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Abstract

Large language models (LLMs) have rapidly improved text embeddings for a grow-
ing array of natural-language processing tasks. However, their opaqueness and
proliferation into scientific domains such as neuroscience have created a growing
need for interpretability. Here, we ask whether we can obtain interpretable em-
beddings through LLM prompting. We introduce question-answering embeddings
(QA-Emb), embeddings where each feature represents an answer to a yes/no ques-
tion asked to an LLM. Training QA-Emb reduces to selecting a set of underlying
questions rather than learning model weights.
We use QA-Emb to flexibly generate interpretable models for predicting fMRI voxel
responses to language stimuli. QA-Emb significantly outperforms an established
interpretable baseline, and does so while requiring very few questions. This paves
the way towards building flexible feature spaces that can concretize and evaluate
our understanding of semantic brain representations. We additionally find that
QA-Emb can be effectively approximated with an efficient model, and we explore
broader applications in simple NLP tasks.1

1 Introduction

Text embeddings are critical to many applications, including information retrieval, semantic clustering,
retrieval-augmented generation, and language neuroscience. Traditionally, text embeddings leveraged
interpretable representations such as bag-of-words or BM-25 [1]. Modern methods often replace these
embeddings with representations from large language models (LLMs), which may better capture
nuanced contexts and interactions [2–7]. However, these embeddings are essentially black-box
representations, making it difficult to understand the predictive models built on top of them (as well
as why they judge different texts to be similar in a retrieval context). This opaqueness is detrimental
in scientific fields, such as neuroscience [8] or social science [9], where trustworthy interpretation
itself is the end goal. Moreover, this opaqueness has debilitated the use of LLM embeddings (for
prediction or retrieval) in high-stakes applications such as medicine [10], and raised issues related to
regulatory pressure, safety, and alignment [11–14].

To ameliorate these issues, we introduce question-answering embeddings (QA-Emb), a method that
builds an interpretable embedding by repeatedly querying a pre-trained autoregressive LLM with a
set of questions that are selected for a problem (Fig. 1). Each element of the embedding represents

1All code for QA-Emb is made available on Github at � github.com/csinva/interpetable-embeddings.
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Figure 1: QA-Emb produces an embedding for an input text by prompting an LLM with a series
of yes/no questions. This embedding can then be used in downstream tasks such as fMRI response
prediction or information retrieval.

the answer to a different question asked to an LLM, making the embedding human-inspectable. For
example, the �rst element may be the answer to the questionDoes the input mention time?and the
output would mapyes/no to 1/0. Training QA-Emb requires only black-box access to the LLM (it
does not require access to the LLM internals) and modi�es only natural-language prompts, rather
than LLM parameters. The learning problem is similar to the optimization faced in natural-language
autoprompting [15, 16] or single-neuron explanation [17, 18], but seeks a set of questions rather than
an individual prompt.

We focus on a single neuroscience problem in close collaboration with neuroscientists. Grounding in a
neuroscience context allows us to avoid common pitfalls in evaluating interpretation methods [19, 20]
that seek to test “interpretability” generally. Additionally, this focus allows to more realistically
integrate domain knowledge to select and evaluate the questions needed for QA-Emb, one of its core
strengths. Nevertheless, QA-Emb may be generally applicable in other domains where it is important
to meaningfully interpret text embeddings.

In our neuroscience setting, we build QA-Emb representations from natural-language questions that
can predict human brain responses measured by fMRI to natural-language stimuli. This allows for
converting informal verbal hypotheses about the semantic selectivity of the brain into quantitative
models, a pressing challenge in �elds such as psychology [21]. We �nd that predictive models built on
top of QA-Embs are quite accurate, providing a 26% improvement over an established interpretable
baseline [22] and even slightly outperforming a black-box BERT baseline [23]. Additionally, QA-
Emb yields concise embeddings, outperforming the interpretable baseline (that consists of 985
features) with only 29 questions.

We investigate two major limitations of QA-Emb in Sec. 5. First, with regards to computational
ef�ciency, we �nd that we can drastically reduce the computational cost of QA-Emb by distilling it
into a model that computes the answers to all selected questions in a single feedforward pass by using
many classi�cation heads. Second, we evaluate the accuracy of modern LLMs at reliably answering
diverse yes/no questions. Finally, Sec. 6 explores broader applications for QA-Emb in a simple
information retrieval setting and text-clustering setting.

2 Methods

QA-Emb is an intuitive method to generate text embeddings from a pre-trained autoregressive LLM
(Fig. 1). Given a text input, QA-Emb builds an interpretable embedding by querying the LLM with a
set of questions about the input. Each element of the embedding represents the answer to a different
question asked to an LLM. This procedure allows QA-Emb to capture nuanced and relevant details in
the input while staying interpretable.
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Learning a set of yes/no questions QA-Emb requires specifying a set of yes/no questionsQ 2
Qyes/nothat yield a binary embeddingvQ (x) 2 f 0; 1gd for an input stringx. The questions are chosen
to yield embeddings that are suitable for a downstream task. In our fMRI prediction task, we optimize
for supervised linear regression: given a list ofn input stringsX and a multi-dimensional continuous
outputY 2 Rnxd , we seek embeddings that allow for learning effective ridge regression models:

Q = argmin
Q2Q yes/no
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where� is a learned coef�cient vector for predicting the fMRI responses and� is the ridge regulariza-
tion parameter.

Directly optimizing over the space of yes/no questions is dif�cult, as it requires searching over a
discrete space with a constraint setQyes/nothat is hard to specify. Instead, we heuristically optimize
the set of questionsQ, by prompting a highly capable LLM (e.g. GPT-4 [24]) to generate questions
relevant to our task, e.g.Generate a bulleted list of questions with yes/no answers that is relevant for
{{task description}}. Customizing the task description helps yield relevant questions. The prompt
can �exibly specify more prior information when available. For example, it can include examples
from the input dataset to help the LLM identify data-relevant questions. Taking this a step further,
questions can be generated sequentially (similar to gradient boosting) by having the LLM summarize
input examples that incur high prediction error to generate new questions focused on those examples.
While we focus on optimizing embeddings for fMRI ridge regression in Eq. (1), different downstream
tasks may require different inner optimization procedures, e.g. maximizing the similarity of relevant
documents for retrieval.

Post-hoc pruning ofQ. The set of learned questionsQ can be easily pruned to be made compact
and useful in different settings. For example, in our fMRI regression setting, a feature-selection
procedure such as Elastic net [25] can be used to remove redundant/uninformative questions from the
speci�ed set of questionsQ. Alternatively, an LLM can be used to directly adaptQ to yield task-
speci�c embeddings. Since the questions are all in natural language, they can be listed in a prompt,
and an LLM can be asked to �lter the task-relevant ones, e.g.Here is a list of questions:{{question
list}} List the subset of these questions that are relevant for {{task description}}.

Limitations: computational cost and LLM inaccuracies. While effective, the QA-Emb pipeline
described here has two major limitations. First, QA-Emb is computationally intensive, requiringd
LLM calls to compute an embedding. This is often prohibitively expensive, but may be worthwhile
in high-value applications (such as our fMRI setting) and will likely become more tenable as LLM
inference costs continue to rapidly decrease. We �nd that we can dramatically reduce this cost by
distilling the QA-Emb model into a single LLM model with many classi�cation heads in Sec. 5.1.
Otherwise, LLM inference costs are partially mitigated by the ability to reuse the KV-cache for
each question and the need to only generate a single token for each question. While computing
embeddings with QA-Emb is expensive,searchingembeddings is made faster by the fact that the
resulting embeddings are binary and often relatively compact.

Second, QA-Emb requires that the pre-trained LLM can faithfully answer the given yes-no questions.
If an LLM is unable to accurately answer the questions, it hurts explanation's faithfulness. Thus,
QA-Emb requires the use of fairly strong LLMs and the set of chosen questions should be accurately
answered by these LLMs (Sec. 5.2 provides analysis on the question-answering accuracy of different
LLMs).

Hyperparameter settings For answering questions, we average the answers from
Mistral-7B [26] (mistralai/Mistral-7B-Instruct-v0.2 ) and LLaMA-3 8B [27]
(meta-llama/Meta-Llama-3-8B-Instruct ) with two prompts. All perform similarly and
averaging their answers yields a small performance improvement (Table A2). For generating
questions, we prompt GPT-4 [24] (gpt-4-0125-preview ). Experiments were run using 64 AMD
MI210 GPUs, each with 64 gigabytes of memory, and reproducing all experiments in the paper
requires approximately 4 days (initial explorations required roughly 5 times this amount of compute).
All prompts used and generated questions are given in the appendix or on Github.
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3 Related work

Text embeddings Text embeddings models, which produce vector representations of document
inputs, have been foundational to NLP. Recently, transformer-based models have been trained to
yield embeddings in a variety of ways [2–7], including producing embeddings that are sparse [28]
or have variable lengths [29]. Recent works have also leveraged autoregressive LLMs to build
embeddings, e.g. by repeating embeddings [30], generating synthetic data [6, 31], or using the last-
token distribution of an autoregressive LLM as an embedding [32]. Similar to QA-Emb, various works
have used LLM answers to multiple prompts for different purposes, e.g. text classi�cation [33–35],
learning style embeddings [36], or data exploration [37].

Interpreting representations A few works have focused on building intrinsically interpretable
text representations, e.g. word or ngram-based embeddings such as word2vec [38], Glove [39],
and LLM word embeddings. Although their dimensions are not natively interpretable, for some
tasks, such as classi�cation, they can be projected into a space that is interpretable [40], i.e. a
word-level representation. Note that it is dif�cult to learn a sparse interpretable model from these
dense embeddings, as standard techniques (e.g. Elastic net) cannot be directly applied.

When instead using black-box representations, there are many post-hoc methods to interpret embed-
dings, e.g. probing [41, 42], categorizing elements into categories [43–46], categorizing directions
in representation space [47–50], or connecting multimodal embeddings with text embeddings/text
concepts [51–55]. For a single pair of text embeddings, prediction-level methods can be applied to
approximately explain why the two embeddings are similar [56, 57].

Natural language representations in fMRI Using LLM representations to help predict brain
responses to natural language has recently become popular among neuroscientists studying language
processing [58–63] (see [64, 65] for reviews). This paradigm of using “encoding models” [66] to
better understand how the brain processes language has been applied to help understand the cortical
organization of language timescales [67, 68], examine the relationship between visual and semantic
information in the brain [69], and explore to what extent syntax, semantics, or discourse drives brain
activity [22, 70–77, 18]. The approach here extends these works to build an increasingly �exible,
interpretable feature space for modeling fMRI responses to text data.

4 Main results: fMRI interpretation

A central challenge in neuroscience is understanding how and where semantic concepts are represented
in the brain. To meet this challenge, we extend the line of study that �ts models to predict the response
of different brain voxels (i.e. small regions in the brain) to natural language stimuli. Using QA-Emb,
we seek to bridge models that are interpretable [1, 22] with more recent LLM models that are accurate
but opaque [58–60].

4.1 fMRI experimental setup

Dataset We analyze data from two recent studies [78, 79] (released under the MIT license), which
contain fMRI responses for 3 human subjects listening to 20+ hours of narrative stories from podcasts.
We extract text embeddings from the story that each subject hears and �t a ridge regression to predict
the fMRI responses (Eq. (1)). Each subject listens to either 79 or 82 stories (consisting of 27,449
time points) and 2 test stories (639 time points); Each subject's fMRI data consists of approximately
100,000 voxels; we preprocess it by running principal component analysis (PCA) and extracting the
coef�cients of the top 100 components.

Regression modeling We �t ridge regression models to predict these 100 coef�cients and evaluate
the models in the original voxel space (by applying the inverse PCA mapping and measuring the
correlation between the response and prediction for each voxel). We deal with temporal sampling
following [22, 60]; an embedding is produced at the timepoint for each word in the input story and
these embeddings are interpolated using Lanczos resampling. Embeddings at each timepoint are
produced from the ngram consisting of the 10 words preceding the current timepoint. We select the
best-performing hyperparameters via cross-validation on 5 time-strati�ed bootstrap samples of the
training set. We select the best ridge parameters from 12 logarithmically spaced values between 10
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and 10,000. To model temporal delays in the fMRI signal, we also select between adding 4, 8, or 12
time-lagged duplicates of the stimulus features.

Generating QA-Emb questions To generate the questions underlying QA-Emb, we prompt GPT-4
with 6 prompts that aim to elicit knowledge useful for predicting fMRI responses (precise prompts
in Appendix A.3). This includes directly asking the LLM to use its knowledge of neuroscience, to
brainstorm semantic properties of narrative sentences, to summarize examples from the input data,
and to generate questions similar to single-voxel explanations found in a prior work [18]. This process
yields 674 questions (Fig. 1 and Table A1 show examples, see all questions on Github). We perform
feature selection by running multi-task Elastic net with 20 logarithmically spaced regularization
parameters ranging from10� 3 to 1 and then �t a Ridge regression to the selected features.2 See
extended details on the fMRI experimental setup in Appendix A.1 and all prompts in Appendix A.3.

Baselines We compare QA-Emb to Eng1000, an interpretable baseline developed in the neuro-
science literature speci�cally for the task of predicting fMRI responses from narrative stories [22].
Each element in an Eng1000 embedding corresponds to a cooccurence statistic with a different word,
allowing full interpretation of the underlying representation in terms of related words. We additionally
compare to embeddings from BERT [23] (bert-base-uncased ) and LLaMA models [81, 27]. For
each subject, we sweep over 5 layers from LLaMA-2 7B (meta-llama/Llama-2-7b-hf , layers
6, 12, 18, 24, 30), LLaMA-2 70B (meta-llama/Llama-2-70b-hf , layers 12, 24, 36, 48, 60),
and LLaMA-3 8B (meta-llama/Meta-Llama-3-8B , layers 6, 12, 18, 24, 30), then report the test
performance for the model that yields the best cross-validated accuracy (see breakdown in Table A3).

4.2 fMRI predictive performance

We �nd that QA-Emb predicts fMRI responses fairly well across subjects (Fig. 2A), achieving
an average test correlation of 0.116. QA-Emb signi�cantly outperforms the interpretable baseline
Eng1000 (26% average improvement). Comparing to the two transformer-based baselines (which
do not yield straightforward interpretations), we �nd that QA-Emb slightly outperforms BERT (5%
improvement) and worse than the best cross-validated LLaMA-based model (7% decrease). Trends
are consistent across all 3 subjects.

To yield a compact and interpretable model, Fig. 2B further investigates the compressibility of the two
interpretable methods (through Elastic net regularization). Compared to Eng1000, QA-Emb improves
performance very quickly as a function of the number of features included, even outperforming
the �nal Eng1000 performance with only 29 questions (mean test correlation 0.122 versus 0.118).
Table A1 shows the 29 selected questions, which constitute a human-readable description of the
entire model.

Fig. 2C-D further break down the predictive performance across different brain regions for a particular
subject (S03). The regions that are well-predicted by QA-Emb (Fig. 2C) align with language-speci�c
areas that are seen in the literature [59, 82]. They do not show any major diversions from transformer-
based encoding models (Fig. 2D), with the distribution of differences being inconsistent across
subjects (see Fig. A1).

4.3 Interpreting the �tted representation from QA-Emb

The QA-Emb representation enables not only identifying which questions are important for fMRI
prediction, but also mapping their selectivity across the cortex. We analyze the QA-Emb model which
uses 29 questions and visualize the learned regression weights for different questions. Fig. 3 shows
example �atmaps of the regression coef�cients for 3 of the questions across the 2 best-predicted
subjects (S02 and S03). Learned feature weights for the example questions capture known selectivity
and are highly consistent across subjects. In particular, the weights for the question "Does the
sentence involve a description of a physical environment or setting?" captures classical place areas
including occipital place area [83] and retrosplenial complex [84], as well as intraparietal sulcus [85].
The weights for the question "Is the sentence grammatically complex?" bear striking similarity to the
language network [82, 86], which is itself localized from a contrast between sentences and nonwords.
Other questions, such as "Does the sentence describe a physical action?", which has strong right

2We run Elastic net using the MultiTaskElasticNet class from scikit-learn [80].
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Figure 2: Predictive performance for QA-Emb compared to baselines. (A) Test correlation for QA-
Emb outperforms the interpretable Eng1000 baseline, is on par with the black-box BERT baseline,
and is worse than the best-performing LLaMA model. (B) Test correlation for method quickly grows
as a function of the number of included questions. (C) Test correlation per voxel for QA-Emb. (D)
Difference in the test correlation per voxel for subject between QA-Emb and BERT. Error bars for
(A) and (B) (standard error of the mean) are within the points (all are below 0.001). (B), (C), and (D)
show results for subject S03.

Table 1: Mean test correlation when comparing QA-Emb computed via many LLM calls to QA-Emb
computed via a single distilled model. Distillation does not signi�cantly degrade performance. All
standard errors of the mean are below10� 3.

QA-Emb QA-Emb (distill, binary) QA-Emb (distill, probabilistic) Eng1000

UTS01 0.081 0.083 0.080 0.077
UTS02 0.124 0.118 0.118 0.096
UTS03 0.136 0.132 0.142 0.117
AVG 0.114 0.111 0.113 0.097

laterality, do not have a strong basis in prior literature. These questions point to potentially new
insights into poorly understood cortical regions.

5 Evaluating the limitations of QA-Emb

5.1 Improving computational ef�ciency via model distillation

To reduce the computational cost of running inference with QA-Emb, we explore distilling the
many LLM calls needed to compute QA-Emb into a single model with many classi�cation heads.
Speci�cally, we �netune a RoBERTa model [87] (roberta-base ) with 674 classi�cation heads to
predict all answers required for QA-Emb in a single feedforward pass. We �netune the model on
answers from LLaMA-3 8B with a few-shot prompt for 80% of the 10-grams in the 82 fMRI training
stories (123,203 examples), use the remaining 20% as a validation set for early stopping (30,801
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