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Abstract

Standard in-context learning (ICL) assumes
identical output spaces between test and re-
trieval datasets (fully aligned). However, in
practice, these datasets can be fully aligned,
but also can be fully disjoint in label space
(Output space), forming an information con-
tinuum from rich to scarce. Naive ICL often
becomes ineffective under such mismatches.
In this work, we challenge this assumption by
demonstrating that the retrieval dataset need not
perfectly align with the test dataset, as long as
it remains related to the target task. We propose
Task-Related In-Context Learning (TRICL), a
unified framework for ICL under output-space
mismatch, designed to cover the full continuum
of scenarios. TRICL first identifies demon-
strations in the mismatched retrieval dataset
that are relevant to the test label space via
a lightweight Bayesian probabilistic criterion,
and uses them to form a related dataset. TRICL
then perform ICL on the related dataset to ob-
tain preliminary predictions; finally, TRICL
leverage these intermediate predictions to re-
duce and transform the output space of the
original test task, thereby improving the perfor-
mance of LLMs. In the fully disjoint scenario,
as long as the retrieval dataset is task-related to
the test task, TRICL achieves state-of-the-art
(SOTA) results across three LLMSs, three task
types, and four datasets. Moreover, TRICL re-
mains effective in the fully aligned scenaris,
consistently yielding strong gains over compet-
itive baselines. Moreover, TRICL also extends
to generative task.

1 Introduction

In-context learning (ICL) enables large language
models (LLMs) to solve NLP tasks using a small
set of retrieved demonstrations (Liu et al., 2023; Ho
et al., 2024). Standard ICL implicitly assumes that
the test dataset, task, and the retrieval dataset share
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T : Label space of test dataset

R : Label space of retrieval dataset

Figure 1: The different scenarios of the label space of
test dataset and retrieval dataset

an identical output space, so retrieved demonstra-
tions can be applied directly to inference. While
this assumption is frequently violated in the real
world, where test and retrieval datasets are not fully
aligned. Moreover, the label space of the task is
identical to that of the test dataset.

As illustrated in Figure 1, the output spaces of
the test dataset 7 and the retrieval dataset R can
relate in several ways. Figure 1 (a) corresponds to
the standard ICL setting, where 7 and R are fully
aligned. Figure 1 (b) represents the fully disjoint
case, where R shares no label-level overlap with T ;
for example, in weakly supervised settings, super-
vision is provided only through weak signals (e.g.,
metadata or heuristic annotations), which do not
define matching labels but may still be informative
for inference.

At the fully disjoint settings, the retrieval dataset
provides no direct label-level evidence, making
a naive application of standard ICL particularly
fragile, as confirmed by our empirical study (Sec-
tion 2.2). This setting can be viewed as a natural
relaxation of the label-space alignment assumption
underlying standard ICL. In the absence of label
overlap, retrieval labels themselves are no longer
directly informative for the target task. Instead,
any useful signal must come from shared underly-
ing attributes or latent factors that correlate with
the target decision. As illustrated in Figure 2, the
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Figure 2: Illustrative example of the task-related re-
trieval dataset and related dataset.

test task predicts animal categories, whereas the
retrieval datasets are labeled by related attributes
such as color or gender. Although these attribute la-
bels are not aligned with the target labels, attributes
(e.g., color) can still constrain the prediction space.
We refer to such residual but informative cues as
task-related signals.

To formalize the above observation, we in-
troduce the concept of Task-Related Retrieval
Datasets (TRRD). A TRRD refers to a retrieval
dataset that remains semantically or functionally
related to the target task. Prior work has considered
partially disjoint output-space scenarios. For ex-
ample, incomplete in-context learning (Wang and
Zhang, 2025) assumes that the retrieval label space
is a subset of the test label space, while indirect
in-context learning (Askari et al., 2025) assumes
the reverse. However, the fully disjoint scenario
has remained largely unexplored.

Therefore, we further define Task-Related In-
Context Learning (TRICL) as the application of
in-context learning using such task-related retrieval
datasets. Specifically, TRICL first identifies exam-
ples in the mismatched retrieval dataset that are
relevant to the test label space via a lightweight
Bayesian probabilistic criterion, and uses them to
form a related dataset. We then perform ICL on the
related dataset to obtain preliminary predictions;
finally, we use these intermediate predictions to
reduce and transform the output space of the target
task before final inference. In this work, we use
the term related task in a broad sense to refer to

a task whose predictions can provide informative
intermediate evidence or constraints on the output
space of the target task, even when the two tasks do
not share the same label space. By separating these
two stages, TRICL enables effective inference un-
der the fully disjoint ICL scenario.

Our results show that effective ICL does not re-
quire strict label alignment between retrieval and
test datasets; rather, what matters is whether re-
trieval data provide task-related signals that can
constrain the target label space. This perspective
reveals a previously underexplored failure mode
of standard ICL under output-space mismatch and
motivates TRICL as a general framework that de-
couples task-related signal discovery from final pre-
diction in fully disjoint setting. TRICL performs
strongly across three LLMs, three task types, and
four datasets, reaching up to 71.0% accuracy and
an MSE of 0.79. We also explore variants based on
the TRICL framework, demonstrating that it can
be extended to generative tasks with considerable
performance. The main contributions of this work
are summarized as follows.

* We formalize the Task-Related Retrieval
Dataset (TRRD) setting, which characterizes
in-context learning scenarios where the re-
trieval and test datasets differ in task type or
output space. Moreover, through systematic
empirical analysis, we show that directly ap-
plying standard ICL under this setting is often
ineffective.

* We propose Task-Related In-Context Learning
(TRICL), a simple and general framework that
enables effective in-context learning under the
fully disjoint setting by explicitly separating
task-related signal discovery from final pre-
diction and using intermediate predictions to
reduce the target output space.

* Our experiments demonstrate that effective
in-context learning does not require strict la-
bel alignment between the retrieval and test
datasets; instead, task-related signals alone
can suffice to improve inference, substantially
extending the applicability of ICL beyond
standard aligned settings.

We show that TRICL is robust across a broad
range of retrieval—test relationships in the fully
disjoint setting, and can be naturally adapted
to generative tasks, highlighting its flexibility
as a plug-and-play ICL framework.
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2 Bayesian Theory and Frequency
Approximation of Probability

We adopt a simple Bayesian criterion to character-
ize task-related signals. For two s A and B, the
condition P(A | B) > P(A) indicates that observ-
ing B provides positive evidence for A(Bernardo
and Smith, 2009). In TRICL, this criterion is used
to identify labels in the retrieval dataset that are
informative for the target task. In practice, the prob-
abilities are estimated using empirical frequencies
computed from a small random sample of the re-
trieval dataset, following standard frequency-based
approximation (Devroye et al., 2013).

2.1 Problem Formulation

Task-related Retrieval Dataset and Related
Dataset. In real-world scenarios, the retrieval
dataset may differ from the test dataset in task
type and output space, yet still provide useful ev-
idence for inference. We call such a mismatched-
but-informative retrieval dataset a Task-Related Re-
trieval Dataset (TRRD). We further define a Re-
lated Dataset D, as the subset of the TRRD that
contains only those demonstrations whose retrieval
labels provide such evidence for the target task.
Figure 2 illustrates this setting: the test task pre-
dicts animal categories, while the TRRD is labeled
by attributes such as color or gender. Although
these attribute labels are not aligned with the tar-
get labels, they can constrain the prediction space
and facilitate inference; for example, a gray image
strongly suggests elephant. Therefore, we collect
color-labeled examples into the Related Dataset
D,, and summarize the notation in Table 8.
Definition 1 (Task-related Retrieval Dataset).
Let D; denote a test dataset with label space
{A1,...,Ap,}, and let Dy, denote a retrieval
dataset with label space {B, ..., Bp,}. If there
exists at least one test label A; such that

3 Bj such that P(A; | B;) > P(4;), (1)

then Dy, is a task-related retrieval dataset (TRRD).

Definition 2 (Related Dataset). Related dataset
D, is defined as a subset of the Dy,. It consists of
those demonstrations from Dy, that can facilitate
self-inference for the test dataset D,. Formally, for
a demonstration (x,y{) in Dy, ify! = Bj and the
following condition holds P(A; | B;) > P(4;),
then the pair (x¢,y) is included in D,, Formally:

Ify! = By, and P(A; | B;) > P(A.), then (a4, ) € D.
)
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Figure 3: ICL performance on task-related retrieval
datasets (TRRD) with 5 demonstrations. BM25, CR,
CD, KATE, TTF, ICCL, and PPL are ICL methods.

2.2 Empirical Study

When the test and retrieval label spaces are dis-
joint, naive ICL often performs poorly. Following
the TRRD setting in Table 1, we confirm this on
Emotion with Qwen4-9B using k=5 demonstra-
tions. As Figure 3 shows, ICL methods even under-
perform prompting learning (best ICL: 47.4% vs.
prompting learning: 53.2%). These results suggest
that simply using mismatched demonstrations is
insufficient for TRRD, and effective inference in
this setting requires exploiting task-related signals
to constrain test label space (Li et al., 2024a; Ying
et al., 2024).

3 Task-related In-context Learning

The mismatch between the test and retrieval
datasets hinders the retrieval of useful demonstra-
tions, leading to poor performance for naive ICL.
We therefore propose Task-Related In-Context
Learning (TRICL). As shown in Figure 4, TRICL
first identifies a related dataset from the TRRD
and induces a corresponding related task. It then
retrieves demonstrations and performs preliminary
inference on the related task to obtain an intermedi-
ate prediction, which is finally used to reduce and
transform the test output space for prediction (Liu
et al., 2024a).

3.1 Related Dataset and Related Task

As Figure 4 shows, TRICL identifies demonstra-
tions in TRRD whose labels provide positive evi-
dence for the test task, forming a related dataset.
Consider a classification test task T4 (e.g.,species
classification) with label space {4i,..., A, }
(e.g.,Goat, Polar bear,and Elephant) and a TRRD
D, with label space {Bj, ..., By, } (e.g.,White,
Gray, Male, and Female). We regard a label B; as
task-related label if it provides positive evidence
for any test label A;. Specifically, after observ-
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Figure 4: Overview of Task-Related In-Context Learning (TRICL). Left: TRICL identifies a related subset D, C Dy,
by testing which retrieval labels (e.g., color) provide positive evidence for target labels (e.g., species). Middle: it
retrieves top-k demonstrations from D, and performs in-context inference on the induced related task to obtain
an intermediate prediction § € {C, }. Right: § is treated as task-related evidence to reduce the target label space
to a small candidate set, followed by final prediction via zero-shot prompting within this reduced space. If the
related-task prediction provides no informative constraint, TRICL degenerates to standard zero-shot inference.

ing Bj, the predicted probability of at least one
test label A; increases relative to its prior, i.e.,
P(A; | Bj) > P(A;). For example, observing
a gray prediction raises the posterior probability
of the image belonging to the Elephant label in
Figure 4.

Since these probabilities are unknown, we esti-
mate them using empirical frequencies over a small
sampled subset of D,. We randomly sample up
to 100 demonstrations (or all demonstrations if
fewer than 100) and apply prompting learning to
predict labels in { A1, ..., A,,, }. The probabilities
of P(A; | Bj) and P(A;) are estimated as:

2, P(Ai| B)) =

where N1 1S the number of sampled demonstra-
tions, N (A4;) counts how many of them are pre-
dicted as label A;, and N(A;, Bj) counts how
many demonstrations both have retrieval label B;
and are predicted as A;. If p(A; | Bj) > p(4;)
(e.g., p(“Goat” | “White”) > p(“Goat™)), then all
demonstrations in the TRRD Dy with label B; are
considered task-related to the test task, and thus
comprise the related dataset D, . We denote the

(z¢, y¢') as the demonstration in Dy, formally:
Vyi = By, if (Ai | B;) > p(As), then (a7, 4;') € Dy
)
After evaluating all labels {B1, Ba, ..., By, } in
the Dy, we obtain the related dataset D; (e.g., im-
ages with labels White and Gray) associated with
the task-related labels {C1, ..., Cy, } (e.g., White
and Gray), where each Cy, € {By, ..., B, } and
satisfies the condition p(A4; | Cy) > p(A;). There-
fore, the related dataset D, can be denoted as:

(@h, yn)} (5)

s.t. (z5,yf) € Dy, and y} € {C1,Co,...,Cp }.
The (z7,v]) is the demonstration of D,. There-
fore, the test task involves classifying a given input
into one of the labels in {4, ..., A,,, }, whereas
the corresponding related task reformulates the
problem as classification into one of the labels in

{Cla s '7Cmc}‘

3.2 Retrieval and Related-Task Inference

DT = {("L‘ivy{)v (x§7y§)7 HR)

TRICL follows standard semantic retrieval prac-
tices widely adopted in prior ICL methods, such as
VICL-rerank (Zhou et al., 2024) and KATE. Un-
like standard ICL, retrieval is performed within
the related dataset D. identified in the previous
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stage. Specifically, given a test input z}, we retrieve
the top-k semantically most similar demonstrations
from D, and order them by descending similarity
to construct the in-context DY, = {(x°, y)}F_,.
where yd € {Ci,...,Cp,} are labels from the
related task. Detailed retrieval implementations
follow standard practice and are provided in Ap-
pendix C.

In the inference phase, TRIC first predict the
label of the test input x} from the related label set
{C1,---,Cp,} corresponding to the related task:

75 = fum(@}, Dg) € {C1,....Cn.}. (0)

This intermediate prediction provides task-related
evidence that is used in the next stage to reduce and
transform the output space of the target task.

3.3 Output Space Reduction and
Transformation

The prediction in Equation 6 lies in the output space
{C1,...,Cy,, } of the related task, while the final
decision must be made in the original label space
{A1,..., A, } of the test task. To bridge this mis-
match, we adopt a two-stage output space trans-
formation: we first use the related-task prediction
¥; to constrain the original label space, and then
perform zero-shot prompting within the resulting
reduced space.

Figure 4 illustrates the process with a three-class
animal classification example (goat, polar bear,
elephant), where a related dataset is annotated by
color. We first predict the color (white, gray) and
then restrict the original label space accordingly:
goat, polar bear for white and elephant for gray.
Importantly, the eliminated labels are not removed
arbitrarily, but correspond to those that are substan-
tially less likely under the task-related evidence.

Since C, € {Bl, ceey me} and ﬁ(Az | BJ) is
estimated in Equation 3, when C, = B; we have
p(A; | Cw) = p(A; | Bj). Given the predicted
related-task label C',, we keep A; as a candidate
if p(4; | Cw) > p(A;), i.e., task-related evidence
increases its likelihood. We denote the retained
labels by AIC“’ and define the reduced label set

{ASw ATe L ASeY, st AT € {Ar, A, A ),
PAT™ | Cu) > p(AT™),

(7)

where my < m, (proof in Section L). For a test

input 2} predicted as C\, in Equation 6, the LLM is

prompted to select the final label from the reduced

set: “Classify the text input into one of

the labels: A?’”,Agw, e ,Ag;s.” We denote
fprompt as the prompt learning predictor, and the
final prediction y} of z! is

9= forompt(a}) € {AS®, A, ... A=Y (8)

In the extreme case where C), provides no informa-
tive constraint, TRICL recover to standard prompt
learning with no additional error.

Other downstream tasks.  Although in-
troduced for classification, TRICL extends to
other task types whenever task-related sig-
nals can constrain the target output space
(e.g., animal weight—species recognition, human
height—weight estimation). For tasks with con-
tinuous score outputs, we discretize the continu-
ous score range [g, p| into w uniform bins of width
A = =4 The i-th interval is

Index ¢ are treat as the corresponding class label.

4 Experiment

4.1 Experiment Setup

Tasks, data, and LLMs. We evaluate TRICL on
three NLP tasks over four datasets: text classi-
fication (SST5, Emotion (Saravia et al., 2018)),
NLI (SNLI (Bowman et al., 2015)), and STS
(STSB). The corresponding TRRD and related
dataset are summarized in Table 1. Main results use
three open-source LLMs: GLM4-9B, LLaMA 3.1-
8B, and Qwen2.5-7B. We further report results
on larger and smaller models (LLaMA 3.3-70B,
Qwen3 32B and Qwen3-4B), as well as on Chat-
GPT, in additional experiments. LLM URLSs are
provided in Table 19.

Metrics and baselines. We report accuracy for
classification and NLI task, and mean squared error
(MSE) for STS task. We evaluate ICL baselines on
the same task-related retrieval datasets as baselines,
including TTF , CR (Li and Qiu, 2023b), KATE,
CD (Naik et al., 2023), ICCL (Liu et al., 2024b),
PPL (Webson and Pavlick, 2022), CEIL (Ye et al.,
2023), MoD (Wang et al., 2024)).

Other setup. We use T5 (Raffel et al., 2020a)
as the retrieval encoder and report 5-shot/10-shot
results unless otherwise stated. For STSB, we dis-
cretize scores in [0, 5] into [0, 2.5) and [2.5, 5] to
form a classification-like setting. As in Table 1,
we use one dataset for testing and the other three
as task-related retrieval datasets. Due to computa-
tional constraints, main results are from a single
run.
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Table 1: Specific description of the test dataset and the task-related retrieval dataset. Let ODTTR denote the output
space of the test dataset and the task-related retrieval dataset. We further discuss in Section P the setting where
the related dataset consists of multiple datasets . In this case, TRICL still achieves SOTA performance.

Test dataset Task-related retrieval dataset Related dataset ODTTR
SST5 (output: sentiment label | input: a text) Emotion, SNLI, STSB Emotion Label to Label
Emotion (output: emotion label | input: a text) SSTS5, SNLI, STSB SSTS Label to Label
STSB (output: similarity score | input: two texts) SSTS5, Emotion, SNLI SNLI Score to Label
SNLI (output: relation label | input: two texts) SST5, Emotion, STSB STSB Label to Score
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Figure 5: TRICL ablation: with vs. without related
dataset extraction.

5 Analysis and Discussion

5.1 Main Results

We compare TRICL with ICL baselines under the
task-related retrieval dataset setting. As shown in
Table 2, TRICL consistently outperforms all base-
lines across all datasets and three LLMs, achieving
up to 71.00% accuracy on classification/NLI tasks
and 0.79 MSE on STS task. In contrast, directly ap-
plying ICL with task-related but label-mismatched
demonstrations is often ineffective, highlighting
the importance of extracting task-related signals
and simplifying the output space when retrieval
and test labels are not aligned. We further discuss
in Appendix Section P the setting where the re-
lated dataset consists of multiple datasets (e.g.,
for Emotion, the related datasets consisted of
SST5 and IMDB datasets). In this case, TRICL
still achieves SOTA performance.

5.2 Ablation Study

Effect of Related Dataset Extraction. Remov-
ing the related dataset extraction step and directly
applying TRICL to the TRRD leads to a clear per-
formance drop. (see Fig. 5). For example, accu-
racy on Emotion with GLM4-9B decreases from
61.85% to 54.00%, indicating that identifying a
compact related subset is critical under label-space
mismatch. Beyond accuracy, related dataset extrac-
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Figure 6: TRICL ablation: sensitivity to different in-
context retrieval methods.
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Figure 7: TRICL ablation: with vs. without reducing
the output space.

tion also improves efficiency: filtering the TRRD
into a smaller subset reduces the retrieval pool size
and can lower retrieval time in practice.

Sensitivity to the Retrieval Module. We replace
only the retrieval component with alternative ICL
retrievers (BM25, CR, CD, KATE, Random, Static,
ICCL, and PPL), while keeping the remaining com-
ponents unchanged. As shown in Fig. 6, perfor-
mance generally degrades; for instance, BM25 re-
duces accuracy on Emotion and GLM4-9B LLM
from 61.85% to 50.00%. This highlights the im-
portance of retrieving demonstrations that better
support task-related inference.

Role of Output Space Reduction. TRICL con-
strains second-stage prediction to a reduced can-
didate test label space. Removing this constraint
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Table 2: Comparison of TRICL with other ICL methods. The best results are highlighted in bold, while the

second-best results are underlined.

Data ‘ Emotion (Accuracy%71)

| SST5 (Accuracy%1)

LLMs ‘ GLM4 9B Llama3.1 8B Qwen2.5 7B ‘ GLM4 9B Llama3.1 8B

Qwen2.5 7B

Shots | 5 10 5 10 5

0|5 10 5 0 5 10

BM25 |39.5 333 193 206 155 257 [27.6 292 224 206 365 358
CR |161 165 163 187 224 20.1 | 148 138 164 183 152 154
CD |474 255 348 335 318 478 |353 208 292 231 166 136
Kate |30.0 128 253 238 188 178 |294 226 20.1 174 143 159
DKNN | 46.0 193 361 355 170 278 |322 245 324 163 135 117
TTF | 255 255 361 438 47.7 435 [399 263 351 294 294 310
CEIL |44.1 345 340 377 382 395 |331 290 302 269 267 224
MoD |39.7 29.7 305 346 358 325 |328 262 231 276 288 250
ICCL | 315 131 235 257 204 182|283 222 238 246 117 168
PPL |356 11.6 257 269 182 157 |29.1 204 214 167 191 155
TRICL | 61.9 62.1 482 481 60.2 614 |48.5 481 455 452 552 555
| SNLI (Accuracy%) | STSB (MSE)
BM25 | 520 51.1 234 255 160 182 |[3.82 382 451 454 395 391
CR |336 316 231 238 272 29.1 |809 821 793 723 830 879
CD |[537 560 334 251 534 500 |151 162 454 455 197 198
Kate |554 546 290 283 538 557 |133 1.16 454 458 156 184
DKNN | 537 529 28.1 274 522 540 | 129 113 440 444 151 178
CEIL | 421 402 287 309 413 343|520 466 501 455 334 242
MoD | 524 450 266 337 530 397 |140 143 245 233 134 111
TTF | 572 534 186 187 498 560 |1.73 156 399 400 152 136
ICCL |53.0 538 297 252 521 514 | 147 140 441 466 162 196
PPL | 552 528 221 218 206 547 [152 135 423 432 150 168
TRICL | 69.8 70.5 488 39.6 693 710 |1.10 1.08 113 115 079 0.80

and predicting over the full label space degrades
performance (see Fig. 7); on Emotion (GLM4-9B),
accuracy drops from 61.85% to 56.15%. These
results confirm that output-space reduction is a key
driver of TRICL’s gains.

Robustness Analysis. TRICL involves several de-
sign choices (e.g., retrieval encoder, similarity met-
ric, demonstration number and ordering, and in-
terval partition). We conduct perturbation tests by
varying one component at a time. Overall, TRICL
is robust: changing the encoder/metric or ordering
direction causes only minor fluctuations, with no
consistently dominant configuration. Increasing
the demonstration number shows non-monotonic
gains, while fewer intervals generally perform
better. Full results are in Section D. and a discus-
sion on the limitations of similarity-based dataset

construction is included in Section O of the ap-
pendix.

6 Discussion

6.1 Experiments on Additional LL.Ms

To further assess the generality of TRICL, we ad-
ditionally evaluate it on a broader set of LLMs
from 1B-70B and GPT-40. As shown in Table 3,
TRICL consistently outperforms the corresponding
baselines, achieving a peak accuracy of 67.4%.

6.2 Comparison with Prompting Learning
and CoT

We further compare TRICL with prompt learning
and Chain-of-Thought (CoT). As Table 6 shows,
TRICL performs best overall, outperforming the
second-best method by 5.4% accuracy points on
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Table 3: 10-shot results on Emotion with additional
LLMs. LLM 1-5 denote LLaMA 3.1 1B, Qwen 4B,
Qwen3 32B, LLaMA 3 70B, GPT-4o.

LLMs ‘ LLM1 LLM2 LILM3 LLM4 LLMS5

BM25 | 268 355 365 368 328
CR | 113 192 307 325 364
CD | 310 272 477 457 446
Kate | 208 169 419 401 356

DKNN | 304 223 484 478 309
TTF | 172 272 482 524 589

CEIL | 290 353 468 494 495
MoD | 26.1 309 434 466 457
ICCL | 218 172 402 419 369
PPL | 236 147 388 402 323
TRICL | 334 567 637 658 674

Table 4: Plug-and-play results with TRICL.

|[LLMs| A B C

CR |165 187 20.1

' CR [568 510 59.4
WIth TRICL |y | 599 487 521

average for classification/NLI and reducing MSE
by 0.11% on average for regression.

6.3 Plug-and-Play Integration

TRICL can be used as a lightweight, plug-and-play
inference module on top of existing ICL methods.
We integrate TRICL’s output-space compression
into two representative ICL baselines, CR and CD,
and evaluate them on Emotion with 10 demonstra-
tions using GLM4 9B. As shown in Table 4, ap-
plying TRICL improves the average accuracy by
27.6%. These results suggest that TRICL comple-
ments prior ICL approaches and yields consistent
gains without modifying their core components.

—e— Emotion_GLM4 9B —e— SST5_GLM49B
Emotion_Llama3.1 8B —®— SST5_Llama3.1 8B —&— SNLI_Llama3.1 8B
—+— Emotion_Qwen2.5 7B —&— SST5_Qwen2.5 7B SNLI_Qwen2.5 7B

Combined Results (Emotion, SST5, SNLI) B STSB
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Figure 8: Performance of TRICL under varying num-
bers of demonstrations.

Table 5: 10-shot results on Emotion for two stages.

LLMs | GLM49B | LLaMA3.1 8B | Qwen2.5 7B

Shots | 5 10 5 10 5 10
Ist-stage | 940 93.1 882 886 938 940
2nd-stage | 61.9 62.1 482 481 602 614

6.4 Effect of the Demonstration Number

Figure 8 shows the performance of TRICL under
different numbers of demonstrations. Overall, the
performance remains relatively stable across dif-
ferent tasks and models, indicating that TRICL is
robust to the choice of demonstration number. For
the classification and NLI tasks, including Emotion,
SSTS5, and SNLI, the accuracy generally improves
from the low-shot setting to a moderate number of
demonstrations, and then tends to plateau with only
minor fluctuations. Among them, SNLI consis-
tently achieves strong performance across all three
LLMs. For the regression task STSB, the MSE
generally decreases as the number of demonstra-
tions increases, especially in the low-shot regime,
and then becomes stable after a moderate num-
ber of demonstrations. These results suggest that
TRICL is not overly sensitive to the exact num-
ber of demonstrations, and that a moderate number
of demonstrations is usually sufficient to achieve
strong performance.

6.5 Experiments with the Related Dataset
Setting

To provide a fairer comparison, we also allow other
ICL methods to retrieve demonstrations from the re-
lated dataset identified by TRICL. In other words,
all compared methods use the same related retrieval
pool for in-context learning. As shown in Table 20,
TRICL still achieves state-of-the-art performance,
indicating that its advantage does not come merely
from improved retrieval data, but from the overall
TRICL framework.

6.6 Two-Stage Accuracy Analysis

We report the accuracies of both stages in TRICL’s
two-stage inference. As shown in Table 5, the first
stage achieves a high average accuracy of 92.0%,
providing a reliable basis for output-space reduc-
tion.

6.7 Variants of TRICL for Generation Tasks

TRICL also extends to generation. We evaluate
summarization with STS-B (STS) as the retrieval
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Table 6: Comparison of TRICL with prompt learning and CoT. Best results are in bold and second-best are
underlined. LLM A/B/C denote GLM4 9B, LLaMA 3.1 8B, and Qwen2.5 7B, respectively.

Data | Emotion(Accuracy % 1) |  SST5(Accuracy % 1) |  SNLI(Accuracy% 1) | STSB(MSE )
LLMs |LLMA LLMB LLMC |LLMA LLMB LLMC |LLMA LLMB LLMC|LLMA LLMB LLMC
Prompt | 53.2%  42.5% 53.9% | 419% 392% 52.3% | 67.3% 302%  66.6% ‘ 1.36 1.26 0.97
COT | 64.6% 38.0% 543% | 455% 332% 53.6% | 69.7% 21.5% 67.7% | 1.24 1.18 0.94
TRICL | 62.1% 48.1% 61.4% | 481% 452% 555% | 70.5% 39.6% 71.0% | 108 115  0.80

Table 7: The average token usage and time cost on the emotion dataset across three LLMs.

DKNN TTF CEIL MoD ICCL PPL ‘TRICL

|BM25 CR CD Kate
Time (s) | 3.950 3.679 0260 0.266 0.351
Token | 1959 1940 2023 189.3 203.8

0215 0.314 0.321
211.3 203.8 213.8

0.455

209.6

0.357 0.325
196.2 178.6

dataset: we generate multiple candidate summaries
and use TRICL+STS to select the best one. As
shown in Table 21, it achieves SOTA performance
(ROUGE-1 = 0.244); details are in Appendix Sec-
tion K.

6.8 Cost

TRICL issues two queries per test input, introduc-
ing additional time and token overhead. As shown
in Table 11, its processing time and token consump-
tion remain modest compared to other methods. We
argue that this overhead is justified by the signifi-
cant performance gains.

7 Conclusion

In this paper, we find that the retrieval dataset does
not need to resemble the test dataset, but only needs
to be related to the test task. Based on this insight,
we propose TRICL, a method for identifying the
related dataset and related task, and extend it to a
wide range of downstream tasks. Additionally, we
develop TRICL variants tailored to traditional ICL
and task-unrelated settings, leading to improved
inference performance in both cases.

8 Limitations

TRICL adds an extra preprocessing step to identify
task-related datasets, increasing one-time compute
and latency relative to standard ICL. In our setting,
this overhead is amortized across many queries and
is outweighed by the consistent performance gains,
but it may be less attractive under strict real-time
or extremely large-scale retrieval constraints.
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Overview of the Appendix

This appendix provides supplementary materials
and detailed analyses to support the main paper.
The content is organized as follows:

* Section A presents the table of notations used
throughout the paper.

* Section B provides an extended discussion of
related work.

* Section C details the implementation of re-
trieval and related-task inference.

* Section D investigates the robustness of
TRICL against various perturbations.

* Section E examines the impact of interval
numbers on performance.

* Section F presents ablation studies on task-
related dataset retrieval strategies.

* Section G explores additional downstream
task scenarios, including Score-to-Score and
Label-to-Text settings.

* Section H details the specific experimental
setup for the results reported in Table 2.

* Section I evaluates the scalability of TRICL
across partial/disjoint retrieval and traditional
ICL scenarios.

* Section J provides comprehensive definitions
of tasks, datasets, metrics, and baselines.

 Section K discusses experiments on the text
summarization task.

* Section L provides the mathematical proof
for the output space reduction proposition.

* Section M details the procedure for identify-
ing task-related datasets.

¢ Section O discusses the limitations of seman-
tic similarity-based retrieval.

* Section P analyzes performance when using
multiple related datasets.

* Section Q includes the statement regarding
the use of large language models.

A Symbol Table

The notations employed throughout this paper are
summarized in Table 8.

B Related Work

In-context learning (ICL) has emerged as a pow-
erful paradigm enabling large language models
(LLMs) to perform downstream tasks using a
few input-output demonstrations without gradient-
based fine-tuning. Its flexibility has led to extensive
research into factors influencing performance, such
as demonstration selection (Min et al., 2022; Cheng
et al., 2024; Fei et al., 2023; Gupta et al., 2023; Li
and Qiu, 2023a; Lyu et al., 2023; Wei et al., 2023),
demonstration formatting (Min et al., 2022), order-
ing (Wu et al., 2023), and label assignment (Wang
et al., 2023). A growing body of work has explored
integrating retrieval mechanisms into ICL, form-
ing retrieval-augmented ICL (RetICL) (Luo et al.,
2024), where demonstrations are retrieved from
external corpora to improve prediction. Retrieval
strategies include sentence embedding similarity,
diversity-based selection, and contrastive learning-
based retriever training. Luo et al. provide a com-
prehensive RetICL survey, emphasizing its role
in enhancing robustness and generalization (Luo
et al., 2024). However, most existing work assumes
aligned output spaces between retrieved demonstra-
tions and test queries, an assumption that often
fails in real-world tasks like cross-domain senti-
ment classification or multilingual topic detection.
To address this gap, we introduce the Disjoint Out-
put Spaces In-Context Learning (DOSICL) setting,
which evaluates LLM generalization when the re-
trieval and test sets have disjoint label spaces.
Parallel to ICL, visual in-context learning
(VICL) extends these ideas to vision-language
tasks. VICL consists of Visual Demonstration
Retrieval, Intent-Oriented Image Summarization,
and Demonstration Composition. Demonstrations
are retrieved based on both visual features and
textual descriptions using image encoders such
as ViT (Dosovitskiy et al., 2021), with semantic
relevance refined via cross-modal reranking us-
ing vision-language models like CLIP (Radford
et al., 2021). This ensures contextual alignment be-
tween query and demonstration (Zhou et al., 2023).
VICL builds on the emergent abilities of LLMs
to adapt through prompting without parameter up-
dates (Radford et al., 2019; Raffel et al., 2020b;
Wei et al., 2022; Fu et al., 2023; Li et al., 2025,
2026; Li and Ma, 2026; Li et al., 2024b; Huang
et al., 2026, 2025; Chen et al., 2026).
Furthermore, theoretical perspectives model
ICL as implicit meta-learning or Bayesian infer-
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Table 8: Symbol Table for Task-related In-context Learning

Symbol  Definition

D, Test dataset: {z},x%,... a2}

Dy Disjoint retrieval dataset: {(z¢,y4)}™,

yl Ground-truth label of test input z!

ot Predicted label of test input !

A; Labels in the output space of the test task

B; Labels in the output space of the disjoint retrieval dataset
Cuw Labels in the task-related retrieval dataset

Dy, Demonstration set used in in-context learning

Dy Task-related retrieval dataset

Jum The large language model function used for inference
fpre Pre-trained encoder for feature extraction

el Embedding of test input x}

ez»” Embedding of task-related example aré”

Sij Cosine similarity between e! and eg-”

Niotal The total Number of samples

p(4;) Marginal probability of A;

p(A;|B;) Conditional probability of A; given B;

T Similarity threshold between test and retrieval inputs
k Number of demonstrations used for in-context learning
A Interval length used in discretization of regression outputs

ence, where models either recognize known data-
generating functions or learn new ones in context.
This view supports ICL’s capacity to generalize be-
yond memorized mappings. Empirical studies also
examine context length scaling, demonstrating im-
proved performance with larger context windows,
though long-range dependencies remain challeng-
ing. Distinctions between task recognition and
task learning have been proposed (Lin and Lee,
2024), highlighting different modes of ICL adap-
tation. Recent advances include many-shot ICL,
hybrid architectures like MambaFormer (Park et al.,
2024), and low-resource prompting for instruction-
following. Despite significant progress, challenges
remain, particularly under disjoint label conditions.
Our DOSICL benchmark addresses this by provid-
ing a new lens for evaluating LLLM robustness to
task-level distributional shifts.

Despite progress, most approaches assume
aligned label spaces between retrieved and test
samples. Our work addresses this by proposing
the disjoint retrieval dataset setting, which evalu-
ates generalization when label spaces differ across
retrieval and test sets.

C Detailed Retrieval and Related-Task
Inference

This section provides implementation-level details
of the retrieval and related-task inference mod-
ule used in TRICL. The overall procedure fol-
lows standard semantic retrieval practices widely
adopted in prior ICL methods (e.g., KATE and
VICL-rerank (Zhou et al., 2024)), with the key
distinction that retrieval is restricted to the related
dataset D, identified in Section 3.1.

C.1 Semantic Representation

Given a test instance ! € D, and the related

i
D.
dataset D, = {1} }‘j:l‘, we first compute dense se-
mantic representations using a pre-trained encoder
fpre- Specifically, the test input and each candidate

instance are encoded as
el = fore(zl), ej = fore(2}), 7 € Dy (10)

The encoder fye is fixed during inference and
shared across all experiments. In our implementa-
tion, fpre is instantiated using a standard sentence-
level encoder.

C.2 Similarity Computation

We measure semantic similarity between the test
instance and each candidate in D, using cosine
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similarity:
t r
e -e.
i
Sij = T (11)
lles ] llejl]

Cosine similarity is chosen for its widespread use
in prior ICL retrieval methods and its robustness to
vector magnitude variations. No additional normal-
ization or re-ranking heuristics are applied unless
otherwise stated.

C.3 Top-k Retrieval and Ordering

Given the similarity scores {s;; }‘jzrl‘, we select the

top-k instances with the highest similarity values.
The selected instances are then ordered in descend-
ing order of s;; to form the demonstration set:
Dae = {(i", 51) iz (12)
Here, xlde denotes the [-th retrieved demonstration,
and yi'® € {C1, O, ..., Cp,} is its corresponding
label from the related task. If multiple candidates
have identical similarity scores, ties are broken
arbitrarily. In all experiments, the value of k is
fixed within a task and reported in the main text.

C.4 Related-Task In-Context Inference

Using the ordered demonstration set Dg., TRICL
performs an initial in-context inference on the re-
lated task. Conditioned on D, the LLM predicts
a related-task label for the test input:
gj; = fLLM(l‘%, Dde) € {01, Co, ..., Cmc}
(13)
This prediction serves as intermediate, task-related
evidence that is subsequently used to reduce and
transform the output space of the target task.

D Robustness Analysis

TRICL involves several design choices in its exper-
imental pipeline, including the pre-trained encoder
for retrieval representations, the similarity metric,
the number and ordering of demonstrations, and
the interval discretization for numerical outputs.
To assess robustness, we perform one-factor-at-a-
time perturbation tests: we vary one component
while keeping all other settings fixed.

The effects of varying semantic similarity met-
rics, pre-trained encoders, and demonstration or-
ders in TRICL are illustrated in Figure 9 and Ta-
bles 12, 13, and 14, respectively. These factors
contribute to stochastic fluctuations in the experi-
mental results.

Encoder / similarity / ordering perturbations
(STSB). We evaluate three retrieval encoders:
T5 (Raffel et al., 2020a), BERT (Devlin et al.,
2019), and CLIP (CLIP is a multimodal model that
can provide text embeddings). We also compare co-
sine similarity, Euclidean distance, and Manhattan
distance, and test both ascending and descending
similarity orderings. For STSB, we report Acc as
the coarse interval prediction accuracy in the
intermediate stage (predicting the score bin), and
MAE on the final continuous score prediction.
All numbers below are computed by first taking the
test-set mean for each LLM and then averaging
over the three LLMs.!

Overall, these choices only introduce minor fluc-
tuations. For example, averaged over the three
LLMs, replacing the retrieval encoder with TS5,
CLIP, and T5+CLIP yields Acc values of 55.7%,
56.6%, and 56.5%, with MAE values of 1.01, 1.00,
and 1.01, respectively. The maximum Acc differ-
ence across these encoders is 0.9 points (56.6% vs.
55.7%), and the MAE difference is 0.01 (1.00 vs.
1.01), suggesting that TRICL does not hinge on a
specific embedding backbone. Similarly, averaged
over the three LLMs, cosine, Euclidean, and Man-
hattan metrics yield Acc values of 55.7%, 56.1%,
and 56.1%, and MAE values of 1.01, 1.01, and
1.00, where the Acc range is within 0.4 points and
MAE varies by at most 0.01. For demonstration
ordering, averaged over the three LLMs, ascending
vs. descending similarity results in Acc of 55.7%
vs. 55.9% (a 0.2-point difference), and MAE of
1.01 vs. 1.02 (a 0.01 difference). Taken together,
we do not observe a consistently dominant choice
among encoder/metric/ordering configurations.

Demonstration budget. We vary the number of
demonstrations from 1 to 10. As shown in Figure 9,
performance can be non-monotonic: accuracy on
text classification and NLI fluctuates with different
budgets, while STSB error decreases initially and
then plateaus with small variations. This indicates
diminishing (and sometimes inconsistent) gains
from further increasing the context budget, which
aligns with the known sensitivity of ICL to context
composition.

Interval discretization for numerical outputs.
For score-based tasks, we discretize the score range

"Most robustness configurations are evaluated with a sin-
gle run due to compute constraints; when multiple runs are
available, we report mean=-std in the corresponding additional
experiments.
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Variant Acc MAE

(A) Retrieval encoder

T5 55.7% 1.01
CLIP 56.6% 1.00
(B) Similarity metric
Cosine 55.7% 1.01
Euclidean 56.1% 1.01
Manhattan  56.1%  1.00

(C) Demonstration ordering
Ascending  55.7%  1.01
Descending 55.9%  1.02

Table 9: Robustness of TRICL on STSB under en-
coder/metric/ordering perturbations. Acc denotes
the intermediate-stage interval prediction accuracy (pre-
dicting the score bin), and MAE is computed on the final
continuous score prediction. All values are obtained by
first computing test-set means per LLM and then aver-
aging over the three LLMs.

into v intervals and treat interval indices as labels
for the intermediate decision used in output-space
reduction. We test u € {2, 3,4} and find that fewer
intervals tend to yield better performance, as de-
tailed in Section E. This is consistent with the intu-
ition that coarser discretization yields a more reli-
able intermediate decision. Throughout the paper,
we report STSB performance using the original
regression metric (MSE) for the final prediction.

Takeaway. Overall, TRICL maintains stable per-
formance under reasonable perturbations of re-
trieval representations, similarity metrics, demon-
stration ordering/budget, and interval granularities,
indicating that its gains are not driven by a single
fragile design choice.

E The Results of Interval Number

The output space of the STSB dataset ranges from
0 to 5. In the original study, this space is evenly
divided into two intervals: [0, 2.5) and [2.5, 5]. To
explore the effect of different interval partition-
ing strategies on model performance, we extend
this setup by increasing the number of intervals
(referred to as the Interval Number) to 3 and 4.
When the Interval Number is 3, the output space
is divided into three equal intervals: [0, 1.667),
[1.667,3.333), and [3.333, 5]. When increased to
4, the output space is partitioned into four equal
intervals: [0,1.25), [1.25,2.5), [2.5,3.75), and
[3.75, 5].

We use STSB as the test dataset and SNLI as the
task-related retrieval dataset. As shown in Table 10,
the performance of LLMs degrades as the Interval
Number increases. Specifically, the MSE increases.
For example, on the STSB dataset using the GLM4
9B model, as the Interval Number increases from 2
to 3 and subsequently to 4, the MSE increases from
1.08 to 1.12, and then to /.27, indicating reduced
inference performance.

Table 10: The results of different interval number met-
rics

| STSB (MSE/)
Interval Number | GLM4 9B Llama3.1 8B Qwen2.5 7B

2 1.08 1.15 0.80
3 1.12 1.19 0.84
4 1.27 1.23 0.96

F Ablation Study on Task-Related
Dataset Retrieval

This section presents an ablation study on differ-
ent strategies for retrieving task-related datasets.
The goal is to evaluate whether alternative retrieval
heuristics can replace or improve upon the proba-
bilistic task-related inference used in TRICL.

Semantic similarity-based retrieval. As an al-
ternative, we retrieve task-related datasets based
on semantic similarity, measured by embedding-
level similarity between datasets. Experimental
results show that this strategy is effective primarily
when task semantics are highly aligned. In practice,
we observe clear gains only on sentiment-oriented
benchmarks such as SST-5 and Emotion. However,
when semantic overlap between tasks is weak or
ambiguous, similarity-based retrieval fails to iden-
tify truly task-relevant datasets, leading to degraded
performance.

Significance-based filtering on top of task-
related inference. We further evaluate a variant
that augments TRICL with a statistical significance
test, selecting only significantly related datasets
as context. Although this approach can filter out
weakly related datasets, it requires additional cost
to construct candidate related datasets and perform
significance testing. More importantly, overly strict
filtering may excessively compress the candidate
label space. In TRICL, such over-compression can
be harmful: if the retained datasets cover only a nar-
row or incorrect subset of labels, the second-stage
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prediction may be constrained to an erroneous label
range, resulting in misclassification.

Comparison with probabilistic task-related in-
ference. Compared to the above alternatives,
TRICL’s end-to-end probabilistic inference con-
sistently achieves superior performance across
datasets. By softly weighting task-related evidence
instead of making hard selection decisions, TRICL
avoids prematurely discarding potentially useful
labels and provides a more reliable foundation for
the second-stage output space reduction. These re-
sults confirm that the proposed retrieval strategy is
both more robust and more effective than semantic
similarity- or significance-based alternatives.

G Downstream Task Scenarios

G.1 Score to Score Scenario

In prior experiments, we explored various con-
figurations involving different output spaces for
the test and task-related retrieval datasets. These
configurations include: (1) both datasets having
label-based output spaces (e.g., SST5 as the test
dataset and Emotion as the retrieval dataset), (2)
a setting where the test dataset has a label-based
output space and the retrieval dataset has a score-
based output space (e.g., SNLI as the test dataset
and STSB as the retrieval dataset), and (3) the re-
verse configuration, in which the test dataset has a
score-based output space and the retrieval dataset
is label-based (e.g., STSB as the test dataset and
SNLI as the retrieval dataset). We now extend our
investigation to a setting where both the test and
retrieval datasets feature score-based output spaces.
Specifically, the test dataset is STSB, whose out-
put space is [0,5], and the task-related retrieval
dataset is WMT-en-cs, which includes translation
quality annotations in the form of sentence pair
scores ranging from O to 100. To ensure that the
datasets remain disjoint, we select retrieval sam-
ples with scores between 10 and 100. We conduct
experiments using the GLM4 9B, Llama3.1 8B
and Qwen2.5 7B LLMs. As shown in Table 15,
TRICL also achieves SOTA performance in this
setting, attaining a best MSE of 1.03. Due to time
constraints, we include only the BM25, CR, CD,
Kate, Random, and Static methods as comparative
baselines.

G.2 Label to Text Scenario

For the Label-to-Text scenario, we use SSTS as the
test dataset and Gigaword-Tiny as the task-related

retrieval dataset. Unlike previous settings, this sce-
nario first requires collecting all instances from the
test dataset. These instances are then summarized,
and the resulting texts are encoded into dense rep-
resentations using a pre-trained TS5 model. The
embeddings are subsequently clustered using the
K-Means algorithm with the number of clusters set
to 2. The cluster labels are then mapped to form
a binary classification task. TRICL achieves an
accuracy of 32.7% under this configuration. This
performance is largely attributable to the fact that,
during clustering, sentences with positive senti-
ment tend to be grouped into one cluster, while
those with negative sentiment are grouped into an-
other. Based on the cluster labels obtained from the
summaries, the original five-class sentiment classi-
fication task—with labels very negative, negative,
neutral, positive, and very positive—can be refor-
mulated as a three-class negative sentiment task
(i.e., very negative, negative, neutral) or a three-
class positive sentiment task (i.e., neutral, positive,
very positive). Due to time constraints, we include
only the BM25, CR, CD, Kate, Random, and Static
methods as comparative baselines, and conduct ex-
periments solely on the GLM4 9B language model.

H Details of the Experimental Setup
Reported in Table 2

SSTS5 is a five-class sentiment classification dataset
with the labels very negative, negative, neutral, pos-
itive, and very positive. In comparison, the Emotion
dataset comprises siX sentiment categories: joy,
sadness, anger, fear, love, and surprise. Given
their thematic similarity, Emotion can serve as a
task-related retrieval dataset for SSTS5, and vice
versa.

STSB is a regression-based dataset designed to
evaluate the semantic similarity between pairs of
sentences, with similarity scores ranging from 0 to
5 (e.g., 2.78). SNLI, by contrast, is a large-scale
benchmark dataset for sentence-level natural lan-
guage inference (NLI), consisting of over 570,000
sentence pairs annotated with one of three labels:
entailment, contradiction, or neutral. Sentence
pairs labeled as entailment typically exhibit high
semantic similarity, those labeled as neutral show
moderate similarity, and those labeled as contradic-
tion tend to have low similarity. Therefore, STSB
and SNLI can be effectively used as task-related
retrieval datasets for each other.
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Figure 9: Subfigure (a) shows the results of different semantic similarity metrics. Subfigure (b) shows the results of
different pre-trained encoders. Subfigure (c) shows the different orders of demonstrations in TRICL.

Table 11: The average token usage and time cost on the emotion dataset across three LLMs.

‘ BM25 CR CD Kate DKNN TTF CEIL MoD ICCL PPL ‘ TRICL
Time (s) | 3.950 3.679 0.260 0.266 0.351 0.215 0314 0321 0.357 0.325 | 0.455
Token | 1959 1940 2023 189.3 203.8 211.3 203.8 213.8 1962 178.6 | 209.6

I Scalability of TRICL to
Partial-and-disjoint Retrieval Dataset,
traditional ICL, and Zero-shot Prompt
Learning Scenarios

J Experiment Setup

J.1 Task

Text classification. Text classification is a funda-
mental task in Natural Language Processing (NLP)
that involves assigning predefined categories or la-
bels to textual data. It is widely applied in areas
such as sentiment analysis, spam detection, topic
labeling, and intent recognition. Performance is
typically evaluated using metrics like accuracy, pre-
cision, recall, and F1 score.

Natural Language Inference. Natural Language
Inference (NLI) is a core task in NLP that involves
determining the logical relationship between a pair
of sentences: a premise and a hypothesis. The goal
is to classify this relationship into one of three cate-
gories: entailment (the hypothesis is definitely true
given the premise), contradiction (the hypothesis
is definitely false given the premise), or neutral
(the hypothesis may or may not be true given the
premise). NLI is essential for building systems
that understand and reason about language, and
it plays a key role in applications such as ques-

tion answering, dialogue systems, and information
retrieval. Modern approaches typically use deep
learning models, especially transformer-based ar-
chitectures like BERT, RoBERTa, and DeBERTa,
which are fine-tuned on large-scale NLI datasets
such as SNLI and MNLI. Despite its progress, NLI
remains challenging due to the need for nuanced
understanding of context, syntax, semantics, and
world knowledge.

Semantic Textual Similarity. Semantic Tex-
tual Similarity (STS) is a fundamental task in
Natural Language Processing (NLP) that focuses
on quantifying the degree of semantic equiva-
lence between two text segments, typically at the
sentence level. Unlike traditional classification
tasks, STS is formulated as a regression prob-
lem, where the objective is to assign a continu-
ous similarity score—commonly on a scale from
0 (completely unrelated) to 5 (semantically equiva-
lent)—reflecting the extent to which the two texts
convey the same meaning. This task plays a crucial
role in a wide range of downstream applications,
including information retrieval, question answer-
ing, text summarization, and paraphrase identifi-
cation. Accurate STS modeling requires a deep
understanding of lexical semantics, syntactic struc-
ture, context, and often commonsense knowledge.
Recent advances in STS have been driven by the
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Table 12: The results of different semantic similarity metrics. These are the experimental results obtained with a

context size of 10.

Emotion (Accuracy?) SST5 (Accuracyt)

GLM49B Llama3.1 8B Qwen2.57B | GLM4 9B Llama3.1 8B Qwen2.5 7B

Cosine similarity 62.0% 48.1% 61.4% 48.0% 45.2% 55.5%
Euclidean distance 63.4% 47.5% 60.5% 49.1% 46.1% 56.4%
Manhattan distance 62.5% 48.2% 60.9% 49.6% 46.5% 54.3%

\ SNLI (Accuracy?) STSB (MSE |)

Cosine similarity 70.4% 39.5% 71.0% 1.08 1.15 0.80
Euclidean distance 69.6% 42.1% 70.3% 1.04 1.21 0.79
Manhattan distance 70.8% 41.9% 70.0% 1.06 1.18 0.76

Table 13: The results of different pre-trained encoders. These are the experimental results obtained with a context

size of 10.
Emotion (Accuracy?) SST5 (Accuracy?)
GLM4 9B Llama3.1 8B Qwen2.57B | GLM4 9B Llama3.1 8B Qwen2.5 7B
T5 62.0% 48.1% 61.4% 48.0% 45.2% 55.5%
Clip 63.7% 48.2% 60.7% 49.2% 46.2% 56.4%
Bert 64.2% 48.1% 60.8% 49.0% 46.1% 56.3%
SNLI (Accuracy?) STSB (MSE |)
T5 70.4% 39.5% 71.0% 1.08 1.15 0.80
Clip 71.1% 43.4% 70.8% 1.05 1.17 0.78
Bert 70.9% 41.7% 71.1% 1.10 1.14 0.79

adoption of transformer-based pre-trained language
models, such as BERT, RoBERTa, and Sentence-
BERT, which produce dense semantic representa-
tions of text and allow for effective computation of
similarity using distance metrics like cosine similar-
ity. Despite significant progress, challenges remain
in handling idiomatic expressions, domain variabil-
ity, and subtle semantic nuances.

J.2 Data

Stanford Sentiment Treebank (SSTS5). The
Stanford Sentiment Treebank (SST) is a widely
used benchmark dataset for sentiment analysis, pro-
viding fine-grained sentiment annotations for sen-
tences and phrases extracted from movie reviews.
The SSTS variant formulates sentiment classifica-
tion as a five-class problem, where each sentence
is labeled with one of five sentiment categories:
very negative, negative, neutral, positive, or very
positive. Unlike binary or ternary sentiment tasks,
SSTS enables the evaluation of models on more nu-
anced sentiment distinctions, making it particularly
valuable for studying subtle linguistic cues and
gradations in emotional tone. The dataset is syntac-

tically parsed and includes phrase-level annotations
based on the constituency parse tree, allowing for
both sentence-level and hierarchical sentiment anal-
ysis. Due to its complexity and granularity, SST5
is commonly used to benchmark the performance
of advanced language models in fine-grained senti-
ment classification tasks.

Emotion Dataset. The Emotion dataset is a
benchmark corpus for multi-class emotion classifi-
cation, originally introduced by Saravia et al. (Sar-
avia et al., 2018). It consists of 20,000 English-
language tweets annotated with one of six basic
emotion labels: joy, sadness, anger, fear, love,
and surprise. The dataset is balanced across these
classes and is derived from real-world social me-
dia content, making it well-suited for evaluating
models in affective computing and emotion recog-
nition tasks. Given the informal and diverse lin-
guistic expressions found in tweets, this dataset
presents challenges such as slang, abbreviations,
and figurative language. It is widely used to assess
the performance of deep learning and transformer-
based models in capturing emotional nuance in
short, noisy text.
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Table 14: The results of different orders of demonstrations in TRICL

‘ Emotion (Accuracy?)

‘ SSTS5 (Accuracyt)

| GLM49B  Llama3.18B Qwen2.57B | GLM49B Llama3.1 8B Qwen2.5 7B

descending |  62.0% 48.1% 61.4% 48.0% 45.2% 55.5%
ascending 62.4% 48.3% 60.5% 49.2% 46.8% 54.2%
| SNLI (Accuracy 1) | Stsb (MSE/)
descending |  70.4% 39.5% 71.0% 1.08 1.15 0.80
ascending | 70.8% 42.3% 69.1% 1.09 1.18 0.79

Table 15: The results of score to score scenario

‘ GLM4 9B Llama3.1 8B Qwen2.5 7B

BM25 1.40 4.17 3.56
CR 8.29 8.29 8.29
CD 1.07 433 3.80
Kate 1.52 475 478

Random 1.80 4.79 5.77

Static 1.55 4.62 5.09

TRICL | 103 4.28 3.44

Semantic Textual Similarity Benchmark (STSB).
The Semantic Textual Similarity Benchmark
(STSB) is a widely used dataset designed to eval-
uate the ability of models to capture the semantic
similarity between sentence pairs. Introduced as
part of the GLUE benchmark (Wang et al., 2018),
STSB consists of sentence pairs drawn from vari-
ous sources such as news headlines, image captions,
and forum discussions. Each pair is annotated with
a similarity score ranging from 0 to 5, where 0 indi-
cates no semantic similarity and 5 denotes complete
semantic equivalence. Unlike classification tasks,
STSB is formulated as a regression problem, requir-
ing models to produce continuous-valued similarity
predictions. Due to its diversity and fine-grained
scoring, STSB serves as a crucial benchmark for
assessing sentence embeddings, semantic under-
standing, and the generalization capabilities of pre-
trained language models.

Stanford Natural Language Inference (SNLI).
The Stanford Natural Language Inference (SNLI)
dataset (Bowman et al., 2015) is one of the most
influential benchmark corpora for evaluating nat-
ural language inference (NLI) models. It consists
of 570,000 human-written English sentence pairs,
each comprising a premise and a hypothesis, anno-
tated with one of three inference labels: entailment,
contradiction, or neutral. The dataset was con-

structed using image captions from the Flickr30k
corpus as premises, with hypotheses written and
labeled by crowdworkers. SNLI played a key role
in advancing the development of supervised deep
learning models for textual entailment, as its scale
and quality enabled effective training of complex
architectures. It remains a traditional benchmark
for evaluating sentence representation learning and
reasoning capabilities in NLP systems.

J.3 Metrics

Accuracy. Accuracy is one of the most com-
monly used evaluation metrics for classification
tasks. It is defined as the ratio of correctly pre-
dicted instances to the total number of predictions
made, formally expressed as:

TP +TN
TP+TN+ FP+FN

where TP, TN, F'P, and F'N denote the number
of true positives, true negatives, false positives, and
false negatives, respectively. Accuracy provides an
overall measure of a model’s performance across
all classes, making it particularly suitable for bal-
anced datasets. However, it can be misleading in
scenarios involving class imbalance, where high ac-
curacy may be achieved by predicting the majority
class. In such cases, complementary metrics such
as precision, recall, or F1 score are often used to
provide a more nuanced evaluation.

Mean Squared Error (MSE). Mean Squared
Error (MSE) is a widely used evaluation metric for
regression tasks, measuring the average squared
difference between predicted and actual values. It
is formally defined as:

Accuracy = (14)

1 — .
MSE = -3 (0~ 30’

i=1

(15)

where n denotes the number of data points, y;
represents the true value, and g; is the predicted
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Table 16: The results of the traditional ICL scenario

| SNLI (Accuracy 1) | SST5 (Accuracy 1) | STSB (MSE )
| GLM49B  Llama3.1 88 Qwen2.57B | GLM4 9B Llama3.1 8B Qwen2.57B | GLM49B Llama3.1 88 Qwen2.5 7B
BM25 | 56.7% 45.8% 45.6% 34.1% 35.9% 46.8% 1.54 4.03 1.55
CR 37.1% 32.2% 43.6% 18.4% 14.8% 13.3% 291 4.06 341
CD 76.4% 33.6% 84.3% 43.8% 36.4% 45.9% 0.85 1.20 0.99
Kate 75.1% 49.1% 83.5% 49.7% 35.7% 51.8% 0.66 1.28 0.63
Random | 61.8% 28.0% 75.0% 42.9% 40.0% 42.7% 0.73 2.56 091
Static | 64.4% 20.3% 37.9% 43.4% 33.0% 43.8% 1.05 2.72 0.70
ICCL | 75.6% 47.4% 83.7% 48.3% 36.9% 52.4% 0.67 111 0.69
PPL 74.8% 49.5% 81.1% 46.9% 36.3% 48.6% 0.65 1.76 0.68
TRICL | 78.3% 51.2% 858% | 51.8% 45.0% 57.9% | 0.64 1.34 0.62

Table 17: The results of the task-unrelated scenario

Data SSTS (Accuracy 1)

LLMs GLM4 9B Llama3.1 8B Qwen2.5 7B

Shot 5 10 5 10 5 10
Prompt 41.8% 41.8% | 39.1% 39.1% | 52.3% 52.3%
BM25 149% 153% | 13.5% 12.6% | 20.4% 22.6%
Cluster kate | 7.7% 83% | 93% 102% | 93% 9.6%
Cluster_static | 21.6% 16.7% | 17.3% 17.8% | 15.2% 17.9%
Kate 20.1% 17.6% | 149% 11.1% | 15.3% 16.8%
Random 188% 17.9% | 16.9% 15.6% | 13.0% 11.9%
Static 20.8% 16.6% | 19.8% 13.7% | 18.0% 16.4%
ICCL 19.1% 17.5% | 17.6% 134% | 14.0% 16.2%
PPL 184% 16.1% | 18.3% 14.5% | 16.3% 15.8%
TRICL 46.4% 46.2% | 42.7% 43.3% | 54.6% 54.4%

value for the ¢-th instance. MSE penalizes larger
errors more heavily due to the squaring operation,
making it sensitive to outliers. It is particularly use-
ful when the goal is to minimize the overall mag-
nitude of prediction errors. However, in contexts
where robustness to outliers is important, alterna-
tive metrics such as Mean Absolute Error (MAE)
or Huber loss may be preferred.

J.4 Baselines

We evaluate a variety of in-context learning (ICL)
strategies, encompassing several distinct prompt-
ing techniques. The Zero-shot Prompt approach
operates without incorporating any demonstrations.
The Static method selects the k demonstrations
from a retrieval dataset. In contrast, the Random
strategy draws demonstration examples arbitrarily
from the same retrieval pool for each test dataset.
Clustering-retrieval (Li and Qiu, 2023b) partitions
all available examples into & distinct clusters, de-
signed to group semantically similar instances, and
selects a representative sample from each cluster
to construct the final demonstration set. The Kate
method retrieves samples that exhibit the highest
similarity in terms of sentence-level embeddings.
Meanwhile, Cluster-Diversity (Naik et al., 2023)
applies clustering to organize all demonstrations

into k groups and selects the exemplar closest to
the centroid of each cluster.

J.5 Zero-shot Prompt Learning Scenario

We find that the Output Space Reduction compo-
nent in TRICL is particularly effective in the Zero-
shot Prompt Learning scenario. In this setting, we
employ two LLMs to generate label predictions
for each test dataset. For each test instance, two
predicted labels are produced, and the reduced out-
put space is subsequently determined according
to the procedure defined in TRICL. Due to time
constraints, we limit our experiments to the SST5
dataset. TRICL demonstrates strong performance
in this scenario, achieving a maximum accuracy of
54.8%.

Table 18: The results of ChatGPT-40

Test Data | Emotion  SST5 ~ SNLI | STSB
Metric ‘ Accuracy T ‘ MSE |
LLMs | ChatGPT-40
Shot | 10
BM25 | 439% 333% 54.9% | 2.84

CR 16.0%  29.4% 53.0% | 1.70
CD 513%  46.9% 64.5% | 1.77
Kate | 56.7% 472% 624% | 0.82

Random | 422%  40.7% 63.2% | 0.94
Static | 48.6% 40.8% 62.5% | 1.13
ICCL | 229% 358% 522% | 144

PPL 341%  377% 572% | 1.50
TRICL | 73.0% 554% 771% | 0.73
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K The Experiment of Text
Summarization Task

The core idea of the TRICL method is to en-
hance prediction performance by reducing the out-
put space. However, when the test task involves
text generation—such as text summarization—this
strategy cannot be directly applied. To overcome
this limitation, we propose a variant of TRICL.

When a text summarization model produces
high-quality summaries, the semantic similarity be-
tween the original text and the generated summary
is typically high. Based on this observation, we use
the Gigaword-Tiny dataset as the test dataset and
STSB as the task-related retrieval dataset. ROUGE-
1 serves as the evaluation metric for the text sum-
marization task, where a higher ROUGE-1 score
indicates better performance.

Due to time constraints, we conduct experi-
ments using only the GLM4 9B LLM, and compare
TRICL with several baseline methods, including
Prompt, BM25, CR, and, CD. As shown in Ta-
ble 21, TRICL achieves SOTA performance in this
setting, attaining a ROUGE-1 score of 0.244.

L Proof

Proof. We prove this result by contradiction. Given
the fact that

BAT™ | Cu) > P(AT™), (16)
and {A{w, ASw . .,A%;}, where A%v ¢
{A1, A, ..., A, }, is the possible label for ev-
ery label Cy, € {By,Bs, -+, By, } . there must
be my < m,. Thus we assume here that the
predicted output gy does not reduce the output

space, i.e., mg = mg. Then for each index
i€{1,2,---,m,}, we obtain that

P(Cw) = ZP(AZCUJ | Cw)
=1

= P(AYY | Oy) + -+ P(AS" | Cy)
> P(A{") + P(AS™) + -+ P(AS")

a7
which contradicts the conclusion that P(C,,) < 1
obviously. Hence our assumption must be false,
and the predicted output g indeed reduces the out-
put space. This proves the result mg < my,. O

M Details of Related Dataset
Identification

This appendix provides the full formulation and
implementation details for the related dataset iden-
tification procedure described in Section 3.1.

LLM-based Label Prediction. Let D, =
{(z4,99),...,(z%,,y4)} denote the task-related
retrieval dataset, where y{ € {Bi, ..., Bn, }. We
randomly sample Ny < 100 instances from Dy,.
For each sampled instance 29, we apply zero-shot
prompting with the LLM to predict a target label:

Jprea(2?) = frm(z®) € {A1, ..., A, }. (18)

Empirical Probability Estimation. On the sam-
pled subset, we define the following counts:

N(Ai, Bj) =Y T[y* = Bj Afiprea = Ail, (19)
N(A;) = Z [[gprea = Ail, (20)
N(B;) =Y 1y* = By,

where I[-] denotes the indicator function.

The marginal and conditional probabilities are
estimated as:

21

N(A4;, Bj)
N(Bj)
(22)
Retrieval labels with N(B;) = 0 are excluded
from the relatedness test.

Related Label and Dataset Construction. A
retrieval label B; is considered task-related if:

JA; € {A1,..., A} st P(A; | B)) > P(A4)).
(23)
The set of task-related labels is thus defined as:

{Cl,...,Cmc} = {Bj S {Bl,...,me} | JA;
such that P(4; | B;) > P(AZ)} .
(24)
Finally, the related dataset is constructed as:
D, = {($d>yd) € Dy | yd € {Ola s 7Omc}}'
(25)

N Qualitative Analysis on Emotion
Classification.

We provide a qualitative example to illustrate how
TRICL reduces the output space and simplifies de-
cision making in text classification. Given the input
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sentence: “I expected something exciting, but it
turned out to be disappointing.”, zero-shot prompt-
ing over the full label space produces a relatively
flat posterior distribution over {neutral, sadness,
anger}, reflecting uncertainty among semantically
close labels. TRICL first performs inference on a
related task that captures coarse affective polarity,
predicting a negative emotional state. Conditioning
on this related-task evidence, the candidate label
space is reduced to {sadness, anger}, eliminating
the weakly correlated label neutral. Subsequent
zero-shot inference within this reduced space yields
the correct prediction. This example demonstrates
that TRICL improves robustness by removing la-
bels that contribute disproportionately to ambiguity
rather than discriminative power.

O Limitations of Semantic
Similarity-Based Retrieval for Related
Data

Semantic similarity-based retrieval relies on
surface-level semantic alignment between the re-
trieval and test tasks, and thus can fail when the
task form or semantics are mismatched. For exam-
ple, when evaluating on SNLI, it fails to identify
STSB as a related dataset despite its relevance at
the supervision-signal level, leading to missed use-
ful retrieval data; as a result, its gains are mostly
limited to strongly aligned cases.

P Multiple Related Datasets

We further examine a setting where the related
dataset is composed of multiple datasets. Specifi-
cally, we construct related datasets by combining
two or three emotion-related corpora and evalu-
ate performance on the Emotion benchmark with
GLM4 9B. Specifically, we use the Emotion dataset
for evaluation. When the related dataset consists
of two datasets, it is formed by SST-5 and IMDB.
When it consists of three datasets, it is formed by
SST-5, IMDB, and SST-2.

As shown in Table 22, TRICL consistently out-
performs all baselines under both settings. De-
spite the increased heterogeneity in the related data,
TRICL remains effective at identifying useful task-
related signals and reducing the target output space
accordingly. These results suggest that TRICL is
robust to variations in the composition of related
datasets and does not rely on a single carefully
curated retrieval source.

Q Use of Large Language Models

In accordance with the ACL policy on the use of
Al writing assistance, we declare that we utilized
GPT-4 to refine the clarity and readability of the
text in this paper. The use of the model was strictly
limited to grammatical error correction and stylis-
tic polishing. All scientific claims, experimental
designs, and data analyses remain the original work
of the authors. We have reviewed the entire text to
ensure accuracy and assume full responsibility for
the content.
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Table 19: URLs for the LLMs and VLMs.

Model URL
GPT-40 https://platform.openai.com/docs/models/gpt-4o0
Qwen2.5-7b https://huggingface.co/Qwen/Qwen2.5-78B
Qwen3-4b https://huggingface.co/Qwen/Qwen3-4B
Qwen3-8b https://huggingface.co/Qwen/Qwen3-8B
Qwen3-32b https://huggingface.co/Qwen/Qwen3-32B
GLM4 9B https://huggingface.co/zai-org/glm-4-9b
LLAMA-3.1-8b https://huggingface.co/meta-1lama/Llama-3.1-8B
LLAMA-3.2-1b https://huggingface.co/meta-1lama/Llama-3.2-1B
LLAMA-3.2-3b https://huggingface.co/meta-1lama/Llama-3.2-3B
LLAMA-3.3-70b https://huggingface.co/meta-1lama/Llama-3.3-70B

Table 20: The results on the related dataset.

Data ‘ Emotion (Accuracy% 1) SST5 (Accuracy% 1)
LLMs \ GLM4 9B Llama3.1 8B Qwen2.5 7B \ GLM4 9B Llama3.1 8B Qwen2.5 7B
BM25 44.3% 19.2% 48.5% 27.6% 28.5% 43.0%
CR 27.2% 17.0% 18.5% 17.8% 19.8% 20.5%
CD 56.2% 42.0% 50.5% 39.8% 37.1% 41.5%
Kate 56.8% 41.8% 55.0% 42.1% 30.8% 43.7%
DKNN |  50.5% 44.3% 48.8% 40.7% 34.4% 29.9%
TTF 39.3% 42.9% 51.5% 34.1% 28.4% 38.3%
CEIL 39.6% 46.5% 41.2% 36.3% 33.1% 32.4%
MoD 38.6% 51.3% 50.5% 32.6% 37.4% 38.1%
ICCL 53.2% 45.8% 55.1% 42.7% 32.2% 43.3%
PPL 55.6% 40.3% 54.4% 41.4% 33.2% 38.6%
TRICL | 62.1% 48.1% 61.4% 48.1% 45.2% 55.5%

Table 21: The results of the text summarization task in gigaword dataset and GLM4 9B LLM,

Metric ‘Prornpt BM25 CR CD DKNN TTF CEIL MoD ICCL TRICL
ROUGE-1 ‘ 0.124 0.238 0.023 0.026 0.022  0.045 0.169 0.204 0.188 0.244

Table 22: Results on related datasets composed of two and three datasets, evaluated on the Emotion dataset with the
GLM4 9B LLM.

Scenario | BM25 ~CR ~ CD  Kate DKNN TTF ICCL PPL | TRICL

2 Datasets | 37.6% 11.7% 442% 263% 314% 33.1% 302% 33.7% | 62.3%
3 Datasets | 36.4% 12.3% 449% 263% 339% 359% 31.5% 32.4% | 60.5%
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