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ABSTRACT

Multi-source unsupervised domain adaptation aims to leverage labeled data from multiple source
domains for training a machine learning model to generalize well on a target domain without labels.
Source domain selection plays a crucial role in determining the model’s performance. It relies
on the similarities amongst source and target domains. Nonetheless, existing work for source
domain selection often involves heavyweight computational procedures, especially when dealing
with numerous source domains and the need to identify the best ones from them. In this paper, we
introduce a framework for gradual fine tuning (GFT) of machine learning models on multiple source
domains. We represent multiple source domains as an undirected weighted graph. We then give a
new generalization error bound for GFT along any path within the graph, which is used to determine
the optimal path corresponding to the optimal training order. With this formulation, we introduce
three lightweight graph-routing strategies which tend to minimize the error bound. Our best strategy
improves 2.3% of accuracy over the state-of-the-art on Natural Language Inference (NLI) task and
achieves competitive performance on Sentiment Analysis (SA) task, especially a 3.9% improvement
on a more diverse subset of data we use for SA.

1 INTRODUCTION

Domain adaptation has been shown to succeed in training deep neural networks with limited data, particularly when the
acquisition of labeled data can be costly in real-world applications. In practice, it is often favorable to train a model
with data from related domains. Accordingly, the effectiveness of domain adaptation highly depends on the quality and
similarity of the source domains’ datasets. In cases where few or no labeled samples are available in the domain we
target, developing a methodology to train a model without direct supervision on target domain becomes necessary. This
approach is known as unsupervised domain adaptation.

Extensive research has been conducted on theoretical analysis and empirical algorithms that minimize the generalization
error (risk) of the trained model on target domain. Mansour et al. (2009) has demonstrated that the generalization error
depends on both generalization error on the source domain and the discrepancy between source and target domains.
In the pursuit of minimizing the discrepancy, certain approaches (Ruder & Plank, 2017; Liu et al., 2019) have been
proposed to select source domains that are close to the target domain. Nevertheless, this selection process can be costly
as it introduces an additional step prior to the model training. Moreover, the source domain selection tends to discard
distant domains, while we assert that the distant domains can actually provide valuable training benefits for the target
domain. For this reason, we propose a lightweight and efficient gradual fine-tuning (GFT) framework that can take
advantage of all available source domains. By sequentially fine-tuning a model on multiple data sources, we aim to
address the limitation of existing methods and unlock the potential benefits from distant domains during the training
process for the target domain. The underlying intuition of our approach is to gradually guide a model to its optimal
solution through sequentially fine-tuning the model on different source data whose distribution progressively aligns
with the target domain. With this formulation, the model learns from data that spans a wide range of distributions,
and ultimately leading it towards a better performance on the target domain. The gradual alignment of source data
distributions with the target domain is crucial in enhancing adaptability and performance.

The contribution of our work is two-fold. First, motivated by Wang et al. (2022), we construct theoretical analysis
and give the generalization error of the proposed GFT algorithms. Based on our theory, we introduce graph routing
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strategies for determining the optimal paths through an undirected graph constructed by source domains and Wasserstein
distances thereof. Second, we present empirical results for the GFT algorithms on two Natural Language Processing
(NLP) tasks that are commonly used to demonstrate the effectiveness of a domain adaptation algorithms. We show
that the performance of GFT algorithms does not highly depends on the discrepancy of sources and target domains as
long as there exists a path along domains such that the distance between consecutive domains is small and the data
magnitude on the path is large. Both empirical and theoretical results indicate that through GFT framework the model
achieves better performance than baselines.

2 RELATED WORK

Domain Adaptation aims to learn a model from source domains that generalize well to a target domain. In general,
there are three types of approaches on domain adaptation, namely model based, data centric, or hybrid approaches (Pan
& Yang, 2010; Ramponi & Plank, 2020). Model based approaches typically aim to learn an invariant representation for
domain shift (Ganin & Lempitsky, 2015; Zhao et al., 2019; Li et al., 2021). However, there is no theoretical analysis
presented in these works. Existing works (Huang et al., 2006; Mansour et al., 2009; Courty et al., 2017) also have
proposed on determining the value of sources, including the number of samples, the quality of data, and the discrepancy
between source and target. The data centric approaches typically perform data selection to select source domains that
are more similar to the target domain in terms of data distribution. Different kinds of metrics have been used to measure
domain similarity, for example in NLP, Jensen Shannon similarity over word distribution Ruder & Plank (2017) is one
of the common metrics to be used. One of the downside of data selection methods is, it usually involves expensive
computation in addition to the model training such as data selection using Bayesian Optimization (Ruder & Plank, 2017)
and Reinforcement Learning (Liu et al., 2019). Instead of performing data selection, our work attempts to eliminate this
source selection stage through gradual fine-tuning.

Gradual Domain Adaptation (GDA) is proposed for the problem of unsupervised domain adaption which assumes the
existence of a set of unsupervised datasets from intermediate domains. A pre-trained model is trained using labeled
data from source domain. And then the model is trained and updated sequentially with pseudo-labeled predicted by the
current model by minimizing the empirical loss w.r.t. the pseudo-labels. Kumar et al. (2020) have shown the GDA
achieves a small generalization error when the distribution shift between two consecutive domains is small and the
error in source domain is small. Wang et al. (2022) further proved an improved generalization bound which only grows
linearly with the number of intermediate domains. Chen & Chao (2021) considers the problem of gradual domain
adaption when the intermediate domains are not clearly defined, and proposed Intermediate Domain Labeler (IDOL) to
assign scores to all unlabeled samples and group samples into different domains accordingly.

Learning from multiple sources. As the data from a single domain could be very limited, Mancini et al. (2018); Peng
et al. (2019); Zhao et al. (2018) consider the problem of multi-source unsupervised domain adaptation which assumes
the source domain examples are multi-modal, i.e., the samples are drawn from different distributions. Multi-source
domain adaptation considers the setting when training with joint data samples from multiple sources and little or no
labeled training data from target domain. Crammer et al. (2008) presented a bound on the expected error incurred
by using K number of data sources. By applying the bound, an optimal number of data sources to train a model can
be achieved by measuring the discrepancy of data sources. Mansour et al. (2008) considers a similar problem which
assumes the target distribution is a mixture of distributions of multiple sources. The results show that there exists a
distribution weighted mixture combining rule that has a small enough loss with respect to any consistent target function
and any mixture of the data distributions. Furthermore, Mansour et al. (2009) relaxes the assumption and shows that
there exists a distribution weighted combination of the source hypotheses whose loss can be bounded with respect to
the maximum loss of the source hypotheses and the Renyi divergence.

3 PROBLEM SETUP

In this paper, we consider a binary classification problem. We denote X as the feature space and Y = {−1,+1} as the
label space. We assume that the feature space is compact and bounded by an L2 ball, i.e., X ⊆ {x ∈ Rd : ∥x∥2 ≤ 1}.
A domain is defined by a joint data distribution D with sample space X × Y , where X and Y are mapped by a labeling
function f : X → Y . For any domain, we assume that the data distribution is unknown, and we draw n sample pairs
S = {xi, yi}ni=1 from D independently. A hypothesis (classifier) is represented as a function h : X → Y . Let H
denotes the hypothesis class, which is a set of classifiers. In this paper, we assume any classifier h ∈ H is Lipschitz
continuous with respect to the feature vector x. More precisely, for any classifier h ∈ H, there exists a real constant
R ≥ 0 such that ∀x,x′ ∈ X , |h(x)− h(x′)| ≤ R · ∥x− x′∥2.
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Then, for any h, we can define its expected loss (risk) with loss function L on data distribution D as
ϵD(h) = E{x,y}∼D[L(h(x), y)].

Similarly, we denote the empirical loss on n samples as

ϵ̂D(h, f) =
1

n

n∑
i=1

L(xi, yi).

To provide bounds on the expected loss, we make an assumption that the considered loss function L is also Lipschitz
continuous w.r.t. the input of the function. That is, there exists a real constant L ≥ 0, such that ∀y, y′ ∈ Y , we have
|L(·, y)− L(·, y′)| ≤ L∥y − y′∥2.

In standard supervised learning, a model is trained to minimize the empirical loss (i.e., training loss) using n samples.
The trained model is expected to perform well on a test dataset when the test data and training data are drawn from the
same distribution D. However, this assumption does not hold in the context of domain adaptation, where the test data
(target domain) is not drawn from the same distribution as the training data (source domain(s)).

Problem Statement. The objective of domain adaptation is to learn a classifier that minimizes the expected loss or
risk on test data from the target domain, given the training data is from multiple source domains without knowing the
underlying joint distribution. Formally, the loss is

ϵT (h) = min
h∈H

E{x,y}∈DT
[L(h(x), y)].

We assume the model has access to DT as a distribution but does not have access to its data. Instead, certain number of
samples drawn from other different distributions are the only labeled resource available for training. Different from
most of the single domain adaptation set-ups, we consider a problem where there are K source domains and a single
target domain. We denote the data distribution and data samples for the t-th domain with Dt and St respectively. All
data distributions are unknown, we are only given K set of data samples St, t = 1, ...,K drawn from distributions
D1, ..., DK respectively. Each Dt has different level of discrepancy with DT . Existing work (Ramesh Kashyap et al.,
2021; Ruder & Plank, 2017) has been proposed to evaluate discrepancy measurement between source and target, e.g.,
KL-divergence (Kullback & Leibler, 1951), Jansen-Shannon divergence (Lin, 1991), Renyi divergence (Rényi, 1961),
and Wasserstein-p distance (Villani, 2009). In this paper, we use Wasserstein-p as a distance metric on a space of
probability measures, which has constantly been a reliable measurement for achieving good transfer performance
(Villani, 2009; Shen et al., 2018). For any distribution D1 and D2, the Wasserstein-p distance is defined by the value of
the following minimization problem:

Wp(D1, D2) = infπ∈Γ(D1,D2)

∫
∥z1 − z2∥pdπ(z1, z2),

where Γ(D1, D2) = {π|
∫
π(z1, z2)dz1 = D1(z) and

∫
π(z1, z2)dz2 = D2(z), z ∈ X × Y} is the set of joint

distributions with marginals D1 and D2. In reality, the estimation of Wasserstein-p distance of two distributions with
finite number of samples could be challenging. The Sinkhorn algorithm (Chizat et al., 2020) provides a practical way to
estimate Wasserstein distance by solving an entropy regularized minimization problem. In this work, we apply this
estimator to evaluate the distance between domains.

4 GRADUAL FINE-TUNING

In this section, we present our GFT approach for training on multiple source domains sequentially. Our method is
inspired by the fact that the generalization error of a trained classifier increases linearly with the distance between the
initial and the final parameter values. Previous research (Mansour et al., 2009) has shown that the target error depends
on both the source error and the discrepancy between the source domain data distributions DS and target domain data
distribution DT . This relationship explains why domain adaptation often works well in practice. However, existing
methods have not fully exploited these insights.

Our GFT approach addresses this gap by gradually updating the model based on the source domains in sequence.
We use graph routing algorithms to determine the order of updates, ensuring that each update minimizes the total
error on all previous source domains while maximizing the accuracy on the current one. This way we ensure that the
model converges faster and performs better overall compared to traditional single-source fine-tuning approaches. The
GFT approach provides a principled framework for handling multi-source domain adaptation problems, allowing us to
leverage the benefits of distant sources without sacrificing performance on the target domain.

Given K labeled datasets Sk, k = 1, ...,K from K sources and an unlabeled dataset T from the target domain, we
want to quantify the similarity between the source domains and the target domain. To achieve this, we employ the
Wasserstein-p distance, specifically utilizing the Sinkhorn divergence estimation method (Chizat et al., 2020), to
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Figure 1: GFT illustration for 2-source domain adaptation
with linear binary SVM. Source 1 has a distribution close
to target but its scale is diminutive, whereas Source 2 has a
large size but diverges further from the target. Model is first
trained from scratch on Source 2, giving a clear hyperplane
splitting two classes. Then fine-tuned on Source 1, shifting
the hyperplane towards Source 1 distribution. Evaluation
on target demonstrates the efficacy of GFT.

measure the distance between each pair of source do-
mains. This yields a symmetric (K + 1) × (K + 1)
matrix W whose i, j-th entry is Wp(Di, Dj).

For a given disparity matrix W , we model those multiple
domains as a Wasserstein geometric graph G = (V,E),
where vertices V are domains and edges E are pairs of
domains weighted by their Wasserstein distances. Any
path to the target domain in G represents a GFT trajec-
tory to train a classifier. Notably, the resulting graph
G is complete when no threshold is applied to the max-
imum Wasserstein distance. However, to ensure that
the disparity graph G is meaningful and easier to inter-
pret, we introduce a threshold value τ for the Wasserstein
distance. Specifically, the disparity graph G satisfies

∀i, j ∈ V, (Si, Sj) ∈ E if and only if the distance Wi,j < τ . The threshold parameter τ plays a crucial role in ensuring
the efficacy of the GFT algorithm. Intuitively, it serves as a bound on the lengths of edges in the graph, preventing
excessive errors from propagating through the network. Specifically, the threshold guarantees that every edge in the
graph is bounded by a small positive constant, which is essential for maintaining a low expected error rate. By applying
the threshold, the disparity graph induced by W gets pruned, thereby enhancing the accuracy of the algorithm because
it ensures that paths between high-discrepancy sources are not possible. On the other hand, we lack the access to target
labels, indicating that direct Wasserstein distance calculation is not feasible. Therefore, we adopt a common approach
in unsupervised domain adaptation, where pseudo-labels are generated by a pre-trained classifier on sources to make it
Wasserstein measurable between source and target domains.

Now, we formally present our GFT algorithm, which leverages the disparity graph G defined earlier. For any path in G,
our approach trains the model iteratively along the path using empirical risk minimization for each dataset. At each step,
we start with the previously train model ĥt−1 and fine-tune it on St by minimizing the empirical loss Lt(h) defined as

ĥt =
1

nt
argmin

h∈H

∑
(x,y)∈St

L(h(x), y). (1)

In summary, our GFT algorithm provides a flexible framework to train a model on multiple datasets without merging
them into a single one. While the framework itself does not explicitly define a specific path for domain adaptation, a path
from the most distant source to the closest source with the minimum sum of weights may lead to better performance in
unsupervised domain adaptation. An illustration of example GFT training with two sources is shown in Figure 1, where
the path is “Source 2 → Source 1”. We also conduct initial experiments on the 2-source example and GFT achieves the
best test accuracy compared to training on individual and combined sources. See appendix B for details.

5 THEORETICAL ANALYSIS

In this section, we present the generalization error bound of the classifier trained with GFT algorithm along any path
in the disparity graph G. We first recall the result from Wang et al. (2022) which shows the error difference of any
classifier h over shifted data distribution is bounded by the Wasserstein-1 distance.

Lemma 5.1. Given two joint distributions D1 and D2 over X × Y , the expected loss of a classifier h satisfies

|ϵD1
(h)− ϵD2

(h)| ≤ L
√

R2 + 1W1(D1, D2). (2)

Lemma 5.1 gives the performance discrepancy bound of a classifier between two different datasets. A classifier produces
similar errors on two data distributions that has smaller Wasserstein-1 distance. Applying this lemma, we bound the
expected errors of two consecutive classifiers for the proposed GFT algorithm as

ϵt+1(ĥt+1)− ϵt(ĥt) ≤
4B

√
2L

√
nt+1

+ 4B

√
log 1/δ

2nt+1
+ L

√
R2 + 1Wp(Dt+1, Dt),

where ∆t,t+1 = ∆t+1,t = Wp(Dt+1, Dt).The first and second terms are from generalization error bound under the
assumption that the Rademacher complexity of the hypothesis space satisfies Rn(H) ≤ B√

n
. Note that although the

above result is very similar to the bound in Wang et al. (2022), this result is different since the difference between labels
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of two consecutive datasets is considered in this paper. This bound is essential to analyze the generalization error. The
intuition is that the gradual fine-tuning works well only when the consecutive datasets are close enough.

We then present the theorem for bounding the generalization error of the gradual fine-tuned model under stated
assumptions. We follow the same line of the analysis in Wang et al. (2022) which treats the training procedure as
an online learning problem. More specifically, we sequentially train the final classifier with κ datasets consists of∑κ

t=1 nt training samples. The result in Kuznetsov & Mohri (2020) shows the discrepancy measurement between
distributions provides a tight generalization error bound for the final classifier with the target data distribution. For any
qκ = (q11 , ..., q

n1
1 , q12 ..., q

n2
2 , ..., q1κ, ..., q

nκ
κ ) ∈ R

∑κ
t=1 nt , the discrepancy measurement is defined as

disc(qκ) = sup
h∈H

(
ϵκ(h)−

κ∑
t=1

nt∑
τ=1

qτt ϵt(h)

)
.

The following bound holds for any real number sequence qκ with at least probability 1− δ,

ϵT (hκ) ≤
κ∑

t=1

nt∑
i=1

qitϵi(hκ) + ∥qκ∥2 + disc(qκ) + 6B

√√√√4π log

κ∑
t=1

ntRseq
n1:κ

+B∥qκ∥2
√

8 log 1/δ,

where Rseq
n1:κ

is the sequential Rademacher complexity Rokhlin (2017) of H with loss function L.

By applying this result, we are able to analyze the expected error of the GFT algorithm with the optimal weights for
discrepancy measure as qκ =

(
1

n1κ
, ... 1

n1κ
, ..., 1

nκκ
, ..., 1

nκκ

)
.Here, we present our main theory for the generalization

error bound of the proposed gradual fine-tuning algorithm as follows whose proof is provided in the appendix.
Theorem 5.2. The expected error of the final classifier hκ in the target domain T is upper bounded with probability at
least 1− δ as

ϵT (ĥκ) ≤ L
√
R2 + 1Wp(DT , Dκ) + ϵ̂1(ĥ1) + (1 + 1

κ )L
√
R2 + 1

∑κ−1
t=1 ∆t,t+1

+
(4

√
2LB+2

√
2B

√
log (1/δ))(κ−1)

κ

∑κ−1
t=0

1√
nt+1

+ 6B
√
4π log

∑κ
t=1ntRseq

κ (H)

+
B
√

8 log (1/δ)+1

κ

√∑κ
t=1

1
nt

.

(3)

Theorem 5.2 indicates that GFT achieves the minimum error bound when the model is sequentially trained along the
optimal path from the furthest domain to the closest source domain with respect to the target domain. The 1-st term
in Equation 3 is proportional to Wasserstein distance between the last domain and the target. When all domains are
distant from the target, the 1-st term naturally becomes large. The 2-nd term represents the path length across the
selected source domains, which depends on the distance between source domains and the number of sources selected.
On the other hand, sample sizes dominate the 4,5,6-th terms. As the number of samples increases, the 4,5,6-th term
decreases, indicating that using far-away but large-size domains in learning can still lead to low generalization bound
on target domain. Conversely, the opposite also holds for these terms when conditions are reversed. As long as the
consecutive domains are similar enough, the generalization error remains bounded. This verify our intuition that even
distant domains help learn the target domain when a good connecting path exists. Note that this generalization bound
acts as a worst-case scenario for prediction errors. In practice, it guarantees that actual errors remain below this upper
bound, but it doesn’t necessarily mean achieving the minimum prediction error itself. We focus on the optimization of
this worst-case scenario in the following.

For comparison, we also analyze the expected error bounds for two baselines (detailed analysis is in Appendix C and
D). First one is training with joint data from all source domains. The expected error of the trained classifier scales as the
weighted Wasserstein-1 distance between each source and the target. When a domain has dominate number of samples
and large enough Wasserstein distance with the target, the error on this domain will dominate the final trained classifier.
The second baseline is training a model only on the closest domain. As in standard learning theorem, the risk decreases
monotonically as the number of sample grows. In the case of the closest domain does not have contain enough samples,
a trade-off between Wasserstein distance and the number of samples needs to be carefully considered and selected.

6 GRAPH ROUTING

Pivoting around the minimization of generalization error bound in Theorem 5.2 for the best worst-case scenario, we
present our GFT trajectory selection strategies based on classical graph routing algorithms. As justified previously, a path
in G represents a GFT trajectory. Theorem 5.2 thereby indicates that corresponding error bound of the GFT trajectory
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can be represented by length of the path and sizes of source domain data sets on the path. Qualitatively, our objective is
to route a path in G that minimizes the error bound. Because the number of paths in G is limited, we can exhaust every
single path in G to get the optimal path that minimizes the bound. However, the number of paths in G grows larger than
exponential functions and even factorial when G is near complete (Jokić & Van Mieghem, 2022), which is obviously
multiplied in the computational complexity of obtaining the optimal path. Therefore, in this section, we aim to explore
more efficient ways to get paths with acceptable loss of optimality.

By observation, the error bound in Theorem 5.2 increases w.r.t. weights of the path
∑κ−1

t=1 ∆t,t+1, which naturally
derives the first principle of path search: minimize path weights. Another more intricate factor is the magnitude, i.e.
the sum of source domain data sizes ni on the path, which exists in the last three terms in Theorem 5.2. For a fixed κ,
all the terms decreases1 w.r.t. ni. The bound decreases as adding new large sized sources into training, because Rseq

κ
mostly dominates sum of magnitude terms by its relatively large constant. We then get the second path search principle:
maximize path magnitudes. Following the two principles, we obtain the optimal path π∗ by formulation

π∗ ≈ argmax
π∈P∗

mag(π), where P ∗ =

{
argmin

ρ∈PG(Si,T )

∆(ρ), i ∈ [K]

}
, (4)

where ∆(ρ) is the sum of weights (i.e. Wasserstein distance) along any path ρ. For each source dataset Si, we first
minimize the weights over all the paths from Si to T in G, denoted by PG(Si, T ). Then we maximize magnitudes
over all minimal weight paths, denoted by P ∗, each of which corresponds each Si as start source. The first stage from
PG(Si, T ) to P ∗ is guided by graph routing. The second stage from P ∗ to approximately optimal path is evaluated on
the magnitude metric we defined.

Repetitive Nearest Neighbor Search. Our first proposed graph routing strategy employs the repetitive nearest neighbor
algorithm, which selects the closest unvisited neighbor from one vertex to another until it reaches dead end. We utilize
nearest neighbor algorithm with T as the starting vertex and accumulate the path at each stop. Assuming we don’t
prune the original graph G in this strategy, by going K steps we exhaust all vertices and obtain an approximate length
optimal path for each Si by backtracking its cumulative path until T :

ρnn (Si) =
{
(T, f(T )) ,

(
f(T ), f2(T )

)
, . . . ,

(
fK−1(T ), Si

)}
where f(u) = argmin

v, (u,v)∈E

Wp(u, v), f
K(T ) = Si.

Note that nearest neighbor graph routing cannot get the exact minimal length path for each Si, but it applies a greedy
strategy that guarantees every next stop on the path comes from its closest non-successor, which acts as a 1-gram safe
move in GFT sense: fine-tuning on the source closest to the next target achieves the closest behaviour to it in one-move
scope. It also guarantees maximum magnitudes, as the fact that it exhausts every source domain brings a Hamilton path
as one of approximate optima.

Shortest Paths. Classical shortest path (SP) routing gets the exact minimal length paths P ∗ in Equation 4 by definition.
For each source domain Si, we apply Dijkstra’s algorithm (Cormen et al., 2022) to calculate the SP from Si to T in G,
i.e. the path with minimal sum of Wp between every pair of adjacent domains on the path:

ρsp (Si) = {(Si, u1) , (u1, u2) , . . . , (uκ−1, T )} , where u = argmin
{u1,...,uκ−1}⊂V

(ui,ui+1)∈E
u0=Si, ut+1=T

κ−1∑
i=0

Wp(ui, ui+1).

This strategy gives exactly P ∗ and guarantees to get the optimal path length in the generalization bound, but it generally
doesn’t generate large magnitudes because shortest paths only contain a small portion of vertices in a general graph. In
this case, we define the magnitude as the sum of data size of every domain on the path. Note that we apply edge weight
thresholds to G for this strategy, as a compromise that enhances the magnitude of the path while making the path longer.

Minimum Spanning Tree. This strategy is based on minimum spanning tree (MST), which is the tree as a subgraph of
G that makes all vertices in G connected while its edge subset has the minimal weight sum. We prune G to its most
lightweight connected acyclic form whose edges are short and every pair of vertices have one and only one path in
between. For domain graph G, we apply Kruskal’s algorithm (Cormen et al., 2022) to calculate its MST. Then for each
source domain Si, we use the exactly one path from Si to T to form the approximate P ∗:

ρmst (Si) ∈ PMST(G)(Si, T ), where ∀u, v ∈ V, |PMST(G)(u, v)| = 1.

1For the term with sequential Rademacher complexity Rseq
κ , since Rseq

κ has the same order as 1/
∑

ni, it also decreases w.r.t. ni.
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Table 1: Accuracy comparison on 5 target domains from the MultiNLI dataset, in mean± std. Subscripts of average
accuracies denote relative decreases to the best performance. Repeated experiments are conducted above identical set
of seeds for training.

Method Target Domain Avg Acc.
Fiction Government Telephone Slate Travel

ALL SOURCES 76.62± 0.67 72.34± 1.57 71.94± 1.37 71.09± 1.12 72.47± 2.02 72.89(↓4.7%)

CLOSEST 74.97± 0.34 72.88± 1.19 72.24± 0.71 73.50± 1.28 71.36± 0.85 72.99(↓4.6%)

SEAL-SHAP 74.70± 1.62 75.39± 0.75 74.63± 2.05 73.37± 0.69 75.70± 3.07 74.75(↓2.3%)

Xu et al. (2021) 78.82± 1.62 75.29± 1.11 74.97± 0.59 75.47± 1.11 73.25± 2.37 75.56(↓1.2%)

TGFT 77.43± 1.78 77.19± 2.13 72.89± 2.08 74.35± 1.59 74.68± 4.43 75.30(↓1.6%)

NNGFT 78.03± 2.34 76.95± 2.14 73.74± 2.19 77.03± 6.27 76.76± 2.19 76.50(0.0%)

SPGFT 76.40± 1.31 73.91± 5.31 73.05± 1.69 71.00± 3.39 73.14± 2.85 73.50(↓3.9%)

MSTGFT 76.18± 4.39 73.91± 5.31 73.05± 1.69 71.00± 3.39 73.14± 2.85 73.45(↓4.0%)

This strategy employs a further trade-off with the shortest path strategy between path lengths and magnitudes in the
generalization bound. The Cut Property of MST states that any newly added edge to an MST forms a cycle and has the
maximum weight on the cycle. As a result, MST can omit potential edges from a shortest path and take alternative
routes that involve smaller edges, enhancing its magnitudes.

The proposed strategies leverage the power of graph-based representations to facilitate the seamless knowledge transfer
from a source domain to a target domain while accounting for their distributional differences and magnitudes.

7 EXPERIMENTAL SETUP

We evaluate our proposed GFT methods, focusing on sentiment analysis (SA) and Natural Language Inference (NLI)
text classification tasks.

Multi-domain Datasets. For the SA task, we use the Amazon Review dataset (Blitzer et al., 2007; Liu et al., 2017),
which contains product reviews from 20 domains, annotated with binary sentiment labels (positive or negative sentiment).
In this experiment, we randomly select 8 domains as shown in Table 2 for simplicity of the experiment setting. The
language used in the dataset is English and Spanish. Additionally, to understand the performances of different strategies
under a more difficult scenario for this task, we manually select and experiment on 4 domains out of the 8 from
Amazon Review that are more diverging: books, music, electronics, grocery, which have the greatest Wassserstein-1
distance between each pair. For the NLI task, we use multi-genre Natural Language Inference (Williams et al., 2018,
MultiNLI), which contains a sentence pair of premise and hypothesis from 5 domains. The language in the dataset is
English. Each sentence pair is annotated with entailment, neutral, or contradiction labels. We binarize the label into
entailment or not, by following the procedure in Ma et al. (2019).

Implementation & Evaluation. The base model for the gradual fine-tuning experiments is a BERT-based model
(Devlin et al., 2019). Our gradual fine-tuning implementation is built on top of the Huggingface framework (Wolf et al.,
2020), and we use Geomloss (Feydy et al., 2019) to compute Wasserstein distances between domains in a dataset. For
the evaluation metric, we use accuracy to compare performance between different methods on each task.

Baselines. We experiment with our gradual fine-tuning (GFT) methods, namely nearest-neighbor (NNGFT), shortest
path (SPGFT), and minimum spanning tree (MSTGFT) graph routing. Additionally, we also conduct the aforementioned
brute-force that exhausts every possible path in G and chooses the one that minimizes the theoretical generalization
bound, named TGFT. We compare our GFT strategies to several baselines: (i) All sources 1-stage (ALL SOURCES):
We use all source domains combined for training and evaluate it on the target domain. (ii) Closest source 1-stage
(CLOSEST): We use the closest source domain to the target domain and evaluate it on the target domain. We determine
the closest domain by Wasserstein distance. (iii) SEAL-SHAP: A state-of-the-art method Parvez & Chang (2021) that
uses Shapley-based score to measure the usefulness of individual sources for transfer learning. (iv) Xu et al. (2021),
which gradually fine tunes on mixtures of in- and out-domain data with descending amount of out-domain data.
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Table 2: Accuracy comparison on 8 target domains from the multi-domain sentiment analysis dataset, in mean± std.
Subscripts of average accuracies denote relative decreases to the best performance. Repeated experiments are conducted
above identical set of seeds for training.

Method Target Domain Avg Acc.
Apparel Baby Dvd Electronics Beauty Books Grocery Music

ALL SOURCES
91.89 91.31 90.48 89.96 90.85 90.56 90.83 89.96 90.73(↓1.1%)

±0.28 ±0.72 ±0.56 ±0.85 ±0.52 ±0.45 ±0.67 ±0.43

CLOSEST
88.62 88.40 89.31 88.34 88.49 88.60 88.15 88.82 88.59(↓3.4%)

±0.77 ±0.52 ±0.31 ±0.31 ±0.54 ±0.36 ±0.52 ±0.57

SEAL-SHAP
92.13 93.13 91.00 91.68 93.90 93.23 89.43 89.12 91.70(0.0%)

±0.70 ±0.13 ±0.13 ±0.25 ±0.32 ±0.15 ±0.45 ±0.07

Xu et al. (2021) 91.40 92.13 89.81 90.08 90.67 89.81 91.56 89.54 90.63(↓1.2%)

±0.11 ±0.33 ±0.14 ±0.03 ±0.33 ±0.31 ±0.62 ±0.53

TGFT
91.93 88.22 90.18 89.43 90.51 90.41 89.98 90.22 90.11(↓1.7%)

±0.6 ±0.54 ±0.62 ±0.49 ±0.92 ±0.8 ±0.48 ±0.26

NNGFT
91.95 90.68 90.31 90.10 90.19 90.21 90.37 89.95 90.47(↓1.3%)

±0.6 ±0.4 ±0.8 ±0.72 ±0.53 ±0.36 ±0.65 ±0.66

SPGFT
91.36 88.05 88.31 89.50 89.68 88.77 89.68 88.52 89.23(↓2.7%)

±0.43 ±0.60 ±0.64 ±0.61 ±1.02 ±1.33 ±0.43 ±1.07

MSTGFT
91.35 88.44 87.91 89.35 88.98 88.96 89.09 89.14 89.15(↓2.8%)

±0.42 ±0.88 ±0.64 ±0.87 ±0.94 ±0.72 ±0.66 ±0.98

Table 3: Accuracy comparison on 4 distant domains from the multi-domain sentiment analysis dataset, in mean± std.
Subscripts of average accuracies denote relative decreases to the best performance. Repeated experiments are conducted
above identical set of seeds for training.

Method Target Domain Avg Acc.
Books Music Electronics Grocery

ALL SOURCES 89.71± 0.31 88.83± 0.67 87.75± 0.56 88.66± 0.53 88.73(↓0.5%)

CLOSEST 89.69± 0.41 88.98± 0.22 83.66± 0.78 88.62± 0.88 87.73(↓1.6%)

SEAL-SHAP 84.85± 1.80 85.91± 1.52 88.18± 0.47 84.21± 1.50 85.79(↓3.8%)

Xu et al. (2021) 88.87± 0.85 88.90± 0.37 87.56± 0.44 88.72± 1.52 88.51(↓0.7%)

NNGFT 89.33± 0.53 89.85± 0.32 87.65± 0.04 89.85± 0.82 89.17(0.0%)

8 RESULTS & DISCUSSION

Performance on MultiNLI. As shown in Table 1, on overall average accuracy, NNGFT outperforms all the baselines
including the state-of-the-art, SEAL-SHAP. On per-domain performance, TGFT and NNGFT outperform SEAL-
SHAP on 3 and 4 target target domains, respectively. However, the results for SPGFT and MSTGFT are less positive
compared to TGFT and NNGFT, this is possibly because SPGFT and MSTGFT produces shorter path consisting only 1-2
source domains, hence discarding the distant domains that can offer benefit for the performance in the target domain in
the MultiNLI dataset. In 4 target domains, the results between TGFT and NNGFT are the same because the produced
paths are identical from both methods. The fact that NNGFT surpasses CLOSEST on all target domains indicates that
by using only the closest source domain to the target domain is not optimal for the MultiNLI dataset. Additionally,
the fact that NNGFT is better than ALL SOURCES suggests that, although in terms of training data we use all source
domains on both ALL SOURCES and NNGFT, gradual fine-tuning is evidently better than one-stage fine-tuning.

Performance on SA. SEAL-SHAP yields the best overall results as shown in Table 2. Per-domain wise, it outperforms
all the methods in 6 out of 8 target domains. By overall average accuracy, all GFT variants can only outperform the
CLOSEST baseline. TGFT obtains one better performance than SEAL-SHAP on the Music domain. Other routing
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Table 4: Elapsed real time of each method on SA task, for pathfinding and training respectively. All runs are on the
same computing instance with NVIDIA Tesla V100 with cold start.

Method Pathfinding Training Notes
SEAL-SHAP < 6 hours < 10 minutes long pathfinding time

Xu et al. (2021) ≈ 20 minutes pathfinding is online in parallel with training

All GFT variants ≈ 30 minutes < 10 minutes only ≈ 5 minutes pathfinding
without pseudo label generation

strategies, SPGFT and MSTGFT, are not necessary optimal but they are still comparable to SEAL-SHAP and other
graph strategies because of their close performance to the best with low resource use of data and computation. From
Table 3, with the 4 distant domains, SEAL-SHAP gets significantly hit by increased discrepancy among source domains.
NNGFT outperforms all other baselines in 2 out of 4 domains and on average accuracy while stay comparable in the
other 2 domains. It is also worth noting that, SEAL-SHAP is hugely more expensive in terms of computation. During
experiments, SEAL-SHAP needs more than 5 hours to obtain the Shapley scores of the candidate source domains for
each target domain, while GFT only around 30 minutes in average.2 Last but not least, our approaches do not need
target labels whereas SEAL-SHAP needs to access them in its scoring function.

Nature of SA versus NLI. We analyze from another aspect why GFT performs not as significantly in the 8-domain SA
experiment: SA is a relatively less complex task than NLI. In SA, detecting the sentiment polarity of some adjective
keywords is empirically effective to determine the sentiment within a sentence (Hutto & Gilbert, 2014). Such approach
is common in the context of SA, where having a broader lexicon can enhance overall performance. This correlation
also explains why training on all sources has strong performance in SA. On the other hand, NLI is generally considered
to be a harder problem in NLP due to its requirement for more advanced linguistic comprehension and reasoning skills.
NLI is essentially a textual entailment task which requires reasoning and world knowledge (Bowman et al., 2015) to
determine the relation between a premise and hypothesis. It is not sufficient for the NLI model to only rely on lexicon
(word) encountered in a sentence, the model needs to capture the “meaning” of each sentence to then determine the
relation between premise and hypothesis text fragments. We use the preceding discussion to further support GFT’s
capability of solving more complex tasks based on the experimental results on those tasks.

Observation on Domain Distance. Based on the results from both tasks, although NNGFT performs the best on
the NLI task, its performance on the SA task is less effective although it’s still comparable with ALL SOURCES and
CLOSEST baselines. Observing the pairwise of the domain distance, we notice that the distance between domains in the
Amazon dataset is relatively smaller compared to domains in the MultiNLI dataset. Based on this observation, we
hypothesize that NNGFT is more effective when the domains has more diverging distance. NNGFT always exhausts
all source domains, but in an efficient way that it continuously seek the closest domain at each search step to try to
minimize total distance travelled. As the domains in a dataset become more distant, other methods that use all/most
source domains e.g. all-source, SEAL-SHAP experience a decline in their performances. This is because growing
divergence between domains cause distortion in methods that merge domains during training, and methods that choose
domains in pointwise manners overlook the increasing cross-domain distance and the path length, resulting in significant
prediction error bound increase, according to Theorem 5.2. However, GFT approaches follow a specific discipline that
they actively controls the distance between domains which mitigates such performance regression. Experiment results
reported in Table 3 also verifies this hypothesis. When we manually choose domains that are farther apart within the
same dataset, the effectiveness of our proposed algorithm becomes more apparent.

Ablation Study on Path Length. We also perform an ablation study by experimenting with different path lengths of
GFT algorithms. Given a particular sequence of fine-tuning of a target domain produced by GFT we try to examine
the behaviour of the model when we exclude a number of source domains from the sequence. For example, if the
GFT sequence of travel target domain in MultiNLI is: slate → telephone → government → fiction (path length of 4).
To produce path length of 3, we simply remove the furthest source domain, slate, and measure the performance. We
repeat the same step for different path length. Figure 2 shows the accuracy for NNGFT with different path lengths on
MultiNLI and SA. We observe that as we include more source domains in NNGFT, the trend of accuracy on most
target domains are also increasing for both datasets.

Notes on TGFT. In the two experiments conducted, we notice that TGFT generally performs less effectively than
NNGFT. It is true that generalization bound value for TGFT is theoretically the lowest among all GFT approaches, as it

2See Table 4 for a more detailed wall clock time report that shows the computational efficiency of GFT approaches.
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(a) MultiNLI (b) Sentiment Analysis

Figure 2: Accuracy ablation on different path length on two datasets. The x-axis indicates the path length of NNGFT,
i.e. number of source domains that is included in NNGFT. The y-axis indicates the accuracy on a particular path length.

explores all possible paths and selects the one that minimizes the bound. However, as discussed above, TGFT only
guarantees the minimax prediction error, but not the minimum prediction error. This observation indicates that optimizing
the worst-case scenario does not always yield the most practical results in GFT. It inspires deeper exploration into the
factors influencing what’s under the upper bound, e.g. its distribution, to approach more optimal pathfinding strategies.

Notes on SPGFT and MSTGFT. For the other two graph routing strategies, i.e. SPGFT and MSTGFT, we also highlight
that they make significant trade-offs between resource consumption which reflects training computational cost, and
slight performance reduction, regardless of low pathfinding cost already. Unlike NNGFT which exhaust all the domains
on the fine tuning path, SPGFT and MSTGFT only select small portion of the domains and follow short paths that
link those domains together, indicating low resource consumption and faster training, though they lead to a slight
performance decrease. All GFT strategies work significantly fast in pathfinding, while remaining the flexibility between
training costs, as determined by the identified paths connecting selected source domains, and model performance.

9 CONCLUSION

We conduct theoretical and experimental studies on gradual fine-tuning (GFT) in multi-source unsupervised domain
adaptation setting. We show that theoretically, using all source domains through GFT minimizes the generalization error.
Our experiment results show that even without source domains selection, the adapted model from GFT outperforms
state-of-the-art method in Natural Language Inference (NLI) task and achieve comparable performance in the sentiment
analysis (SA) task. We observe that (i) GFT is more effective when the Wasserstein distance between source domains
and target are more diverge. Including distant source domain through gradual fine-tuning can improve the adapted
model on the intermediate domains which is beneficial for the final target domain eventually. (ii) Path optimality for
GFT is still an open question as our graph routing strategies are focused on mitigating worst-case scenario, and are only
close to but not strictly optimal. (iii) Current graph routing strategies can hardly scale large graphs constructed by too
many source domains because of computational complexity quadratic increase. We believe that our findings can be
applied to more complex NLP tasks in the context of multi-source domain adaptation.
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A PROOFS FOR THEORETICAL ANALYSIS

Let’s first recall the following general theorem.
Lemma A.1. Let D be a joint distribution over X × Y and l be a B-bounded loss function that is L-Lipschitz in
the 2-norm in the first argument. For a given function space F and f ∈ F , let f∗ = argminf∈F EC [l(x, y)] and
f̂ = argminf∈F

1
n

∑n
i=1 l(f(xi), yi) be the empirical and population loss minimizers. Then for any δ > 0, with

probability at least 1− δ,

l(f̂)− l(f∗) ≤ 2
√
2LR(F) + 2B

√
log(1/δ)

2m
.

The next lemma shows the error difference over shifted domains.
Lemma A.2. We further assume that the classifier in F is R-Lipschitz continuous, then

|l(f,D1)− l(f,D2)| ≤ L
√
R2 + 1Wp(D1, D2).

Lemma A.2 provides a model independent bound on the difference of errors for a classifier under distribution shift. By
utilizing this bound, we can bound the difference of errors for the classifies generated by GFT algorithm under the
distribution shift.

ϵ2(ĥ2)− ϵ1(ĥ1) ≤ ϵ2(ĥ2)− ϵ2(ĥ1) + L
√
R2 + 1Wp(D1, D2)

≤ ϵ̂2(ĥ2)− ϵ̂2(ĥ1) + 4
√
2LRn2

(F) + 4B
√

log 1/δ
2n2

+ L
√
R2 + 1Wp(D1, D2)

≤ 4
√
2LRn2(F) + 4B

√
log 1/δ
2n2

+ L
√
R2 + 1Wp(D1, D2)

where the third inequality hold as ĥ2 is the minimizer of the empirical loss ϵ2. By iteratively applying this result, we
have for any t ∈ {1, ..., κ}

ϵt(ĥκ)− ϵ1(ĥ1) ≤ ϵκ(ĥκ)− ϵ1(ĥ1) + L
√
R2 + 1Wp(Dt, Dκ)

≤
∑κ−1

i=1

(
ϵi+1(ĥi+1)− ϵi(ĥi)

)
+ L

√
R2 + 1

∑κ−1
i=t Wp(Di, Di+1)

≤
∑κ−1

i=1

[
4
√
2LRni+1(F) + 4B

√
log (1/δ)
2ni+1

+ L
√
R2 + 1Wp(Di, Di+1)

]
+ L

√
R2 + 1Wp(Dt, Dκ).

Summarize over t = 2, ..., κ, we have∑κ
t=2 ϵt(ĥκ)− (κ− 1)ϵ1(ĥ1)

≤ 4
√
2L(κ− 1)

∑κ−1
i=1 Rni+1

(F) + 4B(κ− 1)
∑κ−1

i=1

√
log (1/δ)
2ni+1

+L
√
R2 + 1(κ− 1)

∑κ−1
i=1 Wp(Di, Di+1) + L

√
R2 + 1

∑κ
t=2 Wp(Dt, Dκ)

Now, we present proofs for results in the theoretical analysis section.

Proof. In this proof, we follow the same line as Wang et al. (2022). By applying Corollary 2 of Kuznetsov & Mohri
(2020), we can bound the population loss of the classifier ĥK from the final stage of GFT in the target domain DT as

ϵT (ĥκ) ≤
∑κ

t=1

∑nt

i=1 q
i
tϵt(ĥκ) + disc(qκ) + ∥qκ∥2

+6B
√

4π log
∑κ

t=1 ntRseq
κ (H) +B∥qκ∥2

√
8 log 1/δ,

where Rseq
κ is the sequential Rademacher complexity of the hypothesis space H with loss function L.

By setting the optimal weights for discrepancy measurement as qκ =
(

1
n1κ

, ... 1
n1κ

, ..., 1
nκκ

, ..., 1
nκκ

)
, we can bound

the L2 norm of qκ as

∥qκ∥2 ≤ 1

κ

√
1

n1
+

1

n2
+ ...+

1

nκ
.

Then by applying the same weights, we can bound the discrepancy measurement as

disc(qκ) = suph∈H (ϵκ(h)−
∑κ

t=1

∑nt

i=1 q
t
iϵt(h))

≤ suph∈H (
∑κ

t=1

∑nt

i=1 q
t
i |ϵκ(h)− ϵt(h)|)

≤ L
κ

√
R2 + 1

∑κ−1
t=1 Wp(Dt, Dκ)
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Finally, we provide the bound for the first term as

1
κ

∑κ
t=1 ϵt(ĥt) ≤ ϵ1(ĥ1) +

4
√
2L(κ−1)

κ

∑κ−1
t=1 Rnt+1

+ 4B(κ−1)
κ

∑κ−1
t=1

√
log (1/δ)
2nt+1

+L
√
R2+1
κ

∑κ−1
t=1 Wp(Dt, Dt+1) +

L
√
R2+1
κ

∑κ−1
t=1 Wp(Dt, Dκ)

Then, we can rewrite the above result as

ϵκ(ĥκ) ≤ ϵ1(ĥ1) +
κ−1
κ L

√
R2 + 1∆+ (κ− 1)L

√
R2 + 1∆

+ 4
√
2L(κ−1)

κ

∑κ−1
t=1 Rnt+1

+ 4B(κ−1)
κ

∑κ−1
t=1

√
log(1/δ)
2nt+1

+ 1
κ

√∑κ
t=1

1
nt

+ 6B
√

4π log
∑κ

t=1ntRseq
κ (H) + B

κ

√
8 log (1/δ)

∑κ
t=1

1
nt

Furthermore, we expand ϵ1ĥ1 and obtain the following result

ϵκ(ĥκ) ≤ ϵ̂1(ĥ1) +
2
√
2BL√
n1

+ 2B
√

log (1/δ)
2n1

+ (κ− 1
κ )L

√
R2 + 1∆

+ 4
√
2LB(κ−1)

κ

∑κ−1
t=1

1√
nt+1

+ 4B(κ−1)
κ

∑κ−1
t=1

√
log(1/δ)
2nt+1

+ 1
κ

√∑κ
t=1

1
nt

+ 6B
√

4π log
∑κ

t=1ntRseq
κ (H) + B

κ

√
8 log (1/δ)

∑κ
t=1

1
nt

which concludes the proof.

For comparison, we also provide the expected error bounds for two baselines. The first one is training with the joint of
data from all source domains. The second baseline is training a model only on the closest domain.

B SIMULATION RESULTS

We present the results of the 2-source initial simulation experiments for our GFT framework. We compared three
training strategies: 1) We train two linear classifiers on Source 1 and Source 2, separately. 2) We train a single classifier
on joint of Source 1 and Source 2. 3) We apply GFT following path “Source 2 → Source 1”. The result is shown in
Figure 3. GFT achieves the highest test accuracy among the three strategies. The intuition is the classifier in training
strategy 3 achieve a better result by following the guidance of our graph routing GFT.

C BASELINE: ALL SOURCES

One important baseline is the risk of the classifier trained with data from all sources. Let’s denote the classifier that
minimize the empirical loss over all samples as

ĥ = argmin
h∈H

1

n1:K

K∑
t=1

∑
(x,y)∈St

L(h(x), y).

By applying the same theory from Kuznetsov & Mohri (2020), we are able to write the upper bound of the risk of ĥ on
the target domain.

Lemma C.1. Suppose at each time step, a sample is i.i.d. drawn from the entire training data-set. With probability
1− δ, the expected error of classifier ĥ is bounded as

ϵT (ĥ) ≤ L
√
R2 + 1

∑K
t=1

(
nt

n1:K

)
WP (Dt, DT )

+
∑K

t=1

(
nt

n1:K

)
ϵ̂t(ĥ) +

∑K
t=1

√
ntB

n1:K

+
∑K

t=1
log (1/δ)

√
nt

n1:K

The expected error of ĥ scales as the weighted Wasserstein-1 distance between each source and the target. When a
domain has dominate number of sample ni and large enough ∆i,T , the error on this domain will dominate the final
trained classifier.
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D BASELINE: CLOSEST SOURCE

As in most domain adaption algorithms, training on the closest source has been shown to achieve good performance in
many real applications. But the drawback of limited number of samples always exists when the closest source does not
contain enough number of labeled training samples. Here, we denote the classifier trained on the closest domain c as
ĥc = argminh∈H

1
nc

∑nc

i=1 L(h(x), y).

Lemma D.1. With probability 1− δ, the expected error of the learned classifier ĥc satisfies

ϵT (ĥc) ≤ L
√
R2 + 1Wp(Dc, DT )

+ϵ̂c(ĥc) +
B√
nc

+ log (1/δ)√
nc

As in standard learning theorem, the risk decreases monotonically as the number of sample nc grows. In the case of nc

does not have contain enough samples, a trade-off between ∆c,T and nc need to be carefully considered and selected.

E PAIRWISE DISTANCE MATRIX

We include the W1 adjacency matrix of MultiNLI and Amazon (for sentiment analysis) domains in Figure 4 and 5
respectively.
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(a) Classifier trained on dataset 1

(b) Classifier trained on dataset 2

(c) Classifier trained on joint of datasets

(d) Classfier trained with GFT

Figure 3: Two datasets drawn from different distributions are available as training data. The test data from target domain
has higher discrepancy to dataset 1 than dataset 2. An linear model trained on dataset 1 achieves 0.555 accuracy on test
data as shown in subfigure (a). The same model trained only on dataset 2 achieves 0.54 accuracy on test data. Although
dataset 1 is more similar to the test dataset, it still achieves performance since the number of samples is very limited. By
jointing the two sources, the model’s accuracy is 0.53 as dataset 2 has much more samples than 1. In the last subfigure,
we applied GFT algorithm by following the order Source 2 → Source 1. The modeled achieves 0.805 accuracy.
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Figure 4: The matrix of pairwise Wasserstein-1 dis-
tance between domains in the MultiNLI dataset.

Figure 5: The matrix of pairwise Wasserstein-1 dis-
tance between domains in the Amazon dataset.
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