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DreaMR: Diffusion-driven Counterfactual
Explanation for Functional MRI
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Abstract— Deep learning analyses have offered sensitiv-
ity leaps in detection of cognition-related variables from
functional MRI (fMRI) measurements of brain responses.
Yet, as deep models perform hierarchical nonlinear trans-
formations on fMRI data, interpreting the association be-
tween individual brain regions and the detected variables
is challenging. Among explanation approaches for deep
fMRI classifiers, attribution methods show poor specificity
and perturbation methods show limited sensitivity. While
counterfactual generation promises to address these lim-
itations, previous counterfactual methods based on vari-
ational or adversarial priors can yield suboptimal sample
fidelity. Here, we introduce the first diffusion-driven coun-
terfactual method, DreaMR, to enable fMRI interpretation
with high fidelity. DreaMR performs diffusion-based resam-
pling of an input fMRI sample to alter the decision of a
downstream classifier, and then computes the difference
between the original sample and the counterfactual sam-
ple for explanation. Unlike conventional diffusion methods,
DreaMR leverages a novel fractional multi-phase-distilled
diffusion prior to improve inference efficiency without com-
promising fidelity, and it employs a transformer architec-
ture to account for long-range spatiotemporal context in
fMRI scans. Comprehensive experiments on neuroimaging
datasets demonstrate the superior fidelity and efficiency of
DreaMR in sample generation over state-of-the-art counter-
factual methods for fMRI explanation.

Index Terms— counterfactual, explanation, interpreta-
tion, generative, diffusion, functional MRI

I. INTRODUCTION

Functional magnetic resonance imaging (fMRI) enables
non-invasive cognitive assessments by capturing time-varying
blood-oxygen-level-dependent (BOLD) responses across the
brain [1]. Spatiotemporally measured BOLD responses can be
analyzed to infer associations between individual brain regions
and cognition-related variables. A traditional framework in
neuroscience performs inference via linear classifiers that are
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trained to predict variables given responses [2]. The classifier
weight for a brain region is then taken to reflect the importance
of that region in detecting the respective variable. Although
this traditional approach offers ease of interpretation, linear
classifiers typically suffer from poor sensitivity [3]. In recent
years, deep-learning classifiers have gained prominence as they
show substantially higher sensitivity to fine-grained patterns in
fMRI data [4]–[12]. Despite this important benefit, hierarchical
layers of nonlinear transformation in deep models obscure
precise associations between brain responses and cognition-
related variables, introducing an interpretation challenge and
creating a barrier to methodological trust [13]. As such, there is
a dire need for explanation methods that highlight the critically
important set of input features (i.e., brain responses) for deep
fMRI models to help interpret their decisions.

An emerging framework is counterfactual explanation that
aims to identify a minimal, plausible set of changes in the
features of an input fMRI sample (i.e., a subject’s fMRI scan)
that is sufficient to alter the decision of a downstream analysis
model [14]. To do this, a generative prior is commonly trained
to capture the distribution of original fMRI samples such that
new, random samples can be drawn from the learned data
distribution [13]. Afterwards, the trained prior is employed
to regenerate the values of spatiotemporal responses in an
original input sample, in order to produce a counterfactual
sample that is proximal to the original sample, albeit that
changes the decision of the downstream model [15]. The
difference between the two samples is then inspected to
interpret associations between brain regions and cognitive
state [14]. Counterfactual methods can offer superior feature
specificity against attribution methods, which derive gradient
or activation heatmaps that can be broadly distributed across
input features [16], [17]. They can also produce more sensitive
interpretations against perturbation methods, which perform
local degradations on input features that can disrupt global
coherence [18], [19]. Nevertheless, the performance of coun-
terfactual methods depend critically on the fidelity of samples
synthesized by the underlying generative prior.

Previous studies on counterfactual explanation have com-
monly proposed variational autoencoder (VAE) or generative
adversarial network (GAN) priors trained to capture the distri-
bution of fMRI data [14], [15], [20]. These priors synthesize
counterfactuals with high efficiency, albeit VAEs often suffer
from relatively low sample quality due to loss of detailed
features, and GANs suffer from training instabilities that
can hamper sample quality or diversity [21]. A promising
surrogate for sample generation is diffusion priors that offer
high sample fidelity via a many-step sampling process [22],
[23]. Few recent imaging studies have considered diffusion-
based counterfactual generation to detect anomalous lesions



2 IEEE TRANSACTIONS ON MEDICAL IMAGING, VOL. XX, NO. XX, XXXX 2023

in anatomical MRI and X-ray scans [24]–[27]. Yet, to our
knowledge, diffusion priors have not been explored for coun-
terfactual explanation in multi-variate fMRI analysis. This may
be partly related to excessive inference times of conventional
diffusion priors such as DDPM or DDIM that require hundreds
of steps to generate a single sample [28]. When coupled
with the high dimensionality of fMRI data, inefficiency of
conventional diffusion priors can be particularly limiting in
application domains that benefit from rapid data processing
such as real-time fMRI or cohort fMRI studies [29], [30].

Here, we propose a novel diffusion-driven counterfactual
explanation method, DreaMR, to interpret downstream fMRI
classifiers with improved fidelity and efficiency. The proposed
method trains a class-agnostic diffusion prior for fMRI data,
and the trained prior generates a counterfactual sample with
guidance from a downstream classifier to alter its decision
(Fig. 1). To improve inference efficiency without compromis-
ing sample quality, DreaMR leverages a novel fractional multi-
phase-distilled diffusion (FMD) prior that splits the diffusion
process into consecutive fractions and performs multi-phase
distillation in each fraction (Fig. 2). Unlike regular diffu-
sion priors implemented with UNet backbone architectures,
DreaMR uniquely leverages an efficient transformer archi-
tecture of linear complexity in conjunction with the FMD
prior to capture long-range spatiotemporal context in fMRI
scans. During counterfactual generation, classifier-guidance
is injected separately into each diffusion fraction to tailor
synthesis of intermediate samples in proximity of the orig-
inal sample. The difference between the original and the
final counterfactual samples reflects the contribution of brain
regions to the model decision. We report comprehensive
demonstrations to explain deep classifiers for sex detection
on resting-state fMRI scans, and for cognitive task detection
in task-based fMRI scans. We find that DreaMR achieves
superior fidelity against competing explanation methods, and
it substantially outperforms conventional diffusion priors in
inference efficiency. Code to implement DreaMR is available
at https://github.com/icon-lab/DreaMR.

Contributions:

� To our knowledge, we introduce the first diffusion-driven
counterfactual explanation method in the literature for
multi-variate fMRI analysis.

� DreaMR generates counterfactual samples with a novel
fractional multi-phase-distilled diffusion prior to boost
inference efficiency without compromising quality.

� Unlike conventional diffusion methods, DreaMR lever-
ages a transformer architecture of linear complexity to
capture long-range spatiotemporal context in fMRI scans.

II. RELATED WORK

A. Explanation of fMRI Models

Two prominent frameworks have been proposed in the
literature to address the interpretation challenge for deep fMRI
classifiers. A first framework is intrinsic interpretation where
analyses are conducted using specialized models, such as
linearized or graph classifiers, with restricted designs to permit

an inherent degree of explanation [11], [31], [32]. Model-
specific explanation is then attained by inspecting internal
parameters, but use of restricted designs can elicit losses in
classification performance [33]–[36]. A more flexible frame-
work is post-hoc explanation where analyses are conducted
using an unrestricted model, and the influences of model inputs
on the output are observed for interpretation. Among post-hoc
techniques, attribution methods derive heatmaps across input
features to estimate their salience, taken as gradients [37], [38],
activations [39]–[42], or a weighted combination of gradients
and activations for the target class [16], [17], [43]. Attribu-
tion methods often require architecture-based modifications
that limit practicality, and produce over-broad heatmaps that
degrade interpretation specificity. To improve local specificity,
perturbation methods introduce patch-level degradation on
input features through operations such as occlusion [5], [11],
[18], [19], [44]–[46]. Yet, perturbation-methods can be com-
putationally heavy and they often produce globally-incoherent
results that hamper the sensitivity of interpretations.

Counterfactual generation is an alternative post-hoc tech-
nique that resamples original data via a generative prior
in order to enforce desired changes in input features [47],
[48]. In the case of explaining fMRI classifiers, the aim of
counterfactual generation would be to identify a minimally-
sufficient set of changes in input features that flip the classifier
decision [14]. Although improvements over attribution and
perturbation methods have been reported for this application,
VAE and GAN priors in previous counterfactual methods can
suffer from low sample fidelity that in turn limits the reliability
of explanations [13]. Recent machine learning studies advocate
diffusion priors as a promising surrogate for reliable sample
generation, albeit conventional diffusion priors are known to
suffer from an inherent trade-off between sampling quality and
efficiency [22], [23]. This has impeded adoption of diffusion
priors in counterfactual generation that requires iterated re-
sampling of each high-dimensional fMRI data sample until
the respective model decision is flipped. To address these
open issues, here we introduce DreaMR, the first diffusion-
driven explanation method for multivariate fMRI analysis to
our knowledge.

B. Counterfactual Generation
Recent computer vision studies have considered diffusion

priors to generate counterfactual natural images from desired
object classes. [49]–[51] propose conventional diffusion priors
based on a common UNet architecture. Interleaved sampling
is used to trade-off sample quality in return for efficiency
[50], [51]. Unlike conventional diffusion priors that typically
require hundreds of diffusion steps even with interleaved
sampling, DreaMR improves practicality via its novel FMD
prior that achieves high sampling efficiency and quality via
multi-phase distillation on consecutive fractions of the diffu-
sion process, where each fraction uses a dedicated denoising
network. To our knowledge, FMD is the first diffusion prior to
perform fraction-specific distillation in the literature. Further-
more, DreaMR uniquely implements denoising networks via
a transformer architecture to improve sensitivity to long-range
context in fMRI scans that last several minutes [52].

https://github.com/icon-lab/DreaMR
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Fig. 1: DreaMR is a counterfactual explanation method for deep fMRI classifiers. a) To capture the distribution of fMRI data, DreaMR trains a class-agnostic
FMD prior that splits the diffusion process into F uniform fractions with dedicated networks D

[f ]
� , as described in Eq. 6. Following training, the FMD prior

is subjected to multi-phase distillation to attain D
[f ]
�P

that allow fast sampling, as described in Eq. 7. b) DreaMR is devised to explain the decisions of a deep
classifier that predicts cognition-related variables from a subject’s fMRI scan. c) Given an input fMRI sample x0∼p(x) mapped onto cognitive state y0 by the
classifier, DreaMR first samples a noise-added version �x�T via forward diffusion and then generates �x0∼p(x) with minimal alterations from x0 via reverse
diffusion. Generation is guided with the conditional score of the classifier to flip the decision to �y0 ̸= y0. Starting at fraction fc = ⌈�T (F=T )⌉, classifier
guidance computed from a denoised estimate of the counterfactual sample (~�x) is injected at each diffusion step (orange boxes), as described in Alg. 1.

Few recent imaging studies have also considered diffusion-
based counterfactual generation to map lesions in anatomical
scans by synthesizing pseudo-healthy medical images [24]–
[26]. Commonly, these studies propose conventional diffusion
priors based on UNet. Instead, DreaMR leverages the novel
FMD prior for higher efficiency and a transformer architecture
to capture long-range context. Note that [24], [25] train class-
conditional priors on normals and patients, and [26] trains a
class-specific prior on normals. When adopted for counterfac-
tual explanation, such class-informed priors must use matching
class definitions to the classifier, so they require retraining for
each classification task. In contrast, DreaMR employs a class-
agnostic diffusion prior that can be utilized to explain models
for different tasks without retraining.

III. THEORY

A. Conventional Diffusion Priors

Diffusion priors use a gradual process to transform between
a data sample x0 and a random noise sample xT in T steps.
In the forward direction, Gaussian noise is added to obtain a
noisier sample xt at step t, with forward transition probability:

q (xtjxt�1) = N
�
xt; (�t=�t�1)xt�1; �

2
tjt�1I

�
; (1)

where N is a Gaussian distribution, I is the identity covariance
matrix, and �, �2 are scaling and noise variance parameters

where �2
t + �2

t = 1 [22]. In the reverse direction, a network
parametrization D� is used to restore original data from noisy
samples, i.e., x̂0 = D�(xt; t). The prior can be trained by
minimizing a variational bound on likelihood [23]:
Et�U [1;T ];x0�p(x);xt�q(xtjx0)

�
! (�t) kD�(xt; t)� x0k22

�
; (2)

where E is expectation, U is a uniform distribution, q(xtjx0) =
N
�
xt;�tx0; �

2
t I
�
, ! (�t) is a weighting function with �t =

log(�2
t =�

2
t ) denoting signal-to-noise ratio.

Once trained, the diffusion prior can generate a synthetic
data sample by progressively denoising a random noise sample
across T steps. The reverse transition probability for the
denoising steps can be expressed as [22]:

q (xt�1jxt; x̂0) =

N
�
�t�1x̂0 +

q
1� �2

t�1 � �2
t :
xt � �tx̂0

�t
; �2

t I

�
;(3)

where �t = �t�1

�t �t�1

q
(�2
t�1 � �2

t ) controls the stochasticity
of generated samples. The original diffusion prior requires
T�1000 forward passes through the network for generation.
To lower sampling time, a common solution is interleaved
sampling with step size k, xt�k�q(xt�kjxt; x̂0), while �t = 0
for deterministic generation (i.e., DDIM) [28]. Yet, interleaved
sampling can still require few hundred steps for generation and
it typically suffers from reduced sample quality [50].
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B. DreaMR

DreaMR is a novel explanation method for deep fMRI
models based on counterfactual generation. Assume that a
downstream classi�erc(x)= y maps an input fMRI sample
x0� p(x) onto a class labely0 2 Y for cognition-related
variable, according to posterior probabilitypc(yjx). Here, we
take thatx0 2 RR � W denotes the BOLD responses recorded
in the given fMRI scan, whereR is the number of brain
regions andW is the number of time frames. Counterfactual
generation aims to obtain plausible samples�x0� p(x) with
minimal alterations fromx0, such that the classi�er decision
is �ipped c(�x0) = �y0 where �y0 6= y0; �y0 2 Y . Afterwards, the
differences between the original and counterfactual samples
(x0–�x0) can be inspected to infer the input features that are
critical in distinguishing between labelsy0 and �y0.

Counterfactual generation inherently requires alteration of
response values within the input fMRI sample. To do this
based on a trained diffusion prior, a noisy fMRI sample�x � T

is �rst obtained by adding a moderate level of white Gaussian
noise onto the original samplex0 [49]:

q(�x � T jx0) = N
�

�x � T ; (� � T =� 0)x0; � 2
� T j0I

�
; (4)

where the time step� T < T is a hyperparameter. Starting
reverse diffusion at� T , response values in the noisy fMRI
sample can then be altered according to the reverse transition
probabilities in Eq. 3, so that the resultant counterfactual
sample remains proximal tox0. Yet, to ensure that the counter-
factual sample is able to �ip the classi�er decision, classi�er
guidance is also injected [50]:

q(�x t � 1j �x t ; �̂x0) = N
�
�̂x0 + s � 2

t r �x t log pc(�y0j �x t ); � 2
t

�
; (5)

where r �x t is gradient with respect to�x t , s is a scaling pa-
rameter that controls the relative weight of classi�er guidance.

Previous studies on counterfactual generation have adopted
interleaved sampling with conventional diffusion priors,
which still takes few hundred sampling steps [28]. Fur-
thermore, counterfactual generation requires knowledge of
r �x t log pc(�yj �x t ) that is unknown a priori as the classi�er is
trained on original samples without added noise. To improve
inference ef�ciency, DreaMR leverages a novel FMD prior for
counterfactual generation in few steps without compromising
sample quality (Fig. 1). Meanwhile, to avoid the need for clas-
si�er retraining on noisy samples, DreaMR computes classi�er
gradients given denoised sample estimates as a surrogate for
gradients on noisy samples. Working principles of the FMD
prior, classi�er guidance and the counterfactual generation
algorithm are detailed in the rest of this section.

B.1 Fractional multi-phase-distilled diffusion prior: During
counterfactual generation with diffusion priors, providing
guidance via classi�er gradients at each diffusion step can
cause signi�cant computational burden for inference [24].
A mainstream approach to improve inference ef�ciency is
distillation for post-hoc reduction of the number of diffusion
steps [49], [53]. However, conventional distillation procedures
on common diffusion priors can result in undesirable losses
in sample quality [54], [55]. Here, we argue that two main
contributors to these losses are the use of a single denoising
network for the entire diffusion process and the use of a

single-phase distillation. Thus, to enable ef�cient inference
without compromising sample quality, we propose a novel
FMD prior that splits the diffusion process intoF uniform
fractions with dedicated denoising networks, and performs
multi-phase distillation separately in each fraction (Fig. 2).

Characteristics of the denoising task can show notable varia-
tions within a diffusion process due to varying noise levels and
feature details across diffusion steps [56]. In turn, poor adapta-
tion to these characteristics can induce signi�cant performance
losses in distilled diffusion priors. Several recent studies have
considered to employ multiple denoising networks on separate
time fractions to improve adaptation in undistilled diffusion
priors [56], but these studies did not examine the in�uence
of fractional diffusion on distilled priors. While other studies
have considered progressive distillation over multiple stages
to alleviate losses in distilled priors [54], they employed a
common denoising network across the entire diffusion process
that can compromise sample quality. Unlike these recent
efforts, here we introduce FMD as the �rst diffusion prior
that synergistically combines fractional diffusion with fraction-
speci�c multi-phase distillation to simultaneously maintain
high quality and ef�ciency in sample generation.

For fractional diffusion, FMD employs a dedicated denois-
ing networkx̂0 = D [f ]

� (x t ; t) in each fraction (Fig. 2). Thef th
fraction coversT=F consecutive steps fromts(f ) = T(f )=F
to te(f ) = T(f � 1)=F +1 . The resultant FMD prior is trained
via the following objective:

FX

f =1

Et � U [t s ( f ) ;t e ( f )]

h
kD [f ]

� (x t ; t) � x0k2
2

i
; (6)

where! and expectation overx0, x t are omitted for brevity.
For multi-phase distillation, FMD performs gradual knowl-

edge transfer from the original teacher networkD [f ]
� 0

(x t ; t)

onto a student networkD [f ]
� P

over P phases. In thepth phase,

D [f ]
� p � 1

(x t ; t) is the teacher,D [f ]
� p

(x t ; t) is the student, and the
diffusion step size is increased by a factor of 2 as follows:

Et � U ( f t s ( f ): T=(kd F ): t e ( f )g)

h
kD [f ]

� p
(x t ; t) � ~x0k2

2

i
; (7)

where kd = 2 p is the diffusion step size of the student.
Adopting interleaved sampling, the reference sample~x0 is
derived via sampling based on the teacherD [f ]

� p � 1
(x t ; t):

~x0 =
~x t � 2ko � (� t � 2ko =� t )x t

� t � 2ko � (� t � 2ko =� t )� t
; (8)

whereko = 2 (p� 1) is the diffusion step size of the teacher. At
the end of the distillation procedure, the number of steps for
a given fraction is reduced fromT=F to T=(2P F ). Although
this multi-phase distillation involves additional computations
over a single-phase distillation during the training stage,
progressively lowering the number of diffusion steps helps
mitigate losses in sample quality in the distilled diffusion prior.

B.2 Classi�er guidance: A counterfactual sample that �ips
the classi�er decision can be drawn if the joint score function
r x t log p(x t ; y) for noisy samples and predicted class labels is
known. Sincep(x t ; y) = p(x t )pc(yjx t ) based on Bayes' rule,
the joint score is given as:

r x t log p(x t ; y) = r x t log p(x t ) + r x t log pc(yjx t ): (9)
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Fig. 2: DreaMR leverages a novel FMD prior for ef-
�cient sample generation without compromising sample
quality, and to enable effective intermittent control over
the generation process. The FMD prior splits the overall
diffusion process intoF fractions, where thef th fraction
covers T=F consecutive steps fromts (f ) = T (f )=F
to te(f ) = T (f � 1)=F + 1 . Since the characteristics
of the denoising task can vary notably across fractions,
a dedicated denoising networkD [f ]

� P
is employed in each

fraction to improve sample �delity. To enhance sensitivity
to long-range temporal context in fMRI scans, the network
is built on an ef�cient transformer architecture that uses
fused window attention mechanisms [36]. To improve sam-
pling ef�ciency, multi-phase distillation is performed over
P phases in each fraction (Eq. 7). In thepth distillation
phase, the diffusion step size is doubled to shorten sampling
time by a factor of 2. At the end of multi-phase distillation,
the number of sampling steps that must be executed for a
given fraction is reduced fromT=F to T=(2P F ). Note
that the novel combination of diffusion fractions and multi-
phase distillation in FMD serves to mitigate losses in
sample quality typically encountered with distillation of
conventional diffusion priors.

The �rst term denotes the marginal score function for noisy
samples, which can be derived as follows [22]:

p(x t ) =
1

� t
p

2�
exp

 

�
1
2

�
x t � � t x̂0

� t

� 2
!

; (10)

r x t log p(x t ) = �
x t � � t x̂0

� 2
t

: (11)

Meanwhile, the second term denotes the conditional score
function for predicted labels given noisy samples. Note that
the originally trained classi�er does not capturepc(yjx t ), but
insteadpc(yjx0). The classi�er could be retrained on a set
of noisy samples generated by the diffusion prior. However,
this brings in additional computational burden, and learning
of pc(yjx t ) on samples with heavy noise might be dif�cult.

To avoid limitations related to classi�er retraining, here
we derive a surrogate based onpc(yjx0) to compute the
conditional score function. Following the chain rule:

r x t log pc(yjx t ) = r ~x 0 log pc(yjx t ) � r x t ~x0; (12)

where~x0 is obtained via sampling across the diffusion process.
Based on forward diffusion,x t andx0 are related as:

x t = � t x0 + � t �; s.t. � � N (0; I) : (13)

Assuming that~x0 ' x0, r x t ~x0 = 1=� t . In conventional
diffusion priors with stochastic sampling (i.e.,� t 6= 0 ), x t

and ~x0 can be related through a one-to-many mapping. Yet,
since DreaMR adopts deterministic sampling with� t = 0 , a
unique~x0 is obtained givenx t . As such,pc(yjx t ) = pc(yj~x0),
and the conditional score can be expressed as:

r x t log pc(yjx t ) =
1
� t

r ~x 0 log pc(yj~x0): (14)

Sincepc(yj~x0) ' pc(yjx0) for a reasonably well-trained diffu-
sion prior, the posterior distribution of the originally trained
classi�er can be used to provide guidance without retraining.

B.3 Counterfactual generation: The counterfactual genera-
tion algorithm for DreaMR is outlined in Alg. 1. Given an
original fMRI samplex0, a noisy sample�x � T is �rst obtained
by adding Gaussian noise via forward diffusion as described
in Eq. 13. DreaMR then performs reverse diffusion sampling
via the trained FMD prior to alter the response values in�x � T ,

without diverging signi�cantly fromx0. Note that time step
� T corresponds to fractionf c = d� T(F=T)e, so reverse
diffusion is initiated at thef cth fraction. To ensure that the
eventual counterfactual sample is able to �ip the classi�er
decision to �y, gradient of the posterior distribution of the
classi�er is also employed. For thef th fraction, the interleaved
sampling equation based on the FMD prior injected with
classi�er guidance can be described as:

�x t � k = � t � k �̂x0 + � t � k
�x t � � t �̂x0

� t
+

s
� 2

t

� 2
t

(� t � k � � t
� t � k

� t
)r ~�x 0

log pc(�yj~�x0); (15)

where k is step size,̂�x0 = D [f ]
� P

(�x t ; t), and s is a scaling
constant to control the strength of guidance. In Eq. 15,
the conditional score from the classi�er is computed using
~�x0, which is Langevin sampled across the diffusion process,
instead of �̂x0, as this was observed to improve the quality
of guidance. The counterfactual sample�x0 is obtained after
taking � T=k reverse diffusion steps.

IV. METHODS

A. Experimental Procedures

Demonstrations were performed on fMRI scans from HCP-
Rest, HCP-Task [57] and ID1000 datasets [58]. After exclusion
of incomplete scans (< 1200s), HCP-Rest contained 1093
resting-state fMRI samples (594 female, 499 male). HCP-
Task contained 7450 task-based fMRI samples (594 female,
501 male) where each subject performed 7 different tasks
(i.e., emotion, relational, gambling, language, social, motor,
working memory). ID1000 contained 881 movie-watching
fMRI samples (458 female, 423 male).

As downloaded from the public datasets, several prepro-
cessing steps had already been performed on fMRI scans. For
HCP-Rest and HCP-Task, motion correction, distortion correc-
tion, registration onto the MNI template, bias �eld correction,
and brain extraction had been performed [59]. For ID1000,
motion correction, distortion correction, registration onto the
ICBM template, brain extraction, and CompCorr denoising
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Algorithm 1: Counterfactual generation with DreaMR
Input:
x0 � p(x): Original fMRI sample
pc(yjx): Posterior probability of the classi�er
y0 2 Y : Classi�er-predicted label forx0
�y0: Target label for counterfactual generation
� T : Initial diffusion step for counterfactual generation
f D [1]

� P
; :::; D [F ]

� P
g: Distilled networks across fractions

k = 2 P : Step size after P distillation phases
Output:
�x0: Counterfactual sample

�x � T  � � T x0 + � � T � ; . generate noisy sample
for f o in range(f c, 0, -1) do

. sample across fractions to �nd~�x0
for t i in range(ts(f o), � 1, � k) do

f i  ceil (t i F=T);
�̂x0  D [f i ]

� P
(�x t i ; t );

�x t i � k  � t i � k �̂x0 + � t i � k
�x t i � � t i �̂x 0

� t i
;

end
~�x0  �x0; G  r ~�x 0

log pc(�y j ~�x0); . gradient
. sample within fraction to �nd�x t e( f )
for to in range(ts(f o), te(f o) � 1, � k) do

�̂x0  D [f o ]
� P

(�x t o ; t );


  s
� 2

t o
� 2

t o
(� t o � k � � t o

� t o � k
� t o

); . scale

�x t o � k  � t o � k �̂x0 + � t o � k
�x t o � � t o �̂x 0

� t o
+ 
G ;

end
end

had been performed [58]. In addition to these steps, we created
nuisance variables for motion and physiological noise due to
respiratory and cardiac traces across each fMRI run [60]. To
control for confounds, these nuisance variables were regressed
out from voxel-wise fMRI time series, and the resultant time
series were z-scored across time for normalization.

Regions of interest (ROI) in the brain were de�ned based
on the Schaefer atlas (R=400 regions) [61], the MMP atlas
(R=360 regions) [62], or an aggregate atlas that pooled MMP
with 20 cerebellar and 24 subcortical ROIs from the Talairach
atlas (R=404) [63]. Responses within each ROI were obtained
by averaging fMRI signals across member voxels according to
the ROI de�nition. As such, each fMRI scan was represented
via a data matrix ofR � W , with the number of time
frames W =1200 for HCP-Rest,W =176-405 for HCP-Task
depending on cognitive task, andW =290 for ID1000. To
cope with varying scan durations, a sliding window approach
was adopted across the time dimension of fMRI scans [36].
Counterfactual methods were devised to process individual
strided windows across the scans, and window-speci�c outputs
were merged by averaging overlapping time frames between
consecutive windows. The window size was 600 for HCP-
Rest, 128 for HCP-Task and ID1000, and the stride was taken
as half the window size [36].

Experiments were conducted on single NVIDIA RTX 3090
GPUs using the PyTorch framework. Modeling was performed
via a �ve-fold cross-validation procedure. In each fold, data
were randomly split into training (80%), validation (10%) and
test sets (10%) without any subject overlap among the three

sets. Data splits were devised to ensure that there was no
subject overlap among the validation sets, or among the test
sets for separate folds. For fair comparison, identical data splits
were used for all competing methods. Model performances
were evaluated on the test set for each cross-validation fold,
and reported as mean� std across �ve folds.

A transformer-based downstream fMRI classi�er was
trained using cross-entropy loss [36]. For explanation methods,
priors were trained using their originally proposed losses, and
hyperparameters including number of epochs, learning rate and
batch size were selected to minimize validation loss [64]. For
each method, a common set of hyperparameters yielding near-
optimal performance was used across datasets.

B. Competing Methods

DreaMR was compared against state-of-the-art counterfac-
tual methods based on VAE, GAN, and diffusion priors.

B.1 DreaMR: DreaMR was implemented based on the trans-
former architecture in [36], adapted for diffusion modeling
by incorporating time encoding via adaptive normalization
layers [65]. Inspired by ef�cient transformer methods based
on temporal windowing [66], [67], the transformer processed
time series across a hierarchically growing set of time windows
to maintain linear complexity. The FMD prior usedT=1024
steps,F =4 fractions,P=7 distillation phases,k=128 �nal step
size. Cross-validated hyperparameters were E=100 epochs,
� =2x10� 4 learning rate, B=8 batch size,s=(8,16,32) for HCP-
Task, ID1000, HCP-Rest respectively.

B.2 DiME: A diffusion-based method was trained to gen-
erate fMRI samples; counterfactuals were generated by inter-
leaved sampling guided by downstream classi�cation loss and
perceptual loss between original and resampled fMRI scans
[51]. E=200,� =5x10� 5, B=8 were cross-validated.

B.3 DiffSCM: A diffusion-based method was trained to
generate fMRI samples; counterfactuals were generated by
interleaved sampling guided by downstream classi�cation loss
[50]. E=200,� =10� 4, B=8 were cross-validated.

B.4 CAG: A GAN-based method was trained to translate
between classes given cross-entropy loss from the downstream
classi�er; counterfactuals were generated via translation [14].
E=200,� =5x10� 5, B=32 were cross-validated.

B.5 CheXplain: A GAN-based method was trained to gen-
erate samples given predictions by the downstream classi�er;
counterfactuals were generated by modifying the style latents
[68]. E=200,� =2x10� 4, B=16 were cross-validated.

B.6 DiVE: A VAE-based method was trained via a vari-
ational objective to generate fMRI samples; counterfactuals
were generated by modifying encoded latents of the autoen-
coder [15]. E=500,� =4x10� 4, B=16 were cross-validated.

B.7 LatentShift: An autoencoder-based method was consid-
ered that modi�ed latent representations of an input fMRI
sample to emphasize features that contribute to the classi�er
decision [20]. E=100,� =4x10� 4, B=16 were cross-validated.

B.8 D'artagnan: A GAN-based method was trained to
translate between classes given cross-entropy loss from the
downstream classi�er and distance between the original and
translated fMRI scans; counterfactuals were generated via
translation [47]. E=100,� =1x10� 4, B=8 were cross-validated.
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