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Abstract

Learning from preference-based feedback has
become an effective approach for aligning
LLMs across diverse tasks. However, high-
quality human-annotated preference data re-
mains expensive and scarce. Existing meth-
ods address this challenge through either self-
rewarding, which scales by using purely AI-
generated labels but risks unreliability, or active
learning, which ensures quality through oracle
annotation but cannot fully leverage unlabeled
data. In this paper, we present COACT, a novel
framework that synergistically combines self-
rewarding and active learning through strate-
gic human-AI collaboration. COACT leverages
self-consistency to identify both reliable self-
labeled data and samples that are requiring ora-
cle verification. Additionally, oracle feedback
guides the model to generate new instructions
within its solvable capability. Evaluated on
three reasoning benchmarks across two model
families, COACT achieves average improve-
ments of +13.25% on GSM8K, +8.19% on MATH,
and +13.16% on WebInstruct, consistently
outperforming all baselines. 1

1 Introduction

Preference alignment has demonstrated remarkable
performance across a wide array of tasks, including
instruction following, question answering, math
reasoning, and creative writing (Rafailov et al.,
2024; Ouyang et al., 2022; Anthropic, 2022; Chris-
tiano et al., 2017; Hu et al., 2024b; Wang et al.,
2025b). However, the scarcity of high-quality
human-annotated pairwise preference data severely
limits the effectiveness and scalability of prefer-
ence learning methods (Luo et al., 2025; Yuan et al.,
2024; Li et al., 2024b; Lee et al., 2024; Lei et al.,
2026; Hu et al., 2026). Existing approaches (Huang
et al., 2023a; Yuan et al., 2024; Shen et al., 2025;

1Our code is available at https://github.com/rux001/
CoAct.

(a) Training

Training

Training

(b)

(c)

Self-Labeled

Response 1

. . .

Response N

Oracle-
Labeled

Preferred
Response

Dispreferred
Response

Preferred
Response

Dispreferred
Response

Response 1

. . .

Response N

Response 1

. . .

Response N

Figure 1: (a) Self-rewarding uses AI self-labeled data
to construct preference pairs; (b) Active preference
learning uses human annotation to ensure data quality;
(c) Our framework COACT combines both approaches
through human-AI collaboration.

Das et al., 2025) tackle either data scarcity or data
quality in isolation, each making distinct trade-offs.

To address the challenge of data scarcity in
preference learning, recent works explore “self-
rewarding” pipelines that utilize LLMs themselves
to generate new instructions, produce candidate
responses, and construct preference pairs through
self-evaluation (Huang et al., 2023a; Yuan et al.,
2024; Chen et al., 2024; Rosset et al., 2024). By
leveraging the model’s own judgments to create
training data, these self-rewarding frameworks dra-
matically reduce the need for human annotation or
external reward models. While promising in their
scalability, these approaches face a critical limita-
tion: without external validation, they are prone to
amplifying self-bias errors, where models reinforce
their own errors and misconceptions through iter-
ative self-training, potentially diverging from true
human preferences (Laidlaw et al., 2025; Zhang
et al., 2025; Shafayat et al., 2025; Ding et al., 2024;
Huang et al., 2023b; Bansal and Sharma, 2023).

On the other hand, active preference learning
has been explored to ensure data quality (Shen
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et al., 2025; Das et al., 2025; Lin et al., 2026;
Muldrew et al., 2024). These methods incorpo-
rate an iterative data acquisition and fine-tuning
loop, where at each iteration, the most informative
samples are strategically selected from an unla-
beled pool for human annotation. However, active
preference learning faces its own fundamental lim-
itation: the constrained annotation budget prevents
utilization of the vast amounts of remaining unla-
beled data, and thus, potentially valuable samples
are neglected. These two paradigms present a fun-
damental dilemma: How can we achieve better
data efficiency for LLM alignment by leveraging
the synergy between human and AI?

In this paper, we introduce COACT, a novel
framework that bridges self-rewarding and ac-
tive learning for preference alignment through
strategic human-AI synergy as shown in Figure 1.
Our framework operates through an iterative pro-
cess: at each round, we generate multiple re-
sponses for each unlabeled instruction and con-
struct preference pairs through the idea based on
self-consistency (Wang et al., 2023; Prasad et al.,
2025; Jiao et al., 2025) – the most consistent re-
sponse is considered as chosen and the least con-
sistent one is used as rejected. Based on the con-
sistency score of the chosen response, we partition
samples into high-consistency and low-consistency
subsets. For high-consistency samples, we further
identify samples with potential self-consistent er-
rors through k-NN distance metrics (Sun et al.,
2022). Those samples will be routed for oracle
labeling along with low-consistency subset. The
remaining high-consistency samples are directly
used as self-labeled training data. Remarkably, or-
acle feedback serves a dual purpose: ➀ providing
reliable training signals through verified preference
pairs, and ➁ guiding new instruction generation,
where oracle-verified examples serve as in-context
demonstrations to generate instructions within the
model’s solvable capability. Finally, both oracle-
labeled and self-labeled preference pairs are com-
bined to update the model using a modified DPO
objective that incorporates both the DPO loss and
an NLL regularization term (Pang et al., 2024).

In our experiments, we evaluate COACT using
two model families (Llama3-8B and Qwen3-4B)
across three reasoning benchmarks (GSM8K, MATH,
WebInstruct). Experimental results demonstrate
that COACT achieves substantial performance
improvements over baseline methods. Specifi-
cally, COACT achieves average gains of +13.25%

on GSM8K, +8.19% on MATH, and +13.16% on
WebInstruct across both models after four train-
ing iterations. Notably, COACT outperforms the
strongest baseline by 4-8 percentage points at
the final iteration. Beyond in-domain perfor-
mance, COACT demonstrates strong generalization
to out-of-domain benchmarks, consistently achiev-
ing the best performance on GPQA and MMLU-Pro.
Moreover, we analyze the effectiveness of self-
consistency for preference construction, observing
strong Pearson correlations with accuracy.

2 Related Work

LLM Preference Alignment. Preference align-
ment aims to align LLMs with human prefer-
ences across dimensions including safety, help-
fulness, factuality, reasoning, and scientific dis-
covery (Askell et al., 2021; Ouyang et al., 2022;
Hu et al., 2025a; Wang et al., 2025c, 2026).
Reinforcement Learning from Human Feedback
(RLHF) (Leike et al., 2018; Stiennon et al., 2020)
is a prevalent approach that trains a reward model
from human preferences and uses reinforcement
learning algorithms such as PPO to optimize
the language model (Anthropic, 2022; Christiano
et al., 2017). Direct Preference Optimization
(DPO) (Rafailov et al., 2024) has emerged as a
more efficient alternative, eliminating the explicit
reward model by directly optimizing preference
probabilities. Several extensions have since been
proposed, including KTO (Ethayarajh et al., 2024),
GPO (Zhao et al., 2024), ΨPO (Azar et al., 2024),
and ODPO (Amini et al., 2024).

However, high-quality annotated preference data
remains limited and expensive to obtain. Recent
work leverages LLMs themselves to generate or
verify preference data, commonly referred to as
RLAIF or self-rewarding (Lee et al., 2024; Yuan
et al., 2024; Chen et al., 2024; Prasad et al., 2025;
Shafayat et al., 2025; Wu et al., 2025; Liu et al.,
2025b; Hu et al., 2025b). For instance, Yuan et al.
(2024) propose self-rewarding language models,
where the model acts as its own judge via LLM-
as-a-Judge prompting to evaluate self-generated
responses and iteratively improve itself. While
this approach improves scalability, it introduces the
risk of self-bias (Bansal and Sharma, 2023; Wang
et al., 2024a, 2023; Xu and Ding, 2026). Prior
works have explored human-AI collaboration for
data generation in traditional NLP (Bartolo et al.,
2022; Liu et al., 2022; Wang et al., 2024a). Recent
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work (Liu et al., 2025a) explores human-AI collab-
oration for generating preference data for reward
model training. However, their approach relies on
a group of strong LLMs to aggregate preference
judgments, which remains resource-intensive.

Active LLM Alignment. Active learning for
LLM alignment seeks to maximize alignment
quality while minimizing human annotation costs
by strategically selecting queries for labeling.
Early work on active preference learning focused
on applications in robotics and autonomous sys-
tems (Sadigh et al., 2017; Biyik and Sadigh, 2018;
Wang et al., 2025a). In the context of LLMs, recent
approaches can be broadly categorized into heuris-
tic methods and theoretically grounded frameworks.
Heuristic methods leverage uncertainty-based met-
rics (Muldrew et al., 2024; Melo et al., 2024;
Gleave and Irving, 2022; Hu et al., 2024a) or
margin-based selection criteria (Muldrew et al.,
2024) to identify high-value samples. From a theo-
retical perspective, Das et al. (2025) introduce Ac-
tive Preference Optimization (APO), which frames
active selection as a contextual dueling bandit prob-
lem and proves near-optimal sample complexity
bounds. Similarly, Mehta et al. (2023) study duel-
ing bandits for preference learning with theoretical
guarantees. In contrast, Lin et al. (2026) proposes a
selection criterion for non-linear reward functions
that directly leverages the LLM itself to parameter-
ize the reward model used for active data selection.
Nevertheless, their approach has two key limita-
tions: ➀ the selection criterion may be less effec-
tive for complex reasoning tasks, and ➁ they do
not fully exploit the unlabeled data pool.

3 Preliminary

In this section, we establish the notation and for-
malize the problem setting for active preference
learning:

Definition 1 (Active Preference Learning). Let
DU = {xj}NU

j=1 denote an unlabeled instruction

pool and DL = {(xi, y+i , y−i )}NL
i=1 an initial set

of labeled preference pairs with y+i ≻ y−i . An
Active Preference Learning algorithm proceeds in
iterations: at each step t, given a batch Bt ⊂ DU

of instructions, generates multiple candidate re-
sponses per instruction using the current model
θt, select the top M pairs for oracle preference
labeling to obtain D(t)

oracle based on an acquisi-
tion function. The labeled set is augmented as

DL ← DL ∪ D(t)
oracle, and model parameters are

updated via a preference-learning objective.

We now formalize Co-Active Preference Learn-
ing, which integrates human and AI supervision:

Definition 2 (Co-Active Preference Learning).
Building upon APL, Co-Active Preference Learn-
ing augments the active learning loop with self-
generated supervision. At each iteration t, given
batch Bt ⊂ DU , the algorithm constructs self-
labeled preference pairs D(t)

AI = {(x, ỹ+, ỹ−) |
x ∈ Bt} alongside selecting M pairs for oracle
labeling to obtain D(t)

oracle. The labeled set is aug-
mented as DL ← DL ∪ D(t)

oracle ∪ D
(t)
AI , and model

parameters are updated via a preference-learning
objective.

4 COACT: Human-AI Co-Active
Preference Learning

Self-Consistency Preference Construction. For
each instruction x in the current batch Bt, we use
temperature-based sampling with the current model
θt to generate k diverse responses:

yx = {y1, y2, . . . , yk} ∼ θt(·|x) (1)
where each response yi includes both the reasoning
process and the final answer. This diverse sampling
enables us to capture the model’s uncertainty (He
et al., 2025) and reasoning variations for the same
instruction. Previous work has demonstrated the
promising ability of self-consistency properties of
LLMs to improve answer accuracy (Wang et al.,
2023; Huang et al., 2023a; Yang et al., 2024; Prasad
et al., 2025; Xu et al., 2026). The core intuition be-
hind this approach is that while LLMs may produce
individual incorrect responses, it is significantly
more difficult for them to consistently generate the
same erroneous answer across multiple indepen-
dent sampling attempts.

Therefore, we employ a consistency function
C(·) to measure response consistency and then
further construct preference pairs based on self-
consistency. The consistency function extracts the
final answer from each response y ∈ yx via ans(·)
and computes the relative frequency:

C(y) =
1

k

k∑

m=1

1{ans(ym) = ans(y)} (2)

Using this consistency function, we create ini-
tial preference pairs D(t)

self for the current batch
Bt by selecting responses with extreme con-
sistency scores. Specifically, we identify the
most consistent response as the chosen response
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Figure 2: Overview of the COACT framework. COACT combines three key components: ➀ self-consistency-based
preference construction, ➁ strategic oracle annotation selection, and ➂ oracle-guided instruction augmentation to
generate new training data within the model’s capability.

y+ = argmaxy∈yx C(y) and the least consis-
tent response as the rejected response y− =
argminy∈yx C(y). The preference pairs are then
constructed as:

D(t)
self = {(x, y+, y−) | x ∈ Bt} (3)

Based on the consistency score of the chosen re-
sponse, we further partition the preference pairs
into two subsets:

D(t)
high = {(x, y+, y−) ∈ D(t)

self : C(y+) ≥ τ}
D(t)

low = {(x, y+, y−) ∈ D(t)
self : C(y+) < τ}

(4)
where τ is a consistency threshold that separates
high-confidence self-labels from uncertain cases.

Data Selection for Oracle Annotation. In tra-
ditional active learning pipelines, the goal is to
select the most informative samples for annotation
under strict budget constraints (Li et al., 2024a;
Shen et al., 2025; Lin et al., 2026). However, this
approach faces a fundamental limitation: the con-
strained labeling budget prevents the utilization of
potentially valuable information contained in the
remaining unlabeled data. This raises a critical
question: Given limited annotation budgets, can
we leverage both oracle-labeled data and LLM
self-labeled data together to synergistically boost
model performance?

Oracle Feedback Protocol

Preference Evaluation: Verify whether
y+ ≻ y− is correct; flip to y− ≻ y+ if
incorrect

Given an oracle labeling budget of M samples
for iteration t, we strategically allocate this budget
between low-consistency and high-consistency sub-
sets to maximize information gain. Our approach
partitions the budget as M = Mlow+Mhigh, where
Mlow and Mhigh represent the number of samples
selected from D(t)

low and D(t)
high, respectively.

◦ Low-Consistency Selection for Oracle Labeling:
For the low-consistency subset, we select the top
Mlow samples with the lowest consistency scores
for their chosen responses, as these represent the
most uncertain cases:

S(t)low = TopKlowest(D
(t)
low,Mlow, C(y+)) (5)

where TopKlowest selects the Mlow samples with
the smallest consistency scores C(y+).

◦ High-Consistency Selection for Oracle Label-
ing: While high consistency typically indicates
higher reliability, LLMs may still generate self-
consistent but incorrect responses. These er-
rors can be especially harmful because they rein-
force flawed reasoning patterns (Tan et al., 2025;
Duan et al., 2024). To identify such errors in
the high-consistency subset D(t)

high, we adopt a
non-parametric k-nearest neighbors (k-NN) ap-
proach inspired by research in out-of-distribution
(OOD) detection (Sun et al., 2022; Xu and Ding,
2025; Yang et al., 2025b, 2022).

We hypothesize that LLMs generate high-
consistency errors on instructions deviating from
correctly solved problems. Using oracle-verified
correct preferences from previous iterations as
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in-distribution (ID) data: D(t)
ID = {(x, y+, y−) ∈

S(t−1)
oracle : y+ ≻ y− correct}. For each xi ∈ D(t)

high,
we extract normalized penultimate hidden states:
zi = ϕ(xi)/∥ϕ(xi)∥2, where ϕ is the model’s
feature encoder. We compute the k-NN dis-
tance: rk(zi) = min

z∈Z(t)
ID
∥zi − z∥2 where

Z(t)
ID = {ϕ(x)/∥ϕ(x)∥2 : (x, y+, y−) ∈ D(t)

ID }.
Larger k-NN distances indicate likely OOD sam-
ples with self-consistent errors. We select:

S(t)high = TopKlargest(D
(t)
high,Mhigh, rk(zi)) (6)

The final oracle evaluation set D(t)
oracle = S(t)low ∪

S(t)high undergoes human assessment to obtain pref-
erence labels.
Question Augmentation with Oracle Feedback.
Prior work has demonstrated that expanding ques-
tion diversity to cover a broader range of unseen
scenarios effectively improves performance (Yu
et al., 2024; Prasad et al., 2025). To this end, we
exploit oracle annotation for a dual purpose: it pro-
vides gold labels for samples where the LLM is
most uncertain and reveals cases where the model
can provide accurate responses. We leverage these
oracle-verified examples as in-context demonstra-
tions to guide the LLM in generating new, diverse
instructions that remain within its solvable capa-
bility. Specifically, we extract the subset of high-
consistency samples with correct preferences:

D(t)
correct = {(x, y+, y−) ∈ S(t)high :

y+ ≻ y− is correct}
(7)

We randomly sample n instruction examples from
D(t)

correct and prompt the model to generate new in-
structions:
D(t)

new = {x′i ∼ θt(· | ICL(D(t)
correct, n))}Nnew

i=1 (8)

where ICL(D(t)
correct, n) constructs an in-context

learning prompt from n sampled instructions, gen-
erating Nnew new instructions {x′i}Nnew

i=1 . For each
newly generated instruction x′i ∈ D

(t)
new, we apply

the same self-consistency preference construction
procedure to generate k responses and construct
preference pairs (x′i, y

′+
i , y′−i ). We filter these pairs

by the consistency threshold and combine them
with the original high-consistency self-labeled pairs
to form the final AI-labeled dataset:

D(t)
AI =(D(t)

high \ S
(t)
high) ∪ {(x′i, y′+i , y′−i )

: x′i ∈ D(t)
new, C(y′+i ) ≥ τ}

(9)

Model Update. We combine oracle-labeled and
AI-labeled pairs to constructD(t)

final = D
(t)
oracle∪D

(t)
AI .

We update θt using a modified DPO objective (Pang
et al., 2024):

L(θt) = −E(x,y+,y−)∼D(t)
final

[
log σ

(
β log

θt(y
+|x)

θ0(y+|x)

− β log
θt(y

−|x)
θ0(y−|x)

)
− α|y+| log θt(y+|x)

]

(10)
where β > 0 controls preference learning strength,
α ≥ 0 regulates the likelihood term, and |y+|
weights by response length. The updated model
θt+1 is then used to generate responses for the next
iteration (t + 1), enabling iterative improvement
where each round builds upon the refined capabili-
ties of the previous model. This AI-human supervi-
sion strategy is theoretically grounded:

When Does Mixed Supervision Help?

Theorem (see §D for proof): Let Doracle

be clean with size No and DAI have size
Nai with symmetric noise ϵai < 1

2 . Let
Gap(π) = V ∗(π∗)−V ∗(π) denote the policy
sub-optimality. Then
Gap(πoracle)

Gap(πmix)
≥

√
1 +

Nai(1− 2ϵai)2

No
.

5 Experiments

5.1 Experimental Setup

Datasets. To evaluate the effectiveness of our pro-
posed COACT, we utilize three commonly used
reasoning benchmarks for our main experiment:
GSM8K (Cobbe et al., 2021) for grade school math-
ematical reasoning, MATH (Hendrycks et al., 2021)
for advanced competition-level mathematics, and
WebInstruct (Ma et al., 2025) for physics reason-
ing. To assess generalization to out-of-domain
data, we further evaluate on AIME (Veeraboina,
2023) for advanced mathematical problem-solving,
GPQA (Rein et al., 2024) for graduate-level science
questions, and MMLU-Pro (Wang et al., 2024b) for
multi-domain knowledge. Detailed dataset statis-
tics are provided in Appendix A.
Baselines. We compare our approach against sev-
eral active learning methods for preference align-
ment, focusing on different data selection strate-
gies for oracle annotation while maintaining con-
sistent training procedures across all methods: (1)
Random randomly selects preference pairs with-
out informativeness criteria; (2) Entropy (Muldrew
et al., 2024) selects samples with highest prediction
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Table 1: Performance across active learning iterations on reasoning benchmarks with different base models. Results
show accuracy (%). Numbers with arrows indicate improvement (↑) or decline (↓) over base model. We highlight
the best and second best results per iteration.

Base Model Dataset Methods Random Entropy Pref Certainty Pref + Ent COACT

Llama3
8B

GSM8K

Base Model 23.53 23.53 23.53 23.53 23.53

✛ Iteration 1 25.34↑1.81 26.43↑2.90 27.15↑3.62 28.92↑5.39 31.95↑8.42
✛ Iteration 2 28.05↑4.52 30.41↑6.88 32.48↑8.95 31.76↑8.23 37.56↑14.03
✛ Iteration 3 31.31↑7.78 33.21↑9.68 34.62↑11.09 35.89↑12.36 40.63↑17.10
✛ Iteration 4 34.57↑11.04 36.56↑13.03 37.28↑13.75 39.41↑15.88 43.58↑20.05

MATH

Base Model 4.62 4.62 4.62 4.62 4.62

✛ Iteration 1 11.44↑6.82 11.24↑6.62 11.02↑6.40 11.34↑6.72 8.46↑3.84
✛ Iteration 2 11.78↑7.16 11.76↑7.14 10.84↑6.22 11.45↑6.83 10.88↑6.26
✛ Iteration 3 11.89↑7.27 12.01↑7.39 11.72↑7.10 11.94↑7.32 13.21↑8.59
✛ Iteration 4 12.07↑7.45 12.94↑8.32 11.08↑6.46 13.07↑8.45 14.46↑9.84

WebInstruct

Base Model 7.69 7.69 7.69 7.69 7.69

✛ Iteration 1 7.05↓0.64 7.51↓0.18 9.23↑1.54 10.26↑2.57 11.54↑3.85
✛ Iteration 2 4.69↓3.00 7.93↑0.24 13.46↑5.77 12.18↑4.49 15.38↑7.69
✛ Iteration 3 5.13↓2.56 8.82↑1.13 11.97↑4.28 13.08↑5.39 13.82↑6.13
✛ Iteration 4 9.62↑1.93 10.11↑2.42 14.53↑6.84 14.87↑7.18 15.97↑8.28

Qwen3
4B

GSM8K

Base Model 88.39 88.39 88.39 88.39 88.39

✛ Iteration 1 92.35↑3.96 93.51↑5.12 94.12↑5.73 92.67↑4.28 93.44↑5.05
✛ Iteration 2 93.48↑5.09 93.08↑4.69 94.58↑6.19 93.21↑4.82 94.75↑6.36
✛ Iteration 3 94.14↑5.75 93.67↑5.28 94.93↑6.54 94.31↑5.92 95.02↑6.63
✛ Iteration 4 93.57↑5.18 94.02↑5.63 94.03↑5.64 94.58↑6.19 94.84↑6.45

MATH

Base Model 69.17 69.17 69.17 69.17 69.17

✛ Iteration 1 68.78↓0.39 68.24↓0.93 68.46↓0.71 69.12↓0.05 73.91↑4.74
✛ Iteration 2 69.28↑0.11 68.94↓0.23 69.24↑0.07 69.87↑0.70 74.39↑5.22
✛ Iteration 3 69.43↑0.26 69.38↑0.21 69.01↓0.16 71.68↑2.51 75.64↑6.47
✛ Iteration 4 70.89↑1.72 70.14↑0.97 70.52↑1.35 70.21↑1.04 75.71↑6.54

WebInstruct

Base Model 35.92 35.92 35.92 35.92 35.92

✛ Iteration 1 37.68↑1.76 39.14↑3.22 41.25↑5.33 42.87↑6.95 44.23↑8.31
✛ Iteration 2 40.15↑4.23 43.26↑7.34 47.92↑12.00 46.73↑10.81 50.38↑14.46
✛ Iteration 3 42.37↑6.45 45.89↑9.97 49.64↑13.72 50.21↑14.29 52.77↑16.85
✛ Iteration 4 44.12↑8.20 47.83↑11.91 51.25↑15.33 52.48↑16.56 53.96↑18.04

entropy to target model uncertainty; (3) Pref Cer-
tainty (Muldrew et al., 2024) prioritizes samples
with low confidence in preference predictions; and
(4) Pref + Ent (Muldrew et al., 2024) combines
preference uncertainty with prediction entropy. All
baselines follow identical training protocols us-
ing the same DPO objective and hyperparameters,
differing only in their oracle annotation selection
strategies. Detailed descriptions of each baseline
method are summarized in Appendix B.

Implementation Details. We use
Llama3-8B (Grattafiori et al., 2024) and
Qwen3-4B (Yang et al., 2025a) as backbone
models to demonstrate effectiveness across
different model families and scales. For each

iteration, we set the oracle budget to M = 300 and
train all models using the modified DPO objective
for 10 epochs with learning rate 5 × 10−6 and
effective batch size 16. We set the DPO hyperpa-
rameter β = 0.5, NLL regularization coefficient
α = 1, and the number of sampled responses
k = 8. When generating multiple responses and
questions, we sample using temperatures from
the set {0.35, 0.4, 0.45, 0.5, 0.55, 0.6, 0.65, 0.7}
to encourage diverse reasoning paths. Additional
details are in Appendix C.

5.2 Main Results
Table 1 presents the performance of COACT com-
pared to baseline active learning methods across
three reasoning benchmarks and two model fam-
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Figure 3: Left: Average majority vote share across iterations, showing the percentage of samples where the most
frequent answer from k sampled responses matches the ground truth. Right: Comparison of GT-Oracle vs LLM-
Oracle across iterations.

ilies. We make three key observations: Observa-
tion ➀: COACT consistently outperforms base-
lines in later iterations. Across both model fam-
ilies and all three datasets, COACT achieves the
best performance by iteration 4. On Llama3-8B,
COACT improves over the base model by 20.05%
on GSM8K, 9.84% on MATH, and 8.28% on
WebInstruct. However, we observe that on MATH
with Llama3-8B, COACT underperforms baselines
in early iterations. This is likely due to the base
model’s low initial capability, causing generated
responses to be too noisy for reliable self-labeling.
Observation ➁: Performance variance decreases
with stronger base models. When the base model
has strong initial capability, performance differ-
ences across methods become less pronounced. On
Qwen3-4B with GSM8K, the performance spread at it-
eration 4 is only 1.27%. In contrast, on Llama3-8B
with GSM8K, the spread is 9.01%. This suggests
that strategic data selection matters more when the
base model has substantial room for improvement,
while stronger models benefit more uniformly from
additional preference data regardless of selection
strategy. Observation ➂: Strategic mixing of
oracle and self-labeled data is crucial. The vari-
ance in baseline performance highlights the impor-
tance of data utilization. Random sampling often
shows the weakest performance, particularly on
WebInstruct with Llama3-8B where it degrades
performance.

5.3 More Analysis
To provide deeper insights into COACT, we analyze
① self-consistency evolution across iterations, ②

consistency-accuracy correlation, ③ oracle design
choices, and ④ out-of-domain generalization, all
using Llama3-8B.
Self-Consistency Change Over Iterations. From
Figure 3 (left), we observe that models become
more consistent across iterations, with the average

vote share C(y+) increasing steadily on all datasets.
Notably, we find that datasets where the model
achieves higher performance also exhibit stronger
self-consistency. This positive correlation between
consistency and accuracy validates our approach
of using self-consistency as a reliable proxy for
response quality in constructing preference pairs.

Table 2: Pearson correlation between self-consistency
C(y) and accuracy on test set across iterations.

Dataset Iteration 1 Iteration 2 Iteration 3 Iteration 4
GSM8K 0.8654 0.8721 0.9582 0.9745
MATH 0.9135 0.9429 0.9601 0.9756
WebInstruct 0.7815 0.8623 0.9183 0.9544

Self-Consistency vs. Accuracy. After each it-
eration, we evaluate the trained model on the
test set by generating k responses per instruction
and constructing preference pairs using our self-
consistency criterion. For each test instruction
x, we compute the consistency score C(y+) of
the chosen response and compare it against the
ground-truth correctness. Table 2 reports the Pear-
son correlation between self-consistency scores and
test accuracy across training iterations on GSM8K,
MATH, and WebInstruct. Across all datasets, self-
consistency exhibits a strong positive correlation
with accuracy, and this correlation consistently
strengthens over successive iterations.
Choice of Oracle. We compare two oracle sce-
narios to validate our design choices. In our main
experiments, we employ GPT-5 as the oracle LLM
and also provide ground-truth answers as refer-
ences to judge preference pairs. We compare this
approach with an alternative where GPT-5 serves as
the oracle based purely on its own judgment. Fig-
ure 3 presents the performance comparison across
GSM8K, MATH, and WebInstruct datasets over four
training iterations. Across all three benchmarks,
both oracle configurations yield comparative perfor-
mance. These results indicate that powerful LLMs
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can serve as effective substitutes for humans, sub-
stantially reducing annotation costs while maintain-
ing strong performance.
Out-of-Domain Generalization. We evalu-
ate out-of-domain generalization on GPQA and
MMLU-Pro using models trained on GSM8K, MATH,
and WebInstruct. As shown in Figure 5,
COACT consistently outperforms all baselines
across training datasets, demonstrating robust trans-
fer to unseen domains. We hypothesize that oracle-
guided instruction augmentation contributes to this
improved generalization by diversifying the train-
ing distribution within the model’s solvable range.
A more comprehensive analysis is provided in Ap-
pendix E.
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Figure 5: Out-of-domain generalization on GPQA and
MMLU-Pro.

5.4 Ablation and Sensitivity Analysis

In this section, we conduct sensitivity analysis of
key hyperparameters and evaluate the effectiveness
of the key modules in COACT.
Effectiveness of k-NN Selection. To validate the
effectiveness of k-NN distance for detecting self-
consistent errors in high-consistency samples, we
compare different selection strategies. Figure 4
(left) shows the oracle incorrect rate for samples se-
lected by each method at Iteration 4 on Llama3-8B.
The k-NN distance approach consistently identifies
samples with significantly higher error rates across
all datasets, achieving 82.56% on GSM8K, 87.32%

on MATH, and 84.17% on WebInstruct. In contrast,
random selection yields substantially lower error
rates, while selecting the lowest consistency sam-
ples in this subset results in 70.42%, 74.23%, and
72.56%. This demonstrates that k-NN distance suc-
cessfully identifies OOD samples where the model
generates self-consistent but incorrect responses.
Impact of Consistency Threshold. We analyze
the sensitivity of COACT to the consistency thresh-
old τ that partitions samples into high and low-
consistency subsets. Figure 4 (middle) shows per-
formance across different threshold values at Iter-
ation 4 on Llama3-8B. Performance peaks around
τ = 4/8 to 5/8 across datasets, with degradation
at both lower and higher values. When τ is too low,
unreliable samples contaminate the self-labeled
training data; when too high, the effective train-
ing set size remains low.
Ablation Study. To understand the contribution of
each component in COACT, we conduct an ablation
study by removing key components and evaluating
performance at the final iteration on Llama3-8B.
Table 2 presents the results.Without both ques-
tion augmentation (Aug.) and self-labeling, the
framework relies solely on oracle-labeled data
from active selection, achieving 36.38% on GSM8K,
11.95% on MATH, and 13.53% on WebInstruct.
This oracle-only baseline demonstrates that lim-
ited annotation budget alone is insufficient to fully
unlock model capabilities. Interestingly, on MATH,
using question augmentation outperforms using
self-labeling alone, suggesting that oracle-guided
instruction generation within the model’s solv-
able range is more effective than leveraging self-
consistency on the original unlabeled instructions
if the original data is too hard.

6 Conclusion

In this paper, we introduce COACT, a framework
that bridges self-rewarding and active preference
learning through strategic human-AI collaboration.
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Our approach addresses the fundamental dilemma
in preference alignment: balancing the scalabil-
ity of AI-generated preference data with the qual-
ity assurance of human annotations. Experimental
results demonstrate that COACT achieves demon-
strative performance compared to existing active
preference learning pipelines. These findings estab-
lish COACT as a practical solution for preference
alignment in resource-constrained settings.

Limitations

While COACT demonstrates strong empirical per-
formance, we acknowledge several limitations.
First, generating multiple responses per instruc-
tion for self-consistency increases computational
overhead. Second, our evaluation focuses on rea-
soning tasks with objective answers. Third, the
consistency threshold requires dataset-specific tun-
ing, though performance remains relatively stable
across reasonable ranges. These limitations sug-
gest promising directions for extending COACT to
broader domains and more efficient consistency
estimation methods.
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A Datasets

We evaluate COACT on three reasoning bench-
marks covering different domains and difficulty
levels:
◦ GSM8K (Cobbe et al., 2021). GSM8K (Grade

School Math 8K) is a dataset of 8,500 grade
school math word problems that require multi-
step arithmetic reasoning. Each problem is
accompanied by a natural language solution
with intermediate reasoning steps and a fi-
nal numerical answer. Following previous
work (Prasad et al., 2025), we use a data split
of 6.7K/0.8K/1.3K for train/dev/test sets respec-
tively. We use the training set as our unlabeled
instruction pool, the dev set for validation, and
report final performance on the test set. For each
iteration, we sample a batch of 1,675 instruc-
tions from the unlabeled pool. Performance is
measured using exact match accuracy, where a
response is considered correct only if the final
numerical answer exactly matches the ground
truth.

◦ MATH (Hendrycks et al., 2021). The MATH
dataset contains 12,500 challenging competition-
level mathematics problems from high school
math competitions. Problems span various top-
ics including algebra, counting and probability,
geometry, intermediate algebra, number theory,
prealgebra, and precalculus. Each problem in-
cludes a detailed solution with step-by-step rea-
soning. We hold out a portion of the training set
to create a dev set for model selection and hyper-
parameter tuning, resulting in train/dev/test splits
of 6.7K/0.8K/5K problems respectively. We use
the training set as our unlabeled instruction pool
and report exact match accuracy on the test set.
For each iteration, we sample a batch of 1,675
instructions from the unlabeled pool.

◦ WebInstruct (Ma et al., 2025). WebInstruct is
a reasoning dataset designed to evaluate models’
ability to solve complex science problems across
diverse domains. In this paper, we focus on the
physics domain. We use the WebInstruct-verified
dataset from TIGER-Lab and filter samples by
answer type float to obtain numerical physics
problems. This results in train/dev/test splits of
8K/1K/156 samples respectively. The training
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set is further divided into 4 iterations of 2K sam-
ples each. For each iteration, we sample a batch
of 500 instructions from the current iteration’s
pool. We report exact match accuracy on the test
set.

Dataset Statistics. Table 3 summarizes key statis-
tics for the three reasoning benchmarks used in
our experiments. Table 4 reports the total train-
ing data size per iteration for both Llama3-8B and
Qwen3-4B, which includes oracle-labeled samples,
self-labeled samples, and augmented questions. Ta-
ble 5 presents the agreement rate between GPT-5
judgments and the original preference labels using
self-consistency construction. We observe consis-
tently high agreement rates across all settings, with
Qwen3-4B achieving higher agreement due to its
stronger initial capabilities.

Table 3: Dataset statistics for the three reasoning bench-
marks used in our experiments.

Dataset Train Dev Test Domain
GSM8K 6,700 800 1,319 Grade school math
MATH 6,700 800 5,000 Competition math
WebInstruct 8,000 1,000 156 Physics reasoning

Table 4: Total training data size per iteration for
Llama3-8B and Qwen3-4B.

Dataset Model It 1 It 2 It 3 It 4

GSM8K
Llama3-8B 865 948 1065 1034
Qwen3-4B 1792 1356 1495 1614

MATH
Llama3-8B 869 1124 915 971
Qwen3-4B 1206 1032 1281 1130

WebInstruct
Llama3-8B 1421 1350 1382 1415
Qwen3-4B 1655 1558 1617 1672

Table 5: Agreement (%) between GPT-5 judgments
and preference labels in the constructed dataset across
models, datasets, and iterations.

Dataset Model It 1 It 2 It 3 It 4

GSM8K
Llama3-8B 79.67 81.33 82.56 81.12
Qwen3-4B 91.14 92.34 93.00 92.68

MATH
Llama3-8B 77.78 79.12 79.16 82.37
Qwen3-4B 86.02 89.45 90.13 89.54

WebInstruct
Llama3-8B 86.43 87.24 87.78 90.18
Qwen3-4B 93.36 94.45 94.35 94.22

B Baselines

We compare COACT against four active learning
baselines for preference alignment. All methods

share the same iterative training framework and
DPO objective, differing only in their data selection
strategies for oracle annotation. At each iteration
t, each method samples a batch Bt from the unla-
beled pool, selects M samples from Bt for oracle
labeling, and trains the model using the modified
DPO objective.
◦ Random. This baseline randomly selects M

samples from the unlabeled instruction pool.

◦ Entropy (Muldrew et al., 2024). This method
leverages the predictive entropy of the language
model as an uncertainty measure. For each in-
struction x in the batch Bt, we sample k re-
sponses and approximate the predictive entropy
as:

Hpθ(y|x) ≈ −
1

k

k∑

i=1

log pθ(yi|x), yi ∼ pθ(·|x)

(11)
The method selects the top M samples with the
highest entropy, prioritizing instructions where
the model exhibits the greatest uncertainty.

◦ Preference Certainty (Pref Certainty) (Mul-
drew et al., 2024). This method focuses on
the model’s confidence in preference predictions
under the Bradley-Terry model. For each in-
struction x ∈ Bt, we sample two responses
y1, y2 ∼ pθ(·|x) and compute the difference in
implicit rewards:

certainty(x) = |r̂(x, y1)− r̂(x, y2)|,

where r̂(x, y) = β log
pθ(y|x)
pθ0(y|x)

(12)

The method selects the top M samples with the
lowest certainty scores, targeting cases where
the model is most uncertain about preference
ordering.

◦ Preference + Entropy (Pref + Ent) (Muldrew
et al., 2024). This hybrid approach combines
entropy and preference certainty to exploit their
complementary strengths. The selection operates
in two stages:

1. Entropy Filtering: Rank all instructions in
Bt by predictive entropy and select the top K
samples with highest entropy, where K > M .

2. Preference Selection: For the filtered K sam-
ples, generate response pairs and compute
preference certainty scores. Select the top M
samples with lowest certainty.
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This two-stage design is based on the hypothesis
that high-entropy instructions are more likely to
yield uncertain preference predictions. We set
K = 2M following Muldrew et al. (2024).

C Implementation Details

C.1 Environment and Models

All experiments are conducted on 4 NVIDIA
A100 GPUs with 80GB memory. We use
Llama3-8B-Base and Qwen3-4B as backbone mod-
els to demonstrate effectiveness across different
model families and scales. Unless otherwise speci-
fied, all experiments share the same hardware con-
figuration and training pipeline.

C.2 Training Setup

Models are optimized using AdamW with a learn-
ing rate of 5 × 10−6 and weight decay 0.01. The
effective batch size is 16. Training is performed for
up to 10 epochs per iteration, and checkpoints are
selected based on accuracy on the development set
at the end of each epoch. All models are trained us-
ing the modified DPO objective, with DPO temper-
ature β = 0.5 and NLL regularization coefficient
α = 1.0.

For active learning, we allocate an oracle bud-
get of M = 300 preference pairs per itera-
tion, evenly split between low-consistency and
high-consistency subsets, with Mlow = 150 and
Mhigh = 150. For each prompt, we sample k = 8
candidate responses. The dataset-specific consis-
tency threshold τ is set to 4/8 for GSM8K and
MATH, and 5/8 for WebInstruct. We adopt LoRA
with LoRA rank set to r = 8 and LoRA alpha set
tp αLoRA = 16. Model training is implemented
using the LLaMA-Factory framework.2

C.3 Inference and Evaluation

During response generation, we use
nucleus sampling with top-p = 0.9
and sample temperatures from the set
{0.35, 0.4, 0.45, 0.5, 0.55, 0.6, 0.65, 0.7} to
encourage diverse reasoning paths. For final
evaluation, we generate responses using three
different random seeds and report results averaged
across these runs. In this setting, we fix the
generation temperature to 0.7 and top-p to 0.9.
Inference is accelerated using vLLM.3 All baseline

2https://github.com/hiyouga/LlamaFactory
3https://github.com/vllm-project/vllm

methods use identical inference settings for fair
comparison.

D Theoretical Analysis

We formalize preference-based LLM alignment un-
der noisy feedback and establish conditions under
which mixed supervision, combining clean oracle
preferences with noisy AI-generated preferences,
provably improves over oracle-only training.

D.1 Preliminaries and Assumptions

Assumption 1 (Preference Generation and BTL
Model). Prompts s ∼ ρ and candidate responses
(a, a′) ∼ πref(· | s). Preferences are generated
under the Bradley–Terry–Luce model (Bradley and
Terry, 1952):

P[a ≻ a′ | s] = σ(r∗(s, a)− r∗(s, a′)),

where σ(z) = (1 + e−z)−1 and r∗ is the latent
reward.

Assumption 2 (KL-Regularized Optimal Policy).
The optimal policy π∗ solves

max
π

Es∼ρ, a∼π

[
r∗(s, a)− β log π(a|s)

πref(a|s)

]
,

with β > 0.

Following Rafailov et al. (2024), DPO is equiv-
alent to binary logistic regression with implicit re-
ward difference hθ(x) and clean label probability
µθ(x) = σ(hθ(x)), where x = (s, aw, al) and
y = 1 indicates aw ≻ al.

Assumption 3 (Regularity). hθ is twice continu-
ously differentiable in θ, the clean Fisher informa-
tion

Iclean(θ) = Ex

[
µθ(1− µθ)∇hθ∇h⊤θ

]

is positive definite at θ∗ with effective dimension d,
and r∗ is Lr-Lipschitz in θ near θ∗.

D.2 Fisher Information Under Symmetric
Noise

Let ỹ be obtained by flipping y with probability
ϵ ∈ [0, 12). Then µ̃θ(x) = (1− 2ϵ)µθ(x) + ϵ.

Lemma 1 (Noise-Attenuated Fisher Information).
Under Assumption 3 and ϵ ∈ [0, 12),

Inoisy(θ) ⪯ (1− 2ϵ)2 Iclean(θ),

where ⪯ denotes the Loewner order.
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Proof. Since∇µ̃θ = (1−2ϵ)µθ(1−µθ)∇hθ, the
score of the noisy likelihood is

∇θ log p̃θ(ỹ | x) = (1−2ϵ)µθ(1−µθ)
µ̃θ(1−µ̃θ)

(ỹ − µ̃θ)∇hθ.

Taking the outer-product expectation with E[(ỹ −
µ̃θ)

2 | x] = µ̃θ(1− µ̃θ),

Inoisy(θ) = (1− 2ϵ)2 Ex

[
(µθ(1−µθ))

2

µ̃θ(1−µ̃θ)
∇hθ∇h⊤θ

]
.

Since µ̃θ is a convex combination of µθ and 1
2 ,

concavity of f(t) = t(1− t) gives µ̃θ(1− µ̃θ) ≥
µθ(1− µθ). Substituting yields the claim.

Lemma 1 recovers the classical (1−2ϵ) signal at-
tenuation for learning with noisy labels (Natarajan
et al., 2013) in the DPO setting.

D.3 Mixed Supervision: Error Bound via
Fisher Additivity

Let Doracle be clean with No samples and DAI be
self-labeled with Nai samples and symmetric noise
rate ϵai ∈ [0, 12), both drawn i.i.d. from ρ. By
Fisher additivity,

Imix(θ) = NoĪclean +NaiĪnoisy

⪯ Neff Īclean(θ),

where Neff ≜ No + Nai(1 − 2ϵai)
2 denotes the

effective sample size.

Lemma 2 (Parameter Estimation Rate). Under As-
sumption 3, as No +Nai →∞,

E∥θ̂ − θ∗∥2 ≤ (1 + o(1))
√

d
Neff λmin(Īclean)

.

Proof. By standard M-estimator asymptotics, the
MLE satisfies

√
No +Nai(θ̂ − θ∗) d−→ N (0,Σ)

with Σ−1 = Neff
No+Nai

Īclean(θ
∗). Thus E∥θ̂ −

θ∗∥22 = 1
Neff

tr(Ī−1
clean) + o(N−1

eff ). Using
tr(Ī−1

clean) ≤ d/λmin(Īclean) and Jensen’s inequal-
ity yields the bound.

Lemma 3 (From Parameter Error to Policy Gap).
Under Assumption 3, the policy gap Gap(θ) =
V ∗(π∗)− V ∗(πθ) satisfies

Gap(θ) ≤ 2Lr ∥θ − θ∗∥2.

Proof. Let V ∗
rθ

denote the regularized value under
rθ. Adding and subtracting V ∗

rθ
(π∗) and V ∗

rθ
(πθ)

gives

Gap(θ) = Eπ∗ [r∗ − rθ] + Eπθ
[rθ − r∗]

+
[
V ∗
rθ
(π∗)− V ∗

rθ
(πθ)

]
.

The third term is non-positive since πθ maximizes
V ∗
rθ

, and the first two are each bounded by Lr∥θ −
θ∗∥2 by the Lipschitz property of r.

Theorem 1 (Improvement Condition for Mixed
Supervision). Under Assumption 3, there exists
C > 0 (independent of No, Nai, ϵai) such that, as
No +Nai →∞,

Gaporacle ≤
C
√
d√

No
,

Gapmix ≤
C
√
d√

No +Nai(1− 2ϵai)2
.

Hence the mixed bound is strictly smaller than the
oracle-only bound whenever ϵai < 1

2 , with relative
improvement

Gaporacle
Gapmix

≥
√
1 + Nai(1−2ϵai)

2

No
.

Proof. Combining Lemmas 2 and 3 with C =
2Lr/

√
λmin(Īclean) yields both bounds; oracle-

only corresponds to Nai = 0. The improvement
condition reduces to Nai(1 − 2ϵai)

2 > 0, i.e.,
ϵai < 1

2 . The ratio follows by direct computa-
tion.

E More Experiments

E.1 Out-of-Domain Generalization

We evaluate the generalization capability of
COACT by testing models trained on in-domain
datasets (GSM8K, MATH, WebInstruct) on challeng-
ing out-of-domain benchmarks. We assess perfor-
mance on three diverse tasks: AIME (Veeraboina,
2023), GPQA (Rein et al., 2024) and MMLU-
Pro (Wang et al., 2024b). Tables 6, 7, and 8 report
out-of-domain performance for models trained on
GSM8K, MATH, WebInstruct respectively. We com-
pare COACT against four active learning baselines:
Random, Entropy, Pref Certainty, and Pref + Ent.

Table 6: Out-of-domain performance for models trained
on GSM8K.

Method AIME GPQA MMLU-Pro
Random 3.33 24.12 22.45
Entropy 3.33 25.38 21.67
Pref Certainty 2.22 27.14 24.18
Pref + Ent 3.33 25.89 22.76
COACT 6.67 28.35 25.99
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Table 7: Out-of-domain performance for models trained
on MATH.

Method AIME GPQA MMLU-Pro
Random 3.33 26.52 21.34
Entropy 0.00 27.18 22.15
Pref Certainty 3.33 27.48 22.08
Pref + Ent 3.33 27.85 22.76
COACT 6.67 28.46 23.42

Table 8: Out-of-domain performance for models trained
on WebInstruct.

Method AIME GPQA MMLU-Pro
Random 0.00 26.83 21.54
Entropy 3.33 28.12 22.91
Pref Certainty 3.33 27.45 22.18
Pref + Ent 2.22 28.76 23.45
COACT 2.22 29.51 24.17

F Extended Related Work

Self-Consistency for LLMs. Self-consistency
was originally proposed as a test-time inference
strategy to improve reasoning accuracy (Wang
et al., 2023). The key intuition is that sampling mul-
tiple reasoning paths and aggregating answers that
appear most frequently provides higher confidence
that the consistent answer is correct (Wang et al.,
2023; Shi et al., 2022; Li et al., 2022). Recently,
researchers have adapted self-consistency from test-
time inference to training-time pseudo-labeling for
preference learning (Prasad et al., 2025; Jiao et al.,
2025; Xu et al., 2026). The core idea is to generate
multiple model responses and use consistency as a
signal for quality: responses that consistently arrive
at the same answer across different reasoning paths
are treated as higher-quality, while inconsistent re-
sponses are considered lower-quality. However,
existing work using self-consistency for preference
learning does not consider how to actively select
which queries benefit most from self-consistency-
based labeling. Our work addresses this by integrat-
ing self-consistency into an active learning frame-
work that selectively applies consistency-based
pseudo-labeling to queries where it provides the
strongest signal.

G Ethics Statement

We provide comprehensive methodological details
to enable reproducibility. Our framework uses ex-
clusively publicly available resources and does not
collect or process personal information. ChatGPT,

Gemini, and Claude were used solely for minor
grammatical and formatting corrections, in accor-
dance with their respective usage policies. While
our framework is designed for benign research, we
acknowledge potential risks such as bias propaga-
tion from automated data synthesis.

H Prompts

This section presents the prompts used through-
out our experiments. We organize them into four
categories: response generation for constructing
preference pairs (green), instruction augmentation
with oracle feedback (blue), oracle preference eval-
uation (red), and zero-shot evaluation on out-of-
domain benchmarks (purple).
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Response Generation Prompts

# ============================================
# GSM8K Response Generation
# ============================================
gsm8k_response_prompt: str = """
You are given a grade school math word problem involving basic arithmetic,
algebra, or geometry. Your task is to carefully read the problem and provide
a step-by-step solution for it.

Provide a step-by-step reasoning process and then write the final numerical
answer on a new line in the format:
final answer: <answer>
"""

# ============================================
# MATH Response Generation
# ============================================
math_response_prompt: str = """
You are given a competition-level mathematics problem. Your task is to provide
a detailed step-by-step solution demonstrating rigorous mathematical reasoning.

Present the final result inside a LaTeX boxed expression, i.e., write the answer as \\boxed{<answer>}.
"""

# ============================================
# WebInstruct Response Generation
# ============================================
webinstruct_response_prompt: str = """
You are given a physics problem that requires numerical reasoning. Carefully read the problem and provide a

step-by-step solution.
Show all calculations and clearly explain your reasoning.
Provide a step-by-step solution and write the final answer in the format:
final answer: <answer>
"""
"""

Question Augmentation with Oracle Feedback

# ============================================
# GSM8K Instruction Augmentation
# ============================================
gsm8k_augmentation_prompt: str = """
Based on the examples above, generate ONE solvable math word problem with
similar difficulty. Ensure all information needed to solve the problem is
included in the question.

Output the question and nothing else.
Q:
"""
# ============================================
# MATH Instruction Augmentation
# ============================================
math_augmentation_prompt: str = """
Based on the examples above, generate ONE challenging mathematics problem
with similar difficulty and topic. Ensure the problem is well-defined and
solvable with the given information.

Output the question and nothing else.
Q:
"""

# ============================================
# WebInstruct Instruction Augmentation
# ============================================
webinstruct_augmentation_prompt: str = """
Based on the examples above, generate ONE solvable physics problem with
similar difficulty and topic. The question should require numerical reasoning and may involve units or currency. Ensure

all information needed to solve the problem is included.

Output the question and nothing else.
Q:
"""
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Oracle Preference Evaluation

# ============================================
# Oracle Evaluation Prompt
# ============================================
oracle_evaluation_prompt: str = """
You are an expert evaluator for mathematical/pysical reasoning problems. Evaluate two
responses to a math question and output your evaluation as a JSON object.

Question: {question}

Response 1: {full_response1}

Response 2: {full_response2}

Given the ground truth full response: {ground_truth_full_response}

Evaluate the responses following this logic:
1. Check if Response 1’s final answer is correct
2. Check if Response 2’s final answer is correct
3. Determine preference based on correctness:

- If only one response is correct, prefer the correct one
- If both responses are correct, prefer the one with better reasoning/explanation
- If both responses are incorrect, prefer the one with better reasoning/explanation

Output your evaluation as a JSON object with the following structure:
{{

"response1_correct": true/false,
"response2_correct": true/false,
"response1_preferred": true/false,
"reasoning": "Brief explanation of your evaluation"

}}

Only output the JSON object, no additional text.
"""

Zero-Shot Evaluation Prompts

# ============================================
# AIME Zero-Shot Prompt
# ============================================
aime_zeroshot_prompt: str = """
You are given an American Invitational Mathematics Examination (AIME) problem.
These are challenging olympiad-level problems requiring creative mathematical
thinking. Provide a rigorous solution with clear mathematical reasoning.

Provide a step-by-step solution and write the final answer in the format:
final answer: <answer>
"""

# ============================================
# GPQA Zero-Shot Prompt
# ============================================
gpqa_zeroshot_prompt: str = """
You are given a graduate-level multiple choice question from physics, chemistry, or biology. Analyze each option

carefully based on established scientific principles.

Provide a step-by-step explanation and write the final answer in the format:
final answer: <A/B/C/D>
"""

# ============================================
# MMLU-Pro Zero-Shot Prompt
# ============================================
mmlu_pro_zeroshot_prompt: str = """
You are given a multiple-choice question that tests knowledge across various
domains. Analyze the question carefully, consider each option, and provide
your reasoning before selecting the best answer.

Provide a step-by-step explanation and write the final answer in the format:
final answer: <A/B/C/D>
"""
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