <

∞ and c̄′2 = inf(U,V )∈B2ρ
c′2(U, V ) > 0, so that

g2(L) ≤
√
c̄1Eµ

[
σ3
µ

√
ln(L)

Lc̄2/2σ2
µ

]
·Mρ

+ 2
√
2c̄′1Eµ

[
σ6
µ

ln(L)

Lc̄′2/2σ
2
µ

]
·
(
Mρ +

√
c̄1Eµ

[
σ3
µ

√
ln(L)

Lc̄2/2σ2
µ

]1/2
+ E[∥yq∥22]1/2

)
.
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F. Proofs of Section 5
F.1. Preliminaries

Lemma F.1. The linear in-context model (7) with ∥Σ∥op ≤ 1 satisfies Assumption 4.2.

Proof.

(i). As xquery is a centered Gaussian vector of covariance matrix Σ, such that ∥Σ∥op ≤ 1, xquery is 1 sub-Gaussian.

Moreover, as µ = N (0,Γw) where Γw =

(
Σ Σw

(Σw)⊤ ∥w∥22

)
, µ is σµ sub-Gaussian with σ2

µ = max(∥Σ∥op, ∥w∥22). In

particular, µ corresponds to a max(1, σµ) sub-Gaussian measure.

(ii). Since σ2
µ = max(∥Σ∥op, ∥w∥22) and ∥w∥22 follows a χ2(d) distribution, the moment assumption is satisfied, i.e.,

E[σ12
µ ] < ∞.

Moreover, for any c > 0 and defining Φ : x 7→ 1
x + x

2 ,

Eµ∼D

[
1

Lc/σ2
µ

]
= Eζ∼χ2(d)

[
1

(Lc)1/max(1,ζ)

]
≤ 1

Lc
+

1

2d/2Γ(d/2)

∫ ∞

1

xd/2−1 e−x/2

(Lc)1/x
dx

≤ 1

Lc
+

1

2d/2Γ(d/2)

∫ ∞

1

xd/2−1 exp
(
−c ln(L)

x
− x/2

)
dx

≤ 1

Lc
+

1

2d/2Γ(d/2)

∫ ∞

1

xd/2−1 exp
(
−
√
c ln(L)Φ(x/

√
c ln(L))

)
dx

≤ 1

Lc
+

(
c ln(L)

)d/4
2d/2Γ(d/2)

∫ ∞

0

ud/2−1 exp
(
−
√
c ln(L)Φ(u)

)
du.

Now, Laplace integral method (see e.g. Ivrii, 2024, Section 2.1, Theorem 2) directly yields the asymptotic equivalence for
u0 = argminu∈R+

Φ(u) =
√
2:

∫ ∞

0

ud/2−1 exp
(
−
√
c ln(L)Φ(u)

)
du ∼

L→∞
(c ln(L))−1/4

√
2π√

Φ′′(u0)
u
d/2−1
0 e−

√
c ln(L)Φ(u0).

This equivalence finally yields that for any c > 0, Eµ∼D

[
ln(L)4

L
c/σ2

µ

]
−−−−→
L→∞

0.

(iii). Let U ∈ Rd×d and µ = N (0,Γ) for some matrix Γ. Similarly to the proof of Lemma 2.1 (in Appendix B.1), we
define for any z = (xquery, 0)

⊤ the skewed distribution µz by:

dµz(z
′) =

exp(z′⊤Uz)

Ez0∼µ[exp(z⊤0 Uz)]
dµ. (25)

And similar computations yield µz = N (ΓUz,Γ). Using this relation, we can now bound the following moment for any
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p ∈ N:

Ez1∼µ[exp(z
⊤
1 Uz)∥z1∥p]

Ez1∼µ[exp(z⊤1 Uz)]
= Ez1∼µz [∥z1∥p]

= EY∼N (0,Id)

[
∥ΓUz + Γ1/2Y ∥p

]
≤ 2p−1

(
∥ΓUz∥p + EY∼N (0,Id)

[
∥Γ1/2Y ∥p

])
≤ 2p−1

(
∥ΓUz∥p + ∥Γ∥p/2op EY∼N (0,Id) [∥Y ∥p]

)
≤ 2p−1 max(1, ∥Γ∥pop)

∥U∥pop∥z∥p + EY∼N (0,Id) [∥Y ∥p]︸ ︷︷ ︸
Cd,p


for some constants Cp depending solely on d and p, using typical moment bounds on multivariate Gaussian distributions.
Next, we have D-almost surely that

E(xquery,yquery)∼µ

[
Ez1∼µ[exp(z

⊤
1 U(xquery, 0)

⊤)∥z1∥p∥xquery∥q]
Ez1∼µ[exp(z⊤1 U(xquery, 0)⊤)]

]
≤ 2p−1σ2p

µ

(
∥U∥popE[∥xquery∥p+q] + Cd,pE [∥xquery∥q]

)
,

which directly yields (iii).

F.2. Proof of Theorem 5.2

The proof of Theorem 5.2 relies on the application of Theorem 4.3 in the specific case of linear in-context setting studied
by Zhang et al. (2024).

Softmax and linear attention in infinite regime. First of all, we ensure that, in the infinite prompt length limit, the linear
attention setting of Zhang et al. (2024) and the softmax attention model described in Equation (7) correspond. Indeed, since
we are considering Gaussian data distributions µ = N (0,Γw), Lemma 2.1 directly implies that with softmax attention:
TU,V [µ](z) = V ΓwUz.

On the other hand, the linear attention setting of Zhang et al. (2024, Equation (3.6)) corresponds for prompt length L, with
our notation, to an output

TU,V
lin [µ̂L]((x, 0)

⊤) = V Γ̂L,w,xU(x, 0)⊤

where, following our notations, µ̂L = 1
L

∑L
k=1 δzk with zk = (xk, w

⊤xk), and such that

Γ̂L,w,x =
1

L

(
1
L

∑L
k=1 xkx

⊤
k + 1

Lxx
⊤ 1

L

∑L
k=1 xkx

⊤
k w

1
L

∑L
k=1 x

⊤
k wx

⊤ 1
L

∑L
k=1 w

⊤xkx
⊤
k w

)
.

From here, it is clear that Γ̂L,w,x −−−−→
L→∞

Γw almost surely, so that we indeed have in the infinite case TU,V
lin [µ] = TU,V [µ],

i.e., in the infinite prompt limit, our softmax attention model does coincide with the linear one described by Zhang et al.
(2024), independently of whether the autocorrelation term is included as its contribution vanishes when L → +∞.

To compare infinite and finite length prompts, we must now ensure that all the required assumptions for Theorem 4.3 are
satisfied.

Verifying the set of assumptions. First, observe that the quadratic loss is 1-smooth, such that ∇1ℓ(0, 0) = 0. In addition,
RICL

∞ is C2, which follows from differentiation under the summation sign.

Then, we have to ensure that the gradient flow trajectory
(
U∞(t)
V∞(t)

)
for an infinite prompt remains in a ball of a certain

radius ρ. This fact follows from Theorem 4.1 in Zhang et al. (2024), up to a few minor subtleties. Specifically, they

36



Softmax as Linear Attention in the Large-Prompt Regime

establish that for a finite prompt length, with linear attention, the attention parameters satisfy

U(t) −−−→
t→∞

tr(Σ−2
L )−1/4

(
Σ−1

L 0d

0⊤
d 0

)
and V (t) −−−→

t→∞
tr(Σ−2

L )1/4
(
0d×d 0d

0⊤
d 1

)
,

where ΣL = (1+ 1
L )Σ+ 1

L tr(Σ)Id. Their analysis extends directly to the infinite-length case L = ∞ when Σ is invertible;
in particular, Equation (5.4) of Zhang et al. (2024) carries over to this limit. The remainder of the argument then follows
exactly as in their finite-L setting, yielding the convergence of the gradient flow with linear attention,

U∞(t) −−−→
t→∞

tr(Σ−2)−1/4

(
Σ−1 0d

0⊤
d 0

)
︸ ︷︷ ︸

=:U⋆

and V∞(t) −−−→
t→∞

tr(Σ−2)1/4
(
0d×d 0d

0⊤
d 1

)
︸ ︷︷ ︸

=:V ⋆

.

This convergence also holds with softmax attention, since both linear and softmax attention coincide with infinite prompt

lengths (see above). The convergence of
(
U∞(t)
V∞(t)

)
ensures that the trajectory can be confined to a ball of radius ρ, for an

appropriately chosen ρ > 0.

The last remaining step is to check Assumption 4.2; this is precisely ensured by Lemma F.1.

Convergence guarantees and Bayes optimality. We can thus apply Theorem 4.3 to in-context linear model (7) so that
for any ε > 0, there exists L(ε) such that for any L ≥ L(ε),

lim
t→∞

RICL
L (UL(t), VL(t)) ≤ lim

t→∞
RICL

∞ (U∞(t), V∞(t)) + ε.

Then, infinite prompt length extension of Theorem 4.1 by Zhang et al. (2024) with our choice of initialization imply that
limt→∞ RICL

∞ (U∞(t), V∞(t)) = R(U⋆, V ⋆). Moreover, Theorem 4.2 by Zhang et al. (2024) ensures that (U⋆, V ⋆) admits
a theoretical risk of 0, being therefore Bayes optimal.

F.3. Extending Zhang et al. (2024) to degenerate covariance Σ

While the results of Zhang et al. (2024) are restricted to a positive definite covariance matrix Σ, they can actually be
extended to degenerate matrices Σ, even in the limit case where L = ∞.

In that case, the main modifications in their proof will be as follows, following their notations.

1) In the limit case L = ∞, we first have Γ = Λ.

2) Their Lemma 5.3 will now imply that for any global minimum of ℓ̃, we have

u−1ΛU11Λ = Λ.

3) The PL inequality of Lemma 5.4 would now holds with

µ =
σ2

√
d∥Λ∥optr((Λ†)2)tr(Λ†)

,

where Λ† denotes the Moore-Penrose inverse of Λ.

4) The modified above lemmas are not sufficient anymore to characterize the convergence of U11 and u−1. Indeed, the set
of global minima is now a continuous set. However, using the expression of the time derivative of U11 (see in the proof of
Lemma A.1), one can note that for any time t,

U11(t) ∈ {σΘΘ⊤ +ΣMΣ | M ∈ Rd×d}.

This set intersects the set {M ∈ Rd×d | ΛMΛ = αΛ for some α > 0} on the affine space given by:

{αΛ† + σP (ΘΘ⊤)},
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where P : M 7→ M − ΛΛ†MΛΛ† is the orthogonal projection on {M | ΛMΛ = 0d×d}. Finally, by balancedness, the
model parameters necessarily converge as

lim
t→∞

U11(t) = αΛ† + σP (ΘΘ⊤) and lim
t→∞

u−1(t) = 1/α,

where α ensures balancedness and is given by

α =


√
σ4∥P

(
ΘΘ⊤

)
∥4F + 4tr

(
(Λ†)2

)
− σ2∥P

(
ΘΘ⊤)∥2F

2tr
(
(Λ†)2

)


1/2

.

Going back to our notations, we would have for degenerate covariance matrix Σ that

U∞(t) −−−→
t→∞

(
γΣ† + αP (ΘΘ⊤) 0d

0⊤
d 0

)
and V∞(t) −−−→

t→∞

1

γ

(
0d×d 0d

0⊤
d 1

)
with

P : M 7→ M − ΣΣ†MΣΣ†

and γ =


√
α4∥P

(
ΘΘ⊤

)
∥4F + 4tr

(
(Σ†)2

)
− α2∥P

(
ΘΘ⊤)∥2F

2tr
(
(Σ†)2

)


1/2

.

In particular, the trajectory of (U∞(t), V∞(t)) remains bounded in that case, so that Theorem 5.2 still holds and still implies
a Bayes optimal risk as L → ∞.
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