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Abstract

Text classification models are typically trained
via supervised fine-tuning (SFT). However,
SFT essentially performs behavior cloning
from instance-wise labels and thus fails to ad-
equately capture relative preference relations
among samples, which limits the model’s abil-
ity to shape decision boundaries and calibrate
predictive confidence. In this paper, we pro-
pose ClaHF, a human feedback-inspired rein-
forcement learning (RL) framework for text
classification that integrates preference mod-
eling and RL optimization into the classifica-
tion pipeline without requiring additional hu-
man annotations. Unlike prior work that re-
lies solely on instance-wise supervision, ClaHF
constructs multiple candidate predictions to-
gether with their relative ranking relations, and
jointly models the Top-1 preference and the or-
dering among non-optimal candidates within
a reward model (RM). This design converts
conventional label supervision into preference
signals that are directly applicable to policy
optimization. We conduct systematic evalu-
ations on eight classification tasks spanning
three categories of scenarios. Results demon-
strate that ClaHF consistently improves both
classification performance and confidence cali-
bration across diverse language models (LMs).
The data and code are available at https:
//anonymous . 4open.science/r/ClaHF.

1 Introduction

Text classification is one of the most fundamental
and important tasks in natural language process-
ing (NLP), forming the basis of a wide range of
downstream applications such as sentiment analy-
sis, news categorization and emotion recognition
(Li et al., 2022). In recent years, the rapid develop-
ment of pre-trained LMs has led to remarkable im-
provements in these domains, substantially boost-
ing downstream performance (Sun et al., 2023).
Nevertheless, most existing text classification mod-

els are still trained via SFT, where model predic-
tions are aligned with gold labels on an instance-by-
instance basis (Fonseca et al., 2025; Wei and Zhu,
2025). From a learning paradigm perspective, SFT
essentially performs behavior cloning: the model is
trained to imitate annotators’ decisions on the train-
ing data in order to learn classification boundaries
(Chu et al., 2025).

Although SFT effectively activates the semantic
representation capacity of pre-trained models, it
lacks further exploration of the decision space (Fu
et al., 2023). When data quality is limited, when
class boundaries differ only in subtle semantics,
or when annotations themselves contain bias, SFT
tends to amplify these issues. As a result, the model
may overfit the label distribution rather than the
underlying semantic patterns, leading to misclassi-
fication and unreliable predictions (Ye et al., 2025).
This phenomenon shares a similar root cause with
the amplification of hallucinations in generative
tasks, but in the classification setting it manifests
as unstable decision boundaries and degraded gen-
eralization (Almeida et al., 2021).

As a complementary paradigm, Reinforcement
learning from human feedback (RLHF) (Stiennon
et al., 2020; Ouyang et al., 2022) has demonstrated
great potential in aligning LMs with human prefer-
ences, particularly in generative tasks such as dia-
logue and instruction following (Dong et al., 2024;
Ouyang et al., 2025; Bai et al., 2022). Instead
of predicting a single target, RLHF learns from
preference signals and optimizes outputs through
relative comparisons, thereby better reflecting sub-
jective human judgments (Jiang et al., 2025). This
naturally raises the question: can the principles
of RLHF be transferred to classification tasks to
overcome the inherent limitations of SFT?

Unfortunately, directly extending RLHF to clas-
sification faces fundamental challenges. First, un-
like the rich sequential outputs of generative mod-
els, the output space of classification is discrete
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This cuddly sequel to the 1999 hit is a little more visually
polished, a little funnier, and a little more madcap.
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(b) Improved text classification.

Figure 1: (a) An example illustrating the implicit preference signal in the construction of the SST-5 sentiment
classification dataset. (b) The performance improvements of ClaHF on text classification tasks (e.g., higher accuracy
and F1, lower error). More results are reported in Section 4.2.

and lacks expressive structure (Casper et al., 2023).
Second, conventional RLHF relies heavily on man-
ually annotated preference datasets, whose con-
struction is costly and difficult to reuse across tasks
and label spaces (Casper et al., 2023; Lindstrém
et al., 2024). These issues make existing RLHF
techniques hard to apply to classification, and rele-
vant studies remain scarce.

To address these challenges, we propose ClaHF,
a novel human feedback-inspired RL framework
for text classification that introduces RLHF into
classification training without requiring any ad-
ditional human annotation. ClaHF is motivated
by a key insight: although standard classification
datasets do not contain explicit preference annota-
tions, the ground-truth label of each instance im-
plicitly encodes the preference signal underlying
human decisions (Figure 1(a)). Based on this in-
sight, ClaHF automatically constructs multiple can-
didate predictions and their ranking relations from
raw classification data, yielding preference data
at no extra cost. These preference signals are then
used to train a RM that evaluates the relative quality
of different predictions. Finally, the classification
model is optimized with a preference-aligned prox-
imal policy optimization (PPO) (Schulman et al.,
2017) algorithm. Notably, ClaHF is applicable to
both binary and multi-class classification.

Unlike conventional instance-wise supervision,
ClaHF leverages a multi-stage collaborative pro-
cess that enables the model not only to “predict
correctly” but also to “align with preference sig-
nals” embedded in the data, thereby overcoming
the limitations of SFT in classification. We con-
duct systematic experiments on eight benchmark
datasets covering binary, multi-class, and code clas-

sification tasks. The results show that ClaHF sig-
nificantly improves both performance and decision
reliability over strong SFT baselines (Figure 1(b)).
These findings demonstrate that ClaHF bridges the
gap between RLHF and classification, and intro-
duce a new perspective: classification models can
benefit from preference alignment in addition to
label supervision.

2 Related Work

Supervised Learning for Classification. The
dominant paradigm is to perform SFT on labeled
data using pre-trained models such as ROBERTa
(Liu et al., 2019) and Qwen3 (Yang et al., 2025),
which yields strong discriminative capability. De-
spite its empirical success, this training paradigm
inherits the limitations of instance-wise supervi-
sion, which often leads to overconfidence, unreli-
able decisions, and misclassification of ambiguous
samples near class boundaries. To alleviate these is-
sues, a number of studies have proposed improved
objectives. Lin et al. (2017) introduced focal loss
to emphasize hard and minority samples, while
Miiller et al. (2019) proposed label smoothing to
improve generalization by injecting soft targets and
noise regularization. However, these methods still
treat labels as independent supervision signals and
fail to exploit the latent relative preferences and
ranking relations among samples. Consequently,
the training process remains essentially behavior
cloning, which is insufficient to provide deeper
guidance at the decision level.

Applications of RLHF. RLHF was originally de-
veloped to optimize agent behavior in simulated en-
vironments (Christiano et al., 2017), and was later
applied to domains such as autonomous driving



(Wu et al., 2022) and robot learning (Wang et al.,
2022). Prior work (Xu et al., 2023; Zhang et al.,
2024; Fang et al., 2025) has also demonstrated the
effectiveness of human feedback in image gener-
ation. More recently, the successful application
of RLHF to large language models (LLMs) has
substantially advanced NLP (Stiennon et al., 2020;
Ouyang et al., 2022; Ziegler et al., 2019). By mod-
eling human preferences and performing policy
updates with PPO, RLHF integrates reward-driven
mechanisms into language modeling, fundamen-
tally reshaping dialogue reasoning, safety align-
ment, and long-form generation (Ji et al., 2025; Liu
et al., 2023). However, within downstream NLP
tasks, RLHF has so far been largely confined to
generative scenarios, such as high-quality code test
case generation (Steenhoek et al., 2025).

Preference Learning. Preference learning is
a core component of RLHF and models relations
among samples via pairwise or listwise compar-
isons. It has been widely adopted in ranking and
recommendation systems (Fiirnkranz and Hiiller-
meier, 2010). In NLP, preference learning is mainly
used for generative tasks, although recent studies
(Atapour-Abarghouei et al., 2021; Kim et al., 2023)
have attempted to introduce preference modeling
into classification to overcome the limitations of
instance-wise supervision. For example, Kim et al.
(2023) proposed the P2C method, which incor-
porates preference relations during training to en-
hance the model’s discrimination near class bound-
aries. Nevertheless, existing approaches typically
treat preference ranking as an auxiliary loss jointly
optimized with SFT; they neither construct an inde-
pendent RM nor perform policy optimization with
RL, and thus remain within the supervised learning
paradigm.

3 Method

In this section, we present ClaHF, a novel hu-
man feedback-inspired framework for classifica-
tion. Unlike conventional training paradigms that
rely solely on instance-wise supervision, ClaHF
borrows the core ideas of RLHF and introduces
preference signals into text classification through
reward modeling and RL, enabling finer calibration
of the predictive distribution and improving both
classification performance and decision reliability.

3.1 Problem Definition

We focus on text classification tasks, including both
binary and multi-class settings. Given a dataset
D = {(x4,y;)},, where x; denotes an input se-
quence (typically a sentence or a paragraph) and
y; 1s the corresponding class label, conventional
approaches learn a classifier fy by minimizing
instance-wise losses to maximize the agreement
between predictions and ground-truth labels. How-
ever, such instance-wise supervision provides only
a single discriminative signal and cannot character-
ize the relative quality among different predictions,
which limits further optimization.

To this end, we propose ClaHF, which augments
standard label supervision with automatically con-
structed preference signals. Specifically, ClaHF
introduces ranking constraints among multiple can-
didate predictions for the same instance to capture
fine-grained differences in model outputs. The goal
of ClaHF is therefore to learn a classifier fy that not
only predicts the correct label but also optimizes its
predictive distribution under preference constraints,
thereby aligning the model with implicit “human
feedback” embedded in the data. The overall frame-
work of ClaHF is illustrated in Figure 2.

3.2 Supervised Fine-tuning

The SFT stage provides a stable and performant ini-
tial policy model fy for subsequent RL. In ClaHF,
the model fy consists of a pre-trained LM g4 and a
randomly initialized classification head Wy,. Given
an input text x;, we encode it into token sequences
and feed them into fy to obtain hidden representa-
tions, followed by a softmax layer to produce the
class probability distribution:

po(yi | x;) = Softmax(fg(x;)). D

We optimize the model using the standard cross-
entropy loss:

Lyt = _E(xi,yi)N'D log pg(yi | i) 2

This stage ensures that the policy model has
strong baseline classification capability. However,
the supervision signal is purely instance-wise and
only enforces consistency with the ground-truth
label, without reflecting the relative quality among
alternative predictions.

3.3 Preference Data Construction

Training the RM requires data annotated with pref-
erence signals. In conventional RLHF, such data
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Figure 2: Overall framework of ClaHF. (a) SFT to provide high-quality initialization. (b) Automatic construction
of preference data from the original classification dataset. (c) Training the RM with preference data. (d) RL

optimization of the policy model using the trained RM.

Dataset | Label | Candidate Semantic Label

Prediction: the sentence is very negative
Prediction: the sentence is negative
Prediction: the sentence is neutral
Prediction: the sentence is positive
Prediction: the sentence is very positive

SST-5

S W —=O

Table 1: Ground-truth labels and corresponding candi-
date semantic labels for SST-5.

are manually labeled, which is expensive and task-
specific. In contrast, classification datasets nat-
urally contain ground-truth labels that implicitly
encode human preferences. Based on this observa-
tion, ClaHF introduces a fully automated method
for constructing preference data without any addi-
tional annotation.

Specifically, given a standard K'-class dataset
D = {(xi,y:)}V,, we first define a set of semantic
label templates:

Vext ={0:¢co,1:¢1,....,. K —1:¢cx_1}, 3)

where each ¢; is a natural language description of
class j, referred to as a candidate semantic label.
Examples for SST-5 are shown in Table 1, and
those for other datasets are provided in Appendix
B.

For each instance (z;,y;), we rank all candi-
date semantic labels c; in ascending order of their
semantic distance to the true label y;, yielding a
candidate list:

“4)

C; = {ci1,cia, ..., Cik },

where c;; always corresponds to the ground-truth
class, and the remaining candidates are ordered
by increasing semantic distance. For example, in
SST-5, if the true label is 3, the resulting list is
{03, C4,C2,C1, C()}.

Aggregating all instances produces the prefer-
ence dataset Dpre = {(z4,C;) i]\il' Unlike the
original dataset that only contains binary correct-
ness information, Dy encodes relative plausibility
among classes and naturally introduces a “Top-1 is

better than others” preference structure.

3.4 Reward Model Training

The third stage of ClaHF trains a RM to evaluate the
relative quality of text—candidate pairs and provide
reward signals for subsequent policy optimization.
The RM fi, consists of the same pre-trained en-
coder g4 as in SFT and a linear scoring head that
outputs a scalar reward.

Given Dy = {(zi,C;)}Y,, for each (z;,C;)
we concatenate z; with each ¢;;, tokenize the se-
quence, and feed it into f;y,, which is expected to
satisfy:

J(@is ci1) > - > fim(4, cixc), (%)
where ¢;; corresponds to the ground-truth class.

Since classification lacks the rich candidate struc-
ture of generative tasks, we design a compos-

ite ranking loss with two components: Lo and
Lpairwise- The Top-1 loss enforces the ground-truth



candidate to score higher than all others:
1 X
Liop1 = TK_1 j;l()g o(frm (i, cin) ©)
_frm(xia cij))7

where o is the sigmoid function.
The pairwise loss constrains the relative order
among non-true candidates:

2
Epairwise:_(K_l)(K_z) Z

2<j<k<k  (7)
log o ( fim (@i, ¢ij) — fom (24, cik))-

The overall objective is:
Lim = aﬁtopl + (1 - Oé)ﬁpairwisea 3

where o € (0, 1] balances Top-1 preference and
pairwise ranking consistency.
For binary classification, the loss simplifies to:

Lim = —log o(fim(xi, ci1) — frm(2i, ¢i2)). (9)

This training procedure enables the RM to cap-
ture finer-grained preference signals than conven-
tional supervision.

3.5 Reinforcement Learning Optimization

In the final stage, we further optimize the policy
model fy using PPO (Schulman et al., 2017) to
improve decision quality and predictive reliability.
A frozen reference model f.f, with the same archi-
tecture as fy, is used to measure deviation from the
supervised baseline.

Given an input x;, the policy model fy outputs a
class distribution py(y; | x;), while the reference
model fir outputs prf(y; | ;). An action a; is
defined as a class label sampled from py(y; | x;),
and its raw reward fin, (z;, ;) is computed by the
RM. To prevent the policy from drifting excessively
from the supervised distribution, we introduce an
adaptive KL-penalty (Ziegler et al., 2019) term into
the reward and obtain the modified reward:

f;m(% a;) = fim(Ti, ai)—

BiDxL(pa(- | i) || pret(- | 1)),

where Dgp. denotes the KL divergence between the
two distributions. The KL coefficient 5 is dynami-
cally adjusted by an adaptive controller:

Biy1 =clip(B; - (1 +1n
DKL - Dtarget

(10)

11
)a Bmina ﬁmax)7 ( )

Dtarget

which keeps the KL divergence close to a target
value Dyarger; 77 18 the update rate.

During PPO optimization, ClaHF maximizes the
following clipped surrogate objective for each sam-
ple by comparing the probability ratio between the
current and old policies:

Lyolicy = Eg;~p[— min(r; A;,

. (12)
clip(r;, 1 —¢,14+¢€)A;)],
where r; = }fef(zl%'f;_) is the probability ratio of

the new and old policies, and A; is the advantage
function defined as:

Ai = fum(ziyai) —

with V' denoting the output of the value function
network. The value function is introduced to reduce
training variance and stabilize policy learning. It is
optimized using mean squared error:

- Ex;ND[(V(xz) - f;m(xi7 ai))2]'

The final optimization objective in the RL stage
is:

V(zi), 13)

Evalue ( 1 4)

15)

where v controls the relative weight of the value
loss.

Through this design, ClaHF tightly couples
preference-driven reward modeling with classifi-
cation decisions, continuously refining decision
boundaries while maintaining stability with respect
to the policy model.

Ly = 'Cpolicy + ’Y»Cvaluea

4 Experiments

4.1 Setups

Datasets. We select eight datasets to evaluate
the effectiveness of ClaHF from three perspec-
tives: binary classification, multi-class classifica-
tion, and software engineering code tasks. Specif-
ically, the binary classification tasks include: (1)
SST-2 (Socher et al., 2013), (2) CoLA (Warstadt
et al., 2019), and (3) MRPC (Dolan and Brock-
ett, 2005). The multi-class classification tasks in-
clude: (4) AG News (Zhang et al., 2015), (5) SST-5
(Socher et al., 2013), and (6) Emotion (Saravia
et al., 2018). The code tasks include: (7) Devign
(Zhou et al., 2019), and (8) BigCloneBench (Wang
et al., 2020). The data splits and additional details
are provided in Appendix A.

Baselines. As existing RLHF frameworks are
primarily designed for generative tasks and no ma-
ture solution is available for classification, we only



Backbone Method‘ AG News SST-5 Emotion
| Acc(t) FI(P) ECE()| Acc(t) FI (1) ECEW) | Acc(t) FI (1) ECE(])
BERT SFT 9191100 91.9010.0 835+0.3|5249101 51.2840.1 13.4440.7]92.25410.2 87.71405 6.5140.4
ClaHF |92.1840.1 92.1740.1 6.9640.5 |54.3040.1 51.5040.8 11.3640.5|92.85+0.1 88.05+0.4 5.74405
RoBERTa SFT 9444100 9444100 747403 | 5435107 5271209 10.3940.5 92,5501 8840404 7.2340.1
ClaHF 94.61;{:0.0 94.60;{:0_0 5.52:[:0,2 55.873:0,4 54.17:!:0.6 8.43;{:0,3 92.93:&0,1 88.93;{:0,1 6.80;‘:0,1
TS SFT | 9451402 9451401 527402 |56.19404 53.1140.3 12.09405|91.80401 87.11404 6.19403
ClaHF |94.7940.1 94.7940.1 4.52+40.1 |574740.8 54.7240.9 11.0240.4]92.20401 88.1140.1 474405
OPT SFT 9377401 93.77401 9.60+0.5 | 52.85+0.4 49.72105 1042405922804 87.74+0.7 6.62+0.1
ClaHF [94.00401 94.0140.1 5.7640.2 | 54344103 5243402 7.7110s | 9292401 8846402 627402
Owen3 SFT 9385101 9383201 7.07x00 5100406 4892106 8.84s0.5 9257101 88.1lxoa 675402
ClaHF |94.1740.1 94.16401 5.2240.5|52.6720.1 49.55+110 7.6110.4 |93.6210.1 90.1840.1 5.0610.2
Average | +0.25 +0.25 -1.96 | +1.54 +1.32 -178 | +0.61 +0.93 -0.94

Table 2: Test performance of SFT and ClaHF on three multi-class datasets. All values are reported as the mean and

standard error over five random seeds.

compare ClaHF with standard SFT, where back-
bone models are trained on labeled data using cross-
entropy loss. To verify the generality of ClaHF,
we adopt nine widely used pre-trained LMs as
backbones, including BERT (Devlin et al., 2019),
RoBERTa (Liu et al., 2019), OPT (Zhang et al.,
2022), T5 (Raffel et al., 2020), and Qwen3 (Yang
et al., 2025) for natural language tasks, as well as
CodeBERT (Feng, 2020), CodeT5 (Wang et al.,
2021), CodeT5+ (Wang et al., 2023), and CodeGen
(Nijkamp et al., 2022) for code-related tasks.

Implementation details. All experiments are
conducted on 8 NVIDIA RTX 4090 GPUs. Pre-
trained weights are loaded via Hugging Face (Wolf
et al., 2020). We use the AdamW optimizer
(Loshchilov and Hutter, 2017) for all experiments
and train each model for 10 epochs. During the
SFT stage, the batch size is set to 16 and the learn-
ing rate to 2e-5. For RM training, the learning rate
is le-5 and the preference loss weight « is set to
0.8. During the RL stage, the learning rate is 1e-6
and the value loss coefficient v is set to 0.25. Ad-
ditional hyper-parameters and training details are
reported in Appendix B.

4.2 Main Results

In this section, we systematically evaluate ClaHF
on multi-class, binary, and code classification tasks
and compare it with the corresponding SFT base-
lines across a wide range of backbone models, in
order to assess its cross-model and cross-task gen-
eralization ability. To measure performance under
class-imbalance scenarios, we report both Accu-
racy (Acc) and macro-F1 (F1I). For CoLA, we
report the commonly used Matthews Correlation
Coefficient (MCC) (Chicco et al., 2021). In ad-

dition, we introduce Expected Calibration Error
(ECE) (Guo et al., 2017) to evaluate predictive reli-
ability.

4.2.1 Results on Multi-class Tasks

Table 2 summarizes the results of ClaHF and SFT
on three multi-class datasets. ClaHF consistently
outperforms SFT across all backbones and datasets,
showing simultaneous improvements in Acc, F1,
and ECE. This indicates that incorporating pref-
erence signals effectively complements instance-
wise supervision and enables the model to better
distinguish decision boundaries between different
classes.

On the fine-grained sentiment dataset SST-5,
where semantic differences are subtle, ClaHF
achieves particularly notable gains, with an aver-
age improvement of 1.54 percentage points in Acc
accompanied by a significant reduction in ECE.
This demonstrates that ClaHF yields stronger dis-
criminative ability and more reliable probability
calibration in complex multi-class scenarios.

Similar trends are observed on the Emotion
dataset. For example, with Qwen3, ClaHF im-
proves Acc from 92.57% to 93.62% while reducing
ECE from 6.75 to 5.06, indicating that ClaHF not
only boosts accuracy but also fundamentally pro-
motes more reliable and well-calibrated predictive
distributions.

4.2.2 Results on Binary Tasks

Compared with multi-class classification, binary
tasks are more sensitive to decision boundaries and
impose stricter requirements on model confidence
and distributional consistency. Therefore, we re-
port these results separately.



Backbone Method | SST-2 MRPC CoLA
| Acc (D) FL. (D) ECE(]) | Acc () FL. (D) ECE(}) | MCC () ECE()
BERT SFT |89.4640.24 89.431024 9.994+0.14 | 82.1840.27 79.4410.96 9.84+0.46 | 55.07+0.34 14.3040.48
ClaHF [90.1040.09 90.09+0.10 9.0410.55 | 83.284+0.29 80.53+0.29 8.6440.21 |56.10+0.24 12.16410.57
RoBERTa SFT [92.574+0.12 92.57+0.12 8.244+0.47 | 87.25+0.18 85.57+0.05 6.25+0.29 | 59.73+0.62 11.7740.29
ClaHF [93.1940.23 93.1940.23 6.4010.13 | 87.8640.15 86.2840.23 5.1240.20 |61.2110.820 8.4310.37
T5 SFT | 93.8540.23 93.85t0.23 7.1010.60 | 84.58+0.12 81.3440.27 8.1510.30 | 58.1010.4s 13.5810.51
ClaHF 94-63:&0,04 94.6410,04 5.03i0,13 85.78:{:0_28 83.68:&0,28 6.83:&0,27 5923:{:0.46 ]1.75:‘:0,33
OPT SFT |90.521+0.46 90.51+0.45 8.7610.52 | 83.6110.25 80.69+0.37 7.55+0.19 | 56.4210.26 13.9510.77
ClaHF | 90.99+0.23 90.99+40.23 6.2440.31 | 84.694+0.22 81.8840.85 6.4440.26 | 57.64+0.35 12.9040.43
Qwen3 SFT |90.57+0.16 90.57+0.16 8.22+40.36 | 84.4140.15 81.6940.54 6.85+0.13 | 56.94+0.17 13.68+0.66
ClaHF | 91474020 91475020 7.0940.20 | 85.024015 82971026 5.58+0.36 | 58.3010.27 12441034
Average‘+0.68io,o7 +0.6910.07 '1-70i0429‘+0-92i0.13 +1.3210.27 -1-21i0404‘+1-24i0.08 -1.9240.41
Table 3: Test performance of SFT and ClaHF on three binary datasets.
Backbone  Method | Devign BigCloneBench
| Acc (D) F1L. (M) ECE(}) | Acc(]) FL. (1) ECE (})
CodeBERT SFT 62.1540.19 58.77+0.50 134841081 | 97.1240.14 97.1140.14 4.0110.43
ClaHF | 63.1410.11 59611028 9.6410.47 | 97581020 97.581020 24910.34
CodeT5 SFT 62991018 6235020 12.021048 | 96.80+0.17 96.79+0.17 4931083
ClaHF 63.4910.36 62.5010.56 9.0610.24 97291016 97.2910.16 2.4610.26
CodeT5+ SFT 63.2040.17 62.87+0.25 11.1340.42 | 97.8710.10 97.871+0.10 2.08+0.06
ClaHF 64.0410.15 63.57+0.14 8.60+0.53 98.1410.07r 98.1310.07 1.7940.10
CodeGen SFT | 62381020 59291024 15114044 | 97.6040.14 97.60+0.14 2.43+0.27
ClaHF | 63451011 61.954087 11134071 | 97981000 97.9810.00 1.9240.05
Average | +0.8510.12 +1.091055 -3.331035 | +0.401005 +0.401005 -1.2010.50

Table 4: Test performance of SFT and ClaHF on code datasets.

As shown in Table 3, ClaHF consistently outper-
forms SFT on SST-2, MRPC, and CoLA across all
backbones, with particularly large gains in ECE.
On SST-2, ClaHF achieves simultaneous improve-
ments in Acc and F1, demonstrating that preference
signals help the model better capture the relative
ordering between positive and negative samples.

The advantage of ClaHF is even more pro-
nounced on MRPC, which requires fine-grained
judgments of semantic equivalence and is highly
sensitive to boundary cases. Compared with SFT,
ClaHF substantially improves performance and re-
duces ECE by about 1.21, indicating enhanced de-
cision stability near hard examples. On CoLA,
ClaHF improves MCC by approximately 1.24
while reducing ECE by about 1.92, further confirm-
ing its dual benefits in refining decision boundaries
and improving confidence calibration.

4.2.3 Results on Code Tasks

Compared with natural language, source code is a
structured and formal language with strict syntac-
tic and semantic constraints, which places higher
demands on model discrimination and stability.
Table 4 presents the results on Devign and

BigCloneBench. Overall, ClaHF achieves con-
sistent improvements across all code backbones.
On Devign, ClaHF reduces ECE by an average
of 3.33 while also yielding small but consistent
gains in Acc and F1, demonstrating its effective-
ness on structured code data. On BigCloneBench,
ClaHF again shows stable advantages, especially
in terms of ECE, indicating that it maintains reli-
able confidence calibration even in high-accuracy
regimes—an essential property for practical soft-
ware engineering applications.

4.3 Ablation Study

To further investigate the contribution of each stage
in ClaHF, we conduct ablation studies from two
perspectives. Unless otherwise specified, all exper-
iments in this section are conducted on the Emotion
dataset (Saravia et al., 2018) with the Qwen3 (Yang
et al., 2025) backbone, and all other settings are
kept identical.

4.3.1 Effect of RM Training Objectives

Table 5 reports the impact of different RM training
objectives on the final classification performance.
In this group of experiments, we only vary the



Method ‘ Esﬂ Ltopl Epairwise ‘ Acc (T) F1 (T) ECE (\L)
SFT v - - 92.57+0.14 88111040 6.751+0.22
ClaHF-Pair v - v 92.7840.14 88.88+0.12 6.4440.21
ClaHF—Topl v v - 93.15i0,20 89.28:{:0,40 5.98i0,15
ClaHF (Full) | v v v 93.624+0.10 90.1840.12  5.06+0.21

Table 5: Effect of RM training objectives on classification performance.
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Figure 3: Performance heatmaps of ClaHF in terms of Acc, F1, and ECE over a continuous « x +y grid.

loss components used in the RM stage. To isolate
the effect of preference signals, we construct two
variants of ClaHF: (1) ClaHF-Pair: applies equal
constraints to all candidates. (2) ClaHF-Top1: only
enforces the margin between the Top-1 candidate
and the remaining candidates.

As shown in the table, all three ClaHF variants
outperform SFT, confirming that preference signals
effectively complement single-label supervision.
However, ClaHF-Pair yields only limited improve-
ments, indicating that enforcing pairwise ranking
consistency alone is insufficient to provide strong
discriminative signals and behaves similarly to con-
ventional learning-to-rank methods.

When both Top-1 and pairwise constraints are
combined, the model achieves the best performance
across Acc, F1, and ECE, which significantly ex-
ceeds SFT and the two variants. This result indi-
cates that the two types of preference signals are
complementary: the Top-1 constraint emphasizes
discriminability of the optimal decision, while the
pairwise constraint preserves the global ranking
structure. Additional studies are reported in Ap-
pendix C.

4.3.2 Stability Analysis

We further analyze the joint effect of the preference
weight o and the value coefficient v over a contin-
uous hyperparameter space to assess the stability
of ClaHF and the structure of its optimal region.
Figure 3 presents heatmaps of Acc, F1, and ECE
over a continuous « X «y grid. The performance sur-

faces vary smoothly rather than exhibiting abrupt
oscillations, indicating that ClaHF is robust to hy-
perparameter perturbations and that small changes
within reasonable ranges do not lead to dramatic
performance drops.

Moreover, the optimal performance does not
concentrate at a single point but spans a coher-
ent region. Specifically, when a € [0.7,0.9] and
~v € [0.2,0.3], the model achieves near-optimal
Acc and F1 while maintaining low ECE. The ex-
istence of this structured optimal region demon-
strates that the improvements brought by ClaHF
are not the result of accidental tuning, but remain
stable across a range of reasonable configurations.

5 Conclusion

We propose ClaHF, a human-feedback-inspired RL
framework for text classification, which for the
first time systematically introduces the complete
RLHF pipeline into classification tasks. ClaHF is
tailored to the decision structure of classification
and incorporates dedicated designs for preference
data construction, reward modeling, and policy op-
timization, enabling RL to effectively optimize dis-
criminative prediction objectives. Compared with
SFT, ClaHF achieves stable and consistent improve-
ments in both performance and calibration across
a wide range of natural language and code classifi-
cation tasks, demonstrating that preference-driven
RL is also a powerful paradigm for enhancing the
effectiveness and reliability of classification mod-
els.



Limitations

Despite the promising results of ClaHF on multi-
ple text classification benchmarks, it has two main
limitations. (1) ClaHF relies on automatically con-
structed preference data derived from original la-
bels. Although this avoids additional human anno-
tation costs, the quality of RM training is inevitably
constrained by the noise and bias in the original
datasets. Integrating ClaHF with real human feed-
back is a promising direction to further improve
performance and robustness. (2) Our experiments
focus on single-label text classification. The appli-
cability of ClaHF to more complex discriminative
settings, such as multi-label and hierarchical classi-
fication, remains unexplored and is left for future
work.
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A Datasets

As described in Section 4.1, we evaluate ClaHF
on eight representative text classification bench-
marks. For all datasets, we set the maximum input
length to 400 tokens for tokenization. The detailed
descriptions are as follows.

SST-2 (Socher et al., 2013) is a single-sentence
binary classification dataset consisting of sentences
from movie reviews annotated with sentiment la-
bels. The labels are O and 1, where O denotes
negative and 1 denotes positive. The dataset con-
tains 67,350 training samples, 873 validation sam-
ples, and 1,821 test samples. As part of the
GLUE benchmark (Wang et al., 2018), the offi-
cial dataset is available at https://huggingface.
co/datasets/nyu-mll/glue/viewer/sst2.

CoLA (Warstadt et al., 2019) is a single-sentence
binary classification dataset for linguistic accept-
ability. The corpus is collected from books and
journals in linguistic theory. Each sentence is an-
notated as to whether it is grammatically accept-
able, with labels 0 and 1, where O indicates un-
grammatical and 1 indicates grammatical. The
dataset contains 8,551 training samples, 1,043 val-
idation samples, and 1,063 test samples. It is
also part of the GLUE benchmark (Wang et al.,


https://huggingface.co/datasets/nyu-mll/glue/viewer/sst2
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2018) and is available at https://huggingface.
co/datasets/nyu-mll/glue/viewer/cola.

MRPC (Dolan and Brockett, 2005) is a binary
classification dataset consisting of sentence pairs
extracted from online news sources, manually an-
notated to indicate whether the two sentences are
semantically equivalent. The labels are 0 and 1,
where O denotes not paraphrase and 1 denotes
paraphrase. The dataset contains 3,668 training
samples, 408 validation samples, and 1,725 test
samples. It is also part of GLUE (Wang et al.,
2018) and is available at https://huggingface.
co/datasets/nyu-mll/glue/viewer/mrpc.

AG News (Zhang et al., 2015) is a single-
sentence four-class news topic classification dataset
collected from global news articles. The dataset
covers four major categories: World (label 0),
Sports (label 1), Business (label 2), and Sci-
ence/Technology (label 3). It contains 120,000
training samples and 7,600 test samples. Since no
validation split is provided, we randomly sample
20% of the training set as the validation set. The
dataset is available at https://huggingface.co/
datasets/fancyzhx/ag_news.

SST-5 (Socher et al., 2013) is a fine-grained
single-sentence five-class sentiment classification
dataset for movie reviews. The labels range
from O to 4, representing very negative, nega-
tive, neutral, positive, and very positive, respec-
tively. The dataset contains 8,544 training sam-
ples, 1,101 validation samples, and 2,210 test sam-
ples. It is available at https://huggingface.co/
datasets/SetFit/sst5.

Emotion (Saravia et al., 2018) is a single-
sentence six-class emotion classification dataset
built from English Twitter messages. It covers six
emotion categories: sadness (label 0), joy (label 1),
love (label 2), anger (label 3), fear (label 4), and sur-
prise (label 5). The dataset contains 16,000 training
samples, 2,000 validation samples, and 2,000 test
samples. It is available at https://huggingface.
co/datasets/dair-ai/emotion.

Devign (Zhou et al., 2019) is a code defect
detection dataset designed to identify whether
a code snippet is potentially vulnerable to soft-
ware attacks. The labels are O and 1, where
0 denotes safe code and 1 denotes vulnerable
code. Following the CodeXGLUE (Lu et al.,
2021), we split the dataset into training, valida-
tion, and test sets with an 8:1:1 ratio, resulting
in 21,854 training samples and 2,732 samples for
both validation and test sets. The dataset is avail-
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able at https://huggingface.co/datasets/
google/code_x_glue_cc_defect_detection.
BigCloneBench (Wang et al.,, 2020) is a
manually annotated Java code clone detection
benchmark for code clone detection and semantic
similarity learning. The labels are O and 1, where
1 indicates that the code pair is semantically
equivalent and O indicates non-equivalence.
Since the original dataset is very large, we
follow the CodeXGLUE (Lu et al., 2021) setting
and use only 10% of the data for training and
validation. The dataset is available at https:
//huggingface.co/datasets/google/code_x_
glue_cc_clone_detection_big_clone_bench.

B Additional Implementation Details

In the preference data construction stage, for each
ground-truth class in the eight datasets, we define
a natural-language candidate semantic label, as
shown in Table 6. The core motivation is to map
the original discrete class label y; into a semantic
description c¢; that can be directly interpreted by
LMs.

In addition, during RM training, we concatenate
each input sample with its candidate semantic label.
Different datasets use different prefixes to explicitly
distinguish task contexts and align the inputs with
their semantic labels. The unified input format
for the RM is Prefiz : x;|| c;j, the prefixes for
different datasets are defined as follows:

¢ AG News: News
e SST-5/SST-2/ CoLA / MRPC: Sentence
e Emotion: Text

* Devign / BigCloneBench: Code
C Additional Ablation Studies

This section further investigates ablation studies
of ClaHF. Following Section 4.3, all experiments
are conducted on the Emotion dataset with Qwen3
as the backbone model. All reported values are
the mean and standard error over five runs with
different random seeds.

Effect of the Value Function Loss in RL. Ta-
ble 7 analyzes the influence of the value loss weight
in the RL stage. In these experiments, all RM set-
tings are fixed and « is set to 0.8, while only the
value loss coefficient + is varied.

Without the value loss (ClaHF-NoValue), the
model still outperforms SFT, showing that
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Dataset D | True Label y; Candidate Semantic Label c;

0 Prediction: the news topic is World
1 Prediction: the news topic is Sports
AG News . PIc 15 SpS

2 Prediction: the news topic is Business
3 Prediction: the news topic is Science/Technology
0 Prediction: the sentence is very negative
1 Prediction: the sentence is negative

SST-5 2 Prediction: the sentence is neutral
3 Prediction: the sentence is positive
4 Prediction: the sentence is very positive
0 Prediction: the emotion in the text is sadness
1 Prediction: the emotion in the text is joy

. 2 Prediction: the emotion in the text is love
Emotion . . .

3 Prediction: the emotion in the text is anger
4 Prediction: the emotion in the text is fear
5 Prediction: the emotion in the text is surprise
0 Prediction: the sentence is negative

SST-2 . . o
1 Prediction: the sentence is positive

CoLA 0 Prediction: the sentence is grammatically unacceptable
1 Prediction: the sentence is grammatically acceptable

MRPC 0 Prediction: the two sentences are not semantically equivalent
1 Prediction: the two sentences are semantically equivalent

. 0 Prediction: the code is non-vulnerable

Devign . .
1 Prediction: the code is vulnerable

MRPC 0 Prediction: the two code snippets are not semantically similar
1 Prediction: the two code snippets are semantically similar

Table 6: Ground-truth labels and their corresponding candidate semantic labels for the eight datasets.
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Method | Lume | Acc(t) — FI(1)  ECE(}) Method | Luwe | Acc(t)  FI(1) ECE()
NoValue ‘ - ‘ 93.20i0,15 89.59i0,45 567;{:0.12 SFT ‘ — ‘ 92.57i0,14 88.11i0,40 6.75:{:0‘22
ClaHF |v=0.25|93.6210.10 90.1810.12 5.0610.21 ClaHF-Pair - 92.5310.13 88.26+0.23 6.9210.38
ClaHF | v =0.5 [93.4240.13 89.36+0.26 5.444+0.12 ClaHF-Pair | v = 0.25 [92.78+0.14 88.88+0.12 6.4410.21
ClaHF Y= 1.0 92.87i(),17 88.79i0,34 6.27i0434 ClaHF-Pair Y= 0.5 92.6()3((),10 88.57i0,09 6.69i0‘28
ClaHF-Pair Y= 1.0 92.28:[:()‘14 87.27:{:018 6.97:|:0_22

Table 7: Effect of the value loss weight during RL.

preference-driven policy optimization is effective
by itself. Howeyver, its performance is clearly infe-
rior to the full ClaHF, indicating that RL without
value function regularization is more susceptible to
high-variance reward signals.

When a moderate value loss is introduced, the
model achieves the best results on Acc, F1, and
ECE, validating the crucial role of the value func-
tion in stabilizing training and smoothing policy
updates. As -y further increases, performance starts
to degrade, suggesting that overly strong value con-
straints hinder effective preference-driven updates
and thus weaken the benefits of ClaHF.

Table 8 reports a comparison between ClaHF-
Pair with different value function loss weights y
and the SFT baseline. In this experiment, we keep
the RM and all other PPO hyperparameters fixed
and only vary the weight of the value function loss
to analyze the model behavior in the absence of
the Top-1 constraint, i.e., when equal constraints
are imposed on all candidates without explicitly
emphasizing the optimal candidate and the model
is trained only to learn the relative ordering among
candidates.

From the results, we observe that when the value
function loss is not introduced and without the Top-
1 constraint, the model can hardly outperform the
SFT baseline on Acc, F1, and ECE, and even ex-
hibits slight degradation on the calibration metric
ECE. This indicates that relying solely on pair-
wise preference signals for policy updates makes
it difficult for the model to stably learn effective
discriminative boundaries.

After introducing a moderate value function loss,
ClaHF-Pair achieves modest improvements over
SFT, which further verifies that the value function
can alleviate the instability caused by high-variance
rewards in preference-based policy optimization.
However, as ~y increases further, the model perfor-
mance drops and even falls below that of SFT, sug-
gesting that an excessively large value loss weight
overly suppresses policy updates when the Top-1
constraint is absent.
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Table 8: Effect of the value loss weight on ClaHF-Pair.

In summary, these results demonstrate that in
ClaHF-Pair, although the value function loss can
improve training stability, its effective range is
clearly limited and requires careful tuning. This
finding also provides additional evidence for our
main conclusion that Top-1 and pairwise prefer-
ence signals play complementary roles in ClaHF,
and that their joint modeling is crucial for stable
and efficient optimization of classification policies.

Further explanation of Figure 3. Further anal-
ysis of the interaction between a and ~y reveals
a clear synergistic effect. When « is small (i.e.,
the RM mainly relies on relative ranking signals),
varying -y yields limited gains. In contrast, when
a lies in the medium range, changes in v have
a more pronounced impact on both performance
and calibration, suggesting that explicit preference
signals facilitate the stabilizing role of the value
function. However, when o = 1, an excessively
large v suppresses the policy’s responsiveness to
preference signals and leads to performance degra-
dation. This reveals a critical balance in ClaHF:
preference guidance must be sufficiently strong to
steer policy updates, while value constraints should
stabilize training without over-regularization.

Finally, we observe that the distribution of ECE
does not simply trade off with Acc and F1, but
reaches its minimum near the same optimal region.
This indicates that ClaHF simultaneously enhances
discriminative performance and confidence calibra-
tion, rather than sacrificing one for the other.
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