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ABSTRACT

What is the relationship between model architecture and the ability to perform
in-context learning? In this empirical study, we take the first steps toward an-
swering this question. We evaluate thirteen model architectures capable of causal
language modeling across a suite of synthetic in-context learning tasks. These se-
lected architectures represent a broad range of paradigms, including recurrent and
convolution-based neural networks, transformers, state-space model inspired, and
other emerging attention alternatives. We discover that all the considered archi-
tectures can perform in-context learning under a wider range of conditions than
previously documented. Additionally, we observe stark differences in statistical
efficiency and consistency by varying context length and task difficulty. We also
measure each architecture’s predisposition towards in-context learning when pre-
sented with alternative routes for task resolution. Finally, and somewhat surpris-
ingly, we find that several attention alternatives are more robust in-context learners
than transformers. Given that such approaches have constant-sized memory foot-
prints at inference time, this result opens the possibility of scaling up in-context
learning to accommodate vastly larger numbers of in-context examples.

1 INTRODUCTION

In-context learning (ICL) refers to the ability to learn new tasks at inference time, using only input-
output pair exemplars as guidance. Radford et al. (2019) demonstrate early signs of this ability in
GPT-2, a causal transformer (Vaswani et al., 2017). ICL was further popularized by GPT-3 (Brown
et al., 2020), a large language model with the same architectural foundation but augmented with
greater capacity and trained on large-scale data. By simply adjusting a natural language prompt, it
was shown that GPT-3 could adapt to new tasks, such as translation and question answering, without
updating any of its parameters. These findings spurred significant interest in the research community
to investigate this curious behavior (Zhao et al., 2021; Min et al., 2022; Liu et al., 2022).

Yet, a prevailing uncertainty remains: are large language models genuinely learning from their
prompts or simply being conditioned to surface relevant aspects of their training data? To address
this, a new line of research emerged that examines ICL in controlled, synthetic environments where
task resolution fundamentally depends on prompt utilization (Xie et al., 2021; von Oswald et al.,
2022; Garg et al., 2023; Akyiirek et al., 2023). However, most of these studies anchor their in-
vestigations on the assumption that models utilize an internal attention mechanism (as is the case
for transformers). Whether attention mechanisms are necessary for in-context learning to emerge
remains an open question.

Notable exceptions to this assumption include Xie et al. (2021) and Chan et al. (2022) who consider
recurrent neural networks alongside transformers. The former finds RNNs and LSTMs fail to learn
image classification in the ICL setting. In contrast, the latter demonstrate that LSTMs possess ICL
abilities in a synthetic language modeling task, where hidden Markov models generate the data.
However, whether both findings are specific to their task or indicative of more general behavior
remains uncertain.
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Table 1: Examples of our synthetic in-context learning tasks.

Task Prompt Target

Associative Recall a,1,b,3,¢,2,b 3

Linear Regression X1, Y1, X2, Y2, X3, Y3, X4 Ya Jw such that Vi, y; = x; - W
Multiclass Classification X1, b, X2, a, X3, a, X4 b z1,2a ~ N (yp, 14)

x2,T3 NN(y(“ Id)
Image Classification ‘%’4 @9 @9 ‘%’4 %4 @9 ‘%’ 4 bursty training prompt

S\“\llﬂ
@s 08 @9 6 ﬂf’ 3 ‘%’4 %} 2 non-bursty training prompt
éﬁl @0 @0 ﬁjjl ﬁjjl @O @ 0 evaluation prompt

Language Modeling Colorless green ideas sleep furiously

The community’s focus on attention is understandable given the success of transformers. However,
the architecture comes with a number of limitations, such as quadratic time and memory complex-
ity. These limitations spurred research into alternative architectures such as efficient self-attention
models (Tay et al., 2022a) and state space models (Gu et al., 2021). If these alternatives are to re-
place transformers as the dominant model architecture, it is natural to wonder if they are capable
of ICL. Moreover, some are designed to handle prompts of arbitrary length, potentially introducing
a novel ICL form, constrained only by dataset size rather than inherent architectural limitations.
Furthermore, classic architectures such as recurrent neural networks and convolutional neural net-
works were once the backbone of machine learning research before the introduction of transformers
and ICL as a concept. Do these classic architectures inherently lack ICL capabilities, or were they
simply constrained by the compute and data available during their heyday.

In this study, we set out to address the aforementioned questions. Specifically, we aim to answer the
following research questions: Which architectures are capable of ICL, and which exhibit superior
ICL performance? Our primary focus lies on the former question. While the latter is more challeng-
ing to assess, our experiments provide insights into which families of architectures tend to perform
well, even if they do not offer definitive answers. To advance our objectives, we evaluate a diverse
range of model architectures that span several design paradigms. This includes both the classical
methods previously mentioned and modern approaches such as the transformer, state-space inspired
models, and emerging attention alternatives. Our assessment covers the ICL capabilities of each
architecture over a wide array of synthetic tasks, spanning different modalities and including both
classification and regression, as depicted in Table 1.

Our specific contributions are as follows:

* LARGE-SCALE EMPIRICAL STUDY: We conduct the first large-scale empirical study com-
paring ICL performance across diverse model architectures, shedding light on their rela-
tive strengths and weaknesses. Code is available at https://github.com/ivnle/
synth-icl.

* UNIVERSALITY OF ICL: We discover that all the considered architectures can perform

in-context learning under a wider range of conditions than previously documented, lending
support to the position that ICL is not exclusive to attention-based models.

* EMPIRICAL SUCCESS OF ATTENTION ALTERNATIVES: Our results indicate several at-
tention alternatives are more robust in-context learners than transformers, suggesting the
future possibility of a new supervised learning paradigm: scaling up in-context learning to
vastly larger datasets of in-context examples.

2  SYNTHETIC IN-CONTEXT LEARNING TASKS

Studying in-context learning in large language models presents inherent challenges. One fundamen-
tal question is whether these models are truly learning new predictors during the forward-pass, or
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whether in-context examples simply focus the model on specific aspects of the knowledge already
acquired during gradient-based pretraining. While from a Bayesian perspective this dichotomy rep-
resents endpoints of a spectrum (Xie et al., 2021), it nonetheless clouds interpretation of ICL ex-
perimental results. To address this concern, a new line of research has emerged that examines ICL
in controlled, synthetic environments where task resolution depends fundamentally on prompt uti-
lization (von Oswald et al., 2022; Garg et al., 2023; Akyiirek et al., 2023). In these settings, models
must rely on their prompts to solve tasks, eliminating the possibility of memorization: Models are
trained from scratch to take a labeled dataset as input and then predict the result of learning from
this data directly in the forward-pass of the resulting model. Thus, each train and test example is a
unique learning problem but of a consistent type (e.g. linear regression).

In addition to offering a clearer perspective on in-context learning, synthetic tasks have low compu-
tational requirements. These decreased barriers allow for more equitable comparisons across model
architectures. Utilizing publicly available pretrained models may introduce confounding variables,
stemming from disparities in model capacity, training durations, and data quality. By training mod-
els from scratch on synthetic tasks, we are given greater control over these factors. Furthermore, a
suite of such tasks is a valuable tool for the research community, enabling rapid benchmarking of
emerging architectures without the intensive computational overhead typically associated with large
language models.

For these reasons, we curate a suite of synthetic in-context learning tasks and summarize them in
Table 1. The majority of our tasks take the form
query

~ =
xl,f(zl),IQ, f(IQ)a vy Ly f(xn)
——
prompt P completion

where the goal is to learn function f by observing a prompt, a sequence of input-output pairs
(x4, f(x;)), which ends with a query. The model’s objective is to produce an appropriate com-
pletion based on the given prompt. We train model My parameterized by 6 to minimize the expected
loss over all prompts

minEp [£(My(P), f(2n))], )]
where £(-, -) is the appropriate loss function for a given task.

Associative recall (Ba et al., 2016; Fu et al., 2023) is the task of learning key-value mappings from a
prompt and can be viewed as the simplest form of in-context learning. Let V' be a discrete vocabulary
of size k. We consider the class of functions

F={flf:V3Vv}
where f is a bijective mapping. These mappings are created by randomly pairing elements of V'
without replacement, ensuring each element maps to a unique counterpart. We uniformly sample f

from F and 1, ...,x, from V to construct the prompt as P = (z1, f(x1),x2, f(x2),...xy). Ele-
ments of P are mapped to vectors with a simple lookup table, as is standard in language modeling.

Linear regression (Garg et al., 2023) is the task of learning a linear function from a prompt. We
consider the class of functions

F={ff(z) = w2, w e Y}

We sample 21, ..., x, and w from the isotropic Gaussian distribution A/(0, I;). We then compute
each y; = w " z; and construct the prompt as P = (x1,y1, T2, Y2, ..., Tyn). Since y; is a scalar, we
represent it as a d-dimensional vector, with its first index set to y; and remaining indices set to zero.

Multiclass Classification is a clustering task in which the items to be clustered are sampled from &
distinct Gaussians. For this task, we use the procedure
pi~ U(=1,1)% fori=1,...,k
yi~ U{1,...,k}), for j=1,....n
x5~ N(py,, Ia), for j=1,....n
to construct the prompt as P = (1, Y1, %2, Y2, - - -, Tn). Since y; € {1,. .., k}, we map each cluster
label to a d-dimensional vector with a simple lookup table. We set d to 16 in all experiments.

To facilitate a clearer understanding, we defer detailed discussions of Image Classification and
Language Modeling to Sections 5 and 6, respectively.
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3 MODEL ARCHITECTURES

Recurrent We consider three common variations of recurrent neural networks: Elman (Rumelhart
et al., 1986, RNN), long short-term memory (Hochreiter & Schmidhuber, 1997, LSTM), and gated
recurrent unit (Cho et al., 2014, GRU). Recurrent neural networks are characterized by their length-
invariant inference cost and theoretically infinite context size, though empirical findings suggest an
upper limit on this context size (Khandelwal et al., 2018). Furthermore, since the introduction of
transformers, this class of architecture has seen diminished focus within the community, particularly
in the ICL setting. We believe revisiting approaches that have fallen out of favor helps counterbal-
ance the community’s potential over-reliance on a select few contemporary methodologies.

Convolutional Representing the class of convolutional neural networks (CNN), we focus on the
architectures proposed by Wu et al. (2019): lightweight convolutions (LIGHTCONYV) and dynamic
convolutions (DYNAMICCONYV). These architectures, derived as special cases of depthwise con-
volutions (SIfre & Mallat, 2014), have demonstrated competitive performance with transformers in
specific contexts (Tay et al., 2022b). LIGHTCONV is simply a depthwise CNN with weights normal-
ized across the temporal dimension via a softmax. This design means that, unlike in self-attention,
its context window is fixed and the importance placed on context elements does not change across
time. To remedy this shortcoming, DYNAMICCONV predicts a different convolution kernel at every
time-step. However, the kernel is a function of the current time-step only as opposed to the entire
context as in self-attention. Similar to the recurrent class, CNNs exhibit length-invariant inference
costs. However, they trade infinite context size for training parallelism.

Structured State Space Sequence Models (SSMs) We also examine a category of recently pro-
posed architectures inspired by state space models (Kalman, 1960). These architectures attempt to
merge the efficient inference capabilities of RNNs with the parallel training attributes of transform-
ers and CNNs. S4 (Gu et al., 2021) set a new state-of-the-art on long-range sequence modeling,
but falls short in language modeling compared to transformers. Subsequently, H3 (Fu et al., 2023),
HYENA (Poli et al., 2023), and Mamba (Gu & Dao, 2023) were proposed, each progressively im-
proving upon this language modeling gap. We also include architectures inspired by linear attention
(Katharopoulos et al., 2020; Zhai et al., 2021). Specifically, we examine RETNET (Sun et al., 2023)
and RWKY (Peng et al., 2023). While not necessarily inspired by state space models, these archi-
tectures also strive for efficient inference, parallelizable training, and can be viewed as variants of
SSMs.

Transformers Finally, we consider two popular autoregressive transformer designs: GPT2 (Rad-
ford et al., 2019) and LLAMA2 (Touvron et al., 2023). Their primary differences lie in choice
of positional embeddings and activation functions. GPT2 utilizes learned absolute positional em-
beddings and ReLU activation while LLAMA?2 incorporates rotary positional embedding (Su et al.,
2022) and SWIGLU activation (Shazeer, 2020). Rotary embeddings endow transformers with both
absolute and relative positional information through rotations in complex space.

Note that we train all models from scratch, adopting only the architectural design choices made by
the named models’ authors. In the following sections, we delve into our experimental methods and
findings. Section 4 presents our results for linear regression, associative recall, and multiclass clas-
sification. We discuss image classification outcomes in Section 5, and conclude with our language
modeling results in Section 6.

4 LEARNING TO LEARN (IN-CONTEXT)

In our initial experiments, we evaluate the capacity of various architectures to in-context learn as-
sociative recall, multiclass classification, and linear regression. Results are shown in Figure 1 and
experimental details are shown in Appendix A.1. Besides confirming the existence of ICL ability,
we are particularly interested in measuring statistical efficiency—which models make better use of a
fixed amount of data (in-context examples)—and in determining if our trained models demonstrate
consistency, i.e., whether their performance converges in probability to some ceiling.

Why is consistency of interest? First, a proficient learner, irrespective of the ICL setting, is expected
to improve its performance given more i.i.d. training data. Consequently, a rise in in-context ex-
amples should lead to regular performance improvements. However, it is unclear if this is true in
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the in-context setting, a query we offer clarity on shortly. Second, the emergence of length-invariant
inference architectures, rivaling transformers in task performance, paves the way for ICL with a sub-
stantially larger number of in-context examples than what is typically used today. One can imagine
a new paradigm to replace finetuning: adapting pretrained language models to new tasks by utilizing
a precomputed (previous) hidden state without parameter updates.
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(c) Multiclass classification

Figure 1: Evaluating various architectures on associative recall, linear regression, and multiclass
classification. We plot test accuracy and mean squared error as a function of the number of in-
context examples. A query index of 2° = 32 implies 31 in-context examples, which is also the
highest number of in-context examples seen during training (vertical dotted line). Task difficulty
increases from left to right. Each line represents the single run that achieved the best validation
accuracy or mean squared error at query index 2°. See Tables 7, 9, 11 for a tabular view of the
same data. See Figure 5 for average performance across training runs. See Appendix B.1 for linear
regression with noise. Classical baselines (black) are shown for linear regression (ridge regression)
and multiclass classification (logistic regression).

All architectures can in-context learn. We first turn our attention to the left most plots in Figure
1, and specifically the region left of the dashed vertical line. Clearly, all architectures successfully
in-context learn the three tasks. This provides an existence proof that ICL is not a unique property of
transformers. Differences among the architectures becomes more evident as we increase difficulty
and take into account their ability to extrapolate (right of the dotted vertical line).

Which architectures are consistent? Initially, all architectures appear consistent when consid-
ering only prompt lengths encountered during training. However, this perception changes when
we introduce prompt lengths well beyond those seen during training. Specifically, the performance
degradation is most pronounced in the four state space model inspired architectures and the two
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transformers. Interestingly, other architectures with recurrent formulations (such as the RNNs, RET-
NET, and RWKYV) do not exhibit such drastic declines. This also holds true for the CNNs, which
are inherently limited to finite context lengths. This behavior in CNNs makes intuitive sense, as long
range information that may “confuse” this architecture class are discarded over time. It is possible
that, similar to RNNs (Khandelwal et al., 2018), RETNET and RWKYV exhibit stronger preference
to nearby context relative to the state space model inspired architectures (originally motivated by
long sequence modeling) and transformers (which have random access to their entire context). This
preference may explain why these architectures are more robust to unseen prompt lengths.

Variations in statistical efficiency. The following summary assumes the most difficult setting for
all tasks. For linear regression, the transformers, MAMBA, and RETNET achieve near perfect MSE
when given 31 in-context examples. Interestingly, these four architectures match the performance
of ridge regression. Beyond 31 examples, however, performance quickly deteriorate, with RETNET
showing the most robustness to this deterioration. For associative recall, the top performers were the
transformers, H3, HYENA, MAMBA, RETNET, and RWKYV when given 31 in-context examples.
When considering longer prompt lengths, HYENA, MAMBA, and RWKYV achieved near perfect
accuracy. Surprisingly, GRU demonstrated competitive performance, especially when extrapolating
to unseen prompt lengths. For multiclass classification, the transformers, all the state space model
inspired architectures (except for S4), RETNET and RWKYV achieved the best accuracy, surpassing
logistic regression. In particular, MAMBA scored the highest accuracy when given 255 in-context
examples. We also note that LSTM was competitive with the other architectures but did not achieve
a top score.

Hyperparameter sensitivity. We now consider average performance for each architecture (Figure
5). Earlier, we found that some RNNS, despite not achieving the best scores, were competitive with
modern architectures. However, these performances were difficult to replicate and were isolated
to a few lucky combination of hyperparameters. For associative recall, the transformers, HYENA,
MAMBA, and RETNET were consistently strong performers. In particular, MAMBA achieved an
average accuracy of 0.96 when given 63 examples. For linear regression, LLAMA2 was the clear
leader for prompt lengths seen during training, followed by RETNET. For multiclass classifica-
tion, LLAMA2, MAMBA, and RWKYV were the top performers, followed by H3 and HYENA. Both
RWKYV and MAMBA improved in performance as prompt lengths increased beyond those seen dur-
ing training. Interestingly, multiclass classification was the sole task where GPT2 did not perform
well on average.

5 THE INFLUENCE OF TRAINING DATA DISTRIBUTIONAL PROPERTIES

We now study how the distributional properties of training data can influence ICL. We follow the
image classification experiments of Chan et al. (2022) who show ICL emerges when training data
exhibits particular properties such as burstiness and having large numbers of rarely occurring classes.
To manage the number of experiments in this study, we focus exclusively on burstiness, a feature of
natural data not found in typical supervised datasets. For example, natural language is temporally
‘bursty”. That is, a given entity (e.g., word, person) may appear in clusters rather than uniformly
across time (Altmann et al., 2009).

We train models on a mixture of bursty and non-bursty prompts. See Table 1 and Figure 7 for
examples. In bursty prompts, the query class appears 3 times. To prevent the model from sim-
ply outputting the most common class in the prompt, a second class also appears 3 times. Bursty
prompts can be solved by either leveraging query-label pairs across different training prompts (i.e.
memorization) or referring to the in-context examples within prompts (i.e., ICL). For non-bursty
prompts, the image-label pairs are drawn randomly and uniformly. This implies there is no incen-
tive for a model to utilize the in-context examples. Note that models now have two options to learn
how to classify images: memorization or ICL. This stands in contrast to our experiments in Section
4 where ICL was the only option to solve a task. We want to understand if certain architectures are
predisposed towards adopting one of these modes.

We evaluate models with standard few-shot sequences containing images from two holdout classes
and randomly assign one class to label 0 and the other to label 1. To solve this evaluation task, the
model must utilize ICL. Images are sourced from Omniglot (Lake et al., 2019), a dataset of handwrit-
ten characters with 1623 classes. We follow Chan et al. (2022) and embed images using a randomly
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initialized ResNet (He et al., 2015) that trains alongside the evaluated model. Their corresponding
labels are mapped to vectors with a simple lookup table. We perform the same sweep outlined in
Section 4 resulting in 1512 training runs. We show our results in Figure 2 with supplementary results
in Appendix C. We note that all training runs achieved near perfect training accuracy, confirming
that models have indeed learned at least one of the two methods of image classification.
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Figure 2: Measuring the effects training data distributional properties on in-context learning. We
plot average (over training runs) test accuracy as a function of training steps. P(bursty) indicates the
proportion of training prompts that were bursty (with the remainder non-bursty). See Table 14 for a
tabular view of the same data. See Figure 8 for training runs that achieved max validation accuracy.

Can ICL emerge given purely non-bursty examples? As shown in the first column of Figure
2, no architectures demonstrate ICL ability when all prompts are non-bursty. This is not surprising
given that i.i.d in-context examples rarely provide useful information for classifying the query image.

Are some architectures predisposed towards ICL? After increasing P(bursty) to 0.5, we find
that LLAMA2 and HYENA demonstrate a strong preference towards ICL. It is surprising that GPT2
did not share this predisposition as it is similar in design to LLAMA2. We hypothesize that the
rotary positional embeddings employed by LLAMA?2 provide a stronger inductive bias towards ICL
than the absolute learned positional embeddings used by GPT2. Further increasing P(bursty) to 0.9
reveals that ICL ability emerges consistently in GPT2, MAMBA, H3, and RWKV.

Are some architectures predisposed towards memorization? Setting P(bursty) to 1 reveals that
a subset of architectures strongly prefer memorization over ICL. In particular, RETNET, S4, the two
CNNs and all three RNNs strongly favor memorization. This is not to say that these architectures
are incapable of solving this task which we address shortly. We were particularly surprised at the
resistance of RETNET to develop ICL ability given that it was one of the top performers in Section
4. ICL emerged in only 2 of 108 training runs for RETNET, and notably, this development occurred
after 30K training steps, a window similar to that of the three RNNs. In contrast, the other high-
performing architectures from Section 4 developed ICL capabilities in fewer than 10K steps.

Does ICL emerge in all architectures? While average accuracy across training runs is depicted in
Figure 2, we also present the training runs that achieved the best validation accuracy in Figure 8. In
these analyses, we observe that ICL emerges in all evaluated architectures, except for LIGHTCONV.
We hypothesize that the absence of a time-step dependent kernel, a feature present in DYNAMIC-
CoNV, might be responsible for this outcome. Interestingly, ICL emerges in all three RNNs when
P(bursty) is set to 0.9 and 1.0, a finding that contradicts those reported by Chan et al. (2022). More-
over, GRU exhibits the ability to perform ICL even with P(bursty) set as low as 0.5. Given that the
RNNss fail at this task on average, we credit this finding to luck with our hyperparameter sweep.

6 TOWARDS IN-CONTEXT LEARNING IN THE REAL WORLD

Up until now, our experiments have fallen under the few-shot learning concept of ICL where models
are prompted with several in-context examples in a next-token-prediction format. We now consider
an alternative perspective on ICL, represented in Kaplan et al. (2020) and Olsson et al. (2022). This
approach focuses on observing loss at different token indices to measure improvements in language
modeling performance as context length grows. Indeed, this is simply what language models are
designed to do. However, as the their ability to predict later tokens based on earlier ones improves,
they can be utilized in increasingly interesting ways, such as instruction following.



Published as a conference paper at ICLR 2024

We report both in-context learning score and validation loss in Figure 3. Olsson et al. (2022) define
in-context learning score as “the loss of the 500th token in the context minus the average loss of
the 50th token in the context, averaged over dataset examples.” One can view ICL score as a simple
heuristic to measure the statistical efficiency of a given model. Note that this task is distinct from the
large language model setting of in-context learning, where models are trained on language modeling
and undergo evaluation with few-shot prompts. We assess models on the same task they were trained
on: next-token prediction. See Appendix A.2 for experiment details.
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Figure 3: Evaluating architectures on language modeling. Left: Validation loss during training.
Middle: ICL score as training progresses. Right: Validation loss as a function of context length.

Most architectures exhibit an abrupt improvement in ICL score. This same phenomenon was
noted by Olsson et al. (2022) in transformers. They discover that induction heads, which they
hypothesize as the key mechanism behind ICL, form during the same window where ICL score
abruptly improves. Since most architectures we analyzed do not incorporate the concept of an
attention head, an intriguing question emerges: What mechanism, analogous to induction heads in
transformers, exists in these alternative architectures that facilitate a similar role in ICL?

Does ICL score correlate with our previous experiments? In Section 4, our top performers
included the two transformers, RWKYV, RETNET, H3, HYENA, and MAMBA. Section 5 shares this
list (except for RETNET). Consistently, these architectures also achieved the highest ICL scores,
led by GPT2, LLAMA2, and MAMBA. We noted that DYNAMICCONV and LSTM, despite sharing
similar validation loss, exhibited a significant gap in ICL score. We find that, when considering
their best training runs, LSTM consistently outperformed DYNAMICCONYV in all prior tasks and
demonstrated superior extrapolation abilities. Another notable observation was that S4 and H3
shared almost identical ICL scores. However, S4 did not perform as well in our prior tasks as H3.
This could be attributed to S4’s overall worse validation loss, suggesting that ICL scores should
not be considered in isolation. Lastly, it is worth mentioning that RNN, despite its poor ICL score,
outperformed the two CNNs in image classification when looking at their best training runs (see
Table 13). This suggests that RNN might be more effective at ICL than the CNNs in scenarios with
shorter prompt lengths, as our image classification experiments used prompt lengths of 17 versus 512
in language modeling. We also observe that ICL ability in Section 5 appears to emerge during the
same window where ICL score dramatically improves, lending credibility to Olsson et al. (2022)’s
use of the metric

6.1 A SIMPLE FEW-SHOT NATURAL LANGUAGE TASK

An interesting property of the dataset we use for language model training (Appendix A.2) is that we
can produce relatively small models that still result in fluent language generation. To take advantage
of this property, we evaluate architectures on a final ICL task that more resembles those used with
large language models: in-context examples are composed using only natural language. Specifically,
we compose 200 sentence pairs of the following form: “Lilly scrapped her knee. Lily is sad.” Given
a target number of in-context examples, for each of the 200 pairs, we randomly sample from the
remaining 199 pairs without replacement to assemble 200 prompts. We ensure the two classes
(happy and sad) are balanced. For example: “Lilly scrapped her knee. Lily is sad. Lilly played with
her friends. Lilly is happy. Lilly ate ice cream. Lilly is _____ ”. This procedure is repeated 10 times
yielding 2000 prompts for each target number of in-context examples.

We also repeat the experiment but flip the classes, i.e., all instances of “sad” are replaced with
“happy” and vice versa, testing if the model can override semantic priors (Wei et al., 2023). We
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Figure 4: Evaluating various architectures on a simple natural language ICL task. We report ac-
curacy as a function of the number of in-context examples. We use the open sourced weights for
GPT2-Small and GPT2-XL and do not fine-tune. All other models are trained from scratch and are
no larger than 33M parameters (excluding embedding layers). Right: Flipped label setting, i.e.,
“happy” is replaced with “sad” and vice versa. See Figure 9 for normalized accuracy.

show our results in Figure 4. Note that we include two well known pretrained language models
GPT2-small (86M parameters) and GPT2-XL (1.5B parameters) as reference points. We do not
train either models.

Accuracy improves with more examples, but quickly plateaus in the unflipped setting. This
pattern held true for all architectures, with the exception of S4, H3, and HYENA. These three
models showed an initial peak in accuracy, followed by a decline. This decay was also noted in
Section 4, when these models encountered prompt lengths unseen during training. However, the
prompt lengths in the current context fall well within the sequence lengths encountered during their
language model training. As of now, we do not have an explanation for this behavior but hope that
highlighting it will inspire further research.

Most architectures fail in the flipped setting. A notable exception was HYENA, which demon-
strated steady improvement when given more examples. This suggests that HYENA, among the ar-
chitectures we considered, might possess a stronger capability to override its semantic priors. How-
ever, we are unable to reconcile this with the observed performance decay in the unflipped setting.
Another unexpected finding was the reversal in performance between GPT2-small and GPT2-XL.
It is conceivable that the smaller model has weaker semantic priors that are more easily overrid-
den. That said, our experiments, which ended at 9 examples per class, showed that the accuracy of
GPT2-XL appeared to be increasing at a faster rate than its smaller counterpart.

7 CONCLUSION

We conducted an extensive empirical study to explore the relationship between model architecture
and in-context learning. Our findings show that attention mechanisms are not necessary for the
emergence of in-context learning ability. Notably, all architectures examined exhibited the capacity
for in-context learning, albeit with varying degrees of proficiency. While our findings justify the
dominance of transformers in excelling at ICL tasks, we note that less mainstream architectures like
RWKYV, MAMBA, RETNET, H3, and HYENA, are competitive and sometimes superior at certain
ICL tasks. Furthermore, we find a crucial limitation concerning architectures with theoretically
infinite context lengths. Despite their potential, these models struggle to extrapolate beyond the
prompt lengths encountered during training. This highlights an area ripe for further exploration and
improvement.
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A EXPERIMENTAL DETAILS

A.1 EXPERIMENTAL DETAILS FOR LINEAR REGRESSION, MULTICLASS CLASSIFICATION,
AND ASSOCIATIVE RECALL

We train each model with prompts containing 32 in-context examples. Training loss is computed for
each of the examples and averaged, i.e., models are effectively trained on prompts of varying lengths.
We evaluate the trained models on prompts comprising 1024 in-context examples, assessing their
ability to extrapolate to unseen prompt lengths. We train each architecture for 100,000 iterations
with a batch size of 128. Embedding size is fixed to 64 but we sweep over 3 learning rates, 3 layer
depths, 3 seeds, 3 difficulties and 3 tasks, for a total of 243 training runs per architecture (Table 2).
Some architectures contain far less parameters per layer than others. For example the largest model
trained was RETNET with 530K parameters while the largest GRU was only 200K parameters. To
account for this discrepancy, we conduct 81 extra training runs for each of the smaller architectures
by adjusting their embedding size and layer depth such that their parameter count is approximately
500K (Table 3).

A.2 EXPERIMENTAL DETAILS FOR LANGUAGE MODELING

We trained each architecture on 5.12 billion tokens of TinyStories (Eldan & Li, 2023), a synthetic
dataset of short stories which contain only words that 3 to 4-year-olds typically understand. The
stories are generated by GPT-3.5 and GPT-4 and summary statistics are presented in Table 6. All
models were approximately 33 million parameters (excluding embedding layers). Unless otherwise
specified in Table 5, we set embedding size to 512 and layers to 8. Additional settings and hyperpa-
rameters are shown in Table 4.
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B SUPPLEMENTARY DATA FOR SECTION 4: ASSOCIATIVE RECALL, LINEAR
REGRESSION, MULTICLASS CLASSIFICATION

We show line plots of average performance on associative recall, linear regression, and multiclass
classification across all training runs in Figure 5. Tabular views for linear regression are shown in
Tables 7, 8, associative recall in Tables 9, 10, and multiclass classification in Tables 11, 12.

B.1 NOISY LINEAR REGRESSION

We repeat the linear regression experiments from Section 4 but add progressively more Gaussian
noise (u = 0, o € {0,0.1,0.5, 1}) to the outputs of the in-context input-output pairs. As expected,
performance degrades with increasing noise. However, the relative performance differences among
the architectures remains static. Results are shown in Figure 6.

C SUPPLEMENTARY DATA FOR SECTION 5: IMAGE CLASSIFICATION

We show examples of the sequences used for training and evaluation in Figure 7. The single training
run with achieved the best validation accuracy is shown in Figure 8 as as line plot. Tabular views of
the experiments in this section are shown in Table 13 and 14.

D SUPPLEMENTARY DATA FOR SECTION 6: LANGUAGE MODELING

E PERMUTATION INVARIANCE EXPERIMENTS

This experiment measures the effects of positional embeddings given that in-context examples in
our tasks should be permutation invariant. Results are shown in Figure 10.

Specifically, we consider the following variables:

Token representation scheme: We represent in-context example pairs as a single token (instead of
two in our original experiments) which allows us to remove positional embeddings. Specifically, we
either sum or concatenate their embeddings. The query label is masked out by setting its embedding
to zero.

Positional embeddings: whether to use learned absolute positional embeddings or no positional
embeddings at all.

Attention mask: encoder-only vs decoder-only transformer. Note that in both scenarios, the query
can attend to all in-context examples. In the encoder-only transformer, each example can attend to all
other examples since it does not employ a causal mask. Examples in the decoder-only transformer
can only attend to examples to its left.

The remaining settings are identical to Section 4 with the following changes: Our hyperparameter
sweep covers 2 learning rates, 2 seeds, and 2 layer depths. We train for 50K steps and only take the
loss (and evaluate) at the token index 32 (i.e., models are trained to make a single prediction given
31 example pairs and the query). We conducted 768 training runs in total.

‘We make the following observations:

Token representation scheme sensitivity: Associative recall and multiclass classification are not
sensitive to tokenization schemes. However, we observe that concatenating embeddings in linear
regression and image classification resulted in noticeably improved performance. We suspect that
it is easier for attention heads to discern in-context inputs from outputs if they initially reside in
their own subspace. Removing positional embeddings did not impact performance. This makes
intuitive sense as in-context examples in this setting are permutation invariant. For most tasks,
encoder-only and decoder-only transformers perform on par. The exception was linear regression
where the encoder-only outperformed the decoder-only in the more difficult settings (d=20, 30). For
image classification, we observed that ICL emerged in both transformers in very similar windows
and followed a similar decay scheduled (as discussed in Section 5).
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(c) Multiclass classification

Figure 5: Evaluating various architectures on in-context learning associative recall, linear regres-
sion, and multiclass classification. We plot average test accuracy and mean squared error as a
function of the number of in-context examples. A query index of 2° = 32 implies 31 in-context
examples, which is also the highest number of in-context examples seen during training (vertical
dotted line). Task difficulty increases from left to right. Each line represents an average over all
training runs for a given combination of task, difficulty, and architecture. Classical baselines (black)
are shown for linear regression (ridge regression) and multiclass classification (logistic regression).
See Tables 8, 10, 12 for a tabular view of the same data. See Figure 1 for the training runs that
achieved the best performance.
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Figure 6: Linear regression with Gaussian noise. We plot mean squared error as a function of the
number of in-context examples. Ridge regression is shown in black.
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Figure 7: Image classification experimental design as outlined in Section 5. Figure taken from Chan
et al. (2022) and included here for the reader’s convenience. (a) “transformer” can be replaced with
any of our architectures, e.g., RWKV. (d) This subplot can be safely ignored because we do not

evaluate in-weights learning.
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Table 2: Hyperparameters for linear regression, multiclass classification, associative recall, and
image classification experiments.

Optimizer AdamW

B, B2 0.90, 0.95
Learning rate {1e-3, 3e-4, le-4}
Warmup schedule linear

Learning rate schedule cosine decay
Training iterations 100,000

Batch size 128

Layers {4,8, 12}
Embedding size 64

Seed {8, 16, 32}

Table 3: Embedding sizes and layers for normalizing parameters to approximately 500K in linear
regression, multiclass classification, associative recall, and image classification experiments.

Layers Embedding Size

DyNAMICCONV 5 96
LigaTCoNV 5 96
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Figure 8: Measuring the effects training data distributional properties on in-context learning. We
plot test accuracy as a function of training steps. P(bursty) indicates the proportion of training
samples that were bursty. The remaining samples are non-bursty (i.i.d in-context examples). Each
line represents the single run that achieved the best validation accuracy. See Table 13 for a tabular
view of the same data. See Figure 2 for average test accuracy (across runs).

Table 4: Hyperparameters for language modeling experiments.

Optimizer AdamW

B, B2 0.90, 0.95
Learning rate 3e-4
Warmup schedule linear
Learning rate schedule cosine decay
Training iterations 200,000
Batch size 50
Sequence length 512

Layers 8
Embedding size 512
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Table 5: Embedding sizes and layers for normalizing parameters to approximately 33M in language
modeling experiments.

Layers Embedding Size

GPT2 8 576
RWKV 6 640
HYENA 8 576
H3 7 1024
S4 6 768
DYNAMICCONV 7 640
LSTM 5 896
LIGHTCONV 5 768
GRU 5 1024
RNN 5 1792

Table 6: Summary statistics for TinyStories dataset used for language modeling.

Training Validation
Total stories 2,119,719 21,990
Total tokens 512,274,933 5,151,931
Unique tokens 15,200 8,235
Average tokens 241 234
Median tokens 208 205
Standard deviation 116 109
Shortest story 0 17
Longest story 1,431 1,183
1.0 1.0
= R Flipped labels -&- gpt2-xl
¥ —s— gpt2-small
0.8 2 0.8 —e— mn
Istm
s gru
> 0.6 > 0.6 lightconv
E E dynamicconv
2 2 — s
<04 204 e B3
—+— hyena
~#e mamba
0.2 0.2 —+— retnet
- rwkv
—— gpt2
0.0 6 ﬁ 4'1 é é 0.0 -=- |lama2
Examples per class Examples per class

Figure 9: Evaluating various architectures on a simple natural language ICL task. We report ac-
curacy as a function of the number of in-context examples. Accuracy is normalized with respect to
accuracy when given 0 examples. We use the open sourced weights released by OpenAl for GPT2-
Small and GPT2-XL and do not train them from scratch. All other models are trained from scratch
and are no larger than 33M parameters (excluding embedding layers). Right: Flipped label setting,
i.e., “happy” is replaced with “sad” and vice versa. See Figure 4 for unnormalized accuracy.
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Query Index

22 23 24 25 25 27 28 29 210
gpt2 192 00 00 00
llama2 1.92 0.0 0.0 0.0 0.0 0.03 0.09 12
lightconv LBl 0.13 0.01 0.01 0.01 0.01 0.01 0.01 0.01

1.83 0.06 0.01 0.01 0.01 0.01 0.01 0.01 0.01
1.92 0.26 0.04 0.02 0.03 0.02 0.02 0.03 0.02

dynamicconv
mn

Istm 1.95 0.07 0.0 0.0 0.0 0.0 0.0 0.0 0.0
gru 1.98 0.04 0.0 0.0 0.0 0.0 0.0 0.0 0.0
s4 204 017 o007 005 o021 o052 [ 26 EEEEE
h3 197 006 005 005 045 078 099 127 198
hyena 205 016 008 007 0.1
mamba 1.93 001 0.0 0.0 00 001 004 012 031
retnet 1.93 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
rwkv 1.94  0.02 0.0 0.0 0.0 0.0 0.0 0.0 0.0
d=>5, best training run
Query Index
20 21 22 23 24 25 26 2? 28 29 210
gpt2 9.69 895 7.23 29 001 0.0 11159
llama2 9.69 897 722 288 0.0 00 039 248 408 796 9.26
lightconv 969 9.02 741 441 185 073 064 066 069 076 0.69
dynamicconv | 9.69 899 7.37 409 151 043 028 031 032 033 033
mn 9.7 9.05 746 437 196 06 034 038 043 0.5 0.44
Istm 9.69 9.02 7.23 39 095 017 0.1 0.2 045 055 077
gru 969 899 731 337 049 008 006 01 018 039 056
s4 97 89 73 413 148 043 202 [JIGHZIEE0ANIE4E 10:91
h3 969 892 727 301 016 009 126 152 225 384 6.85
hyena 969 894 723 302 017 014 237 839 1055 1137 9.94
mamba 969 89 723 291 003 001 003 047 139 312 461
retnet 9.69 897 721 288 0.0 00 008 012 011 011 0.1
rwkv 9.69 9.01 717 299 01 002 005 014 0.2 027 026
d =10, best training run
Query Index
20 21 22 23 24 25 26 2? 28 29 210
gpt2
llama2
lightconv

dynamicconv
mn

Istm

gru

s4

h3

hyena
mamba
retnet

rwkv

d =20, best training run

Table 7: Linear regression best mean squared error. See Figure 1 for line plots of the same data
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Query Index

20 21 22 23 24 25 25 27 28 29 210
gpt2 3.85 1.83 0.05 0.0 0.0
llama2 3.85 1.93 0.03 0.0 0.0 0.6 247 3.66
lightconv 3.87 2.06 0.35 0.11 0.08 0.09 0.08 0.08
dynamicconv 3.85 2.04 0.33 0.09 0.06 0.07 0.07 0.06 0.07 0.07
mn 3.93 2.53 1.12 0.49 0.26 0.29 0.28 0.25 0.28 0.29
Istm 4.13 3.04 1.82 142 1.36 1.39 13 1.2 1.33 1.3
gru 4.12 2.97 (#a 1.37 1.34 1.37 1.28 1.18 1.31 1.28
sd 3.88 2.11 0.4 0.16 0.13 0.58 3.94
h3 3.85 1.98 0.09 0.06 0.06 0.66 221 3.64
hyena 3.88 2.11 0.34 0.17 0.15 0.3 2.18
mamba 3.85 1.94 0.06 0.01 0.0 0.02 0.15 0.66 1.86 3.68
retnet 3.85 1.93 0.02 0.0 0.0 0.01 0.04 0.08 0.09 0.08
rwkv 3.86 1.96 0.1 0.01 0.01 0.0 0.0 0.0 0.01 0.01

d=>5, average over all training runs

Query Index

20 21 22 23 24 25 26 2? 28 29 210
gpt2 969 896 724 294 008 002
llama2 9.69 896 723 295 01 002 _
lightconv 97 93 852 646 565 465 425 467 491 508 453
dynamicconv =~ 9.7 919 816 574 449 34 309 34 357 367 331
mn 9.73 905 784 564 434 304 268 301 327 341 31
Istm 969 93 87 682 601 48 435 485 525 57 503
gru 9.69 914 817 581 437 303 264 298 328 354 316
s4 9.69 9.02 7.67 489 29 162 295 9.99 [JiCGSIEENESES
h3 9.69 894 729 323 039 017 18 318 515 751 10.32
hyena 9.69 899 743 358 081 038 07 628
mamba 9.69 898 725 316 027 005 014 152 674
retnet 969 897 723 29 004 001 015 039 038 038 038
rwkv 9.69 898 731 358 083 02 009 013 014 016 014

d =10, average over all training runs

Query Index
20 21 22 23 24 25 26 2? 28 29 210
gpt2
llama2
lightconv

dynamicconv
mn

Istm

gru

s4

h3

hyena
mamba
retnet 7.79 7.32 7.52
rwkv 295 296 2.89

d =20, average over all training runs

Table 8: Linear regression average mean squared error. See Figure 5 for line plots of the same data.
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Query Index

23 24 25 25 27 28 29 210
gpt2 0.58 0.86 1.0 0.76 0.58
llama2 0.58 0.87 1.0 0.83
lightconv 0.58 0.86 0.96 0.97 0.97 0.97 0.96 0.97

0.58 0.87 0.98 0.97 0.98 0.98 0.98 0.98
0.59 0.86 0.98 0.97 0.97 0.98 0.98 0.98

dynamicconv
mn

Istm 0.59 0.87 0.99 1.0 1.0 10 099 099
gru 058 087 099 099 098 0.86 0.69
sé4 058 0.87 098] 053
h3 058 0.86 099
hyena 0.59 0.87 1.0 1.0
mamba 0.59 0.87 1.0 1.0
retnet 058 086 099 096 091 091 0.9 0.9
rwkv 0.58 0.87 10 099 094 087 078 0.8
|V] =20, best training run

Query Index

24 25 26 2? 28 29 210
gpt2 0.67 0091 09 088 083 085 078
llama2 0.67 091 089 052
lightconv 064 076 076 076 076 075 074

0.66 0.86 0.88 0.89 0.86 0.87 0.88
0.65 0.76 0.78 0.77  0.76 077  0.78

dynamicconv
mn

Istm 0.66 0.91 0.96 0.71 0.56
gru 0.66 0.9 0.98 0.97 0.91 0.84 0.79
s4 0.63 0.81
h3 0.66 0.91
hyena 0.67 0.91 1.0
mamba 0.67 0.91 1.0
retnet 0.66 0.92 0.83 0.63 0.61 0.61 0.62
rwkv 0.67 0.92 1.0 0.87
|V] =30, best training run
Query Index
20 21 22 23 24 25 26 2? 28 29 210
gpt2 0.55 0.8
llama2 0.8
lightconv 0.53 0.53 0.53 0.56 0.57

dynamicconv 0.61 0.65 0.63 0.6

mn

Istm 0.53 0.74
gru 0.54 0.71
s4 0.53 0.64
h3 055 081
hyena 0.56 0.79 0.99
mamba 0.56 0.8 0.96
retnet 0.55 0.79 0.63
rwkv 0.56 08 099

|V] =40, best training run

Table 9: Associative recall best accuracy. See Figure 1 for line plots of the same data
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Query Index

20 21 22 23 24 25 25 27 28 29 210

gpt2 0.58 0.87 0.99 0.77 0.65
llama2 0.56 0.85 0.98 0.81
lightconv 0.55 0.76 0.83 0.81 0.82 0.81 0.82 0.82

0.84 0.9 0.88 0.89 0.89 0.89 0.89
0.6 0.6 0.6 0.6 0.6

dynamicconv
mn

Istm
gru 0.58 0.66
sé4 0.56 0.8 087
h3 0.58 0.87 099
hyena 0.58 0.87 0.99 1.0/ 059
mamba 058 087 099 099 084
retnet 058 0.87 099 092 068
rwkv 058 087 099 099 095 086 079 078
|V] =20, average over all training runs
Query Index
20 21 22 23 24 25 26 2? 28 29 210
gpt2
llama2 0.6
lightconv

dynamicconv
mn

Istm

gru

s4

h3

hyena
mamba
retnet

rwkv

|V] =30, average over all training runs
Query Index

20 21 22 23 24 25 26 2? 28 29 210
gpt2 059 056
llama2 0.8
lightconv
dynamicconv
mn
Istm
gru
s4
h3
hyena
mamba
retnet
rwkyv

|V] =40, average over all training runs

Table 10: Associative recall average accuracy. See Figure 5 for line plots of the same data.
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Query Index

20 21 22 23 24 25 25 27 28 29 210

gpt2 0.7 0.8 0.88 0.89 0.94 0.92 0.9 0.82 0.7 0.6
llama2 0.69 0.8 0.87 0.89 0.93 0.93 0.91 0.88 0.74 0.63
lightconv 0.7 0.81 0.88 0.89 0.93 0.93 0.92 0.91 0.92 0.92
dynamicconv 0.69 0.8 0.87 0.89 0.93 0.91 0.9 0.9 0.92 0.91
mn 0.7 0.8 0.88 0.89 0.93 0.93 0.92 0.91 0.93 0.91
Istm 0.69 0.8 0.88 0.89 0.94 0.93 0.94 0.93 0.94 0.93
gru 0.69 0.8 0.87 0.88 0.94 0.93 0.93 0.91 0.93 0.91
sd 0.7 0.8 0.88 0.9 0.94 0.93 0.92 0.9 0.88 0.85
h3 0.69 0.8 0.88 0.89 0.94 0.91 0.89 0.89 0.66

hyena 0.69 0.8 0.88 0.89 0.94 0.92 0.93 0.66

mamba 0.69 0.79 0.89 0.89 0.94 0.93 0.93 0.91 0.9 0.89
retnet 0.7 0.8 0.88 0.89 0.93 0.92 0.9 0.88 0.91 0.9
rwkv 0.7 0.8 0.88 0.89 0.94 0.93 0.94 0.93 0.94 0.93

k=2, best training run
Query Index

20 21 22 23 24 25 26 2? 28 29 210

gpt2 0.7 0.78 0.77 0.74 0.7 0.58
llama2 0.78 0.8 0.67
lightconv 0.6 0.6 0.61 0.62 0.62 0.62

0.59 0.61 0.6 06 062 0.6
0.65 0.68 0.68 0.66 0.7 0.65

dynamicconv
mn

Istm 0.78 0.83 0.83 0.8 0.82 0.81
gru 0.78 0.83 0.84 0.83 0.84 0.85
s4 0.56
h3 071 078 075 075 069 0.7 063
hyena 0.61 0.7 0.78 0.83 0.83 0.61
mamba 0.62 07 077 083 083 071 056
retnet 0.63 0.7 0.78 0.81 0.79 0.77 0.78 0.78
rwkv 0.62 07 078 0.82 083 0.82 083 083
k=4, best training run
Query Index
20 21 22 23 24 25 26 2? 28 29 210
gpt2
llama2
lightconv

dynamicconv
mn

Istm

gru

s4

h3 b 0.6 055 052 048
hyena 0.6

mamba 044 054 064 069 07 064 059
retnet 0.44 0.53 0.53 0.45 0.46 0.43 0.45
rwkv 043 053 064 063 0.5 061 064

k =8, best training run

Table 11: Multiclass classification best accuracy. See Figure 1 for line plots of the same data
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Query Index

20 21 22 23 24 25 25 27 28 29 210

gpt2

llama2
lightconv
dynamicconv
mn

Istm
gru 077 078 081 081 081
sé4 0.79 08 085 084 081
h3 0.8 088 089 094 091 086
hyena 0.8 088 089 094 093 0.9
mamba 0.8 088 089 094 093 092
retnet 0.8 088 089 094 093 092
rwkv 0.8 088 089 094 093 093 093 094 093
k=2, average over all training runs
Query Index
20 21 22 23 24 25 26 2? 28 29 210
gpt2 0.7
llama2 0.7
lightconv

dynamicconv
mn

Istm
gru
s4
h3 0.75 0.71 0.68 0.63
hyena 06 069 077 081 077
mamba 0.62 0.7 0.78 0.83 0.83 0.75 0.66 0.59
retnet 0.62 07 078 073 067 065 067 0.67
rwkv 0.62 0.7 0.78 0.83 0.83 0.81 0.83 0.82
k=4, average over all training runs
Query Index

20 21 22 23 24 25 26 2? 28 29 210
gpt2
llama2
lightconv

dynamicconv
mn

Istm

gru

s4

h3

hyena
mamba
retnet

rwkv

k=8, average over all training runs

Table 12: Multiclass classification average accuracy. See Figure 5 for line plots of the same data.
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Training Step

0 10000 20000 30000 40000 50000 60000 70000 80000 90000 100000

gpt2
llamaz
lightconv
dynamicconv
mn

Istm

gru

s4

h3

hyena
mamba
retnet
rwkv

P(bursty)=0.0, best training run

Training Step

0 10000 20000 30000 40000 50000 60000 70000 80000 90000 100000
gpt2
llamaz
lightconv
dynamicconv
mn
Istm
gru
s4
h3
hyena ! 0.89 0.93 0.89 0.88
mamba 079 074 073
retnet

rwkv

P(bursty)=0.5, best training run

Training Step

0 10000 20000 30000 40000 50000 60000 70000 80000 90000 100000
gpt2 086 093 094 093 091 08 o078 o077 068N 07
llama2 094 093 094 095 093 095 083 091 091 09
lightconv

dynamicconv

mn
Istm
gru
s4
h3
hyena
mamba
retnet
rwkv
P(bursty)=0.9, best training run
Training Step

0 10000 20000 30000 40000 50000 60000 70000 80000 920000 100000
gpt2 0.93 0.94 0.93 0.96 0.91 0.95 0.95 0.93 0.96
llama2 0.93 0.96 0.94 0.95 0.95 0.96 0.95 0.95
lightconv
dynamicconv
mn
Istm 0.7 071 071
gru 0.75 0.87 0.87 0.83 0.85 0.83
s4 071 [065 07 071 072 072
h3 0.9 0.93 0.91 0.94 0.86 0.86 0.87
hyena 0.89 0.95 0.94 0.92 0.95 0.95 0.93
mamba 0.96 0.95 0.95 0.94 0.95 0.95 0.94
retnet 0.74 0.76 0.86 0.85 0.87 0.83 0.83
rwkv 0.87 0.9 0.94 0.94 0.91 0.84 0.9 0.87

P(bursty)=1.0, best training run

Table 13: Image classification max accuracy. See Figure 8 for line plots of the same data.

24



Published as a conference paper at ICLR 2024

Training Step

0 10000 20000 30000 40000 50000 60000 70000 80000 90000 100000

gpt2
llamaz
lightconv
dynamicconv
mn

Istm

gru

s4

h3

hyena
mamba
retnet
rwkv

P(bursty)=0.0, average over all training runs

Training Step

0 10000 20000 30000 40000 50000 60000 70000 80000 90000 100000
gpt2
llamaz
lightconv
dynamicconv
mn
Istm
gru
s4
h3
hyena
mamba
retnet

rwkv

P(bursty)=0.5, average over all training runs

Training Step

0 10000 20000 30000 40000 50000 60000 70000 80000 90000 100000
072 071 0.7 0.69
0.91 0.91 0.91 0.9

gpt2

llama2 0.9 0.9 0.89 0.88

lightconv
dynamicconv

mn
Istm
gru
s4
h3 0.69 0.69 0.69
hyena 0.85 0.89 0.9 0.89 0.88
mamba 0.69 0.7 0.72
retnet
rwkv
P(bursty)=0.9, average over all training runs
Training Step

0 10000 20000 30000 40000 50000 60000 70000 80000 920000 100000
gpt2 0.75 0.81 0.86 0.88 0.88 0.89 0.89 0.9 0.89
llama2 0.93 0.94 0.94 0.94 0.94 0.94 0.94 0.94
lightconv
dynamicconv
mn
Istm
gru
s4
h3 0.73 0.74
hyena 0.86 0.87 0.88 0.88 0.89 0.89 0.89 0.9
mamba 0.7
retnet
rwkv 0.76 0.77 0.79 0.79 0.79 0.78 0.78

P(bursty)=1.0, average over all training runs

Table 14: Image classification average accuracy. See Figure 2 for line plots of the same data.
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mean squared error mean squareﬂ error
d= 5 10 20 30 d= 5 10 20 30
token scheme use pos embed model token scheme use pos embed model
concat False decoder 0.000 0.000 0003 3.166 concat False decoder 0.000 0003 0196 8373
encoder 0.000 0.000 0.000 0138 encoder 0.000 0.000 0008 3386
True decoder 0.000 0000 0.002 5038 True decoder 0.000 0.002 0105 86967
encoder 0.000 0.000 0.000 0.65 encoder 0.000 0.000 0.013 3.710
sum False decoder 0752 1.096 2818 6479 sum False decoder 1270 1329 3356 7193
encoder 0724 1087 2281 5537 encoder 1243 1282 2.736 6.147
True decoder 0741 1139 2818 6142 True decoder 1251 1323 3212 6995
encoder 0720 1100 2.388 5605 encoder 1248 1290 2772 6.196
(a) Linear regression (best run) (b) Linear regression (average)
accuracy accuracy
V= 20 30 40 VI= 20 30 40
token scheme use pos embed model token scheme use pos embed model
concat False decoder 0999 0929 0.822 concat False decoder 0998 09524 0.812
encoder 0999 09833 0.820 encoder 0.998 0928 0812
True decoder 0998 0027 0817 True decoder 0997 0822 0811
encoder 0999 0931 0.820 encoder 0.997 0825 0815
sum False decoder 0999 0928 0.824 sum False decoder 0898 0924 0.813
encoder 0999 0934 0.820 encoder 0.998 0.927 0.813
True decoder 0999 0934 O0.824 True decoder 0998 0926 0815
encoder 0999 0.935 0.817 encoder 0.998 0929 08N
(c) Associative recall (best run) (d) Associative recall (average)
accuracy accuracy
k= 2 4 8 k= 2 4 8
token scheme use pos embed  model token scheme use posembed  model
concat False decoder 0931 0784 0553 concat False decoder 0.829 0779 0549
encoder 0.934 0780 0.556 encoder 0931 0777 0551
True decoder 0930 0785 0552 True decoder 0.927 0777 0547
encoder 09234 0780 0560 encoder 0931 0776 0.551
sum False decoder 0928 0782 0.549 sum False decoder 0826 0772 0541
encoder 0.831 0778 0.557 encoder 0.929 0770 0545
True decoder 0932 0781 0553 True decoder 0.825 0772 0538
encoder 0832 0778 0.658 encoder 0.930 0771 0544
(e) Multiclass classification (best run) (f) Multiclass classification (average)
accuracy accuracy
P(bursty)= 0.9 1.0 P(bursty)= 0.9 1.0
token scheme use pos embed model token scheme use pos embed model
concat False decoder 0.245 0.951 concat False decoder 0.842 0.928
encoder 0.950 0.945 encoder 0.853 0928
True decoder 0.942 0.950 True decoder 0.914 0833
encoder 0.938 0.950 encoder 0915 0931
sum False decoder 0.820 0.952 sum False decoder 0.680 0.879
encoder 0.845 0.946 encoder 0.666 0.855
True decoder 0.792 0.963 True decoder 0678 0927
encoder 0756 0.957 encoder 0.670 0.886
(g) Image classification (best run) (h) Image classification (average)

Figure 10: Permutation invariance experiments.
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