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Introduction



Reasoning

Role of reasoning

> A fundamental aspect of human cognition
and problem-solving

» Enables fast adaptation and transfer to
new tasks

» Cornerstone of advanced LLMs

> A critical step toward Artificial General
Intelligence (AGI)

Current Challenge

» Math problem solving and code generation
benefit from abundant structured data
» But:

- Logical deduction
- Scientific inference

- Symbolic reasoning
suffer from sparse, fragmented supervision
sighals

v It becomes crucial to identify training data that is rich in diverse reasoning patterns

while also being scalable to obtain.

[1]Li, Junlong, et al. "Codel/O: Condensing Reasoning Patterns via Code Input-Output Prediction." arXiv, 2025.



Why Existing Methods Fall Short

Conventional continual pre-training Text-to-code generation

» Relevant reasoning signals are often > It requires the generation of code specific

implicit syntax
» Intertwined with noisy information > This limitation makes it difficult to

generalize to non-code tasks

v Suboptimal v Also faces challenges

Proposed method
» Transforming raw code files into executable functions and framing a straightforward task

» Given a function and a textual query, the model predicts either the output from a given
input or the input from a given output

[1]Li, Junlong, et al. "Codel/O: Condensing Reasoning Patterns via Code Input-Output Prediction." arXiv, 2025.



Proposed method

» The prediction is expressed as a Chain-of-Thought

_ (CoT) in natural language
Function + Query

‘ » By collecting and transforming functions from diverse
sources, the resulting data captures a variety of
Input — Predict Output (CoT) foundational reasoning skills

OR - logic flow orchestration

Output — Predict Input (CoT) -~ State-space exploration
- recursive decomposition
- decision-making

» Helps internalize core reasoning skills more effectively

[1]Li, Junlong, et al. "Codel/O: Condensing Reasoning Patterns via Code Input-Output Prediction." arXiv, 2025.



Input/Output Prediction as a Pretraining Stage

Our code input/output prediction learning

» Positioned before general instruction tuning
» Intermediate step to enhance the reasoning abilities of the base model

Prompt Format Data Collection Process

» Responses generated by prompting
DeepSeek-V2.5
» Highly scalable:

» Each prompt includes:
-A function
-A textual query _ ,
_ _ - Sample hundreds of inputs per function
-A given input or output _
- Execute each funtion to collect ground-

truth outputs

[1]Li, Junlong, et al. "Codel/O: Condensing Reasoning Patterns via Code Input-Output Prediction." arXiv, 2025.



CODEI/O & CODEI/O++

CODEI/O Data

» Collected 450K+ functions from multiple sources

» For each function, multiple input-output pairs are generated by executing the code
» CoTs (Chain-of-Thoughts) are synthesized for these |/O pairs

v Result: 3.5 million training samples — CODEI/O data

Refinement Process: CODEI/O++

» Leverages the verifiable nature of code: All predictions are verified by executing the code
> Incorrect predictions are revised by DeepSeek-V2.5 again (multi-turn revision)

v Resulting in: CODEI/O++, which further improves model performance

[1]Li, Junlong, et al. "Codel/O: Condensing Reasoning Patterns via Code Input-Output Prediction." arXiv, 2025.



Consistent & Generalized Reasoning

Validation
» Validated on 4 base models (sizes: 7B to 30B)

» Assessments across 14 different benchmarks, including:

- Code-related, logic, symbolic, mathematical & numerical, scientific, commonsense

Compared to Strong Data Baselines
» OpenMathlnstruct2, OpenCoderSFT-Stage1, Weblnstruct, High-quality raw code

v Higher average scores across all base models
v More balanced performance across most benchmarks:
- CODEI/O offers consistent improvements across nearly all benchmarks.

v “ Balanced and generalizable reasoning abilities ”

[1]Li, Junlong, et al. "Codel/O: Condensing Reasoning Patterns via Code Input-Output Prediction." arXiv, 2025.



Code I/O



CODE I/O

Step 1 Step 2 Step 3 Step 4
i
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-* <Chain of Thought> -

Raw Code — Query “You are given " ——— {“output”: <the output>}

Overview of dataset construction
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CODE 1/0O : Dataset Construction

Step 1: Collecting raw code files

To obtain diverse reasoning patterns, codes should be obtained from various sources.
- Raw code sources to construct CODE 1I/O are as below:

1) CodeMix: In-house raw python code for pre-training the LLM (DeepSeek).

2) PyEdu-R: Python codes for complex reasoning tasks on STEM or logic puzzles.
3) Other well-known Github public repositories/online platforms.

In total, approximately 810.5K raw codes were obtained.



CODE 1/0O : Dataset Construction

Step 2: Transforming to a unified format

The collected raw codes often lack structure, contain irrelevant parts.
= An LLM(DeepSeek-V2.5) was utilized for the pre-processing.

The formatted data have 4 parts.

1) Cleaned reference code (with main entrypoint function)
* Non-essential code parts are filtered (e.g. print, plot)

« Main entrypoint function: overall logic of the raw code

2) Natural language query
« Problem statement for the main entrypoint function.

3) Input/output format description

4) Input random generator



#get the vertical acceleration data

acceleration [. . . . . . . . ]
# pass acceleration data to low pass filter
time[. . . . . . . . . . . . 1]

#code to find speed at each point

initial_speed = current_speed

delta_t = t_current - t_prev

curr_acc = acc[i]

current_speed = initial_speed + (curr_acc) *
delta_t

#code to find dispacement

initial_dis = current_disp

delta_t = t_current - t_prev

curr_speed = ("call above algorithm")

current_disp = initial_dis + (initial_speed +
current_speed)/2 * delta_t ;

Raw code example
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Cleaned Reference Code (with Main Entrypoint Function)

# import necessary packages
import numpy as np

# main function
def main_solution(acceleration, time, initial_speed
, initial_displacement):
# Convert inputs to numpy arrays if they are
not already
acceleration = np.array(acceleration)
time = np.array(time)

# Initialize variables
current_speed = initial_speed
current_disp = initial_displacement

# Calculate speed and displacement
speeds = []
displacements = []

for i in range(1, len(time)):
delta_t = time[i] - time[i-1]
curr_acc = acceleration[i]
current_speed = current_speed + curr_acc *
delta_t
speeds.append(current_speed)

current_disp = current_disp + (
initial_speed + current_speed) / 2 x
delta_t

displacements. append(current_disp)

initial_speed = current_speed

# Convert outputs to JSON serializable format

speeds = [float(speed) for speed in speeds]

displacements = [float(disp) for disp in
displacements]

return {"speeds”: speeds, "displacements”:
displacements}

14



Query

Given a set of vertical acceleration data and corresponding time points, how can we determine
the speed and displacement of a vehicle at each time point, starting from an initial speed and

displacement?

Input/Output Description

Input Generator

Input:

acceleration (list of float): List of vertical
acceleration values at each time point.

time (list of float): List of time points
corresponding to the acceleration values.

initial_speed (float): Initial speed at the
first time point.

initial_displacement (float): Initial
displacement at the first time point.

Output:
return (dict): A dictionary with two keys:
- speeds (list of float): List of calculated
speeds at each time point.
- displacements (list of float): List of
calculated displacements at each time
point.

def input_generator():
# Generate random acceleration data

acceleration = [np.random.uniform(-1@8, 1@) for

in range(10)]

# Generate corresponding time data
time = [@8.1 * i for 1 in range(1@)]

# Generate initial speed and displacement
initial_speed = np.random.uniform{@, 1@)
initial_displacement = np.random.uniform(@,

return {
"acceleration”: acceleration,
"time": time,
"initial_speed”: initial_speed,
"initial_displacement"”:
initial_displacement

10)
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CODE 1/0O : Dataset Construction

Step 3: Input/output pair collection

- Using the cleaned reference code & the input random generator, obtain
Input/output value pairs for each code.

- While data collection, the cases below are excluded:

1) The reference code has randomness (Input/output pairs should be
deterministic)

2) Too much runtime is required

3) Input/output structure is too complicated

4) The reference code fails to run

After filtering out, 3.5M instances were obtained from 454.9K raw code files.
(50% for input prediction, 50% for output prediction)



CODE I/O : Dataset Construction

Step 4: Building samples for input-output prediction

- Using the collected instances, generate labels for the dataset.

- The label should contain two components:

1) Reasoning flow in natural language (CoT).

2) Predicted input(output) value from the given output(input) value.

- Obtaining labels with fixed templates would be reliable. However, this approach has
critical limitations.

1) Cannot build deterministic reverse functions for all codes.

2) The label style sticks, which would harm the generalization ability.

=» Due to the limitations, labels are fully generated by the LLM (DeepSeek-V2.5).



Query def change_reflamt, coin REEGEUHECT [

You are given an amount of money “amt” and a list of coin i atnarol > Sans natuin craee reriar !
denominations “coins”. Your task is to determine the minimum number coins[1:1) h
of coins needed to make up the amount “amt™ using the given else:

. . [ . . . use_it = 1 + change_ref(amt - coins[@
denominations. If it is not possible to make the amount with the given ... o ge_ref(am (el

coins, the function should return “inf" (infinity).

output prediction label

1. Greedy Approach: We want to use as many of the largest denomination coins as
possible to minimize the number of coins. However, the greedy approach doesn't
always work for all coin systems, 50 we need to consider all possible combinations.

2. Possible Combinations:
= Using the largest coin "7
- We can use 'T" coins up to "3" times (since "3 = 7 = 217).
= After using "3" coins of *7", we have "25 - 21 = 4" |eft.
- To make "4°, we can use "1" coin of "4".
- Total coins used: "3 (for 7) + 1 (for 4) = 4" colns.

- Using fewer *7" coins:
= If we use "2" coins of "7, we have "25 - 14 = 11" left.
- To make "11°, we can use "2" coins of "4 (totaling "8") and 3" coins of "1".
- Total coins used: "2 (for 7) + 2 (for 4) + 3 (for 1) = 7" coins.

- Using "1" eoin of *7":
- We have 25 - 7 = 18’ left.
- To make "18°, we can use "4" coins of "4 (totaling "16") and "2" coins of "1,
- Total coins used: "1 (for 7) + 4 (for 4) + 2 (for 1) = 7" coins.

- Using no 7" coins:
- We can use "6 coins of "4’ (totaling "24°) and "1 coin of "1",
- Total coins used: "6 (for 4) + 1 (for 1) = 7" coins.

3. Optimal Solution: The combination that uses the fewest coins is the one where we
use "3 coins of "7 and "1" coin of 4", totaling "4" coins.

{"output™: 4}

lose_it = change_ref(amt, coins[1:])
return min{use_1it, lose it)

\ Input prediction label

1. Objective: We need to find an input where the minimum number of coins required
to make up the amount "amt’ is "4’,
2. Coin Denominations: The list of coin denominations should be such that the
combination of coins that sums up to ‘amt’ requires exactly ‘4" coins,
3. Example: Suppose we have coin denominations [1, 2, 5] and we want to make up
the amount "8’. The optimal way to make up ‘8" using these coins is:

- 1coinof 'S’

- 1coinof ‘2

- 1coinof "1’

- This sums up to '8 using "3 coins, which is less than "4", So, this is not the correct
input.
4. Another Example: Let’s consider coin denominations (1, 3, 4] and the amount 6",
The optimal way to make up ‘6" using these coins is:

- 1 coinof "4

- 2 coinsof '1°

- This sums up to "6 using "3" coins, which is still less than "4".
5. Correct Example: Now, consider coin denominations ‘[1, 3, 4] and the amount ‘8",
The optimal way to make up "8’ using these coins is:

- 2 coinsof "4’

- This sums up to "8" using '2" coins, which is less than "4,
6. Final Example: Let’s try coin denominations (1, 2, 5] and the amount "13", The
optimal way to make up "13" using these coins is:

- 2coinsof '5”

- 1coinof "2

- 1coinof 1"

- This sums up to "13" using "4’ coins, which matches our desired output.

{"input™: {"amt™: 13, "coins™ [1, 2, 5]}}
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CODE 1/0O : Dataset Construction

Step 4: Building samples for input-output prediction

- To enhance the dataset quality, multi-turn approach was also applied.
- When the LLM predicts a wrong input/output value at 1st turn, human feedback
is added to the prompt at the 2nd turn.

- The human feedback contains:

1) Whether the predicted answer is correct

2) Corresponding output of the wrong prediction in the 1st turn (only if the input
prediction was wrong)
- The human feedback does not contain the ground truth value.

[Mismatch] Your input is not feasible! Given the output 4, your predicted input is {"target”: 10, "numbers”: [1, 2, 3, 4, 5]}, which
actually gets a wrong output as 3

Human feedback example



CODE 1/O++

Step 4: Building samples for input-output prediction

- Utilizing the LLM, two types of datasets were generated.

#1: CODE 1/O [Single-turn dataset] #2: CODE 1/0O++ [Multi-turn dataset]
Prompt contains: Prompt contains:

1) Cleaned reference code Same as CODE I/O

2) A query

3) An input & output structure description Label contains:

4) An input(or output) value 1) Turn 1 response from DeepSeek-V2.5

2) Turn 1 feedback from human
Label contains: 3) Turn 2 response from DeepSeek-V2.5

1) Turn 1 response from DeepSeek-V2.5 4) Turn 2 feedback from human



Experiments



Experiment Setups

Base models: 4 types of LLMs are selected for experiments

Coder Models
e Qwen 2.5 7B Coder
 DeepSeek v2 Lite Coder

General-purpose Models
- LLaMA 3.1 8B
« Gemma 2 27B



Experiment Setups

Training procedure: two-step fine-tuning approach

Step 0) Prepare the baseline model

Step 1) Fine-tune by CODE [/O(++)

Step 2) Fine-tune by an extra instruction tuning dataset

*Instruction tuning dataset:

- Contains instruction/answer pairs from various domains & languages.
- Relatively smaller size than CODE I/O(++).

- Lets the model to acquire intent from the prompt.



Experiment Setups

To test whether CODE I/O can give general reasoning ability to LLMs, various evaluation
benchmarks were used for the test:

DROP: Numerical reasoning BLUE : Math

_ _ GREEN: Code
WinoGrande: Commonsense reasoning RED: Logic reasoning

GSMB8K: Basic arithmetic PURPLE: Deep domain knowledge

1)
2)
3)
4) MATH: Complex math reasoning

5) MMLU-STEM: Multiple-choice quizzes in STEM domain
6) LeetCode-O: Code output prediction

/) BBH: Challenging tasks for LLM models (logical deduction, boolean, ...)

8) GPQA: Multiple-choice quizzes requiring deep domain knowledge (biology, chemistry, ...)
9) CruxEval: Input/output prediction in python codes

10) ZebraGrid: Logic reasoning

11) KorBench: Logic reasoning

12) LiveBench: Logic reasoning & mathematics



Experiment Setups

To compare CODE 1/O(++) to other works, four datasets were selected as comparison.

« Weblnstruct (WI) (11.6M): Large instruction-tuning dataset mined from the Internet
 OpenMathinstruct-2 (OMI2) (14.0M): Dataset focused on math-problem solving

« OpenCoder-SFT-Stage-1 (OC-SFT-1) (4.2M): QA dataset generated from code data
 Python-Edu (PyEdu) (7.7M): Raw python code dataset

(For similar size as CODE 1/O, 3.5M subsets of WI and OMI2 were used for
experiments.)



Experiments - results
High perf. { ) | ow perf.

Ist Stage Wino GSM MMLU LC CRUX BBH Zebra Kor Live
Dataset # (M)|Grande DROP g MATH GPQA .STEM -0 -1 -0 -EN -ZH Logic Bench Bench AVG

DeepSeek Coder v2 Lite 16B

2nd Stage Only | 684 734 825 60.0 386 685 14.8 53.0549 61.1 69.2 6.7 447 26.6 |51.6

Ist Stage Wino GSM MMLU LC CRUX BBH Zebra Kor Live
Dataset # (M)|Grande DROP gk MATH GPQA _STEM -O -1 -O -EN -ZH Logic Bench Bench AVG
Qwen 2.5 Coder 7B
2nd Stage Only | 669 707 834 716 415 772 207 61.3 60.0 683 70.6 109 387 260 |54.8
Wi 35 735 1870 714 391 775 |[IBBISON 61.6 68.6 68.7 JI02) 425 260 | 550
WI(Full) 116 | 67.0 750 87.0 7L1 429 J786N 19.1 59.3 5918 68.4 704 109 419 27.6 |556
OMI2 35 [1676° 743 84.1 723 1362 774 209 60.4 61.5 68.8 69.3 427 212|552
OMI2 (Full) 140 | 669 74.0 409 778 199 595 62.4 68.3 71.3 41.2 @gﬁ 56.0
OC-SFT-1 42 | 666 753 86.7 377 780 203 609 60.1 6TSI67.6 10.8 40.] 55.0
PyEdu 77 | 667 748 858 714 409 774 191-624 67.8 657 106 393 258 54.8
CODEIVO 3.5 764 864 719 JA33) 77.3 23776316/649 69.3 72.8 10.7 (443 2855|572
CODEI/O++ 3.5 | 669 |79 857 721 406 779 242 szsm 10.7 |45

LLaMA 3.1 8B

2nd Stage Only | 713  73.1 832 499 406 700 4.1 445 469 658 65.6 98 398 257 |49.3

WI 35 721630 828 528 428 6 4.1 44.0 448645 67.8 10.0 498
OMI2 35 | 722 258190 382 WF0NN S8 46.1 46.4 67.4 68.6 403 245 | 50.
OC-SFT-1 4.2 5.7 435449 65.6 67.6 420 247
PyEdu 77 | 706  69.6 N 5.2 65.6 102 426 25.7
CODEI/O 5| 717 739 836 538 _ 69.0 1047 409 247
CODEI/O++ 3.5 | 71.8 75.1 840 532 409 |68 ).5 432 28.)

Wi 35 | 685 738 837 605 JB9SN 687 53.5 57.1 61.6 69 431 254516
OMI2 35 74.1 |84 06470 384 53.8 55.8 (636 6.4

OC-SFT-1 42 | 682 73.6 833 609 B373N 69.1 14.7 528 56.1 60.9 67.9 27

PyEdu 7.7 | 683 J746N 830 60.6 382 697 156 54.9 svousss 70 447

CoODEI/O 35 | 684 1746 836 609 386

CODEl/O++ 3.5 735 828 609 388 ;
Gemma 2 27B

2nd Stage Only | 724 80.1 90.1 663 444 828 19.1 62.5 669 77.1 804 135 47.8 30.0 |59.5

WI 35 | 732 449 827
OMI2 35 | 73.1
OC-SFT-1 42 | 735 799 911 66.1
PyEdu 7.7 | 737 795 903 453 828

CODEI/O 80.7 1912 67 4 449 1833
CODEI/O++ 35 73. 460 i

793 908 67.1

1) CODE I/O(++) shows consistent improvements on various benchmarks.
= CODE 1/O improved general-purpose reasoning ability.

2) CODE I/O(++) gives better performance than raw code dataset (PyEdu).

=>» Training on less structured data is suboptimal.
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Experiments - results
High perf. { ) | ow perf.

Ist Stage Wino GSM MMLU LC CRUX BBH Zebra Kor Live 15t Stage GSM MMLU LC CRUX BBH Zebra Kor Live
Dataset #(M)|Grande DROP gk MATH GPQA STEM -O -1 -O -EN -ZH Logic Bench Bench|AVG  Dataset it (M) Grandz DROP gk MATH GPQA STEM -0 -1 -0 -EN -ZH Logic Bench Bench AVG
Qwen 2.5 Coder 7B DeepSeek Coder v2 Lite 16B
2nd StageOnly | 669 707 834 716 415 772 207 61.3 60.0 683 70.6 109 387 260 |548  2ndStageOnly | 684 734 825 60.0 386 68.5 14.8 530549 61.1 69.2 6.7 447 266 |51.6
Wi 35 73.5 870 1161.6 68.6 68.7 1021 425 260 |550 WI 35| 685 738 837 605 JB9SN 68.7 53.5 57.1 61.6 6.9 1431 25.4 51.6
WI(Rul) 116 | 670 750 786 )3 598 65.4 704 109 419 27.6 | 556 OMI2 35 74.1 38.4 53.8 55.8 163
OMI2 35 | 676 743 774 604 61.5 68.8 69.3 427 272|552 OC-SFT-1 42 | 682 73.6 83.3 609 P3T3N 69.1 14.7[528]56.1 60.9 67.9 N6 427 25
OMI2 (Full) 14.0 | 669 74.0 77.8  19.9 59.5 62.4 68.3 71.3 41.2 284 |560 PyEdu 77 | 683 JI46N 830 60.6 382 697 156 549 STOBEDI686 7.0 44.7
OC-SFT-1 42 75374 7 780 203 60.9 60.1 M 108 40.1 275 |55.0 —
PyEdu 71 748 858 714 409 7.4 [SHEEE624GISMEM 1061 393 258548 COPEVO 33 | €8s WEMREIED 605 386
CODEI/O 3.5 764 864 719 J438N 713 64.9 69.3 728 107 (443
CODEVO++ 3.5 857 721 406 719 62.5 619710742 10.7 Skl ded
LLaMA 3.1 8B 2nd Stage Only | 724 80.1 90.1 663 444 828 19.1 625 669 77.1 804 135 47.8 300 |59.5
WI 35 | 732 ) 9 449 827 20.7 63.5 663 77.6 473 60.4
2ndStageOnly | 713  73.1 832 499 406 700 4.1 445469 658 656 98 398 257 [493 O\ 35 | 730 193 192“ 660 77.1 139 ;
Wi 35 ; 4.1 440448645 678 10.0 OC-SFT-1 42 | 735 799 9Ll 6
OMI2 3.5 5.8 46.1 46.4 67.4 68.6 PyEdu 77 | 737 795 903
OC-SFT-1 42 5.7 Wms 420 247
CoDEI/O 80.7 67.4
PyEdu 77 52 65.6 102 426 257 b 3 5 = ﬂ .
CoDEl/O S| 717 739 836 538 _ 690 1757 3 104
CODEI/O++ 3.5 | 71.8 751 840 532 409 |& ,

3) CODE 1I/O ++ outperforms CODE 1/O.

=>» Multi-turn revision improved dataset quality and reasoning ability of the model.
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Analysis



Ablation Study : Input/Output Prediction

* Input and output prediction by training on each separately

* |. Pred. only : training only with input prediction data

* O. Pred. only : training only with output prediction data

* The scores are generally similar

Wino GSM MMLU LC CRUX BBH Zebra Kor Live

# (M)|Grande DROP gg MATH GPQA _STEM -O -I -O -EN -ZH Logic Bench Bench|AVG
CoDEI/O 352 | 679 764 864 719 433 773 237 63.6 64.9 69.3 72.8 10.7 443 285 |57.2
~50% subset 1.59 | 67.5 747 867 716 429 773 23.0 62.8 659 69.1 70.8 10.5 42.1 289 |56.7

Effect of prediction inputs or outputs only.

I.Pred.only 1.75| 663 759 858 71.6 388 777 229 628 64.5 68.3 69.4 114 444 26.2 |56.1
O.Pred.only 1.76 | 669 752 84.6 715 424 765 233 61.1 656 70.1 72.1 114 422 269 [56.4

[1] Li, Junlong, et al. "Codel/O: Condensing Reasoning Patterns via Code Input-Output Prediction." arXiv, 2025. 29



Ablation Study : Input/Output Prediction

* Input and output prediction by training on each separately

* |. Pred. only : training only with input prediction data

* O. Pred. only : training only with output prediction data

* The scores are generally similar

Wino GSM MMLU LC CRUX BBH Zebra Kor Live

# (M)|Grande DROP gg MATH GPQA _STEM -O -I -O -EN -ZH Logic Bench Bench|AVG
CoDEI/O 352 | 679 764 864 719 433 773 237 63.6 649 693 72.8 10.7 443 285 |57.2
~50% subset 1.59 | 67.5 747 867 716 429 773 23.0 62.8 659 69.1 70.8 10.5 42.1 289 |56.7

Effect of prediction inputs or outputs only.

[1] Li, Junlong, et al. "Codel/O: Condensing Reasoning Patterns via Code Input-Output Prediction." arXiv, 2025. 30



Ablation Study : Input/Output Prediction

* Input and output prediction by training on each separately

* |. Pred. only : training only with input prediction data

* O. Pred. only : training only with output prediction data

* Incorporating both input-output predictions can lead to more balanced

performance !

Wino GSM MMLU LC CRUX BBH Zebra Kor Live
# (M)|Grande DROP gg MATH GPQA _STEM -O -I -O -EN -ZH Logic Bench Bench|AVG
CODEI/O 352 | 679 764 864 719 433 773 237 63.6 649 693 72.8 10.7 443 285 |57.2
~50% subset 1.59 | 67.5 747 867 716 429 773 23.0 62.8 659 69.1 70.8 10.5 42.1 289 |56.7
Effect of prediction inputs or outputs only.
I.Pred. only 1.75| 663 759 858 71.6 388 77.7 229 62.8 64.5 683 69.4 114 444 262 |56.1
O.Pred. only 1.76 | 669 752 846 71.5 424 765 233 61.1 656 70.1 72.1 114 422 269 |56.4

[1]Li, Junlong, et al. "Codel/O: Condensing Reasoning Patterns via Code Input-Output Prediction." arXiv, 2025.
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Ablation Study : Rejection Sampling

* Rejection sampling : Filtering incorrect responses

Wino GSM MMLU LC CRUX BBH Zebra Kor Live

# (M) |Grande DROP gg MATH GPQA _STEM -O -I -O -EN -ZH Logic Bench Bench|AVG

CODEI/O 352 | 679 764 864 719 433 773 237 63.6 649 69.3 72.8 10.7 443 285 |57.2

~50% subset 1.59 | 67.5 747 867 71.6 429 773 23.0 62.8 659 69.1 70.8 10.5 42.1 289 |56.7
Effect of rejection sampling.

w/iowrong 179 | 66.8 749 874 715 39.1 767 226 62.6 66.6 683 71.9 11.5 42.6 27.8 |56.5

wrong—gt  3.52 | 664 768 86.0 70.6 424 765 243 62.1 67.6 68.071.1 11.5 43.1 26.6 |56.6

[1]Li, Junlong, et al. "Codel/O: Condensing Reasoning Patterns via Code Input-Output Prediction." arXiv, 2025.
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Ablation Study : Rejection Sampling

* Rejection sampling : Filtering incorrect responses
- Remove 50% of the training data (w/o wrong)

 This results in a general performance drop, suggesting a loss of data diversity

Wino GSM MMLU LC CRUX BBH Zebra Kor Live
# (M) |Grande DROP gg MATH GPQA _STEM -O -I -O -EN -ZH Logic Bench Bench|AVG

| CopEI/O 352 | 67.9 764 864 719 433 773 23.7 63.6 64.9 69.3 72.8 10.7 44.3 28.5 |57.2|
~50% subset 1.59 | 67.5 4.7 86.7 171.6 429 773 23.062.8 659 69.1 70.8 10.5 42.1 289 [56.7

Effect of rejection sampling.

w/o wrong 1.79 | 66.8 749 874 715 39.1 767 22.6 62.6 66.6 68.3 71.9 11.5 42.6 27.8 |56.5

wrong—gt  3.52 | 664 768 860 70.6 424 765 243 62.1 67.6 68.071.1 11.5 43.1 26.6 |56.6

[1] Li, Junlong, et al. "Codel/O: Condensing Reasoning Patterns via Code Input-Output Prediction." arXiv, 2025. 33



Ablation Study : Rejection Sampling

* Rejection sampling : Filtering incorrect responses
- Remove 50% of the training data

* There is no significant benefit when using a subset dataset that only uses 50% of
the Codel/O (~50% subset)

Wino GSM MMLU LC CRUX BBH Zebra Kor Live

# (M) |Grande DROP gg MATH GPQA _STEM -O -I -O -EN -ZH Logic Bench Bench|AVG
CODEI/O 352 | 679 764 864 719 433 773 237 63.6 649 693 72.8 10.7 443 285 |57.2
~50% subset 1.59 | 67.5 747 867 71.6 429 773 23.0 62.8 659 69.1 70.8 10.5 42.1 289 |56.7

Effect of rejection sampling.

w/o wrong 1.79 | 668 749 874 715 39.1 7677 226 62.6 66.6 68.3 719 11.5 426 27.8 |56.5
wrong—gt 352 | 664 768 860 70.6 424 765 243 62.1 67.6 68.071.1 11.5 43.1 26.6 |56.6

[1] Li, Junlong, et al. "Codel/O: Condensing Reasoning Patterns via Code Input-Output Prediction." arXiv, 2025. 34



Ablation Study : Rejection Sampling

* wrong -2 gt : Replacing all incorrect responses with ground-truth answers through
code execution

« It still has no advantages

Wino GSM MMLU LC CRUX BBH Zebra Kor Live
# (M) |Grande DROP gg MATH GPQA _STEM -O -I -O -EN -ZH Logic Bench Bench|AVG

| CopEI/O 352 | 679 764 864 719 433 773 23.7 63.6 64.9 69.3 72.8 10.7 443 28.5 |57.2]
~50% subset 1.59 | 67.5 747 86.7 71.6 429 773 23.0 62.8 659 69.1 70.8 10.5 42.1 289 [56.7

Effect of rejection sampling.

w/0 wrong 1.79 | 668 749 874 715 39.1 76.7 226 62.6 66.6 68.3 719 11.5 426 27.8 |56.5
wrong—gt 352 | 664 76.8 860 706 424 765 243 62.1 67.6 68.071.1 11.5 43.1 26.6

[1] Li, Junlong, et al. "Codel/O: Condensing Reasoning Patterns via Code Input-Output Prediction." arXiv, 2025. 35



Ablation Study : Rejection Sampling

* wrong -2 gt : Replacing all incorrect responses with ground-truth answers through
code execution

« It still has no advantages

 To maintain performance balance, we retain all incorrect responses !

Wino GSM MMLU LC CRUX BBH Zebra Kor Live

# (M) |Grande DROP gg MATH GPQA _STEM -O -I -O -EN -ZH Logic Bench Bench|AVG
CODEI/O 352 | 679 764 864 719 433 773 237 63.6 649 693 72.8 10.7 443 285 |57.2
~50% subset 1.59 | 67.5 747 867 71.6 429 773 23.0 62.8 659 69.1 70.8 10.5 42.1 289 |56.7

Effect of rejection sampling.

w/o wrong 1.79 | 668 749 874 715 39.1 7677 226 62.6 66.6 68.3 719 11.5 426 27.8 |56.5
wrong—gt 352 | 664 768 860 70.6 424 765 243 62.1 67.6 68.071.1 11.5 43.1 26.6 |56.6

[1] Li, Junlong, et al. "Codel/O: Condensing Reasoning Patterns via Code Input-Output Prediction." arXiv, 2025. 36



Effect of Different Synthesis Model

* Weblnstruct (WI) : Dataset refined by Qwen-72B or Mixtral-22Bx8

« WI-DS25 : Dataset refined by DeepSeek-V2.5

58.0
Qwen 2.5 Coder 7B
LLaMA 3.1 8B

$57.0

2

o

Y 56.0

o

o

(W

@)

> 55.0

>4.0 Codel/O Wi WI-DS25

First Stage Training Data

[1]Li, Junlong, et al. "Codel/O: Condensing Reasoning Patterns via Code Input-Output Prediction." arXiv, 2025.
[2] Yue, Xiang, et al. "Mammoth2: Scaling instructions from the web." NeurIPS, 2024.
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Effect of Different Synthesis Model

* Weblnstruct (WI) : Dataset refined by Qwen-72B or Mixtral-22Bx8

« WI-DS25 : Dataset refined by DeepSeek-V2.5

58.0
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LLaMA 3.1 8B
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First Stage Training Data

[1]Li, Junlong, et al. "Codel/O: Condensing Reasoning Patterns via Code Input-Output Prediction." arXiv, 2025.
[2] Yue, Xiang, et al. "Mammoth2: Scaling instructions from the web." NeurIPS, 2024.
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Effect of Different Synthesis Model

* Weblnstruct (WI) : Dataset refined by Qwen-72B or Mixtral-22Bx8

« WI-DS25 : Dataset refined by DeepSeek-V2.5

58.0
Qwen 2.5 Coder 7B
LLaMA 3.1 8B
$57.0
2
<
Y56.0
o
o
(W
@)
> 55.0
>4.0 Codel/O W] WI-DS25

First Stage Training Data

[1]Li, Junlong, et al. "Codel/O: Condensing Reasoning Patterns via Code Input-Output Prediction." arXiv, 2025.
[2] Yue, Xiang, et al. "Mammoth2: Scaling instructions from the web." NeurlPS, 2024.
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= 3.52M = 1.91TM + 0.96M = 0.32M mw/o Mid-Training

LiveZBgench
S MMLU
MATH -STEM
71.8 Y
. Zebra
DROP76.4 " - e N, 12 Logic
.\| ' ’ l",'
Koras3 679 Wino
Bench ¥ R ] %~ Grande
« s
.- !
433 . A I ! s
GPQA '+ ; * BBH-ZH
.’ . 27
A
638 : i
Crux-I ¥ BBH-EN
66.3 5 237"
Crux-O LeetCode-O
GSMS8K

(a) Size of randomly sampled subset.

[1]Li, Junlong, et al. "Codel/O: Condensing Reasoning Patterns via Code Input-Output Prediction."

Scaling Effect of Codel/O

« How Codel/O scales with varying amounts of training data

m6/6 m4/6 - 2/6 m»1/6 mw/0 Mid-Training

Live2%ench
MATH A gty
719 N\ 77.9
DROP 79 % ’ 10.9 Egg{:
N\ N S s
», i
Korais 1 679 Wino
Bench = »& \ Y / Grande
w s
. :
43/ oIS [N ’ 72.8
GPQA * v Y R " BBH-ZH
\~" |
636 6953
Crux-1 —/ ' BBH-EN
6§.4 7.5 ‘24;
Crux-0 % LeetCode-O
GSM8K

(b) Ratio of testcases per sample compared to the full set.

arXiv, 2025.
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Scaling Effect of Codel/O

« How Codel/O scales with varying amounts of training data

« Just increasing the number of training samples - Clear benefit !

= 3.52M = 1.91M + 0.96M = 0.32M mw/o Mid-Training

Livezgench
4 MMLU
79 77.7
DROP76 4 . O 109 'f:;";{:
Kora4 3 /" 679 Wino
Bench * VAN 7 ¥ Grande
« .
a
433 '?\"' R RS . 72.8
GPQA * oo L PN RRSSN " BBH-ZH
\., i ) H
"
635 693
Crux-| J BBH-EN
66.3 + 237
Crux-O LeetCode-O
GSMS8K

(a) Size of randomly sampled subset.

[1]Li, Junlong, et al. "Codel/O: Condensing Reasoning Patterns via Code Input-Output Prediction." arXiv, 2025.



Scaling Effect of Codel/O

« How Codel/O scales with varying amounts of training data

* Increasing the ratio of input-output pairs - Generally benefit !

m6/6 m4/6 - 2/6 m»1/6 mw/0 Mid-Training

l.iveg%ench
MATH - gty
7}_.9 77.9
= Zebra
DROP 79 q‘\ -‘1_(;9 LOgiC
(heR ; _________ ;
» ’,’
Korss 1 679 Wino
Bench  « A\ ! Grande
. .
. :
43 "-'-:L;_ e | ‘ . 728
GPQA * v Y ) * BBH-ZH
vk
63.6 6943
Crux-| J BBH-EN
664 “7.5 ‘:34_3
Crux-O e LeetCode-O
GSMS8K

(b) Ratio of testcases per sample compared to the full set.

[1]Li, Junlong, et al. "Codel/O: Condensing Reasoning Patterns via Code Input-Output Prediction." arXiv, 2025.
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Different Data Format

* How to best arrange the query, reference code, CoT in training samples

Data Format Wino GSM MMLU LC CRUX BBH Zebra Kor Live
Prompt Response |Grande DROP gk MATH GPQA _STEM -O -1 -O -EN -ZH Logic Bench Bench AVG
Q+Code CoT 679 764 864 719 433 713 2377 63.6 649 69.3 72.8 10.7 443 28.5 |57.2
Q CoT 672 768 872 704 375 773 252 626 653 69.2 71.1 11.5 449 28.5 |56.8
Code CoT 679 764 870 70.8 395 765 250 64.1 65.8 68.8 71.3 10.6 45.2 28.5 [57.0
Q Code+CoT| 659 76.1 87.5 7T1.7 422 769 229 639 66.1 69.6 72.9 109 414 28.5 |56.9
Q Code 669 73.1 848 71.6 400 774 20.8 59.5 624 67.2 68.3 10.1 403 263 |54.9

[1]Li, Junlong, et al. "Codel/O: Condensing Reasoning Patterns via Code Input-Output Prediction." arXiv, 2025.
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Different Data Format

* How to best arrange the query, reference code, CoT in training samples

* Prompt (Q+Code) + Response (CoT) - Best performance !

Data Format Wino GSM MMLU LC CRUX BBH Zebra Kor Live
Prompt Response |Grande DROP gk MATH GPQA _STEM -O -1 -O -EN -ZH Logic Bench Bench AVG
CoT 23.7 63.6 64.9 69.3 72.8 :
Q CoT 672 768 872 704 375 773 252 626 653 69.2 71.1 11.5 449 28.5 |56.8
Code CoT 679 764 870 70.8 395 765 250 64.1 65.8 68.8 71.3 10.6 45.2 28.5 [57.0
Q Code+CoT| 659 76.1 875 71.7 422 769 229 639 66.1 69.6 729 109 414 28.5 |56.9

Q Code 669 73.1 848 71.6 400 774 20.8 595 624 67.2 68.3 10.1 403 26.3 |54.9

[1] Li, Junlong, et al. "Codel/O: Condensing Reasoning Patterns via Code Input-Output Prediction." arXiv, 2025. 44



Different Data Format

* How to best arrange the query, reference code, CoT in training samples

* Prompt (Q+Code) + Response (CoT) - Best performance !

* Without CoT, performance drops

Data Format Wino GSM MMLU LC CRUX BBH Zebra Kor Live
Prompt Response |Grande DROP gk MATH GPQA _STEM -O -1 -O -EN -ZH Logic Bench Bench AVG
Q+Code CoT 679 764 864 719 433 713 2377 63.6 649 69.3 72.8 10.7 443 28.5 |57.2
Q CoT 672 768 872 704 375 773 252 626 653 69.2 71.1 11.5 449 28.5 |56.8
Code CoT 679 764 870 70.8 395 765 250 64.1 65.8 68.8 71.3 10.6 45.2 28.5 [57.0

Code+CoT| 659 76.1 87.5 7T1.7 422 769 22.9 63.9 66.1 69.6 72.9 109 414 28.5 |56.9
é Code 669 73.1 848 71.6 400 774 20.8 59.5 62.4 67.2 683 10.1 40.3 26.3 |54.9 |

[1]Li, Junlong, et al. "Codel/O: Condensing Reasoning Patterns via Code Input-Output Prediction." arXiv, 2025.
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Multi-turn Revision

« Extension revision to a second turn to evaluate further improvements
* Most correct responses are predicted in the initial turn

« About 10% of incorrect responses corrected in the first-turn revision

Correct 50.0 Correct’ 8.0I Correct” 2.8 Correct 51.8 Correct’ 5.2. Correct" 1.7
Turn-0 100.0 Wrong' 36.6 Wrong" 33.1 Turn-0 100.0
Wrong 44.6 Turn-150.0 Turn-2 42.0 Turn-1482 \wrong'41.4  Turn-243.0 Wrong" 39.5
Wrong 46.5
Exception' 2.2 Exception™ 2.1,
Exception 2.6 No Answer' 2.7 No Answer" 3.3
No Answer 2.2 -

Timeout 0.6 Timeout' 0.5 Timeout" 0.7 No Answer 1.7 No Answer' 1.6 No Answer" 1.8

(a) Input prediction revision. (b) Output prediction revision.

[1] Li, Junlong, et al. "Codel/O: Condensing Reasoning Patterns via Code Input-Output Prediction." arXiv, 2025. 46



Multi-turn Revision

« Extension revision to a second turn to evaluate further improvements
* Most correct responses are predicted in the initial turn

« About 10% of incorrect responses corrected in the first-turn revision

Correct 50.0 Correct’ 8.0. Correct” 2.8 Correct 51.8 Correct’ 5.2. Correct" 1.7
Turn-0 100.0 Wrong' 36.6 Wrong" 33.1 Turn-0 100.0
Wrong 44.6 Turn-150.0 Turn-2 42.0 Turn-1482 \yrong'41.4 Turn-243.0 Wrong" 39.5
——Wrong %65
Exception’ 2.2 Exception" 2.1
Exception 2.6 No Answer' 2.7 No Answer" 3.3
No Answer 2.2 -
Timeout 0.6 Timeout' 0.5 Timeout" 0.7 No Answer 1.7 No Answer' 1.6 No Answer" 1.8
(a) Input prediction revision. (b) Output prediction revision.

[1] Li, Junlong, et al. "Codel/O: Condensing Reasoning Patterns via Code Input-Output Prediction." arXiv, 2025. 47



Multi-turn Revision

« Extension revision to a second turn to evaluate further improvements

* Most correct responses are predicted in the initial turn

« About 10% of incorrect responses corrected in the first-turn revision

Correct 50.0

Turn-0 100.0

Wrong 44.6

Exception 2.6
No Answer 2.2
Timeout 0.6

Turn-1 50.

Correct' 8.()l

Wrong' 36.6

Exception' 2.2
No Answer' 2.7_

Timeout' 0.5

Correct" 2.8_

Wrong" 33.1

Turn-242.0

Exception" 2.1
No Answer" 3.3_

Timeout" 0.7

(a) Input prediction revision.

———Wrorg 4GS

Correct 51.8

Turn-0 100.0

No Answer 1.7

Turn-1 48.

Correct' 5.2.

Wrong'41.4

No Answer' 1.6

Correct" 1.7

Turn-2 43.0 Wrong" 39.5

No Answer" 1.8

(b) Output prediction revision.

[1]Li, Junlong, et al. "Codel/O: Condensing Reasoning Patterns via Code Input-Output Prediction." arXiv, 2025.
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Multi-turn Revision

* However, the second turn yields significantly fewer corrections

« Minimal gains or even performance drops

Correct 50.0 Correct' 8.0l
Turn-0 100.0 Wrong' 36.6
Turn-150.0

Exception' 2.2

Exception 2.6 No Answer' 2.7
No Answer 2.2 i
Timeout 0.6 Timeout' 0.5

(a) Input prediction revision.

Correct" 2.8_

Wrong" 33.1

Exception" 2.1

No Answer" 3.3_

Timeout" 0.7

Correct 51.8

Turn-0 100.0

Wrong 46.5

No Answer 1.7

[1]Li, Junlong, et al. "Codel/O: Condensing Reasoning Patterns via Code Input-Output Prediction." arXiv, 2025.

Turn-148.2

Correct' 5.2.

Wrong' 41.4

No Answer' 1.6

Turn-2 43.

(b) Output prediction revision.

Correct" 1.7

Wrong'" 39.5

No Answer" 1.8
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Multi-turn Revision

* However, the second turn yields significantly fewer corrections

* Minimal gains or even performance drops - Using single-turn revision !

58.0 52.5
Qwen 2.5 Coder 7B
LLaMA 3.1 8B i
=57.8 52-2‘25‘*
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2 52.00
O57.6 3
o '51.8 ¢
8 o
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57.0 0 i 3 51.0
Turn

[1]Li, Junlong, et al. "Codel/O: Condensing Reasoning Patterns via Code Input-Output Prediction." arXiv, 2025.



The Necessity of Two Stage Training

« Experiments about the necessity of a separate training stage with Codel/O data

 All two-stage variants outperform single-stage training

First Second Model

Stage Stage Qwen LLaMA

- IT 54.8 49.3

- CoDEI/O(10%)+IT | 56.6 50.5

CODEI/O+IT - 55.9 49.7

CoDEI/O IT 57.2 51.2

CODEI/O+IT IT 56.8 51.5

CoDEI/O  CoDEI/O(10%)+IT | 57.0 52.7

[1]Li, Junlong, et al. "Codel/O: Condensing Reasoning Patterns via Code Input-Output Prediction." arXiv, 2025.



The Necessity of Two Stage Training

« Experiments about the necessity of a separate training stage with Codel/O data

* All two-stage variants outperform single-stage training

First Second Model

Stage Stage Qwen LLaMA

- IT 54.8 493

E CODEI/O(10%)+IT | 56.6 50.5

CODEI/O+IT - 55.9 49.7

CoDEI/O IT 57.2 51.2

CODEI/O+IT IT 56.8 51.5

CopEl/O  CoODEI/O(10%)+IT | 57.0 52.7

[1]Li, Junlong, et al. "Codel/O: Condensing Reasoning Patterns via Code Input-Output Prediction." arXiv, 2025.



Analysis Summary

* To maintain performance balance, we retain all incorrect responses and
incorporate both input-output predictions, not knowledge distillation from an
advanced model

« Scaling the number of samples or the ratio of 1/O helps capturing and learning
complex logic flow

* Including CoT and two-stage training lead higher performance

[1]Li, Junlong, et al. "Codel/O: Condensing Reasoning Patterns via Code Input-Output Prediction." arXiv, 2025.



Related Work



Learning about Code Execution

« Most related work focus solely on the code execution output prediction task itself

« Other works also utilize code execution to improve code generation abilities

Code w/ Inputs Code: Code:
p ‘ CodeX ‘ (x, | ¢ =98 | stack = [3, 866, -325]

L //Input: 19 -1 +Branch-1: Executed 2 z=3 2 stack.append(6)
£ - : ‘5 =
3 #include <stdio.h> Branch-2: Not Executed C += 7 3 stack.append(7)
4 int main() Trace: 4 stack.pop()
f‘ int A. N. T. B: € 1315{312 3 5 stack.pop()
7 scanf(“sd %d”, ‘&N, 8A); UnixCoder code: 6 z::z:"mp“
3 B=T * A ‘x, | f = 'ifailuhkqq’
10 if (A > 0) > Branch-1:Nut Executed 2 1=1['a', 'i’] Trace:
11 . Branch-2: Not Executed s x =2 <line> 1 <state> stack:[3, 866, -325]
.lIE printf("%d", B); // Branch-1 4 _ 5 ¢line> 2 <state> stack:[3, 866, -325, 6]
13 v¥es cline> 3 <state> stack:[3, 866, -325, 6, 7]
- else 5 1= List(f[x:y]) (line> 4 <state> stack:[3, 866, -325, 6]
- . . . Trace: <line> 5 <state> stack:[3, 866, -325]
16 printf(“%d",T); // Branch-2 | TRACED (Ours) | £ : ifailunkaq’;  clines ¢ <states stack:[3, 866]
18 return 0; > Branch-1: Not Executed 1 g_" *_15* 1’]; <line> 7 <state> stack:[3, 866]
19} Branch-2: Executed e fh]' ©

[1]Li, Junlong, et al. "Codel/O: Condensing Reasoning Patterns via Code Input-Output Prediction." arXiv, 2025.
[2] Liu, Chenxiao, et al. "Code execution with pre-trained language models." arXiv, 2023.
[3] Ding, Yangruibo, et al. "Traced: Execution-aware pre-training for source code." Proceedings of the 46th IEEE/ACM International Conference on Software Engineering, 2024.



CYCLE (Ours)

Learning about Code Execution

« Most related work focus solely on the code execution output prediction task itself

« Other works also utilize code execution to improve code generation abilities

def Tin):
result = []
for i im ramge{m}:
it 4% 2 == p:
factorial = 1
for j im ramge{l,
factorial ==
result.appendifactorial)
LT H
sem = @
for j im ramge(l, i + 1)1
sum =
result. append(som)
return result

i+ 1)

ydef fimn):

if mo=m 85

return []
it m % 2 == B:

return [n] + fin 77 2}
Rt H

return [susf{rangs{l,nel)}jefin=

ML instruction | buggy code ¥ rationale ¥
~‘_ Tost Eailed daf H{i: W W axiract values = i,_ix!_';:; y IHI::H: :E%;.._il-_ !.:I:.I‘._. ....... Lsplit(=, ") The problem spec asks b0 extract values batwoen
' o Cast i ::‘r""it .: l:" s b bvmain o marks of & siring retoen ttr 145t ' : - E quotation marks of a string.
' tear assert f(3) == [1, 2, 6] .. P Dl =
W i " h g
- False factorisl = 1 . . o | | Now lat's loak at the program. Tha peogram first uses
E_i@'.l_._'n """"""""""" @ "“F.l..;’:,;i"ﬁ‘}' i+ 13 assert extract_wvalues{ ' “Python™, “PHF Java ¥ wa'] | testease ly replace() to remove all quotation marks, and then uses
X » : ?
' Prect . Actual Qutput - -, ik result. append | factorial) o e S oy RSN e
N L aes F{3) i "3 else: # (8) string='"Pythan®, “PHP=, =Jawa"': Bca € work fine for the second and third assertions. But for
0 i ecame sum = @ replacel" ™", split{™,"} ® (1) str list=['Python’, " PHP', ° Java']; tha first assartion, the returmn value is [ "Pythen’,
: [, 1, 2] H for § in ranga(l, 4 + 1): B (3] —return—=[ Python" . PWP", ™ Java'1:] s 7 et t Java’] while the expected output is
1 sasssasssssaas ' ":::t*' i = = = : : B[ *python®, "PHP®, *lava’]. The reason is that the
: - return result sert extract_values( t - - ! {["Python', "PHF', 'Java']]\ mr’:’ inpud string has spaces before and after each comma,
A -
T oty et LanE and split() wil splil tha string by commas and also
‘ Same as the first-time generation i b ) | knop the spaces
Gather Execution Feedback Self-Refine the Generated Code LL Ll {| | Here s & fied version that uses re. findall{) to
.Test Case Failed Prompt v exiract he subsirings between quotation marks
. = = Test Case Failed - ----- def f(m)1 — - LLMs P, : ——
' f factim): DG e i I
' - s33 assert F{3) == [1, 2, ﬁ] Copre=al L O CoT Rationales Executor £ ; - _ code culput §
| False return 1 3
@ ““““““““““ @ — e fact{n=1) e
ratura A & factin= -
ﬁmlual Output - - . am=[] - Hibs - _{25 1
EI“ v rax f(3) : - & for l.i:i.n range(l, mel): sampling | Coi | Dwipart I} Wmd]‘rﬁd-t filiering string
! H . - it 7 == B
o ‘s, 2, 1) : ﬂ::lmad['lbct[ill " tests -7 ‘
2L B TTrTTrrETrT - & sppend [sssirange(l, i+1)}}
raturn & NExT Mteration Example Rationale + Fix

[1]Li, Junlong, et al. "Codel/O: Condensing Reasoning Patterns via Code Input-Output Prediction." arXiv, 2025.

{Sampling + Filtaring - Training)

[2] Ding, Yangruibo, et al. "Cycle: Learning to self-refine the code generation." Proceedings of the ACM on Programming Languages, 2024.

[3] Ni, Ansong, et al. "Next: Teaching large language models to reason about code execution."

arXiv, 2024.
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Learning about Code Execution

« Most related work focus solely on the code execution output prediction task itself

« Other works also utilize code execution to improve code generation abilities

- Predict diverse code input-output and demonstrate efficacy in general
reasoning abilities, not code-specific task !

[1]Li, Junlong, et al. "Codel/O: Condensing Reasoning Patterns via Code Input-Output Prediction." arXiv, 2025.
[2] Ding, Yangruibo, et al. "Cycle: Learning to self-refine the code generation." Proceedings of the ACM on Programming Languages, 2024.
[3] Ni, Ansong, et al. "Next: Teaching large language models to reason about code execution." arXiv, 2024.
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Inference Time Scaling

* Inference-time scaling : Encouraging models to generate ultra-long reasoning
process to solve problems through large-scale reinforcement learning

[1] Li, Junlong, et al. "Codel/O: Condensing Reasoning Patterns via Code Input-Output Prediction." arXiv, 2025.

[2] Jaech, Aaron, et al. "Openai 01 system card." arXiv, 2024.
[3] Guo, Daya, et al. "Deepseek-r1: Incentivizing reasoning capability in lims via reinforcement learning." arXiv, 2025.
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Inference Time Scaling

* Inference-time scaling : Encouraging models to generate ultra-long reasoning
process to solve problems through large-scale reinforcement learning

= Codel/O is orthogonal to this method and can provide a better basis to
further incentivize the reasoning abilities of LLMs

[1] Li, Junlong, et al. "Codel/O: Condensing Reasoning Patterns via Code Input-Output Prediction." arXiv, 2025.

[2] Jaech, Aaron, et al. "Openai 01 system card." arXiv, 2024.
[3] Guo, Daya, et al. "Deepseek-r1: Incentivizing reasoning capability in lims via reinforcement learning." arXiv, 2025.



Conclusion



Conclusion

* Introducing Codel/O to improve the reasoning abilities of LLMs by training them to
predict code inputs and outputs in pure CoTs

* This approach can enhance general reasoning abilities, including symbolic,
logical, mathematical, and commonsense reasoning

[1]Li, Junlong, et al. "Codel/O: Condensing Reasoning Patterns via Code Input-Output Prediction." arXiv, 2025.



Limitation

- Inherent limitations in the diversity and accuracy of the DeepSeek

- Codel/O++ is introduced as an advanced dataset with multi-turn revision, but experiment
shows that multi-turn revision is not significant

- No such verification when generating labels for input prediction and output prediction

stages

- Evaluation problem : Multiple valid inputs can produce the same output - Correct input
prediction is labeled as wrong prediction

- Despite claims of general reasoning, the model’s performance is insufficient and needs

deeper evaluation
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