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Abstract. A well known problem in medical imaging is the performance
degradation that occurs when using a model learned on source data, in a
new site. Supervised Domain Adaptation (SDA) strategies that focus on
this challenge, assume the availability of a limited number of annotated
samples from the new site. A typical SDA approach is to pre-train the
model on the source site and then fine-tune on the target site. Current
research has thus mainly focused on which layers should be fine-tuned.
Our approach is based on transferring also the gradients history of the
pre-training phase to the fine-tuning phase. We present two schemes to
transfer the gradients information to improve the generalization achieved
during pre-training while fine-tuning the model. We show that our meth-
ods outperform the state-of-the-art with different levels of data scarcity
from the target site, on multiple datasets and tasks.

Keywords: Transfer learning · Site adaptation · Gradient transfer ·
MRI segmentation · Xray classification

1 Introduction

Deep learning has achieved remarkable success in many computer vision and
medical imaging tasks, but current methods often rely on a large amount of
labeled training data [5,9]. Transfer learning is commonly used to compensate for
the lack of sufficient training data in a given target task by using knowledge from
a related source task. Whenever a model, trained on data from one distribution,
is given data belonging to a slightly different distribution, a detrimental effect
can occur that decreases the inference quality [20]. This problem is especially
acute in the field of medical imaging since any data collection instance (e.g., an
MRI apparatus) might belong to a domain of its own due to the peculiarities of
a model or the scanning protocol [3].

In the current study we tackle the following setup: we have a sufficient amount
of labeled MRI data taken from a source site but only a small number of patients
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with labeled MRI data from the target site. This setup is called supervised
domain adaptation. Another setup is unsupervised domain adaptation where
we only have unlabeled data from the target site (see e.g. [4,7]).

Fine-tuning is the most widely used approach to transfer learning when work-
ing with deep learning models. Given a pre-trained model which was trained on
the source site, it is further trained on the data from the target site.

Recent research in the area of domain shift mainly deals with which layers
should be trained in the fine-tuning phase. The earlier approaches were based
on the work of Yosinski et al. [22], which suggests fine-tuning the layers at the
end of the network. Later approaches use the procedure in [1], which argues that
medical images (e.g. MRI) mostly contain low-level domain shift, so that the
first layers should be targeted. Shirokikh et al. [16] compared fine-tuning of the
first layers to fine-tuning of the last layers and the whole network. The findings
show that fine-tuning of the first layers is superior to fine-tuning of the last ones
and is preferable to fine-tuning of the whole network in the case of annotated
target data scarcity. Zakazov et al. [23] recently presented a domain adaptation
method which learns a policy to choose between fine-tuning and reusing pre-
trained network layers. Few methods such as [11,15] use the source model as an
L2 regularization that minimizes the distance from the pretrained model in the
fine-tuning phase. In this work we suggest a new fine-tuning method. In addition
to transferring the model parameters from the pre-training phase, we transfer the
model gradients that were obtained at the end of the learning process. By doing
that, we transfer the information on the network state in the parameter space.
We show that our approach outperforms the state-of-the-art SDA methods both
in segmentation and classification medical imaging tasks.1

2 Transferring the Parameter Gradients

Most supervised domain adaptation methods are based on transferring the model
weights from the source to the target domain and then fine-tuning them on a
small amount of labeled data from the target domain. We propose passing more
information from the source training phase to the target training phase rather
than only the model parameters. Let θ ∈ Ω be a network parameter-set trained
on labeled data from the source task (x1, y1), ..., (xn, yn). The gradient of the
loss function with respect to the weights of the network is:

L′(θ) =
1
n

n∑

t=1

d

dθ
l(xt, yt, θ), θ ∈ Ω (1)

where l is the single instance loss function (e.g. cross entropy). L is minimized
during the training process but its gradient is not necessarily set to zero at
the end of training due to the non-convexity of the loss function, regularization
constraints, validation-based early stopping, a limit on the number of training
1 The code to reproduce our experiments is available at: https://github.com/

yishayahu/MMTL.git.

https://github.com/yishayahu/MMTL.git
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epochs, etc. The parameter-set θ and its gradient L′(θ) define the state of the
network in the parameter space in a way similar to the position and velocity
that completely define the state of a system in classical mechanics.

We examine the impact of transferring L′(θ) along with θ from the pre-
training phase to the fine-tuning phase. In practice, the gradient L′(θ) is never
explicitly computed during training. Instead, an approximated gradient, com-
puted on mini-batches, is used to update the weights. Updating the weights
by the approximated gradient can be a noisy process, since the approximated
gradient can point to the opposite direction from the exact gradient. To limit
the effect of this process, an exponentially decayed moving average of gradients
obtained from previous mini-batches is maintained. This helps in gradually for-
getting old weights (when the network was poorly trained) and averaging the
recent weights (to get rid of the noise).

We propose two variants of gradient transfer that are both based on the mini-
batch computation of the gradient: The first gradient transfer method is the
Mixed Minibatch Transfer Learning (MMTL) method. It is based on gradually
exposing the optimization process to a larger portion of the target samples,
while continuing to compute the gradient on samples from the source domain.
The gradient that is used in the loss minimization process is obtained as:

αL′
source(θ) + (1− α)L′

target(θ) =
1
n

(
n1∑

t=1

d

dθ
l(xt, yt, θ) +

n−n1∑

t=1

d

dθ
l(x,

t, y
,
t, θ))

where a fraction α = n1/n of the n mini-batch data-points (xt, yt) is taken from
the source domain and the rest (x,

t, y
,
t) are taken from the target domain. This

smooth transition from the source domain to the target domain differs from the
standard fine-tuning procedure in which there is a sharp transition from training
on the source domain to training on the target domain. In the suggested process,
more information is transferred from the pre-training phase to the fine-tuning
phase. MMTL is summarized in Algorithm box 1.

Algorithm 1. Mixed Minibatch based Transfer Learning (MMTL)
θ0 ← θpretrained

for t in 1 to num of steps do
n target ← int( current epoch

num epochs
× batch size)

n source ← batch size − n target
data ← concat(sample(source, n source), sample(target, n target))
gt ← ∇ft(θt−1, data)
θt ← optimizer.step(θt−1, gt)

end for

The second gradient transfer method takes the gradients history that was
acquired during the pre-training phase and injects this information into the fine-
tuning optimizer. The implementation specifics can differ as a function of the



26 S. Goodman et al.

optimizer used. We applied this concept to two standard optimizers: Stochastic
Gradient Descent (SGD) and Adaptive Moment Estimation (Adam) [8]. In order
to keep the gradient history for a significant part of the fine-tuning phase, we
need to adjust the exponential-decay parameters. In our experiments, we used
μ = 0.99 in SGD and β1, β2 = 0.99, 0.999 in Adam. Furthermore, the Adam
optimizer uses a heuristic that gives more weight to the first training steps in
the history calculation to avoid the tendency to zero. If we start the training from
the first step it will quickly forget the pre-trained history. On the other hand,
if we start from the last pre-training step (6K in our case) this might give the
pre-trained history too much impact and undermine the fine-tuning procedure.
Thus, in our experiments, we consider the starting point of the target training
as step 100. We dub this method Optimizer-Continuation Transfer Learning
(OCTL). The implementation details of the application of OCTL to SGD and
Adam are shown in Table 1.

Table 1. Optimizer-Continuation Transfer Learning (OCTL) algorithm

Algorithm 2. OCTL - SGD
θ0 ← θpretrained

H0 ← Hpretrained (SGD gradi-
ents history)
μ ← 0.99
γ ← learning rate
for t in 1 to num of steps do

gt ← ∇ft(θt−1)
Ht ← μHt−1 + gt
θt ← θt−1 − γHt

end for

Algorithm 3. OCTL - Adam
θ0 ← θpretrained

M0 ← Mpretrained (gradients first
moment history)
V0 ← Vpretrained (gradients second
moment history)
β1, β2 ← 0.99, 0.999
γ ← learning rate
for t in 1 to num of steps do

gt ← ∇ft(θt−1)
Mt ← β1Mt−1 + (1 − β1)gt
Vt ← β2Vt−1 + (1 − β2)g

2
t

M̄t ← Mt/(1 − β
(t+100)
1 )

V̄t ← Vt/(1 − β
(t+100)
2 )

θt ← θt−1 − γM̄t/(
√

V̄t + ε)
end for

In the next section we evaluate the performance of the two gradient transfer
procedures described above. We used the same hyper-parameter configuration
described above in all our experiments. This demonstrates the robustness of our
method across different tasks and datasets.

3 Experiments and Results

To examine the performance and robustness of the suggested domain adaptation
methods we evaluated them on three different data-sets, two segmentation tasks
and one classification task. All our experiments were conducted considering the
following scenario: we have a sufficient amount of labeled data taken from a
source site and small amount of labeled data from the target site.
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We evaluate the following site adaptation methods:

– Fine-tune-all (FTA): fine-tune the model parameters using several training
epochs on the target site data [16].

– Fine-tune-first (FTF): fine-tune the first layers of the pre-trained model [16].
– L2SP : fine-tune the model using a regularization term for minimizing the

L2-distance to the pretrained model parameters [11].
– Spottunet (ST): fine-tune the model using the method described in [23] (which

is the state-of-the-art for the CC359 dataset [17]).
– Our gradient transfer methods: MMTL and OCTL.

All compared methods start with the same network that was trained on the
source site data. As an upper bound for the performance, we also directly trained
a network on the target site using all the available training data.

When comparing to unsupervised domain adaptation methods (such as
AdaptSegNet [19]), all the supervised methods mentioned above yield signifi-
cantly better results (as expected), thus we exclude comparison to unsupervised
methods.

3.1 MRI Skull Stripping

Data. The publicly available dataset CC359 [17] consists of 359 MR images of
heads and the task is skull stripping. The dataset was collected from six sites
which exhibit domain shift resulting in a severe score deterioration [16]. The
data preprocessing steps were: interpolation to 1 × 1 × 1 mm voxel spacing, and
scaling intensities into 0 to 1 interval. Each patient yielded approx. 270 slices.
We compared the adaptation methods using 90, 270, 540 and 1080 slices out of
the total approx. 12K slices of the target site (by including 1, 1, 2 and 4 patients
out of 45). To evaluate domain adaptation approaches, we used the surface Dice
score [14] at a tolerance of 1 mm. While preserving the consistency with the
methodology of [16], we found surface Dice score to be a more suitable metric
for the brain segmentation task than the standard Dice Score (similar to [23]).

Architecture and Training. The experimental evaluation provided in [16]
shows that neither architecture nor training procedure variations, e.g. augmenta-
tion, affect the relative performance of conceptually different approaches. There-
fore, in all our experiments we used the 2D U-Net architecture implementation
from [23]. In all the experiments we minimized the binary Cross-Entropy loss.
All the methods were trained with a batch size 16 for 60 epochs with the learning
rate of 10−3 reduced to 10−4 at the 45-th epoch. We ensured that all the models
reached the loss plateau.

Results. The segmentation results using Adam and SGD optimizers are shown
in Table 2. We used three different random seeds. For each seed, we tested the
methods over all the 30 possible pairs of single-source and single-target sites and
calculated the mean. Finally, we reported the mean and the std of the three mean
values. Table 2 shows that MMTL maximized the chosen metric. We observed
that the OCTL method was only effective in cases for which we had a relatively
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large amount of data from the target task. This method may be too aggressive,
and it keeps the model too close to the source minimum. The average results in
case we use all training data (12000 slices) to directly train the target site were
94.22 (Adam) and 84.61 (SGD). The average results without any fine-tuning
were 51.94 (Adam) and 54.63 (SGD).

Table 2. Segmentation sDice results on the MRI skull stripping task using the SGD
optimizer (top) and Adam (bottom).

Num. slices FTA [16] FTF [16] L2SP [11] ST [23] Gradient transfer

OCTL MMTL

90 74.45 ± 1.08 73.23 ± 0.57 73.69 ± 0.27 75.29 ± 1.11 73.44 ± 0.41 78.46±0.72

270 76.41 ± 0.46 73.42 ± 0.88 74.83 ± 1.11 75.72 ± 0.65 75.66 ± 0.43 79.63±0.56

540 77.31 ± 0.09 74.21 ± 0.92 74.68 ± 0.79 76.92 ± 0.31 80.50 ± 1.68 81.34±1.06

1080 82.64 ± 0.56 77.49 ± 0.79 79.10 ± 1.08 81.32 ± 1.32 86.98±0.83 84.16 ± 0.30

90 80.45 ± 0.46 84.36 ± 0.27 88.41 ± 0.13 86.09 ± 1.24 81.25 ± 0.23 89.13±0.45

270 81.96 ± 1.47 86.27 ± 0.47 88.34 ± 0.63 86.31 ± 0.92 81.98 ± 0.58 89.36±0.82

540 85.98 ± 0.33 87.67 ± 0.50 88.62 ± 0.43 87.95 ± 0.81 88.44 ± 0.86 90.76±0.77

1080 89.37 ± 0.19 90.17 ± 1.33 89.20 ± 0.76 89.10 ± 0.85 90.76 ± 0.39 91.65±0.38

The MMTL scheme makes the transition from the source site to the target
site smoother. It prevents the model from overfitting the few labeled training
examples from the target site. Instead, it preserves the information acquired
throughout the pre-training phase. Figure 1 visualizes the feature representation
of the model for every patient in CC359 [17] during the training process. To
visualize the model’s feature representation we applied dimensional reduction
using t-SNE on the bottleneck layer of the U-Net. During the FTA model training
process (left panel) the train slices and most of the test slices were separated
into two different clusters, while the cluster that contains the training examples
has much lower loss. This over-fitting behavior was not present in MMTL (right
panel) since it learned from the source training set.

Fig. 1. Progress of the transfer learning training: source site examples (Blue), target
site train examples (Green), target site test examples (Red). (Color figure online)
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Table 3. Segmentation sDice mean results on the MRI skull stripping date-set com-
puted on the source site using the model that was fine-tuned on target site. The results
are averaged over all 30 pairs of source-target sites.

Number
of slices

Source Model Fine tuned model

FTF [16] L2SP [11] ST [23] OCTL MMTL

90 84.61 58.42 59.91 57.64 52.07 86.99

270 57.48 62.76 58.70 54.59 86.74

540 53.06 55.43 53.12 54.10 85.83

1080 55.78 59.25 55.45 60.09 85.59

Site adaptation focuses on the results of the fine-tuned model on the target
site. Another question is how well this model addresses “catastrophic forget-
ting”, i.e., how much does the performance drop on source data after fine tuned
on target data. Table 3 shows the mean sDice score of the target model when
applied on the source site. We can see that MMTL manages to maintain the
performance of the source model and even it is slightly better. In contrast, in all
other compared methods there is a strong performance degradation.

3.2 Prostate MRI Segmentation

Data. We use a publicly available multi-site dataset for prostate MRI segmenta-
tion which contains prostate T2-weighted MRI data (with segmentation masks)
collected from 6 different data sources with a distribution shift out of three pub-
lic datasets. Details of the data and imaging protocols from the six different
sites appear in [13]. Samples of sites A and B are from the NCI-ISBI13 dataset
[2], samples of site C are from the I2CVB dataset [10], and samples of sites
D, E and F are from PROMISE12 dataset [12]. For pre-processing, we normal-
ized each sample to have zero mean and unit variance in intensity value before
inputting to the network. In this scenario we have a multi-source single-target
setup: we used five sites as the source and the last site as the target. The results
are calculated on six possible target sites using three different random seeds.
To evaluate the different approaches, we used the Dice Score. We employed the
same network architecture and training procedure as in the experiment described
above. In addition we used the same hyper-parameters that were found in the
previous experiment. The results are shown in Table 4. We can see that MMTL
outperforms the other methods. The average results without any fine-tuning
were 69.80. Qualitative segmentation results are shown at Fig. 2.

Table 4. Segmentation Dice on prostate MRI dataset using the Adam optimizer.

Num. slices FTA [16] FTF [16] L2SP [11] ST [23] Gradient transfer

OCTL MMTL

10 81.36 ± 0.64 77.98 ± 0.38 80.47 ± 0.12 80.01 ± 0.20 81.24 ± 0.44 83.15±0.41

20 82.38 ± 0.57 77.72 ± 0.63 82.99 ± 0.83 81.79 ± 0.56 82.27 ± 0.49 83.98±0.33

40 84.27 ± 0.83 83.35 ± 0.65 83.58 ± 0.70 84.07 ± 0.11 84.09 ± 0.72 85.70±0.91



30 S. Goodman et al.

Sa
m
pl
e
1

Sa
m
pl
e
2

GT FTA FTF L2SP ST [23] OCTL MMTL

Fig. 2. Two qualitative segmentation results from the prostate MRI dataset.

Table 5. Mean AUC results on transfer learning from cheXpert [6] to ChestX-ray14
[21] (top) and from ChestX-ray14 to cheXpert (bottom).

Num. slices FTA [16] FTF [16] L2SP [11] ST [23] Gradient transfer

OCTL MMTL

128 64.13 ± 0.28 65.37 ± 0.09 67.93 ± 0.17 64.61 ± 0.33 65.87 ± 0.09 68.12±0.24

256 66.79 ± 0.20 67.65 ± 0.57 68.20 ± 0.25 66.04 ± 0.27 67.86 ± 0.12 69.85±0.04

512 67.45 ± 0.93 68.07 ± 0.08 68.38 ± 0.23 67.30 ± 0.09 68.86 ± 0.08 70.85±0.04

1024 67.27 ± 0.60 70.23 ± 0.50 68.83 ± 0.17 68.42 ± 0.30 71.20 ± 0.32 73.57±0.71

128 62.12 ± 0.04 63.13 ± 0.19 65.82±0.04 61.86 ± 0.41 63.95 ± 0.21 64.74 ± 0.08

256 64.81 ± 0.24 66.91 ± 0.25 67.44 ± 0.22 64.73 ± 0.07 67.01 ± 0.19 68.16±0.28

512 65.93 ± 0.46 69.01 ± 0.04 67.78 ± 0.17 67.02 ± 0.56 68.91 ± 0.56 69.45±0.07

1024 68.55 ± 0.35 70.21 ± 0.15 68.17 ± 0.08 69.93± 0.14 70.96 ± 0.19 71.28±0.08

3.3 Chest X-ray Multi-label Datasets

We apply our method to a transfer learning problem from one X-ray multi-
label classification dataset to another. In this case, the label-sets in the two
datasets are not the same (unlike site adaptation) and, hence, there is a different
classification head for each task that we need to train from scratch.

Data. CheXpert [6] is a large public dataset for chest images, consisting of 224K
chest radiographs from 65K patients. Each image was labeled for the presence of
14 observations as positive, negative, or uncertain. ChestX-ray14 [21] is another
dataset that contains 112K X-ray images from 30K patients, labeled with up
to 14 different thoracic diseases.

Architecture and training. We used Densenet121 architecture trained with
the Adam optimizer with a learning rate of 1e-4 both for pre-training and fine-
tuning. We randomly split the data to train, validation and test. We applied the
compared methods to fine-tune on 128, 256, 512 and 1024 images, where 1024
is less than 0.1% of the training data.

Results. To evaluate the performance we used the Mean Area Under the ROC
Curve measure. Table 5 shows mean and standard deviation of three different
random seeds. It can be seen that our approach outperforms previous methods.
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We finally note that a recent paper [18] proposed a similar idea. They, how-
ever, addressed the problem of transfer learning between different tasks where
there is a need for a parameter tuning on a validation set from the target task. In
our case we address the same task in different domains and no parameter tuning
is needed. In addition we also improve the performance on the source domain.

To conclude, we propose a general domain adaptation concept of transfer-
ring the pre-trained gradients to the fine-tuning phase along with the parame-
ters. This concept was implemented by two methods - OCTL and MMTL, We
found that MMTL consistently yields better results than OCTL and also con-
sistently outperforms all other compared methods. The presented experiments
demonstrate that our methods manage to transfer the information from the
pre-trained model while fine-tuning the model, in both segmentation and classi-
fication medical imaging tasks.
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