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ABSTRACT

A defining characteristic of intelligence is reasoning — a capability of adapting learned
knowledge to unfamiliar contexts. Although large language models (LLMs) exhibit strong
reasoning capabilities in-context, it remains unclear whether they can perform human-like
in-context reasoning under out-of-distribution (OOD) contexts. In this work, we introduce
In-Context Adaptation (ICA), a paradigm that formalizes reasoning as the adap-
tive use of learned knowledge through a few demonstrations from new environments. Using
a benchmark adapted from invariant learning, we show that transformers trained via next-
token prediction are prone to spurious correlations and fail to reason effectively in OOD
settings. To address this limitation, we propose Adaptive Context Engineering
(ACE), a simple context reconstruction strategy that promotes adaptive exploitation of
learned knowledge. Empirical results demonstrate significant improvements in in-context
reasoning under distribution shifts, highlighting a path toward more human-like adaptive
generalization in transformers.

1 INTRODUCTION

A definite capability of intelligence is reasoning — a process to recognize, adapt, and extrapolate the learned
knowledge to solve tasks under unfamiliar contexts (Lombrozo, 2024). Recently, large language models
(LLMs) have demonstrated similar capabilities as humans in adapting the knowledge learned from a massive
scale of training to solve complex problems (Wei et al., 2022; OpenAl, 2024; Guo et al., 2025; Li et al.,
2025b). At the heart of the success of LLMs is the capability of performing in-context learning (ICL) based
on the architecture of transformers (Brown et al., 2020), where the model is able to learn and reason for the
answer of a new task given a few demonstrations in-context (Dong et al., 2024).

Nevertheless, LLMs also demonstrate trivial failures in tasks that are intuitive and simple for humans. For
example, LLMs can not solve simple logical reasoning tasks (Nezhurina et al., 2024), nor extract the desired
information from an reversed order (Berglund et al., 2023), or can easily overlook critical information in
the contexts (Shaikh et al., 2023; Li et al., 2024). Even with the state-of-the-art reinforcement learning
training, the frontier reasoning LLMs can easily get lost in multi-turn conversations and hallucinate (Li
et al., 2025a; Zou et al., 2026; Fan et al., 2026). The behaviors of LLMs deviating from human reasoning
show the limitations of the existing LLM training and in-context learning paradigm in imitating human
intelligence (Kargupta et al., 2025; Liu et al., 2026). Hence, it raises a challenging research question:

How can we train models to adapt and reason in-context like humans?

To answer the question, we resort to the literature of out-of-distribution (OOD) generalization that seeks to
find the invariance for generalizing across different environments (Arjovsky et al., 2019) and avoid learning
spurious correlations or shortcuts that hold only at training environments (Geirhos et al., 2020). As it is
relatively challenging to establish the notion of OOD generalization for LLMs that are trained on arguably
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all available data, we present a new paradigm to study the generalization capabilities of transformers with
large-scale pretraining, termed as In-Context Adaptation (ICA). ICA requires the model not only to
learn the desired knowledge for generalization, but also utilize the learned knowledge adaptively. As shown
in Fig. 1, different from previous paradigms that focus on identifying the sample-level characteristics (Gupta
et al., 2024) or the sample-label correlations (Brown et al., 2020) in order to generalize to samples from the
same environment, ICA focuses on the adaptive utilization for generalization under OOD contexts that may
not appear during training.

To examine the ICA capabilities of existing paradigms of next-token prediction training and in-context
learning, we adapt the COLOREDMNIST dataset from Arjovsky et al. (2019). COLOREDMNIST requires
the model to classify hand-written digits in the colored MNIST data. In the training environments, COL-
OREDMNIST constructs spurious correlations based on the colors and the labels. Therefore, the learned
knowledge includes the correlations between the color and the label, as well as the correlations between the
digit and the label. We then evaluate whether transformers trained through next-token prediction (Gupta et al.,
2024) can generalize to samples from OOD environments where the correlations between the color and the
label are invalid. We find that in-context learning with either GPT2 (Radford et al., 2019) architecture, or
MEMORYMOSAICS, which shows the state-of-the-art ICL capabilities (Zhang et al., 2025), can not solve
ICA under different OOD contexts.

To mitigate the issue, we develop a simple strategy called Adaptive Context Engineering (ACE)
that strategically reconstructs the context to improve the adaptation capabilities of transformers. We show
that ACE brings significant improvements based on both GPT2 and MEMORYMOSAICS architectures. Our
contributions can be summarized as follows:

* We propose a new paradigm of generalization called In-Context Adaptation to study OOD
generalization capabilities of transformers.

* We propose a simple strategy called Adaptive Context Engineering that significantly
improves the ICA capabilities of transformers.

2 IN-CONTEXT ADAPTATION

2.1 PARADIGMS OF GENERALIZATION

We begin by discussing and comparing different paradigms of generalization in the literature. A detailed
comparison of existing paradigms is given in Table 1.

OOD Generalization. The OOD generalization problem is commonly formulated within a supervised
learning framework, where the dataset D = D¢.c¢,, is collected from multiple causally related environments
Ean. In each environment e € &y, a subset of samples D¢ = X7, /¢ is independently and identically drawn
from the distribution P¢ (Peters et al., 2016).

Given data from a set of training environments D¢.c¢,, the objective of OOD generalization is to learn a
predictor f : X — ) that performs robustly across all environments, including unseen ones. Formally, this
corresponds to minimizing the worst-case empirical risk across environments, i.e., max.cg,, Le(f), where
L. denotes the empirical risk under environment e. The predictor is typically parameterized as a composition
f = w o p, where the feature extractor ¢ : X — Z maps inputs to a latent representation space, and the
classifier w : Z — ) produces predictions based on the learned features.

A predominant body of solutions to OOD generalization is to seek the invariance between training and
test environments (Ganin et al., 2016; Arjovsky et al., 2019; Sagawa* et al., 2020). However, it has been
shown that seeking invariance can significantly affect the learning of useful features and pose an optimization
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Figure 1: Overview of the different in-context learning paradigms at test-time: (a) Standard Generaliza-
tion (Gupta et al., 2024) generalizes empirical risk minimization (ERM) (Vapnik, 1991) to in-context and aims
to train the transformer to recognize the environment of the given context from only samples {x5,..., x5 _;}
and to retrieve the learned knowledge from the closest training environment to e; (b) In-Context Learn-
ing (Brown et al., 2020) aims to infer the mapping strategy from the given sample — label pairs at the context
{(x5,9$), ..., (x5_1,y5_1)} and predict the label of the query sample x¢ from the same environment e; and
(c) In-Context Adaptation aims to infer what learned knowledge or correlations can be adapted based to the
test context on the given sample — label pairs at the context {(z§, y5), ..., (x¢_;,y5_ 1)} and predict the label

of the query sample xf/ that may come from a different environment ¢’ # e.

Table 1: Comparison of paradigms. At test time (step ¢), the model receives a context sequence (indices
1...7—1)and a query z;, enabling amortized inference.

Paradigm Training data Testing data Estimates / objective
ERM Labeled data (pooled) Query only Global predictor
{(@5,95)} ~ Ueeer, Pe(X,Y) zf f(@:) = P(Y | X)
IRM /invariance DG = Multi-environment labeled data Query only Invariant predictor
Arjovsky etal. (2019)  {(z5,¥5, €)}ece,. z¢ f(x(L> )): 9(duv(z:)) =~ PY |
Pinv (X

LLM next-token LM
Brown et al. (2020)

ICRM
Gupta et al. (2024)

ICA (ours)

Token sequences
z2=(z1,...,21)

Multi-env episodic sequences
{5, 45)}. e € &ur

Same as above (or any multi-env
training)
+ optionally label noise

Prefix / context
21:i—1

/
Query x§ and context

o = @)

Query xfl and labeled context

; e e
Si={@5 .y )}in

Next-token predictor
f(z1:-1) = P(zi | 21:-1)

In-context DG predictor
f(xucz) ~ P(YLe ‘ zi ,Cf )
(amortized adaptation to €’)

In-context adaptation predictor

[z, Si) = P(YE | 27 ,57)

Goal: approximate P/ (Y | X') without
gradient updates

dilemma due to the intrinsic conflicts between empirical risk minimization and OOD generalization (Chen
et al., 2023b). Zhang et al. (2022); Chen et al. (2023a) present rich feature learning and show that learning all
the underlying useful features is essential for smooth OOD generalization.
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In-Context Learning with Next-Token Predictors. Brown et al. (2020) demonstrate the promise of
transformers trained with next-token prediction and learn to reason for the answers of the sample x{ given the
demonstration contexts {(z5,y$), ..., (z5_1,y5_1)}. Usually, the query sample and the context samples are
from the sample environment.

Formally, the next-token predictor is trained to predict the next token z; given the prefix token sequence
(Zl, ey Zl',l)l

P(Zi:zi|z1,...7zi,1). (l)
The success of LLM:s is built upon this paradigm and demonstrates emerging and impressive capabilities of

learning in-context (Brown et al., 2020). The in-context generalization capability can be further manifested,
conditioning on proper instructions (Wei et al., 2022) and reinforcement learning (Guo et al., 2025).

Following the success of the ICL, Gupta et al. (2024) propose the paradigm of In-Context Risk Minimization

(ICRM) that replaces the labeled context of {(z$,y$), ..., (5_;,y5_;)} with unlabeled ones {z¢, ..., z¢_;}.
They demonstrated that by constructing a context sequence based on samples from the training environment
Pyile(@), p(a1), - (@), )

to train transformer-based next-token predictors for OOD generalization. Nevertheless, ICRM differs from
human reasoning where humans are given some sample labels or feedback to infer which learned knowledge
is useful for generalization under the test context (Lombrozo, 2024).

In-Context Adaptation. Therefore, we propose a new paradigm of generalization called In-Context
Adaptation (ICA) to fully model the realistic generalization of human reasoning. During training, the
next-token predictor is given with the labeled pairs as ICL:

Py¢ o), 0(x5),e(y5), - o(asy), e(yi_y))s 3)

where the £() is the encoder to encode label information for next-token prediction training. Different from
previous paradigms, the primary objective of ICA is to evaluate the generalization capability in adapting
the learned knowledge to OOD contexts of the next-token predictor. The environments of the context and
the query sample are not necessarily the same. To emulate the realistic context scenarios in ICA, we also
construct different scenarios, such as label noises, and a lack of labels in Sec. 3.

Evaluation of ICA. To evaluate the generalization capabilities of different training paradigms in ICA, we
construct the evaluation protocol based on COLOREDMNIST data from Arjovsky et al. (2019).

The data generation process of COLOREDMNIST can mainly be parameterized by «., 8. € [0, 1]. For each
environment e, the dataset D, = {X¢, Y} is generated as

Ve :=Rad(0.5), X°=(X{ X5), X{:=Y° Rad(a.), X§:=Y° Rad(8.), 4)

where Rad (o) denotes a random variable that takes the value —1 with probability o and +1 with probability
1 — 0. The environment in COLOREDMNIST can be denoted as &, = {(a,0:) : 0 < B < 1}. In
this setup, X{ functions as the invariant feature since « is fixed across environments, whereas X§ serves
as a spurious feature because . varies with e. The training environments in COLOREDMNIST contain
{(0.25,0.10), (0.25,0.20)} and the test environment is {(0.25,0.90)} where the spurious correlations be-
tween X5 and Y is inversed. Empirically, as we show in Sec. 3, the next-token predictor trained via previous
paradigms can not generalize to OOD contexts.

Adaptive Context Engineering. We propose a simple strategy to mitigate the drawbacks of previous
training methods of next-token predictors called Adaptive Context Engineering (ACE). ACE is
built upon the intuition to strategically construct contexts for enabling adaptation following the definition of
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Table 2: Main Results: Detailed comparison of Backbone and Configurations.

Config Backbone ‘ Train Acc ‘ Test Accuracy

| |0 25 50 75 100

ACE MEMORYMOSAICS 92.5 18.8 62.1 62.2 62.1 62.1
ICA MEMORYMOSAICS 85.0 18.0 58.7 585 582 584
ICRM  MEMORYMOSAICS 86.5 240 23.0 240 320 30.0

ACE  GPT2 91.5 230 248 252 250 258
ICA  GPT2 84.0 178 187 185 183 187
ICRM  GPT2 83.5 140 7.0 100 200 150
ERM  MLP | 880 | 119 119 119 119 119

ICAasinEq. 3. As (xf/ , yf/) are harder samples for the next-token predictors to predict during training, we
construct a buffer to collect all the hard samples following the strategy of Chen et al. (2023a), and construct
contexts based on the hard samples in the buffer and the contexts from all the training environments. In Sec. 3,
we show that this simple strategy can already brings significant improvements over previous methods.

3 EXPERIMENTS

Evaluation protocol. To emulate realistic OOD context scenarios, we consider a number of cases inspired
by human cognitive capabilities and the realistic challenges of LLM reasoning:

* Matched Context: the vanilla ICA setting, where the test context and the query sample are from the
same OOD environment with respect to the training environment. It evaluates whether the model is
able to recognize useful features learned from training environments (Lombrozo, 2024), as well as
the relations given by the test context (Brown et al., 2020).

* Mismatched Context: the test context and the query sample are from different environments. Hence,
the context does not provide information and even strengthens the spurious correlation, where the
next-token predictor needs to calibrate the contextual clues (Zhao et al., 2021).

* Mixed Context: the test context are sampled from mixture of training and test environments.

* Few-show Context: the test context contains only few samples and the adaptation needs to happen
fast (Evans & Stanovich, 2013).

* GT label and pred label: The ground-truth (GT) labels are not given in Pred label setting, where
the next-token predictor needs to predict the label themselves as humans encounter some new
environments without labels (Evans & Stanovich, 2013).

Baselines. We mainly consider ICRM and vanilla ICA as our baselines. We also implement all the
methods based on GPT2 backbone and MEMORYMOSAICS backbone, where the latter is the state-of-the-art
transformer architecture for in-context learning.

Empirical results. Table 2 presents the main OOD generalization results. We can find that when without
the label information in the context, as in ICRM, the generalization results are poor. Under both GPT2 and
MEMORYMOSAICS backbones, ACE and ICA significantly improve the performances under OOD contexts.
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Figure 2: Performances of ICA and ACE under different ICA scenarios.

Fig. 2 shows the performances of ICA and ACE based on GPT2 and MEMORYMOSAICS backbones under
different adaptation context settings. It can be found that ACE generically achieves better results than the
vanilla TCA across different setttings. Although when given few samples with GT labels, ACE obtains similar
performance as ICA based on MEMORYMOSAICS, which can be attributed to the strong ICL capability of
MEMORYMOSAICS, notably, when given sufficient context information, ICA achieves better results under
both GPT2 and MEMORYMOSAICS backbones.

When without GT label, the strong ICL capabilities of MEMORYMOSAICS also suffer from a severe per-
formance decrease due to the noise in the predicted labels in the context, when with ICA. In contrast, ACE

achieves significantly better results under the Pred Label setting given both GPT2 and MEMORYMOSAICS
backbones.

4 CONCLUSIONS

In this work, we presented a new paradigm of generalization called In-Context Adaptation (ICA)to
emulate how humans adapt the learned knowledge for generalizing to OOD contexts during reasoning. As we
showed that previous training methods for next-token predictors are incapable of realizing ICA, we proposed
a simple strategy called ACE that obtained significant improvements under a number of OOD contexts. ICA
and ACE highlight a new path towards training more human-like reasoning models based on transformers.
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