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ABSTRACT

In-Context Learning (ICL) has significantly expanded the general-purpose nature
of large language models, allowing them to adapt to novel tasks using merely
the inputted context. This has motivated a series of papers that analyze tractable
synthetic domains and postulate precise mechanisms that may underlie ICL. How-
ever, the use of relatively distinct setups that often lack a sequence modeling na-
ture to them makes it unclear how general the reported insights from such studies
are. Motivated by this, we propose a synthetic sequence modeling task that in-
volves learning to simulate a finite mixture of Markov chains. As we show, mod-
els trained on this task reproduce most well-known results on ICL, hence offering
a unified setting for studying the concept. Building on this setup, we demonstrate
we can explain a model’s behavior by decomposing it into four broad algorithms
that combine a fuzzy retrieval vs. inference approach with either unigram or bi-
gram statistics of the context. These algorithms engage in a competition dynamics
to dominate model behavior, with the precise experimental conditions dictating
which algorithm ends up superseding others: e.g., we find merely varying con-
text size or amount of training yields (at times sharp) transitions between which
algorithm dictates the model behavior, revealing a mechanism that explains the
transient nature of ICL. In this sense, we argue ICL is best thought of as a mixture
of different algorithms, each with its own peculiarities, instead of a monolithic
capability. This also implies that making general claims about ICL that hold uni-
versally across all settings may be infeasible.

1 INTRODUCTION

In-Context Learning (ICL)—the ability to perform novel tasks by merely using the inputted
context—has substantially expanded the general-purpose nature of large language models
(LLMs) (Brown et al., 2020; Wei et al., 2022), allowing them to solve a broader spectrum of prob-
lems than they may have been initially trained for (Gemini Team, 2023; Qin et al., 2023; Huang
et al., 2022; Bai et al., 2022). To better understand the mechanisms underlying ICL, a series of
papers have designed toy, synthetic domains that are amenable to rapid experimentation and can
offer precise hypotheses into how this capability operates. This line of work has established a rich
phenomenology, demonstrating, e.g., the importance of specialized attention heads (aka induction
heads) (Olsson et al., 2022; Edelman et al., 2024; Singh et al., 2024), change in ICL abilities as
a function of data diversity (Raventos et al., 2023; Lu et al., 2024; Kirsch et al., 2022), the non-
monotonic trend in test performance as context is increased (Min et al., 2022; Lin & Lee, 2024), and
the transient nature of ICL with training time (Singh et al., 2023; Anand et al., 2024).

Despite the substantial progress highlighted above, we note a unified account of ICL is still lack-
ing. This can be partially attributed to the fact that prior work often focuses on rather disparate
setups to develop its findings—e.g., linear regression (Garg et al., 2023; Von Oswald et al., 2023;
Akyiirek et al., 2023; Bai et al., 2024), classification (Chan et al., 2022a;b; Reddy, 2023; Singh et al.,
2023; 2024), and probabilistic automata (Akyiirek et al., 2024; Edelman et al., 2024; Bigelow et al.,
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Figure 1: Algorithmic phase diagram for a finite Markov mixtures task. We propose to study
ICL phenomena through a minimal experimental system: Transformers trained on sequence data
generated by a finite mixture of Markov chains. This setup turns out to be extremely rich, capturing
most (if not all) known phenomenology of ICL, but still being simple enough to be amenable to
theoretical modeling. We identify four distinct, interpretable algorithmic solutions and characterize
the transitions between them as functions of data diversity, optimization steps, and context size—
labeled algorithmic phases. Considering the corresponding phase diagram (middle panel), we find
part of the rich phenomenology of ICL emerges from competing algorithmic strategies promoted or
suppressed by broader experimental configurations. Specifically, our framework captures an array of
known phenomena: a) Data diversity threshold (Raventos et al., 2023); b) Emergence of induction
heads (Edelman et al., 2024); c¢) Transient nature (Singh et al., 2023); d) Task retrieval and task
learning phases (Min et al., 2022); e) Early ascent of risk (Xie et al., 2021); and f) Bounded efficacy
(Lin & Lee, 2024). See App. C for a concise summary of these findings and propositions.

2023)—Ileaving it unclear precisely which ICL phenomena are universal, important, and worth in-
vestigating to develop a unified theory. To address this issue, we argue a novel experimental setup
is needed that is rich enough to capture most (if not all) known phenomenology of ICL, but is also
simple enough to be amenable to modeling, hence offering fertile ground for a unifying account. We
aim to fill this gap in the current paper.

This work. We propose a novel sequence modeling task that involves learning to simulate a finite
mixture of Markov chains. We train Transformers on this task via a standard autoregressive loss
under different amounts of compute budget (training iterations and model size) and data diversity
(number of Markov chains in the mixture), while evaluating them with different amounts of context
seen at inference. Systematically varying these factors, we show our proposed task turns out to
be extremely rich, reproducing most known phenomenology of ICL and hence offering a unified
setup for studying the concept. Building on this, we start to deconstruct how a model trained on
our task performs ICL, finding that there exist (at least) four broad algorithms that can explain the
model’s behavior. These algorithms combine a fuzzy retrieval vs. inference approach with either
unigram or bigram statistics of the context, and, as we show, engage in a competition dynamics
with each other to dictate model behavior. Interestingly, we find the precise experimental conditions
(e.g., amount of training and context-size) decide which algorithm wins the competition, hence
yielding several phases in the model’s ability to perform ICL: varying experimental conditions elicits
different algorithmic behaviors (at times rather abruptly), making it difficult for understanding of
ICL derived in one configuration to help predict model behavior in another one. This picture also
helps us better understand several existing phenomena of ICL, e.g., why it can be transient in nature,
hence enabling a step towards a unified account. Our contributions follow.

* A finite Markov mixtures task captures ICL’s phenomenology. We introduce a synthetic se-
quence modeling task wherein a model is trained to simulate a finite mixture of Markov chains
(Sec. 2). As we show, models trained on this task reproduce most (if not all) known phenomenol-
ogy of ICL (see Fig. 1, 3), hence offering a unified, controlled setting for studying the concept.



Published as a conference paper at ICLR 2025

Figure 2:Data generation and evaluation protocol with nite Markov mixtures. (a) Data gen-

de ne our set of Markov chains. We then randomly select a chain from this set and sample a train-
ing sequence from it. We repeat this process at every step of training, sampling a fresh batch of
sequences from by randomly selecting a chain from our prede ned seMdbgl training. We

train a Transformer (Karpathy, 2022) on this sequence data with a standard autoregressive training
loss. (c)Evaluation. A novel sequence of states is sampled from the test transition matrjor
evaluation. HereT s either (i) selected from the nite sk, (for in-distribution tests), or (ii)

newly sampled (for OOD tests). We subsequently compute the KL divergence between the model's

empirical transition matri vs. ground truth transition matrik . See App. A.1 for details.

« Systematic experiments identify different algorithmic phases of ICL By varying the amount
of training steps, data diversity (number of chains), and context size in a systematic manner, we
nd a model trained on our proposed task transitions between (predominantlypfasesof
algorithmic solutions that are characterized by useraffram vs. bigrantontext statistics in a
fuzzy retrieval vs. inferenageanner (Fig. 4, 5). Furthermore, the scale of the model interacts with
the boundaries of these phases, e.g., by shifting the critical amount of data diversity needed for
transitioning between different algorithms (Fig. 8). These results indicate ICL is best regarded as
an umbrella term for a spectrum of algorithms, instead of a monolithic model capability, and any
identi ed phenomenology of ICL shouldot be deemed universal unless shown otherwise.

» A competition of algorithms picture underlies ICL's phenomenology. To further develop a
precise understanding of our identi ed algorithmic phase diagram, we decompose our model's
behavior at any given time into a linear interpolation of the four algorithms mentioned above
(Fig. 6). This interpolation turns out to be surprisingly accurate, achieving approximately zero
KL with respect to the trained model's next token probabilities, and thus suggesting that different
algorithms compete with each other to dictate model behavior. We then show these competition
dynamics can explain part of ICL's phenomenology, e.g., offering an explanation for the transient
nature of ICL (Singh et al., 2023; Anand et al., 2024) and its non-monotonic out-of-distribution
performance curves (Kirsch et al., 2022) (Fig. 7).

2 PROBLEM SETUP: SIMULATING A FINITE MIXTURE OF MARKOV CHAINS

We begin by proposing a task that uni es (most) known phenomenology of ICL into a singular setup:
learning to simulate a nite mixture of Markov chainhis task captures the sequence modeling
nature of LLMs by applying a stochastic map to every token (similar to the probabilistic automata
setting of Akylirek et al. (2024)), while also offering a knob (number of chains) that helps assess the
impact of data diversity on ICL (similar to the linear regression setting of Rasezital. (2023)).

Sequence modeling with nite mixture of Markov chains. As illustrated in Fig. 2, our proposed

has a unique Transition matri, 2 R K associated with it, where denotes the number of states
(k = 10, unless noted otherwise). Each rowTof is sampled from a Dirichlet distribution, with
Tjij 1 denoting the(i; j )" element of the transition matrix, i.e., the probability of transition from

The data-generating process (DGP) involves rst randomly selecting a nTatriXT ¢4in following
apriorp 2 RV, de ning a Markov chain using,, and then sampling a sequence of lerigth512
from it. Overall, we note the DGP is characterized by three key hyperparametéis:tfie number
of chains (a measure of data diversity in this work); kii) the number of states; and (iii) the
sequence length. See App. A.1 for further experimental details.

Model Training. We train a 2-layer Transformer (Karpathy, 2022) on sequences sampled from the
above DGP via the standard, autoregressive sequence modeling objective (see App. A.2 for model
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Figure 3: Finite Markov mixture setup captures rich phenomenology of in-context learning

(ICL). (a) KL divergence (OOD evaluation) as a function of training steps and data diversity (Num-
ber of Training Chains). (b) As the data diversity of the training data is increased (see ruby vertical
dashed line in panel (a)), we reproduce the data diversity threshold for “task learning” ICL, similar
to Ravenbs et al. (2023); Kirsch et al. (2022). (c) At high task-diversity regime Witk 27 (see

green horizontal dashed line in panel (a)), we reproduce non-monotonic performance dynamics in
a sequence modeling setup. This phenomenon was previously reported as “transient nature of ICL”
in Singh et al. (2023). See App. F.1 for more plots from these experiments.

details and hyperparameters). The sampling process is repeated every step of training, i.e., the model
is unlikely to see the same sequence twice during training (a.k.a. online training).

Evaluation. We evaluate trained models on In-Distribution (ID) and Out-Of-Distribution (OOD)
chains. For ID evaluations, we select the transition maftrixfrom the training sefly4i, and for
OOD evaluations, we sample a noviel using a Dirichlet prior. We then draw many sample se-

guences from these transition matrices and compute the average KL divergence between the model's
predicted transition matriX andT . Formally, we compute:
* +
D E X X« T
KL (KT ) = i Tuglog 2 1)

i j=1 T[i:i 1

See Appendix A.3 for further detail about evaluation.

2.1 REPRODUCINGICL'S PHENOMENOLOGY

We next demonstrate our proposed task reproduces several known results on ICL, yielding fertile
ground for developing a uni ed account of this capability. While in the main paper we present only

a few salient phenomena that are of interest to our discussion later, we refer the reader to Fig. 1 and
App. C for a more comprehensive list of captured phenomenology.

Transition via Data Diversity. In Fig. 3 (a), we present a heatmap of the KL divergence between
the model's predicted transition matriXY and an OOD chain’s transition matriX () as a function

of training steps (x-axis) and the number of Markov chains used to generate the training dataset
(y-axis) (See App. F.1 for ID evaluation). Similar to Rav@net al. (2023), who argue the model
transitions from a “Bayesian averaging” approach to an “in-context learning” caethe amount

of data diversity is increased, we nd that given suf cient training steps, there is a sudden drop in
KL on OOD evaluations: when diversity is low, we nd the model performs well on ID chains but
poorly on OOD chains; meanwhile, when diversity is high, we nd the model performs well on
OOD chains as well. This phenomenon is explicitly shown in Fig. 3 (b), where we show the KL
of ID and OOD chains a839steps of training for different data diversity values. As data diversity
increases, the ID KL slightly increases since the task gets relatively more complex. The OOD KL
drops slowly with data diversity untN = 26, where we see an abrupt decrease andfor 26

there is nearly no gap between the ID and OOD performance.

Transient nature of ICL. We rst highlight that, given enough data diversity (> 2°), there

is always aremergence of induction head®nce a critical number of training steps is reached,
similar to Edelman et al. (2024) (see Fig. 1 (b)). Fig. 3 (c) shows KL as a function of training steps
at a high data diversityN = 2 7). Again, we observe the emergence of the induction head dropping
both the KL of ID and OOD chains at 6 107 steps.Strikingly, after this drop, the KL divergence
begins to increase again, but only for OOD chairss we show later, this behavior corresponds

to thetransient nature of ICLproposed by Singh et al. (2023): the model transitions back from
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Figure 4:Proposed algorithms for the nite Markov mixture task. (a) Unigram based Retrieval

( ): Given a sequence) involves computing a histogram of token frequencies in

the sequence and then creating a new transition matrix that is a weighted average of chaips in
Weight associated to a chain is based on the distance between the computed histogram and a chain's
steady-state distribution. (b) Bigram based Retrie#alKet ): Similar to , but uses
observedransitions i.e., bigrams, to weight the chains. The resulting likelihood is much sharper,
making this algorithm betteor the training data (c) Unigram Inference!( ): This algo-

rithm infers a histogram from the given context and draws subsequent tokens from this histogram
directly. (d) Bigram Inference{ ): This algorithm infers théransition matrixfrom the given
context and draws subsequent tokens from this transition matrix directly. This approach achieves
best OOD generalization among considered algorithms. fted indicate the performance
expected on ID chains and OOD chains, whete iadicates better performance.

using an algorithm that performs well OOD to one that performs well solely ID; the latter relies on
memorized information that is akin to what the authors in their paper call an “in-weights” solution.

3 ALGORITHMIC PHASES IN FINITE MIXTURE OF MARKOV CHAINS

Having ascertained the value of our proposed task by reproducing known phenomenology, we now
aim to take a step towards developing a uni ed account of ICL. To this end, we must better under-
stand how a model trained on our task performs ICL. As we show, we can identify (atflmast)
broad algorithmsghat explain the trained model's behavior (i.e., its next token predictions) for differ-
ent subsets of experimental con gurations. We call these subdgatsithmic phases continuous
ranges of experimental con gurations where the trained model's behavior is explainable by a prede-
ned algorithm. Building on this analysis, we show in the next section that ICL's phenomenology,
as it manifests in our setup, is partly driven by a competition between our identi ed algorithms. We
also offer preliminary mechanistic evidence for our analysis in App. E.

3.1 ALGORITHMS TO SIMULATE FINITE MIXTURE OF MARKOV CHAINS

Broadly, the axes that help characterize our algorithms (see Fig. 4) are (i)statistics of the
inputted contexare used by the model (unigram vs. bigram), and (ii) whether the approach involves

a fuzzyretrieval of the most relevant Markov chains seen during training to make the next-token
prediction (akin to a Bayesian averaging operation where a discrete prior is de nedQyer.e.,

chains seen during training), versusiaferenceof the Markov chain parameters based solely on the
sequence seen in context (akin to a Bayesian averaging operation where a continuous prior, i.e., the
Dirichlet distribution is used) A retrieval approach will generally achieve better performance on 1D
evaluations; however, its performance on OOD evaluations will be worse, especially with increased
context length (see App. D for a detailed discussion). Below, we ys® denote the stationary
distribution of a chaifm, and is the Kronecker delta.

Retrieval Approach. Similar to task-retrievalnotions of ICL (Min et al., 2022), we de ne “re-
trieval” algorithms as the accumulation of some relevant statistics of the input sequence to compute

We note we primarily use distinct names for the two approaches for clarity, but both approaches are in fact
Bayesian inference protocols with priors that depend vs. ndkan See App. B.1 for further discussion.
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a likelihood function that depends on the Markov chains underlying our training dataly.g.,

Speci cally, the algorithm utilizing unigram statistics of the input, which we ¢zl (Uni-
grams based Retrieval), uses the following likelihood function.
Unigram Likelihood:Ly (TnjX1:4) = |21 nx1s )

wherexy.; is the sequence of all states lttdvieanwhile, the algorithm utilizing bigram statistics of
the input, which we calBi-Ret  (Bigrams based Retrieval), uses the following likelihood function.

Bigram Likelihood:Lg (ThjX1:t) = |23 Tapx, 1)1 (3)
Given the likelihood functions above, the posterior predictive distribution to predict how likely a
given next state is can be computed as follows.x

Retrieval approachp(XjX1:t 1) / Pn L(TnjXwt 1) Tk 1oxe]: (4)

n

Inference Approaches. Similar to “task-learning” notions of ICL (Raves et al., 2023; Lu et al.,
2024), we de ne “inference” algorithms as the computation of relevant statistics from the inputted
sequence to infer a probability distribution over the next feasible states. The precise Markov chains
seen during traininglay no role in this computatiofunlike the fuzzy retrieval approaches discussed
above). Consequently, these algorithms exhibit no performance disparity between ID and OOD
evaluations, as they do not incorporate any information from the training dataset. Formally, one
uses either the frequency of token occurrences, i.e., the unigram distribution, or the frequency of
pairwise token occurrences, i.e., the bigram distribution, to de ne a transition matrix that encodes the
predicted next-token probabilities. We call the former algorithim and the latter .
denoting their transition matricds” andT® res%ectively.

t

Ty () = (5)
14t i
= Xkl Xk+1 s
. T[iB;j ](Xl:t) = kPlt 1k ket il (6)
A

3.2 ISOLATING ALGORITHMIC PHASES

We now demonstrate the four algorithms proposed above delineate models trained on our task into
broadalgorithmic phasesbased on the train / test con guration. To this end, we de ne the following

two evaluations protocols that assess whether the model utilizes bigram statistics and whether it
follows a fuzzy retrieval approach, i.e., relies on the chains seen during training.

Assessing Bigram Utilization. We quantify a model's reliance on bigram statistics of the sequence
shown in context by exploiting a key difference between our proposed algorithms: unigram-based
methods depend solely on steady-state distribution$, while bigram-based methods consider
state transitionsT( ). Thus, to distinguish between these approaches, we can simply shuf e the
positions of all tokens in the input sequence. This perturbation preserves the stationary distribution,
but disrupts any order-sensitive information, e.g., information about bigram transitions. We can then
measure change in KL between the empirical transition matrix inferred from the model's predicted
next-token distributions and the ground truth matrix used for sampling the sequence: a large change
would suggest the model relies on bigram statistics to perform the task, while a small change would
indicate a unigram-based approach is at play. See App. A.3.3 for implementation details.

Proximity to a Retrieval Approach. Assessing how much a model relies on the Markov chains
seen during training, e.g., by internalizing their transition matrices (see also App. E.1), helps distin-
guish between solutions thatlelyleverage context statisticsi( and ) and those

that do not Bi-Ret and ). Motivated by this, we rst sample aewset of transition
matrices, denotet,angom With the same number of matrices as the trainBgl,. We then de ne a

chain using a transition matrik thatdoes not belongp eitherTai, OF Trandom USiNg a sequence
sampled from this chain, we compute the empirical transition matbased on the model's next
token predictions, and then check whether this matrix is closer (in terms of KL) to thg,ggtr to

the seflangom If the model does not have a preference for the seen transition matrices, i.e., it is not
utilizing a retrieval approach, thef should be (approximately) equally close to the two sets; else,

it should be closer t@yain. See App. A.3.3 for further discussion and implementation details.
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Figure 5: Algorithmic phases. (a) Bigram Utilization : We shuf e the order of all states in a
sequence and measure the KL (App. Eq. 9) before and after the perturbation to quantify the bigram
utilization of a model. The shuf ing should only affect algorithms sensitive to higher-order statistics.
(b) Proximity to Retrieval: A model is labeled “closer” to aetrieval approach when its next-
token probabilities are closer to matrices seen in the training set. We evaluate this by sampling
an unseen set of transition matrices, and measuring if the model's next-token probabilities have
a lower KL w.r.t. transition matrices seen in training or if it is similar to the freshly sampled set
(App. Eqg. 11). (c)Algorithmic Phases The product of bigram utilization and proximity to retrieval
scores delineates four distinct algorithmic phasesVétiplating phases KL between model's and

prede ned algorithms' next-token probabilities provides validation to our identi ed phase diagram.

Results. See Fig. 5. We nd the evaluation protocols de ned above clearly delineate experimen-
tal con gurations into regions where the solution is (i) unigram-dependent vs. bigram-dependent,
and (ii) closer to retrieval vs. inference (Figs. 5 (a,b)). These results divide Fig. 3 into four distinct
phases, each in accordance with the four algorithms proposed in Sec.)i3:et |, Bi-Ret

, and (see Fig. 5 (c)). We con rm the validity of these phases by comparing
KL between the model and the prede ned algorithms' next-token probabilities (Fig. 5 (d)). Impor-
tantly, we observe that with enough training steps and data-diversity, bigram dependence consis-
tently emerges. Meanwhile, if the data-diversity is large (small), the model is closer to an inference
(retrieval) approach. Medium data-diversity however sees an interesting learning dynamic, wherein
the model starts off with a retrieval approach, transitions to an inference approach with enough train-
ing, but therslowly rolls back to a retrieval approachWe also perform several other experiments to
corroborate these ndings, such as providing preliminary mechanistic evidence for these algorithms;
e.g.,we nd we can reconstruct transition matrices frofg,, via MLP neurons in retrieval phases!
(see App. E)We also report additional metrics and attention analysis in App. F.

Overall, we conclude there are (at least) foalgorithmic phasesin the dynamics of learning to
simulate nite mixture of Markov chaina model uses (predominantly) one of the four algorithms
identi ed above to perform our task, with the experimental con guration dictating which precise
algorithm is nally used. Next, we will use these identi ed algorithmic solutions to better under-
stand various phenomena associated with ICL. We will especially focus on investigating the non-
monotonic nature of OOD generalization dynamics, i.e., the transient nature of ICL.

4 LINEAR INTERPOLATION OFALGORITHMS: A COMPETITION PICTURE OF
NON-MONOTONIC GENERALIZATION DYNAMICS IN ICL

In Sec. 3, we identi ed four algorithms that decompose the learning dynamics of a model trained on
nite mixture of Markov chains into broad algorithmic phases. We now show these algorithms con-
sistently compete with each other to dictate a trained model's behavior (Sec. 4.1), partially driving
ICL's phenomenology. Speci cally, we analyze the non-montonic generalization dynamics of ICL
in Sec. 4.2 (e.g., its transient nature), and how model design (e.g., width, tokenization) affect the
algorithmic phases in Sec. 4.3.

4.1 LINEAR INTERPOLATION OFALGORITHMS (LIA)

To begin, we rst show that a simple linear interpolation of the four algorithms described in Sec. 3
captures a trained model's behavior, i.e., its next-token predictions, extremely well. Formally, let
denote the set of our four algorithrfis , Bi-Ret ], then the Linear
Interpolation of these Algorithms (LIA) is |dent| ed by ﬁolvmg the foIIowmg problem.

X

LIA: argminEy,., PmodeX1:t) Wy  pa(X1:t) ; where Wa=1&w, O (7)
Wa;a2A azA azA
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Figure 6: Linear Interpolation of Algorithms (LIA) (a) Algorithmic Phases extracted by LIA.

We color each location by combining individual colors associated to an algorithm, weighted by
their weightsw,. (b) LIA weights across checkpoints extracted using ID dataNfor 2°. KL of

the empirical transition matrix t by LIA from the ground truth matrix is shown as a black dotted
line. The model KL is shown as a black solid line. The evolution of the weights assigned to each
algorithm is shown in the lower plot. (c) LIA weights across checkpointd\for 2 7. This model

was trained with learned positional embeddings. See App. F.2, Fig. 36 for the phase diagpam.
reveals transitions between algorithms which were seemingly hidden due to the smooth evolution of
the ID KL divergence (top panel).

Here,pmodel @Ndp, respectively denote the next-token predictions of the model and individual algo-
rithms from setA, given the sequence;;; as input; meanwhiley, denotes the weight associated
with algorithma 2 A in the interpolation. We optimize the interpolation weights by minimizing
Eq. 7 over multiple ID sequences , i.e., sequences sampled from Markov chains that constitute
Twain (€€ App. A.3.4 for further details). Fits are almost perfect for all settings (see App. I, Fig. 39).

Results. See Fig. 6. We run the LIA analysis for different amountgrafning stepsand data
diversity, hence analyzing the dynamics of how the algorithms underlying our identi ed phases
evolve to dictate a model's behavior. Crucially, this ne-grained analysis helps us better understand
the model at different phases' boundaries, where we nd algorithms may possibly co-occur.

* Fig. 6 (a) shows that LIA qualitatively nds the same dominant algorithm in each phase as ones
illustrated in Fig. 5, where we used the bigram utilization and retrieval proximity tests.

* Fig. 6 (b) shows LIA applied across checkpoints For= 26, a moderately high data diversity
setting. Per panel (a), this setting is the rst to not have a particularly dominamt  phase.
We see herein an intriguing dynamic occurs as the model undergoes training: since the bigram so-

lution's KL divergence is lower, the model transitions fram to as it undergoes
training. However, afterl0® steps, we start to witness transiendee model slowly cross-overs
to utilizing theBi-Ret  solution, which performs better than on ID sequences.

* Fig. 6 (c¢) nally shows that depending on experimental conditions, the order in which different
algorithms come to explain the model behavior can be different. NFor 27 and when us-
ing learned positional embeddings (please see App. F.2 for further details), we show that both
andBi-Ret are delayed to long after is used as a solution by the model. We
emphasize that the evolution of the ID KL, which is essentially the training loss, is smooth; how-
ever, LIA detects interesting underlying dynamics that indicate a persistent competition between
different algorithms to supersede one another.

4.2 UNDERSTANDING NON-MONOTONIC OOD PERFORMANCE WITHLIA

Our results above show that LIA is a useful tool to probe how a model transitions between different
algorithms to converge on a solution for the task. Next, we discuss how these transitions shape
the evolution of OOD performance, explaining the transient nature of ICL (Singh et al., 2023). We
again use LIA on the ID sequences for this analysis—we emphasize that these experiments amount
to predicting OOD performance of a model by merely using the 1D .da&e App. A.3.4 for further
explanation, and App. F for more experiments in this vein.

Results. Fig. 7 shows that the weights extracted via LIA can predict the evolution of OOD perfor-
mance during training. Fig. 7 (a, b) correspond to the models in Fig. 6 (b) and (c), but this time we
are plotting OOD performance (unlike before, when we analyzed the ID performance).
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Figure 7: Algorithmic phase transitions drive non-monotonic OOD performance. Note that
each algorithm's KL in colored dotted lines has changed from Fig. 6 because of the distribution
change. (a) Predicting out-of-distribution (OOD) performance corresponding to Fig. 6 (b) using
LIA weights. By applying the LIA weights torlD data, we predict the modelBOD performance,
explaining the transient nature of ICL. (b) Predicting out-of-distribution (OOD) performance corre-
sponding to Fig. 6 (c) using LIA weights. By applying the LIA weights t ¢b data, we predict
the model'sOOD performance, explaining non monotonic OOD performance and sudden changes.

« Fig. 7 (a) shows that as the model undergoes trainingithe solution, which generalizes
extremely well OOD, suddenly comes to dictate the model behavior. This algorithm is thus sim-
ilar to what prior work calls “task-learning” ICL, since the algorithm is entirely reliant on input
context (Raveris et al., 2023). However, as we saw in Fig. 6 (b), Bhéet  solution slowly
takes over because of its superior performance on ID sequences. This causes the OOD perfor-
mance to degrade since tBe-Ret solution does not generalize well to OOD sequences, as
seen in Sec. 3.1. We argue this dynamic underlies the broader ICL phenomenon demonstrated
by Singh et al. (2023), who claim ICL can be transient in nature. Speci cally, LIA demonstrates
that an algorithm that heavily relies on internalized knowledge of the train distribution (i.e., a
retrieval solution) consistently competes with the better OOD-generalizing algor§ime the
former will ultimately achieve a better loss on ID data, it slowly but steadily will supersede the
better generalizing solution, manifesting as the transient nature of 8&k.also App. C.2.1 for a
further detailed analysis and discussion, and App. E for mechanistic evidence in support of these
claims: we show we can reconstruct transition matrices from MLP neurons after the model returns
to theBi-Ret phase, but not in the phase.

* Fig. 7 (b) shows that the emergence=of , which only changes the ID performance slightly,
affects the OOD performance more drastically. This demonstrates that certain changes in OOD
performance can be predicted by carefully decomposing the model's strategy for performing a
task. This result also complements the results in (a), demonstratingpiediscents and descents
in OOD performance can be explained with algorithmic transitions on the training set

Overall, the results above show that training dynamics of sequence modeling tasks can be thought
as a competition of algorithms on the training set; the generalization performance of the model is a
re ection of the current combination of algorithms used.

4.3 MODEL ANALYSIS USING ALGORITHMIC PHASE DIAGRAMS

The core nding of Sec. 4.2 is thaligorithmic transitions characterize model behavior under differ-

ent experimental con gurationg#An extremely crucial component of this con guration is the precise
set of design decisions made to de ne the model we are training. For example, as shown in prior
work (Kirsch et al., 2022), scaling the width of the model can impact its ICL abilities. Building on
this, we now analyze the effects of model design choices on ICL, speci cally evaluating the effects
of model size, data complexity, and tokenization. See App. F for more experiments.

Results.See Fig. 8, which yields the following observations.

» Fig. 8 (a) shows the phase diagram when using a model with an embedding dimension of 256,
which is 4 times bigger than our baseline experiments. We observe that the data diversity re-
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Figure 8: Algorithmic Phase Diagrams Explain the effects model size, dataomplexity and
tokenization. (a) Phase diagram for a wider model with an embedding dimension of 256. Here, we
nd that the data diversity required tobserve is increased t@'°. (b) A decreased state
space k = 2, decrease data complexity) enhances the retrieval solutions and ¢ausés to
almost never appear. (¢) Encoding the transitions into the tokens removesithe:t  solution by
making it the more complex and higher train loss solution comparé&d ket

quired to observe is increased 16. Since there is na priori reason to believe a wider
model cannot implement the algorithm, our conclusion is that andBi-Ret
algorithms are relatively faster to appear in a bigger model, hence impgding 's ability to
succeed in the overall competition. This nding is intuitive as a bigger model will have more pa-
rameters to memorize the training set transition matrices. We also note that this result is in contrast
to Kirsch et al. (2022)'s, who claim width scaling leads to (faster) emergence of “task-learning”
ICL. We provide further discussion of this point in App. C.2.2, C.2.3.

« Fig. 8 (b) shows the case where the state space of the DGP ikset2greducing the complexity
of the data (note that this is independent of the data diversity; see App. D for a discussion). In this
case, we nd that the model can easily internalize the transition matrices needed fortle
solution—everN = 21! chains do not allow th& solution to win the competition.

* Fig. 8 (c) shows the effect of expanding tteken spacéo allow each token to represent the last
stateand transition(See App. A.2 for details). This experiment is motivated to understand the
effect of a tokenization on downstream abilities. We nd tokenization allows the model to be able
to count transitions without a formation of a complex attention head, which we suspect is one of
the reason8i-Ret is slower to learn than (see App. J for a discussion and App. E.3
for attention head visualizations). As expected, we nd the phase disappears in this
case, sinc@&i-Ret is both superior on the training set and (now) the simpler solution.

Overall, our results shows that the downstream effect of design choices can be well understood at
the algorithm level. Please see App. F for additional perturbations, including positional embeddings,
model depth, and number of attention heads.

5 CONCLUSION

In this study, we introducedite Markov mixturesas a model system of ICL which reproduces a
myriad of phenomena discovered in recent studies of ICL, hence offering a uni ed setting for study-
ing the concept. This setup also allowed us to write down four algorithmic solutions, each with their
peculiarities, that can explain the trained model's behavior. We then decomposed trained models
into a combination of these solutions, revealing a competition dynamics between the algorithms
to dictate model behavior. These dynamics result iralgorithmic phase diagram of in-context
learning spanning data diversity and optimization, and can be interpreted as the model nding the
best algorithm on the training data, leading to both sudden and slow transitions towards better solu-
tions. These transitions of algorithms can offer insights into ICL's phenomenology, e.g., offering a
mechanism that leads to the transient nature of ICL (Singh et al., 2023). More broadly, we claim our
ndings challenge the traditional “more is better” view of scaling laws by showing that ICL emerges
from competing algorithmic behaviors rather than a single mechanism. This insight suggests a fresh
perspective on how we should approach model development: instead of solely focusing on reduc-
ing the loss through scalingan wepromotedesired algorithms over competing alternatives that
may achieve lower training loss but generalize po@rkhrough careful design of data composition,
model architecture, and training duration, we can potentially guide models toward implementing
more robust and generalizable algorithms.
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