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A Semantic Shared Response Model

Abstract
We present the finding that it is possible to iden-
tify a semantically-relevant shared representation
of fMRI response in an unsupervised fashion us-
ing views of multiple subjects watching the same
natural movie stimulus. Using the shared re-
sponse instead of individual subject responses we
are able to significantly improve the prediction of
voxel values from semantic word vectors repre-
senting descriptions of an audio-visual movie.

1. Introduction
Several researchers have attempted to find relationships be-
tween word featurizations and fMRI activation in the brain.
One popular method due to (Mitchell et al., 2008) gath-
ers fMRI data across several subjects corresponding to text
stimuli: individual nouns (Mitchell et al., 2008), a set of
words (Pereira et al., 2011), or even a story (Wehbe et al.,
2014). Here we address the multi-view nature of finding
meaning in the brain. Our specific goal is to determine if
an fMRI shared space can be learned across subjects that
correlates well with semantic word embeddings. We study
the Sherlock fMRI dataset (Chen et al., 2016). This con-
sists of fMRI recordings of 17 people watching the British
television program “Sherlock” for 45 minutes. In addi-
tion, we use externally annotated, sub-second-resolution,
English text scene annotations of the program. Using these
annotations and the Wikipedia corpus, we employ unsuper-
vised methods to construct semantic context vectors using
global co-occurrence matrix factorization and sparse cod-
ing (Pennington et al., 2014; Arora et al., 2015; 2016). We
then use the unsupervised Shared Response Model (SRM)
(Chen et al., 2015) to construct a shared embedding space
across the 17 subjects for six distinct brain regions of inter-
est (ROI). Finally, we construct a map from semantic em-
bedding space to the fMRI shared embedding space of our
dataset. The models are validated with three experiments:
fMRI scene classification, assessing context vector quality,
and fMRI reconstruction.

The present work is similar in some ways to that of (Huth
et al., 2016), which also sought to map text embeddings
from narrative stimuli to fMRI data. The main difference
is our use of the Shared Response Model. An additional
difference is that we analyze fMRI responses to an audio-

visual movie with annotations describing unvoiced aspects
of the scenes. In contrast, (Huth et al., 2016) analyzed
fMRI responses to auditory narratives for which the spo-
ken text corresponds identically with the word embedding
representations.

We provide concrete evidence towards the hypothesis made
in (Huth et al., 2016) regarding the existence of a shared
fMRI representation across multiple subjects which corre-
lates significantly with fine-grained semantic context vec-
tors derived via statistical word co-occurrence approaches.
Our use of multiple subject views of the movie data plays
a great role in boosting the performance of our model and
suggests that if the model in (Huth et al., 2016) was ap-
plied using multiple-subject SRM, their results would also
improve. Since we use only semantic vectors to featurize a
movie stimulus dataset, our work provides additional sup-
port for the notion that the distributional hypothesis of word
meaning may extend to real life multi-sensory stimuli.

2. Semantic Shared Response Model
Our model has three components: a feature space learned
from the multi-subject fMRI, a semantic movie context fea-
turization procedure based on natural language processing
methods, and a learned mapping from semantic context to
fMRI feature space. This permits the use of all subjects’
data and creates a bridge from fMRI space to word space.

The Shared Response Model (SRM) (Chen et al., 2015)
is a probabilistic latent variable model for multisubject
fMRI data under a time synchronized stimulus. From each
subjects’s fMRI view of the movie, SRM learns projec-
tions to a shared space that captures semantic aspects of
the fMRI response. Specifically, SRM learns orthogonal-
column maps Wi such that ‖Xi − WiS‖F is minimized
over {Wi}, S, where Xi ∈ Rv×t is the ith subject’s fMRI
response (v voxels by t repetition times) and S ∈ Rk×t is
a feature time-series in a k-dimensional shared space.

To featurize the descriptions of the Sherlock movie we use
the Wikipedia corpus to calculate word co-occurrence val-
ues. Weighted singular value decomposition then yields
low-rank semantic vectors whose geometry clusters simi-
lar words and creates linear algebraic analogy relationships
(Arora et al., 2015). Recent work has applied sparse coding
to these word vectors to get fine-grained 300-dimensional
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A Semantic Shared Response Model

Figure 1. Exp. 1: Scene prediction experiment with SRM

representations of specific word senses (Arora et al., 2016).

To align the fMRI and context vectors, we apply ridge re-
gression to learn a linear map from the context vectors to
the shared fMRI space. We then predict Ŝ from the con-
text vectors and compute the correlation 〈S, Ŝ〉. For com-
parison, we try ridge regression from the context vectors
to the individual fMRI responses Xi and compute corre-
lation 〈Xi, X̂i〉. Significantly lower testing reconstruction
error in the first mapping implies that the distributed con-
text embeddings capture some extrinsic notion of meaning
that extends beyond a corpus into real-world stimuli.

3. Experiments
We conduct three experiments to verify the effectiveness
of the model: an experiment on fMRI data, an experiment
verifying the quality of the context vectors and a final ex-
periment in which we describe the scene using both multi-
subject fMRI data and context vectors.

Exp. 1: SRM scene prediction. The movie was divided
into 50 scenes by human raters. Here, we learn subject spe-
cific mappings from the fMRI data to a shared representa-
tion using SRM (Chen et al., 2015), and we verify that the
average scene response from a left out subject can be well
classified using other subjects’ scene responses. To accom-
plish this, we fit SRM to half of the movie response and
learn subject specific transformations Wi ∀i. These trans-
formations are applied to the average scene response from
all subjects. The results (Fig. 1) show the averaged predic-
tion accuracy over 10 random splits on movie scenes and
40 random left out subjects for each split. Chance accu-
racy level is 1/25 (25 scenes in each half of the movie). The
results suggest that using 20 dimensions captures scene-
specific aspects of the fMRI signal, yielding well above
chance accuracy (65% versus 4%).

Exp. 2: Evaluating Context Vector Quality After gener-
ating 300-dimensional context vectors for each time point
in the movie as per the approach in Sec. 2, we check the
quality of the vectors by finding nearby vectors of fine-
grained meaning, which result from the sparse coding step
(Arora et al., 2016). For instance, consider an example
annotation of a scene in Sherlock: “Donovan looks up at
the reporters and continues: ‘Preliminary investigations...’
Lestrade looks distressed. Donovan continues: ‘... sug-

ROIs (Simony et al., 2016) 20-dim SRM raw fMRI

Ventral Language Network 0.15 0.06
DMN Network 0.11 0.04
Auditory Network 0.11 0.05
Dorsal Language Network 0.10 0.03
Occipital Lobe 0.08 0.04
Early Visual Cortex 0.08 0.04

Table 1. Exp. 3: Comparing corr(Ŝ, S) and avg. corr(X̂i, Xi)

gest that this was suicide. We can confirm that this...”.
Nearby word vectors correspond to words like “investiga-
tion” (corr. = 0.78), “suicide” (corr. = 0.74), “CNN” and
“Reuters” (corr. = 0.71), and “police” (corr. = 0.70). The
other context vectors heuristically have similar quality to
this example.

Exp. 3: Mapping Between fMRI and Context Vectors
We now assess the testing performance of the ridge regres-
sion described in §2. In Table 1, for each of the ROIs out-
lined in (Simony et al., 2016), we give the Pearson correla-
tion between the reconstructed voxel-space (X̂i) or shared-
fMRI-space (Ŝ) and the true space (Xi, S respectively).
The SRM outperforms the individual subject maps substan-
tially. Most interestingly, the ventral language area has the
best performance overall.

4. Discussion
We have demonstrated that the multi-view SRM model pro-
duces a semantically relevant 20-dimensional space using
views of multiple subjects watching Sherlock. This low-
dimensional fMRI shared space is able to match fMRI re-
sponses to scenes with performance considerably above
chance. We were also able to construct a 300-dimensional
embedding of the semantic context induced by scene an-
notations. Finally, we bridge fMRI response and scene
annotations through a linear transformation. We showed
that bridging scene annotations with the fMRI shared space
leads to significantly larger correlation than bridging scene
annotations with the individual fMRI response. This im-
plies that the shared fMRI space does a better job of high-
lighting the semantic “signal” compared to individual fMRI
views.

For future work, we would like to include an additional
visual view from the movie stimulus in an end-to-end ar-
chitecture incorporating the shared fMRI and semantic em-
bedding views. We are currently developing an autoen-
coder variant of SRM to be included as a component of
such a model. Preliminary tests suggest that this new model
performs well, but further testing remains to be completed.
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