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Abstract

Generating high-quality code remains a challenge for Large Language Models
(LLMs). For the evolution of reasoning models on this task, reward models are a
necessary intermediate step. These models judge outcomes or intermediate steps.
Decoder-only transformer models can be turned into reward models by introducing
a regression layer and supervised fine-tuning. While it is known that reflection
capabilities generally increase with the size of a model, we want to investigate
whether state-of-the-art small language models like the Phi-4 family can be turned
into usable reward models blending the consideration of process rewards and
outcome rewards.

Targeting this goal, we construct a dataset of code samples with correctness labels
derived from the APPS coding challenge benchmark. We then train a value-head
model to estimate the success probability of intermediate outputs. Our evaluation
shows that small LLMs are capable of serving as effective reward models or
code evaluation critics, successfully identifying correct solutions among multiple
candidates. Using this critic, we achieve over a 20% improvement in the search
capability of the most accurate code out of multiple generations.

1 Introduction

While several improvements have been achieved on reasoning-related tasks through techniques like
chain-of-thought prompting, model improvement through bootstrapping (Zelikman et al.|[2022]),
tree-of-thought decoding (Yao et al.[[2023])), and explicit policy optimization through the tree (Feng
et al.|[2024]), the first major breakthrough in reasoning capabilities came with OpenAI’s ol series and
its successor 03, o4-mini and GPT-5 thinking. The inner workings of these models are not publicly
known, which made Deepseek-R1 (DeepSeek-Al and et al.|[2025]) the first public model to offer
advanced reasoning capabilities. This model was shortly followed by two other Chinese models,
Kimi k1.5 (Team and et al.|[2025]]) and DAPO (et al.| [2025]]), which gave similar performance and
offered more insights into the training and algorithms.

When ChatGPT 3.5 was released in 2022, its success was enabled through a technique called
“Reinforcement Learning Through Human Feedback” (RLHF). A dedicated reward model in the

*The work of the paper was performed when he was an research internship under SAP Lab, in collaboration
with Stanford Human-Centered Al Institution.

39th Conference on Neural Information Processing Systems (NeurIPS 2025) Workshop: Foundations of
Reasoning in Language Models.



decoder-only structure learned human preferences, and the generative model was fine-tuned using
this reward signal (Ouyang et al.|[2022]). Instead of a classification head to predict the next token,
their last layer often predicts just a single signal: the score they assign to the text up to that token
(Zhong et al.| [2025])).

When looking at the inner workings of reasoning models, all seem to share the same approach of
generating a lengthy chain of thought before outputting the final result. This chain of thought helps
the models bridge the gap between the prompt and the potentially complex answer, providing helpful
intermediate steps that extend the context used by the model to predict the tokens the answer is made
of. When there are mistakes or hallucinations in the reasoning trace, or intermediate generations are
unstructured, this can easily derail a generation and lead to a wrong output.

Hence, the training process of a reasoning model aims to increase the probability of good reasoning
traces (those leading to a correct result), and decrease the probability of bad traces.

Recent work on reward modeling distinguishes process reward models (PRMs) — which score inter-
mediate steps — from outcome reward models (ORMs) — which score only final outputs (Wang et al.
[2023]], Lightman et al.|[2023b]]). ORMs provide a single holistic score at the end of generation, while
PRMs offer step-wise feedback, enabling fine-grained supervision and improving credit assignment
and sample efficiency in multi-step tasks (Choudhury|[2025], Cui et al.| [2025]]). ORMs are simpler
and cheaper but suffer from sparse signals and delayed credit assignment (Cui et al.|[2025], Wang
et al.| [2025]]). However, PRMs require fine-grained labels during training—often needing costly
human annotations for intermediate steps (Cui et al.|[2025]). In contrast, ORMs typically demand
many more episodes to learn, which can make RL impractical for complex tasks without auxiliary
signals (Wang et al.| [2025]], Choudhury| [2025])).

Recent work blends PRM and ORM signals or adopts hierarchical schemes. Wang et al.| [2025]]
introduce Hierarchical Reward Models (HRM), which combine coarse outcome and fine process
scores, allowing later steps to override earlier mistakes. Other work like ThinkPRM (Khalifa et al.
[2025]]) and PathFinder-PRM (Deep Pala et al.| [2025]]) focus on data-efficient PRM training and
calibration at inference, enhancing the reward quality. In parallel, implicit reward models (LLM-as-
judge to collect outcome feedback) like PRIME (Cui et al.[[2025])) are explored to sidestep expensive
PRM annotation.

Inspired by the strengths and drawbacks in PRMs and ORMs, we aim to build a versatile reward
model that can serve both roles. This paper investigates how well fine-tuned decoder-only LLMs can
act as reward models, specifically in the context of Python coding applications. Our key contributions
in this paper are the following:

* We replace the last layer of Phi-4 models by a single output with sigmoid function. This
architecture are successfully finetuned into a reward model in just two episodes, achieving
promising results.

* We demonstrate that our trained reward model can serve as an effective lightweight critic
and also a confident intermediate step evaluator, improving the correctness of Python code
generation by reliably selecting correct rollouts by 20+% (refer to Appendix [7.4] for details).

* We extensively analyze the model’s scoring of full rollouts and intermediate reasoning steps,
uncovering valuable insights into its evaluation behavior.

2 Related Work

An early work on tree-based decoding strategies was made by |Yao et al.| [2023]]. The authors
introduced the terminology “Tree of Thought”, and evaluated a tree-based reasoning process on
different reasoning tasks. They reported an immense increase in success rates on the benchmarks they
evaluated. There are two main differences to our work. First, they used a different level of granularity,
where a “thought” is a for example sentence. Our work, in comparison, uses tokens as the level of
granularity. Second, for judging intermediate steps, the authors prompted LLMs via a text interface.
This model also answered in natural language, and didn’t output a single number. Moreover, the team
mainly evaluated on non-coding reasoning tasks, while our work is focused on coding challenges.

A follow-up paper on “Tree of Thought” written by [Feng et al.|[2024] is about decoding with Monte
Carlo Tree Search. This paper uses a similar verdict mechanism to estimate the state value of an



intermediate step, and uses this to do Monte Carlo Tree Search. While the authors reported good
results in their decoding, they did not discuss the performance of their value estimator. We look
into that topic and provide a comprehensive discussion. Additionally, they used sentence-based
granularity and focused on non-coding tasks.

Similar work was published by [Yu et al.|[2024]] who also proposed a decoder-based judge. Their
paper focused on introducing the concept called “Outcome-supervised Value Model”, classifying it
into the frameworks of outcome reward models and process reward models, the two most common
ways of rewarding reasoning models. They argued the value model approach to be superior over
process-based rewarding, because the value estimation contains a forecast into the future, compared
to process reward models rewarding correct steps in the past. Like the previously discussed paper,
they also used math datasets to assess their performance.

Other works like [Lightman et al.[[2023al] compare outcome reward models to process reward models
and find superior performance for process reward models. However, their approach for ORMs didn’t
judge intermediate steps, but sampled whole rollouts instead.

Anthropic’s work (Kadavath et al.| [2022]]) sheds light on the self-evaluation capabilities and self-
knowledge prediction of language models. By prompting with questions in a specific format, the
models in study evaluate the probability “P(True)” that their answers are correct. Then crucially, the
models are trained to perform prediction without reference to any specific proposed answer. The
study found that larger models exhibit encouraging performance, calibration, and scaling for P(True)
across a diverse range of benchmarks. It also reveals that models can effectively predict P(IK) and
even partially generalize this prediction across different tasks.

Large Language Models (LLMs) exhibit powerful but opaque behaviors during next-word prediction.
Traditional uncertainty estimation approaches typically focus on final outputs, overlooking the
intermediate generation process. This work by Bigelow et al.|[2024] introduces the Forking Tokens
Hypothesis — the idea that certain individual tokens can cause significant shifts in the trajectory
of text generation if selected during decoding. To explore this, the authors propose Forking Paths
Analysis, a method that tracks uncertainty dynamics across each generated token, rather than only
the final ones. Using GPT-3.5 and various tasks, they discover evidence of dramatic shifts in model
behavior triggered by specific tokens, including seemingly minor ones like spaces or function words
(e.g., “that” or “who”). These findings highlight chaotic uncertainty patterns within LLMs and
challenge static views of model confidence.

3 Methods

3.1 Notation

Let S = (s, ..., s;) be a sequence of tokens of length I, where each token comes from a token
vocabulary X.. This sequence contains the prompt in Appendix sent to the generation LLM, and
an arbitrary number of generated tokens. The LLM uses this context to output a multinomial random
distribution that assigns each token s € X a probability p(s, ... 5,)(s) € [0, 1] to be the next token
In our situation, tokens are sampled from this distribution. After the whole rollout was generate
(either the end token was sampled, or the context window is fully used), the output can be judged and
assigned a binary correctness label. This judging happens by executing testcases given in the coding
dataset on the generated code in a sandbox environment. In formal notation, the judge calculates the
following function:

J ¥ —={0,1}. 1)

The judge can only give its verdict once the whole code piece is submitted. It can not decide whether
intermediate steps are correct, a huge limitation when it comes to tree-based decoding.

3.2 Dataset Generation

Our goal is to estimate a state value v; for each position ¢, 1 < ¢ < g;, i.e. the probability of
sampling a correct result based on the prefix tokens (sy, ..., s;). In formal math, let G(sq, ..., s;) be
the generation from the chosen prefix as a random variable. With the binary judge .7, the state value

20f course, this probability distribution can have additional hyperparameters such as the temperature.



is defined as

(Y :E[J(g(sl,,st))] (2)

APPS contains both problems that expect input and output via I/O operations, and function completion
with a designated function interface. They mostly come with test cases to evaluate the generated code.
We use a slightly different prompting framework for these two types of problems, with generation
prompts listed in the appendix However, calculating an accurate ground truth vector with all
exhaustive solutions for each problem is computationally infeasible. Instead, we generate 36 rollouts
per problem setup. Later on, we would use this dataset of rollouts labeled by ground-truth correctness
for model training and evaluation. To hold these rollouts representative for a tree-based case, these
36 rollouts are not generated independently from the prompt. Instead, we start with one main rollout
(generated from Microsoft’s Phi-4-mini), select six branching positions, and then generate six rollouts
from each branching position, resulting in 6 x 6 = 36.

Let p; be a short notation for ps, . s, ,(s;), the probability the model assigned to the i-th token with
respect to the context (sq, ..., $;—1) in the main rollout. Tokens that are part of the prompt receive
probability 1 to have a unified notation for prompt-tokens and generated tokens. When looking at
the observed distribution of these p;s in many tasks, the vast amount of probabilities is very close to
one, and a few tokens have low probability. For these probabilities to be low, there are two possible
explanations. First, these positions could be really ambiguous, with many synonyms as options, or
important decisions for the following reasoning. Second, there could be a token with high probability,
but just a different path is taken, because sampling is used, and the decision fell for an unlikely token.
In both cases, these low-probability tokens are the important branch positions for our reasoning path.
Branching here will likely result in different outputs, while branching at high-probability token will
likely share a common sequence with the previous rollout. Utilizing this pattern, we select a set Z
with n, = |Z| = 6 indices as the set of the positions with the lowest probabilities. For each of these
positions ¢ € Z, we generate k£ = 6 rollouts, and evaluate the generated code on the unit tests given in
the APPS dataset by Hendrycks et al.|[2021].

Therefore, our training dataset is a collection of coding problem description, sample solution, system
prompt, and reasoning traces, we provide one relatively short example in Appendix

3.3 Training

In our experiments, we train and test value estimations based on the 3.8B Phi-4-mini and 14B Phi-4
model over two episodes. At a high level, we perform fine-tuning on the regression head plus several
last layers of these models. Table[T]and Appendix [7.3]provide details of standard hyperparameters
and number of last layers.

To estimate the state values as needed, we take the same Phi-4-mini and Phi-4 14B architectures and
replace the classifier layer at the network output with a linear regression layer. This modification
yields a decoder-only architecture that predicts the value of a partial reasoning trace at a given point,
based solely on preceding tokens. The regression layer is designed to estimate the probability of
success from each token onward, while maintaining the causal constraint of using only past context.
Since the output is probabilistic, we apply a sigmoid transformation to the regression output and
train the model using binary cross-entropy loss. For value estimation, we used a batch size of 64 (for
the 14B model) and 24 (for the 3.8B model), and fine-tuned the last 12 layers for both models at a
learning rate of le—4.

After fine-tuning, our first analysis objective is whether the trained models are capable as an ORM,
which are able to distinguish successful rollouts from unsuccessful ones. Also, we take a look into
the models’ capability to judge intermediate reasoning steps.

3.4 Imbalanced and Balanced Dataset

When Phi-4-mini-instruct generates the rollouts for the problems, the ratio of correct and incorrect
rollouts is usually imbalanced. While many problems have more incorrect than correct rollouts,
other problems have a higher number of correct rollouts, and the fraction of correct rollouts is
typically closely related to the difficulty of the problem for the model. Whenever we train on the
raw, imbalanced dataset, we open the door to misleading interpretations and a few biases the model
could pick up. First, with an imbalanced dataset the accuracy becomes a less useful metric, especially



Number of problems in test dataset 465
Number of problems in train dataset 3,984
total number of problems 4,449
Train dataset size unbalanced 66,924
Train dataset size balanced 110,016
Batch size Phi-4-mini-instruct (4B) 64
Finetuned Layers Phi-4-mini-instruct (4B) | 236-248
Batch size Phi-4 (14B) 24
Finetuned Layers Phi-4 (14B) 180-192
Optimizer Adam
Learning Rate le-4

Table 1: Key data on datasets and training hyperparameters

if the class imbalance is not reported. Therefore, testing on the imbalanced version of the dataset
comes with caveats. Second, seeing the distribution of correct and incorrect rollouts per problem
can enable the model to just learn the difficulty of the problem statement, and only little about the
correctness of the reasoning. Suppose there are four correct and 32 incorrect rollouts for a problem.
The sequences have the same prefix (the problem statement), and differ later. If the model just learns
to predict “false” for this problem statement or this type of problem, it will minimize the loss fairly
well. To do so, it is enough to pick up shallow features like complexity, length, or formatting of the
problem statement while ignoring the reasoning trace or encoding. So, the reward model can learn to
estimate the difficulty of a problem as a proxy for its correctness probability. That enables it to “hack”
the accuracy metric without ever learning to judge the actual results.

Therefore, we also train and test our reward models on a balanced dataset. To create this balanced
dataset, for each problem we oversample the smaller group (correct/incorrect) to match the number
of correct and incorrect rollouts per problem. This is done for both the train and test dataset. With
this addition, we take away the option for the model to just learn the difficulty of the problem, and
the accuracy numbers are more interpretable.

4 Results & Discussions

Classification Performance For training and evaluation, we use the APPS dataset, a combination
of several public coding datasets. APPS contains both problems that expect input and output via IO
operations, and function completion with a designated function interface. They mostly come with test
cases to evaluate generated codeE] As explained in section we generate one base rollout for each
of these samples, select forking tokens (six in our case), and generate also six rollouts from there.
Table |2 shows the classification performance at a glance. After training on the same datasets, the 14B
model performs substantially better than the 3.8B Phi-4-mini, with the majority of prediction results
achieving 60+%. We observe 20+% as the highest improvement base on the calculations in Appendix
7.4] where Pass@1 on best (‘?) has the baseline of classification accuracy as 45% and the highest

as 22.2%; Pass@3 on best (130) has the baseline classification accuracy as 65% and the highest as
20.0%.

The predictive performance of the 14B model is illustrated in Figure[Ial The distribution shows the
approximated probability to visualize how often a certain success probability estimation occurs for
that group.

Performance on Balances vs Imbalanced Dataset As Table 2] shows, the accuracies of the models
on the imbalanced dataset are similar with minor differences. However, on the balanced test dataset,
we do see differences between the two types of model training, with the model trained on the balanced
dataset performing substantially better. However, when it comes to determining a relative order of
rollouts, when the model needs to select the best or the best three rollouts, we see close accuracies

3For some problems, only few test cases are given, so the dataset has the unfortunate limitation that false-
positives are possible.



Model 3.8B Phi-4-mini-instruct 14B Phi-4
Balanced / Imbalanced Training Balanced Imbalanced Balanced Imbalanced
g Predicted > 0.5 33.5% 53.8 % 46.3 % 51.9%
A  Predicted < 0.5 66.5 % 46.2 % 53.7 % 48.1%
Z  Accuracy 64.0 % 66.0 % 73.8% 1.7%
T If predicted > 0.5, rollout correct 65.2 % 60.0 % 69.8 % 65.7 %
2 If predicted < 0.5, rollout incorrect 63.3 % 73.2% 7.2 % 78.2 %
% If rollout correct, prediction > 0.5 47.2 % 72.2 % 72.5 % 76.5 %
-E If rollout incorrect, prediction < 0.5 78.3 % 61.0 % 74.8 % 67.9 %
2 Predicted > 0.5 31.4% 53.4% 45.6 % 51.8%
S Predicted < 0.5 68.4 % 46.6 % 54.4 % 48.2 %
é Accuracy 55.3 % 51.9% 65.8 % 60.5 %
B If predicted > 0.5, rollout correct 58.5 % 51.8% 67.3 % 60.1 %
g  If predicted < 0.5, rollout incorrect 53.9 % 52.0 % 64.5 % 60.9 %
% If rollout correct, prediction > 0.5 36.8 % 55.2 % 61.4 % 62.3 %
/&  If rollout incorrect, prediction < 0.5 73.9 % 48.5 % 70.2 % 58.7 %
Pass@1 on best (3 , baseline 45% 50% 52% 55% 54%
Pass@3 on best (;,), baseline 65% 73% 2% 7% 8%

Table 2: Comparison of the predictive performance of the Phi-4-mini based value prediction and
the (regular) Phi-4 performance on a wide variety of metric, measured both on an imbalanced and
balanced version of the test data. The baseline passing rates of pass@1, pass@3, and pass@10
are 45%, 65%, and 84% are obtained without interference of any of the reward models, just the
generation of Phi-4-mini-instruct.

i 1.0 A
2.0 —— Incorrect
| —— Correct 5
. 1.5 208
= 5
g 1.0 °
o % 0.6 .7
0.5 S Y
0.0 1 T T T T T T 0.4 1 T T T T
0.0 0.2 0.4 0.6 0.8 1.0 0 200 400 600

(a) The trained 14B Phi-4 model’s differentiation ca-
pability of the correct and incorrect rollouts on the test
dataset. The correctness is based on the ground-truth
verifier built with unit tests in a safe execution sand-
box.

(b) The trained 14B Phi-4 model’s predicted belief
over number of available tokens in a correct rollout as
the green dotted line. The estimated ground truth is
the blue dashed line, which is retrieved by the correct
fraction in six forking positions.

Figure 1: The CDF plot on the left is generated through kernel density estimation with Gaussian
kernels. Then this model is used to generate the success probability estimations on the right.

between the two types of training. In conclusion, these results suggest that balancing a train dataset
has impact on the final performance, but it is rather limited.

In what follows, we discuss the key research questions (RQ) we pose and the answers our work
offers.

RQ1: Can we use this reward model as a handy critic for code generation? Now with this
trained reward model, we want to validate its capability to select correct rollouts out of multiple
options for a problem from Table 2] There are two key terminologies involved: 1. Pass@k is the
number of passes of k unit tests with the specific rollout; 2. Best (’7’;) is to select the best n rollouts
using the reward model out of m rollouts. We observed that before applying the critic, pass@1 is
45%, pass@3 is 65%, and pass@10 is 84%. After applying the critic and measuring best (:’Z) , we
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Figure 2: Accuracy of percentiles in rollout generation from four combinations of the 14B model
trained and tested on balanced/imbalanced data.

observe significant pass@ 1 improvement to 50%—55%, and pass@3 to 72%—78%. Therefore, our
findings support a confident affirmative answer to the research question: employing our model in a
lightweight role as an evaluation critic or data quality filter enhances the correctness of Python code
generation.

RQ2: Can this outcome reward model also be capable of judging intermediate generation
steps?  All the metrics above refer to the model’s ability to provide a verdict on entire rollouts, i.e.,
the outcome reward. To validate how often the reward model succeeds in estimating the probability
of intermediate steps, we show percentile-accuracy plots such as Figure[2] We measure the model’s
accuracy vs. the amount of given partial code, i.e., the accuracy of up to 100% tokens from the
first code line equals the accuracy in Table[2] We argue that the earlier the model achieves higher
accuracies, the more useful it is for early stopping or rollout guidance. We observe that the model
requires at least 50% partial code to judge better than a random guess.

The decoder-only reward model estimates success probability after each token, enabling confidence
tracking during rollouts. Figure|lblshows a correct generation where the model’s confidence rises
after seeing the output, aligning well with ground truth. We observe a warming-up stage before around
100 tokens. This is because our prompt asks the generation model to think in a Chain-of-Thought
manner: first elaborate on the problem and describe a solution, and then write the code. Given that
the model waits to improve its performance until roughly the 50% percentile, we suspect that the
model might be able to catch errors in the code, but lacks the self-correction capability for already
incorrect reasoning steps. With Figures[2]and [Ib] we also confidently answer RQ?2 in the affirmative.

The model begins to show meaningful performance (better than random guesses) as PRMs after
approximately 50% of the token generation process, with accuracy improving beyond the initial
baseline. This indicates a lower bound of the preceding code tokens required to provide the predictive
power.

5 Conclusion

These experiments demonstrate that, large-scale capacity is not a prerequisite for reward modeling:
models from the Phi-4 family (14 B parameters) can serve as effective reward models, even when
compared with state-of-the-art systems like GPT-5 and Claude 4 Sonnet at vastly larger scales of
hundreds to trillions of parameters. These models are capable of truly identifying errors in the
rollouts. Moreover, they demo the capability of selecting correct rollouts, substantially increasing the



probability of selecting a correct rollout. However, we see that model size is a primary limitation for
this task, as the 3.8B Phi-4-mini-instruct falls significantly behind the 14B model.

6 Limitations

Due to computational resource constraints, there are several experiments that should become our next
steps as follows.

* Computing an accurate ground-truth vector for each problem is infeasible for the main
solution variants and branching factors. Our current setup of generating 36 rollouts per
problem already requires over 48 hours for one pass on a 4xA100 Azure computation
instance. This throughput is mainly throttled by the output token throughput of the generation
model Phi-4 mini. As a result, tuning the hyperparameters for branching decisions is left to
future work.

* During rollout generation, we exclude samples where the Phi model fails to produce any
correct rollout. Our current method depends on a ground-truth correct solution such as the
tree trunk, from which branching occurs. This cold start problem remains a challenge.

* Preliminary experiments with smaller branching factors (e.g., 6x6) indicate a positive impact
from increased branching. However, we were unable to identify the point of diminishing
returns, as broader branching was not computationally tractable in our current setup.

» APPS dataset comes with its own train-test split. Specifically, both their training and test
datasets contain 5,000 samples. However, as our appendix [/.5|shows, the default test dataset
follows an utterly different distribution. Therefore, we performed train-test-split on the
original training set.

* QOur current setup has the strong assumption that the distribution of the predicted correctness
probability does not shift between the base policy and the policy in post-training. And we
leave the exploration of post-training dynamics to future work.
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Appendix

7.1 Prompts

4 )
<Isystem|>You are a Python programmer in a programming competition. In the following, you
are given a coding challenge.
Please write code to solve the coding challenge. Follow the formatting instructions for input
and output exactly.
Get inputs via input(), and write outputs via print().
Before writing the code, do the following:
1. Elaborate on the problem. Highlight the key challenges
2. Write the core algorithm idea in at most three sentences
3. Elaborate on the idea in more detail.
The code must be a directly executable script, not a function.
NEVER include example usage or hard-coded data!
ALWAYS generate the full code!
Here is an example for a very simple problem:
¢ ¢ ‘python
number_of_testcases = int(input())
for _ in range(number_of_testcases):

a, b, ¢ = input().split()

b=Db[::-1]

ifainbandbinc:

print("TRIPLE TWIST")
else:
print("NO")

C¢¢

<lendl><luserl>{task }<lendI><lassistant|>

& J

Figure 3: The prompt we use for problems that require I/O operations. We use the chat template
which the model was trained with, laying out both system and user prompts. In the system prompt,
we give instructions and give an piece of example code. The example code is for a straightforward
string problem that is neither in the test nor train dataset. The model is supposed to continue with its
thoughts and its code after the assistant tag.
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4 )

<Isystem|>You are a Python programmer in a programming competition. In the following, you
are asked to write code for a function.

At the beginning of the function, do the following in the docstring:

1. Elaborate on the problem. Highlight the key challenges

2. Write the core algorithm idea in at most three sentences

3. Elaborate on the idea in more detail.

NEVER include example usage!

ALWAYS generate the full code!

<lendI><luser|>{task } <lend|><lassistant/> ¢ ¢ ¢ python

def {function_signature}

nun

- J

Figure 4: The prompt we use for problems that require a complete function as the solution. In the
assistant part of the message, we directly give the function signature to force the model to produce a
valid function, and also not deviate from the given signature. Moreover, we force the model to start
with a docstring. Using this prompt, we significantly reduced the number of malformed generations.

7.2 Sample Data

Please refer to Figure[5]as one example of training data sample.

7.3 Hyperparameters & Hardware

In the stabilized experiment, we used a batch size of 64 for the 14B model and 24 for the 3.8B model,
at a learning rate of 1 x 10~4. During the ablation, we probed batch sizes around 8, 12, 24, 64 to test
the memory boundary in our Azure instance. We also tried learning rate at 1 x 107° and 1 x 1076,

Our computation instance type is Azure’s Standard_NC96ads_A100_v4 with 96 CPU cores (AMD
EPYC 7V13), 880 GB RAM, 256 GB disk, and 4 Nvidia A100 GPUs in 320GB GPU memory. The
total GPU hours are around 95.

7.4 Performance Improvements
From Table
* Pass@1 on best (%)

— Baseline classification accuracy is 45%.
— The ceiling of improvement is 554;545 ~ 22.2%

* Pass@3 on best (130)

— Baseline classification accuracy is 65%.
— The ceiling of improvement is 2262 ~ 20%

7.5 APPS Data Distribution Study

We use the APPS Dataset, which is distributed under the MIT License. Our use complies with the
license terms, and we will include the original copyright notice in our future artifacts to be released.
In the paper where the APPS dataset was released, [Hendrycks et al.| [2021]] highlighted differences
in data quality, particularly in terms of unit test coverage, between the "train" and "test" splits. In
addition to this observation, we want to emphasize that the intrinsic distribution of problem formats
and complexity levels also varies significantly between these splits, as illustrated in Figure [6a] and
Figure [6b] These differences suggest that the train and test sets may not be fully aligned in terms
of problem representation. This will substantially affect our results, as our method is designed to
operate on the distribution of contextual tokens rather than the surface-level structure or complexity
of the problem descriptions. Therefore, our method is more sensitive to such mis-alignment in data
composition. We’ll take the deep-dive of the performance impact from task formulation in APPS
dataset to future work.

11



<Isysteml>You are a Python programmer in a programming competition.
In the following, you are given a coding challenge. Please write code to solve the coding
challenge. Follow the formatting instructions for input and output exactly. Get inputs via
input(), and write outputs via print(). Before writing the code, do the following: 1. Elaborate
on the problem. Highlight the key challenges 2. Write the core algorithm idea in at most three
sentences 3. Elaborate on the idea in more detail. The code must be a directly executable script,
not a function. NEVER include example usage or hard-coded data! ALWAYS generate the full
code! Here is an example for a very simple problem:
¢ ¢ ‘python
number_of_testcases = int(input()) for _ in range(number_of_testcases):

a, b, ¢ = input().split()

b=Db[::-1]

ifainbandbin c:

print("TRIPLE TWIST")
else:
print("NO") ¢ ¢ ¢

<lendI><luserl>You are given a permutation p1, po, . . . , p,. Recall that sequence of n integers
is called a permutation if it contains all integers from 1 to n exactly once. Find three indices 1,
jand k suchthat: 1 <7 < j <k < n;p; <pj;and p; > pg. Or say that there are no such
indices.
—Input—
The first line contains a single integer 7' (1 < T' < 200) — the number of test cases. Next 27
lines contain test cases — two lines per test case. The first line of each test case contains the
single integer n (3 < n < 1000) — the length of the permutation p. The second line contains
n integers p1, pa, . .., pn (1 < p; < 0 p; # pj if i # j) — the permutation p.
—Output—
For each test case: if there are such indices ¢, j and k, print YES (case insensitive) and the
indices themselves; if there are no such indices, print NO (case insensitive). If there are
multiple valid triples of indices, print any of them.
—Example—
Input3421436461253553124
Output YES 234 YES 356 NO
<lendl><lassistant|>
The problem requires us to find a triplet of indices in a given permutation such that the values
at those indices first increase and then decrease. The key challenges are to efficiently find

such a triplet in each permutation, which can be done by iterating through the permutation and
checking for the increasing and then decreasing condition. The core algorithm idea is to iterate
through the permutation and maintain a candidate for the second element of the triplet (the
peak). When we find a new maximum, we check if the previous element is less than the current
one (forming the increasing part) and if the next element is less than the current one (forming
the decreasing part). If both conditions are met, we have found our triplet. The idea in more
detail is to iterate through the permutation once, keeping track of the current maximum and its
index. If we find a new maximum, we check the elements before and after it to see if they form
the increasing and decreasing parts of the triplet. If they do, we print the indices and break
out of the loop. If we finish the loop without finding such a triplet, we print "NO". Here is the
code:
¢ ¢ ‘python
T = int(input()) for _ in range(T):
n = int(input())
p = list(map(int, input().split()))
found = False
foriin range(1, n - 1):
if p[i- 1] <pli] > p[i + 1]
print("YES")
print(i,i+ 1,1+ 2)
found = True
break
if not found:
print("NO")
€C¢ 12
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Figure 5: Example of one piece of training sample.



3000 v## Train 1400 m— Train

Test - Test
2500 1200
2 1000
.O 2000
g >
S 3
1] % § 800
G 1500 g
k: 600
5 7
Z 1000
400
500 / 200
. , 1 ]
competition interview introductory 0 500 1000 1500 2000 2500 3000 3500
Difficulty Length of Question

(a) The difficulty levels, which are from APPS dataset (b) The length of question, which counts the token
original definition. length per problem’s question.

13



	Introduction
	Related Work
	Methods
	Notation
	Dataset Generation
	Training
	Imbalanced and Balanced Dataset

	Results & Discussions
	Conclusion
	Limitations
	Acknowledgment
	Prompts
	Sample Data
	Hyperparameters & Hardware
	Performance Improvements
	APPS Data Distribution Study


