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Abstract

Recent work analyzing in-context learning (ICL) has identified a broad set of
strategies that describe model behavior in different experimental conditions. We
aim to unify these findings by asking why a model learns these disparate strategies in
the first place. Specifically, we start with the observation that when trained to learn a
mixture of tasks, as is popular in the literature, the strategies learned by a model for
performing ICL can be captured by a family of Bayesian predictors: a memorizing
predictor, which assumes a discrete prior on the set of seen tasks, and a generalizing
predictor, where the prior matches the underlying task distribution. Adopting the
normative lens of rational analysis, where a learner’s behavior is explained as
an optimal adaptation to data given computational constraints, we develop a
hierarchical Bayesian framework that almost perfectly predicts Transformer next-
token predictions throughout training—without assuming access to its weights.
Under this framework, pretraining is viewed as a process of updating the posterior
probability of different strategies, and inference-time behavior as a posterior-
weighted average over these strategies’ predictions. Our framework draws on
common assumptions about neural network learning dynamics, which make explicit
a tradeoff between loss and complexity among candidate strategies: beyond how
well it explains the data, a model’s preference towards implementing a strategy
is dictated by its complexity. This helps explain well-known ICL phenomena,
while offering novel predictions: e.g., we show a superlinear trend in the timescale
for transitioning from generalization to memorization as task diversity increases.
Overall, our work advances an explanatory and predictive account of ICL grounded
in tradeoffs between strategy loss and complexity.

1 Introduction

In-Context Learning (ICL) has significantly expanded the open-ended nature of large language models
(LLMs) [1-5], allowing them to learn novel behaviors from merely the provided context [6—12].
This has motivated a large body of work that analyzes controlled experimental settings to better
understand ICL [13-17], leading to (i) behavioral accounts of what strategies are followed by a model
to learn from its context [18-23], e.g., the ridge estimator in linear regression tasks [14, 17]; (ii)
developmental accounts identifying when, i.e., under what training [24] and data [25] conditions, a
particular strategy is used by the model [24-30]; or (iii) mechanistic accounts characterizing how
such strategies get implemented [31-33], e.g., the use of induction heads [34]. While some have
attempted characterizing ICL as a single procedure [22, 35, 36], more recent work has argued that
the broader phenomenology of ICL stems from a model learning different strategies under varying
experimental conditions [26, 30, 37].
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Figure 1: Why Does a Model Learn Different Strategies for Performing ICL? To answer this
guestion, we analyze three distinct settings where a model is trained to learn a mixture of tasks.

(a) Model Behavior Transitions Between Memorizing and Generalizing Predictors. We rst

make the observation that across settings, as diversity of data distribution and amount of training are
increased, model behavior transitions between two Bayesian predictors: a memorizing prigdictor,
which assumes a discrete prior over seen tasks, and a generalizing pré&sliethich assumes a
continuous prior over the true distribution. This recapitulates prior results on task-diversity thresh-
olds [25] and transient generalizatio@4] in a unifying language. (b) A Hierarchical Bayesian
Framework Provides an Explanatory and Predictive Account of ICL. The consistency of these
transitions motivates a hierarchical Bayesian model of ICL, where a model's inference-time behavior
is framed as a posterior-weighted interpolation in the Bayesian predMtasdG, while pretraining

is seen as a process of updating the preference (posterior probability) toward different predictors. We
nd that under reasonable assumptions regarding neural network learning dynamics, our framework
is highly predictive of model behavior throughout training, without access to model weights (bottom
panel). Additionally, our framework provides an explanatory account of ICL phenomena via a
tradeoff between the loss and the complexity of learned solutions (top panel).

These results suggest that a remaining hurdle for developing a uni ed account of ICL is understanding
why, in the rst place, models learn different strategies with disparate generalization abilities. Indeed,
given that memorizing the training distribution almost always leads to better performance, why does
the model learn an “under tting', out-of-distribution generalizing solution at2d| R5]? Moreover,

if capacity limitations prevent memorization, why does the model, among all under tting solutions,
learn the one that captures the true generative pro@&s26]? Finally, why does it rst learn such

a solution, only to eventually give way to one that does not generalize to novel 225RI|? In
addressing the questions above, we make the following contributions.

» Model Behavior Transitions Between Memorizing and Generalizing Predictors. We rst make
the observation that in popularly studied ICL settings, where a model is trained to learn a mixture
of tasks, previously identi ed setting-speci ¢ solutions can be uni ed in the language of Bayesian
inference. Across three distinct settings, we replicate well-known ICL phenor2én25 and
show models primarily transition between two ICL phases, determined by behaviorally matching
one of two Bayesian predictors: 1) a memorizing predictor with a discrete prior over seen tasks or
2) a generalizing predictor with a continuous prior over the true data-generating distribution.

» A Hierarchical Bayesian Model of ICL Grounded in Rational Analysis. This observation
then motivates our core contribution: we propose to understand ICL by invoking the approach
of rational analysis from cognitive science8B-42], where a learner's behavior is explained as
an optimal adaptation to data, given a learning objective and computational constraints. In our
case, building on the nding that Transformers transition between memorizing and generalizing
predictors, we examine how a Bayes-optimal learner would trade off between these solutions across
training and data conditions, given a simplicity bié3-8] and power-law scaling of loss with
dataset size4, 50]. This yields a hierarchical Bayesian framework that casts pretraining as a
process of weighing preference (posterior probability) toward different solutions based on their
loss and complexity. At inference, model behavior is framed as a posterior-weighted average of
these solutions (which themselves are Bayesian—hence the term “hierarchical”). This is in contrast



Figure 2: Experimental Settings: Learning a Finite Mixture of Tasks. (a) General Formulation.
Popularly studied experimental settings in the literature on ICL can be seen as training a model to
learn a distribution de ned using a mixture of tasks (dendiggl,), where each task is a parameterized
latent function whose parameters are sampled from a distrib@ifign (b) Considered Settings. We
analyze three distinct instantiations of this general formulation: Balls & Urns, which captures the
belief update interpretation of ICL and is a simpli cation of the Markov modeling setting from prior
work [26, 52], and two popularly studied settings from the literature that capture the few-shot learning
interpretation of ICL, i.e., in-context linear regression [14, 25] and Classi cation [20, 24, 28, 29].

to several previous Bayesian accounts of I8k, [51], which frame ICL as implementing a single
Bayesian predictor. We derive a closed-form expression for our model, which almost perfectly
predicts Transformer next-token predictions throughout training without access to weights, as well
as captures varied ICL phenomena including task diversity effects and transience.

» A Loss-Complexity Tradeoff Underlies ICL Phenomena and Yields Novel Predictions. Our
framework makes explicit a tradeoff driving model preference towards a predictor as a function of
its loss and complexity. This tradeoff helps explain transitions in model behavior due to changes in
data-diversity 25] or training time R4] as artifacts implicitly induced by changes in a predictor's
complexity or loss, relative to other predictors. This interpretation further helps us identify several
novel predictions, e.g., a superlinear trend between task diversity and transience.

Overall, we argue our work advances a unifying explanatory and predictive account of ICL. More

broadly, our results suggest the value of taking a normative perspective towards explaining neural

networks, viewing learning behavior (both in-context and throughout training) as a rational adaptation
to data properties and computational constraints.

2 Preliminaries: Learning a Finite Mixture of Tasks

To capture both few-shot learning,[14, 20, 25, 53] and belief update formulation2§, 34, 54, 55]

of ICL, we analyze three distinct experimental settings in this paper. To this end, we rst provide
a general formulation of the learning setup, which allows us to formalize a uni ed language for
examining model strategies for ICL in the next section.

General Formulation. We cast prior settings used for studying IQ10[ 25, 26] as learning a nite
mixture of tasks. Speci cally, settings analyzed in this work involve learning a mixture distribution

f(w) , the parameters 2 R™ are sampled from a prede ned distributi@f,e (see Fig. 2). We

call D the task diversity of the mixture. Every training iteration, we randomly select a function
f(w; ) 2 T yain, and use it to generate a sequence of lel@tdetails vary by setting, see below).
Batches consist of independently generated sequences. We autoregressively train Transformers
(GPT-NeoX architecturesp, 57]) for a prede ned number of iterations . Model performance is
evaluated either on in-distribution (ID) sequences drawn figgp, or on out-of-distribution (OOD)
sequences drawn from the underlying distribufigge (see App. F for further details on architecture

and method). We analyze three speci c instantiations of this general formulation, detailed next.

Balls & Urns. Related to the belief update formulation of ICL, this setting is inspired by the classic

“Urn Problem' from the probability literaturé&g]. Speci cally, one draws (with replacement) balls
from an urn containing balls oh types, and the goal is to estimate the distribution of ball types. Since
solving this task only requires inferring unigram statistics of the input (a histogram), this setting simpli-
es the Markov modeling setup proposed by Park ef26]. A taskf(w) = Categorical(w) denotes

a stochastic map (‘urn’) from which states (balls') are sampled, withT e = Dirichlet(1) .

generate data, we samplestates from a randomly selected functigw) , yielding a sequence
s:=[x 1:::Xc], where x Categorical(w).



Figure 3: Predictors in Different Experimental Settings. (a) Memorizing and Generalizing
Predictors. We compare model behavior to two idealized Bayesian predictors: (i) Memorizing
predictor M ), which assumes a discrete prior over the mixture distribukigp, and (i) Generalizing
predictor (G), which assumes a prior ov&y,e, the distribution from which tasks are sampled. (b)
Task-Speci c Instantiations. These predictors yield closed-form solutions (App. G); e.g., in Balls &
Urns, the memorizing predictor computes a posterior-weighted average over urns seen in training,
whereas the generalizing predictor uses empirical unigram statistics with pseudo-counts.

Linear Regression. A standard problem setting in literature on understanding the few-shot learning
formulation of ICL [14, 25, 53]. Here, the goal is to learn to in-context solve linear regression
problems. Atask(w) =w ! x+ denotes a noisy linear map that transforms a continuous input via a
linearmapx N(0;1 ) and introduces additive noiseN(0;  2), wherew T .e=N(0;1 1)

andl ,, denotes then m identity matrix. Thus, the training distributiof,in consists oD linear

Binary Classi cation. Another popularly studied setting in literature on understanding the few-shot
formulation of ICL [20, 28]. Our parameterization is inspired by Nguyen and Rej@®}, who de ne
a taskf(w;l) =w | to denote an item-label pair, with N (0;1 ,=m);| 2 fO;1g de ning

Unlike other settings, multiple functiori$w;|) are used to generate data: r&, 1 item-label

pairsw | are randomly sampled (with replacement) frdm,. A pair is chosen from the
sequence at random to be the query pair—it is appended to the end of the sequence, and its label is
corrupted to bel . We noise these items via = #~—, with 2 R acting as the within-class
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variance, and N(O;1 n=m). This process yields a sequerge= [X 1;:::;Xc1 ;Xquen] =

3 What Strategies: Memorizing and Generalizing Predictors

Our goal in this work is to understand why a model learns different strategies for performing ICL.
We must thus rst establish what these strategies are, allowing us to then characterize the dynamics
driving changes in a model's preferred strategy. To this end, we build on the idea that autoregressive
training with the next-token prediction objective corresponds to maximizing the likelihood of the data
and learning the distribution underlying §9]. We thus consider the two distributions forming the
basis of our general formulation—i.&4in andTyye—and consider optimal strategies a learner can

be expected to implement if it learns these distributions. This generalizes the approach of Raventds
et al. [25], and yields the following two Bayesian predictors.

» Memorizing Predictor (M ). The memorizing predictor assumes a discrete prior over the distribu-
tion of seen tasks (Fin) a)?d implements a posterior predictive of the form:

M(sijs1i1 )= pwjs i1 w(Siisti1 ) = Ewjs vir Teanlf w (SiJS1i1 I
WT  tain

» Generalizing Predictor (G). The generalizing predictor assumes a continuous prior over the
distribution from Whichztasks are samplél; (), implementing a posterior predictive of the form:

G(sijswi1 )= pwjs i1 )fw(Sijswiz )dW =Eyjs 1, melfw(Silswia I
WT e
For all tasks we analyze, the predictors above can be de ned in a closed-form manner (see App. G),
mapping onto task-speci c strategies de ned in prior work: e.g., what has been called "7dMMSE'

vs. ridge estimator in linear regressio2b], “in-weights learning' vs. “in-context learning' in
classi cation [20, 33], and “retrieval' vs. “inference' in sequence modeling [26].



3.1 Validating the Memorizing and Generalizing Predictors

We next demonstrate the validity of the memo-
rizing and generalizing predictors for the pur-
pose of our analysis. Speci cally, we show
that as experimental conditions are varied, a
model's behavior primarily transitions between
these predictors. To this end, we consider two
core phenomena associated with ICL—an in-
crease in models' OOD performance with in-
creasing task diversity [25, 60, 61], and the
“forgetting' of this ability with increasing train-

ing stepsN —a phenomenon known as tr.ans'er\t:igure 4: Relative Distance Captures Transi-
generalization 24, 30, 62). We_rst replicate tions in Model Behavior. We show the relative
these results behaworally in Fig. 1(a), nd'.n.%istance between model outputs and the two predic-
that, across settings, Transformers transitiofy.s “y1arginals report the absolute distance values
between performing like the memorizing preg o 'summetrized KL between model and predic-
dictor vs. like the generalizing predictor (se r ohtputs for the Balls & Urns setting), holding

Ath)' H for full reks)ults). Tht<_an, ‘t"r’]e rc?are a ding” constant (for the right plot), dd constant (for
rect comparison by computing the distance Bgy 4 ' hj61) and varying the other variable (de-
tween our trained model's next-token predlch—

X - . oted with the dotted line). Across all settings, we
tions and the predictions of the memorizing ang,q o del behavior decomposes into two phases,
gene{almgg tpred|ctors. Speci cally, lf“( ()j xplained by either the memorizing or generaliz-
enote a distance measure (symmetrized Kz predictor. In this gure, we use context length
divergence or Euclidean Q|stance), and den_ 128, task dimensionality of 8, and MLP width
the Transformer model trained from scratch vigs 256, for balls and urns Line;ir regression has
h(:). Then, as a function d andN, we can g ijar harameters except context length of 32,

plota heatmap of the relative diStan.CG betweefﬂld classi cation has similar parameters other than
the trained model and the memorizing and 9¢n_pP width of 512

eralizing predictors, de ned ag = (+1) =,

wherer = % This metric evaluates t@vs. 1 if the model is closer to the generalizing

vs. the memorizing predictor. Results are shown in Fig. 4; see App. H.3 for absolute distances. We
clearly see that increasiriyy for xed N, the model rst behaves like a memorizing predictor (in
red), only to eventually transition to behaving like a generalizing predictor (in blue)—illustrating
task-diversity effectsd5]. Meanwhile, when increasiny for middle values oD, the model starts

closer to a generalizing predictor, only to eventually give way to a memorizing predictor—illustrating
transient generalizatior2fl]. More broadly, across all tasks, we see there is a clear delineation of the
model behavior into two phases@; D) , such that model behavior is best explained by either the
memorizing or the generalizing predictor in a given phase. Given the optimality of these predictors
on the distribution of seen task&,{,) or the underlying distributionT.e), our analysis provides

an explanation for why these predictors were observed in prior work. However, several questions
remain, including why a generalizing strategy is learned even when it leads to worse ID performance,
and why does varying experimental conditions change which strategy, among the memorizing and
generalizing predictors, is implemented by a model. We address these questions next.

4 Answering the Why: A Hierarchical Bayesian Account of ICL

Our analysis above shows that, except for intermediate valuék afid D, model behavior is
primarily explained by Bayes-optimal predictors capturing the distribufiggg andTyye. Motivated

by these ndings, we adopt the lens of rational analys8442], a framework in cognitive science

that aims to explain a learner's behavior as optimal, under computational constraints. What might
be considered optimal in our case? Recall the fact that ICL is an inductive problem, i.e., a problem
of predicting the next observation given past ones. Speci cally, a predi€t®tperforming ICL
predicts the!" tokens; given previous elements in the sequesgg , using mechanisms it may
have learned for this purpose based on sequeBgeqN; D) seen in training (denoteslr, ,, from

hereon for brevity). Then, given a hypothesis space of possible solutions the model has learned,
Bayesian inference prescribes an optimal way to solve this problem via the posterior predictive
distribution: compute a weighted average of predictions from each solution, with weights de ned by



Figure 5: Our Bayesian Model Captures Transitions Between Strategies Explaining Model
Behavior. We plot the posterior probability of the memorizing predictor given by our theoretical
model (Eg. 2). Across three broad experimental settings—(a) Balls & Urns, (b) Linear Regression,
and (c) Classi cation—we nd our model identi es the phases best explained by a given predictor and
the boundary between them, hence capturing the transition between solutions seen in a Transformer's
training (as shown by the relative distance maps). Importantly, our model is highly predictive of
the pretrained Transformer's behavior (next-token predictions) across conditions used for tting the
three free parameters of our model and unseen ones. Max color bar value for Balls & Urns and
Classi cation is determined by the performance of a baseline predictor that always outputs the mean
of the distributionTye. In this gure, we use context length of 256, task dimensionality of 8 and
MLP width of 256 for balls and urns. Linear regression and classi cation have similar parameters
except context length of 64 and 384, respectively.

a solution's posterior probability (i.e., a posterior-weighted average). Relying on the results of Sec. 3,
we can assume our hypothesis space simply consists of the memorizing and generalizing predictors
Thus, in our case, each solution itself corresponds to a Bayesian predictor—speci cally, predictors
M and G—hence resulting in the following h)i(erarchical Bayesian model.

hpred(s| ]Sll 1 ; STIrain) = p(QjSTtrain) Q(S |Jsll 1 ). (l)
Q2fM;Gg

The mathematical form of the predictor above frames in-context behavior as a linear interpolation in
M andG, with posterior probabilitiep(MjS 1,.,.); P(GjST,..), estimated from training, determining

the interpolation weights. Then, in order to use this model to explain how a neural network performs
ICL, we must estimate how posterior probabilities vary across training and data conditions.

Modeling the Posterior Probabilities. The posterior probability for a predictd, i.e.,
P(QjS...) ! P(S 1,..JQ)P(Q), is comprised of a likelihood term and a prior term—thus, these
are the two terms we must estimate. In line with the perspective of rational analysis, in modeling
these terms, we consider the following two well-known computational constraints of neural networks.

« Al: Loss scales in a power-law manner with dataset-sizée.,L(N) L(1) + A=N , where
L(N) denotes the loss aftét updates. This leads the log-likelihood to scale with effective sample
size N1 ratherthan N (see App. D.1): logp(S,jQ) = N 1 Est ,.[log p(siQ)I:

« A2: Neural networks exhibit a bias toward simpler solutions. Speci cally, ugif@) to denote the
Kolmogorov complexity for predicto®, we accommodate the Transformer-speci ¢ implementation
cost by de ningK +(Q) = K(Q) . Then, taking the form of a universal prior, the prior probability

of learning a predictor Q is p(Q) / 2X @ =2 K@

Al is merely a paraphrased version of well-known power-law scaling behaviors seen in neural network
training [49, 50] and dictates how quickly observed data updates model behavior. That is, it offers
a functional form for the rate at which likelihood in a posterior calculation grows, i.e., the rate of
evidence accumulation. Meanwhile, A2 is a well-known inductive bias of neural netwdfke!g].

Our speci ¢ functional form for the prior is grounded in algorithmic information theory: Kolmogorov
complexityK(Q) is the length of the shortest program on a universal Turing machine that implements
Q, and the coding theorem relates it to probability p(®) / 2 (@  [63-65]. Following common

2While in principle other predictors may be needed to capture model behavior, in the settings we analyze, we
nd that very quickly into training, other predictors perform poorly compared tandG in predicting model
behavior, and thus focus on these predictors as our primary hypotheses (see 4.2, App. E for further discussion).
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