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Abstract

As a fundamental task in machine learning, text
classification plays a crucial role in many ar-
eas. With the rapid scaling of Large Language
Models (LLMs), particularly through reinforce-
ment learning (RL), there is a growing need
for more capable discriminators. Consequently,
advances in classification are becoming increas-
ingly vital for enhancing the overall capabilities
of LLMs. Traditional discriminative methods
map text to labels but overlook LLMs’ intrin-
sic generative strengths. Generative classifi-
cation addresses this by prompting the model
to directly output labels. However, existing
studies still rely on simple SFT alone, seldom
probing the interplay between training and in-
ference prompts, and no work has systemati-
cally leveraged RL for generative text classi-
fiers and unified SFT, RL, and inference-time
prompting in one framework. We bridge this
gap with GenCLS++, a framework that jointly
optimizes SFT and RL while systematically ex-
ploring five high-level strategy dimensions—in-
context learning variants, category definitions,
explicit uncertainty labels, semantically irrele-
vant numeric labels, and perplexity-based de-
coding—during both training and inference.
After an SFT “policy warm-up,” we apply RL
with a rule-based reward, yielding sizable ex-
tra gains. Across seven datasets, GenCLS++
achieves an average accuracy improvement
of 3.46 % relative to the naive SFT baseline;
on public datasets, this improvement rises
to 4.00%. Notably, unlike reasoning-intensive
tasks that benefit from explicit thinking pro-
cesses, we find that classification tasks perform
better without such reasoning steps. These in-
sights into the role of explicit reasoning provide
valuable guidance for future LLM applications.

1 Introduction

With the rapid advancement of Large Language
Models (LLMs) (Anthropic, 2024; Google, 2024;
OpenAl, 2024), remarkable progress has been

achieved in enhancing their generative capabilities,
particularly in the domain of reasoning. Through-
out this development, well-designed discrimina-
tors play a crucial role, whether in aligning model
outputs with human preferences (Schulman et al.,
2017; Ziegler et al., 2019; Ouyang et al., 2022) or
scaling model capabilities through effective reward
signals (Guo et al., 2025; Yu et al., 2025; Seed,
2025). The emergence of DeepSeek-R1 (Guo et al.,
2025) highlights the effectiveness of rule-based re-
wards in domains such as mathematics and code.
However, in broader scenarios where golden an-
swers are not readily available, learned discrimi-
nators remain indispensable for providing reliable
reward signals (Seed, 2025; Liu et al., 2025).

Building on this insight, we explore methods to
enhance the performance of discriminator models
by focusing on the closely related task of classifica-
tion. Traditional discriminative approaches (Ruan
et al., 2024; Muennighoff et al., 2022; Cobbe et al.,
2021; Yu et al., 2023) typically involve using a
randomly initialized value head with a pre-trained
language model to map text to labels, relying on the
representation token to predict class probabilities.
Although this method is widely adopted, it intro-
duces an inherent mismatch between the randomly
initialized value head and the carefully optimized
language model, potentially leading to suboptimal
performance (Zhang et al., 2024; Ye et al., 2024).
This discrepancy may hinder the model from fully
exploiting the generative capabilities already em-
bedded within LLMs.

Recent advancements in prompt-based learning
offer an alternative by guiding LLMs to perform
classification through language generation (Parikh
et al., 2023; Rouzegar and Makrehchi, 2024). This
generative approach naturally aligns with the intrin-
sic training paradigm of LLMs, effectively leverag-
ing their native language understanding and genera-
tion capabilities. Compared to traditional methods,
this approach offers several advantages:



* Benefits from LLM Improvement: Generative
methods enable classification tasks to benefit
from ongoing advancements in LLM capabili-
ties, naturally scaling classification accuracy
with improved underlying LLM performance.

* Greater Flexibility: Generative methods allow
the addition of classes without extensive train-
ing or altering model architecture. Traditional
methods require adjusting dimensions and re-
training when new labels are introduced.

Despite its intuitive appeal, most methods adopt
a simple, and identical prompt strategy for both
training and inference. The systematic exploration
of diverse prompt strategies for both stages remains
limited, with the effects of using different prompts
during these stages not yet thoroughly investigated
or quantified. To address this gap, we propose
GenCLS++, a prompt-based generative classifica-
tion framework that systematically explores five
high-level strategy dimensions: In-Context Learn-
ing (ICL) variants (semantic retrieval vs. fixed
exemplars, and varying shot counts), category def-
initions, explicit uncertainty labels, semantically
irrelevant labels, and perplexity-based decoding,
during both supervised fine-tuning and inference.
Furthermore, inspired by recent advances, we inte-
grate reinforcement learning (RL) into GenCLS++,
resulting in additional performance gains and un-
derscoring the potential of unifying supervised and
reinforcement learning paradigms. We empirically
evaluate GenCLS++ across seven diverse datasets,
comprising both publicly available and internal
data. Our findings reveal that GenCLS++ signifi-
cantly enhances classification accuracy, achieving
an average accuracy improvement of 3.46% relative
to the commonly used naive SFT baseline. This
improvement rises to 4.00% on public datasets.

Interestingly, our results challenge assumptions
derived from related reasoning-intensive tasks.
While explicit reasoning steps have shown signifi-
cant performance improvements in such tasks, we
find that classification tasks often achieve optimal
results without explicit reasoning prompts, consis-
tent with some studies (Li et al., 2025). These find-
ings offer new insights into the role and necessity
of explicit reasoning in classification contexts.

Our contributions can be summarized as follows:

* We conduct a comprehensive analysis of a
wide range of prompt strategies for classifica-
tion tasks. Our findings reveal that specific

combinations can significantly outperform the
naive SFT approach, highlighting their effec-
tiveness in enhancing model performance.

* We integrate RL to further boost performance.
Our experiments indicate that supervised fine-
tuning for warm-up initialization delivers a
significant relative improvement in accuracy,
with an average gain of 18.18% compared to
training directly from the base model.

* Motivated by recent investigations into
reasoning-based inference and the observation
that RL tends to produce shorter responses, we
find that models achieve better performance
on classification tasks by directly predicting
answers without explicit reasoning steps.

2 Related Work

LLMs for Classification Compared to the tra-
ditional discriminative approach of employing a
value head to map text to labels, recent studies
have explored a generative strategy in which LLMs
perform classification through prompt engineering
(Qin et al., 2023; Sun et al., 2023; Peskine et al.,
2023; Milios et al., 2023), augmenting the prompt
with few-shot examples and category definitions.
However, few studies have taken the next step of
fine-tuning LLMs to generate class labels (Parikh
et al., 2023), and several reports indicate that the
generative approach underperforms on certain clas-
sification benchmarks (Ruan et al., 2024). Our
study advances prior work by systematically ex-
amining various combinations of training-time and
inference-time strategies. With this framework we
achieve consistently higher accuracy across these
datasets, providing strong evidence of the genera-
tive paradigm’s potential for classification tasks.

RL for LLM Training Reinforcement learning
(RL) now plays a pivotal role in training LLMs.
It is used not only to align outputs with human
preferences through Reinforcement Learning from
Human Feedback (RLHF) (Ziegler et al., 2019;
Ouyang et al., 2022), but also to enhance models’
reasoning abilities, as recently demonstrated by
DeepSeek-R1 (Guo et al., 2025). These applica-
tions underscore RL’s potential to drive further ad-
vancements in LLMs. In this paper, we investigate
how RL can improve performance on classification
tasks and present several noteworthy empirical find-
ings. Given that PPO (Schulman et al., 2017) incurs
substantial computational overhead and rule-based



rewards have shown to be effective, we conduct
most of our experiments using the more efficient
Reinforce++ algorithm (Hu, 2025), along with care-
fully designed rule-based reward functions.

3 Method

Traditional LLM-based classifiers do not fully uti-
lize the text generation capabilities of pretrained
LLMs. To address this issue, we propose train-
ing generative classifiers using standard next token
prediction. Specifically, instead of obtaining each
category’s probability through a representative to-
ken, the language model predicts categories using
its own probability distribution over tokens. This
approach preserves the model’s generative abili-
ties, since classification is merely another token
prediction, while also offering several advantages
that naturally arise from LLMs, such as a unified
paradigm for pretraining and classification, and
the ability to scale inference time compute. The
overview of our method is shown in Figure 1.

3.1 Exploring Different Strategy
Combinations in SFT and Inference

Let x denote the input to be classified. A gen-
erative classifier 7y predicts the gold label ygo1q
using tokens. This is achieved by maximizing
log g (yg01d| (p,x)), where p represents a particu-
lar prompt strategy from the strategy pool P. To
do so, we minimize the supervised fine-tuning loss
on the dataset D, which contains input—class pairs:

]

Lspr(0,D) = —E(x,y)~p Zlog mo(ye | Pox, y<t) |-
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We aim to explore how different prompt strategies,
applied during both training and inference, affect
classification performance within a purely gener-
ative paradigm. Below, we describe the types of
prompt strategies in P that we employed; examples
of each type are provided in Appendix A.

Zero-shot The model receives only a general task
description (e.g., “Classify the following text”),
without labeled examples or detailed definitions.

N-shot We include N labeled examples (ran-
domly selected from the training set) in the prompt
(N € {1,3,5}), providing the model with exem-
plar input—label pairs to guide classification.

Fixed-3-shot The same three labeled examples
appear in the prompt for every test case.

Similar-3-shot We retrieve the three training ex-
amples most similar to the new input (based on
textual similarity) and include them in the prompt
to provide more contextually relevant guidance.

Definition We prepend concise text definitions of
each category to the prompt, allowing the model to
reference these definitions when generating predic-
tions. These definitions are generated by prompting
a LLM to provide explanations for each class label.
For example, for an emotion classification task with
label "anger", the generated definition is: "anger:
contains strong negative feelings like anger, an-
noyance, indignation, involving injustice, conflict,
frustration, etc." These definitions are then incor-
porated into the prompt to provide clear semantic
meanings of the categories before classification.
For our implementation, we use “GPT-40-2024-11-
20” as the LLM to generate these definitions.

Definition with 1-shot In addition to including
category definitions, we add a single labeled exam-
ple to the prompt for further guidance.

Numerical (semantically irrelevant labels) We
assign each category a numerical label and prompt
the model to output the corresponding number.
This approach is non-semantic, relying purely on
arbitrary number assignments rather than meaning-
ful category descriptions.

Uncertainty We introduce an “Uncertain” cat-
egory for any example misclassified by our two
top zero-shot models. Each example is relabeled as
"Uncertain" if both models disagree with its ground
truth; otherwise it keeps its original label. To avoid
overloading the training data, we cap the uncer-
tain cases at 10% of the corpus. If more than 10%
qualify, we retain only those with the lowest aver-
age prediction confidence. This yields a modified
dataset containing up to 10% ambiguous examples
alongside the correctly labeled ones. We then fine-
tune the base model on this set using a training
prompt that includes the "Uncertain" option. At
inference, the classifier is restricted to the original
label set and will never output "Uncertain".

Perplexity For each candidate class y;, we ap-
pend it to the input and compute its perplexity
PPL(y;) as follows:

[yl
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Figure 1: An overview of the GenCLS++ framework. It explores diverse combinations of training and inference
strategies for classification tasks and incorporates RL to further enhance performance. We conduct comprehensive
experiments on seven datasets, encompassing different languages, varying numbers of categories and data types.

where Phpyse (X) is a base prompt. We then select the
class with the lowest perplexity as our prediction:

y = arg min PPL(y;)
yi€C

This strategy is employed only at inference time.

We apply various strategies to train the model
and subsequently evaluate each resulting model
with different prompt strategies (e.g., trained with
definitions, evaluated in a zero-shot setting), as il-
lustrated in Figure 1. In contrast to traditional few-
shot learning, which uses the same prompt type
for both training and inference, our approach en-
ables a more fine-grained analysis of how different
strategies affect performance at each stage.

3.2 Reinforcement Learning

Building on the success of DeepSeek-R1 (Guo
et al., 2025), which shows that reinforcement learn-
ing (RL) can markedly enhance the reasoning abil-
ity of language models, we explore RL for gener-
ative classification. Specifically, we fine-tune our
model with a rule-based reward function to gauge
the effectiveness of RL in this setting.

3.2.1 Policy Warm-up

During the warm-up phase, we equip the policy
model with foundational classification capabilities
by performing supervised fine-tuning on the dataset
D. We find that this phase has a significant impact

on the subsequent performance of RL. Furthermore,
we investigate how different start models affect the
final performance. Detailed results and discussions
are presented in Sections 5.1 and 5.2.

3.2.2 RL with Reasoning

System Prompt We first follow Guo et al.
(2025)’s paradigm, encouraging models to engage
in a reasoning (thinking) process before producing
the final answer. The prompt is defined as follows:
"Please output your answer in the format: <rea-
son> reasoning process here </reason> <answer>
answer here </answer>."

Reward Function Similarly, we design a two-
part rule-based reward function: format reward and
accuracy reward. The format reward verifies that
the response follows the required structured format,
ensuring that every part appears in the correct order
and is enclosed in the appropriate tags:

L,
0,

if the format is correct,

Rformat - .
otherwise.

The accuracy reward measures whether the
model’s prediction matches the gold label ygoq:

L
0,

if ¥y = ygolds

Faceuraey = otherwise

The final reward function R is a combination of the
two rewards: R = Rformar + Raccuracy



3.2.3 RL without Reasoning

Unlike reasoning-driven tasks such as mathemat-
ics and code generation, we observed that dur-
ing the RL process in classification tasks, the re-
sponse length fluctuates and may even decrease
rapidly. Comparative experiments further revealed
that the inclusion of rationale does not seem to con-
tribute to performance improvement, as discussed
in Section 5.2. This phenomenon has also been ob-
served in other tasks, such as commonsense ques-
tion answering (Jiang et al., 2025; Sprague et al.,
2024; Sui et al., 2025) and vision classification (Li
et al., 2025). These findings suggest that chain-of-
thought (CoT) reasoning may not be essential for
all tasks. Motivated by these insights, we investi-
gate RL in classification tasks without reasoning.

System Prompt Unlike most current RL-based
scaling methods, which encourage models to re-
peatedly reason and verify, the prompt in our
method directs the model to output the result di-
rectly, e.g., "Please output your answer."

Reward Function Since we no longer need to
distinguish between reasoning and the answer, we
eliminate the need for conventional format rewards.
Instead, we solely use an accuracy reward, which
checks whether the model’s output matches the
ground truth exactly. It is defined as follows:

R _ 1, ify = ygold,
e 0, otherwise.

We adopt Reinforce++ (Hu, 2025) as our reinforce-
ment learning algorithm. In Section 5.3, we com-
pare it with several widely used baselines, such
as GRPO (Shao et al., 2024), and find that Rein-
force++ consistently delivers higher accuracy while
requiring less training time, demonstrating advan-
tages in both performance and efficiency.

4 Experiments

4.1 Experimental Setup

Datasets We conducted comprehensive exper-
iments on seven datasets, including four public
benchmarks (EC, EIC, IFLYTEK, and TNEWS)
and three proprietary datasets (Query Intent, Search
Correlation, and Query Taxonomy). EC focuses
on sentiment detection, whereas EIC classifies the
type of edits between sentence pairs, a task on
which generative classifiers have previously per-
formed poorly (Ruan et al., 2024). IFLYTEK as-

signs app descriptions to as many as 120 cate-
gories, and TNEWS categorizes news headlines
by topic; both are widely used multi-class bench-
marks. Our proprietary datasets further extend the
evaluation: Query Intent (QI) predicts user intent
at both coarse and fine granularities across roughly
30 labels, Search Correlation (SC) evaluates the
relevance between a query and a text passage, and
Query Taxonomy (QT) performs multi-label se-
mantic tagging, since a single query may map to
multiple categories. More detailed descriptions of
all datasets are provided in Appendix B.

Metrics The performance of our models is eval-
uated using accuracy (Acc.) and macro-F1. Ac-
curacy measures the ratio of correct predictions to
total predictions, while macro-F1 is the average
of per-class F1-scores, assigning equal weight to
each class. For each inference strategy, we report
five metrics: fimt-suc ratio (percentage of format-
matched outputs), fimt-suc accuracy and fmt-suc
macro-F1 (computed only on format-matched out-
puts), and overall accuracy and overall macro-F1
(calculated over all predictions). The overall accu-
racy and overall macro-F1 serve as the primary
indicators of task performance. When fint-suc ratio
is less than 100%, format-success metrics are high-
lighted only if their corresponding overall metrics
also achieve best performance.

Parameter Setting We used Qwen-2.5-7B-
Instruct (Yang et al., 2024) in our experiments.
This open-source model achieves non-trivial per-
formance on the classification task while still leav-
ing room for improvement, making it an ideal
testbed for our study. We constructed the train-
ing dataset using the prompt strategy described in
Section 3.1 and tested each trained model across all
these prompt types, yielding approximately 10 x 10
total combinations. For RL, we used Reinforce++
and its training framework OpenRLHF (Hu, 2025).

Baselines Since our approach employs genera-
tive classification, we adopt the traditional discrim-
inative method using value head on public datasets
as a robust baseline. Specifically, we utilize the
results reported by (Ruan et al., 2024) for the EC
and EIC datasets, and by (Xu et al., 2020) for the
IFLYTEK and TNEWS datasets. Additionally, to
illustrate that combining different prompt strategies
during training and inference can yield superior per-
formance, we introduce an additional commonaly
used naive SFT baseline, using a zero-shot prompt



Table 1: Experimental Results (Accuracy & macro-F1 Score, %). Gray indicates that the training strategy is not

aligned with the best inference strategy. Bold indicates the best result, and underline indicates the second best. *
reported by Ruan et al. (2024); freported by Xu et al. (2020).

(a) Part 1: Results on Public Datasets

EC EIC IFLYTEK TNEWS
Training Method Acc. macro-F1 Acc. macro-F1 Acc. macro-F1 Acc. macro-F1
Base model 68.75 33.94 55.02 49.85 57.41 25.93 58.13 22.92
Discriminative method ~ 94.10°  89.60°  84.40°  8220°  62.98" - 59.46" -
Naive SFT 93.70 90.17 82.74 81.73 61.18 45.42 60.83 59.39
Zero-shot 93.75 90.31 84.04 82.93 62.83 46.69 62.12 59.16
1-shot 93.15 89.45 83.82 82.90 63.33 47.15 61.98 60.49
3-shot 93.45 89.13 85.03 83.75 62.91 48.51 62.06 60.53
5-shot 94.15 89.83 84.13 83.39 62.52 44.93 62.54 58.41
Fixed-3-shot 93.80 89.92 83.17 82.49 63.52 45.26 62.25 58.94
Similar-3-shot 93.90 89.44 82.18 79.35 62.83 47.69 63.30 61.31
Definition 93.30 88.31 83.26 82.30 63.64 44.41 61.37 59.26
Definition with 1-shot 93.80 89.70 84.34 82.79 63.37 47.47 62.20 60.65
Numerical 93.65 89.93 83.17 81.89 62.29 46.29 61.24 57.09
Uncertainty 93.55 90.01 85.08 83.74 63.76 47.85 61.97 58.15
GenCLS++ (RL) 94.50 90.57 85.86 84.72 64.91 49.27 64.04 62.35
(b) Part 2: Results on Proprietary Datasets
Query Intent Search Correlation ~ Query Taxonomy

Training Method Acc. macro-F1 ~ Acc. macro-F1 ~ Acc.  macro-Fl

Base model 74.91 18.59 4191 34.24 26.51 14.70

Naive SFT 92.28 86.33 67.43 58.64 51.43 43.10

Zero-shot 92.30 86.27 65.27 54.44 53.25 43.13

1-shot 92.48 87.34 67.37 59.10 53.09 44.02

3-shot 92.44 86.55 67.53 59.23 53.38 43.84

5-shot 92.52 86.95 66.73 56.42 53.95 44.52

Fixed-3-shot 92.36 86.17 64.76 50.08 54.03 43.60

Similar-3-shot 92.22 86.40 67.63 60.01 52.99 44.11

Definition 92.23 85.91 68.60 62.25 - -

Definition with 1-shot = 92.41 78.02 67.40 58.51 - -

Numerical 92.52 86.34 64.40 47.89 51.26 42.87

Uncertainty 92.36 86.51 65.57 53.18 50.21 38.35

GenCLS++ (RL) 92.62 86.86 68.94 65.08 54.31 46.18

strategy for both stages (i.e. training and evaluating
the model exclusively with the zero-shot prompt).

4.2 Main Results

We adopt a generative paradigm based on a LLM.
The base model is fine-tuned with various prompt
strategies and evaluated under each strategy at in-
ference time. Since a dataset can yield nearly one
hundred training—inference combinations, Table 1
reports only the best result for each training strat-
egy to enable comprehensive analysis. The full
combination results are provided in Appendix C.
As shown in Table 1, GenCLS++ surpasses every
discriminative baseline on the public datasets, un-
derscoring the strength of generative approaches to
classification. Moreover, for most training prompts,
switching to an alternative inference prompt

yields additional gains in both accuracy and
macro-F1. Figure 4 visualizes these improvements,
demonstrating that—regardless of the strategy
employed during training—experimenting with
a different inference strategy typically leads to
superior performance. Moreover, applying RL
to a model that has already undergone SFT yields
additional gains. Although the naive SFT baselines
for EC and Query Intent are already strong, ex-
ceeding 90% accuracy, GenCLS++ still achieves
an average relative accuracy improvement of 3.46%
on all seven datasets and 4.00% on the four pub-
lic datasets. Notably, GenCLS++ delivers a 6.10%
relative accuracy improvement on the IFLYTEK
dataset, underscoring its effectiveness.

Further analysis reveals a consistent pattern:
adding labeled examples to the training prompt



Table 2: Experimental Results (Accuracy & macro-F1 Score, %). Bold indicates the best result.

EC EIC IFLYTEK TNEWS
Training Method  Acc. macro-F1 ~ Acc. macro-F1 ~ Acc. macro-F1 ~ Acc.  macro-F1
Base model 68.75 33.94 55.02 49.85 57.41 25.93 58.13 22.92
+RL 76.90 69.52 62.28 47.87 59.79 29.88 61.92 59.56
+ warm up 94.15 89.83 85.08 83.74 63.76 47.85 63.30 61.31
+RL 94.50 90.57 85.86 84.72 64.91 49.27 64.04 62.35

Table 3: Experimental Results on the EIC dataset (Accuracy & macro-F1 Score, %). Blue indicates the best
inference strategy for current training method. Bold indicates the best result.

Class—Reason Reason—Class Think—Reason—Class
Training Method Acc.  macro-F1 =~ Acc. macro-F1  Acc. macro-F1
Base model 17.95 13.86 30.54 5.69 29.46 7.27
+RL 53.33 42.46 62.28 47.87 46.58 19.60
SFT (Class—Reason) 76.73 76.12 57.05 51.46 57.40 52.34
SFT (Think—Reason—Class)  37.98 36.15 53.81 47.14 57.35 50.45
SFT (Reason—Class) 64.62 64.67 71.37 66.26 70.11 45.60
+RL 77.12 76.00 79.50 78.06 78.63 76.00
SFT (No-CoT) 76.60 75.64 69.81 62.03 74.57 33.76
+RL 85.86 84.72 85.64 84.52 84.60 83.26
+ SFT (Reason—Class) 63.62 52.13 76.08 73.63 - -
+RL 0.43 0.43 84.04 82.67 33.48 31.90

(few-shot learning) consistently outperforms train-
ing without examples, and this advantage holds
in both zero-shot and few-shot evaluations. Addi-
tionally, randomly sampled examples yield higher
scores than a fixed set of examples. Although the
optimal inference prompt is not always identical to
the training prompt, two clear tendencies emerge:
1) If the training prompt includes few-shot exam-
ples, the highest scores are achieved when the in-
ference prompt also provides examples. 2) If the
training prompt omits examples, a zero-shot infer-
ence prompt is usually the stronger choice.

These findings underscore that prompt design
should be considered jointly for training and infer-
ence, rather than in isolation. Furthermore, using
reinforcement learning to further enhance the per-
formance of generative models on classification
tasks is a promising approach, which we will ana-
lyze in more detail in Section 5.

S Analysis

5.1 Effectiveness of the Policy Warm-up

To equip the policy model with fundamental classi-
fication capabilities, we first apply fine-tuning on
the training data, which we refer to as the "warm-
up" phase. We then conduct an ablation study us-
ing Qwen-2.5-7B-Instruct on several public bench-

marks to evaluate the impact of this phase. As
reported in Table 2, incorporating a warm-up phase
provides a significant performance boost in sub-
sequent RL training, with an average relative ac-
curacy improvement of 18.18% over initializing
RL directly from the base model. This indicates
that allowing the policy model to acquire essential
classification skills through supervised fine-tuning
(SFT) before RL effectively raises the ceiling for
achievable performance, demonstrating the impor-
tance of pre-training in enhancing RL outcomes.

5.2 Does the reasoning help classification?

In this subsection, we present further discus-
sions on the reasoning process in fine-tuning for
classification. We explored the following set-
tings: <Class—Reason>, <Reason—Class>, and
<Think—Reason—Class>, which define the order
in which the model outputs its responses. For exam-
ple, in the <Reason—Class> setting, the model first
explains its reasoning and then predicts the classi-
fication result. Here, “Think” represents a longer,
more elaborate thought, while “Reason” represents
a more concise explanation.

We chose the EIC dataset for our research be-
cause identifying the categories of editing intent
requires comparing the changes before and af-
ter sentences, which requires the model to use
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Figure 2: Comparison of Different Models: Response
Length vs. Reward over Steps

reasoning ability more than other classification
tasks. We used DeepSeek-R1 (Guo et al., 2025)
to generate reasoning for the training set in the
<Think—Reason—Class> format and then manu-
ally converted these outputs into the three settings
mentioned above. For each question, we sampled
three times; the reasoning process was considered
valid only if all three outputs were correct. We then
performed supervised fine-tuning (SFT) of the base
model on these three datasets, and the results are
shown in Table 3. Interestingly, contrary to intu-
ition, having the model provide its classification
result first led to higher accuracy compared to the
other two approaches.

To delve deeper into the reasoning process for
classification, we ran RL from several starting
checkpoints: the base model, a SFT model without
reasoning (No-CoT SFT), an SFT model with rea-
soning (CoT SFT), and a two-stage model obtained
by further fine-tuning the No-CoT SFT model on
CoT data. The results indicate the following: 1)
Regardless of the starting model, RL consistently
enhances classification performance. 2) Before
applying CoT data for SFT, conducting an initial
SFT stage using No-CoT data leads to better per-
formance improvements following RL. 3) Interest-
ingly, the best performance is attained by directly
applying RL to the No-CoT SFT model and al-
lowing the model to predict the answer without
performing reasoning beforehand.

We subsequently examined how the model’s out-
put length and behavior evolved during RL training.
As shown in Figure 2, the length of the generated
“reason” gradually decreased, indicating that the
model pruned away unnecessary reasoning steps.
These results suggest that the model progressively
learns to simplify its reasoning and that extensive
deliberation is not always beneficial for producing
correct answers. In classification tasks in particu-

lar, the RL signal appears to teach the model that
directly producing the answer is sufficient.

rmance (%)

zzzzzzzzzzzzzzzzzzzzzzzz

Figure 3: Comparison of model performance across
different RL algorithms.

5.3 Different RL Algorithms

We further explored the impact of different RL algo-
rithms on model performance by analyzing GRPO
(Shao et al., 2024), Reinforce++-baseline (Hu,
2025), and Reinforce++ (Hu, 2025), with DPO
(Rafailov et al., 2023) included as an off-policy
comparator. As shown in Table 3, all on-policy
methods outperform DPO. Notably, Reinforce++
yields the largest gains and, unlike GRPO, requires
no batch sampling of candidate responses during
training—making it the most efficient choice.

6 Conclusion

In this paper, we investigate the use of LLMs as
generative classifiers. By systematically exploring
a variety of prompt strategies during both train-
ing and inference, coupled with the integration of
RL, we enhance the intrinsic generative capabili-
ties of LLMs for classification tasks. GenCLS++
achieves an average relative accuracy improvement
of +3.46% across seven benchmark datasets com-
pared to the naive SFT baseline. Notably, our ex-
periments show that while explicit reasoning steps
enhance performance on complex tasks, they do not
yield significant benefits in classification settings.
In future work, we aim to evaluate whether these
findings generalize to models of varying scales and
to explore novel techniques that can further push
the performance limits of generative classifiers.

Limitations

While GenCLS++ is effective for classification
tasks, its potential applications as a verifier or re-
ward model were not explored in this work. Further-
more, because we employed Qwen-2.5-7B-Instruct,



we have not tested whether our findings general-
ize to models of different scales or to other ar-
chitectures, such as LLaMA. We leave these in-
vestigations, along with the exploration of novel
techniques to further advance the performance of
generative classifiers, for future work.
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A Prompt Example

To illustrate, we use the EC dataset to showcase the
prompt strategies outlined in Section 3.1.

Zero-shot & Few-shot We adopt the 3-shot set-
ting as a representative example for both the zero-
shot and few-shot series.

7

You are a professional sentiment classification
expert. There is now a piece of text that requires
your sentiment classification.

Optional categories: [sadness, joy, love, anger,
fear, surprise]

Format requirement: Please output in the format
Category: xxx (where xxx is the correspond-
ing category label).

Example 1:

Text: i feel now i am not giving all of me to
christ and 1 want to be devoted

Category: love

Example 2:

Text: i find myself feeling shocked hearing that
word spoken out loud in my own lounge room
Category: surprise

Example 3:

Text: i feel pathetic and that i shouldn’t make
myself feel this way

Category: sadness

Current case:

Text: i feel like a low life mooching off every-
one

Please output the category for the text according
to the format requirement.
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Definition We prepend concise text definitions
of each target category to the prompt and further
explore an alternative strategy by adding an extra
example.

You are a professional sentiment classification
expert. There is now a piece of text that requires
your sentiment classification.

Optional categories: [sadness, joy, love, anger,
fear, surprise]

Format requirement: Please output in the format
Category: xxx (where xxx is the correspond-
ing category label).

Sentiment category definitions:

sadness: expresses loss, sorrow, frustration,
etc., involving farewells, failures, regrets, etc.
joy: conveys happiness, cheerfulness, satisfac-
tion, etc., including celebrations, success, and
pleasure from good things.

love: reflects romantic love, familial love,
friendship, etc., involving care, admiration, at-
tachment, etc.

anger: contains strong negative feelings like
anger, annoyance, indignation, involving injus-
tice, conflict, frustration, etc.

fear: shows fear, worry, anxiety, etc., involving
danger, uncertainty, psychological pressure, etc.
surprise: expresses the unexpected, astonish-
ment, amazement, etc., including sudden events
or information beyond expectations.

Example 1:
Text: 1 walk in the door to my house 1 feel happy
Category: joy

Current case:

Text: 1 was feeling like a beluga whale and quite
grouchy

Please output the category for the text according
to the format requirement.

Numerical For this type, we assign a numerical
label to each category and instruct the model to
output the corresponding number.
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You are a professional sentiment classification
expert. There is now a piece of text that requires
your sentiment classification.

Optional categories: sadness: 0, joy: 1, love: 2,
anger: 3, fear: 4, surprise: 5

Format requirement: Please output in the format
Category: xxx (where xxx is the correspond-
ing numeric label).

Current case:

Text: i reply i do my best to reply to questions
but feel free to contact me via twitter isobelmeg
XX

Please output the category for the text according
to the format requirement.

\.

Uncertainty We introduce a new class, “Uncer-
tain,” and employ a fine-tuned model to label train-
ing examples that cannot be classified with high
confidence. This prompt strategy is used exclu-
sively during dataset construction; during infer-
ence, the model is restricted to predicting only the
original classes.

7

You are a professional sentiment classification
expert. There is now a piece of text that requires
your sentiment classification.

Optional categories: [sadness, joy, love, anger,
fear, surprise]

Format requirement: Please output in the for-
mat Category: xxx (where xxx is the corre-
sponding category label; if unsure, please reply
"Category: uncertain”).

Current case:

Text: i forgive myself that i have accepted and
allowed myself to forget that i decide and thus i
was decided to feel groggy this morning
Please output the category for the text according
to the format requirement.

\

B Data Statistics

The detailed statistics for all datasets are shown in
Table 4 and 5

C SFT Results

C.1 Performance Gains from Prompt
Strategy Switching

We visualize the improvement brought by using the
best-performing inference prompt strategy com-
pared to reusing the same strategy as in training in



Figure 4. As shown, our approach consistently im-
proves both accuracy and macro-F1 across nearly
all tasks and training prompt strategies.

C.2 Effect of Retrieval Relevance in Few-Shot
Inference

We further compared the impact of two different
inference strategies on model performance. As
shown in Figure 5, using similar few-shot exam-
ples does not always lead to better results across
all tasks. We found that when the retrieval strat-
egy is related to the category, as is the case with
the TNEWS dataset, the retrieved examples can
enhance performance. However, for tasks involv-
ing relationships between multiple texts, where the
retrieval strategy is unrelated to classification, in-
cluding seemingly similar examples may actually
degrade performance.

C.3 Perplexity-Based Strategy Evaluation

Recent methods (Hao et al., 2023; Ren et al.,
2023) adopt perplexity as a confidence score for
LLMs—for example, using the probability of
the “A” token to gauge answer confidence in
multiple-choice questions. Similarly, we compared
this perplexity-based strategy with a fixed 3-shot
prompt. As shown in Figure 6, relying on per-
plexity markedly degrades model performance on
most tasks, which is consistent with prior findings
(Huang et al., 2023; Hong et al., 2023; He et al.,
2024). In other words, perplexity alone is not a
sufficiently reliable confidence measure.

C.4 Performance Across Training—Inference
Combinations

The performance of different training and inference
combinations for each dataset is presented in the
tables below.
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Table 4: Average token length statistics across different tasks and prompt types. Both prompt tokens and response
tokens represent average values per example.

Dataset | Zero-shot | 1-shot | 3-shot | 5-shot |  Definition
Prompt Response | Prompt Response | Prompt Response | Prompt Response | Prompt Response
tokens  tokens | tokens  tokens | tokens  tokens | tokens  tokens | tokens  tokens

Query Intent 282.4 6.0 305.9 6.0 344.8 6.0 383.8 6.0 719.4 6.0

Query Taxonomy | 1225.4 7.7 1250.5 7.7 1292.6 7.7 1334.8 7.7 - -
Search Correlation | 458.6 52 843.0 52 1605.9 52 2367.5 52 1261.6 52

EIC 141.6 4.1 222.1 4.1 375.9 4.1 523.6 4.1 287.6 4.1

EC 86.0 35 121.4 35 184.4 35 246.9 35 229.0 35

TNEWS 119.8 4.7 152.3 4.7 209.3 4.7 266.4 4.7 631.8 4.7

IFLYTEK 786.9 3.6 984.3 3.6 1370.2 3.6 1761.1 3.6 3481.9 3.6

D |  Numerical | Similar-3-shot | Fixed-3-shot | Uncertainty | 1-shot w/Def
ataset

Prompt Response | Prompt Response | Prompt Response | Prompt Response | Prompt Response
tokens  tokens | tokens  tokens | tokens  tokens | tokens  tokens | tokens  tokens

Query Intent 446.4 3.7 3442 6.0 342.4 6.0 291.4 6.0 7419 6.0
Query Taxonomy | 2746.4 6.9 1292.0 7.7 1294.4 7.7 1225.4 6.6 -
Search Correlation | 475.6 4.0 1921.0 5.2 1740.6 52 473.1 5.1 1653.0 5.2

EIC 155.6 3.0 400.6 4.1 596.5 4.1 145.6 4.1 368.1 4.1
EC 103.0 3.0 163.4 35 186.0 35 95.0 3.4 264.4 3.5
TNEWS 193.8 5.0 210.7 4.7 194.8 4.7 128.8 4.5 665.3 4.7
IFLYTEK 1272.9 4.0 1476.9 3.6 12159 3.6 795.9 35 3682.3 3.6

Table 5: Dataset Statistics

Dataset Train samples Test samples Class count Classification type
Query Intent 100,000 10,000 33 Single-label
Query Taxonomy 200,000 10,000 326 Multi-label
Search Correlation 311,446 2,997 5 Single-label
EIC 7,478 2,312 5 Single-label
EC 16,000 2,000 6 Single-label
TNEWS 53,360 10,000 15 Single-label
IFLYTEK 12,133 2,599 119 Single-label
Accuracy Macro-F1
Zero-shot -  0.05 1.30 1.65 1.29 0.02 1.82 0.00 35 - 0.14 1.20 1.27 -0.23 -0.06 0.03 0.00
1
1-shot- 0.20 0.26 0.11 0.75 0.00 0.19 0.00 3.0 - 048 0.04 0.40 0.51 0.00 -0.89 0.00
3-shot- 0.20 0.43 0.58 0.85 0.14 1.28 0.33 2.5 - 0.42 0.47 1.18 0.44 0.24 -0.23 0.53
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Figure 4: Visualization of the improvement achieved by changing the inference prompt strategy. Left: improvement
in accuracy. Right: improvement in macro-F1. The x-axis represents the dataset, and the y-axis represents the
different training strategies. Improvements are highlighted in red, while decreases are shown in blue.
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Figure 5: Visualization of the improvement achieved by changing the inference prompt strategy from fixed-3-shot to
similar-3-shot. Left: improvement in accuracy. Right: improvement in macro-F1. The x-axis represents the dataset,
and the y-axis represents the different training strategies. Improvements are highlighted in red, while decreases are
shown in blue.
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Figure 6: Visualization of the improvement achieved by changing the inference prompt strategy from fixed-3-shot
to perplexity. Left: improvement in accuracy. Right: improvement in macro-F1. The x-axis represents the dataset,
and the y-axis represents the different training strategies. Improvements are highlighted in red, while decreases are
shown in blue.
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Table 6: Experimental results on the EIC dataset (Accuracy & macro-F1 Score, %). Blue highlights the best
inference strategy for each training method, while bold denotes the overall best performance across all settings.

1-shot | 3-shot | fix_3_shot
Method
fmt-suc fmt-suc fmt-suc overall overall [fmt-sucfmt-suc fmt-suc overall overall [fmt-sucfmt-suc fmt-suc overall overall
ratio acc macro-fl acc macro-fl| ratio acc macro-fl acc macro-fl| ratio acc macro-fl acc macro-fl
Zero-shot 100 83.43 8240 8343 8240 | 100 8339 82.67 8339 82.67 100 8274 8222 8274 8222
1-shot 100 8356 82.86 83.56 82.86 100 ' 83.82 8290 '83.82 8290 | 100 8274 8195 8274 81.95
3-shot 100 84.08 82.88 84.08 82.88 100 84.60 83.28 84.60 83.28 | 100 '85.03 83.75 '85.03 83.75
5-shot 100 83.82 8291 83.82 8291 100 [84.13 [83.39 84.13 8339 | 100 83.39 82.61 83.39 8261
Definition 100 83.09 82.15 83.09 82.15 100 83.09 82.11 83.09 82.11 100 82.27 81.25 8227 81.25

Numerical 100 3841 483 3841 4383 100 48.18 6.61 48.18 6.61 100 50.56 7.69 50.56  7.69

Similar-3-shot| 100 81.19 78.28 81.19 78.28 100 81.88 79.26 81.88 79.26 | 100  82.18 79.35 [82.18 79.35
Fixed-3-shot | 100 81.75 80.64 81.75 80.64 | 100 82.01 81.02 8201 81.02 | 100 81.40 8047 8140 80.47
Uncertainty 100 83.48 81.13 8348 81.13 100 8439 82.65 8439 82.65 100 8426 82.13 84.26 82.13

1-shot w/ Def | 100 ' 84.34 82.79 8434 8279 | 100 83.95 8244 8395 8244 | 100 83.65 82.11 83.65 82.11

5_shot | category_definition | numerical

Method

fmt-suc fmt-suc fmt-suc overall overall |fmt-sucfmt-suc fmt-suc overall overall [fmt-sucfmt-suc fmt-suc overall overall

ratio acc macro-fl acc macro-fl| ratio acc macro-fl acc macro-fl| ratio acc macro-fl acc macro-fl

Zero-shot 100 84.04 8293 84.04 8293 100 8222 8144 8222 8l.44 0 - - - -
1-shot 100 83.61 82.85 83.61 8285 100 83.09 81.99 83.09 81.99 0 - - - -
3-shot 100 84.95 84.01 8495 84.01 100 81.79 20.30 81.79 20.30 0 - - - -
5-shot 100 84.04 83.32 84.04 83.32 100 83.87 82.55 83.87 8255 | 251 8276 3131 208 0.79
Definition 100 83.09 82.19 83.09 82.19 100 [83.26 |82.30 83.26 8230 |26.38 82.13 34.14 21.67 9.01

Numerical 100 54.67 10.89 54.67 10.89 | 100 1241 879 1241 879 100 83.17 81.89 83.17 81.89
Similar-3-shot| 100 81.75 78.96 81.75 7896 | 100 80.19 77.20 80.19 77.20 |19.20 76.80 48.53 14.75 9.32
Fixed-3-shot | 100 82.53 81.73 82.53 81.73 100 8192 81.00 81.92 81.00 | 1.04 79.17 2946 0.82 0.31
Uncertainty 100 84.60 82.77 84.60 82.77 100 84.47 83.09 84.47 83.09 0 - - - -

1-shot w/ Def | 100 84.17 82.47 84.17 8247 100 84.04 83.16 84.04 83.16 | 0.26 8333 4545 022 0.12

similar_3_shot | zero_shot | ppl
Method
fmt-suc fmt-suc fmt-suc overall overall |fmt-sucfmt-suc fmt-suc overall overall [fmt-sucfmt-suc fmt-suc overall overall
ratio  acc macro-fl acc macro-fl| ratio acc macro-fl acc macro-fl| ratio acc macro-fl acc macro-fl
Zero-shot 100 83.09 82.00 83.09 82.00 100 82.74 81.73 8274 81.73 100 63.58 40.28 63.58 40.28
1-shot 100 83.00 81.80 83.00 81.80 100 83.04 8195 83.04 81.95 100 7176 5292 71.76 52.92
3-shot 100 84.04 82.52 84.04 8252 100 83.09 80.90 83.09 80.90 100 70.85 48.13 70.85 48.13
5-shot 100 83.87 83.34 83.87 83.34 100 83.61 82.62 83.61 82.62 100  66.35 43.04 6635 43.04
Definition 100 82.66 8143 82.66 81.43 100 8279 81.71 8279 81.71 100  66.96 5274 6696 52.74

Numerical 100 57.18 877 5718 8.77 100 10.68 4.02 10.68 4.02 100 75.30 7038 7530 70.38
Similar-3-shot| 100 81.57 | 79.68 81.57 ' 79.68 | 100 8149 77.98 8149 7798 | 100 6527 41.84 6527 41.84
Fixed-3-shot | 100 83.17 '82.49 '83.17 8249 | 100 82.70 81.56 8270 81.56 | 100 67.56 4830 67.56 48.30

Uncertainty 100 83.87 81.84 83.87 81.84 | 100 85.08 83.74 '85.08 83.74 | 100 7297 6239 7297 62.39
1-shot w/ Def | 100 83.61 81.45 83.61 8145 100 83.78 82.84 83.78 8284 | 100 70.59 51.07 70.59 51.07
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Table 7: Experimental results on the Query Intent dataset (Accuracy & macro-F1 Score, %). Blue highlights the
best inference strategy for each training method, while bold denotes the overall best performance across all settings.

1-shot | 3-shot | fix_3_shot

Method

fmt-suc fmt-suc fmt-suc overall overall |fmt-sucfmt-suc fmt-suc overall overall |fmt-sucfmt-suc fmt-suc overall overall

ratio acc macro-fl acc macro-fl| ratio acc macro-fl acc macro-fl| ratio acc macro-fl acc macro-fl

Zero-shot 100 89.23 8329 89.23 83.29 100 91.08 8499 91.08 84.99 100 92.09 86.14 92.09 86.14
1-shot 100 9248 87.34 9248 87.34 100 9247 8720 9247 87.20 100 9238 8697 92.38 86.97
3-shot 100 9229 8598 9229 85.98 100 9230 86.31 9230 86.31 100 9224 8591 92.24 8591
5-shot 100 9241 86.78 9241 86.78 100 | 92.52 86.95 [92.52 86.95 100 9245  87.03 9245 87.03
Definition 100 91.51 84.62 91.51 84.62 100 9190 8526 9190 8526 | 100 92.19 8562 92.19 385.62
Numerical 100 0 0 0 0 100 0 0 0 0 100 0 0 0 0

Similar-3-shot| 100 91.33 84.56 91.33 84.56 | 100 9143 85.03 9143 85.03 100 91.47 85.19 9147 85.19
Fixed-3-shot | 100 92.09 85.58 92.09 85.58 100 92.19 85.65 92.19 85.65 | 100 9236 86.17 9236 86.17
Uncertainty 100 89.82 83.71 89.82 83.71 100 91.15 8524 91.15 8524 | 100 9224 86.41 9224 86.41
1-shot w/Def | 100 9241 78.02 9241 78.02 | 100 9228 77.88 9228 77.88 | 100 9229 8635 9229 86.35

5_shot | category_definition | numerical

Method

fmt-suc fmt-suc fmt-suc overall overall |fmt-sucfmt-suc fmt-suc overall overall |fmt-sucfmt-suc fmt-suc overall overall

ratio acc macro-fl acc macro-fl| ratio acc macro-fl acc macro-fl| ratio acc macro-fl acc macro-fl
Zero-shot 100 9143 8535 9143 85.35 100 9230 86.27 [92.30 86.27 0 - - - -
1-shot 100 9243 87.12 9243 87.12 100 9239 87.05 92.39 87.05 0 - - - -
3-shot 100 9244 86.55 9244 86.55 100 9226 86.06 92.26 86.06 0 - - - -
5-shot 100 9244 8691 9244 8691 100 9241 86.81 9241 86.81 0 - - - -
Definition 100 92.10 | 8591 92.10 8591 100 19223 8575 [92.23 85.75 0 - - - -
Numerical 100 0 0 0 0 100 0 0 0 0 100 92.52 86.34 92.52 86.34
Similar-3-shot| 100 91.58 8534 91.58 85.34 100 91.60 8536 91.60 85.36 0 - - - -
Fixed-3-shot | 100 92.06 85.61 92.06 85.61 100 92.14 8558 92.14 85.58 0 - - - -
Uncertainty 100 9141 8537 9141 8537 100 9229 86.03 9229 86.03 | 0.11 81.82 4872 0.09 0.05
1-shot w/ Def | 100 92.36 | 86.57 92.36  86.57 100 9226 86.37 92.26 86.37 0 - - - -
similar_3_shot | zero_shot | ppl

Method

fmt-suc fmt-suc fmt-suc overall overall |fmt-sucfmt-suc fmt-suc overall overall |fmt-sucfmt-suc fmt-suc overall overall

ratio acc macro-fl acc macro-fl| ratio acc macro-fl acc macro-fl| ratio acc macro-fl acc macro-fl

Zero-shot 100 91.05 8499 91.05 84.99 100 9228 | 86.33 92.28 86.33 100 92.05 86.14 92.05 86.14
1-shot 100 9241 8720 9241 87.20 100 9239 87.13 92.39 87.13 100 9227 86.89 9227 86.89
3-shot 100 9224 86.53 92.24 86.53 |96.73 92.10 86.28 89.09 83.46 | 100 92.01 86.00 92.01 86.00
5-shot 100 9233 86.60 92.33 86.60 |99.77 9244 86.81 92.23 86.61 100 92.17 86.56 92.17 86.56
Definition 100 9140 84.87 9140 84.87 100 9221 85.67 9221 85.67 100 92.13 8578 92.13 85.78
Numerical 100 0 0 0 0 100 0 0 0 0 100 5621 2625 56.21 26.25

Similar-3-shot| 100 9222 86.40 9222 86.40 | 9991 9150 85.01 9142 8493 100 91.31 8499 9131 84.99
Fixed-3-shot | 100 91.62 85.63 91.62 85.63 |99.87 92.09 8551 9197 8540 | 100 91.77 8539 91.77 8539
Uncertainty 100 91.06 85.05 91.06 85.05 100 9236 86.51 9236 86.51 100 9227 86.10 92.27 86.10
1-shot w/ Def | 100 92.01 86.22 92.01 86.22 | 100 92.09 67.53 92.09 67.53 | 100 9192 70.37 9192 7037
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Table 8: Experimental results on the Search Correlation dataset (Accuracy & macro-F1 Score, %). Blue highlights
the best inference strategy for each training method, while bold denotes the overall best performance across all
settings.

1-shot | 3-shot | fix_3_shot

Method

fmt-suc fmt-suc fmt-suc overall overall |fmt-sucfmt-suc fmt-suc overall overall |fmt-sucfmt-suc fmt-suc overall overall

ratio acc macro-fl acc macro-fl| ratio acc macro-fl acc macro-fl| ratio acc macro-fl acc macro-fl

Zero-shot 100 63.86 56.02 63.86 56.02 100 6530 56.16 6530 56.16 | 100 64.16 53.56 64.16 53.56
1-shot 100 67.37 59.10 67.37 59.10 100  66.43 58.19 6643 58.19 100 6637 5733 66.37 57.33
3-shot 100 67.17 5845 67.17 58.45 100 6720 58.70 67.20 58.70 100 67.23 5820 67.23 58.20
5-shot 100 6643 5575 6643 5575 100 66.43 56.06 6643 56.06 | 100 6627 5551 66.27 55.51
Definition 100 67.17 59.77 67.17 59.77 100 66.73 59.16 66.73 59.16 | 100 67.10 59.15 67.10 59.15
Numerical 100 0 0 0 0 100 0 0 0 0 100 0 0 0 0

Similar-3-shot| 100 64.66 5727 64.66 57.27 100 6480 57.57 64.80 57.57 100 6527 58.01 6527 58.01
Fixed-3-shot | 100 64.36 50.86 64.36 50.86 100 64.06 5147 64.06 51.47 100 6426 51.02 6426 51.02
Uncertainty 100 61.66 4882 61.66 4882 | 100 61.53 47.44 6153 4744 | 100 62.06 47.17 62.06 47.17
1-shot w/ Def | 100 67.40 58.51 6740 58.51 100  66.57 5735 66.57 57.35 | 100 6570 5547 6570 55.47

5_shot | category_definition | numerical

Method

fmt-suc fmt-suc fmt-suc overall overall |fmt-sucfmt-suc fmt-suc overall overall |fmt-sucfmt-suc fmt-suc overall overall

ratio acc macro-fl acc macro-fl| ratio acc macro-fl acc macro-fl| ratio acc macro-fl acc macro-fl

Zero-shot 100 64.73 5534 6473 5534 100 66.70 | 58.68 66.70 58.68 | 4.14 64.52 4425 267 1.83
1-shot 100 6623 47.94 66.23 47.94 100 66.57 58.19 66.57 58.19 3 3.33 129  0.10 0.04
3-shot 100 67.53 59.23 67.53 59.23 100  66.87 5852 6687 5852 | 6.14 19.57 23.63 120 145
5-shot 100 | 66.73 56.42 66.73 56.42 | 100 66.47 | 56.54 6647 56.54 |49.58 56.86 4583 28.19 22.73
Definition 100 66.17 5835 66.17 58.35 100 68.60 62.25 68.60 62.25 0 - - - -
Numerical 100 0 0 0 0 100 0 0 0 0 100 6440 47.89 64.40 47.89

Similar-3-shot| 100 6530 58.12 65.30 58.12 | 100 64.80 57.40 64.80 57.40 | 0.13 75.00 42.86 0.10 0.06
Fixed-3-shot | 100 64.40 | 51.80 64.40 | 51.80 100 63.23 48.88 6323 48.88 |37.64 3422 2929 1288 11.02
Uncertainty 100 61.76 47.77 61.76 47.77 | 100 62.73 48.62 62.73 48.62 0 - - - -

1-shot w/ Def | 100 66.40 57.13 66.40 57.13 100 | 67.40 59.07 6740 59.07 |21.05 64.18 44.11 1351 9.29

similar_3_shot | zero_shot | ppl
Method
fmt-suc fmt-suc fmt-suc overall overall |fmt-sucfmt-suc fmt-suc overall overall |fmt-sucfmt-suc fmt-suc overall overall
ratio acc macro-fl acc macro-fl| ratio acc macro-fl acc macro-fl| ratio acc macro-fl acc macro-fl
Zero-shot 100 59.73 47.63 59.73 47.63 100 [ 6527 54.44 [6527 54.44 | 100 41.07 3373 41.07 33.73
1-shot 100 6523 5324 6523 53.24 100  66.40 57.71 6640 57.71 100 3126 23.15 3126 23.15
3-shot 100  66.67 5598 66.67 55.98 100 67.00 5847 67.00 5847 100 2843 20.29 2843 2029
5-shot 100 65.63 5274 65.63 5274 | 100 6580 54.10 65.80 54.10 | 100 2526 16.78 25.26 16.78
Definition 100 6547 5438 6547 54.38 100 6820 60.99 68.20 60.99 100 29.70 21.78 29.70 21.78
Numerical 100 0 0 0 0 100 0 0 0 0 100 32.73 23.72 3273 2372

Similar-3-shot| 100 ' 67.63 60.01 67.63 60.01 100 6597 5731 6597 57.31 100 25.19 17.31 25.19 17.31
Fixed-3-shot | 100 [64.76 50.08 [64.76 50.08 100 63.50 4829 63.50 48.29 100 3470 2471 34770 24.71
Uncertainty 100  60.89 4580 60.89 4580 | 100 | 65.57 53.18 65.57 53.18 | 100 38.64 28.08 38.64 28.08
1-shot w/ Def | 100 65.53 53.36 65.53 5336 | 100 67.03 57.99 67.03 57.99 | 100 29.66 21.41 29.66 21.41
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Table 9: Experimental results on the Query Taxonomy dataset (Accuracy & macro-F1 Score, %). Blue highlights
the best inference strategy for each training method, while bold denotes the overall best performance across all
settings.

| 1-shot | 3-shot | fix_3_shot
Method . N N

fmt-suc fmt-suc fmt-suc overall overall |fmt-sucfmt-suc fmt-suc overall overall |fmt-sucfmt-suc fmt-suc overall overall

ratio  acc macro-fl acc macro-fl| ratio acc macro-fl acc macro-fl| ratio acc macro-fl acc macro-fl

1-shot 100 529 | 4491 529 | 4491 100 5243 4456 5243 4456 | 100 52.08 4434 52.08 44.34
3-shot 100 5125 4356 51.25 43.56 | 100 52.1 | 44.07  52.1 44.07 100 51.61 4372 51.61 43.72
5-shot 100 5131 4344 5131 4344 | 100 51.11 4325 51.11 43.25 100 5097 4338 50.97 43.38
Numerical 100 0 0 0 0 100 0 0 0 0 100 0 0 0 0

Similar-3-shot| 100 48.56 40.75 48.56 40.75
Fixed-3-shot | 100 50.74 4249 50.74 4249
Uncertainty 100 48.13 37.42 48.13 3742

100 4946 41.81 4946 41381
100 49.62 4232 49.62 4232
100 49.16 38.13 49.16 38.13

100 4825 4131 4825 4131
100 50.37 4239 5037 4239
100 48.77 37.67 48.77 37.67

Zero-shot 100 51.53 42,6 51.53 426 100 51.47 4292 5147 4292 | 100 51.68 4299 51.68 42.99

\ 5_shot category_definition numerical
Method

fmt-suc fmt-suc fmt-suc overall overall |fmt-sucfmt-suc fmt-suc overall overall |fmt-sucfmt-suc fmt-suc overall overall

ratio acc macro-fl acc macro-fl| ratio acc macro-fl acc macro-fl| ratio acc macro-fl acc macro-fl

Zero-shot 100 513 4277 513 4277 - - - - - 100 0 0 0 0
1-shot 100 51.83 443 5183 443 - - - - - 100 0 0 0 0
3-shot 100 51.54 4344 51.54 4344 - - - - - 56.13 0 0 0 0
5-shot 100 51.82 43.66 51.82 43.66 - - - - - 93.11 0 0 0 0
Numerical 100 0 0 0 0 - - - - - 100 51.26 42.87 5126 4287
Similar-3-shot| 100 47.99 4123 4799 41.23 - - - - - 84.55 0 0 0 0
Fixed-3-shot | 100 50.48 4244 50.48 4244 - - - - - 55.38 0 0 0 0
Uncertainty 100 47.66 37.52 47.66 37.52 - - - - - 100 0 0 0 0

| similar_3_shot | zero_shot | ppl
Method

fmt-suc fmt-suc fmt-suc overall overall |fmt-sucfmt-suc fmt-suc overall overall |fmt-sucfmt-suc fmt-suc overall overall

ratio acc macro-fl acc macro-fl| ratio acc macro-fl acc macro-fl| ratio acc macro-fl acc macro-fl

Zero-shot 100 5325 43.13 53.25 43.13 100 51.43 43.1 5143 431 - - - - -
1-shot 100 [53.09 44.02 [53.09 44.02 100 52.09 4459 52.09 44.59 - - - - -
3-shot 100 | 53.38 43.84 53.38 43.84 |13.38 56.65 S51.14 758 6.84 - - - - -
5-shot 100 [53.95 4452 5395 4452 |52.18 58.63 5197 30.6 27.12 - - - - -
Numerical 100 0 0 0 0 100 0 0 0 0 - - - - -

Similar-3-shot| 100 ' 52.99 44.11 5299 44.11 | 4395 5254 4577 23.09 20.11 - - - - -
Fixed-3-shot | 100 [ 54.03 43.6 54.03 43.6 |2242 5372 478 12.04 10.72 - - - - -
Uncertainty 100 5021 3835 5021 3835 100 4874 38.1 48.74 38.1 - - - - -
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Table 10: Experimental results on the EC dataset (Accuracy & macro-F1 Score, %). Blue highlights the best
inference strategy for each training method, while bold denotes the overall best performance across all settings.

1-shot | 3-shot | fix_3_shot
Method
fmt-suc fmt-suc fmt-suc overall overall |fmt-sucfmt-suc fmt-suc overall overall |fmt-sucfmt-suc fmt-suc overall overall
ratio acc macro-fl acc macro-fl| ratio acc macro-fl acc macro-fl| ratio acc macro-fl acc macro-fl
Zero-shot 100 83.30 7897 83.30 7897 100 92.60 88.73 92.60 88.73 100 9195 88.53 9195 8853
1-shot 100 9295 8897 9295 8897 100 92.80 88.76 92.80 88.76 100 9275 88.62 92.75 88.62
3-shot 100 9340 89.10 93.40 89.10 100 9325 88.71 9325 88.71 100 9320 88.46 93.20 88.46
5-shot 100 9390 89.05 93.90 89.05 100 93.75 88.99 93.75 88.99 100 93.65 88.94 93.65 88.94
Definition 100 78.85 73.68 78.85 73.68 100 9235 87.19 92.35 87.19 100 92.00 87.04 92.00 87.04

Numerical 100 38.80 1.67 38.80 1.67 100 56.55 258 56.55 258 100 43.05 1.71 43.05 1.71
Similar-3-shot| 100 9320 88.43 9320 88.43 100 9325 8855 9325 88.55 100 93.60 89.08 93.60 89.08
Fixed-3-shot | 100 93.60 89.56 93.60 89.56 100 9345 89.04 9345 89.04 | 100 93.80 89.92 93.80 89.92
Uncertainty 100 7725 7331 7725 7331 100 9145 88.06 9145 88.06 | 100 9250 89.07 92.50 89.07
1-shot w/ Def | 100 93.60 89.43 93.60 89.43 100 93.80 89.70 93.80 89.70 | 100 9335 89.65 93.35 89.65

5_shot | category_definition | numerical

Method

fmt-suc fmt-suc fmt-suc overall overall |fmt-sucfmt-suc fmt-suc overall overall |fmt-sucfmt-suc fmt-suc overall overall

ratio acc macro-fl acc macro-fl| ratio acc macro-fl acc macro-fl| ratio acc macro-fl acc macro-fl

Zero-shot 100 93.50 89.92 93.50 89.92 100 9375 9031 93.75 90.31 0 - - - -
1-shot 100 92.85 88.62 92.85 88.62 | 63.60 94.50 90.98 60.10 57.86 0 - - - -
3-shot 100 9320 88.63 9320 88.63 | 19.55 94.88 9594 1855 18.76 0 - - - -
5-shot 100 [ 94.15 89.83 94.15 89.83 |99.85 93.84 89.48 93.70 89.34 0 - - - -
Definition 100 92.85 88.05 92.85 88.05 100 93.15 88.04 93.15 88.04

0 _ _ _ _
Numerical 100 6350 3.12 6350 3.12 100 6245 570 6245 5.70 100 93.65 89.93 93.65 89.93
Similar-3-shot| 100 93.55 88.71 93.55 88.71 | 3.05 78.69 89.79 240 274 | 625 8720 7343 545 459
Fixed-3-shot | 100 93.35 89.06 93.35 89.06 |85.25 93.61 89.11 79.80 7597 0 - - -
Uncertainty 100 9275 89.27 9275 89.27 |87.30 9250 89.50 80.75 78.14 0 - - - -
1-shot w/ Def | 100 93.35 88.88 93.35 88.88 100 9380 89.95 93.80 89.95 0 - - - -

similar_3_shot | zero_shot | ppl
Method
fmt-suc fmt-suc fmt-suc overall overall |fmt-sucfmt-suc fmt-suc overall overall |fmt-sucfmt-suc fmt-suc overall overall
ratio acc macro-fl acc macro-fl| ratio acc macro-fl acc macro-fl| ratio acc macro-fl acc macro-fl
Zero-shot 100 92.35 88.73 92.35 88.73 100 93.70 90.17 93.70 90.17 100 93.65 89.96 93.65 89.96
1-shot 100 93.00 88.93 93.00 88.93 100 93.15 89.45 93.15 89.45 100 91.05 8730 91.05 87.30
3-shot 100 93.05 8827 93.05 88.27 [99.95 9350 89.17 [93.45 89.13 100 93.20 @ 89.39 93.20  89.39
5-shot 100 93.60 89.17 93.60 89.17 100 9370 89.06 93.70 89.06 | 100 93.55 89.19 93.55 89.19

Definition 100 92.10 87.12 92.10 87.12 | 100 [93.30 88.31 93.30 88.31 100 9290 8830 9290 88.30
Numerical 100 6320 2.65 6320 2.65 100 5535 2.88 5535 2.88 100 9245 88.74 9245 88.74
Similar-3-shot| 100 ' 93.90 89.44 9390 89.44 | 39.65 9470 92.81 37.55 36.80 | 100 9195 87.81 9195 87.81
Fixed-3-shot | 100 93.25 89.33 93.25 89.33 100 9320 89.14 9320 89.14 | 100 9290 8892 9290 88.92
Uncertainty 100 9190 8837 9190 88.37 100 9355 90.01 93.55 90.01 100 93.05 89.49 93.05 89.49
1-shot w/ Def | 100 93.00 88.09 93.00 88.09 | 100 93.80 89.81 93.80 89.81 100 9250 88.93 9250 88.93
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Table 11: Experimental results on the IFLYTEK dataset (Accuracy & macro-F1 Score, %). Blue highlights the
best inference strategy for each training method, while bold denotes the overall best performance across all settings.

1-shot | 3-shot | fix_3_shot

Method

fmt-suc fmt-suc fmt-suc overall overall |fmt-sucfmt-suc fmt-suc overall overall |fmt-sucfmt-suc fmt-suc overall overall

ratio acc macro-fl acc macro-fl| ratio acc macro-fl acc macro-fl| ratio acc macro-fl acc macro-fl
Zero-shot 100 60.95 4495 60.95 44.95 100 60.95 4533 60.95 45.33 100 61.06 4532 61.06 4532
1-shot 100 63.22 46.75 63.22 46.75 100 6333 47.15 63.33 47.15 100 6322 47.15 6322 47.15
3-shot 100 6291 4851 6291 48.51 100 6233 4733 6233 47.33 100 6291 4722 6291 4722
5-shot 100 6191 44.60 6191 44.60 100 61.75 44.05 61.75 44.05 100 61.75 4326 61.75 43.26
Definition 100 6341 4486 6341 44.86 100 | 63.64 4441 [63.64 44.41 100 63.26 4449 63.26 44.49
Numerical 100 53.67 22.11 53.67 22.11 100 54.83 2427 54.83 24.27 100 5441 2255 5441 2255
Similar-3-shot| 100 62.10 46.43 62.10 46.43 100 62.68 47.19 62.68 47.19 100 [ 62.83 47.69 [62.83 47.69
Fixed-3-shot | 100 63.49 45.88 6349 45.88 100 6337 4522 6337 4522 100 [63.52 4526 63.52 45.26
Uncertainty 100 63.33 4691 63.33 4691 100 6326 46.73 63.26 46.73 100 63.06 4645 63.06 46.45
1-shot w/ Def | 100 63.06 46.47 63.06 46.47 100  63.06 46.62 63.06 46.62 | 100 6337 4747 63.37 4747
5_shot | category_definition | numerical

Method

fmt-suc fmt-suc fmt-suc overall overall |fmt-sucfmt-suc fmt-suc overall overall |fmt-sucfmt-suc fmt-suc overall overall

ratio acc macro-fl acc macro-fl| ratio acc macro-fl acc macro-fl| ratio acc macro-fl acc macro-fl
Zero-shot 100 61.02 4527 61.02 4527 100 61.56 | 46.93 61.56 46.93 0 - - - -
1-shot 100  63.18 4645 63.18 4645 |99.65 63.17 4791 6295 47.75 | 0.15 75.00 4286 0.12 0.07
3-shot 100 6241 4734 6241 47.34 |98.46 63.03 4874 62.06 4799 | 2.12 41.82 1585 0.88 034
5-shot 100 61.99 44.01 61.99 44.01 100 | 62.52 4493 62.52 4493 | 0.15 50.00 2222 0.08 0.03
Definition 100 6345 4435 6345 4435 100 62.83 4490 62.83 44.90 0 - - - -
Numerical 100 53.79 2234 5379 2234 100 50.29 27.23 50.29 27.23 100 6229 4629 6229 46.29
Similar-3-shot| 100 62.64 47.29 62.64 47.29 100 6237 | 4772 6237 4772 | 0.27 4286 12.00 0.12 0.03
Fixed-3-shot | 100 63.29 45.08 63.29 45.08 100 63.10 = 46.43 63.10 46.43 | 0.08 0.00 0.00 0.00 0.00
Uncertainty 100 6345 4642 6345 4642 100 63.76 47.85 63.76 47.85 0 - - - -
1-shot w/ Def | 100 63.26 46.46 63.26 46.46 100 6252 4636 62.52 46.36 0 - - - -
similar_3_shot | zero_shot | ppl

Method fmt-suc fmt-suc fmt-suc overall overall |fmt-sucfmt-suc fmt-suc overall overall |fmt-sucfmt-suc fmt-suc overall overall
ratio acc macro-fl acc macro-fl| ratio acc macro-fl acc macro-fl| ratio acc macro-fl acc macro-fl
Zero-shot 100 [62.83 46.69 [62.83 46.69 100 61.18 4542 61.18 4542 100 3821 31.67 3821 31.67
1-shot 100 62.06 45.15 62.06 45.15 |99.35 63.44 4639 63.02 46.09 100 39.28 30.76 39.28 30.76
3-shot 100 6229 46.16 6229 46.16 |97.81 6290 4741 61.52 46.37 100 42.17 33.51 42.17 3351
5-shot 100 61.83 4397 61.83 4397 100 61.87 4396 61.87 4396 | 100 4198 31.24 4198 31.24
Definition 100 62.60 43.88 62.60 43.88 100 6345 4541 6345 4541 100 2843 23.69 2843 23.69
Numerical 100 58.64 29.57 58.64 29.57 100 5098 20.52 50.98 20.52 100 4644 3871 4644 38.71
Similar-3-shot| 100 62.45 4637 6245 46.37 100 6249 4745 6249 4745 100 3851 29.83 38.51 29.83
Fixed-3-shot | 100 63.14 44.78 63.14 44.78 100 62.72 4399 62.72 43.99 100 40.40 30.23 4040 30.23
Uncertainty 100 6345 47.15 6345 47.15 100 63.64 46.61 63.64 46.61 100 46.25 3577 46.25 3577
1-shot w/ Def | 100 62.75 46.72 62.75 46.72 100 63.18 46.73 63.18 46.73 100 19.51 15.56 19.51 15.56
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Table 12: Experimental results on the TNEWS dataset (Accuracy & macro-F1 Score, %). 'Blue highlights the best
inference strategy for each training method, while bold denotes the overall best performance across all settings.

1-shot | 3-shot | fix_3_shot
Method
fmt-suc fmt-suc fmt-suc overall overall |fmt-sucfmt-suc fmt-suc overall overall |fmt-sucfmt-suc fmt-suc overall overall
ratio acc macro-fl acc macro-fl| ratio acc macro-fl acc macro-fl| ratio acc macro-fl acc macro-fl
Zero-shot 100 61.31 5896 61.31 58.96 100 61.31 5870 61.31 5870 | 100 61.33 5875 61.33 58.75
1-shot 100 61.23 5998 61.23 59.98 100 61.45 60.08 6145 60.08 100 61.41 60.15 6141 60.15
3-shot 100 61.07 59.56 61.07 59.56 100 61.21 60.09 61.21 60.09 100 61.30 60.25 61.30 60.25
5-shot 100 61.73 57.66 61.73 57.66 100 61.48 5740 6148 5740 | 100 61.48 57.72 6148 57.72
Definition 100 60.48 59.00 60.48 59.00 100 60.84 59.56 60.84 59.56 | 100 60.56 59.27 60.56 59.27
Numerical 100 54.12 265 54.12 2.65 100 55.07 3.89 55.07 3.89 100 55.86 5.05 55.86 5.05
Similar-3-shot| 100  60.60 59.02 60.60 59.02 100 60.59 59.07 60.59 59.07 100 60.47 59.20 6047 59.20
Fixed-3-shot | 100 61.11 57.92 61.11 57.92 100 61.07 5845 61.07 5845 100 6091 58.66 6091 58.66
Uncertainty 100 60.54 56.71 60.54 56.71 100 60.77 56.86 60.77 56.86 | 100 60.84 5697 60.84 56.97
1-shot w/ Def| 100 61.09 59.92 61.09 59.92 100 61.32 60.09 61.32 60.09 100 61.31 60.02 6131 60.02
5_shot | category_definition | numerical
Method
fmt-suc fmt-suc fmt-suc overall overall |fmt-sucfmt-suc fmt-suc overall overall |fmt-sucfmt-suc fmt-suc overall overall
ratio acc macro-fl acc macro-fl| ratio acc macro-fl acc macro-fl| ratio acc macro-fl acc macro-fl
Zero-shot 100 61.52 59.12 61.52 59.12 100 61.52 5898 61.52 58.98 0 - - - -
1-shot 100 6135 60.08 61.35 60.08 100 6129 5992 6129 59.92 0 - - - -
3-shot 100 6139 6022 61.39 60.22 100 61.16 5998 61.16 59.98 0 - - - -
5-shot 100 61.82 58.02 61.82 58.02 100 61.76 57.61 61.76 57.61 0 - - - -
Definition 100  60.89 | 59.73 60.89 | 59.73 100 60.63 59.38 60.63 59.38 0 - - - -
Numerical 100 55.10 4.64 55.10 4.64 100 3156 043 3156 043 100 6124 57.09 6124 57.09
Similar-3-shot| 100  60.59 59.17 60.59 59.17 100  60.67 58.89 60.67 58.89 0 - - - -
Fixed-3-shot | 100 61.01 58.40 61.01 58.40 100 60.80 57.19 60.80 57.19 0 - - - -
Uncertainty 100 60.80 56.96 60.80 56.96 100 60.73 56.85 60.73 56.85 0 - - - -
1-shot w/ Def| 100 61.35 60.19 61.35 60.19 100 6122 59.85 61.22 59.85 0 - - - -
similar_3_shot | zero_shot | ppl
Method
fmt-suc fmt-suc fmt-suc overall overall |fmt-sucfmt-suc fmt-suc overall overall |fmt-sucfmt-suc fmt-suc overall overall
ratio acc macro-fl acc macro-fl| ratio acc macro-fl acc macro-fl| ratio acc macro-fl acc macro-fl
Zero-shot 100 63.30 61.31 63.30 61.31 100 60.83 59.39 60.83 59.39 100 45.68 3599 45.68 35.99
1-shot 100 6198 6049 6198 60.49 100 61.10 59.75 61.10 59.75 100 49.46 4159 4946 41.59
3-shot 100 62.06 60.53 62.06 60.53 100 61.15 60.07 61.15 60.07 100 43.84 36.87 43.84 36.87
5-shot 100 62.54 5841 62.54 5841 100 6194 5785 61.94 57.85 100 47.88 39.06 47.88 39.06
Definition 100 1 61.37 59.26 61.37 59.26 100 60.63 59.66 60.63 59.66 100 4621 3856 46.21 38.56
Numerical 100 59.64 1299 59.64 12.99 100 39.16 0.54 39.16 0.54 100 53.68 5042 53.68 50.42
Similar-3-shot| 100 | 63.30 61.31 63.30 61.31 100 60.83 59.39 60.83 59.39 100 45.68 3599 45.68 35.99
Fixed-3-shot | 100 ' 62.25 58.94 62.25 58.94 100 60.96 5837 60.96 58.37 100 49.46 4044 4946 4044
Uncertainty 100 6197 58.15 6197 58.15 100 61.12 5732 61.12 5732 | 100 4935 41.01 49.35 41.01
1-shot w/ Def | 100 ' 62.20 60.65 62.20 60.65 100 61.30 5990 61.30 59.90 | 100 49.89 41.75 49.89 41.75
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D Packing Results

A common optimization technique in the pre-
training stage of LLMs is packing, where multiple
training samples are concatenated into a single se-
quence to improve computational efficiency. When
applied to SFT for classification tasks, packing in-
troduces two effects: (i) it increases the effective
batch size and context length, and (ii) it allows sam-
ples within a packed sequence to attend to preced-
ing samples—referred to as contaminated attention.
We hypothesize that this second effect may mimic
the behavior of ICL training.

To test this hypothesis, we conducted experi-
ments on seven datasets under three conditions: (i)
no packing, (ii) packing, and (iii) packing with
attention mask to prevent cross-sample contamina-
tion.

From the results in Table 13, on QI, SC,
EC, IT datasets, we observe that neat packing
yields higher zero-shot accuracy, while stan-
dard packing achieves better few-shot perfor-
mance—providing empirical support for our hy-
pothesis that cross-sample attention mimics in-
context learning. Moreover, the no-packing setting
yields the best performance on five of the seven
datasets, specifically the QI, SC, EC, EIC, and TN.
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Table 13: Performance of packing strategies across all datasets. Accuracy and macro-F1 (%) are reported for 1-shot,
3-shot, 5-shot, and zero-shot settings. Cells shaded in green denote cases where standard packing outperforms neat
packing, whereas yellow shading indicates the opposite. Bold numbers mark the best results in each column.

Dataset | Method | 1-shot | 3-shot | 5-shot | zero-shot

| | Acc  Macro-FI | Acc  Macro-FI | Acc  Macro-FI | Acc  Macro-Fl

No Packing | 89.23 83.29 91.08 84.99 91.43 85.35 92.28 86.33
QI Packing 90.93 83.69 91.30 84.65 91.29 84.85 91.20 84.28
Neat Packing | 91.00 79.38 91.29 80.01 9L.15 83.99 91.58 84.94

No Packing | 63.86 56.02 65.30 56.16 64.73 55.34 67.43 58.64
SC Packing 64.90 51.97 64.76 51.37 65.10 51.96 65.07 51.47
Neat Packing | 61.93 51.20 62.16 49.36 61.63 48.12 65.27 54.44

No Packing | 51.53 42.60 51.47 42.92 51.30 42.77 51.43 43.10
QT Packing 46.99 41.50 47.94 4221 49.38 43.38 50.10 41.79
Neat Packing | 51.19 4224 51.82 42.71 50.24 42.49 51.32 42.76

No Packing | 83.30 78.97 92.60 88.73 93.50 89.92 93.70 90.17
EC Packing 91.55 87.94 91.20 86.80 91.60 87.03 91.95 87.05
Neat Packing | 76.75 70.92 89.55 84.73 90.85 85.91 92.85 88.70

No Packing | 83.43 82.40 83.39 82.67 84.04 82.93 82.74 81.73
EIC Packing 81.66 79.20 81.96 79.62 82.74 81.05 81.62 74.95
Neat Packing | 82.61 80.80 83.52 82.66 83.22 82.09 83.39 82.77

No Packing | 61.31 44.95 60.95 45.33 61.02 45.27 61.18 45.42
IT Packing 63.41 47.14 63.83 48.15 64.06 47.56 63.95 48.41
Neat Packing | 63.49 47.50 62.75 46.91 63.18 47.24 63.99 48.99

No Packing | 61.31 58.96 61.31 58.70 61.52 59.12 61.71 59.51
N Packing 60.74 56.62 60.70 56.46 60.58 56.36 60.62 56.66
Neat Packing | 60.86 58.33 60.65 57.41 60.84 57.42 61.40 58.58
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