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Abstract

Representations from large language models (LLMs) are highly effective at predicting BOLD
fMRI responses to language stimuli. However, these representations are largely opaque: it is
unclear what features of the language stimulus drive the response in each brain area. We present
generative causal testing (GCT), a methodological framework for generating concise natural lan-
guage explanations of language selectivity in the brain from predictive models and then testing
those explanations in follow-up experiments using LLM-generated stimuli. This approach is suc-
cessful at explaining selectivity both in individual voxels and cortical regions of interest (ROIs),
including newly identified micro ROIs in prefrontal cortex. We show that explanatory accuracy is
closely related to the predictive power and stability of the underlying predictive models. Finally,
we show that GCT can dissect fine-grained differences between brain areas with similar functional
selectivity. These results demonstrate that LLMs can be used to bridge the widening gap between
data-driven models and formal scientific hypotheses.
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1 Introduction

Science faces an explainability crisis: data-driven deep learning methods are proving capable of mod-
eling many natural phenomena, like protein folding, meteorological events, and computations in the
brain [1–3]. However, these models are not scientific theories that describe the world in natural lan-
guage. Instead, they are implemented in the form of vast neural networks with millions or billions of
largely inscrutable parameters. One emblematic field is language neuroscience, where large language
models (LLMs) are highly effective at predicting human brain responses to natural language, but are
virtually impossible to interpret or analyze by hand [4–9].

To overcome this challenge, we introduce the generative causal testing (GCT) framework. GCT
translates predictive deep learning models of language selectivity in the brain into concise verbal
explanations, and then designs follow-up experiments using LLM-generated stimuli to evaluate the
explanations. Our primary contribution is an end-to-end framework for hypothesis construction and
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experimental evaluation in language neuroscience. Starting from an uninterpretable encoding model of
the brain, GCT produces concise, targeted verbal hypotheses about semantic selectivity and then gen-
erates controlled stimulus interventions to evaluate them. This process synthesizes an emerging line of
work that provides data-driven descriptions of brain regions but does not validate those descriptions in
follow-up experiments [10–14] with works that build stimuli to drive brain activity without assigning
interpretations [15–20]. Combining the strengths of these methods, our approach enables identifying
data-driven explanations that are causally related to brain activity, i.e., the explanation prescribes
a stimulus intervention that elicits specific changes in brain activity. Throughout, we use the term
“explanation” to mean a compact, human-interpretable hypothesis that supports a targeted stimulus
intervention and yields a measurable change in response. Such explanations can be partial character-
izations of selectivity where the success of one explanation provides evidence that the corresponding
feature is causally relevant, without necessarily implying that the explanation is monosemantic, i.e.
that no other feature could also drive the same voxel or ROI (see Appendix A.2 for discussion and
analysis of polysemanticity).

2 Language encoding models

We designed GCT to interpret language encoding models, which are data-driven, LLM-based models
of cortical language selectivity. We thus began by fitting encoding models (Fig. 1a) for each voxel in
each of 3 human subjects using 20 hours of passive language listening fMRI data [21]. The 20 hours
of speech stimuli were transcribed and then passed through open-source large language models [22,
23] to obtain activation vectors for each word. Multiple models were built using different LLMs to
ensure that the generated predictions are stable [17, 24], i.e. not idiosyncratic to our choice of LLM.
Regularized linear regression was then used to predict the response timecourse of each voxel as a
weighted combination of LLM activations. Encoding models were tested by predicting responses on
held out fMRI data and then computing the correlation between predicted and actual responses.
Encoding models using advanced LLMs achieve very high prediction performance [8]; here, only models
with sufficient prediction performance (r > 0.15) were used in further analyses, with many voxels
predicted at r > 0.7. Full preprocessing, modeling, and data collection details are provided in the
Methods.

3 Generating and testing natural-language explanations for single voxels

Each encoding model represents the language selectivity of one part of the brain, but does so as a
linear combination of LLM activations that are not human-interpretable. The first step in GCT is to
convert these models into concise natural language explanations: a word or short phrase summarizing
the properties of language that drive responses most strongly. Because voxel responses can reflect
multiple semantic dimensions, a single phrase should be interpreted as an operational hypothesis: a
direction in stimulus space that reliably modulates the response. Accordingly, GCT is designed to
identify driving semantic factors that can be tested experimentally, rather than to produce a complete
decomposition of selectivity.

We accomplish this by using an instruction-finetuned LLM [25] to generate candidate explanations
by summarizing the n-grams that yield the largest predictions from the model (Fig. 1b); see details
in the Methods. The resulting explanation is given in easily understandable natural language. For
example, we found that some voxels in the visual ventral stream appeared to be selective for language
describing Food preparation, supporting prior work [26, 27] suggesting the presence of a food-selective
region (Fig. 1b). To ensure that the generated explanation correctly captures the function computed
by the encoding model, we used the same LLM to generate synthetic text from the explanation and
checked that this text could successfully drive the voxel encoding model. However, this does not
guarantee that this function is correctly aligned to the activity of the brain in the real world.

To fully close the loop and confirm that a generated explanation accurately reflects selectivity in
the brain, the second step of GCT is to automatically design a new neuroimaging experiment to test
the generated explanation in vivo. This was done by prompting an instruction-finetuned LLM [25] to
generate narratives that should selectively drive cortical activation based on that explanation (Fig. 1c).
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Fig. 1: Driving single-voxel response with generative causal testing. (a) Voxelwise BOLD responses were
recorded using fMRI as human subjects listened to 20 hours of narrative stories. An encoding model f was fit to predict
these responses from the story text. f consists of a linear model fit on representations extracted from an LLM, which are
not readily interpretable. Encoding models were tested by predicting responses on held-out fMRI data, and only well-
performing models were selected for further analysis. (b) We used an automated procedure to find a verbal description
of the function that f computes for each voxel. First, we tested f on a large catalog of n-grams (n = 1, 2, 3) and found
those that maximally drove predicted responses. These n-grams were then summarized into stable explanation candidates
using a powerful instruction-tuned LLM. Finally, we evaluated each explanation candidate by generating corresponding
synthetic sentences and testing that these sentences yielded large predictions from f . (c) To test whether the generated
explanations were causally related to activation in the brain, we used an LLM to produce synthetic narrative stories
where each paragraph is designed to drive responses based on the generated explanation for one voxel. For each subject
we constructed stories to drive 17 well-modeled voxels with diverse selectivity. These stories were then presented to the
subjects in a second fMRI experiment. (d) Difference between each voxel’s average BOLD response during its driving
paragraph versus during its baseline, i.e. average response to all non-driving paragraphs. Each point shows a single voxel.
On average, driven responses were significantly higher than baseline for each subject (p = 0.020 (S01), p < 10−5 (S02),
p = 0.009 (S03); permutation test, FDR-corrected). For well-driven voxels, this means that the generated explanation
is causally related to activation of that voxel, and thus that we have successfully translated the LLM-based encoding
model into a verbal explanation. (e) Average BOLD response for each selected voxel to each of the driving paragraphs
in one subject (S02). Responses to the driving paragraph generated using the explanation for that voxel appear along
the main diagonal. Explanations that were used to construct the driving paragraphs are shown below. BOLD responses
were generally high for the driving paragraphs for each voxel as well as semantically related paragraphs (e.g. directions
and locations, emotional expression and laughter).

If the explanation generated for a voxel is accurate, then text generated according to that explanation
should elicit large responses in that voxel; this would demonstrate that the explanation has causal
influence over that voxel’s activity. Given a selected set of voxels and their explanations, we constructed
narrative stories by iteratively prompting an LLM [25] to prioritize a different voxel’s explanation
as the main focus of each paragraph. This allowed us to test whether voxels selectively respond
to paragraphs that match their explanation. The LLM ensures these stories remain coherent and
engaging, helping to keep subjects attentive during the fMRI experiment [7, 28].
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We used GCT to generate and test explanations for 17 voxels with strong encoding model predictive
performance in each of 3 subjects. The number of voxels was selected so that resulting narratives
would be similar in length to the stimuli used to initially fit the encoding models [21]. We then
measured the average response of each target voxel during the paragraph that was designed to drive
it and compared this to the average response to other paragraphs (Fig. 1d). Across voxels, responses
to driving paragraphs were significantly greater than baseline responses for each subject (p = 0.020
(S01), p < 10−5 (S02), p = 0.009 (S03); permutation test with Benjamini-Hochberg false discovery rate
correction [29] applied for each subject). Of the 51 tested voxels across the 3 subjects, 41 show increased
response, with an average increase of 0.198 standard deviations per TR over baseline when responses
are averaged temporally across driving paragraphs. This contrasts with a computed “driving ceiling”
for most voxels that typically ranges from 0.4 sigma to 0.7 sigma (Section A.4.1). Differences in effect
size are related to head motion of subjects during test time and variation in sample size (Table A3).
This demonstrates that the generated explanations are mostly effective drivers of brain activity for
their chosen voxels. Further, because this experiment was not based directly on the LLM encoding
model [15] but was designed using the generated explanation, this suggests that we have successfully
found explanations that are causally linked to brain activity.

The results in Fig. 1d compare responses during the driving paragraphs generated for each voxel
to average responses over all other paragraphs. But if two voxels have very similar explanations and
both are correct, then we would expect each to also be driven by the other’s generated stimuli. To
explore this question we disaggregated the results by showing the response of each voxel to every
driving paragraph in one subject (Fig. 1e). Most voxels are driven by their own explanations, as can
be seen by the positive values on the main diagonal. However, many voxels are also strongly driven
by related explanations (e.g. directions, measurements, and locations; communication and emotional
expression). This demonstrates that, in most cases, semantically related explanations will drive similar
sets of voxels. Off-diagonal structure is expected when explanations share semantic content or when
voxels are tuned to overlapping feature sets; in this sense, the matrix visualizes both selectivity and
shared representational structure. The off-diagonal structure of Fig. 1e shows that our results should
therefore not be interpreted as a strict one-to-one “labeling” of voxels, but as experimentally grounded
hypotheses that predict when responses should increase under controlled semantic manipulations.
We additionally find that the same setting succeeds in driving pairs of voxels rather than individual
voxels (Section A.5.4), and that our use of a written stimulus for driving as opposed to audio did
not meaningfully impact driving performance (Fig. A14). Furthermore, we examined several other
orthogonal methods for driving, including a representation steering approach and a synthetic decoding
approach. Full details of these attempts can be found in Section A.5. In all cases, we found these
alternative methods less effective than GCT.

4 Explaining selectivity in regions of interest (ROIs)

Theories of language selectivity often revolve around regions of interest (ROIs) that are believed
to be selective for specific semantic categories [30], such as locations (OPA) [31, 32] or body parts
(EBA) [33, 34]. We explored whether GCT could be used to independently uncover the semantic
selectivity of regions of interest, both for generating new hypotheses as well as re-establishing known
functional selectivity. We used GCT to find explanations and design synthetic driving stimuli for a
diverse selection of individual ROIs that were localized using separate stimuli: the extrastriate body
area (EBA), intraparietal sulcus (IPS), occipital face area (OFA), posterior superior temporal sulcus
(pSTS), superior premotor ventral (sPMv), retrosplenial cortex (RSC), the parahippocampal place
area (PPA), and the occipital place area (OPA). These ROIs were identified in each subject using
separate localizer scans. Fig. 2a shows the generated explanations and average response above baseline
for each ROI during each driving experiment. The explanations found by GCT and validated in the
follow-up experiment are well-matched to known selectivity, e.g. Body parts in EBA, and Scenes and
settings in PPA. Driving succeeded for every ROI (all p < 0.05; permutation test with FDR correction),
although for some ROIs, e.g. RSC, the effect is stronger. Fig. 2b visualizes driving responses for each
ROI on a composite flatmap, where each voxel is colored on the basis of how much it was driven by its
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Fig. 2: Driving ROI response with generative causal testing for subject S02. (a) Explanations were generated
and used to drive 8 well-defined regions of interest. Responses in all ROIs were significantly driven above baseline
(p < 0.05; permutation test, FDR-corrected). (b) To understand driving performance with more granularity, we color
each voxel in each ROI by how well it was driven by its corresponding driving paragraph. The resulting composite flatmap
occasionally shows subregions within ROIs that are more selectively driven for a particular explanation. (c) GCT can
also be used to build more nuanced theories of cortical semantic selectivity. We focused on three ROIs that are known
to have similar selectivity for place concepts: retrosplenial cortex (RSC), the parahippocampal place area (PPA), and
the occipital place area (OPA). When explanations were generated for each ROI independently we found that each ROI
was driven by all three driving paragraphs (left side). To distinguish these ROIs, we used GCT to find new explanations
and construct stories that would selectively drive each area while suppressing the other two. Testing these stories in an
fMRI experiment showed that we succeeded in finding selective explanations for two ROIs: RSC is selectively driven by
location names (p < 10−3; permutation test) and PPA by unappetizing foods (p < 10−3; permutation test). However, the
explanation for OPA, spatial positioning & directions, drove responses in all three ROIs (right side). (d) Visualization
of the place area driving experiment with voxel-level granularity. We show a 3-channel flatmap showing the outcome of
each location-selective driving experiment; a voxel is more red/green/blue if that voxel was driven by the corresponding
ROI explanation.

ROI’s explanation. This map suggests that the variability in driving between ROIs reflects functional
heterogeneity within each region.

We next tested whether GCT could be used to describe differences between regions that appear
to have similar selectivity [30]. Examining three ROIs known to be selective for places or locations
(RSC, PPA, OPA) [35], we found that the driving paragraphs designed independently for each ROI
also drove responses in the others (Fig. 2c left). To differentiate these ROIs, we used GCT to generate
new explanations that should selectively drive each one of these regions while suppressing the other
two [36]. These selective explanations deviated somewhat from the original ROI explanations, e.g.
for RSC the explanation changed from Travel and location names to just Location names, suggesting
that the travel part of the explanation is common across ROIs while location names are more unique
to RSC. New stories were generated to include only instances of the corresponding explanation, for
instance, when driving only RSC, location names were included, while directions were specifically
excluded (see prompts in Section A.1). Since these two categories commonly cooccur in natural lan-
guage, these synthetic stimuli enabled us to examine differences that might not be present in typical
naturalistic studies. Testing these stories in another fMRI experiment showed that GCT was able to
find explanations that can selectively drive two of the ROIs Location names for RSC and Unappetiz-
ing foods for PPA (p < 10−3; permutation test of difference between ROI and other location ROIs).
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In contrast, the explanation of Spatial positioning & directions for OPA still drove responses in all
three ROIs (Fig. 2c right; Fig. 2d). These results demonstrate that GCT can be used to build more
nuanced theories of cortical semantic selectivity beyond general trends that are well-understood.

5 Discovering new functional ROIs using GCT

The previous results showed that GCT can evaluate explanations for known ROIs, so we next asked
if GCT can also discover new functional ROIs. To take advantage of GCT’s strengths, we focused
our search on very small ‘micro ROIs’ in prefrontal cortex. Micro ROIs are particularly easy to miss
in group fMRI analyses [37, 38], and earlier work has suggested that prefrontal cortex may contain
many small specialized functional areas [30, 39]. Discovering such regions would help develop a more
granular picture of cortical functional organization, but this discovery process can be quite challenging
owing to the expansive hypothesis space of potential explanations.

We generated candidate ROIs across PFC by selecting small circular regions of cortex for two sub-
jects with a mean size of 1,019 voxels. This resulted in 582 candidate ROIs for S02 and 535 candidate
ROIs for S03. We then ran the GCT explanation pipeline (Fig. 1a-b) to generate explanations for
each candidate ROI. We filtered out explanations with a stability score below 0.6 (see Section 10);
this resulted in 73 stable candidate ROIs for S02 and 128 stable candidate ROIs for S03. Finally, we
grouped the explanations into 4 common categories using keyword search and built GCT stories to
evaluate the driving scores of those explanations. These stories were used in a new fMRI experiment.

We found that many of the candidate ROIs were driven as expected (Fig. 3a). Among the selected
candidate ROIs, 47 were significantly driven for S02 and 21 were significantly driven for S03 (p < 0.05,
1-tailed t-test with FDR correction).

Fig. 3b shows the driving scores for a selection of these candidate ROIs across the two subjects.
Many of the candidate ROIs are in consistent locations across subjects. The first set of candidate ROIs
are selective for the concept of “recognition” and are found in a small region near Brodmann area 9
in medial prefrontal cortex. The selectivity is specific to instances where one person is described to
have recognized or noticed another (e.g. my friends saw me, the guard spotted us). This new finding
may relate to earlier findings linking this broad region to theory of mind [40]. However, our results
show an unexpectedly high degree of specificity both anatomically and semantically. The second set
of candidate ROIs are found near the right hemisphere analogue of Broca’s area and are selective for
words that signal dialogue between two parties (such as said or told). The proximity of this ROI,
which is selective for language describing speech acts, to Broca’s area, which carries out speech acts,
enhances grounding theories of cortical organization [41]. The third set of candidate ROIs are near
Brodmann area 46 and are selective for mentions of times (e.g. one o’clock). This, along with similar
selectivity found in the final set of candidate ROIs for numeric measurement words (e.g. fifty feet)
refines research that has found this area may be involved in numeric processing or calculation [42].
The similarities between these two selectivities extend past this single localized region and suggest
the presence of a network of regions in right PFC that is specialized for numeric processing. Taken
together, these new micro-ROIs provide a refined understanding of semantic processing across PFC.

6 Adversarially testing functional similarity with GCT

Proving that two brain areas have different functional selectivity requires only that the areas differ
along one functional dimension. But proving that two brain areas have the same selectivity is much
more difficult, as one must show that there is no dimension that differentiates the areas. GCT offers an
approach to tackle this issue, because it can adversarially search for stimuli that differentially activate
brain areas as we showed in Fig. 2. Provided that we have high confidence that we would be able to
generate such a stimulus if it existed, then our failure to do so would provide affirmative evidence for
the similarity of the two regions.

As a demonstration of this use case, we focused on the putative ‘language network’ [44], a set of
regions that respond readily to language and are claimed to be functionally indistinguishable. First,
we localized five language regions in each of two subjects using established methods [43]. For each
region, we then used GCT to generate stimuli that would drive that region while minimizing the
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Fig. 3: Evaluating hypothesized micro-ROIs in prefrontal cortex using GCT. (a) To measure GCT’s ability to
aid in the discovery of new brain regions, spatially-contiguous candidate ROIs were defined in a grid pattern throughout
prefrontal cortex. Candidate ROIs with high stability scores (see Section 7) were filtered out to define stable ROIs.
GCT was used to automatically generate explanations and driving stimuli for these ROIs. The ROI responses to the
driving stimuli were then measured in an fMRI experiment, and their average driving scores are shown in a histogram for
subject S02 and S03. In both subjects, high-stability candidate ROIs are driven using their corresponding explanation at
statistically significant rates; 47 out of 73 are significantly driven for S02 and 21 out of 128 are significantly driven for S03
(p < 0.05, 1-tailed t-test, FDR-corrected). (b) Significantly driven candidate ROIs across the two subjects are visualized,
colored by their driving scores. Significant candidate ROIs for various explanations (Recognition, Time, Dialogue, and
Measurements) are in consistent locations across the subjects, suggesting population level trends. (c) We next examined
whether GCT can validate functional similarity claims between 5 regions in the language network, localized using an
established localizer [43]. We concatenated the driving scores of each of these ROIs into a vector and then computed
the cosine similarity between the vectors for different ROIs. We find that the driving vectors of language network ROIs
are on average more similar to each other than over 94% of randomly selected pairs of similarly-sized ROIs in UTS02
and over 99% of randomly selected pairs in UTS03 (p < 10−5; 1-tailed t-test), supporting claims of functional similarity
across the language network.

response in the other regions, as we did successfully in Fig. 2c. Using this approach, we found no
stimuli that could drive one region while suppressing the average of the others, strongly supporting
claims of functional homogeneity in the language network. Fig. 3c summarizes our results. We found
that the driving behaviors of language network ROIs are more similar to each other, as measured by
cosine similarity across explanations, than over 94% of randomly selected pairs of similarly-sized ROIs
in UTS02 and 99% of all pairs in UTS03 (p < 10−5; 1-tailed t-test). This result both serves to validate
claims of functional similarity across the language network [44] and to demonstrate that GCT can
be used as a powerful tool for detecting functional similarity as well as functional differences across
ROIs. A full dissection of these language network driving experiments is given in Appendix A.7.
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Fig. 4: Analyzing factors that impact generative causal testing. To evaluate whether GCT succeeds in generating
effective stimulus stories, we assessed the driving paragraphs of the stimulus. (a) To confirm that generated paragraphs
match the explanation used to construct them, a matching score was computed for each explanation and paragraph
by using an LLM to evaluate the fraction of trigrams in the paragraph that are relevant to the paragraph’s generating
explanation and then z-scoring the result. Each driving paragraph showed a strong match with its generating explanation.
Plot shows one subject (S02), similar plots for other subjects are shown in Section A.4. (b) To confirm that each driving
paragraph effectively drives its corresponding encoding model predictive performance, we computed the predicted response
in each selected voxel to each generated paragraph. This revealed strong matches for most voxels, along with some matches
between driving paragraphs and voxels with semantically similar explanations, e.g. directions and locations. Plot shows
one subject (S02), similar plots for other subjects are shown in Section A.4. Paragraph order is presented here according
to semantic similarity, with more similar explanations presented closer to each other. (c) After running the fMRI driving
experiment, we found that a key factor determining whether a voxel is driven well by the GCT framework was the stability
score for the voxel, i.e. the correlation between the n-gram rankings provided by the LLaMA-based encoding model and
the OPT-based encoding model. (d) Another important factor for eliciting increased driving responses is the presence
of key n-grams in the driving paragraphs. These n-grams induce a standard hemodynamic response curve that peaks at
around 6 seconds, yielding a significant increase (p = 0.009; one-sided t-test). (e) Finally, to test whether the driving
results were sensitive to the particular voxels that were selected, we evaluated whether the GCT stories drove alternative
voxels in each subject that were assigned the same explanation as the target voxels being driven. Both the targeted voxels
and alternative voxels also showed significantly increased driving responses (p < 0.05; permutation test, FDR-corrected).

7 Factors affecting GCT’s ability to drive a voxel

The experiments thus far showed that GCT can effectively explain and drive a variety of locations
throughout cortex, but fails to successfully drive some voxels. To understand these limitations, we eval-
uated factors that influence driving performance, beginning with factors surrounding the generation
of story stimuli.

First, we considered whether driving failures may arise from a semantic mismatch between the
proposed explanation and the generated story stimulus. We measured the match between each driving
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paragraph and its target explanation for subject S02 by using an LLM to evaluate similarity between
the explanation and trigrams in the driving paragraph (see Methods). There is a strong correspondence
between each voxel explanation and its driving paragraph (Fig. 4a, orange diagonal), suggesting that
LLM stimulus generation does not account for the failures. Moreover, there is no clear correlation
between these scores and driving success (average correlation of -0.05; see Fig. A6a). Second, we tested
whether the failed cases result from a misalignment between the original encoding model for each voxel
and the generated story stimulus. Again, each voxel’s encoding model showed an increased response
for its driving paragraph (Fig. 4b, orange diagonal), suggesting the driving paragraphs are successfully
aligned with the encoding model. In this case, higher driving scores for the encoding model did yield
higher driving scores in the follow-up experiment for 2 of the 3 subjects (average correlation of 0.19;
see Fig. A6b).

Given that driving failures are neither the result of stimulus-explanation mismatches nor stimulus-
model mismatches, we concluded that they must largely stem from limitations in the encoding models.
We only applied GCT to voxels with high encoding model test performance, but this does not guaran-
tee that the encoding model is accurate. Model performance is measured on a dataset that is limited
in scope and that comprises real, noisy data. Both of these factors could cause a voxel to appear
well-predicted despite having an inaccurate encoding model, or to appear poorly-predicted despite
having an accurate encoding model. Since these limitations cannot be addressed directly, we investi-
gated factors that improve confidence in the generated explanations by assessing their stability, a key
principle underlying effective statistical interpretation according to the predictability, computability,
and stability (PCS) framework [24, 45].

To identify which explanations are stable, we defined a stability score that measures agreement
between the predictions of two encoding models built from different LLMs (see Methods) for the
same voxel using the same fMRI data. We found a strong positive correlation between the stability
score of a voxel and its mean driving response across all three subjects (Fig. 4c), suggesting that the
stability score reliably informs the causal reliability of an explanation. This result underscores the idea
that models must be predictive and stable in order to effectively generate hypotheses for follow-up
experiments [17, 46].

We also assessed the stability of our framework to many modeling choices including the prompts
used to generate synthetic stories (Fig. A4) and the granularity of units we drive (e.g. single voxels
versus semantic clusters of voxels in Fig. A5). In both cases, we found that the magnitude of the
evoked driving responses may change, but the overall trends in driving voxels are consistent.

To further understand how driving paragraphs succeed, we measured whether the inclusion of
key driving n-grams extracted from the encoding model drove responses in a temporally specific
fashion (Fig. 4d). During the fMRI experiment, the presentation of these n-grams evoked a significant
increase in responses, peaking 6 seconds after presentation (Fig. 4d; p = 0.009; one-sided t-test).
This strongly aligns with hemodynamic response curves which tend to peak about six seconds after
stimulus presentation [47], and are further validation that the generated stimuli are the cause of the
driving effects we observe.

Finally, we tested whether the GCT framework is sensitive to the particular voxels we selected for
followup experiments. To evaluate this, we evaluated whether the driving paragraphs we generated
also drove alternative voxels that were assigned the same explanation by GCT. Fig. 4e shows the mean
driving voxel responses for targeted voxels versus alternative voxels and finds that both are driven
significantly (p < 0.05; permutation test with FDR correction). The alternative voxels are driven
slightly less reliably (mean 0.14σ vs 0.19σ), likely because the prompts for generating the stories
contain n-grams that specify the explanation in slightly more detail than the explanation alone.

Besides the factors discussed above, all follow-up experiments use stimuli that are presented visually
rather than through audio (see Methods). This shift helps to test for semantic generalization. Despite
this shift and the inherent noise in the voxels and imaging process, GCT still generally succeeds in
targeted driving.
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hypotheses. To understand how each explanation activates the entire cortex, we visualize the driven response (average
normalized BOLD response) for six explanations. (a) Some maps recovered well-established results, e.g. the explanation
Locations gave strong responses in the place areas RSC, OPA, and PPA. (b) Other maps independently confirmed newer
hypotheses, e.g. the explanation Food Preparation activates a region in ventral occipital cortex near the fusiform face
area (FFA) [26, 27]. (c) Finally, some explanations did not clearly map to any known hypotheses, but may suggest new
directions for future research. All observed activation patterns along with ROI localization explanations are presented in
Appendix A.7.

8 Responses to synthetic stories reveal cortex-wide contrast effects

The GCT framework is modular: each stage—encoding model fitting, explanation generation, and
stimulus construction—can be used independently or combined with external inputs. One practical
consequence is that the stimulus generation stage (Fig. 1c) does not require the earlier explanation
discovery stages (Fig. 1a-b). A researcher with a pre-existing hypothesis about what drives a brain
area can directly use GCT to generate controlled narrative stimuli for that hypothesis and test it in
an fMRI experiment.

Furthermore, although GCT stories are designed to activate specific voxels or ROIs, whole-brain
fMRI measurements capture responses everywhere in cortex simultaneously. Each driving paragraph
thus provides a cortex-wide activation map for its target explanation, analogous to a classical block-
design contrast but embedded within a coherent narrative that sustains subject engagement [7, 28].

To demonstrate the utility of these cortex-wide maps, we examined the whole-cortex average
activation map for each explanation, computed by averaging responses over timepoints within each
paragraph. Fig. 5 shows the results for six selected explanations for subject S02; maps for other expla-
nations are provided in Appendix A.7). Some explanations were similar to previously well-established
contrasts (Fig. 5a) and gave the expected results. For example, the explanation Locations gave strong
responses in the place areas RSC, OPA, and PPA [35]. Others confirmed newer hypotheses. For exam-
ple, the Food Preparation explanation (Fig. 5b Top) activates a region in ventral occipital cortex
near the fusiform face area (FFA). This area was recently found to respond selectively to “food”
images [26, 27], but our results demonstrate for the first time that this selectivity also extends to
linguistic descriptions of food. Finally, some explanations did not clearly map to any known hypothe-
ses (Fig. 5c), but still demonstrate suggestive patterns of activation that could be explored in future
experiments.
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The GCT average responses can be compared quantitatively to selectivity maps that a researcher
may be interested in exploring. As an example, Table A6 shows quantitative comparisons to selectivity
maps originating from an interpretable encoding model in a prior study [30], often showing strong
agreement between the selectivity maps and the GCT average responses.

9 Discussion

The main advance in this work is a closed-loop approach for translating opaque, high-performing
encoding models into testable hypotheses and then evaluating those hypotheses with model-guided
stimulus interventions. By applying this approach at multiple spatial scales, we show that it can
recover established semantic contrasts and also discover finer-grained functional structure that is dif-
ficult to probe with standard naturalistic or block-design paradigms. More broadly, GCT provides a
clear pathway to make experimentally testable several central unresolved questions in language neuro-
science, in particular the granularity of semantic organization, the dissociability of ostensibly similar
regions, and the role of stimulus dependencies in semantic selectivity. Prior studies have demonstrated
the predictive power of black-box encoding models in language neuroscience across modalities such as
fMRI, ECoG, EEG, and MEG [4, 5, 8, 48, 49], but these models have been criticized for their inabil-
ity to produce accurate and reliable explanations [50] and limited efforts have been made to explicitly
interpret these models [10–13]. Our work takes the first steps in overcoming this criticism by enabling
us to directly test the causality of an encoding model explanation through the use of LLM-generated
synthetic stimuli.

This work is related to earlier studies that generated stimuli to drive neurons in the visual cor-
tex [16–20], as well as studies that used decoding to provide insight into the selectivity of the visual
cortex [13] or generated controversial visual stimuli to differentiate models [51]. In language fMRI, the
closest work is Tuckute et al. 2023, which demonstrated the ability to drive the language network as a
whole (rather than individual voxels or ROIs) using sampling techniques as demonstrated in A11. In
comparison to these prior works, ours is the first to demonstrate driving at an explanatory level, not
only identifying stimuli that can drive a particular voxel or ROI, but also hypothesizing the shared
semantic features that cause the underlying activity. This distinction provides an important scientific
benefit, allowing us to automate the discovery of new and unexpected regions of interest for further
study. As encoding models improve, the reliability of such discoveries will naturally increase as well.

Cognitive neuroscience has always been concerned with finding the features of stimuli that specif-
ically cause activation in the brain. Traditionally this problem has been approached by manually
searching for these critical stimulus properties across multiple experiments [32, 52]. In contrast, data-
driven methods [4, 5, 8, 48, 49] efficiently probe a much larger hypothesis space, but fail to causally
validate their findings. Our method combines the principled approach of causal experiments with the
strengths of data-driven models to speed up scientific discovery.

Our work can therefore be applied to generating a new class of stimuli for online, causal experi-
ments of language processing. We consider this work an important part of a larger closed-loop system
that continually refines its understanding of brain selectivity by generating hypotheses, testing these
hypotheses with new experiments, and refining the hypotheses based on the experimental results. As
an example, such a framework could be an especially effective tool in lesion case studies where general
observations must be made efficiently from relatively little data.

While effective, GCT has several limitations. Most notably, it focuses on a single explanation,
missing voxel activity that is polysemantic, i.e. that is not driven well by any single explanation. See
Section A.2 for a more detailed discussion of this limitation and how future work might overcome it.
Second, the effectiveness of GCT depends on staying within the manifold of stimuli trained on during
encoding model training. This limitation is explored further in A.5.2 where we show that poorly
generated, off-manifold stimuli are more difficult to predict and yield inferior driving outcomes. GCT
is also sensitive to the properties of the underlying encoding models–using different encoding models
could yield different explanations which might be equally valid. Thus we must be cautious not to
interpret the explanations given by GCT as uniquely capturing the functional properties of a voxel
or ROI. However, this issue will become less severe over time as better and more diverse encoding
models become available.
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The work here opens the door to a great deal of future research. One avenue is to use GCT to
more systematically probe what degree of explanatory granularity is appropriate for cortical language
selectivity. For example, one of the explanations proposed by GCT is birthdays, but it would be
somewhat surprising to have a specifically birthday-selective area in human cortex. Rather, it is more
plausible that such a voxel is selective for something more generic, such as social gatherings [53].
Such ambiguities are of the type that are liable to be resolved by higher-fidelity modelling or iterative
causal experiments, such as the hypothesis-refinement feedback system proposed above. GCT is also
fundamentally limited by the spatiotemporal granularity of the scanning modality we test it on, fMRI.
Applying GCT with faster or more fine-grained scanning modalities, such as 7T laminar fMRI, ECoG,
or NeuroPixels, could reveal selectivity patterns that cannot be effectively observed through fMRI.

GCT demonstrates a general framework for aligning the data-driven predictions of models to the
theory-oriented hypotheses of classical science, extending the predictability, computability, and sta-
bility (PCS) framework for veridical data science [24, 45] into the domain of active experimental
design. In this paper, we show that applying techniques from modern LLM interpretability research
can improve our understanding of cognitive brain processes. Through simple prompting-based meth-
ods, we successfully recover semantic selectivity hypotheses that have previously been the providence
of painstaking controlled experiments created over decades. Moreover, we open the door to many
more similar results including the identification of micro ROIs in poorly understood brain areas. Our
framework is extensible to other modalities such as vision and - requiring only naturalistic data from
a single subject - can be easily adapted for use in case study analyses. More generally, the high-level
idea of GCT, using generative models as a tool to operationalize imprecise hypotheses about the nat-
ural world, has general applications well outside the bounds of neuroscience entirely. GCT will help
move toward a future with increasingly nuanced, operationalized, and falsifiable explanations in our
scientific discourse.
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10 Methods

Data collection Two sets of MRI data are used in this study: the first for fitting encoding models and
the second for selectively driving brain regions. The original set is described and made openly available
in previous work [21, 54]; we describe the details for the second newly collected set here. Functional
magnetic resonance imaging (fMRI) data were collected from the same 3 human subjects as the original
set as they listened to English-language podcast stories over Sensimetrics S14 headphones. Subjects
were not asked to make any responses, but simply to listen attentively to the stories. All subjects were
healthy and had normal hearing. The experimental protocol was approved by the Institutional Review
Board at the University of Texas at Austin. Written informed consent was obtained from all subjects.

All MRI data were collected on a 3T Siemens Skyra scanner at University of Texas at Austin
using a 64-channel Siemens volume coil. Functional scans were collected using a gradient echo EPI
sequence with repetition time (TR) = 2.00 s, echo time (TE) = 30.8 ms, flip angle = 71°, multi-
band factor (simultaneous multi-slice) = 2, voxel size = 2.6mm x 2.6mm x 2.6mm (slice thickness
= 2.6mm), matrix size = 84x84, and field of view = 220 mm. Anatomical data were collected using
a T1-weighted multi-echo MP-RAGE sequence with voxel size = 1mm x 1mm x 1mm following the
Freesurfer morphometry protocol [55].

Data preprocessing All functional data were motion corrected using the FMRIB Linear Image
Registration Tool (FLIRT) from FSL 5.0. FLIRT was used to align all data to a template that was
made from the average across the first functional run in the first story session for each subject. These
automatic alignments were manually checked for accuracy.

Low frequency voxel response drift was identified using a 2nd order Savitzky-Golay filter with a
120 second window and then subtracted from the signal. To avoid onset artifacts and poor detrending
performance near each end of the scan, responses were trimmed by removing 20 seconds (10 volumes)
at the beginning and end of each scan, which removed the 10-second silent period and the first and
last 10 seconds of each story. The mean response for each voxel was subtracted and the remaining
response was scaled to have unit variance.

Voxelwise encoding models Encoding models were fit for each of the three subjects on listening
data from roughly 20 hours of unique stories across 20 scanning sessions, yielding a total of ∼33,000
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datapoints for each voxel across the whole brain. For model testing, the subjects listened to the two
test stories five times each, and one test story 10 times, at a rate of 1 test story per session. These
test responses were averaged across repetitions.

For each subject and each voxel, we fit a separate encoding model to predict the BOLD response
from the features we extract from the stimulus. Features were extracted from the 18th layer of the 30-
billion parameter LLaMA model [23], and the 33rd layer of the 30-billion parameter OPT model [22].
These layers were chosen based on prior work [8] that determined that they were the most performant
at predicting brain activity. To temporally align word times with TR times, Lanczos interpolation was
applied with a window size of 3. The hemodynamic response function was approximated with a finite
impulse response model using 4 delays at -8,-6,-4 and -2 seconds [30].

To evaluate the voxelwise encoding models, we used the learned encoding model to generate and
evaluate predictions on a held-out test set. The OPT features achieved a mean voxelwise correlation
of about 0.128 whereas the LLaMA features achieved a mean voxelwise correlation of about 0.132.
These performances exceed that of previously published models on the same dataset (mean correlation
0.111) that were able to produce meaningful semantic decoding [54].

Voxel selection for explanation We selected 500 well-modeled, diverse voxels to explain for
each subject. To ensure that these voxels were well-modeled, we selected only from voxels with a test
correlation above 0.15, (this corresponds to the top 4̃0% most well-predicted voxels). Then, we applied
principal components analysis to the learned ridge weights across all well-modeled voxels in cortex.
We project all voxels to the first four principal components, which are known to encode differences
in semantic selectivity [30] and then uniformly sampled voxels from the within the convex hull in R4

induced by this projection. This uniform sampling ensures diversity in the selected voxels. The mean
voxel correlation for the 1,500 voxels we study is 0.35.

Framework for generating explanations GCT yields a short, natural-language explanation
describing what elicits the strongest response from each of the 1,500 selected voxel encoding models. To
obtain this explanation, we follow the summarize and score (SASC) framework introduced in previous
work [14] (see Fig. 1b). SASC first generates candidate explanations (using GPT-4 [25]) based on
the n-grams (n = 1, 2, 3) that elicit the most positive response from the LLaMA encoding model.
Each candidate explanation is then evaluated by generating synthetic data based on each explanation.
The response of the encoding model to the synthetic data is tested, and the candidate explanation
corresponding to the synthetic data that elicits the most positive response from the encoding model
is selected.

Stability score screening After extracting an explanation for 500 voxels per subject, we selected
17 voxels per subject for followup fMRI experiments. 17 voxels were selected so that the resulting 17-
paragraph stories would be similar in length to the stimuli used to initially fit the encoding models [21].
To select voxels which are not only well-predicted but also likely to be well-explained, we introduced
the stability score, which measures the correlation of predictions by the encoding models based on
OPT and LLaMA for each unique n-gram present in the dataset of stories. A higher correlation implies
greater agreement between the different encoding models and thus greater stability. For each subject,
we first filter the 40 voxels with the highest stability score and then manually select 17 voxels from
this set that have diverse explanations. The 17 voxels for each of the three subjects were sampled
mostly from the ventral visual stream, the temporal lobe, and frontal regions (see precise locations in
Section A.7).

Story generation (single-voxel setting) For follow-up experiments, we prompted a large LLM
(GPT-4 [25]) to generate stories based on the explanations for our selected voxels. Stories are generated
by repeatedly prompting the LLM in a chat to continue the story, one paragraph at a time. For each
paragraph, the LLM is asked to focus on one explanation and to include related key n-grams (Fig. 4a,
see full prompts in Section A.1).

Before running follow-up experiments, we checked that each paragraph’s text matched its generated
explanation (Fig. 4a). This match was measured by prompting an LLM [56] to evaluate the fraction
of trigrams in the paragraph that are relevant to the paragraph’s generating explanation. We also
validated that each story paragraph drives the encoding model for its corresponding voxel (Fig. 4b).
We generated 8 different stories by changing the random seed for each subject and kept the best 2 for
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S01, the best 6 for S02 (the pilot subject), and the best 2 for S03. During presentation, these newly
presented stories were visually presented at approximately conversational cadence, instead of being
listened to, as in the original encoding setting.

ROI setting The ROI setting uses the same framework as the single-voxel setting, but instead of
maximizing the response in a single voxel, we sought to maximize the average response of the encoding
model outputs over all voxels in an ROI. When selecting explanations, we used the average outputs of
the OPT and LLaMA encoding models to help make results more stable. In the ‘micro ROI’ setting
(Section 5), subject S01 was omitted due to a logistical constraint with bringing subject S01 back to
the lab for follow-up experiments.

Permutation testing details The main GCT driving results in the paper evaluate whether a
particular voxel (or region of interest) yielded an increased average response to the driving paragraphs,
i.e. the synthetic paragraphs generated specifically to drive that voxel. The permutation tests we
conducted compared this average response to the voxel’s average response to other random paragraphs
in the experiment. Beyond permutation testing, GCT can be viewed more generally as a causal test
where the treatment variable is the explanation underlying the driving paragraph and the outcome is
the average observed fMRI response, though it may not perfectly match the assumptions underlying
common frameworks such as the Neyman-Rubin causal model [57].
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A Extended Data

A.1 Prompting details

Prompts used for explanation

Following the original SASC study [14], we use the following prompts for explanation.
The summarization step summarizes 30 randomly chosen ngrams from the top 50 and generates

5 candidate explanations using the prompt Here is a list of phrases:\n{phrases}\nWhat is a common
theme among these phrases?\nThe common theme among these phrases is .

In the synthetic scoring step, we generate similar synthetic strings with the prompt Generate 10
phrases that are similar to the concept of {explanation}:. For dissimilar synthetic strings we use the
prompt Generate 10 phrases that are not similar to the concept of {explanation}:. Minor automatic
processing is applied to LLM outputs, e.g. parsing a bulleted list, converting to lowercase, and removing
extra whitespaces.

Prompts used for story generation

We use two variations of prompts. In the main setting, we begin with Write the beginning paragraph
of a long, coherent story. The story should be about ”expl”. Make sure it contains several words related
to ”expl”, such as examples. Between paragraphs, it changes to Write the next paragraph of the story,
staying consistent with the story so far, but now make it about...

In the second setting, we instead begin with Write the beginning paragraph of an interesting story
told in first person. The story should have a plot and characters. The story should be about. . . and
continue with Write the next paragraph of the story, but now make it about...

Prompts used for ROI-driving story generation

For driving ROIs (Section 4), many explanations are related to locations, and so we append a suffix
to the prompt for reach paragraph (see Table A1) to help make paragraphs more distinct.

Table A1: Suffixes added to the prompt for generating the story paragraph for each ROI in UTS02.

ROI Driving explanation Suffix

RSC Travel and location names None
RSC-only Location names None
OPA Direction and location descriptions Avoid mentioning any specific location names

(like “New York” or “Europe”).
OPA-only Spatial positioning and directions Avoid mentioning any specific location names

(like “New York” or “Europe”).
PPA Scenes and settings Avoid mentioning any specific location names

(like “New York” or “Europe”).
PPA-only Unappetizing foods Avoid mentioning any specific location names

(like “New York” or “Europe”).
IPS Descriptive elements of scenes or objects Avoid mentioning any locations.
pSTS Verbal interactions Avoid mentioning any locations.
OFA Personal growth and reflection Avoid mentioning any locations.
sPMv Time and numbers Avoid mentioning any locations.
EBA Body parts Avoid mentioning any locations.
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A.2 Polysemanticity in voxels

A.2.1 Measuring voxel polysemanticity with question-answering encoding
models

To measure polysemanticity, we follow the setup proposed in [58], which evaluates explanations by
rephrasing them as yes-or no questions, annotating their answers using an LLM, then building an
encoding model from the answers. For each of the three subjects, we fit monosemantic encoding models
to each voxel by selecting the single-question encoding model (from the 606 single-question models
considered in [58]) that achieved the best cross-validation performance on the training set. We then
compare the performance of the single-question encoding model to the full encoding model.

Table A2 shows that single-question models achieve on average about half the predictive perfor-
mance of the full model (0.056 test correlation versus 0.104). The majority of voxels (79%) show
an improvement using the full model (Fig. A1). These results indicate that a single-question encod-
ing model is often insufficient to capture the selectivity of a voxel, supporting the presence of
polysemanticity in many voxels.

Table A2: Average voxelwise test correlation
achieved by two encoding models across sub-
jects. The full encoding model tends to out-
perform single-question monosemantic encoding
model of voxels, achieving roughly twice the test
correlation.

S01 S02 S03 AVG

Single-question 0.029 0.060 0.062 0.056
Full model 0.057 0.123 0.133 0.104

Fig. A1: Full encoding model tends to outperform single-question monosemantic encoding model of voxels. Across the
subjects, 79% of voxels show an voxels show an improvement when predicting the full model (70% for S01, 82% for S02,
and 85% for S03).
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A.2.2 Driving polysemantic voxels with GCT

We additionally run experiments seeking to drive explanations descriptions corresponding to the same
voxel. These experiments generate and test GCT stories in the same manner as testing individual
explanations (Fig. 1c) but differ in the way they source voxel descriptions. In our first investigation
(with subject S02), we select two explanations that both come from SASC, in the case that its
summaries of the top ngrams yield two distinct explanations. In our second investigation (now with
subject S03), we instead select two explanations that each come from a different encoding model. In
both cases, each story tests 8 voxels with two explanations each. We average the results over two
stories per subject.

We generally find that we are able to only successfully drive one of the two explanations we seek to
drive for an individual voxel (Fig. A2). We believe this is due to SASC’s overreliance on summarizing
top-driving ngrams, and could potentially be mitigated by summarizing a broader range of encoding
model inputs.
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Fig. A2: Results for driving polysemantic voxels. (a) Voxel response for driving paragraphs (blue) show a small
increase relative to the baseline responses of the remaining paragraphs (gray). Each voxel appears as two points connected
by a vertical line corresponding; each point shows the result when driving the voxel using a different explanation. Most
voxels are only driven successfully for a single explanation.

A.3 Story-level breakdowns

In this section, we show results for GCT at the level of individual stories. Fig. A3 shows the mean
driving voxel response across all subjects and settings. Fig. A4 stratifies these synthetic stories based
on the underlying prompt used to generate the stories and Fig. A5 shows results for these stories at
driving voxel clusters rather than individual voxels.

21



S1
 1

9
S1

 2
0

S2
 1

S2
 2

S2
 3

S2
 4

S2
 5

S2
 6

S3
 1

2
S3

 1
3

S1
 2

1
S1

 2
2

S2
 7

S2
 8

S3
 1

4
S3

 1
5

S2
 1

0
S2

 9
S3

 1
6

S3
 1

7
S2

 2
3

S2
 2

4
S2

 2
5

S2
 2

6

Story

0.0

0.1

0.2

0.3

0.4

M
ea

n 
dr

iv
in

g 
vo

xe
l r

es
po

ns
e 

(
)

Single-voxel
Multi-voxel
Polysemantic
ROI

Fig. A3: Different stories vary in their ability to drive voxels. There is large variance between the driving response
produced for different stories, even for the same subject. Driving response shows the difference from baseline paragraphs.
For ROI stories, this shows the average response of voxels in an ROI; for other stories this shows the average response of
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Fig. A4: Different prompts yield different driving performance. The driving ability of the generated story differs based
on the precise wording of the prompt. We compare two versions of the prompt, and find that results for version 1 are
noticeably better. Version 1 is our default prompt, described in Section A.1. Version 0 instead begins with Write the
beginning paragraph of an interesting story told in first person. The story should have a plot and characters. The story
should be about.. and transitions between paragraphs with the prompt Write the next paragraph of the story, but now
make it about.... Results show the 6 stories run for S02 in the default setting.
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Table A3: Head motion for different subjects during GCT sto-
ries. S01 shows substantially larger motion than the other two
subjects.

Subject
Average framewise
displacement (mm)

Fraction of TRs with framewise
displacement above 0.5 mm

S01 0.273 0.094
S02 0.108 0.000
S03 0.102 0.000
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Fig. A5: Clusters of voxels semantically related to the voxel cluster are driven, but less reliably than the target voxels
themselves. Voxel clusters group semantically similar voxels by using the learned ridge regression weights of the encoding
model. Results show the 6 stories run for S02 in the default setting.

A.4 Correlates and details of driving performance at the voxel level

In this section we provide additional analyses of what voxel-level factors inform whether driving
performance will succeed. The strongest correlate is the stability score, given in the main text (Fig. 4c).
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Fig. A6: Correlates of driving performance at the voxel level. (a) Ngram matching score, i.e. how well the driving
paragraphs match their generating explanations, does not correlate well with driving score. (b) Encoding driving score,
i.e. how well the driving paragraphs succeed in driving the encoding model, correlates well with driving score for 2 of the
3 subjects.
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Fig. A7: To confirm that generated paragraphs match the explanation used to construct them, a matching score was
computed for each explanation and paragraph by using an LLM to evaluate the fraction of trigrams in the paragraph
that are relevant to the paragraph’s generating explanation and then z-scoring the result. Each driving paragraph showed
a strong match with its generating explanation. Plot shows subject S01 and S03; plot for subject S02 shown in Fig. 4a.
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Fig. A8: To confirm that each driving paragraph effectively drives its corresponding encoding model, we computed the
predicted response in each selected voxel to each generated paragraph. This revealed strong matches for most voxels,
along with some matches between driving paragraphs and voxels with semantically similar explanations, e.g. directions
and locations. Plot shows subject S01 and S03, plot for subject S02 shown in Fig. 4b.

A.4.1 Noise ceilings for single-voxel driving

We attempted to estimate a ceiling on how well driving could be performed in principle using our
approach. Our noise ceiling approach uses the encoding model predictions as a baseline. These pre-
dictions are characteristically more extreme than driving performance actual data due to the heavy
feature loading our explanation-based approach entails, which drives the encoding model partly out-
of-distribution. We then scale these predictions according to a split-half reliability estimate and clip
extreme predictions to within biologically plausible ranges. The long prediction tail we see in Section
A.11 justifies this prediction-clipping approach.
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Recall that the driving value of our voxels is computed as the difference between the average
response in the given voxel in the driving paragraph against all other paragraphs.

dv = mat[v, v]− 1

n− 1

∑
j ̸=v

mat[v, j]

To attempt to determine how much of the signal that the encoding model predicts is actually
attainable, we compute the noise-corrected encoding model accuracy as

rcorrected,v =
rEM,v√
rsingle,v

where rsingle,v is the single-session TR-level split-half reliability for voxel v computed over ten
repeats of a standard naturalistic story from our original test set. As our final ceiling on driving
performance, we then compute:

dceiling,v(c) = rcorrected,v · dpred,v(c)

where dpred,v(c) is computed from EM predictions clipped to [−c, c] at the TR level before
paragraph averaging. The clipping threshold c is the sole free parameter; we report results for
c ∈ {2σ, 3σ, 4σ}.

Table A4: Per-voxel noise ceiling analysis. All driving scores in units of σ (z-scored
fMRI). Results below are presented for UTS02 as it is the only subject with 6
experiments per explanation. rEM: TR-level correlation between EM prediction and
fMRI on driving data. rs: single-session reliability (from 10 repeats of a natural
story). rc = rEM/

√
rs: noise-corrected EM accuracy. dpred: EM-predicted driv-

ing score (unclipped). dp(c): EM driving score after clipping predictions to [−c, c].
dceil(c) = rc · dp(c): combined ceiling. dact: observed driving score. The clipping
threshold c is the sole free parameter. dact is correlated with dpred (r = 0.67) show-
ing that voxels where the EM predicts a larger driving score tend to actually show
larger driving scores. Moreover, dact is also correlated with rEM (r = 0.5) showing
that voxels where the encoding model is more accurate on driving data also tend to
drive better.

c = 2σ c = 3σ c = 4σ

Explanation rEM rs rc dpred dp dceil dp dceil dp dceil dact

emotion 0.27 0.19 0.62 0.41 0.27 0.16 0.34 0.21 0.39 0.24 −0.11
surprise 0.19 0.17 0.47 1.38 1.00 0.47 1.27 0.60 1.38 0.65 −0.14
rejection 0.11 0.08 0.38 0.99 0.38 0.15 0.68 0.26 0.89 0.34 0.16
laughter 0.24 0.19 0.55 1.25 0.85 0.47 1.12 0.62 1.25 0.69 0.19
food preparation 0.32 0.08 1.17 1.61 1.06 1.24 1.40 1.64 1.60 1.87 0.60
time 0.08 0.17 0.18 2.25 1.73 0.32 2.07 0.38 2.21 0.41 0.16
birthdays 0.08 0.07 0.27 0.77 0.76 0.21 0.77 0.21 0.77 0.21 0.26
negativity 0.30 0.22 0.65 1.02 0.05 0.03 0.19 0.12 0.48 0.31 0.20
emotional expression 0.37 0.23 0.78 1.94 0.89 0.69 1.31 1.02 1.61 1.25 0.41
death 0.30 0.13 0.83 0.33 0.05 0.04 0.04 0.04 0.12 0.10 0.06
moments 0.34 0.21 0.74 1.84 1.15 0.85 1.45 1.07 1.62 1.19 0.37
injury/trauma 0.18 0.12 0.54 1.62 1.21 0.66 1.47 0.80 1.59 0.86 0.35
measurements 0.31 0.19 0.71 3.43 1.71 1.20 2.24 1.58 2.67 1.88 0.79
communication 0.33 0.07 1.22 1.33 0.52 0.64 0.88 1.08 1.17 1.43 0.51
directions 0.14 0.12 0.41 1.97 1.36 0.56 1.73 0.72 1.88 0.78 0.28
hair & clothing 0.08 0.06 0.34 1.30 1.28 0.44 1.30 0.45 1.30 0.45 −0.10
locations 0.38 0.21 0.83 1.90 1.08 0.90 1.47 1.23 1.70 1.42 0.46
Mean 0.24 0.15 0.63 1.49 0.90 0.53 1.16 0.71 1.33 0.83 0.26
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Table A5: Sensitivity of the noise ceiling to the clipping threshold
(mean across 17 voxels). As the EM predictions are frequently far out
of distribution (in excess of 10sigma) we clip them to a chosen value
c. The choice of c varies our noise ceiling.

Clip c Justification dpred(c) dceiling(c) dact/dceil
2.0σ fMRI 99th percentile 0.902σ 0.530σ 49%
3.0σ fMRI 99.8th percentile 1.160σ 0.706σ 37%
4.0σ fMRI max (single session) 1.330σ 0.827σ 32%
∞ No clipping 1.491σ 0.945σ 28%

A.5 Driving method variations

In this paper, we propose GCT as a way to test the driving power of explanations, using stories
generated by prompting an LLM with the explanations. This approach is useful in that it allows
testing an explanation, but removing this constraint allows for alternative methods to generate a
driving stimulus exist. In this section, we explore alternative methods for driving a brain region given
a fitted encoding model for that brain region.

A.5.1 Representation-engineering based driving

To drive our encoding models without explanatory constraints, we first consider a representation
engineering approach [59, 60]. This approach works by modifying the inference procedure for text gen-
eration: before generating a token, this approach pushes the hidden representation along the gradient
of a steering model (in our case, along the linear direction in hidden space provided by an encoding
model’s weights). Intuitively, this change should help create generations that drive the steering model.

To run representation engineering, we require an encoding model which uses hidden representations
from the same model that will be generating the stimulus. For this purpose, we train an encoding
model based on hidden embeddings from LLaMA-3 70B [61], which has shown stronger generation
performance than the encoding models used in the main text (LLaMA-1 and OPT) and is open source,
allowing us to extract hidden embeddings from it. For each subject, we swept over 5 layers from
LLaMA-3 70B (meta-llama/Meta-Llama-3-70B, layers 6, 12, 18, 24, 30). We train each encoding model
on a sliding 10-gram window, which has been shown to achieve strong predictive performance [62] and
the use of a relatively short context can help improve steering. We select the best layer using cross-
validation and then report its test performance across three test stories:Where There’s Smoke (average
of 10 repeats), On Approach To Pluto (average of 5 repeats), and From Boyhood To Fatherhood
(average of 5 repeats). For subject S02, the selected layer was 36 and the mean test correlation across
voxels was 0.106. For subject S03, the selected layer was layer 24 and the mean test correlation was
0.145.

Given this encoding model, we now leverage it to generate driving paragraphs via representation-
engineering. This requires selecting a hyperparameter that controls the amount of steering applied,
with higher amounts generally increasing the driving of the encoding model. However more steering
also moves the LLM’s hidden representation more out of distribution, potentially removing the LLM’s
ability to generate text. For example, at very high values of the steering parameter, the model often
devolves into repeatedly outputting the same token. We sweep over 40 log-spaced parameters from 102

to 105 and apply representation engineering using encoding models for the 8 ROIs shown in Fig. 2a,
prompting the model to generate the first paragraph of a story (and limiting it to generating 100
tokens) for subject S02 and S03. We evaluate the ability of the generated stories to then drive the main
encoding model used throughout the experiments in our paper (based on LLaMA-1, see Methods).
Fig. A9 shows that when tuned properly, representation engineering succeeds in significantly driving
encoding model response for subject S02 but fails for S03 (in that case overfitting to peculiarities in
the LLaMA-3 70B used during representation engineering).
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Fig. A9: Tuning steering hyperparameter for representation steering for subject S02 (left) and S03 (right).
Driving value increases as steering parameter increases, but then decreases as text sampling degenerates. This can be seen
clearly as the perplexity (bottom row) increases along with the steering parameter. Orange point shows parameter which
maximizes the driving value, and green point shows a point selected to balance driving value and perplexity. Averaged
over three randomly generated paragraphs for each of the 8 ROIs. Error bars show standard error of the mean.

Having selected a hyperparameter that successfully generates individual paragraphs that drive
the S02 encoding model, we now seek to generate driving stories, i.e. stories where each paragraph
alternates between driving the encoding model for each of the 11 ROI settings shown in Fig. 2a.
Fig. A10 shows the encoding model driving score when generating stories with different method
variations.
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Fig. A10: Driving score for encoding, when generating stories for different variations for subject S02. GCT
achieves a higher driving score than representation-steering based methods. Encoding model driving score measures the
driving of the LLaMA-1 encoding model used throughout the paper (see Methods). Results are averaged over three
randomly generated stories for the 11 ROI settings shown in Fig. 2a. Error bars show standard error of the mean.
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We initially try selecting the hyperparameter λ that maximizes the driving value for individual
paragraphs (Fig. A9 orange point), but find that it does not yield a strong driving score. Different
variations, such as decreasing the steering parameter (to the green point in Fig. A9) or increasing the
sampling temperature (from 0.8 to 1.2) yield little improvement. One variation that yields reasonable
stories prompts GPT-5 [63] to complete the end of a paragraph with the prompt “Return one and
a half concluding sentences for the text. The concluding sentences should start a story, rather than
being repetitive.” This helps avoid overly repetitive stories and improves encoding model driving.
Nevertheless, this hybrid strategy yields considerably worse driving performance than independent
paragraphs, which in turn yields considerably worse driving performance than GCT. This suggests
that representation-engineering based driving struggles to achieve the same driving performance as
GCT for this set of targets.

A.5.2 Stimulus selection-based checkerboard driving

To test the limits of our voxel-driving paradigm, we further examine whether they can be used directly
to produce arbitrary activation patterns if explanatory considerations were dropped. The experimental
pipeline for this test is shown in Fig. A11a. We select a location on the cortical surface to drive by
searching our training dataset for areas that contain at least one response from our training dataset
with a high cosine similarity to a target checkerboard pattern. We choose a checkerboard pattern for
this experiment to demonstrate that driving can be achieved even for relatively complex targets, so
long as the target is biologically possible.

High 
Variance

Story
f

a b

Fig. A11: (a) A suitable location for a target checkerboard pattern is chosen from prefrontal cortex by cross-referencing
the target pattern with a pre-generated fMRI passive listening dataset. (b) A subject listens to a story that elicits high
variance for the checkerboard pattern. We reconstruct the target pattern from the data by weighting the response at
each timepoint by its predicted similarity to the target pattern. The reconstruction partially recovers the target pattern,
achieving reasonably high correlation with the target pattern.

We demonstrate that we can partially manifest a checkerboard pattern in prefrontal cortex. As the
checkerboard pattern is fairly unnatural, we aim to reconstruct the checkerboard from the response
pattern rather than directly drive it (Fig. A11b). We compute the sum of the responses for the voxels
in the checkerboard location across a single high-variance story, weighted by the cosine similarity of
the responses to the target pattern. This results in a pattern that bears some resemblance to the
desired checkerboard (pearson correlation coefficient ρ = 0.67).
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A.5.3 Decoding-based checkerboard driving

Predicted Ground Trutha b

Fig. A12: Driving with language decoding We used a beam-search language decoding algorithm designed to recover
semantic content from fMRI responses to attempt to drive neural response. (a) The target response was “decoded” as
if it were a real response and the “decoded” stimuli was then presented to the subject to attempt driving the target
response. The result was then compared to the target. Predicted : The predicted response of the Bayesian decoder during
a story designed to drive a checkerboard pattern in prefrontal cortex. Ground Truth: Our best case outcome over 4
trials of driving the checkerboard pattern. (b) Results for this driving paradigm were unreliable due to the worse quality
of generated stimuli compared to the podcast training dataset and the LLM-crafted GCT stories. GCT stories show
substantially higher single-trial encoding performance than the “decoded” stimuli. Results shown for UTS02, measured
over 6 stories in GCT setting, 2 for decoded setting. Both results show the performance of an encoding model trained on
the OPT-30B model, with representations from layer 33.

We additionally attempted to use a decoding paradigm drive a checkerboard pattern in prefrontal
cortex. This approach treated the target pattern to be driven as if it were a brain that could be directly
decoded using an established language decoding algorithm [54]. Briefly, this method employs beam-
search based combined with an LLM to generate a plausible contiguous stimuli that is maximally likely
to have produced the observed response conditional on the noise covariance in the fMRI data. The
“decoded” output was then fed into ChatGPT to improve its linguistic coherence, and then presented
to the subject to see if it would produce the target response. An example excerpt of a “story” generated
by this method is presented below, with section of the text in blue if it was expected to suppress the
checkerboard (drive the blue portions of the pattern from A11 and suppress the red portions) and
red if it was expected to drive the checkerboard (drive the red portions of the pattern from A11 and
suppress the blue portions):

We need to ascertain who sent a letter, or why someone would send such a letter,

requesting an address to be posted but not mailed. The letter also asked for an

explanation as to why I had written it and included my personal information for use

as evidence. This occurred when I was in my early twenties, a few years before my

first memory of my mother when she was just over two and a half years old.

I was about five or six at the time, and it was the early twenties of a few years

before my life took a turn for the worse. My parents decided that I could use their

credit card and asked me to send them an email explaining why I needed it...

This decoding-based driving method successfully produced text that periodically changed its theme
in accordance with the underlying predictions of our encoding model, however, it failed to consistently
produce the intended response pattern in the subject (Fig. A12a). We hypothesize several reasons for
this failure, primarily that the resultant “stories” were highly out-of-distribution (in contrast to the
GCT stories) and difficult to parse and that the target pattern may not be a biologically plausible
configuration of the BOLD response. The encoding performance of these decoded stories is far lower
than the performance of the GCT stories (Fig. A12b), giving credence to the theory that the decoded
stories did not generalize well.
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A.5.4 Selectively driving pairs of voxels through prompting

Useful and explanatory scientific theories are robust to unrelated distributional shifts. For example, if a
region or voxel is selective for food concepts, then that region should remain selective for food concepts
even if those concepts cooccur with unrelated semantic concepts. In order to test this independence of
our generated explanations, we test whether GCT can be used to simultaneously drive pairs of voxels
in different areas across the brain.

Fig. A13a shows the multi-voxel driving pipeline. Pairs of voxels with semantically independent
generated explanations are selected and stimuli are generated so that the stimuli have the following
pattern: (i) the first voxel is driven without respect to the second voxel by using the explanation for
that voxel, (ii) then both are driven simultaneously with a generated stimulus that contains both
generated explanations, and then (iii) only the second voxel is driven without respect to the first voxel.
Fig. A13b demonstrates that we are able to effectively combine the voxel-level explanations to drive
separate voxels at the same time, or independently drive one without driving the other. This shows
that the generated explanations are resilient to unrelated semantic interventions, demonstrating that
they do not work merely because they tend to semantically co-occur with stimuli that actually drives
those voxels.

Ti
m
e

Multi-voxel Driving

Write the beginning paragraph of a 
story, making it about physical injury 
and birthdays...

On her thirtieth birthday, Ellie found 
herself limping painfully…

Continue the story, but now make it 
only about birthdays…

…

Voxel Explanation 
Candidates

a b

Voxel v1 is selective for 
physical injury

Voxel v2 is selective for 
birthdays

…

Vo
xe

l r
es

po
ns

e
Drive v1 Drive v1 & v2 Drive v2 

Baseline
v1

v2

Fig. A13: LLM stories can selectively drive fMRI responses for pairs of voxels. (a) The pipeline for selectively
driving a pair voxels generates explanations on a per voxel basis and prompts an LLM to generate paragraphs that either
drive an individual voxel or a pair of voxels. (b) Voxel response when alternating between driving a single voxel (blue)
or a pair of voxels (purple) generally succeeds in driving relative to the baseline (gray dotted line).

A.5.5 Text-based driving vs. auditory driving

The GCT pipeline in the main text used visual stimuli (i.e. reading) as opposed to auditory stimuli
to drive voxel activation. Given that our original stimuli used to train our encoding models were
auditory, it is reasonable to ask what the effect of this choice is on our driving performance. We
used a text-to-speech API provider (Eleven Labs) to create auditory equivalents of our stories and
evaluated the driving effects on a single subject (UTS02) over 5 of the stories originally presented to
that subject. We find that driving performance is slightly worse in audition (Fig. A14) although still
statistically significant on average across all stimuli (p < 0.01, t-test). One explanation for this reduced
performance is that the Eleven Labs text-to-speech model is still imperfect, and sometimes generates
speech that can come across as artificial, creating a distribution shift from the original speech used
to train the encoding models. Fig. A14 shows these results broken down over the 17 voxels for which
driving was attempted (corresponding to the driving results in Fig. 1e).
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Fig. A14: Auditory stimuli can be similarly used to drive voxelwise activation. Bar plot shows the average
driving performance across explanations, averaged over the same five stories during auditory and visual presentation in
one subject (UTS02). We find that auditory stimuli are effective at driving voxelwise activation using GCT (p < 0.01),
although less-so than visual stimuli. Error bars show standard error.

A.6 Location-ROI extended results

RSC:  Travel and location names
PPA:  Scenes and settings
OPA:  Direction and location descriptions
RSC-only: Location names
PPA-only:  Unappetizing foods
OPA-only: Spatial positioning & directions

RSC: Travel and location names
PPA: Scenes and settings
OPA: Direction and location descriptions
RSC-only: Location names
PPA-only:  Garbage, food, and household items
OPA-only: Self-reflection and growth

a: S02 b: S03

Fig. A15: Extended results for Fig. 2c for subject S03 in addition to S02. We focused on three ROIs that are known to
have similar selectivity for place concepts: retrosplenial cortex (RSC), the parahippocampal place area (PPA), and the
occipital place area (OPA). When explanations were generated for each ROI independently we found that each ROI was
driven by all three driving paragraphs (left side). To distinguish these ROIs, we used GCT to find new explanations and
construct stories that would selectively drive each area while suppressing the other two. Testing these stories in an fMRI
experiment showed that in subject S02 we succeeded in finding selective explanations for two ROIs: RSC is selectively
driven by location names and PPA by unappetizing foods. However, the explanation for OPA, spatial positioning &
directions, drove responses in all three ROIs (right side). In subject S03, we succeed for all three ROIs. GCT explanations
are the same for 4 of the 6 ROIs between the two subjects.
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A.7 Language network driving extended results

Fig. A16: Driving explanations and driving scores for selectively driving the five language network regions (i.e. driving
the difference between a region and the average of the others) in Fig. 3c for S02 (left) and S03 (right). Diagonal elements
show driving scores corresponding to the driving explanation and are generally not very positive.
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Fig. A17: Explanations and driving scores for the five language network regions in Fig. 3c for S02 and S03. Region
responses show considerable similarity within each subject, but major differences across the two subjects.
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A.8 Cortex-wide GCT driving patterns

A.8.1 Using GCT to distinguish to de-correlate explanations with high
semantic similarity

Fig. A18: Response contrast maps for semantically correlated categories that have been explicitly de-correlated. The
LLM was prompted to generate stories that contain mentions of, for example, text that mentions relationship n-grams
but explicitly does not contain dialogue or introspection n-grams. We find that explicitly de-correlating semantics can
lead to wider variability in selectivity patterns.

We evaluated whether GCT could be used to de-correlate semantically correlated explanations to
produce activation patterns. Specifically, in cases where two explanations were semantically correlated
(see Fig. 4 and A7 for further details), we attempted to see if by explicitly ablating the semantic
correlation through prompting, that we could produce novel activation patterns in high-level regions
such as prefrontal cortex. We took sets of concepts from our explanation set that were likely to show
up simultaneously according to the results in Fig. 4 and A7 and prompted an instruction-finetuned
LLM to generate stories that explicitly excluded one of these concepts while retaining the others.
Fig. A18 shows an example comparison of this type performed between three similar explanations
with cooccurrent n-gram selectivity. We find that the activation maps to these concepts are fairly
consistent between subjects but different once they have been semantically decorrelated. This suggests
that GCT could improve our interpretation of brain selectivity from studies that use natural language
stimuli, where these kinds of semantic correlations abound.

A.8.2 Comparing GCT explanation contrasts to Eng1000 encoding model
weights.

Table A6 shows the correlation between weights from an Eng1000 encoding model (an interpretable
encoding model from a prior work [30]) and average cortical responses to GCT paragraphs.
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Table A6: Correlation between Eng1000 encoding model weights and average cortical responses
to GCT paragraphs. Eng1000 builds an encoding model feature space using co-occurence with a set of
985 words, yielding a weight for each word and voxel pair that can together be interpreted as a cortical
selectivity map [30]. We fit the Eng1000 encoding model following the same pipeline used to fit the encoding
models in the main text (see Methods); it achieves a test correlation of 0.101 for S03, 0.095 for S02. For
each GCT explanation used in the single-voxel driving experiments, we then find the closest match between
the explanation and a word in Eng1000, shown in the table. For S03, no close match was found for ‘conflict
resolution’, ‘communication’, ‘movement or action’, ‘vomiting, sickness’. For S02, no close match was found
for ‘rejection’, ‘emotion’, ‘emotional expression’, ‘time’, ‘communication’. We then compute the correlation
between the average GCT responses for an explanation and the corresponding matched Eng1000 encoding
model weights. Before computing the correlation, we mask both maps to the 10% of voxels that are top-
predicted by the Eng1000 model (to avoid noise). The correlations are generally positive, particularly for
subject S02 (for which 6 GCT stories were run, whereas only 2 were run for S03). The average correlation for
S02 was 0.2492 (p-value 0.0140; permutation test comparing against correlations between Eng1000 encoding
model weights) and for S03 was 0.0945 (p-value: 0.2130).

S02 GCT explanation Eng1000 word Correlation

measurements measure 0.457
food preparation cook 0.428
laughter laugh 0.427
birthdays birthday 0.322
locations place 0.268
directions place 0.258
physical injury or trauma hurt 0.242
negativity bad 0.233
hair and clothing clothes 0.182
moments moment 0.166
surprise surprise 0.080
death die -0.071

S03 GCT explanation Eng1000 word Correlation

agreement and questioning agree 0.707
locations place 0.527
physical injury hurt 0.215
negative experiences trouble 0.167
food and drinks drink 0.136
body language body 0.132
action or movement move 0.097
age age 0.045
numbers or measurements measure -0.088
love and joy love -0.093
age age -0.114
family and relationships family -0.118
numbers number -0.385
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A.8.3 Cortex-wide GCT explanation contrasts

Fig. A19: Explanation contrast for all tested explanations in S01. Arrows indicate source voxel where driving was
attempted.

35



Fig. A20: Explanation contrast for all tested explanations in S02. Arrows indicate source voxel where driving was
attempted.
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Fig. A21: Explanation contrast for all tested explanations in S03. Arrows indicate source voxel where driving was
attempted.

A.9 Encoding model performance

Table A7: Prediction performance (test
correlation) for the two encoding models
used here, along with a word-rate base-
line.

S01 S02 S03 AVG

LLaMA 0.08 0.15 0.17 0.13
OPT 0.08 0.14 0.16 0.13
Word-rate 0.04 0.03 0.03 0.03
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Fig. A22: Voxelwise prediction performance (test correlation) for the two encoding models measured here on naturalistic
stories, along with a word-rate baseline.

A.10 Temporal Bleed effect
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Fig. A23: Measurement of driving patterns in adjacent paragraphs. We observe no ”temporal bleed” effect where adjacent
paragraphs drive response in their corresponding voxel, in fact, there appears to a slight suppressive effect (−0.119σ).
Driving effects largely appear to be temporally localized within paragraph boundaries. Result shown for UTS02. Bars
show standard error.
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A.11 Distributional Analysis
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Fig. A24: Distributional analysis of encoding model predictions and driving/naturalistic fMRI ground truth. We find
that the encoding model Result shown for UTS02 voxels. Left: Distribution of responses on ground truth data in both
naturalistic and driving stories as well as the predictions for the driving stories. We see that the encoding model system-
atically overestimates the driving value. Right: Survival function for the same distributions. The tail is much longer for
driving predictions, justifying the clipping approach in our driving ceiling analysis
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