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Abstract

Deep learning models deployed in real-world applications
(e.g., medicine) face challenges because source models do
not generalize well to domain-shifted target data. Many
successful domain adaptation (DA) approaches require full
access to source data or reliably labeled target data. Yet,
such requirements are unrealistic in scenarios where source
data cannot be shared either because of privacy concerns
or because it is too large and incurs prohibitive storage or
computational costs. Moreover, resource constraints may
limit the availability of labeled targets. We illustrate this
challenge in a neuroscience setting where source data are
unavailable, labeled target data are meager, and predic-
tions involve continuous-valued outputs. We build upon
Contradistinguisher (CUDA), an efficient framework that
learns a shared model across the labeled source and un-
labeled target samples, without intermediate representa-
tion alignment. Yet, CUDA was designed for unsupervised
DA, with full access to source data, and for classification
tasks. We develop CRAFT – a Contradistinguisher-based
Regularization Approach for Flexible Training – for source-
free (SF), semi-supervised transfer of pretrained models
in regression tasks. We showcase the efficacy of CRAFT
in two neuroscience settings: gaze prediction with elec-
troencephalography (EEG) data and “brain age” predic-
tion with structural MRI data. For both datasets, CRAFT
yielded up to 9% improvement in root-mean-squared er-
ror (RMSE) over fine-tuned models when labeled training
examples were scarce. Moreover, CRAFT leveraged unla-
beled target data and outperformed four competing state-
of-the-art source-free domain adaptation models by more
than 3%. Lastly, we demonstrate the efficacy of CRAFT
on two other real-world regression benchmarks. We pro-
pose CRAFT as an efficient approach for source-free, semi-
supervised deep transfer for regression that is ubiquitous in
biology and medicine.

Keywords: source-free DA, continuous label prediction,
gaze prediction, brain age prediction, healthcare

1. Introduction
For the successful application of deep learning models in
the real world, they must be robust to “domain shift” [50].
For example, in biology and medicine, supervised deep
learning models are often trained on large, high-quality
source datasets collected in resource-rich settings [11, 39].
However, naive transfer or even simple finetuning fails to
produce high accuracies when tested with smaller target
datasets of mixed quality collected [2, 45]. As a result,
state-of-the-art domain adaptation (DA) approaches, which
enable the source models to generalize successfully to tar-
get datasets, must be employed. Many of these approaches
involve explicit alignment of source and target, while learn-
ing a shared predictive model for both domains [17, 19, 40].

A particular challenge occurs with DA when the source
dataset is unavailable. This can happen either because of
privacy or proprietary concerns, such as with medical im-
ages or patents [43]. Alternatively, source datasets may
be too large, incurring prohibitive storage and computation
costs in low-resource settings [39]. Source-free (SF) do-
main adaptation methods that address these challenges are
getting increasingly popular [18, 32]. Such methods gener-
alize the source model to unlabeled or partially target data
(unsupervised or semi-supervised DA) with one of two ap-
proaches: data-based or model-based. While data-based
methods create surrogate source data, model-based methods
adapt the source model to the target domain (see Section 2).

We address model-based SF-DA in a semi-supervised
setting. Specifically, we focus on neuroscience applications
where source data are inaccessible, and target labels are re-
liably available only for a few samples. Regression tasks –
like predicting brain age (Fig. 1C) [39], saccades [29], neu-
ral activity [20], and stimulus orientation [8] – are ubiqui-
tous in neuroscience; we tackle a subset of these. We build
upon Contradistinguisher [3, 4], a recently-proposed tool
for effective unsupervised DA (CUDA). Unlike popular rep-
resentation alignment DA methods [19, 40], CUDA directly
learns a common model for both domains. Yet, CUDA re-
quires full access to source data and addresses classification
tasks. Therefore, it is not directly applicable to our problem.

This ICCV paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.

827



Figure 1. Schematic of Semisupervised Deep Transfer without
Domain Alignment. (A) The approach seeks to transfer a pre-
trained model to a target domain with limited labeled data when
the source dataset is unavailable. (B) Because the source dataset
is unavailable, we tune the decision boundaries without explic-
itly aligning the representation of the domains, combining a su-
pervised loss and the CUDA loss (regularizer). (C) The algorithm
targets deep transfer in regression tasks, like brain age prediction.

Here, we leverage CUDA to develop a new algorithm
– Contradistinguisher-based Regularization Approach for
Flexible Training (CRAFT) which performs deep transfer,
without domain alignment, even when the source dataset
is unavailable (Fig. 1A-B). We also extend CUDA to a re-
gression setting. Previous studies approach regression tasks
naively by binning continuous labels into discrete bins [40],
sometimes employing a rank-ordinal objective [7]. Re-
gardless, the efficacy of such approaches may depend crit-
ically on bin sizes. Our CRAFT model uses a princi-
pled approach to extend CUDA to predictions involving
continuous-valued outputs. We employ binning as a prac-
tical strategy to generate and optimize pseudo-labels, with-
out constraining the model to produce discrete outputs. Our
study makes the following main contributions.

• First, we extend CUDA to source-free DA for regression
tasks involving continuous-valued outputs.

• Second, we formulate a theoretically-motivated semi-
supervised objective by combining supervised and unsu-
pervised losses with a tunable hyperparameter (α) (Sec-
tion 3). We also derive the unsupervised loss as a maxi-
mum entropy prior to model parameters (Appendix A.2).

• Third, we show the effectiveness of CRAFT on two neu-
roscience challenges – gaze prediction from electroen-
cephalographic (EEG) [29] data and brain age prediction
from magnetic resonance imaging (MRI) data [45].

• Fourth, we also apply CRAFT to two real-world regres-
sion benchmarks involving people counting [44, 48] and
tumor size prediction [6, 16].

• Fifth, we compare CRAFT against state-of-the-art SF-
DA methods [15, 26, 35, 37] and show that the best im-
provements occur as unlabeled target samples increases,
demonstrating its efficacy for semi-supervised SF-DA.

• Finally, we analyze the computational complexity and
demonstrate numbers competitive with sota models.

• Our code is publicly available (see Appendix E.2).

2. Related Work
Domain alignment methods. Popular Unsupervised Do-
main Adaptation (UDA) approaches rely on learning com-
mon intermediate representations across source and target
domains. Domain Adversarial training of Neural Networks
(DANN) [19] uses a discriminator to learn common rep-
resentations across both domains adversarially. In Impor-
tance Weighting [40] (IW), higher importance is afforded
to losses corresponding to source samples more likely to
belong to the target domain. Central Moment Discrepancy
(CMD) [17] minimizes the central moments of the latent
representations between the domains, while others optimize
their Maximum Mean Discrepancy (MMD) [22, 34]. De-
spite being effective, they cannot be used when the source
is unavailable and will not be discussed further.
Source-free UDA. To address DA scenarios where source
data and its target labels are unavailable, several source-
free unsupervised DA approaches have been recently pro-
posed. Broadly, they are categorized as: Data-based and
Model-based [32]. Data-based methods generate a source-
like distribution [14, 30]. However, they often depend on
the availability of generative models trained on the source,
which could be unavailable. For example, SF-UDA through
domain-specific perturbation (AUGFree) [51] assumes the
existence of domain-invariant features for prediction. Since
the source is unavailable, AUGFree perturbs the target data
and then learns a transformation to the invariant features by
adversarially aligning the target and the perturbed target.

On the other hand, model-based methods finetune the
source model on the target using strategies like contrastive
learning [27], pseudo-labeling [26], or entropy minimiza-
tion [36]. They are often prone to overfitting to pseudo-
labels. For example, Class-Balanced Multicentric Dynamic
Prototype Strategy for SF-UDA (BMD) [42] follows a
pseudo-labeling strategy using class prototypes based on
the source model predictions, and in turn uses these labels
for training. Source Data-Absent UDA Through Hypoth-
esis Transfer (SHOT++) [33] combines three objectives –
a) maximizing mutual information between the predictions
and inputs, b) self-supervised loss based on prototype-based
clusters, and c) a Mixup-based (See SF-SSDA) loss [37].
Attracting and Dispersing (AaD) [52] defines a neighbor-
ing cluster (K nearest neighbors) and a randomly selected
background cluster for each sample, and maximizes the log-
likelihood of the ratio of their distributions.
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Target-agnostic SF UDA for Regression Tasks (TAS-
FAR) [26] works on the principle that prediction uncertainty
is correlated with prediction error. It uses Monte-Carlo
dropout to estimate label uncertainty and divides the tar-
get dataset into confident and uncertain samples. A discrete
density map is estimated using the confident data, which is
then used as weights to recalibrate the pseudo-labels of un-
certain data. SF-UDA to measurement Shift via Bottom-Up
Feature Restoration (BUFR/DataFree) [15] is designed on
the principle of intermediate feature alignment of the source
and the target distributions. During adaptation, the model
minimizes the symmetric KL divergence between feature
distributions of source (fixed) and target data.

Here, we compare our model’s performance against two
of the above methods - TASFAR and DataFree. TAS-
FAR was selected as it is a pseudo-labeling-based method
suitable for regression. On the other hand, DataFree is
a pseudo-label-free feature alignment method, not con-
strained to classification tasks. By adding a supervised loss
(Section 4.2), we evaluate these as semi-supervised models.
Source-free SSDA. Source-free semi-supervised domain
adaptation (SF-SSDA) models best address the scenario of
SF-DA when few target labels are available. For example,
Generalized SF-SSDA [1] minimizes source loss alongside
an unsupervised target loss which maximizes the cosine
similarity between predictions of k-nearest neighbors. The
model is then transferred by adversarial training based on
source features generated using a Conditional VAE. Simi-
larly, [23] proposes generating surrogate source data from
target samples using gradient-based optimization. Learn-
ing from Different Samples for SF-SSDA [28] minimizes
the contrastive loss on the predicted probabilities of the
target domain. Furthermore, it minimizes supervised and
contrastive loss on a set comprising labeled and unlabeled
data with low uncertainty. Likewise, Mutual Enhancement
training for SS Hypothesis transfer (MESH) [36] minimizes
the supervised loss on the labeled samples and entropy on
pseudo-labeled samples. Finally, the target manifold is
smoothened by making predictions robust to perturbations.

Progressive Mixup [37] is trained on augmentations by
convex combinations of data on which the source model
is confident and ones on which it is uncertain (hybrid
mixup). Similarly, another set is obtained by convex com-
binations of samples in the (pseudo) labeled dataset (self-
mixup). In contrast, Bilateral-Branch Consistency Network
(BBCN) [35] computes prototypes as the weighted mean
of feature representations of the target dataset by the source
model. Pseudo-labels are selected based on the proximity of
unlabeled data to these prototypes. A separate target branch
is trained using the pseudo-labels, and a consistency loss is
added between the representations of both branches. The
need for class-level prototype generation makes it challeng-
ing to adapt this model to regression tasks.

We compare the performance of CRAFT with two SF-
SSDA methods – SF-SSDA via progressive Mixup [37],
and BBCN [35], as they have little dependence on the
source distribution and its derivatives. Moreover, these
methods are based on complementary ideas, and the lat-
ter [35] has been applied specifically in medical imaging,
for tuberculosis recognition.

3. The CRAFT Model

3.1. Model formulation

Background. Our objective is to develop an approach for
source-free semi-supervised domain adaptation, for regres-
sion tasks. For this, we build upon the Contradistinguisher-
based Unsupervised Domain Adaptation (CUDA) model
[4]. CUDA obviates the need for learning a common in-
termediate representation across the source and the target
datasets. It optimizes a joint distribution over the target fea-
tures and category labels to adapt the source model. Be-
cause CUDA is intended for unsupervised domain adapta-
tion (UDA), target labels are unavailable. Hence, the algo-
rithm uses a two-step joint optimization over the target la-
bels and model parameters. First, it generates pseudo-labels
on the target dataset from the source model [21]. Then, it
updates the model parameters by fixing the pseudo-labels.

In this study, we extend CUDA to a source-free semi-
supervised setting (SF-SSDA). Briefly, to the supervised
label loss, we add a ‘regularized”, unsupervised loss as a
prior on the model parameters. As we will show in the
next section, the model can be flexibly applied, either in
SF-UDA case or in the SF-SSDA case, depending on the
weightage given to the supervised loss. We, moreover, ex-
tend the model to continuous label prediction. We call
our new formulation CRAFT - Contradistinguisher-based
Regularization Approach for Flexible Training (CRAFT).
Objective. We consider a task in which a source model θs

trained on a source dataset – involving continuous label pre-
diction (regression) – is already available to us. The target
dataset comprises i.i.d samples from an unknown distribu-
tion pt(x, y): Dt = {xt

i, y
t
i}

Nl
i=1, {xt

i}
Nul
i=1 where xt

i ∈ Rd

is a feature-vector, and yti ∈ R is its corresponding label.
Target training data are partially and sparingly labeled; we
define the proportion of unlabeled samples (Nul) to the total
number of samples (N ), as Nul : (Nl +Nul).

We formulate, first, the supervised objective. For con-
tinuous label prediction problems, the conditional den-
sity of the label given the features is assumed to be nor-
mally distributed. The mean is modeled using a neural
network f(.; θ), parameterized by θ, as: p(yt|xt, θ) =
N (yt; f(xt; θ), c), and the variance, c is assumed to be con-
stant as it simplifies the optimization. In the final formu-
lation, the variance occurs as the weight of the unsuper-
vised loss, α (equation 3); therefore, only one of the two
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hyperparameters (c or α) needs to be tuned. Hence, the log-
likelihood can be written as:

log p(Dt|θ) ∝ −
Nl∑
i=1

(yti − f(xt
i; θ))

2 (1)

The unsupervised objective is essentially identical to the
CUDA objective and is defined as a joint log density over
the labels and model parameters as follows:

log q(xt, yt|θ) = log

[
p(yt|xt, θ)∑N
i=1 p(y

t|xt
i, θ)

p(yt)

]
(2)

This joint distribution seeks to reduce the model’s pre-
dictive bias when faced with a distribution shift in the
target domain (see Fig. 1B). The denominator, which
reflects the total probability of predicting a particular
class, normalizes for biases originating from the source
data. In other words, model predictions are normalized as
p(yt|xt, θ)/

∑N
i=1 p(y

t|xt
i, θ), such that no class has a bi-

ased probability of being predicted. Finally, the model pre-
dictions align with the target label distribution, using the
supplied marginal p(yt).

Note, that this objective does not depend on whether the
samples are labeled or not. Optimizing the joint distribu-
tion: 1) normalizes inherent bias towards one label over the
other by calibrating the prediction for a label with its total
weight in the dataset, 2) and explicitly trains q to match
the marginals – i.e.,

∑N
i=1 q(x

t
i, y

t|θ) = p(yt), thereby
matching high-level statistics like per-class proportions in
the training distribution. Importantly, with an informative
prior p(yt) that specifies the putative distribution of the tar-
get labels, pseudo-label prediction can be biased toward la-
bels that are more likely (see Section 3.2).

Combining the supervised and the unsupervised objec-
tive, the semi-supervised CRAFT objective is defined as:

L(Dt, θ) =

Nl∑
i=1

log p(yti |xt
i, θ)+α

N∑
i=1

log q(xt
i, y

t
i |θ) (3)

In the above equation, α is the weight associated with the
unsupervised objective and is tuned as a hyperparameter on
a held-out cross-validation set during training. For deep-
transfer, model parameters are initialized to θs derived from
the source model, and then gradient descent is performed to
obtain θt.
Theoretical motivation. Artificial Neural Networks
(ANNs) with hypotheses space Θ are trained to learn a
parametric approximation p(x, y|θ), θ ∈ Θ, such that
the log-likelihood of the training data given the parame-
ters is maximized. However, training ANNs often does
not account for prior distributions over model parameters.
In Appendix A.1, we demonstrate that the CRAFT semi-
supervised objective can be theoretically derived as MAP

estimation of the parameters (log p(θ|D)), which we write
as a sum of the supervised objective, log p(D|θ), and a prior
on the model parameters, p(θ). Specifically, we demon-
strate, using the principle of entropy maximization [21],
that the unsupervised objective is related to the prior on the
model parameters.

3.2. Model optimization
We optimize the supervised loss of the CRAFT objective
with conventional gradient descent, jointly optimizing both
components in the loss (equation 3). The unsupervised
component of the loss is dependent on the labels yt, which
are unavailable for the vast majority of target data. To tackle
this, we employ a 2-step optimization process.
Pseudo-label selection. As the first step, we fix the model
parameters θ and select the label that maximizes the joint
distribution for each datapoint:

ỹti = argmax
yt∈Y

q(xt
i, y

t|θ) (4)

where ỹi the pseudo-label for feature vector xi. For classifi-
cation tasks, the optimization in equation 4 can be achieved
by selecting the best label from a finite set of class labels
that maximizes q [4]. But, for regression problems such as
ours, class labels map to real numbers spanning the range
of the model outputs f(.; θ) : Rd 7→ [a, b]. To address this,
we rewrite the above equation under the assumption that
the continuous-valued labels are distributed normally, with
mean f(xt; θ), and variance c. Hence, the above equation
can be written as:

ỹti = argmax
yt∈Y

N (yt; f(xt
i; θ), c)p(y

t)∑N
l=1 N (yt; f(xt

l ; θ), c)
(5)

Equation 5 can be optimized with gradient ascent with
respect to yt for the objective log q(xi

t, yt|θ). But, the
pseudo-labels must be estimated before gradient descent
can be performed on the model parameters (see next step,
equation 6). This requires nested gradient descent, which
increases computational complexity. Moreover, to employ
an informative prior over target labels, we fit a class of mix-
ture models (described in Appendix A.3) to estimate p(y)
from the data; this makes backpropagation more cumber-
some. To overcome these challenges, we divide the entire
range of labels into small, discrete bins whose midpoints
are the candidate pseudo-labels. Hence, this step in the opti-
mization can be achieved faster pseudo-label selection from
a discrete set. Note that this approach does not transform
the model outputs to be discrete; it merely represents a con-
venient optimization strategy to update the parameters. In
the experimental section, we provide a recipe for choosing
bin sizes and study the impact of varying bin sizes.
Maximization. In the second step, we optimize the model
parameters by using the labeled data {xt

i, y
t
i}

Nl
i=1 and fixing

the pseudo-labels {xt
i, ỹ

t
i}Ni=1, as:
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Figure 2. (A) Schematic of gaze prediction using EEG signals. (Left) The task schematic of the Visual Search and Large Grid datasets
from the EEGEyeNet benchmark. (Right) EEG and eye tracking data were recorded [29]. (B) Architecture of the EEGNet-LSTM model,
used to decode from EEG data. The parsimonious architecture can be used to decode saccades from EEG data. (C) Schematic of the “brain
age” prediction task using structural MRI scans. (Left) A sample preprocessed structural MRI scan by SFCN. (right) The age and gender
(inset) distribution of the TLSA dataset. (D) Model architecture of the SFCN-based decoder. The SFCN backbone was used to extract
features from the MRI scan, which were used by a decoder block to predict brain age.

θ∗ = argmax
θ∈Θ

Nl∑
i=1

log p(yti |xt
i, θ) + α

N∑
i=1

log q(xt
i, ỹ

t
i |θ)

After incorporating distributional assumptions in the
above equation and subsuming constants with respect to
model parameters (e.g., priors on the labels p(yt)):

θ∗ = argmax
θ∈Θ

−
Nl∑
i=1

(yti−f(xt
i; θ))

2−α(

N∑
i=1

(
ỹti − f(xt

i; θ)
)2

−
N∑
i=1

log
N∑
l=1

exp (−(ỹti − f(xt
l ; θ))

2)) (6)

In practice, each update is performed with a batch of la-
beled and unlabeled data. First, pseudo-labels are computed
for the unlabeled data. Then, keeping the pseudo-labels
fixed, the second and third terms of this objective are op-
timized, while the labeled data are used to optimize the first
term, concurrently. Note that the optimization is performed
with the model parameters initialized to θs, derived from
the source model.

Intuitively, the supervised loss in Equation 6 encourages
model predictions to align with their true labels; because

model parameters were initialized with the source model,
this acts as an implicit regularizer discouraging the adapted
model from deviating too far from the source model. The
second term forces dissimilar predictions for data points
with different pseudo-labels. In other words, providing
samples with dissimilar label values during training pro-
duces disparate representations for data points with distant
labels, which in turn helps to learn a better regression line.
We use the log-sum-exponent trick to avoid numerical in-
stability during optimizing of the second term.

4. Datasets and Competing Methods
We employ CRAFT to address challenges relating to data
scarcity, missing labels, and continuous label prediction in
neuroscience.

4.1. Datasets and models
4.1.1. Gaze prediction from EEG signals
Saccades are rapid ballistic eye movements, putatively
linked to higher-order cognitive functions like attention and
working memory [5, 13]. Decoding eye movements from
neural data could help neuroscientists develop better mod-
els of these complex processes. With this objective, the
EEGEyenet benchmark dataset [29] was collected from 356
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participants. It contains ∼ 47.5 hours of 128-channel elec-
troencephalogram (EEG) recordings with eye-tracking data
collected concurrently.

Here, we predict saccade amplitudes from these EEG
data. We consider two datasets – the “Large Grid” and
the “Visual Search” datasets – from the EEGEyeNet bench-
mark [29] (Fig. 2A). In the Large Grid paradigm, partic-
ipants made saccades to a target location cued by a dot
on the screen. In the Visual Search paradigm, participants
searched for a specific symbol in the display and, thus, made
saccades during the search.
Preprocessing. Each dataset was preprocessed using
the pipeline described in the benchmark (details in Ap-
pendix B.1). We decode saccade magnitudes (y ∈ R+)
using the 128-channel EEG timeseries, sampled at 500Hz
(x ∈ R128x500), for corresponding trials. Table 5 (see Ap-
pendix B.1) lists the details of the train, cross-validation
and test distributions for these datasets. The Visual Search
paradigm has more training data and was used to train the
source model; this was then transferred to predict saccade
amplitudes in the Large Grid dataset (target).
Models. The EEGEyeNet benchmark showed that Pyra-
midal CNNs [47] were most effective at predicting sac-
cade amplitude. As an alternative to 2D convolutional net-
works, we also evaluate the performance of a novel end-
to-end Long-Short-Term-Memory (LSTM) model. This
model is trained on features extracted by separable convolu-
tions along time and electrode dimensions, following EEG-
Net [31] (Fig. 2B, more details in the Appendix B.1).

4.1.2. “Brain age” prediction from MRI scans
“Brain age” is the biological age of the brain and is an im-
portant biomarker for cognitive health. Studies have shown
that accelerated brain aging is associated with serious cog-
nitive impairments like Alzheimer’s disease [9]. Hence, es-
timating brain age is a critical problem in neuro-medicine.

As a first step, attempts have been made to decode
the chronological age of healthy participants using T1-
weighted structural MRI scans [41]. A 3D-CNN model
(see next, Models) was trained using the large UK-Biobank
dataset (N=14,503, 44-80 years, mean age=52.7 years) [39].
We seek to transfer this pretrained model to decode age in a
small Indian cohort – the TATA Longitudinal Study of Ag-
ing (TLSA) (N=188, 46-88 years, mean age = 66 years) [45]
(Fig. 2C), without access to the UKBiobank data.
Preprocessing. We followed a preprocessing pipeline iden-
tical to [41]. The T1w-MRI scan was brain-extracted,
bias-corrected [46], and registered to standard MNI-152
space [38], and cropped to get preprocessed scans x ∈
R160x192x160, which was used to predict brain age.
Models. Features from the pretrained Simple Fully Convo-
lutional Network (SFCN, Fig. 2D) were used to make the
predictions with a regression model; more details are pro-
vided in Appendix B.2) [41]. The entire model was then

adapted to the target dataset (TLSA).
We also apply CRAFT to people counting and tumor pre-

diction tasks (see Appendix B.3, B.4 for dataset details).

4.2. Competing DA Approaches
Baseline model. We define a naive baseline model that al-
ways predicts the mean label of the training set, ignoring
the input features of the test samples.
Transfer Learning (TL). We naively adapt the source
model by minimizing the supervised loss on the labeled
samples in the target dataset.
TASFAR. This is an SF-UDA model (See Section 2) for
regression problems. It depends on two statistics from the
source dataset – the threshold for confident samples and the
mapping between uncertainty to prediction errors. Because
the source is unavailable, we compute these using the TL
model on the target. For a fair comparison, we add the su-
pervised loss on the labeled data to the unsupervised loss,
weighted by the same α as in our model.
DataFree. This is another SF-UDA model (See Section 2).
The original model depends on the distribution of interme-
diate latents on the source distribution. Again, because the
source data is unavailable, we computed latent distribution
using the TL model and the labeled target data. As before,
the objective was modified to accommodate a supervised
loss (same α as in our model). Bin sizes for both TASFAR
and DataFree were selected to be the same as in CRAFT.
Progressive Mixup. This is a semi-supervised, source-free
domain adaptation tool (See Section 2). We adapt the model
to the regression task by replacing cross-entropy losses with
mean-squared error loss. Predictive entropy was replaced
by variance to estimate uncertainty.
BBCN. Bilateral Cycle Consistency is a prototype-based
clustering SF-SSDA paradigm (See Section 2). It depends
on class-level prototypes for each model. To extend it to
regression, we discretize the output space into bins of the
same width as the other methods.
Metrics. We quantify the prediction performance
of continuous valued outputs using two metrics – Root
Mean Squared Error (RMSE) and Percentage-Bend Corre-
lation [49] coefficient (R). A lower RMSE reflects a closer
correspondence between the predicted and actual labels, a
higher R-value quantifies better predictions along the best-
fit line between the actual and predicted labels.

In subsequent sections (5.1 and 5.2), we predict saccade
amplitude from EEG and brain age from structural MRI
scans, respectively.

5. Experiments: Results
5.1. Saccade Amplitude Prediction
Firstly, we trained an EEGNet-LSTM model on the Visual
Search source dataset (RMSE=67.03, R=0.91). This novel
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architecture outperformed the benchmark model (Pyrami-
dal CNNs) by ∼ 16% (benchmark: RMSE=79.59 pix,
R=0.87). Next, this was transferred to the Large Grid
dataset. The upper 3 rows of Table 1 shows the performance
when all the data was used for funetuning. In this case also
EEGNet-LSTM outperformed the benchmark (Pyramidal
CNN [29]) by a large margin (∼ 19%). Hence, subsequent
SSDA experiments were performed using EEGNet-LSTMs.

All models were trained with mini-batches of 128 sam-
ples, and only the best-performing checkpoint on the held-
out validation set was used for evaluating the test set.
Adam optimizer with an initial learning rate of 10−4 was
used. α in equation 3 was selected with a grid saerch over
{0.01, 0.1, 1.0}; empirically, α = 0.1 was always favored.

Table 1. Source Free Semi-supervised Deep Transfer of the model
trained on the Visual Search task to the Large-Grid Task. The
upper part of the table (rows 1-3) shows the performance ceiling
when all labeled data in the target is used for training. The lower
part (rows 4-9) shows SF-SSDA results when only 1% of the target
samples were labeled (3 seeds).

Method R ↑ RMSE (in pix) ↓
Naive Baseline - 149.12 ± 0.02
Benchmark (TL, 100%) 0.91 ± 0.01 63.84 ± 0.75
EEGNet-LSTM (TL, 100%) 0.93 ± 0.01 51.47 ± 0.63
SF-SSDA (1% labels)
EEGNet-LSTM + TL 0.77 ± 0.01 92.26 ± 1.66
EEGNet-LSTM + Mixup 0.48 ± 0.02 135.70 ± 1.25
EEGNet-LSTM + BBCN 0.76 ± 0.01 99.8 ± 3.35
EEGNet-LSTM + TASFAR 0.76 ± 0.01 86.41 ± 1.05
EEGNet-LSTM + DataFree 0.80 ± 0.01 87.64 ± 3.08
EEGNet-LSTM + CRAFT 0.81 ± 0.02 84.17 ± 3.95

To demonstrate the efficacy of CRAFT for SF-SSDA,
target labels from the training data of the Large Grid dataset
were randomly dropped in a stratified manner. Figure 3A
shows how the performance of these models is affected by
reducing the fraction of labeled data (nul/N is the frac-
tion of unlabeled samples). A lower proportion of labeled
data worsens the performance of all the models (RMSE in-
creases), but CRAFT produces the lowest RMSE for all un-
labeled data proportions. Figure 3B shows the prediction
of saccade magnitudes (|∆r|) for the best CRAFT-based
EEGNet-LSTM model. Table 1 (lower 6 rows) summarizes
the performance of CRAFT when 99% of the data were un-
labeled; CRAFT outperforms supervised training (TL) by
9% and other SOTA SF-SSDA models by > 4% in terms
of RMSE. The closest competitive methods were TASFAR
and DataFree. The correlation coefficient (R) also showed
similar trends (Table 1; Fig. 6A).

5.2. Brain Age Prediction
Next, we transferred the SFCN model trained on the UK
Biobank MRI scans to the TLSA dataset. The TLSA

dataset has only 188 MRI scans, so we avoid hyperparame-
ter searches. All models were trained for 25 epochs (batch
size = 4) using the Adam optimizer (initial learning rate
= 10−4), and only the final model was used for inference.
Here, we used α = 0.1; we explore the effect of varying α
for ours and competing models in Appendix D. Each metric
was calculated for the prediction on the entire dataset, leav-
ing out one fold at a time (4-folds). The top of Table 2 (row
2) quantifies the performance ceiling when all the training
data are used (3 seeds).

Table 2. Semi-supervised transfer of the SFCN model (source:
UKB) to the TLSA dataset. Same as in Table 1, except that the
lower part of the table (3-8) shows SF-SSDA results when only
20% of the target samples were labeled. (3 seeds)

Method R ↑ RMSE (in years) ↓
Naive Baseline - 7.91 ± 0.05
SFCN + TL (100%) 0.66 ± 0.01 6.14 ± 0.03
SF-SSDA (20% labels)
SFCN + TL 0.41 ± 0.07 7.41 ± 0.21
SFCN + Mixup 0.34 ± 0.04 7.71 ± 0.14
SFCN + BBCN 0.28 ± 0.04 8.00 ± 0.15
SFCN + TASFAR 0.42 ± 0.07 7.47 ± 0.15
SFCN + DataFree 0.50 ± 0.03 7.36 ± 0.14
SFCN + CRAFT 0.51 ± 0.03 7.14 ± 0.11

For SF-SSDA, we performed experiments closely simi-
lar to the saccade task (Section 5.1). Figure 3C shows how
these models’ performance is affected when the proportion
of unlabeled samples increases. Reducing the fraction of
labeled data worsens model performance, but CRAFT con-
tinues to remain the most competitive of all models. Fig-
ure 3D shows the prediction scatter of the best CRAFT-
based model. Table 2 summarizes the performance when
80% of the data was unlabeled. CRAFT outperforms su-
pervised training (TL) by ∼ 4% and other SOTA SF-SSDA
models by > 3% in terms of RMSE. Similar results were
obtained with the R values also (Fig. 6B). Again, TASFAR
and DataFree emerge as the most competitive methods.

Finally, we evaluated the effectiveness of CRAFT at two
other real-world regression benchmarks: People Counting
[44, 48] and Tumor Size prediction [6, 16]. CRAFT out-
performed other SF-SSDA methods by > 5% and > 2%
respectively for each dataset; the details are presented in
Appendices C.1 and C.2.
Mitigating Sampling Biases. Next, we show how the un-
supervised CRAFT objective could mitigate sampling bias
effects in the target training set. In all of the previous simu-
lations, the label distributions of the target train and test data
were matched. Here, we deliberately distorted the label dis-
tribution of the target training data: 80% of the data above
the mean age in the training set were removed, creating a
heavy bias toward lower ages. Following this, labels were
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Figure 3. (A, C) RMSE (↓) for source-free semi-supervised do-
main adaptation of saccade (A) and brain age (C) prediction tasks,
trained with varying proportions of unlabeled target data nul/N .
Dashed black line: Performance ceiling. Circles: individual trials.
(B, D) Prediction for the best CRAFT model for saccade ampli-
tude (B) and brain age (D), with 90% and 40% unlabeled data,
respectively. Triangles: individual participants. Results with a
much higher proportion of unlabeled data are shown for the sac-
cade dataset because of the far greater size of this (N ∼12k) com-
pared to the brain age (N ∼180) dataset.

retained in only 40% of the training data (nul/N = 0.6).
No such biases were introduced into the test data. The
CRAFT model was then trained by imposing the unbiased
(true) marginal label distribution on the unlabeled training
set (equation 5). In this scenario, again, we find that CRAFT
mitigates the effect of sampling biases in the training data
(Table 3). It outperforms transfer learning by ∼ 5%, and
other sota SF-SSDA models by > 2.5% (RMSE).

Table 3. Analyses with datasets with sampling error. 80% of the
data above the mean age is removed. Furthermore, only 40% of the
labels in this mislabeled data are used for semi-supervised transfer
of the SFCN model (source: UKB). (3 seeds)

Method R ↑ RMSE (in years) ↓
Naive Baseline - 8.38 ± 0.22
SFCN + TL 0.41 ± 0.05 8.40 ± 0.27
SFCN + Mixup 0.32 ± 0.02 8.19 ± 0.15
SFCN + BBCN 0.23 ± 0.02 8.53 ± 0.16
SFCN + TASFAR 0.39 ± 0.04 8.57 ± 0.22
SFCN + DataFree 0.41 ± 0.03 8.58 ± 0.23
SFCN + CRAFT 0.45 ± 0.03 7.98 ± 0.25

5.3. Analysis of computational complexity
Table 4 shows the computational complexity of CRAFT and
the competing models. We compute both the algorithms’
theoretical complexity and running time on the saccade and
brain age prediction tasks. The theoretical training com-
plexity is defined as the number of gradient updates per
epoch. For inference, the complexity is the same for all
models as the same architecture is trained using different
adaptation paradigms. Training time and complexity are
lowest for TASFAR, amongst all other SF-DA tools. The
complexity of CRAFT was comparable to DataFree, the
next best method.

Table 4. Computational complexity. Time per training epoch and
for all test data (in min). Parentheses: P- no. of model parameters;
N- samples; D- latent dimensionality; β- batch size, B- no. of bins,
m- no. of inferences for MC Dropout uncertainty estimation.

EEGNet-LSTM (P∼ 190K) SFCN (P∼ 2.95M)
(B) Method Train /Comp. ↓ Test /Comp. ↓ Train/Comp. ↓ Test/Comp. ↓

(N ∼ 12k) (N ∼ 2.5k) (N ∼ 150) (N ∼ 50)

TL 0.15 / O(N) 0.02 / O(N) 0.12 / O(N) 0.04 / O(N)
Mixup 0.74 / O(Nm) 0.02 / O(N) 0.74 / O(Nm) 0.04 / O(N)
BBCN 2.71 / O(NBD) 0.02 / O(N) 1.29 / O(NBD) 0.04 / O(N)
TASFAR 0.30 / O(N) 0.02 / O(N) 0.19 / O(N) 0.04 / O(N)
DataFree 0.55 / O(ND2) 0.02 / O(N) 0.32 / O(ND2) 0.04 / O(N)
CRAFT 0.45 / O(N(β +B)) 0.02 / O(N) 0.36 / O(N(β +B)) 0.04 / O(N)

6. Concluding Remarks
Data scarcity poses a serious challenge for applying deep-
learning models in real-world settings. Training over-
parameterized models on a few hundred data points leads to
overfitting and poor generalization. Conventional domain
adaptation algorithms, to transfer pretrained networks, typ-
ically need access to source domain data, but these may not
always be available. In this study, we propose a source-free
semi-supervised domain adaptation framework that recali-
brates the decision boundary without aligning the interme-
diate representation of the domains. In fields like medicine,
resource constraints associated with labeling data are signif-
icant; therefore, leveraging the large amounts of unlabeled
data becomes critical. We propose CRAFT as an SF-SSDA
approach for such source-free, label-sparse settings that are
common in real-world applications.
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