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Abstract

Prompt choice is crucial in adapting language
models to text classification tasks, particularly
under low-resource conditions. Manual prompt
engineering is time-consuming, non-scalable,
and brittle, while current auto-prompting tech-
niques are still far from maturity. This paper
presents a two-stage method for prompt learn-
ing of frozen language models, CRL-Prompt,
based on soft prompt initialization followed
by contrastive and reinforcement-based refine-
ment. An experimental study demonstrates that
our approach achieves consistent improvements
in accuracy over baseline prompt tuning strate-
gies, with gains of up to 2.2% while training
fewer than 0.25% of model parameters.

1 Introduction

Nowadays, text classification is typically solved
by BERT-like language models (LMs) due to their
speed and efficiency (Siino et al., 2025; Savchenko
and Savchenko, 2025). It is generally essential
to use pre-trained models (Wu and Wan, 2025),
as practical applications, such as smart speakers,
may require solving multiple classification tasks,
and only one LM should be used due to mem-
ory constraints (Edwards and Camacho-Collados,
2024; Stigall et al., 2024). Hence, a key factor
in LM’s adaptability is the choice of prompt, in-
put sequence that conditions the model’s behav-
ior and outputs (Brown et al., 2020). Prompt en-
gineering has emerged as a critical mechanism
for controlling and adapting LMs in parameter-
efficient manner (Chen et al., 2024; Marvin et al.,
2023; Peng et al., 2024). Though prompt engi-
neering today remains manual and heuristic in
practice (Sahoo et al., 2024), automated prompt
learning (Chang et al., 2024; Spiess et al., 2025;
Xiao et al., 2025) has been recently studied from
three major directions (Shin et al., 2020; Li et al.,
2023; Zhuge et al., 2024). The first is discrete

prompt search, where token-level prompt candi-
dates are generated and scored using surrogate met-
rics, as seen in methods like TextGrad (Yuksek-
gonul et al., 2024) and Automatic Prompt Engineer
(APE) (Zhou et al., 2022). Second, continuous soft
prompt tuning directly learns embeddings and vir-
tual prompt vectors that are optimized via gradient
descent on a frozen language model; notable exam-
ples include P-Tuning v1 (Liu et al., 2021a) and
v2 (Liu et al., 2021b), as well as MixtureSoft (Qin
and Eisner, 2021). Finally, Reinforcement Learn-
ing (RL)–based refinement methods, such as Con-
sPrompt (Weng et al., 2024), adapt prompts by
optimizing for task-specific rewards. While these
techniques have demonstrated promise, they also
exhibit limitations: discrete methods can be compu-
tationally expensive and brittle; continuous tuning
may overfit in low-resource regimes due to proxy
losses; and RL often requires complex reward shap-
ing and unstable training dynamics.

We address these shortcomings by introducing
a two-stage open-source CRL-Prompt framework1

for automated soft prompt learning. In the first
stage, P-Tuning v2 (Liu et al., 2021b) initializes
trainable key/value vectors injected into all trans-
former layers. In the second stage, we refine the
prompts using a combination of contrastive regu-
larization (Chen et al., 2020; Weng et al., 2024; Yu
et al., 2020) and reinforcement feedback-based pol-
icy optimization guided by task-level accuracy. The
former term is designed to enhance the robustness
of learned prompts by improving representation
geometry. The latter term aligns optimization more
closely with the classification task. Our method
is fully compatible with frozen LMs and does not
modify their parameters. The experimental results
demonstrate that our framework consistently out-
performs state-of-the-art baselines, achieving gains

1https://github.com/danilalapokinofficial/
autoprompting

1391

https://github.com/danilalapokinofficial/autoprompting
https://github.com/danilalapokinofficial/autoprompting


of up to 2.2% in accuracy while training less than
0.25% of model parameters.

2 Related Work

Discrete Prompt Search. Early work in prompt en-
gineering explored discrete search over token tem-
plates to elicit knowledge from frozen LMs. Au-
toPrompt (Shin et al., 2020) uses gradient signals
to select informative trigger tokens. APE (Zhou
et al., 2022) employs a language model to generate
and rank natural language instructions. While fully
automatic, these methods are limited to template-
level search and do not learn prompts to optimize
the downstream metrics.

Soft Prompt Tuning. Continuous prompt tuning
approaches replace discrete templates with learn-
able embeddings. P-Tuning (Liu et al., 2021a) and
its extension P-Tuning v2 (Liu et al., 2021b) inject
virtual key/value vectors into frozen transformer
layers, achieving strong performance with fewer
parameters. MixtureSoft (Qin and Eisner, 2021)
learns multiple prompt variants and averages their
outputs. However, such methods rely on cross-
entropy as a proxy loss, which does not always
align with end-task accuracy.

Reinforcement and Contrastive Methods. Re-
cent work incorporates RL to refine prompt param-
eters using task-level rewards. DP2O (Li et al.,
2023) and GPTSwarm (Zhuge et al., 2024) gener-
ate prompt policies or agent graphs via policy gra-
dients. ConsPrompt (Weng et al., 2024) introduces
contrastive loss to improve few-shot generalization.
These approaches improve robustness but often in-
volve complex architectures or require substantial
reward engineering.

3 Proposed Approach

Let fθ be a frozen LM with parameters θ, and let
D = {(xi, yi)}Ni=1 be a labeled text dataset for a
classification task, i.e., yi ∈ {1, ..., C}, where C
is the number of classes. We aim to find prompt
parameters P (e.g., soft embeddings or prefix vec-
tors) that guide the LM toward accurate predictions,
while keeping its weights θ fixed. It is required to
choose P that maximizes classification accuracy
r(P ) on a held-out validation set Dval:

r(P ) =
1

|Dval|
∑

(x,y)∈Dval

1 [fθ(P, x) = y] , (1)

where 1[·] is the indicator function, and fθ(P, x) ∈
RC are the logits produced by the frozen LM under

Algorithm 1 Proposed CRL-Prompt approach

Require: Frozen LM fθ, initial prompt P0, train-
ingD and validationDval sets, number of steps
T , reward-update interval M , weights β, γ,
noise variance σ2

1: Phase 1: Prompt tuning via cross-entropy
2: for each batch (xi, yi) from D do
3: Compute LCE(P, xi, yi)
4: Update P using gradient of LCE
5: end for
6: Phase 2: Mixed optimization loop
7: for t = 1 to T do
8: for each batch (xi, yi) from D do
9: Compute LCE(P, xi, yi)

10: Compute Lcontrast(P, xi, yi)
11: if t mod M = 0 then
12: Sample prompt P ′ ∼ N (P, σ2I)
13: Evaluate accuracy r(P ′) (1)
14: Compute RL loss: LRL (4)
15: else
16: LRL ← 0
17: end if
18: Ltotal ← LCE + β Lcontrast + γ LRL
19: Update P using gradient of Ltotal
20: end for
21: end for
22: return final prompt P

prompt P for input xi.
To solve this problem, we propose a two-stage

automated prompt optimization framework (Al-
gorithm 1). The first phase applies an arbitrary
technique, e.g., P-Tuning v2 (Liu et al., 2021b),
to initialize trainable soft prompts. They consist
of virtual key/value vectors injected at each trans-
former layer of a frozen LM. Only these prompt
embeddings are updated during training, keeping
the model weights unchanged. The training objec-
tive in this phase is standard cross-entropy loss:

LCE = − log
[
softmax

(
fθ(P, xi)

)
yi

]
. (2)

Once a stable initialization is established, we
proceed to the second phase, where we utilize con-
trastive regularization and RL-based optimization
to refine the soft prompts. While standard soft
prompt tuning minimizes a cross-entropy loss over
labeled examples, it does not explicitly encourage
the prompt to separate semantically similar inputs
from different classes. This can lead to overfitting
or instability in few-shot settings, particularly when
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initialization is noisy or training data is limited. To
address this, we introduce a contrastive loss term
that improves the representational geometry of the
learned prompt space. Given a batch of examples
{(xi, yi)}, negative prompt variants are generated
for each batch by applying dropout or noise to the
current prompt parameters. The InfoNCE-style
loss (Chen et al., 2020) is used to encourage em-
beddings of correct predictions to cluster together,
while pushing apart those of incorrect ones:

Lcontrast = − log
1

1 +
k∑

j=1
e(sim(hi,h

−
j )−1)/τ

, (3)

where sim is a cosine similarity, τ is a tempera-
ture hyperparameter, hi is the sequence-level em-
bedding (e.g., the CLS or pooled output) of input
xi with prompt P , and h−j are negative examples
generated by applying a simple dropout-inspired
prompt perturbation: we create a masked variant
of the prompt-encoder parameters by sampling a
mask and zeroing out 10% of embedding values,
then computing the LM representation under this
perturbed prompt. This yields a nearby but cor-
rupted prompt-derived embedding as a negative.
The rationale here is that masked prompt variants
emulate small, realistic prompt corruptions, so In-
foNCE enforces local robustness of the mapping
prompt to representation without requiring external
data augmentations.

Periodically (every M steps), we run the RE-
INFORCE algorithm (Williams, 1992). The
soft prompt is perturbed with Gaussian noise
(π(P ′|P ) = N (P, σ2I)), and a sampled prompt
P ′ is used to evaluate validation accuracy r(P ′)
(1). The policy-gradient loss is used to tune the
prompt that maximizes this reward:

LRL(P ;P ′,Dval) = −r(P ′) log
[
π(P ′|P )

]
. (4)

The final loss combines cross-entropy, con-
trastive, and RL terms with scalar weights:

Ltotal = LCE + β Lcontrast + γ LRL . (5)

Here, the contrastive component can be viewed
as a local dropout regularizer on the mapping from
soft prompts to hidden representations: by pulling
together clean and masked prompt variants and
pushing them away from corrupted ones, it reduces
sensitivity to small prompt perturbations. This sta-
bilizes training and improves robustness in low-
data regimes. The RL component treats the soft

prompt as a policy that induces predictions from
a frozen LM and directly optimizes task-level, po-
tentially non-differentiable metrics, such as accu-
racy(1). In combination, contrastive smoothing
reduces representation drift and gradient variance,
while RL provides a mechanism to optimize objec-
tives that cross-entropy alone cannot capture.

Unlike frameworks that rely on prompt embed-
dings or classifier-based scoring, our Algorithm 1
works entirely within the training loop of a frozen
LM. This makes our method efficient and deploy-
able in real-world few-shot scenarios with limited
data and compute. Unlike discrete methods, our
CRL-Prompt operates over continuous prompts;
unlike pure soft tuning, it optimizes prompts di-
rectly for the downstream task metric; and unlike
full RL pipelines, it maintains low compute cost by
combining contrastive loss with lightweight REIN-
FORCE updates. Compared to ConsPrompt (Weng
et al., 2024), our framework does not require batch-
level sampling or re-ranking and is compatible with
standard PEFT libraries.

4 Experimental Results

We compare our method to HandCraft (manual)
prompts and both “soft” and “discrete” prompt-
engineering baselines that share the same con-
straints: frozen backbones and very small numbers
of trainable parameters (0.15–0.25%): APE (Zhou
et al., 2022), ConsPrompt (Weng et al., 2024), Mix-
tureSoft (Qin and Eisner, 2021), Prompt v1 (Liu
et al., 2021a), Prompt v2 (Liu et al., 2021b) and
TextGrad (Yuksekgonul et al., 2024). We especially
demonstrate the possibility for our method to work
with different architectures, so all experiments
use not only standard RoBERTa-base (Liu et al.,
2019) with 125M parameters, but also decoder-
only (Savchenko, 2013) falcon-rw-1b (Penedo
et al., 2023) with 1B parameters with a conven-
tional verbalizer. In contrast to our approach,
ConsPrompt and MixtureSoft are only available
for RoBERTa because they use maskedLM mode,
which Falcon does not support.

We conduct experiments on standard bench-
marks with the train/test splits provided by their
authors: 1) AG News (Zhang et al., 2015) – 4-class
news topic classification, 120K training and 7.6K
testing examples; 2) TREC (Li and Roth, 2002) –
6-class question type classification with 5.5K train-
ing and 500 testing examples; and 3) SST–2 (Stan-
ford Sentiment Treebank) (Socher et al., 2013) –
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Table 1: Main results: accuracy on the test set.

AG News TREC SST-2 EmphateticDialogues
Method RoBERTa-base falcon-rw-1b RoBERTa-base falcon-rw-1b RoBERTa-base falcon-rw-1b RoBERTa-base falcon-rw-1b
HandCraft 0.470±0.00 0.450±0.000 0.500±0.000 0.390±0.000 0.730±0.000 0.790±0.000 0.272±0.000 0.203±0.000
TextGrad 0.700 ±0.004 0.880±0.003 0.550±0.003 0.395±0.002 0.734 ±0.005 0.810±0.004 0.363±0.006 0.306±0.005
APE 0.550±0.003 0.520±0.003 0.546 ±0.003 0.410±0.004 0.845±0.002 0.827±0.002 0.372±0.005 0.318±0.004
MixtureSoft 0.888±0.004 – 0.656±0.005 – 0.922±0.001 – – –
ConsPrompt 0.839±0.005 – 0.691±0.003 – 0.892±0.002 – – –
Prompt v1 0.927±0.003 0.929±0.002 0.922±0.004 0.672±0.007 0.898±0.001 0.948±0.001 0.437±0.005 0.385±0.007
Prompt v2 0.932±0.001 0.932±0.001 0.938±0.002 0.928±0.001 0.922±0.002 0.903±0.003 0.454±0.004 0.391±0.006
Our CRL-Prompt 0.940±0.002 0.946±0.003 0.960 ±0.002 0.962±0.001 0.940 ±0.003 0.943 ±0.001 0.474±0.007 0.402±0.005

binary sentiment classification with 67K training
and 1.8K testing examples.

For the proposed CRL-prompt, we used a small
held-out split (10% of the original training set) as
the validation/development set to estimate the accu-
racy of our RL procedure, while the remaining 90%
was used for training. This validation set is distinct
from the untouched test set used for final reporting.
Thus, it is simply a part of the original training set,
so the comparison with other techniques is fair. The
validation signal is used as the RL reward proxy
(i.e., CRL-Prompt treats the prompt as a policy
and evaluates expected validation reward), which
is conceptually similar to using a development met-
ric for hyperparameter selection or early stopping
rather than tapping test labels.

In addition, we consider a more complicated Em-
patheticDialogues dataset (Rashkin et al., 2019),
with 84170, 12078, 10973 phrases in train, valida-
tion, and test sets labeled by 32 emotion classes.
Appendix A contains additional details.

Table 1 summarizes mean accuracy on test sets
after 10 runs. We ran all experiments on a sin-
gle Nvidia A100 GPU. The total training time for
each method was restricted by 2 hours. On the
AG News dataset, our method improves upon the
best-performing baseline (Prompt v2) by 0.8% and
1.4% for RoBERTa and Falcon, respectively. The
gains are significant given Prompt v2’s strong per-
formance. For SST-2, a binary sentiment task, our
approach yields 94.0% with RoBERTa and 94.3%
with Falcon. Although absolute gains over Prompt
v2 and MixtureSoft are slightly smaller (1.8–2.0%),
they are consistent across architectures. The re-
sults also show that MixtureSoft, while effective
for RoBERTa, does not generalize to larger mod-
els like Falcon, highlighting a strength of our ap-
proach. Preliminary study on SST-2 using Qwen3-
Embedding-4B (Zhang et al., 2025) also demon-
strated that our CRL-Prompt achieves an accu-
racy of 95.5%, which is 3% higher than the result
(92.32%) of the best baseline (Prompt v2).

TREC is a small, fine-grained 6-way question
classification task. In such low-resource settings,
results are inherently more variable. In particular,
Prompt v2 baseline injects soft prompts into every
transformer layer, significantly increasing its capac-
ity and stability on small or challenging tasks by
utilizing layer-wise prompts. In contrast, P-Tuning
v1 only augments the input layer and may overfit
or underperform on larger models or limited data.
According to Table 1, v1’s shallower design did
not generalize well to the 1B-param model under
scarce training data, whereas v2’s richer prompts
mitigated that effect. However, our method signifi-
cantly outperforms Prompt v2 by 2.2% and 3.4%
for RoBERTa and Falcon, respectively. This gap is
the largest among the datasets, which we attribute
to TREC’s small size and fine-grained nature. In
low-resource settings, the robustness introduced
by contrastive regularization and alignment with
end-task rewards proves especially beneficial.

For our most complex dataset, EmphateticDia-
logues, the proposed CRL-Prompt is again the most
accurate technique, achieving accuracies over 47%
and 40% with RoBERTa and Falcon, respectively.
It is worth noting that the former metric is higher
than the results of specialized techniques on this
dataset: 36.57% of KEMP (Li et al., 2022) and
36.84% of CEM (Sabour et al., 2022). Although
these methods are designed to generate empathetic
responses, they also perform emotion classification
as part of their training. As a result, their authors
report emotion recognition accuracy on the Em-
phateticDialogues dataset and compare their results
with those of other methods.

Thus, across all datasets, our approach
consistently outperforms discrete search (APE,
TextGrad), pure soft tuning (Prompt v1/v2), and
reinforcement-only methods (ConsPrompt). More-
over, it achieves high parameter efficiency by up-
dating only the soft prompt parameters while keep-
ing the backbone LM frozen. Indeed, we use 20
learnable virtual tokens per transformer layer. For
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Table 2: Ablation results: test accuracy for different loss variants.

AG News TREC SST-2
Method Variant RoBERTa-base falcon-rw-1b RoBERTa-base falcon-rw-1b RoBERTa-base falcon-rw-1b
P-Tuning v2 only (β = 0, γ = 0) 0.932±0.001 0.932±0.001 0.938±0.002 0.928±0.001 0.922±0.002 0.903±0.003
+ Contrastive only (β > 0, γ = 0) 0.936±0.002 0.940±0.002 0.953±0.003 0.951±0.001 0.931±0.003 0.930±0.002
+ RL only (β = 0, γ > 0) 0.935±0.001 0.938±0.003 0.948±0.002 0.946±0.001 0.927±0.002 0.928±0.001
Full: Contrastive + RL (β > 0, γ > 0) 0.940±0.002 0.946±0.003 0.960±0.002 0.962±0.001 0.940±0.003 0.943±0.001

instance, RoBERTa-base consists of 12 layers with
a hidden size of 768, resulting in 20× 12× 768 =
184,320 trainable parameters, which is less than
0.15% of the 125M parameters of the whole model.
For Falcon-RW-1B, the number of updated param-
eters 32×20×4544 = 2,908,160 remains approx-
imately equal to 0.25% out of 1B weights in the
model. Thus, our method is well-suited for settings
with limited computational resources or constraints
on model modification.

Though we tried to keep the comparison focused
on the prompt-as-adapter design space and frozen
LM, it is possible to compare the results with PEFT
baselines, such as LoRA, or even SFT (Supervised
Fine-Tuning). In our preliminary experiment, we
fixed the number of trainable parameters to ap-
proximately match our prompt learning (185K, i.e.,
0.15% of the total number of parameters) by set-
ting rank 2 for only part of the layers. As a re-
sult, LoRA’s maximal accuracy for RoBERTa is
88.9% for SST-2 and 87.6% for TREC, i.e., 4-8%
lower than our method (94% for SST-2 and 96%
for TREC). For sure, if we increase the number
of trainable parameters, we can exceed our results.
For instance, setting rank to 32 (1.8M trainable pa-
rameters, an order of magnitude higher than for our
method) leads to accuracy 94.29% for SST-2 and
98.6% for TREC. Full SFT (125M trainable param-
eters) is even more accurate: 94.45% for SST-2 and
98.8% for TREC (Wang and Azman, 2025).

To better understand the contribution of each
component in our hybrid framework, we perform
ablation experiments by selectively disabling parts
of the loss function. Table 2 summarizes the im-
pact of each component. Here, combining gradient-
based soft prompt tuning with contrastive and RL
refinements yields consistent and significant accu-
racy improvements across tasks and model archi-
tectures. The two-stage design is practical: the
initial P-Tuning phase provides a strong starting
point for optimization, while contrastive regular-
ization enhances generalization by structuring the
prompt embedding space via pulling together same-
class examples. Although applied infrequently,

reinforcement-based updates align the optimization
process with the true end-task objective (classifi-
cation accuracy, Eq. 1), yielding additional perfor-
mance gains.

5 Conclusion

This paper introduces a novel Algorithm 1 for soft
prompt learning without modifying the backbone
LM, making it suitable for resource-constrained
scenarios and simultaneously solving multiple clas-
sification tasks with the same LM. Known prompt-
tuning methods typically use either gradient-based
methods (e.g., P-Tuning) or RL-based refinement
(e.g., ConsPrompt), but not both, as in the proposed
approach. Our ablation (Table 2) shows that each
component helps: contrastive learning provides rep-
resentational robustness and intra-class cohesion,
and policy-gradient tuning directly maximizes end-
task reward. Their combination yields synergistic
gains that neither approach achieves on its own.
Empirically, CRL-Prompt outperforms both pure
soft-tuning (Prompt v1/v2) and RL-only baselines
(ConsPrompt) on all datasets (Table 1).

The proposed CRL-Prompt is most beneficial
for practical usage when (a) it is required to
adapt a frozen backbone with strict parameter-
efficiency constraints, (b) the evaluation metric is
non-differentiable or asymmetric (F1, EM, user
preference), or (c) training samples are small, so the
representation robustness matters. Our approach
is usually better than existing prompt-tuning tech-
niques, as they can be incorporated into the first
stage of our method. Other alternatives for modi-
fying the backbone via PEFT or SFT are sensible
in large-data regimes. Thus, our method’s simplic-
ity, modularity, and effectiveness across datasets
and models may make it a practical foundation for
scalable LM adaptation in various settings.

Limitations

Due to focus on classification problems, we chose
relatively small language models (RoBERTa-base,
Falcon-1B) that are widely used in practice for
such tasks. Moreover, as shown in our experiment
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with the EmphateticDialogues dataset, our results
with RoBERTa are even better than hand-crafted
prompt design for GPT-4 (Mozikov et al., 2024).
Nevertheless, for more complex tasks, it may be
worthwhile to consider more sophisticated LMs in
the future.

Moreover, our algorithm incurs additional train-
ing costs due to the online computation of accuracy
in the RL loss (1), which can be time-consuming
when the validation set is large. One promising
direction is to use off-policy or bandit-based RL
algorithms (Li et al., 2023) to reduce the overhead
of online reward computation.

Ethical Considerations

It is recognized that the development of language
models entails inherent risks that require a de-
liberate examination of their ethical implications.
The experimental framework has incorporated pre-
trained models, such as RoBERTa-base and falcon-
rw-1b, and public datasets, including AG News,
TREC, SST-2, and EmphateticDialogues. Their re-
spective publishers have carefully processed these
models and datasets, addressing potential ethical
concerns. Moreover, using text classification algo-
rithms may pose potential societal risks, none of
which we feel need to be specifically highlighted
here. However, ethical risks associated with de-
ployment should be carefully analyzed: overconfi-
dence in CRL-Prompt’s high accuracy could lead to
unchecked text classification outputs in high-stakes
scenarios (e.g., healthcare).
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A Experimental Setup

All methods were implemented using the Hugging-
Face Transformers and PEFT libraries (Belkada
et al., 2023). To tune the hyperparameters, we used
a brute-force search on our validation set (10%
of the initial training set). For our approach, we
extended the standard training pipeline with a cus-
tom Trainer to support the two-phase optimization
scheme described in Algorithm 1. In the first phase,
we initialize the soft prompt with 20 virtual tokens
per layer, following standard practice in prompt tun-
ing literature. We optimize this prompt using cross-
entropy loss with a fixed learning rate of 1× 10−3

and a batch size 32. This setup proved sufficient to
yield stable convergence in the initial prompt em-
bedding. In the second phase, the model is refined
via contrastive regularization and RL-style updates.
We perform a small-scale grid search over learning
rates {1× 10−3, 2× 10−3, 5× 10−4, 1× 10−4}
to ensure stable performance during joint optimiza-
tion. In all experiments, we use contrastive dropout
at 10% and set the temperature parameter in the
InfoNCE loss to τ = 0.1.

To reduce computational overhead, we compute
RL-based reward signals every M = 100 steps
using a 10% hold-out subset of the training data.
Although this introduces additional cost, it helps
align prompt updates with the true downstream met-
ric (classification accuracy). The loss components
(5) are weighted as follows. For β, we performed
a small grid search over 0.1, 0.3, 0.5. We found
β = 0.3 to be a robust default across datasets. For
γ, rather than relying on a single fixed value, we se-
lected it based on the relative contribution of the RL
branch: γ was chosen such that the effective magni-
tude of the RL loss contributes approximately 30%
of the total loss during early training. This heuristic
consistently stabilized training while preserving the
benefits of RL feedback. Extremely large γ destabi-
lizes optimization, while extremely small γ renders
RL ineffective; our selection strategy avoids both
regimes. As a result, we used γ = 2× 10−5 for re-
inforcement loss in all experiments. Overall, these

settings represent a trade-off between stability, ef-
ficiency, and expressiveness, and they generalize
well across datasets and model architectures in our
experiments.

We use the following HandCraft prompts:

• AG News: “Read the following news:
{text}. What is the category of news
(World, Sport, Business, or Science)?
Answer:”

• TREC: “Question: {text}. Class of
question (Entity, Abbreviation,
Description, Human, Location,
Number):”

• SST–2: “Review: {text}.
Sentiment of review (positive or
negative):”

Here, {text} is replaced by the input exam-
ple, and the model’s top-scoring output token was
mapped to the corresponding label.

B Use of scientific artifacts and AI
assistants

AG News dataset2 was provided by the academic
community for research purposes. TREC dataset3

is available under CC0: Public Domain license.
SST–24 was also released under CC0: Public Do-
main license. Finally, EmpatheticDialogues5 was
provided under a CC BY-NC-SA 4.0 license.

RoBERTa-base6 is available under the MIT Li-
cense, while falcon-rw-1b7 is distributed under the
Apache License 2.0. We used all the artifacts as
intended by their creators. No personal information
or offensive content is contained in the considered
datasets.

The original text of this paper was spell- and
grammar-checked and slightly smoothed out using
Grammarly.

2https://www.kaggle.com/datasets/amananandrai/
ag-news-classification-dataset

3https://www.kaggle.com/
datasets/thedevastator/
the-trec-question-classification-dataset-a-longi

4https://www.kaggle.com/datasets/atulanandjha/
stanford-sentiment-treebank-v2-sst2

5https://www.kaggle.com/datasets/
atharvjairath/empathetic-dialogues-facebook-ai

6https://huggingface.co/FacebookAI/
roberta-base

7https://huggingface.co/tiiuae/falcon-rw-1b
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