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Abstract

Although studies have demonstrated that Large
Language Models (LLMs) can perform well
on Out-of-Distribution (OOD) tasks, their ad-
vantage tends to diminish as the distribution
shift becomes more severe. Consequently, re-
searchers aim to retrieve distributionally sim-
ilar and informative demonstrations from the
available source domain to boost the inference
capabilities of LLMs. However, in practical
scenarios where the target domain is inaccessi-
ble, evaluating the unknown distribution is chal-
lenging, which indirectly impacts the quality
of the selected demonstrations. To address this
problem, we propose DOPA, a demonstration
search framework that incorporates an OOD
proxy to approximate the inaccessible target do-
main and guide the retrieval process. Building
on proxy-based evaluation, DOPA further in-
troduces a Mahalanobis distance-based global
diversity constraint to ensure sufficient diver-
sity among the retrieved demonstrations. Ex-
perimental results on multiple LLMs and tasks
demonstrate that DOPA effectively enhances
robustness in OOD settings1.

1 Introduction

Large language models (LLMs) have achieved
strong performance across diverse NLP
tasks (Chang et al., 2024; Song et al., 2025),
with in-context learning (ICL) emerging as a
widely used prompting paradigm (Min et al.,
2022). By providing a small set of demonstrations,
ICL can effectively guide model reasoning and
prediction. However, recent studies show that
LLM performance degrades markedly under
out-of-distribution (OOD) settings (Yuan et al.,
2023; Wang et al., 2025), particularly when
demonstrations are distributionally mismatched
with the target domain, motivating research into
more robust demonstration selection strategies.

*Corresponding author.
1https://github.com/bort64/ood_code

Retrieval (Luo et al., 2024) and augmenta-
tion (Shu et al., 2024) are two commonly used
approaches for obtaining effective samples. The
former searches for the most relevant examples
within a specific domain, while the latter rewrites
existing samples to reduce their discrepancy with
the target instance. Demonstration retrieval relies
on a retriever. Some off-the-shelf metrics, such
as Bm25 (Agrawal et al., 2023), sentence encoder-
based similarity (Liu et al., 2022), model influ-
ence (Peng et al., 2024; S. et al., 2024), and mis-
confidence (Xu and Zhang, 2024), can support
general-purpose retrieval strategies. Meanwhile,
other approaches aim to train a dense retriever to
obtain more task-relevant retrieval results (Cheng
et al., 2023; Li et al., 2023a). Augmentation, on the
other hand, focuses on adapting existing samples
to better match the distributional characteristics
of the target instance (O’Brien et al., 2024; Ma-
dine, 2024). However, in real-world applications,
an inaccessible target domain hinders the ability
to obtain domain-aligned demonstrations, often
resulting in degraded performance (Song et al.,
2024a).

To address the aforementioned challenge, we
propose a demonstration optimization framework
based on OOD proxy assessment (termed DOPA).
This framework quantifies the utility of source-
domain samples in the absence of target-domain
access, and leverages the quantification results to
guide demonstration retrieval. At its core, DOPA
introduces an OOD proxy as a principled approxi-
mation to the unknown target distribution (Zhang
and Wischik, 2022), which is composed of two
components: a source proxy and a target proxy.
The source proxy is defined as an instruction-tuned
LLM trained on the source domain to fully adapt
to the source distribution, while the target proxy
corresponds to the original, unmodified version of
the same LLM. The perplexity ratio between their
predictions on identical input samples is adopted
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as the OOD score for those samples (Nalisnick
et al., 2019). This OOD score serves to estimate
the degree of familiarity of source-domain samples
with the target domain in the absence of target-
domain information. It is further integrated with
representational similarity to predicted samples for
candidate selection. The validity of the OOD score
is theoretically supported through a bounded proxy
error analysis. Moreover, to enhance the diversity
of retrieved demonstrations, we incorporate a Ma-
halanobis distance-based search strategy into the
retrieval process. By relying on the OOD proxy,
DOPA is capable of identifying informative demon-
strations solely within the source domain, without
requiring any samples from the target domain. Ex-
tensive experiments show that DOPA consistently
outperforms baseline approaches across diverse
LLMs and natural language understanding tasks. In
addition, we provide a multi-dimensional analysis
that demonstrates the effectiveness of the proxy in
selecting samples that exhibit behavioral similarity
to those in the target domain. Our contributions are
as follows:

(i) We propose a method that leverages OOD
proxies to extract distribution-aligned samples, and
we theoretically demonstrate the soundness of the
proxy through a bounded proxy error guarantee.
(ii) We propose a target-agnostic demonstration
retrieval framework based on OOD proxies, which
combines proxy results and contextual diversity to
enhance the quality of demonstration selection. (iii)
Experimental results on multiple NLP tasks across
various LLMs demonstrate that DOPA effectively
enhances OOD robustness in ICL.

2 Related Work

Demonstration Retrieval. Despite the impressive
performance demonstrated by ICL, an increasing
number of studies have shown its sensitivity to
the choice of demonstrations (Song et al., 2024b).
To obtain more effective demonstrations, a natural
idea is to search over candidate samples within a
constrained space (Luo et al., 2024). Depending on
whether the retrieval tool has been trained, demon-
stration search can be divided into off-the-shelf
retrieval and retrieval based on fine-tuned models.
Term-based similarity has been widely used for
demonstration retrieval, with BM25 being one of
the most popular scoring metrics (Agrawal et al.,
2023; Ye et al., 2023). In addition, several sen-
tence embedding models, such as SBERT (Wang

et al., 2024), RoBERTa (Liu et al., 2022), and Sim-
CSE (Gao et al., 2021), have also been widely
used to compute inter-sample similarity and op-
timize demonstration selection. Moreover, some
approaches assess the influence of individual sam-
ples on model predictions to select high-impact
examples for demonstrations (Peng et al., 2024; S.
et al., 2024). Off-the-shelf retrieval methods may
yield suboptimal results, as they do not incorporate
task-specific information. Therefore, some meth-
ods have explored leveraging feedback signals from
LLMs to distinguish between important and unim-
portant samples, and further optimize the retriever
for specific tasks using objectives such as rank-
ing (Li et al., 2023a), contrastive learning (Cheng
et al., 2023; Luo et al., 2023), and diversity (Ye
et al., 2023). But these methods often rely on feed-
back from LLMs, which leads to higher computa-
tional complexity.

OOD Robustness in ICL. In ICL settings, dis-
tribution shifts often cause substantial performance
degradation, exposing models’ sensitivity and lim-
ited robustness to unseen domains (Yuan et al.,
2023; Wang et al., 2025). Such distributional gaps
can undermine demonstration retrieval, as retrieved
examples may no longer align semantically with
the target task. To address this issue, prior work has
explored demonstration augmentation, including
incorporating external knowledge such as linguistic
rules (Jiang et al., 2024) or human feedback (Bai
et al., 2024) for fine-tuning LLMs. However, the ne-
cessity of fine-tuning remains debated, with some
studies suggesting that LLMs inherently possess
the capacity to handle OOD data (Uppaal et al.,
2023; Zhang et al., 2024). Motivated by this per-
spective, semantic rewriting has emerged as an al-
ternative, prompting LLMs to adapt source sam-
ples to better align with the target domain (O’Brien
et al., 2024; Madine, 2024).

3 Method

3.1 Task Definitions and Model Description

Our model description begins with some defini-
tions. In the OOD setting, LLMsM are restricted
to using data from DS to perform ICL, and are ex-
pected to make predictions on any sample xt from
DT as accurately as possible. During the inference
process of LLMs, all samples from DT other than
xt are strictly inaccessible, preventing the model
from making decisions by referencing samples
from a similar distribution. For ICL, a prompt Pxt
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Figure 1: The model architecture of DOPA based on the sentiment analysis task. First, DOPA performs task-specific
instruction tuning on the source domain to obtain a source proxy based on any given LLM. Correspondingly, an
identical LLM without fine-tuning, which preserves the prior knowledge of the target domain, is employed as the
target-domain proxy. For the same input, the ratio between the two proxies is employed as an OOD proxy estimation,
which is further combined with similarity and diversity to support multi-granularity demonstration search.

is constructed by selecting N × |Y | labeled exam-

ples (x(j), y(j))
N×|Y |
j=1 fromDS , which are then con-

catenated with xt and fed into anyM. Here, |Y |
denotes the size of the label space. Then, the LLM
produces a prediction ŷt =M(Pxt). In different
task settings, ŷt can take various forms depending
on the output space. For classification tasks, it typ-
ically corresponds to a token representing a label
category (e.g., positive or negative), while for gen-
erative tasks, it may be a string representing the
desired output. As illustrated in Figure 1, DOPA
comprises two main components: OOD proxy es-
timation and multi-granularity demonstration re-
trieval. The proxy estimation module assesses the
proximity of source domain samples to the target
domain using an OOD proxy, while the demonstra-
tion retrieval module selects appropriate examples
by jointly optimizing semantic similarity and diver-
sity constraints.

3.2 OOD Proxy Estimation
The goal of the OOD proxy estimation is to evalu-
ate the utility of source domain samples to select
those that are more aligned with the target domain.
But without access to the target domain, it is dif-
ficult to accurately assess the target distribution.
Therefore, inspired by prior work on OOD detec-
tion (Ren et al., 2019; Zhang and Wischik, 2022),
we construct an OOD proxy to approximate the
target domain distribution, and compute the OOD
score of any sample via the proxy. The OOD score
is then used to guide sample selection from DS .

Proxy Construction. The OOD proxy consists
of two components: the source proxy and the target
proxy, which ideally model the source and target
distributions, respectively. For the former, an intu-
itive approach is to instruction-tune LLMs on the
source domain so that the model can better adapt
to the source distribution. In DOPA, the instruc-
tions for source proxy are encapsulated in the same
format as in ICL, aiming to prompt LLMs to pro-
duce reasonable task-related predictions. Formally,
for easily accessible source domain data xs ∈ DS ,
DOPA optimizes the LLM through the following
cross-entropy supervised loss:

Lsft = −
T∑

j=1

logpM(yi,j |Pxs , yi,<t), (1)

where Pxs is a task-related prompt that does not
contain any demonstrations.

As for the target domain, since the target domain
distribution is unknown, some methods propose a
general approach by replacing the target-domain
proxy with a uniform distribution (Bishop, 1993;
Nalisnick et al., 2019). Such a strong assumption
is inherently destined to yield suboptimal results
as shown in Lemma 1. Given that LLMs are pre-
trained on extensive corpora, it is reasonable to
assume that they implicitly encode a broad spec-
trum of linguistic and factual knowledge. As such,
LLMs can act as weak proxies for the target dis-
tribution, particularly in few-shot settings (Zhang
et al., 2024).
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Sample Screening based on OOD Score.
Given the aforementioned proxies, DOPA further
assumes that if a sample exhibits divergent behavior
under these two proxies, it may suggest an inherent
bias or a stronger alignment toward one specific
domain. This facilitates domain discrimination in
the absence of any auxiliary target domain samples.
In the previous research, the likelihood ratio is one
of the most commonly used detection criteria for
the divergent behavior (Ren et al., 2019; Zhang and
Wischik, 2022):

S(x) =
Ptarget(x)

Psource(x)
≈

P
proxy
target (x)

P
proxy
source(x)︸ ︷︷ ︸

OOD proxy

, (2)

where Psource(x) and Ptarget(x) represent the be-
havior of models with the source and target domain
distributions when given the same input sample x,
respectively. Under distributional uncertainty, the
OOD proxy is used as their approximation. To sup-
port the validity of OOD proxy estimation, we fur-
ther establish a theoretical guarantee on the bound-
edness of proxy error under mild assumptions.

Theorem 1 (Proxy Error Bound). Let Ptarget and
Psource be the true probability distributions of the
target and source domain, let P proxy

target and P proxy
source

be the corresponding proxy distributions. Suppose
there exist constants εt ≥ 0, εs ≥ 0, mt > 0, and
ms > 0 such that the following hold:

• The Kullback-Leibler divergences are
bounded: DKL(Ptarget ∥ P proxy

target) ≤
εt, DKL(Psource ∥ P proxy

source) ≤ εs. The
proxy distributions have pointwise
lower bounds: Ptarget(x), P

proxy
target(x) ≥

mt, Psource(x), P
proxy
source(x) ≥ ms.

Then, for all x, the error in the log-likelihood ratio
satisfies:
∣∣∣∣∣log

Ptarget(x)

Psource(x)
− log

P proxy
target(x)

P proxy
source(x)

∣∣∣∣∣ ≤
εt
mt

+
εs
ms

.

Lemma 1 (Error Bound with Uniform Proxy).
Building upon Theorem 1, if a uniform distribution
is used as the proxy for target, it is more likely to
result in a looser upper bound on the error.

Due to space limitations, the proof of the above
theorem is provided in Appendix A. Such a uni-
form bound certifies that the proxy-based score
deviates from the true likelihood ratio by at most

a known quantity, thereby providing theoretical
assurance for reliable estimation. In the case
of autoregressive LLMs, perplexity (Wuhrmann
et al., 2025) is commonly employed to quantify the
model’s familiarity with a given text x: PPL(x) =
exp

(
− 1

m

∑m
i=1 logP (wi|w<i)

)
, where m is the

total number of tokens in x, and P (wi|w<i) is the
conditional probability of the language model pre-
dicting the i-th token. Therefore, to conform to the
log form as stated in Theorem 1, we adopt the log-
perplexity difference as a more stable alternative:

S(x) = logPPLproxy
target(x)− logPPLproxy

source(x).
(3)

Ideally, if the value of S(x) is relatively low, it
exhibits higher perplexity under the source-domain
proxy and lower perplexity under the target-domain
proxy, which further indicates that the sample is
more aligned with the target domain and should
therefore be prioritized for constructing demonstra-
tions. By performing a single pass over DS , we
can obtain a potential subset D̂S that is closer to
the target domain distribution by selecting the k
samples with the lowest OOD scores.

3.3 Demonstration Retrieval

Although the OOD scores help identify source do-
main samples that are more likely to align with
the target domain, the resulting coarse-grained sub-
set still requires further refinement to construct
effective demonstrations. Existing studies have pro-
vided strong support for the demonstration search
process (Liu et al., 2022; Agrawal et al., 2023), a
general approach is to adopt an off-the-shelf text
representation model to encode candidate texts into
vectors and rank the most relevant demonstrations
based on their cosine similarity with the test sample.
But one limitation of proxy-based OOD scoring lies
in its reliance on language model perplexity, which
primarily captures token-level fluency and distribu-
tional similarity. As a result, it may implicitly favor
shorter texts or those conforming to high-frequency
linguistic patterns (Holtzman et al., 2020), leading
to reduced diversity in the selected sample pool and
potentially impairing the quality of the retrieved
demonstrations. To address this issue, we further
introduce a global diversity constraint to improve
the overall quality of the retrieved demonstrations.
Specifically, for each sample representation hxi

corresponding to the proxy-filtered set D̂S , we ini-
tialize a candidate sample set Ddemo based on the
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Algorithm 1 Demonstration Retrieval Process of
DOPA
Input: Proxy-filtered set D̂S , test sample xt.
Parameter: Demonstration quantity N × |Y |, ini-
tialized candidate set C.
Output: Final demonstration set Ddemo with size
N .

1: InitDdemo by Eq.4, sort D̂S in ascending order
according to sim(hxi , ht), counter← 0.

2: while |Ddemo| < N × |Y | do
3: x̂← D̂S [C + counter].
4: if DivDdemo

≤ Div{x̂}∪Ddemo
then

5: Ddemo ← {x̂} ∪ Ddemo.
6: end if
7: counter←counter + 1.
8: end while
9: return Ddemo

similarity of the representations to ht:

Ddemo = argmax
C
{sim(hxi , ht)}

|D̂S |
i=1 , (4)

where C is the number of samples in the initial-
ized candidates2. Subsequently, the mean pairwise
Mahalanobis distance (Li et al., 2023b) among sam-
ples in Ddemo is used to quantify the diversity:

Div =
2

|Ddemo|(|Ddemo| − 1)

∑

i<j

√
D⊤

ijΣ
−1Dij ,

(5)
where Dij = hxi − hxj , Σ is the empirical covari-
ance matrix computed over all samples. The Ma-
halanobis distance is adopted because it accounts
for the correlations between samples while measur-
ing diversity, which helps impose constraints on
similarity-based retrieval results. If a new sample
x̂ ∈ {D̂S −Ddemo} does not lead to a decrease in
overall diversity i.e. DivDdemo

≤ Div{x̂}∪Ddemo
,

it is retained. This process continues until the num-
ber of samples meets the required threshold for
constructing demonstrations. The final selected
demonstration set is used for ICL. The above pro-
cedure is summarized in Algorithm 1. After obtain-
ing sufficient samples, we construct demonstrations
in a fixed label order to prevent bias introduced by
orders, and use them for ICL.

2We specify the value of C in the detailed experimental
settings.

4 Experiment

4.1 Experimental Setup

We conduct experiments on the OOD-specific
benchmark BOSS (Yuan et al., 2023), which in-
cludes three classification tasks, Sentiment Anal-
ysis (SA), Toxicity Detection (TD), and Natural
Language Inference (NLI) as well as one genera-
tion task, Named Entity Recognition (NER). All
instruction templates follow the format provided in
the original BOSS paper. In addition, we com-
pare our proposed method DOPA with various
baseline approaches to comprehensively demon-
strate its advantages. These baselines include:
Random (Peng et al., 2024), KNN (Liu et al.,
2022), DrICL (Luo et al., 2023), Rewrite (Madine,
2024), InfICL (S. et al., 2024), and DICL (Ka-
puriya et al., 2025), where Rewrite refers to the
data augmentation-based method, while the oth-
ers are demonstration retrieval-based methods. All
the methods are implemented in different LLMs
to verify the adaptability of the proposed meth-
ods, including GPT2-xl, Qwen3-1.7B, Qwen3-8B,
Gemma2-2B, and LLaMA3.2-3B, LLaMA3.1-8B. In
addition, to investigate the performance of the
proposed method on closed-source models, we
also conduct experiments on GPT4o-mini and
GPT3.5-turbo, and compare them with KNN, In-
fICL, Rewrite and DICL. Additional experimental
settings can be found in Appendix B.

4.2 Experimental Results

We present the comparison results of DOPA with
the aforementioned baseline methods on different
LLMs in Table 1, Table 2, and Table 3. We do
not compare InfICL and Rewrite on the NER task
because, for token-level tasks, the influence of indi-
vidual samples is difficult to quantify, and sentence
rewriting may change the original entities. As an
alternative, we compare with KNN, DrICL and
DICL, which are not affected by the type of task.

For classification tasks (Table 1), DOPA exhibits
noticeable performance degradation in only a few
cases, demonstrating strong robustness under dis-
tribution shift. Wilcoxon signed-rank tests over
nine evaluation tasks further confirm that DOPA
significantly outperforms all baselines. By contrast,
several recent methods fail to consistently surpass
random selection in OOD settings. Notably, under
LLaMA3.2-3B, Random sampling consistently out-
performs similarity-based retrieval such as KNN,
highlighting the persistent challenges posed by dis-
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Methods SA TD NLI
dynasent semeval sst avg implicit adv toxigen avg wanli anli cnli avg

GPT2-xl
Random 36.33 49.28 47.70 44.44 50.47 50.20 50.60 50.42 34.23 32.23 39.22 35.23

KNN 35.89 45.92 51.17 44.33 47.67 47.50 48.50 47.89 33.57 33.50 45.05 37.37
DrICL 37.00 47.66 52.76 45.81 49.70 51.38 48.23 49.77 32.03 33.33 47.20 37.52
Rewrite 36.00 45.84 50.61 44.15 46.90 45.72 49.37 47.33 34.00 32.77 45.38 37.38
InfICL 36.61 49.26 46.95 44.27 49.90 50.33 50.17 50.13 33.80 32.40 24.25 30.15
DICL 38.46 49.86 56.92 48.41 46.20 47.37 46.37 46.65 32.93 33.47 44.57 36.99

DOPA* 38.23 48.44 59.61 48.76 51.67 53.29 50.50 51.82 34.93 33.43 45.77 38.04
LLaMA3.2-3B

Random 53.81 47.86 66.26 55.98 57.70 55.20 65.70 59.53 37.70 35.50 42.75 38.65
KNN 52.63 45.76 65.42 54.60 56.63 53.29 51.03 53.65 37.20 34.67 44.24 38.70
DrICL 56.05 46.08 67.10 56.41 57.83 56.18 64.80 59.61 36.50 33.87 42.95 37.77
Rewrite 53.92 45.06 64.29 54.43 51.57 57.04 62.70 57.10 36.43 35.60 42.75 38.26
InfICL 53.35 46.80 64.39 54.84 56.33 55.20 65.57 59.03 36.23 36.00 40.65 37.63
DICL 53.79 47.50 68.42 56.57 56.60 53.88 66.00 58.83 37.67 34.60 42.52 38.26

DOPA* 55.71 53.28 68.88 59.29 57.87 56.45 65.30 59.87 38.40 35.87 43.19 39.15
Gemma2-2B

Random 56.47 47.06 66.45 56.66 55.57 56.51 63.93 58.67 33.37 33.00 42.66 36.34
KNN 55.29 47.28 66.26 56.28 53.20 47.89 63.87 54.99 33.50 32.93 41.61 36.01
DrICL 57.67 47.20 67.10 57.32 55.43 56.45 61.17 57.68 33.73 33.57 45.43 37.58
Rewrite 57.91 47.12 67.01 57.35 48.57 51.84 61.84 54.08 33.70 33.33 45.29 37.44
InfICL 58.07 45.38 64.57 56.01 55.63 57.50 59.90 57.68 33.27 32.93 45.29 37.16
DICL 55.61 48.66 68.10 57.46 54.40 53.68 65.30 57.79 33.43 33.33 45.15 37.30

DOPA* 57.24 47.70 68.13 57.69 56.53 58.09 65.73 60.12 33.37 33.07 46.10 37.51
Qwen3-1.7B

Random 62.82 60.90 69.17 64.29 54.97 52.89 67.20 58.35 41.30 35.17 39.12 38.53
KNN 60.75 58.32 70.67 63.25 56.10 50.13 65.73 57.32 41.77 35.20 37.83 38.27
DrICL 61.54 60.16 70.38 64.03 54.07 55.86 66.37 58.76 42.77 35.33 37.49 38.53
Rewrite 60.38 54.72 70.29 61.80 51.33 57.50 61.97 56.93 39.47 36.63 38.79 38.30
InfICL 62.10 61.12 69.92 64.38 55.30 56.83 65.23 59.12 40.80 35.57 40.03 38.80
DICL 59.94 57.00 69.82 62.26 55.37 54.54 64.45 58.12 42.70 35.83 39.22 39.25

DOPA* 63.35 59.64 71.79 64.93 55.47 56.45 65.73 59.22 42.37 36.47 40.94 39.93
LLaMA3.1-8B

Random 58.46 52.02 69.63 60.04 56.50 55.66 66.40 59.52 39.73 36.67 43.09 39.83
KNN 57.61 49.32 70.48 59.13 57.23 54.80 65.50 59.18 41.00 37.40 42.23 40.21
DrICL 59.20 51.22 69.73 60.05 58.57 56.64 67.73 60.98 40.70 35.90 42.32 39.64
Rewrite 56.59 48.74 69.07 58.13 54.57 59.67 63.87 59.37 38.87 36.00 43.23 39.37
InfICL 57.63 52.92 70.76 60.44 59.00 59.74 63.77 60.83 40.87 37.23 43.04 40.38
DICL 58.35 51.44 70.10 59.96 57.03 55.99 65.97 59.66 38.97 36.37 42.13 39.16

DOPA* 59.25 51.84 72.16 61.08 58.60 59.28 67.43 61.77 41.33 37.53 42.75 40.54
Qwen3-8B

Random 68.56 63.42 76.85 69.61 56.90 56.71 65.63 59.75 41.13 35.77 28.17 35.02
KNN 65.34 63.78 76.01 68.38 57.17 58.03 68.07 61.09 41.93 34.93 30.27 35.71
DrICL 68.40 63.82 78.26 70.16 63.10 57.04 77.43 65.86 40.57 36.10 32.81 36.49
Rewrite 64.25 60.08 74.98 66.44 55.63 59.41 70.50 61.85 38.83 34.63 31.09 34.85
InfICL 70.71 64.04 75.35 70.03 56.33 57.96 65.97 60.09 40.07 35.60 35.29 36.99
DICL 64.32 63.46 76.10 67.96 60.80 59.21 77.53 65.85 41.60 35.33 29.60 35.51

DOPA* 70.90 63.32 78.35 70.86 62.87 59.08 79.00 66.98 45.40 38.10 34.29 39.26

Table 1: The performance (accuracy %) on classification tasks, * indicates that the results based on the LLM among
all the datasets are statistically significant under the Wilcoxon Signed-Rank Test (p ≤ 0.05). The calculation process
of significance is presented in Appendix B.3.

tribution shift and the instability of purely semantic
retrieval. Methods leveraging additional signals
show mixed effectiveness. DrICL, which incor-
porates LLM feedback to train a dense retriever,
generally improves upon KNN but remains inferior
to DOPA overall. The Rewrite strategy performs
poorly, likely due to the absence of target-domain
samples, which constrains the quality of rewrit-
ten demonstrations. InfICL achieves performance
comparable to DOPA in a few settings (e.g., TD
with Qwen3-1.7B and GPT3.5-turbo) but exhibits
substantial instability, performing worst on NLI
with GPT2-xl and LLaMA3.2-3B, and on SA with
Gemma2-2B. Finally, the diversity-based method
DICL fails to reliably alleviate distribution shift
and can even degrade performance, as observed in
SA with Qwen3-1.7B and NLI with GPT4o-mini.

For generative NER tasks (Table 3), DOPA
yields more pronounced performance gains, likely
due to the higher difficulty of NER compared to
classification tasks, which makes it more sensi-
tive to the distribution of demonstration samples.
We further observe that KNN-based retrieval bene-
fits lightweight, locally deployable LLMs, as these
models rely more heavily on external examples
for guidance. In contrast, for larger models such
as GPT4o-mini and GPT3.5-turbo, KNN retrieval
can be detrimental. This is likely because their
stronger reasoning capabilities and heightened sen-
sitivity to distribution shifts make them more sus-
ceptible to misleading demonstrations that are se-
mantically similar but distributionally mismatched.
Overall, DOPA consistently improves performance
while maintaining robustness across diverse tasks
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Methods SA TD NLI
dynasent semeval sst avg implicit adv toxigen avg wanli anli cnli avg

GPT4o-mini
KNN 67.67 60.50 78.17 68.78 57.63 57.13 82.00 65.58 37.67 39.67 26.83 34.72

Rewrite 64.33 56.17 75.83 65.44 54.63 54.75 72.25 60.54 36.83 37.67 27.67 34.06
InfICL 63.83 54.17 80.67 66.22 59.38 62.88 84.15 68.79 38.38 38.00 32.83 36.39
DICL 68.67 62.00 78.00 69.56 57.38 54.75 80.63 64.25 37.00 36.67 20.50 31.39

DOPA* 67.83 62.00 81.17 70.33 59.50 65.25 83.25 69.33 38.67 40.83 32.67 37.39
GPT3.5-turbo

KNN 67.17 60.00 78.83 68.67 58.38 60.50 82.23 67.04 38.00 40.00 30.83 36.28
Rewrite 66.00 55.17 75.50 65.56 54.63 53.75 73.50 60.63 37.00 38.00 28.67 34.56
InfICL 66.00 55.83 80.17 67.33 60.00 64.13 84.50 69.54 37.67 39.50 32.50 36.56
DICL 61.83 43.50 62.33 55.89 38.50 39.62 40.63 39.58 10.67 13.67 8.17 10.83

DOPA* 68.00 61.17 80.50 69.89 58.50 66.13 82.63 69.08 38.17 39.33 32.00 36.50

Table 2: The performance (accuracy %) on classification tasks based on closed-source models.

LLMs Methods wnut ener avg

GPT2-xl

Random 22.85 32.83 27.84
KNN 51.03 54.47 52.75

DrICL 19.65 23.29 21.47
DICL 22.95 31.76 27.36
DOPA 51.32 56.82 54.07

Qwen3-1.7B

Random 25.92 28.71 27.32
KNN 38.74 50.62 44.68

DrICL 39.59 45.33 42.46
DICL 40.44 48.66 44.55
DOPA 41.25 49.62 45.44

LLaMA3.2-3B

Random 29.54 41.13 35.34
KNN 33.50 40.97 37.23

DrICL 28.87 32.08 30.47
DICL 31.17 41.10 36.13
DOPA 37.19 41.40 39.29

Gemma2-2B

Random 20.70 22.88 21.79
KNN 29.64 37.70 33.67

DrICL 24.30 27.12 25.71
DICL 28.59 37.05 32.82
DOPA 29.67 37.37 33.52

LLaMA3.1-8B

Random 42.85 43.15 43.00
KNN 47.20 50.90 49.05

DrICL 47.72 44.78 46.25
DICL 48.14 50.73 49.44
DOPA 51.66 52.28 51.97

Qwen3-8B

Random 58.02 55.78 56.90
KNN 56.48 56.82 56.65

DrICL 56.03 55.10 55.56
DICL 57.48 56.46 56.97
DOPA 58.75 56.40 57.57

GPT4o-mini

Random 42.98 25.20 34.09
KNN 44.13 24.02 34.08

DrICL 46.72 25.50 36.11
DICL 47.29 22.33 34.81
DOPA 51.49 38.19 44.84

GPT3.5-turbo

Random 44.84 28.97 36.90
KNN 46.65 25.11 35.88

DrICL 45.30 28.23 36.77
DICL 29.40 22.22 25.81
DOPA 50.00 35.29 42.65

Table 3: The performance on NER tasks.

and models. Motivated by these results, we proceed
to analyze the underlying mechanisms of DOPA.

4.3 Experimental Analysis

4.3.1 Ablation Study
To assess the contribution of each component
in DOPA, we conduct an ablation study com-
paring several variants (Table 4). Specifically,
DOPA−pro removes the OOD proxy and relies
solely on representation similarity; DOPA−sim
discards semantic similarity and performs retrieval

Variants SA TD NLI NER avg
LLaMA3.2-3B

DOPA−mah 56.59 58.67 38.66 37.13 47.76↓1.64
DOPA−sim 56.15 57.62 37.24 36.24 46.81↓2.59
DOPA−pro 55.81 59.36 38.41 37.21 47.70↓1.70
DOPAuni 57.46 59.67 38.52 34.57 47.56↓1.84

DOPA 59.29 59.87 39.15 39.29 49.40
Qwen3-1.7B

DOPA−mah 64.33 58.54 38.92 44.26 51.51↓0.87
DOPA−sim 61.64 58.00 39.58 37.50 49.18↓3.20
DOPA−pro 61.89 58.31 39.21 44.60 51.00↓1.38
DOPAuni 63.57 58.14 38.87 42.17 50.69↓1.69

DOPA 64.93 59.22 39.92 45.44 52.38

Table 4: Ablation study results on LLaMA3.2-3B and
Qwen3-1.7B.

purely based on the OOD proxy; DOPA−mah
removes the Mahalanobis distance–based diver-
sity constraint; and DOPAuni replaces the LLM-
based target proxy with a uniform distribution to
empirically validate Lemma 1. All variants re-
sult in performance degradation, with the small-
est drop observed for DOPA−mah, followed by
DOPA−pro and DOPAuni, and the largest drop
for DOPA−sim. These results highlight the com-
plementary roles of DOPA’s components: the OOD
proxy enables coarse target-domain alignment, se-
mantic similarity provides critical fine-grained fil-
tering, and the diversity constraint promotes rep-
resentative demonstrations. Notably, replacing the
learned proxy with a uniform one leads to substan-
tial degradation, supporting the effectiveness of the
LLM-based proxy and the validity of Lemma 1.
Overall, proxy-based filtering and diversity-aware
retrieval jointly contribute to improved demonstra-
tion quality and model performance.

4.3.2 Exploration of k

We investigate the impact of varying k ∈
300, 500, 800, 1000 on demonstration selection
and model performance (Figure 2). Results in-
dicate that small k values limit example diversity
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Figure 2: Performance influence of k on LLaMA3.2-3B and Qwen3-1.7B across tasks.
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Figure 3: Performance influence of N on DOPA and KNN based on LLaMA3.2-3B and Qwen3-1.7B, the shaded
areas with corresponding colors indicate the performance differences.

and hinder generalization, whereas larger k values
introduce noisy or redundant demonstrations that
may degrade performance. Based on systematic
evaluations across multiple tasks and datasets, we
adopt k = 800 as a unified setting, as it provides
a favorable balance between diversity and noise,
despite not being optimal in all cases. Using a
fixed k also simplifies the selection process and en-
sures more consistent and comparable performance
across tasks.

4.3.3 Exploration of N
We study the effect of varying N ∈ 1, 2, 3, 4, 5 on
model performance (Figure 3), using KNN as a
task-agnostic and stable baseline. Here, N corre-
sponds to N × |Y | demonstration samples. Perfor-
mance generally improves with more demonstra-
tions before gradually saturating (Min et al., 2022),
with the saturation point varying across models
and tasks. For instance, in SA, Qwen3-1.7B peaks
at N = 4, while LLaMA3.2-3B peaks at N = 3.
Across all N settings, DOPA consistently outper-
forms KNN by a substantial margin. For simplicity
and consistency in the main experiments, we fix
N = 3.

4.3.4 Visualization
We validate the effectiveness of the proposed OOD
proxy through visualization of proxy-based sam-
ple selection. Specifically, we characterize the be-
haviors of DS , D̂S , and DT by computing BERT-

(a) KDE visualization.

source
target
proxy

(b) t-SNE visualization.
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(c) Euclidean distance comparison to target domain samples
for retrieval results with and without the diversity constraint
(with MahDist and w/o MahDist).

Figure 4: Different visualization results on sst.

based energy scores (Liu et al., 2020) and estimat-
ing their distributions via kernel density estimation
(KDE) (Wkeglarczyk, 2018). We adopt energy-
score distributions rather than the commonly used
t-SNE visualizations, as representational proxim-
ity alone does not adequately reflect OOD tenden-
cies. As shown in Figure 4, the proxy-selected
samples exhibit an energy-score distribution that
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more closely matches and overlaps with that of
the target domain (Figure 4a), indicating effective
source-to-target alignment. In contrast, t-SNE vi-
sualizations (Figure 4b) show that proxy-selected
samples remain closer to the source domain in
representation space, suggesting residual seman-
tic distance from the target domain. This discrep-
ancy further explains the results in Table 1, demon-
strating that semantic similarity–based retrieval
(e.g., KNN) is insufficient for OOD adaptation,
whereas DOPA effectively addresses the limitations
of purely representation-based methods.

Additionally, to assess the effectiveness of the
diversity constraint, we compute the Euclidean dis-
tances between retrieved demonstrations and their
corresponding test samples for the first 1,000 test
instances, under both with- and without-MahDist
settings. Figure 4c presents the corresponding fitted
distance distributions. The curve without MahDist
consistently lies below that with MahDist, indicat-
ing that the diversity constraint encourages more
varied retrieval. Importantly, the two curves re-
main close, suggesting that this increased diversity
is controlled and does not introduce excessive se-
mantic drift. In summary, the visualization results
provide evidence for the effectiveness of DOPA
from two perspectives: it helps retrieve demonstra-
tions that exhibit similar behavior to target domain
samples while maintaining high diversity, thereby
enhancing the performance of ICL. We also ob-
serve similar trends across the remaining datasets.
Additional visualization results are in Appendix F.

5 Conclusion

This paper shows that OOD proxies can effectively
retrieve source samples aligned with the target do-
main under distribution shift. Based on this in-
sight, we propose DOPA, a target-free framework
enhanced with a diversity constraint to mitigate
proxy bias. Experiments across multiple LLMs
confirm its effectiveness. Future work will focus
on more robust proxy estimation for unknown tar-
get domains.

Limitations

Since target-domain data is unavailable, the con-
structed target-domain proxies may not fully cap-
ture the true distributional characteristics of the
target dataset, inevitably introducing approxima-
tion errors. Consequently, developing more ac-
curate and robust target-domain proxy construc-

tion methods remains an important direction for
future work. In addition, evaluating DOPA across
a broader range of LLM families would further
clarify its generality and adaptability.
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A Theoretical Analysis and Proof

The following provides a detailed proof of the
boundedness of proxy errors.

Proof. We use shorthand notation: let Pt :=
Ptarget, Ps := Psource, P

p
t := P proxy

target , and P p
s :=

P proxy
source.
We aim to bound the log-likelihood ratio error:

∆(x) :=

∣∣∣∣log
Pt(x)

Ps(x)
− log

P p
t (x)

P p
s (x)

∣∣∣∣

Applying the triangle inequality:

∆(x) =

∣∣∣∣log
Pt(x)

P p
t (x)

− log
Ps(x)

P p
s (x)

∣∣∣∣

≤
∣∣∣∣log

Pt(x)

P p
t (x)

∣∣∣∣+
∣∣∣∣log

Ps(x)

P p
s (x)

∣∣∣∣

We now upper bound each term. Then, from the
definition of KL divergence:

DKL(Pt∥P p
t ) =

∑

x

Pt(x) log
Pt(x)

P p
t (x)

≤ εt

Now, suppose for some x we have Pt(x) ≥ mt

and ∣∣∣∣log
Pt(x)

P p
t (x)

∣∣∣∣ >
εt
mt

Then,

Pt(x) ·
∣∣∣∣log

Pt(x)

P p
t (x)

∣∣∣∣ > mt ·
εt
mt

= εt

This contradicts the assumption DKL(Pt∥P p
t ) ≤

εt. Therefore, for all x:
∣∣∣∣log

Pt(x)

P p
t (x)

∣∣∣∣ ≤
εt
mt

Analogously, we obtain:
∣∣∣∣log

Ps(x)

P p
s (x)

∣∣∣∣ ≤
εs
ms

Combining the two bounds:

∆(x) ≤ εt
mt

+
εs
ms

,

the proof of the theorem is complete.

The theorem shows that if the KL-divergence
between the true distribution and its proxy is suf-
ficiently small, and the probability mass at each
point is lower bounded, then the deviation in log-
probability ratios is controllable in expectation.

Therefore, a properly constructed proxy distribu-
tion yields bounded error in tasks such as density
ratio estimation or scoring, which verifies the effec-
tiveness and reliability of using proxies.

Moreover, some methods propose a general ap-
proach by replacing the target-domain proxy with a
uniform distribution. However, this strong assump-
tion may lead to suboptimal solutions. Accordingly,
we introduce Lemma 1 to illustrate the limitations
of using a uniform distribution.

Proof of Lemma 1. We consider the case where the
proxy distribution for the target domain is chosen
as the uniform distribution over the support X :

P p
t (x) =

1

|X | for all x ∈ X

From Theorem 1, the error in the log-likelihood
ratio satisfies:

∣∣∣∣log
Pt(x)

Ps(x)
− log

P p
t (x)

P p
s (x)

∣∣∣∣

≤
∣∣∣∣log

Pt(x)

P p
t (x)

∣∣∣∣+
∣∣∣∣log

Ps(x)

P p
s (x)

∣∣∣∣

We now focus on bounding the first term with
the uniform proxy:

At(x) :=

∣∣∣∣log
Pt(x)

P p
t (x)

∣∣∣∣ = |log (Pt(x) · |X |)|

= |logPt(x) + log |X ||

From the definition of KL divergence between
Pt and uniform distribution U :

DKL(Pt∥U) =
∑

x

Pt(x) log
Pt(x)

1/|X |

=
∑

x

Pt(x)[logPt(x) + log |X |]

= log |X | −H(Pt)

where H(Pt) := −∑
x Pt(x) logPt(x) is the

Shannon entropy of Pt.
Now suppose that Pt(x) ≥ mt > 0 for all x.

Following the same logic as in the proof of Theo-
rem 1, we know that if:

∣∣∣∣log
Pt(x)

P p
t (x)

∣∣∣∣ >
DKL(Pt∥U)

mt

Then this point would contribute more than
DKL(Pt∥U) to the KL divergence, leading to a
contradiction. Therefore, for all x:
∣∣∣∣log

Pt(x)

P p
t (x)

∣∣∣∣ ≤
DKL(Pt∥U)

mt
=

log |X | −H(Pt)

mt
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Substituting into the total bound in Theorem 1,
we obtain:
∣∣∣∣log

Pt(x)

Ps(x)
− log

P p
t (x)

P p
s (x)

∣∣∣∣ ≤
log |X | −H(Pt)

mt
+

εs
ms

This upper bound is typically looser than the one
obtained when P p

t approximates Pt well (i.e., KL
divergence is small), since log |X | −H(Pt) can be
large when Pt is sharply peaked.

B Experimental Details

B.1 Dataset Details
We focus on four core NLP tasks from BOSS (Yuan
et al., 2023), a benchmark suite specifically de-
signed to evaluate the robustness of language mod-
els under OOD scenarios: Sentiment Analysis
(SA), Toxic Detection (TD), Natural Language
Inference (NLI), and Named Entity Recognition
(NER). To balance the number of samples, we ran-
domly select 3,000 training samples per class from
the original in-distribution dataset for SA and NLI,
and 5,000 training samples per class for TD. Ac-
cordingly, for testing, we randomly sample up to
1,000 instances per class from the target domain for
SA and NLI, and 1,500 test samples per class for
TD. For the NER task, we select 10,000 samples
from source dataset that contain only “Location",
“Organization", or “Person" entities to unify the
label space and select all eligible samples from
the target domain for testing. In our experiments,
we do not use the conll dataset because it contains
a large number of annotation errors, which could
lead to unreliable and unmeasurable outcomes for
model evaluation.

B.2 Baseline Details
We provide a detailed introduction of the baseline
methods used in this section.

• Random (Peng et al., 2024). We randomly select
the required number of samples from the source
domain to construct demonstrations. To reduce
performance variance caused by randomness, we
repeat this process five times and report the aver-
age results for comparison.

• KNN (Liu et al., 2022). We use the SimCSE
representations of samples as the retrieval basis
and construct demonstrations by selecting the top
nearest samples to the test sample in the repre-
sentation space.

• DrICL (Luo et al., 2023). We first use KNN to
select the top 30 candidate samples that are most
similar to the test sample. These candidates are
then ranked by quantifying their individual contri-
butions to the LLM’s actual predictions (We use
LLaMA3.2-3B in LLMs that can not be deployed
locally). The top 10 are treated as positive exam-
ples and the bottom 10 as negative ones to train
a dual-encoder neural retriever, GTR (Ni et al.,
2022), which is subsequently used for demonstra-
tion retrieval.

• Rewrite (Madine, 2024). We perform KNN-
based demonstration retrieval and rewrite the re-
trieved samples according to the style of the test
sample, so that the demonstrations better align
with the target domain. In contrast to the original
method, we adapt the rewriting strategy under
a strict target-unavailable setting, where only a
single test instance is exposed at a time, rather
than a set of target samples.

• InfICL (S. et al., 2024). It estimates the influence
of each candidate demonstration on the model’s
prediction for a given test input, and to select
those demonstrations that have the most bene-
ficial effect. By leveraging gradient-based in-
fluence approximations, the method identifies
which demonstrations most positively affect the
model’s output distribution without requiring ex-
tensive evaluation over all combinations.

• DICL (Kapuriya et al., 2025). It employs Maxi-
mum Marginal Relevance (MMR), which jointly
considers the relevance between the input and
samples as well as the mutual dissimilarity
among them. This allows the selected context to
maintain high relevance with greater diversity.

B.3 More Experimental Settings
To prevent potential bias caused by an imbalanced
number of samples per label in the demonstrations,
we retrieve the same number of samples N for each
label. Therefore, for classification tasks, the total
number of demonstrations is N ×|Y |, where |Y | is
the number of labels. However, for generative tasks
that do not involve specific class labels, we directly
set the number of demonstrations to N . For classi-
fication tasks, we set the number of demonstrations
C in the initial demonstration set to |Y |, while for
generative tasks, we directly set C to 1. For instruc-
tion fine-tuning, we use the source domain data
and convert it into training samples following the
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(a) dynasent (b) semeval (c) adv_civil (d) implicit_hate

(e) toxigen (f) anli (g) contract_nli (h) wanli

Figure 5: Different KDE visualization results on all classification tasks.

instruction format of BOSS. During training, we
apply LoRA with a learning rate of 1e-5 for one
epoch. For GPT4o-mini and GPT3.5-turbo, we
use the APIs provided by xi-ai3. For experiments
involving closed-source LLMs (e.g., GPT-based
APIs), we use Llama 3.2-3B as the proxy model
for both the source and target domains. While this
proxy cannot perfectly replicate the behavior of the
closed-source model, it provides a practical and
consistent reference when internal representations
and training access are unavailable.

To compare the performance of DOPA and
baselines across multiple datasets, we employ
the Wilcoxon Signed-Rank Test which is widely
used for model comparison across multiple bench-
marks (Demsar, 2006). This non-parametric statis-
tical test is specifically designed for paired samples
and does not assume normality of the underlying
distribution. In our setting, the paired observations
correspond to the performance scores of the two
models (DOPA and any other baseline) on the same
datasets. If DOPA shows statistically significant
improvements (p ≤ 0.05) over all baselines, we
denote it as DOPA*.

Model Parameters Download: GPT2-xl,
Qwen3-1.7B4, Qwen3-8B5, Gemma2-2B6, and

3https://api.xi-ai.cn/
4https://huggingface.co/Qwen/Qwen3-1.7B
5https://huggingface.co/Qwen/Qwen3-8B
6https://huggingface.co/google/gemma-2b

LLaMA3.2-3B7, LLaMA3.1-8B8.

C Proxy Sensitivity

We evaluate the proxy sensitivity of DOPA by re-
placing the target proxy with LLMs that differ from
those in the source proxy. Specifically, we show
the replacement results using Llama3.1-8B and
Qwen3-1.7B for the SA task in Table 5. The re-
sults show that while proxy mismatches may affect
performance, DOPA still consistently outperforms
KNN. This provides further evidence supporting
the robustness of the proxy-based design. Addi-
tionally, we found that using models from different
series (Qwen3-1.7B) yields inferior replacement
results compared to using models from the same
series (Llama3.1-8B), indicating that the source
domain and target domain proxies should be as
similar as possible to ensure accurate quantifica-
tion of the characteristics of different samples.

D Experiments on More Tasks

We further briefly evaluate the effectiveness of
DOPA on extractive Question Answering (QA)
tasks in the BOSS Benchmark. During this pro-
cess, 10,000 samples are drawn from each dataset,
regardless of whether it belongs to the source do-
main or the target domain. We adopt Exact Match
(EM) and F1 as evaluation metrics. EM mea-

7https://huggingface.co/meta-llama/Llama-3.2-3B
8https://huggingface.co/meta-llama/Llama-3.1-8B
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Source Proxy Target Proxy dynasent semeval sst average

Llama3.2-3B Llama3.2-3B 55.71 53.28 68.88 59.29
Llama3.2-3B Llama3.1-8B 55.38 50.28 66.45 57.37
Llama3.2-3B Qwen3-1.7B 56.54 45.86 67.76 56.72

KNN 52.63 45.76 65.42 54.60

Table 5: Performance comparison under different target proxy settings.

Model Method
advQA searchQA newsQA

Avg
EM F1 EM F1 EM F1

LLaMA3.2-3B
KNN 30.5 54.94 33.1 52.46 32.0 58.61 43.60
DOPA 31.5 55.49 34.5 53.72 33.2 59.97 44.73

Qwen3-1.7B
KNN 31.7 51.21 39.35 51.96 37.3 61.45 45.50
DOPA 32.7 52.65 40.95 52.56 37.8 61.49 46.35

Table 6: Experimental results on QA tasks.

sures whether the predicted answer exactly matches
the ground-truth span, reflecting the model’s strict
answer prediction accuracy. F1 computes the
token-level overlap between the predicted and gold
answers, providing a softer evaluation of partial
matching quality and semantic coverage.

As shown in Table 6, DOPA consistently out-
performs the KNN baseline across all datasets and
model settings, demonstrating its effectiveness on
extractive QA tasks. Specifically, for LLaMA3.2-
3B, DOPA improves the average performance from
43.60 to 44.73, yielding a gain of 1.13 points. For
Qwen3-1.7B, DOPA boosts the average score from
45.50 to 46.35, achieving an improvement of 0.85
points. A closer examination of individual datasets
further shows that DOPA delivers consistent im-
provements on advQA, searchQA, and newsQA,
indicating strong robustness across diverse domains
and question distributions. These results validate
that the effectiveness of DOPA extends beyond
classification and NER tasks and generalizes well
to more challenging extractive QA scenarios.

E Case Study

The examples in Figure 6 illustrate that both DOPA
and DOPA−mah select samples with stylistic ex-
pressions closely aligned with the test inputs, cap-
turing similar tone, sentence structure, and emo-
tional/toxicity intensity. However, DOPA demon-
strates slightly better diversity: in sst, while both
methods retrieve strongly negative, concise opin-
ions, DOPA’s samples vary slightly more in content
and phrasing. In the implicit task, both methods
capture politically charged and provocative lan-
guage, but DOPA avoids redundancy by selecting

A sour , nasty offering . Test

DOPA

I don't like anything about this

product.
Shallow characters after casual sex

and drinking. Boring.

I don't like anything about this

product. 𝐃𝐎𝐏𝐀−𝒎𝒂𝒉

Broke after a few uses.

A real stinkeroo..don't waste

your valuable time like I did."

I bought this to fill up my prime panty

box. Half of them tasted alright (it's

canned fruit, kind of what I expected)

but the other half resembled pureed fruit,

as opposed to diced as it stated and

tasted off. I wouldn't buy these again.
KNN

sst

implicit

Testanti-white weimerica .

Aha! Proof of Russian trolls. Mueller,

get mb2's real name and location.

Yup, white ""entitlement"" all

around..." DOPA

I guess fake news on faux trumps

honest facts with the far right.
Yup, white ""entitlement"" all

around..." 𝐃𝐎𝐏𝐀−𝒎𝒂𝒉

Yes that's the society we live in -

""angry old white guys"".... racists,

bigots, etc - everyone else is so

tolerant ...... Ha !

Radical white terrorist. Supported by and

encouraged by the words and actions of

this pathetic and embarrassing sham of

an Administration. Look the subhuman

scum up for the rest of his life and

continue fighting these fragile white neo-

nazis at every turn. KNN

Figure 6: Case study on sst and implicit.

stylistically consistent yet semantically distinct sen-
tences. In contrast, KNN selects samples that, al-
though semantically related, deviate significantly
in style—favoring longer or expository sentences
that mismatch the terse nature of the test examples.
Overall, DOPA achieves stronger style alignment
with greater diversity, while KNN struggles to cap-
ture the nuanced stylistic cues of the target domain.

F More Visualization Results

We further present KDE distributions of sample
representations across various tasks in Figure 5 to
demonstrate the generality of DOPA in selecting
appropriate samples. Overall, the samples selected
by the proxy consistently exhibit a distribution that
shifts away from the source domain and moves
closer to the target domain. For example, on the
implicit_hate dataset, the proxy-based distribution
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almost completely overlaps with that of the target
domain. This demonstrates DOPA’s capability to
effectively identify samples with similar underly-
ing distributions to the target domain. But we also
observe that in a few cases (e.g., anli), the proxy-
based distribution fails to effectively deviate from
the source domain. This may be attributed to the
nature of anli itself, which is a human-crafted ad-
versarial benchmark, making it challenging for the
model to accurately capture its characteristics. We
do not perform the corresponding visualization ex-
periments on the NER dataset because it is not a
sentence-level task, making it difficult to obtain the
relevant probability distributions. Overall, DOPA’s
ability to capture approximate distributions exhibits
generalization and can perform well across most
tasks.

Figure 7 illustrates the effect of the diversity con-
straint across additional datasets. Similar to Fig-
ure 4c, the curve fitted under the with MahDist set-
ting demonstrates greater diversity. Together with
the ablation study, this provides strong evidence for
the effectiveness of the diversity constraint compo-
nent in DOPA.
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(a) dynasent (b) semeval

(c) adv_civil (d) implicit_hate

(e) toxigen (f) anli

(g) contract_nli (h) wanli

Figure 7: Euclidean distance comparison to target domain samples for retrieval results with and without the diversity
constraint (with MahDist and w/o MahDist) on all tasks.
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