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Abstract

While large transformer models excel in predictive performance, their lack of
interpretability restricts their usefulness in high-stakes domains. To remedy this,
we propose the Generalized Induction-Head Model (GIM), an interpretable model
for next-token prediction inspired by the observation of “induction heads” in
LLMs. GIM is a retrieval-based module that identifies similar sequences in
the input context by combining exact n-gram matching and fuzzy matching
based on a neural similarity metric. We evaluate GIM in two settings: lan-
guage modeling and fMRI response prediction. In language modeling, GIM
improves next-token prediction by up to 25%p over interpretable baselines, sig-
nificantly narrowing the gap with black-box LLMs. In an fMRI setting, GIM
improves neural response prediction by 20% and offers insight into the lan-
guage selectivity of the brain. GIM represents a significant step toward unit-
ing interpretability and performance across domains. The code is available at
https://github.com/ejkim47/generalized-induction-head.

1 Introduction

While modern transformer models have achieved impressive performance across a wide array of
next-token prediction tasks [1–3], these models remain black-boxes, limiting their use in real-world
applications. Their opacity is detrimental in fields such as neuroscience [4] and social science [5],
where trustworthy interpretation, specifically, token-level attribution that traces outputs back to input
data, is often the end goal. Their lack of transparency also hinders adoption in high-stakes applications
such as medicine [6], raising concerns around regulatory compliance, safety, and alignment [7–10].

As an alternative to these black-box models, interpretable models have been proposed for various
tasks [11–13], but they continue to struggle on the task of next-token prediction. For example, in
next-token prediction for natural language, the state-of-the-art interpretable model is Infini-gram [14],
which trails GPT-2 by 30%p on the BabyLM dataset (see Table 1). Our analysis suggests that this
performance gap stems from Infini-gram’s inability to adapt to novel contexts or handle minor input
variations such as typos and rephrasings.
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We address this gap by proposing the Generalized Induction-Head Model (GIM). GIM is inspired by
the observation of “induction heads” in LLMs [15, 16] that support in-context learning by detecting
and extending patterns in prior input. In pre-trained LLMs, this behavior arises implicitly and is
inferred through post-hoc approximations over dense internal states. In contrast, GIM is not a post-hoc
tool for interpreting opaque systems, but an inherently interpretable system that explicitly models
this behavior in a transparent and auditable manner.

GIM is an interpretable retrieval-based framework that operates entirely within the model’s input
context to retrieve suggestions for next-token completion. It extends traditional exact matching by
incorporating a lightweight fuzzy similarity function to match sequences that yield similar next-token
distributions. Importantly, this neural component is used solely for scoring similarity between input
phrases rather than generating outputs. The final next-token prediction is computed as a similarity-
weighted distribution over tokens that follow the matched phrases, enabling each prediction to be
directly attributed to specific input sequences, supporting full interpretability and human auditability.
GIM is designed as a standalone, model-agnostic module that supports both exact and fuzzy matching
and can be integrated across modalities.

We first evaluate the performance and interpretability of GIM in next-token prediction for language
modeling. We integrate GIM into Infini-gram, and GIM improves next-token prediction accuracy by
25%p over Infini-gram using OpenWebText [17] as a reference corpus, significantly narrowing the
performance gap with GPT-2 (see Table 1).

Second, we focus on a single, real-world neuroscience problem, deviating from a typical machine-
learning conference paper. Grounding in a neuroscience context allows us to avoid common pitfalls
in evaluating interpretation methods [18, 19] that seek to test “interpretability” in the abstract. We
find that when used to predict fMRI responses to language stimuli, GIM yields a 20% improvement
over the state-of-the-art interpretable model (see Table 2), and its transparency enables the attribution
of predicted neural responses in each region across the cortex to specific linguistic features.

Taken together, these results challenge the assumption that interpretability and predictive performance
are fundamentally at odds, showing that reverse-engineered neural components can be leveraged to
enhance transparency. Importantly, our aim is not to claim parity with black-box LLMs, but to show
that meaningful gains in predictive performance can be achieved without compromising transparency.

2 Related Work

N-gram language models Early language modeling techniques revolved around n-gram models [20,
21], which generally stored next-token probabilities in large tables learned from data [22]. While
largely surpassed by neural LLMs, recent works have continued to improve n-gram LMs, e.g., by
scaling up the n-gram reference data [23] and improving the n-gram probability representations
using suffix arrays and suffix trees [24–26]. This line of work culminated in Infini-gram [14], which
efficiently scales n-gram models to massive datasets and is the starting point for our work.

Bridging interpretable models and LLMs Some works have studied bridging n-gram models
and LLMs. For example, Khandelwal et al. [27] interpolated neural LMs with an n-gram model and
Li et al. [28] trained a neural model to complement an n-gram model. Other approaches augment
black-box LMs with nonparametric components, such as k-nearest neighbors [27, 29]. While
these methods improve performance, they lack transparency in prediction behavior and token-level
attribution.

Interpretable models have been proposed for simplified settings such as text classification. Some
offer fully interpretable decision processes [30–32], while others offer partial interpretability by
approximating model behavior with natural language concepts [33–37]. However, these approaches
are not designed for open-ended generation.

In parallel, there has been a recent surge of interest in mechanistic interpretability, which seeks to
understand what mechanisms are learned by transformer-based LLMs [38–41]. This line of work
identified induction heads in toy LLM models [15] as well as large-scale pre-trained LLMs [42, 16].
Despite these efforts, frameworks to make these findings useful in real settings remain underexplored.
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Figure 1: Performance on the BabyLM dataset with In�ni-gram built from various reference datasets.
(a) Next-token prediction accuracy by effectiven, with the dashed line indicating the average. (b)
The histogram of the count for each effectiven.

Natural language representations in fMRI In recent years, predicting brain responses to natural
language using LLM representations has become common in the �eld of language neuroscience [43–
47]. Predictive “encoding models” have been used to explore the relative contributions of syntax,
semantics, and discourse to neural activity [48–55] and to study the cortical organization of language
timescales [56, 57], sometimes making use of LLMs to help annotate and generate stimuli [58–
61]. However, these models largely operate as black boxes. While they reveal which language
representations best predict neural activity, they offer limited insight into where in the cortex these
features exert their in�uence or when in the linguistic stimulus they become relevant.

Separately, behavioral studies have examined how humans recall and process repeated text [62–65]
and how similar recall patterns emerge in LLMs [66, 67]. Yet the cortical mechanisms involved in
contextual recall remain unclear, motivating our investigation through interpretable modeling.

3 Methods

We begin by discussing In�ni-gram, the scalable n-gram method for interpretable next-token predic-
tion (Sec. 3.1), and introduce the Generalized Induction-Head Model (GIM) (Sec. 3.2). In describing
the method, we focus on the familiar scenario of next-token prediction for language modeling, but
note that the method straightforwardly generalizes to generic next-token prediction tasks (e.g., fMRI
responses, time series, video frames). We later show how GIM improves interpretable next-token
prediction by integrating it with In�ni-gram for language modeling (Sec. 4) and combining it with
linear regression for fMRI response prediction (Sec. 5).

3.1 Preliminaries and Motivation: In�ni-gram

Given an input text sequence, In�ni-gram [14] searches a reference corpus for the longest exact suf�x
match to the input, then calculates the next-token distribution based on the token following each
of the matches. This search is made ef�cient by building large-scale suf�x arrays that can scale to
trillions of reference tokens. The length of the longest match is referred to as theeffectiven, with the
accuracy of the estimated probabilities increasing as theeffectiven becomes larger.

In�ni-gram is limited by its reliance on exact matches, which becomes problematic under distribution
shifts between the input and reference corpus. For instance, when evaluating on the BabyLM3 [68]
test set, In�ni-gram built on larger corpora, such as OpenWebText [17], shows lower performance and,
on average, has fewer instances of higher effectiven compared to the model built on the BabyLM
(Fig. 1). With far larger corpora like Pile-train [69], In�ni-gram is able to increase the number of
instances with a high effectiven, resulting in improved performance. However, In�ni-gram built on
BabyLM, which contains only 0.005% of the tokens found in Pile-train, still achieves the highest
performance. This highlights the dif�culty In�ni-gram faces when there is a substantial gap between
the reference corpus and the input prompt, making it hard to �nd matching cases with a large effective
n. We address this limitation with the concept of the induction head.

3https://babylm.github.io/
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Figure 2: (a) Overview of training Fuzzy Matching Model via distillation from a pretrained LLM. (b)
Calculation of sequence similarity within the input prompt for next-token prediction.

3.2 Building a Generalized Induction Head

LLMs excel at in-context learning by capturing the statistical distribution of tokens in a given context.
One key mechanism enabling this capability is the induction head, a critical component in LLMs
responsible for recognizing and extending repeated sequences [15, 16, 42]. Induction heads operate
by detecting prior occurrences of a token sequence and leveraging this recurrence for next-token
prediction (e.g., given [A][B] ... [A], the model predicts [B]). However, these heads emerge implicitly
within LLMs, making their operation dif�cult to interpret and control.

To this end, we introduce the Generalized Induction-Head Model (GIM) that explicitly models this
behavior in a structured, interpretable manner. It functions like In�ni-gram but is restricted to the
input context. GIM treats the end of the context as a query, searches for the best match within the
context and takes the token following the match as the next-token prediction.

What constitutes a “good match”? When identifying n-gram-level matches in context, exact
matching can perform well if a high effectiven is guaranteed (Sec. 3.1), but it can be overly restrictive
to minor changes such as rephrasings or typos. To remedy this, we allow for fuzzy n-gram matching,
which makes the model more robust to minor changes. Since the fuzzy matching is performed at the
level of n-grams, predictions remain interpretable and auditable by a human.

Fuzzy matching requires appropriately computing the similarity between sequences. While similarity
can be de�ned in many ways, in building an induction head, we desire two sequences to be similar if
they yield similar next-token distributions. To quantify this, we de�ne the similarity between two
sequences,x1 andx2, for fuzzy matching using Jensen–Shannon divergence (JSD):

s(x1; x2) = exp ( � JSD(Pnext(x1); Pnext(x2))) ; (1)

wherePnext(�) is the estimated next-token probability distribution for a given sequence.

Computing s ef�ciently One approach for computings would be to use a pre-trained LLM to
obtainPnext, but this can be computationally expensive. Instead, we develop a small Fuzzy Matching
Model, which consists of a few transformer layers and is trained via knowledge distillation from
existing LLMs. This model is designed to output feature embeddings that facilitate the calculation of
next token probabilities for similarity assessments. With the Fuzzy Matching Model, the similarity
betweenx1 andx2, whose feature embeddings from the model aree1 ande2, is obtained as follows:

sFM(x1; x2) = exp ( � (1 � CosSim(e1; e2)) =T) ; (2)

whereT is a temperature, which is set to 0.1. The Fuzzy Matching Model is trained with a combination
of Cross Entropy (CE) loss and reverse Kullback-Leibler divergence (KLD) loss (Fig. 2(a)). In each
training batch, we generate similarity pairs from randomly sampled sequences. The CE loss aids
in identifying the most similar pairs. The reverse KLD loss guides the model to follow the overall
similarity distribution, ensuring that close pairs receive high scores while distant pairs receive low
scores. Further details can be found in Appendix A.2.

Predicting the next token Given the similarity scoring functionsFM, we construct an induction
head that yields the predicted next-token probability distributionP (fuzzy)

induction given an input sequence
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Figure 3: Overview of the GIM pipeline. GIM predicts the next token by ef�ciently searching for
potential next-token completions in the input context with either exact or fuzzy matching.

x. To achieve this, we identify matches for the end ofx, w:i � 1, using a sliding window of sizek
(Fig. 2(b)). We then count the occurrence of each tokenwi in the vocabulary setV following these
matches and normalize to obtain the next-token probability:

P (fuzzy)
induction(w:i � 1wi jx) =

cfuzzy(wi � k � 1:i � 1wi jx)
P

w j 2V cfuzzy(wi � k � 1:i � 1wj jx)
; (3)

wherecfuzzy(wi � k � 1:i � 1wi jx) =
X

w j � k � 1: j � x

1w j = w i sFM (wj � k � 1:j � 1; wi � k � 1:i � 1): (4)

This similarity score serves as a �oating count for the next token. In cases where the sequences
x1 andx2 are exactly matched, as in the case of In�ni-gram, we havesFM(x1; x2) = 1 , which is
equivalent to increasing the count by one. The window sizek speci�es the number of tokens to be
considered in fuzzy matching.

3.3 Prediction of Generalized Induction head Model

By employing both the In�ni-gram algorithm and Fuzzy Matching Model, GIM searches for the most
relevant match—either exact or fuzzy—within the preceding tokens given a query at the end of the
context (Fig. 3). Once a match is identi�ed, it retrieves the token that followed the prior occurrence
as the next-token prediction. By explicitly modeling this process, our method provides a transparent
and controllable alternative to implicit in-context learning mechanisms in LLMs.

4 Results: Next-token Prediction for Language Modeling

4.1 Experimental Setup

Datasets & evaluation We use 4 text datasets for evaluation: BabyLM [68], OpenWebText [17],
Pile [69], and FineWeb ([70]; sample-10BTsubset), using some as the reference corpus and some as
test datasets (Table 1). When testing, we report performance on 100k sequences randomly sampled
with a context length of 1024 and a stride of 512 [14, 27].4 We evaluate next-token prediction via
accuracy, i.e. whether the top-predicted token was the correct token.5

Baselines We compare against In�ni-gram as our sole baseline, as it is the state-of-the-art n-gram
model and the only fully interpretable model with token-level attribution for generation. We found
that it consistently outperformed prior interpretable language models, e.g., a standard 5-gram model
based on OpenWebText achieves 26.4% accuracy in next-token prediction on the Pile-val, lower than
In�ni-gram's 27.1%. For a detailed discussion of interpretable frameworks, please refer to Sec. 2.

4The BabyLM test set contains fewer than 100k sequences, yielding approximately 32k and 34k cases for the
GPT-2 and LLaMA-2 tokenizers, respectively.

5We do not use perplexity, as the sparse next-token predictions from n-gram models often assign zero
probability to the top-ranked token, resulting in unde�ned or extremely high perplexity scores [14].
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Table 1: Next-token prediction accuracy (%) for language modeling. Gray shading represents
alignment between the reference corpus and the test dataset.

Reference Corpus Model Test Dataset

Type # of Tokens BabyLM-test FineWeb Pile-val

Tokenizer: GPT-2
- - GIM (exact) 36.7 17.2 37.0
- - GIM (fuzzy) 41.1 25.2 38.7

BabyLM-dev 17.4M In�ni-gram 37.6 14.7 16.0
+GIM 42.2(+4.6) 25.3(+10.6) 40.0(+24.0)

Pile-val 383M In�ni-gram 16.6 20.1 -
+GIM 41.5(+24.9) 25.5(+5.4) -

OpenWebText 9.04B In�ni-gram 16.7 25.5 22.7
+GIM 41.8(+25.1) 27.2(+1.7) 42.7(+20.0)

Unknown � 10B LLM (GPT-2) 46.9 39.0 52.3

Tokenizer: LLaMA-2
- - GIM (exact) 37.0 19.6 32.6
- - GIM (fuzzy) 42.7 28.3 38.5

BabyLM-dev 18.9M In�ni-gram 39.0 17.1 13.2
+GIM 43.1(+4.1) 28.6(+11.5) 39.6(+26.4)

Pile-val 394M In�ni-gram 19.0 24.1 -
+GIM 42.9(+23.9) 28.4(+4.3) -

OpenWebText 10.3B In�ni-gram 20.1 29.5 27.1
+GIM 43.2(+23.1) 30.3(+0.8) 42.1(+15.0)

Pile-train 383B In�ni-gram 33.5 39.3 49.2
+GIM 49.4(+15.9) 38.0(-1.3) 50.3(+1.1)

Unknown � 2T LLM (LLaMA2-7B) 62.2 57.1 64.4

Integrating GIM with In�ni-gram For language modeling, we integrate GIM with In�ni-gram,
enabling the use of both reference corpus statistics and in-context distributions:

P(yjx) =

8
>><

>>:

P (exact)
1 (yjx) n1 > n x andn1 > �;

P (exact)
induction(yjx) nx � n1 andnx > �;

P (fuzzy)
induction(yjx) Otherwise,

(5)

wheren1 andnx are the effectiven when matching from a reference corpus or the input context,
respectively. When these values are low, fuzzy matching is employed to compensate for the limited
effectiven. When the effectiven values from both the input context and reference corpus are equal,
the estimate from the input context is prioritized. The hyperparameter� determines how frequently
exact matching is used over fuzzy matching; we set� to 8 and 9 for the GPT-2 and LLaMA-2
tokenizers, respectively, based on cross-validation results (see Appendix A.3 for details).

4.2 Improving Next-token Prediction Accuracy with Contextualization

Prediction performance of in-context matching GIM relies solely on the input context to predict
the next token (limited to 1024 tokens in our evaluation). Table 1 shows that, despite this, GIM
(exact) can outperform In�ni-gram, which uses the OpenWebText dataset as a reference corpus,
comprising approximately 10B tokens when tokenized with LLaMA-2 and 9.04B with GPT-2, by a
margin of 5.5%p to 20%p on the BabyLM and Pile datasets. In�ni-gram using BabyLM-dev as the
reference corpus slightly outperforms GIM (exact) on the BabyLM-test, with performance gaps of
0.9%p and 2.0%p for the GPT-2 and LLaMA-2 tokenizers, respectively, under the aligned setting of
reference corpus and input context. As shown in Fig. 4(a), In�ni-gram (green) performs better in
cases with a high effectiven, even surpassing LLM (blue). However, signi�cantly more cases have
a low effectiven (histogram), where GIM (exact) (orange) outperforms In�ni-gram. This �nding
underscores that in-context matching re�ects the input query's distribution, leading to more accurate
next-token predictions than reference matching, even when the reference corpus contains abundant
tokens, especially under distribution shifts between the reference corpus and the test input.
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Figure 4: Comparison of next token prediction accuracy on BabyLM-test dataset, depending on
effectiven from (b) In�ni-gram and (b) GIM (exact). LLaMA-2 tokenizer is used.

Figure 5: GIM's token-level attribution by tracing predictions to (a) exact or (b) fuzzy matches in
prior context. Yellow highlight shows the match, and red box marks the source of the �nal prediction.

Prediction improvements from GIM GIM (fuzzy), using Fuzzy Matching Model, consistently
outperforms GIM (exact) with a margin of 1.7%p to 8.7%p (Table 1). This improvement is particularly
evident in cases with low effectiven. As illustrated in Fig. 4(b), the majority of cases within the input
context have low effectiven (histogram), indicating that �nding exactly matched long sequences
within the limited amount of tokens is challenging. Fuzzy matching helps to provide better estimations
for next-token predictions in these scenarios. Speci�cally, when the effectiven is less than 3, GIM
(fuzzy) (yellow) demonstrates better performance than GIM (exact) (orange). Since many cases fall
into this range, the overall accuracy of GIM (fuzzy) is higher.

The improvements achieved through the use of induction and fuzzy matching enable In�ni-gram with
GIM to outperform In�ni-gram built on 383B tokens, improving performance by up to 15.9%p. While
enlarging the reference corpus boosts performance, GIM offers a more ef�cient alternative to scaling
from 10.3B to 383B tokens—a 38-fold increase. Moreover, GIM is a complementary approach that
can be applied orthogonally to In�ni-gram, regardless of the size of the reference corpus.

4.3 Qualitative Example of GIM Prediction

Fig. 5 shows examples of explanations provided by GIM. In the �rst case, the prompt exactly matches
a 12-gram in the context, so GIM follows it to predict the next token. In the second, no exact match
exists for the prompt ending in “comes”, but GIM �nds the most similar sequence ending in “coming”
and follows it for prediction. These cases illustrate how GIM predicts from retrieved sequences, with
transparency into which tokens contribute and how they are combined.

5 Results: Next-token prediction for fMRI Responses to Natural Language

Understanding how and where semantic information is represented across the human brain is a central
objective in neuroscience. In this work, we extend prior modeling frameworks that learn mappings
between natural language stimuli and corresponding neural responses across voxels, which are small
three-dimensional regions of the brain. [71, 43]
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5.1 Experimental Setup

Figure 6: fMRI feature construction. (a) At each TR
t, we retrieve a prior TRt � with various matching
methods. (b) We extract the top 100 principal com-
ponents (PCs) of neural response changes beforet � .
(c) These are concatenated to interpolated Eng1000
embeddings for fMRI signal prediction at TRt.

We analyzed publicly available data6 from [72]
and [73], in which three human participants
listened to 20+ hours of English-laguage pod-
cast narratives while their fMRI responses were
recorded across 95,556 cortical voxels. Our
goal was to predict the brain response of each
voxel from the language input heard by the
participant7. We extracted text embeddings
from the input story, then �t linear models to
map these embeddings to fMRI responses on
the training split (24 stories), and evaluated
performance on the test split (2 stories) using
bootstrapped ridge regression. Embeddings are
extracted in various ways (described below) for
each word in the input, and then interpolated
to make predictions for the fMRI data that is
recorded at 2-second time of repetition (TR) intervals. To model temporal delays in the fMRI signal,
we add 4 time-lagged duplicates of the input features. See more fMRI details in Appendix A.6.

fMRI prediction baselines We use Eng1000 as our primary baseline, the state-of-the-art inter-
pretable model for predicting fMRI responses to narrative stories from a seminal study of language
selectivity [71]. Each element in an Eng1000 embedding corresponds to a co-occurrence statistic
with a different word. We also compare against LLaMA2-70B [74] embeddings, which achieve the
highest performance on this task [75] but are not interpretable. LLaMA embeddings are extracted
with a 16-word sliding window, using the �nal-layer embedding of the last token in each window.

GIM for fMRI prediction We construct our GIM for fMRI by searching the preceding story text
in an fMRI session for semantic matches and retrieving the changes in the recorded brain response
that follows each match. Speci�cally, to predict the fMRI response,Rt , for the TRt, we �rst �nd
the TRt � for which the text input yields the highest cosine similarity to the next-token distribution
of the text input at TRt � 1. Next, we isolate the change in fMRI responses following TRt � : we
take the difference in the top 100 principal components of the responseRt � � Rt � � 1 and use them as
features. To deal with potential time delays in the fMRI signal, we additionally concatenate these
features with the top 100 principal components ofRt � � Rt � � 2 andRt � � Rt � � 3. These features,
along with the interpolated Eng1000 embeddings, form the full input to the linear model predicting
fMRI response at TRt (see Fig. 6). When constructing the GIM for fMRI, we search over the most
recent 1024 words and their corresponding fMRI responses. To measure similarity between two texts,
we use the predicted next-word distributions yielded by GIM (exact) in the input context (P (exact)

induction in
Eq. (5)), which we callGIM matching.

Baseline matching methods We compare GIM matching against three baseline matching strategies.
First, we use the predicted next-word distributions yielded by exact n-gram matching in the 10B-
token OpenWebText reference corpus (P (exact)

1 in Eq. (5)), which we callIn�ni-gram matching.
Second,Random matchingselects a random preceding TR as a match. Third,Naive n-gram matching
searches for an exact match to the most recent 4-word n-gram in the input context, without relying
on predicted next-word distributions that our GIM matching method relies on. Table A6 shows
additional experiments with fuzzy matching methods that show little performance gain, likely due to
noise and temporal smoothing in fMRI signals that diminishes the advantage of fuzzy matching.

5.2 Prediction Improvements from GIM Matching

Table 2 shows the average correlation values across all voxels for each similarity model. Eng1000, the
primary interpretable baseline, achieved a mean test correlation of 0.072. In contrast, GIM matching

6https://github.com/OpenNeuroDatasets/ds003020
7We report results for subject UTS03 due to high fMRI data quality, including superior repeatability, minimal

motion, and strong encoding model performance [72].
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Table 2: fMRI test prediction performance for
different models. Black-box encodings use
LLaMA-2. Error bars show 95% CI.

Feature Model
Mean Correlation

All Top 10%
Voxels Voxels

Eng1000 0.072� 0.0004 0.220� 0.0012

+ Random matching 0.069� 0.0003 0.197� 0.0012
+ Naive ngram matching 0.068� 0.0003 0.194� 0.0012
+ In�ni-gram matching 0.069� 0.0003 0.200� 0.0012
+ GIM matching 0.087� 0.0005 0.265� 0.0011

Black-box encodings 0.096� 0.0005 0.268� 0.0013

Figure 7: (a) Difference in the correlation per-
formance between the GIM matching and the
Eng1000 baseline, visualized across the cortex.
(b) Correlation performance of GIM matching.

achieves a mean correlation of 0.087, a 20% improvement over Eng1000. When predicting the
top-10% of voxels, GIM Matching achieves a mean correlation of 0.265, again a 20% improvement
over Eng1000, and only 1% lower than the black-box LLaMA-2 model (mean correlation 0.268). In
contrast, other matching-based baselines are unable to improve over Eng1000: The Naive n-gram
matching baseline achieves a correlation of 0.068, and random matching achieves a correlation of
0.069.

Fig. 7 visualizes voxel-wise differences in test correlation performance between GIM matching and
the Eng1000 baseline across the cortex. In line with prior studies linking model performance to
functional localization [47, 45, 71, 43], GIM signi�cantly improves prediction in regions highted in
red such as the Occipital Face Area (OFA) and Intraparietal Sulcus (IPS). These gains re�ect GIM's
use of contextual input, in contrast to the static embeddings used by Eng1000, and suggest that these
highlighted regions may contribute to contextual language processing.

Describing improvements from GIM To understand the improvements provided by matching, we
summarize the text for inputs where each matching procedure (GIM and In�ni-gram) performs well.
We use an LLM to do the summarization, following recent works in LLM interpretability [76, 77].
We �rst identify phrases in the input story where a model's performance (average absolute error
across voxels) exceeds the baseline performance by more than one standard deviation (see an example
in Fig. 8). Then, we prompt GPT-4 ([2];gpt-4-0613 ) to generate descriptions for these phrases.

Fig. 8 presents the unedited LLM descriptions8. GIM matching is described as capturingEmotionally
or Narratively Critical Phrases, aligning with the idea that induction improves performance by
tracking local context in a story, e.g., phrases that “are critical to the plot and character development”.
In contrast, In�ni-gram matching is described as capturingBrief, Stand-Alone Phrases, matching the
intuition that In�ni-gram excels in capturing context that is not story speci�c, but “can stand alone
with minimal context”. To test these descriptions, we prompt GPT-4 to classify the identi�ed phrases
in two test stories using only the descriptions. This yields 61% accuracy, a moderate but signi�cant
improvement over chance (binomial testp = 0 :032). See all phrases and prompts in Appendix A.6.

6 Discussion

GIM constitutes a signi�cant step toward building mechanistically interpretable language models
inspired by pre-trained LLMs. Unlike black-box models or partially interpretable approaches, GIM
provides full transparency in next-token prediction while substantially narrowing the performance
gap between interpretable and black-box architectures across two diverse domains. Importantly, GIM
is not a general-purpose LLM or a tool to decode its internals; it isolates and reimplements a single
observed capability, induction via repetition, as a fully interpretable module. This shows that high-
performance behaviors implicitly learned by LLMs can be transparently reconstructed to advance

8Irrelevant preceding text such as “Sure here is the answer” is removed from the response.
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