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ABSTRACT

Transformer models have become foundational across a wide range of scientif-
ic and engineering domains due to their strong empirical performance. A key
capability underlying their success is in-context learning (ICL): when presented
with a short prompt from an unseen task, transformers can perform per-token and
next-token predictions without any parameter updates. Recent theoretical efforts
have begun to uncover the mechanisms behind this phenomenon, particularly in
supervised regression settings. However, these analyses predominantly assume
stationary task distributions, which overlook a broad class of real-world scenarios
where the target function varies over time. In this work, we bridge this gap by
providing a theoretical analysis of ICL under non-stationary regression problem-
s. We study how the gated linear attention (GLA) mechanism adapts to evolving
input-output relationships and rigorously characterize its advantages over standard
linear attention in this dynamic setting. To model non-stationarity, we adopt a
first-order autoregressive process and show that GLA achieves lower training and
testing errors by adaptively modulating the influence of past inputs—effectively
implementing a learnable recency bias. Our theoretical findings are further sup-
ported by empirical results, which validate the benefits of gating mechanisms in
non-stationary ICL tasks.

1 INTRODUCTION

Transformer-based architectures (Vaswani et al., 2017) have emerged as a powerful and versatile
modeling framework, achieving state-of-the-art results across a wide spectrum of scientific and
engineering domains. Their remarkable effectiveness has been demonstrated in natural language
processing (Radford et al., 2019; Brown et al., 2020), recommendation systems (Zhou et al., 2018;
Chen et al., 2019), reinforcement learning (Chen et al., 2021; Janner et al., 2021), computer vision
(Dosovitskiy et al., 2020), and multi-modal signal processing (Tsai et al., 2019), as well as in more
specialized areas such as quantum information (Ma et al., 2025) and wireless communication sys-
tems (Kim et al., 2023). A particularly notable instance is their pivotal role in the development of
large language models like GPT-4 (Achiam et al., 2023), where the Transformer backbone enables
highly advanced generative capabilities.

A distinctive and increasingly studied feature of Transformer models is in-context learning (ICL)
(Min et al., 2021), which allows the model to perform previously unseen tasks at inference time
by conditioning on sequences of input-output examples, without requiring any explicit parameter
updates. This emergent capability has spurred a growing body of research aiming to understand the
underlying mechanisms that enable such behavior (Brown et al., 2020; Min et al., 2021; Dong et al.,
2022; Wies et al., 2023; Zhang et al., 2023; Bai et al., 2023; Li et al., 2024a; Bertsch et al., 2024;
Akyiirek et al., 2024; Jiang et al., 2025a; Song et al., 2024; Wu et al., 2023; Qin et al., 2025). In
particular, recent theoretical works have investigated the realization of ICL in supervised regression
settings, showing that certain architectural components—such as linear attention mechanisms—can
effectively emulate simple learning algorithms, e.g., a single step of gradient descent, when the
input data distribution is stationary (Garg et al., 2022; Akyiirek et al., 2022; Von Oswald et al.,
2023; Zhang et al., 2024; Huang et al., 2023; Chen et al., 2024; Yang et al., 2024; Zhang et al., 2025;
Mahankali et al., 2023; Ahn et al., 2023; Li et al., 2024b; 2025; Fu et al., 2024; Ding et al.). These
findings offer valuable insights into the algorithmic behaviors implicitly encoded by architectural
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design, shedding light on the interplay between representation, memory, and adaptation in modern
Transformer models.

However, much of the existing theoretical understanding is limited to stationary data settings, where
the input-output relationships remain consistent across in-context examples and the query point.
In contrast, many practical scenarios—including time-series forecasting, streaming data, and natural
language—exhibit non-stationarity, where the underlying target function evolves over time. In such
settings, recency bias, or the increased predictive relevance of more recent examples, plays a crucial
role in accurate prediction. Empirically, linear attention mechanisms are often insufficient for these
non-stationary tasks, motivating the introduction of architectural variants that incorporate inductive
biases better suited for adaptation, such as gated linear attention (GLA) (Yang et al., 2023; Jiang
et al., 2025b), RetNet (Sun et al., 2023), Gateloop (Katsch, 2023), RWKV-6 (Peng et al., 2024), as
well as state-space models like Mamba-2 (Gu & Dao, 2023). These methods have achieved strong
performance in non-stationary sequence modeling, yet there remains a lack of formal theoretical
understanding of their behavior in ICL settings.

Contribution: In this paper, we aim to bridge this gap by presenting a theoretical analysis
of ICL in non-stationary or time-varying regression problems. We investigate how the GLA
mechanism adapts to evolving input-output relationships and provide a rigorous characterization of
its advantages over standard linear attention in this setting. To model non-stationarity, we adopt
a first-order autoregressive process, which allows us to analytically capture temporal variations in
the regression targets. Within this framework, we show that standard linear attention incurs higher
training and testing errors due to its limited capacity to adapt to distributional shifts over time. In
contrast, GLA exhibits inherent adaptability by dynamically modulating the contributions of past
inputs, effectively inducing a learnable recency bias. This gating mechanism enables the model to
better accommodate time-varying input-output mappings, thereby achieving more robust in-context
generalization. Our analysis underscores the importance of architectural components—particularly
gating—in equipping transformer models with the ability to implement adaptive learning algorithms
in non-stationary environments. Experimental results further corroborate our theoretical findings.
Collectively, our work contributes a theoretical perspective that clarifies the design choices behind
transformer variants and offers a conceptual framework for understanding and developing architec-
tures suited for adaptive ICL.

Notation We use bold capital letters (e.g., Y') to denote matrices, bold lowercase letters (e.g.,
y) to denote vectors, and italic letters (e.g., y) to denote scalar quantities. Elements of matrices
are denoted in parentheses, as in Matlab notation. For example, Y (s1, s2) denotes the element in
position (s, s3) of the matrix Y. The inner product of A € R%“*% and B € R¥*92 can be

denoted as (A, B) = Y% 1 S 1 A(s1,52)B(s1, 52). || X || represents the Frobenius norm of

S1= So=
X. 04 and 04,4 denote the zero vector in R? and the zero matrix in R?*9, respectively. For a
positive integer K, [K] denotes the set {1, ..., K}.

1.1 RELATED WORKS

A growing body of work has investigated the emergent phenomenon of ICL, with a focus on un-
derstanding its behavior in stationary regression tasks. For example, (Garg et al., 2022) empirically
demonstrated the ICL capabilities of transformers by analyzing prompts where each input is labeled
by a task-specific function drawn from a predefined function class, such as linear models. Along
similar lines, (Akyiirek et al., 2022) investigated linear regression and introduced a transformer
construction capable of performing a single gradient descent (GD) step using in-context examples.
Building upon this, (Von Oswald et al., 2023) designed weight matrices for linear attention-only
transformers that replicate GD updates in linear regression tasks, and notably, they observed that the
learned weights resemble those obtained through end-to-end training on ICL prompts.

Further progress has been made by studying the convergence behavior of transformer architectures.
In particular, (Zhang et al., 2024) showed that, for a single-layer linear self-attention model, gradient
flow with carefully chosen random initialization converges to a global minimum, yielding low pre-
diction error on anisotropic Gaussian data. Complementary work by (Huang et al., 2023) initiated
the theoretical study of softmax attention, analyzing the training dynamics of one-layer, single-head
transformers and providing convergence guarantees for linear regression. This line of research was
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subsequently extended by (Chen et al., 2024; Yang et al., 2024; Zhang et al., 2025), who provid-
ed sufficient conditions for the convergence of multi-head softmax transformers trained with GD
in ICL scenarios. Alternative theoretical perspectives have also been explored: for instance, (Ma-
hankali et al., 2023) demonstrated that a transformer performing a single GD step on a least-squares
objective can serve as a global minimizer of the pre-training loss, offering a different interpreta-
tion of training objectives in ICL. Similarly, (Ahn et al., 2023) showed that a single-layer model,
when trained on random linear regression tasks, implicitly learns to perform a preconditioned GD
step at test time, further reinforcing the connection between ICL and optimization-based learning
rules. Meanwhile, (Li et al., 2024b; 2025) offered a theoretical interpretation of GLA through the
lens of weighted preconditioned GD, although their analysis remains limited to stationary regression
settings. Beyond first-order methods, more advanced optimization techniques have also been con-
sidered; for example, (Fu et al., 2024) analyzed the convergence behavior of second-order methods
in ICL, highlighting their potential for accelerated adaptation relative to first-order approaches.

2 IN-CONTEXT LEARNING TIME-VARYING FUNCTIONS

This work builds upon the well-established in-context learning (ICL) framework introduced in (Garg
et al., 2022), which aims to train models capable of performing ICL within a specified function class.
As discussed in prior work, significant efforts have been devoted to elucidating the mechanisms un-
derlying ICL. In particular, a number of studies (Garg et al., 2022; Akyiirek et al., 2022; Mahankali
et al.; Ahn et al., 2023; Huang et al., 2024; Zhang et al., 2024; Li et al., 2024b; 2025; Zhang et al.,
2025) have investigated the dynamics of ICL in transformer architectures through the lens of lin-
ear regression tasks, where the target function is typically assumed to take the form f(x) = (w, x).
However, these studies commonly rely on the simplifying assumption that the regression weight vec-
tor w remains fixed throughout the task. This stationarity assumption creates a theoretical-practical
gap, as it does not faithfully reflect real-world scenarios in which data distributions are often non-
stationary and the underlying regression weights may vary across different input samples.

In-context Learning Time-varying Functions To bridge this gap and advance the theoretical un-
derstanding of ICL in non-stationary settings, we introduce a more realistic framework in which
the labels in the training prompt are generated by time-varying functions. Formally, let Dy denote
a distribution over inputs and Dz, a time-varying distribution over functions in ;. A prompt P
is defined as a sequence (x1, f1(€1),. .., Tn, fn(Tn), Tquery), Where the inputs 1, ..., &, € R¢
and query Tgyery = Tpt1 € R¢ are drawn from Dy, and each fi is drawn from Dg,. One may
consider two canonical types of time-varying functions inspired by the literature: (7) Deterministic
time-varying functions: Here, f; = f(-,4/(n + 1)), where f is assumed to vary smoothly over
rescaled time. This setting captures gradual and predictable evolution in the underlying mapping,
as extensively studied in time-varying nonlinear regression models (Zhang & Wu, 2012; 2015).
(i) Stochastic time-varying functions: In this case, the evolution of f; is modeled as a stochas-
tic process, allowing for random fluctuations in the function mapping. A representative model is
filx) = vfi—1(z) + e;(x), where 0 < v < 1 is a forgetting factor modeling gradual drift in task
mappings and ¢;(z) is a zero-mean stochastic perturbation.

We say that a model M can in-context learn the time-varying function class F; up to accuracy e,
with respect to (F;, D), if it can predict fy, 11 (2 query) based on the prompt P with average error

Ep V(M(P)afn-&-l(fcquery))] <, (1)

where £(-, -) denotes an appropriate loss function, such as squared error. Within this framework, we
can then pose the following central question:

Question: Can we train a model to in-context learn a given time-varying function class?

In this work, to facilitate theoretical analysis while preserving non-stationarity, we consider a simple
yet expressive instantiation of the function class:

yi = fi(zi) = (wi,z;) € R,i € [n+1], 2
where each weight vector w; evolves according to a first-order autoregressive process given by

wzszl_l—ke“ze[n—&—l] 3)
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Here, v > 0 is the autoregressive coefficient that controls the temporal correlation of the weight
vectors, the sequence w; follows a random walk model, which is a widely adopted generative model
in signal processing and adaptive filtering literature (Sayed, 2011). To facilitate tractable analysis,

L . . . pid. .

we further assume that the initial weight vector is drawn i.i.d. as wo "~ AN(0, o2 I), the noisy terms
.. . . iid. . .

are i.i.d. Gaussian with e; "~ A(0,c2I), and the input vectors are i.i.d. samples from a zero-

mean Gaussian distribution with covariance matrix z; '~ N (0, A). Moreover, we assume that the
random variables w;_1, €;, and x; are mutually independent. Following a long line of theoretical
work on in-context learning (Mahankali et al.; Ahn et al., 2023; Zhang et al., 2024; Chen et al., 2024;
Yang et al., 2024; Li et al., 2024b; 2025; Zhang et al., 2025), we adopt Gaussian assumptions in our
analysis. This modeling choice enables sharp and explicit characterizations of both the training and
test errors—rather than only providing loose upper bounds—and is therefore essential for isolating
how key quantities such as  govern the behavior of the learned in-context learner.

Gated Linear Attention In the non-stationary regression setting introduced above, where the un-
derlying task weights evolve gradually over time, it is crucial for the model to effectively capture
pairwise correlations while adapting to the dynamics of changing tasks. Although standard lin-
ear attention mechanisms offer computational efficiency and scalability, they lack the flexibility to
modulate the influence of prior context based on its relevance to the current input—an ability that is
particularly important in nonstationary environments.

To address this limitation, we employ Gated Linear Attention (GLA) (Yang et al., 2023; Li et al.,
2024b; 2025), which enhances linear attention by introducing a gating mechanism that controls the
flow of past information. This structure enables the model to selectively integrate relevant histori-
cal patterns while suppressing outdated ones, thereby offering a better inductive bias for capturing
evolving structures in non-stationary tasks.

Formally, we consider the following implementation of GLA. Let W € REHDX(dHD) Wy €
RE+D>(d+1) "and Wy, € R(@+H1Dx(@+1) denote the query, key, and value weight matrices, respec-
tively. To streamline the subsequent analysis, we follow prior works (Ahn et al., 2023; Huang et al.,
2024; Zhang et al., 2024; Li et al., 2024b; 2025; Zhang et al., 2025) and construct the prompt by
evaluating each function f; on the sampled inputs and pairing each input with its corresponding
output:.
_ . _ ' o Tpn Tp4a (d4+1)x(n+1)
Z =z Zn  Zn+1] = vy 0 eR . 4

For each input z;, we define the corresponding query, key, and value vectors as q; = Wz, k; =
Wi z; and v; = Wy z;. The output of GLA at position ¢ is given by:

0; = S;q; and S; = \S;_; + Uz‘k;r, @)
where A € (0,1] is a forgetting factor that determines how quickly the attention mechanism dis-
counts earlier information. For ease of theoretical analysis, we adopt a simplified formulation where
a single global forgetting factor A is used, rather than assigning a separate, data-dependent gating
coefficient to each token as done in the original GLA model. By unrolling the recursive update in
(5), we obtain:

n+1 n+1
Sni1 =ASp +Vnpik = > AT okl =Wy < > )\”“iziz;) Wi, (6)

i=1 i=1
which leads to the following expression for the output vector:

n+1
Ont1 = Snq1qny1 = Wy ( Z A”*llziz;) WiWoz,i1. (7

i=1

It is worth noting that when A = 1, the weighted sum degenerates into an unweighted accumulation,
ie., Z?:ll ziz;'— = ZZ", under which the GLA formulation reduces to the standard linear attention
model. This highlights that GLA generalizes linear attention by introducing a learnable memory
decay.
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Since the final prediction is taken as the last entry of the token vector output by the GLA layer, only

a subset of the entries in the weight matrices Wy, and Wy, Wi influence the output. To simplify

the notation and subsequent analysis, we merge the query and key matrices into a single matrix and

define

wit ‘i wiy?
KQ KQ
21 w_y

W Vv
Wy = { Vlll_ ’w‘1/2] ER(‘H'DX(‘H'U and WKQ _

Wi, w_y

c R(d+1)><(d+1)7 (8)

where W, W% e R wl, wY, wih? wi? € R and w¥,,w"™? € R. Using this
decomposition, we express the predicted output as

n+1 WKQ
Ynt1=0nq1(d+1) = ['wzl } (Z/\an ‘ziz; > [wééT] Ln+1- )

21

Note that only the last row of W4, and the first d columns of W contribute to the final prediction.
Therefore, without loss of generality, we may set the remaining entries in Wy, and Wik to zero in
the subsequent analysis.

3 THEORETICAL ANALYSIS OF GLA FOR TIME-VARYING REGRESSION

In this work, we investigate the convergence behavior, training error, and testing error of ICL linear
predictors based on the GLA model for time-varying functions. Each task prompt corresponds to an

embedding matrix Z., for7 = 1,..., B, constructed according to the transformation defined in (4):
1 e €T €T, +1

Z = [z - z z — T, T,n T, . 10

T [ 7,1 Tn T,n+1} |:<’LU7—71, w'r,1> . <w7_7n, wT,n> 0 ( )

We denote the prediction produced by the GLA model on the query input of task 7 as ¥/ ,,+1, whose
exact form is given in (9). The empirical risk over B independent task prompts is then defined as:

2
Z y‘rnJrl wT,n+17wT,n+1>) ) (11)
T=1

where the model parameters are denoted by 8 = {Wyx, Wy }. To analyze the learning dynamics,
we consider the population risk induced in the limit as the number of training prompts tends to
infinity, i.e., B — oo:

. 1 -
L(6) = lim 1(8) = §Ewn+1,mn+1[(yn+1 - <wn+17$n+1>)2}7 (12)

B—o0
where we omit the task index 7 for notational simplicity.

We study the evolution of the model parameters under gradient flow, which characterizes the
continuous-time limit of gradient descent with infinitesimal step sizes. The parameter dynamics
are governed by the ordinary differential equation %—(Z = —-VL(6).

In the following, we analyze the gradient flow dynamics under an initialization that satisfies the
following assumption.

Assumption 1. (Initialization) Let ¢ > 0 be a parameter and ® € R4* be any matrix satisfying
|©@OT||Fr =1and A® # 0454 € R4 We assume

-
d d

This initialization follows the scheme proposed in (Zhang et al., 2024). Under this setup, we next
show that the gradient flow dynamics with respect to the population loss converge to a specific global
optimum. Specifically, we establish the following result.

Theorem 1. (Convergence of gradient flow) Consider gradient flow over the population loss in
(12). Assume that the initial task weight wq S N(0,021), noises e; Y N(0,021) and inputs
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i.id.
~

x; (0, A). Suppose the initialization satisfies Assumption 1 with initialization scale o > 0

. . 2D,
satisfying o < L where

fying V]

nt2_2n42 5 Al nt2 202 o .
1 1_77 Ow + = (1*W;2(1+"/¥ Oe; )‘ - 177 7& 17
A2(1—A2" 2n+42
Dy = A2n+2n0i+(ﬁ_)},>\z n>0'37 A#£Ly#LA=7,

>\TL+1 n+27>\ 2n+42 2 )\’Y(I—AH’\/H) An+1’yn+27A72n+2 2
e et <<1—v2)<1—m> o )% AFLY#ELAZEY,

and A = Dy (2A + trace(A)I) + D3 A with

2_ 2042 o n 2__2n+2 2 B
- 11W2 Ow + (1*W2 — I 1,’1/2)2 )Ue7 )\ - 1>’Y # 17
Dy = 4 A2 252 7(nk2";27>\ 7>\22";2)02 ANALy£1LN=7
w 1—)\ (1_X ) ey ) ) - D
2)\2n+2_3\2.2n+2 o 2)\2n+2_3\2,2n+2 A2 _\2n+2 2
%O’w - (’Y (AQ*WZ)(lj’YZ) - (1,72>(1,)\2>)Ue7 A 7é 1>’)/ # 17)‘ 7£ s
and
3_,2n+1 _ A2 2ntl 2 5 3_,2n+1 _ 4220t
Qe — 2 amyr Jow + (G (a5 — Tasr )
*(72_12%(”*1*%))02, A=1v#1,
2n+2 2 2n(A—\2n+2 2\ S (n—1)at
D3 = A :Ii(ni Daw + <(1—A2)2 - (1—/\2)§ 2
- AT e (n—1
- 1_)\(2 >)Ugv A#LW%LA:’%
(2,‘{3/\2n+372>\5,¥2n+1 . 27n+2>\n+272,‘{2n+1>\3) 2 +( 2771(A4_)\2n+2)
/\(377)32)\+’Y>1 3,2 +3A77r 2n+41 o +2 <1+72’y2>(/;71%(1%7>\2>
2(A3 =\ n— 3)\2n+3_9)\5.2n n AT _ n A°
— T T T AT n Tt e )% ALY ALAE .

Then gradient flow converges to a global minimum of the population loss (12). Moreover, W (0)
and Wy (0) respectively converge to

. ~ O0axqd 04 . S [At 0
lim Wy () =/ DiflA l”F{oi 1} and  Jim Wiq(t) =/ Di| A~I5" [0} od]' (o

The proof is deferred to Appendix B. Despite the non-stationary nature of the regression model
considered in this work, we establish that gradient flow converges to a global minimum even under
random initialization. The closed-form solution in (14) reveals that the location of the global op-
timum is explicitly determined by A and ~, highlighting their structural influence on the solution.
While the main theorem focuses on the regime 0 < A < 1 and 0 < v < 1, a more general result
accommodating arbitrary A > 0 and « > 0 is established in Theorem 4 of Appendix B. Moreover,
in the limiting case where A = v = 1 and 02 = 0, the expression reduces precisely to that in (Zhang
et al., 2024, Theorem 4), thereby recovering the stationary setting as a special case of our more
general formulation.

Training error 'We now analyze the training error of the learned network. At the global optimum-—
i.e., when the parameters converge to lim;_,, Wy () and lim;_,o, Wi () in (14), a straightfor-
ward calculation yields the prediction g, 11 as follows:

n+1 ~ n
_ 1 Al 1 <
Unt1=D1[0] 1] (Z)\ i ZziziT> [0; } Ty = Dl(ZA a Zw;wiwiT)A 2,41, (15)

i=1 i=1

This expression confirms that, for sufficiently long prompts, the trained model successfully in-
context learns the family of linear predictors. We emphasize that both A and ~ jointly influence
the degree of time variation in the underlying model. We next quantify the training error at the
global optimum.

Theorem 2. (Training error) Assuming the conditions in Theorem 1 hold, the recovery error be-
tween (15) and (2) is
E[(Jnt1 — Ynt1)?] = D? trace (Da(A trace(A ' AATIA) + 2AATAATIA)
+D3AAT AATIA) + Dytrace(A) — 2D? trace(AATTA),  (16)
2n+4-2 2

17
where Dy = v*"T252 + #Ue-
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The proof is provided in Appendix C. Equation (16) illustrates that the training error depends jointly
on the parameters A\ and . Consequently, for fixed A (or y), there exists an optimal value of ~y (or
) that minimizes the error. Although the expressions of D; suggest a symmetric structure in A
and 7, it does not necessarily imply that choosing A= 7 minimizes the recovery error. In fact, the
error involves a subtle balance between the o2 - and o2-dependent terms as well as the trace terms

with A=1. When A = v, the simplification of D; may amplify certain noise-dependent factors and
deteriorate the overall error. This observation highlights that the optimal choice of A depends not
only on the apparent algebraic symmetry but also on the interplay between noise statistics, system
dimension, and the spectral structure of A.

We next consider a special case with A = I, in which (16) reduces to E[(§11 — Yni1)?] =

Dz(dzDHQdDﬁdDJHdD“ —20DF (ith ¢ = (2 + d) Dy + Ds. Note that, when 7 is fixed, D1, Da,
and D3 are monotomcally increasing functions of A. Accordingly, in this expression, the numerator
comprises positive terms that grow with D1, Ds, and D3, while the negative terms and the division
by a? partially counterbalance this growth. As a result, the function is generally non-monotonic.
Nevertheless, under certain parameter configurations, it may exhibit convexity with respect to A
over (0, 1]. The subsequent experiments provide direct validation of these theoretical observations.

Testing error In this part, we characterize the prediction performance of the trained transformer
when evaluated on a test prompt drawn from a potentially different task distribution. Notably, the
model parameters are fixed at their global optimum obtained from training, and the test prompt may
differ in its length, data distribution, and underlying dynamics. We consider test prompts of the form

— . o o Ty 0 Ty Tl
Z =1z -+ z Z, = |_ -
[ 1 m m—&-l] I:yl T 0 :l
|:<w17m1> e <Ema§’m> 0 :| ’ ( )
where the latent task welghts{w,}erl evolve according to the first-order autoregressive model
w; =7 w1 +¢€,i =1,...,m+ 1. To distinguish between tralmng and testing distribu-

tions, we assume that the initial welght vector satisfies w N (0,521), and the driving noise

& K (0,521). The inputs are drawn independently as Z; N (0, A), and we assume mutual

independence among random variables w;_1, €;, and T;.

Given a forgetting factor ), the prediction #,,,1 produced by the model at test time (evaluated at the
training global optimum) is

m—+1—1 _
Uma1 = D1 Z/\ W, T, )A Tl (18)

i=1
We now characterize the mean squared prediction error on the test prompt:

Theorem 3. (Testing error) Under the assumptions in Theorem 4, the expected prediction error of
the model on the test prompt is given by

E[(Jm+1 — Ums1)’] = D3 trace (Eg(Ktrace(K_lx_/NX_lK) +2AA""AA'A)
+ﬁ3X1~X*1K1~X*1X) + Dy trace(A) — 2D, - Dy trace(AA"'A),  (19)

where D; for i = 1,...,4 are defined analogously to the D; constants from training, with the
substitution X — )\, y — 7, 02, — G2, 02 — G2, and n — m.

The proof has been provided in Appendix D. This result quantifies the generalization behavior of
the trained model when applied to unseen prompts sampled from a potentially different distribution.
Notably, the prediction error depends jointly on the training and testing task statistics through the
interaction between A and A. Moreover, the expected error E[(,+1 — Jy,41)?] is inherently nonze-
ro due to the stochastic nature of the task evolution—specifically, the noise in the dynamics of w;
introduces irreducible uncertainty in the test labels 7,. This highlights the importance of employing
GLA, which adaptively modulates the influence of past observations and better accommodates tem-
poral variations in the underlying regression weights. In the subsequent experimental section, we
empirically demonstrate the effectiveness of the GLA mechanism in handling non-stationary tasks.
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Comparison with Adaptive Signal Processing The non-stationary regression setting considered
in this paper is closely related to classical problems in adaptive signal processing, where the under-
lying model parameters evolve gradually over time (Sayed, 2011; Das et al., 2015; Abdolee et al.,
2016; Qin et al., 2020; Claser & Nascimento, 2021; Yu et al., 2021; Wang et al., 2022). To track
such non-stationary dynamics, a wide range of online algorithms have been developed, including
the least mean squares (LMS) algorithm, the affine projection algorithm (APA), and the recursive
least squares (RLS) algorithm. These methods are designed to update model parameters iteratively
in response to streaming data, with the goal of minimizing instantaneous or long-term prediction
error. Under non-stationary models such as the first-order autoregressive process described in (3),
the corresponding theoretical error analyses for these methods also indicate that, for a fixed ~, there
exists an optimal choice of step size (in LMS/APA) or forgetting factor (in RLS) that minimizes the
tracking error.

While classical adaptive signal processing methods explicitly update model parameters over time
based on streaming observations, the paradigm studied in this paper—in-context learning with the
GLA model-adopts a fundamentally different approach. Instead of relying on explicit parameter
updates, as in LMS, APA, or RLS, the GLA implicitly adapts to task dynamics via internal repre-
sentations conditioned on the prompt. In particular, the gating mechanism in GLA enables the model
to selectively integrate past information in a soft and differentiable manner, thereby tracking non-
stationary structures without modifying its parameters. This architectural distinction offers a new
perspective on learning in non-stationary environments, where adaptation arises not from external
optimization procedures, but from the model’s forward computation itself.

4 EXPERIMENTAL RESULTS

In this section, we present experiments to validate the theoretical analysis and demonstrate the
advantages of GLA in non-stationary models. The experiments are conducted under the fol-

lowing settings. The training and testing losses are defined as % Zle@ﬂnﬂ — Yrn+1)? and
(Um+1 — U H)Q, respectively. Unless otherwise specified, we set d = 10, n = 100, ai =1,
02 =0.01, and B = 107. The AdamW optimizer is adopted with learning rate 10~2, weight decay
0.05, and momentum parameter 0.9. Each model is trained for 2000 epochs with a batch size of 5000
samples. The loss associated with the optimal ) is highlighted by a star. Although the theoretical
analysis imposes a constraint on the initialization matrix, our experiments use a random Gaussian
initialization and still observe the predicted behavior, indicating that the constraint is not necessary
in practice.

2,
18 —— y=08 —— y=08 25 —— y=08 00 —— y=0.8

1.6 y =085 Yy =085 1.75 y=0.85

y =085
—— y=09 —— y=0925 \w 20 —— y=0925 —— y=0925
w14 v=085 — y=095 al.SO o voss
—— y=10.975 —+— y=0.975 S1.25 —— y=0.975
5 o

#  Minimum Point #  Minimum Point
£1.00 .2, "™

10| S » 075 el /
o) N e M
od 0 T T 0.50

02 ‘Lg. PSS e 025 fat
0.0 0.2 0.4 0.6 0.8 1.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
A A A A

« ~
Minimunm Point %~y |~ .

Testing Loss

n

s

°

<

I

°

o

N

el

4

Testing Loss

R T

W .
e L

=
°

(a) Training loss (b) Testing loss (m = 10) (c) Testing loss (m = 50) (d) Testing loss (m = 100)

Figure 1: Training and testing performance of the one-layer GLA model with different A and ~.

The first experiment compares the training and testing performance of the one-layer GLA mod-
el under varying choices of v and A. As shown in Figure 1a, when the autoregressive coefficient
~ decreases and the impact of noise becomes more pronounced, an appropriate choice of A is re-
quired to attain the lowest training loss. During testing, we evaluate the GLA model trained with
A = 0.9 under different sequence lengths m € {10,50,100}. The results in Figures 1b to 1d
show that, across different values of ~, selecting an appropriate A remains crucial for minimizing
the test loss. These results highlight the role of GLA in stabilizing learning under non-stationary
conditions. By introducing a gating mechanism into linear attention, GLA effectively regulates the
influence of past inputs, thereby mitigating error accumulation and enhancing the models adapt-
ability to distributional shifts. Consequently, GLA achieves longer effective memory and improved
generalization, underscoring its advantage in handling time-varying data. As mentioned previously,
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a one-layer GLA model applied to a first-order autoregressive process functions analogously to an
adaptive filter. To illustrate this, we compare its performance with LMS and RLS algorithms. We set
the LMS step size to 0.01 and the RLS forgetting factor to 0.98, train on sequences of length 1000,
and perform 10,000 Monte Carlo trials, averaging the results. The training errors for LMS and RLS
are respectively [0.2639 0.3168 0.6058 1.0072 1.4758] and [0.2555 0.3746 0.6658 0.8881 1.2916]
for v = [0.8 0.85 0.925 0.95 0.975]. Compared to LMS and RLS, which require fixed or slowly
adapting parameters, a one-layer GLA model achieves lower training errors (see Figure 1a) because
it possesses higher representational flexibility. Furthermore, LMS and RLS adapt only to a single
sequence at a time, requiring retraining for each new input, and therefore cannot leverage cross-
sequence information. In contrast, GLA’s learnable weights are shared across sequences, allowing
the model to generalize and adapt efficiently to new inputs without retraining.
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Figure 2: (a-b) Training and testing performance of the multi-layer GLA model with v = 0.95 and
different A; (c) convergence performance of the one-layer GLA model; (d) convergence performance
for GLA models with different layers.

In the second experiment, we investigate the impact of network depth on the performance of the
GLA model. As illustrated in Figures 2a and 2b, increasing the number of layers consistently en-
hances both training and testing performance, suggesting that deeper architectures can more effec-
tively capture long-range dependencies in non-stationary sequences. Conceptually, each GLA layer
implements a linear adaptive filter whose effective behavior is determined by its gating weights.
When multiple layers are stacked, these adaptive filters operate at different timescales, enabling the
network to simultaneously capture short-term fluctuations and longer-term trends in the evolving
regression weights. This multi-timescale structure explains why deeper GLA models achieve better
performance under non-stationary regression: a single layer can track only one effective timescale
of drift, while multiple layers collectively approximate a richer family of dynamic predictors. While
formal theoretical analysis for multi-layer GLA models is not yet established, the empirical results
underscore the critical role of the adaptive gating mechanism in regulating information flow across
layers, thereby mitigating error accumulation and improving generalization.

Under the same experimental settings as the first two experiments, we examine the training conver-
gence of the one-layer GLA with the optimal A corresponding to the minimum loss, and of the multi-
layer GLA with A = 0.85. With random Gaussian initialization and a sufficiently large number of
training samples, Figure 2c shows that the one-layer GLA achieves linear convergence, in agreement
with our previous analysis. Figure 2d further demonstrates that the multi-layer GLA maintains linear
convergence, indicating that the adaptive gating mechanism effectively stabilizes gradient propaga-
tion across layers. A rigorous theoretical characterization of convergence for multi-layer GLA is left
for future work.

In the third experiment, we assess the ICL capability of GLA and Linear Attention (LA) models on
a real-world language task. We focus on sentiment classification using the SST-2 dataset (Socher
et al., 2013), which contains 67,349 training samples and 872 validation samples with binary labels
(positive/negative). To initialize the models, we employ GPT-2 (small) (Radford et al., 2019), which
consists of 12 layers, a hidden size of 768, 12 attention heads, and approximately 117M parameters.
We then replace the original softmax attention with (i) linear attention, resulting in LinearGPT?2,
and (ii) gated linear attention, resulting in GatedLinearGPT2. Both models are optimized using
AdamW with a learning rate of 5 x 10~°, weight decay of 0.05, and momentum parameter of 0.9
for 1,000 iterations. For ICL fine-tuning, we provide 20 in-context demonstrations per instance,
computing the loss only on label tokens. During evaluation on the SST-2 validation set, we vary
the number of demonstrations K € {1,5,10,15,20}. Performance is assessed using two metrics:
(1) Accuracy, defined as the standard prediction accuracy; and (2) Confidence, calculated for each
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correctly classified example by converting the models logits over positive, negative to probabilities
(Ppos; Pneg) and taking max(Ppos, Pneg)» With the reported value being the average over all correctly
classified examples. As shown in Figures 3a and 3b, when A = 0.9, GLA achieves the highest
accuracy and confidence, outperforming LA by a clear margin. This empirical advantage can be at-
tributed to its gating mechanism: unlike LA, which implicitly assumes a stationary linear regression
structure, GLA is able to adapt to the non-stationarity of real-world data by selectively integrating
or discarding historical information—an ability that proves critical for reliable prediction.

080 h.———ﬂ:_?‘\\ﬂ!
ey el
(a) SST-2 Accuracy (b) SST-2 Confidence (c) MNLI Accuracy (d) MNLI Confidence

Figure 3: Accuracy and confidence of GatedLinearGPT?2 vs. LinearGPT2 on SST-2 sentiment clas-
sification (left two) and MNLI natural language inference (right two) across different numbers of
demonstrations.

In the final experiment, we evaluate the ICL capabilities of GLA and Linear Attention (LA) mod-
els on a more challenging natural language inference task, which requires determining the logical
relationship between a premisehypothesis pair (entailment, contradiction, or neutral) across a broad
range of text genres. We use the Multi-Genre Natural Language Inference (MNLI) dataset (Williams
et al., 2018), which spans multiple genres and contains approximately 393k training examples with
three class labels. Following the same setup as in the third experiment, we provide 10 in-context
demonstrations per instance for ICL fine-tuningconstrained by context lengthand compute the loss
only on the label tokens. For evaluation on the MNLI validation set, we vary the number of demon-
strations K € {1,3,5,7,10}. As shown in Figures 3c and 3d, GLA consistently achieves higher
accuracy and confidence than LA, highlighting the benefit of the gating mechanism.

5 CONCLUSION

This work presents a theoretical investigation of in-context learning in non-stationary regression
problems, addressing an important gap in the current understanding of transformer models. Un-
der a first-order autoregressive model of non-stationarity, we show that GLA outperforms standard
linear attention by dynamically reweighting past inputs, enabling more accurate prediction in time-
varying settings. Our analysis provides rigorous justification for the advantage of gating in captur-
ing distributional shifts and highlights its role as an architectural inductive bias in adaptive learning.
These findings not only deepen the theoretical foundations of ICL in dynamic environments but
also suggest broader implications for the design of transformer variants in real-world applications
characterized by non-stationarity.

A natural direction for future work is to generalize the first-order autoregressive assumption to a
broader class of dynamic-weight models. In particular, allowing more flexible temporal evolutions—
such as higher-order dynamics, stochastic drift, or slowly varying adversarial changes—would further
illuminate how in-context learning behaves in general non-stationary settings. A second direction for
future work is to develop a rigorous theoretical characterization of how gating mechanisms interact
across multiple GLA layers. While our experiments show that stacking layers consistently improves
performance, a principled analysis of how multi-layer structures capture multiple timescales of drift
remains an important open problem. The third future direction is to analyze the global optimization
landscape of the GLA model studied in this paper. Our numerical experiments suggest that random
Gaussian initialization consistently converges to a global minimum under gradient flow, even when
the theoretical initialization conditions are violated. This indicates the existence of a benign global
optimum and motivates a deeper theoretical study of the model’s optimization landscape.
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