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Motivation

@ P ( Code )
_’ <Code> | —» —*| <Code> n, m = map(int, input().split())
words = [input().strip() for _ in range(n)]
s words . sort (key=lambda x: [(-ord(s[i-1]), ord(s[i])) if i % 2 else (ord(s[i-11),
Traceback if fails -ord(s[i])) for i in range(l, m1)])
)
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# Custom sorting key for asc-desc-ending order

<Code> def custom_sort(s):
T This function returns a tuple where the first element is a
if fails tuple of characters at odd indices in ascending order and
Feedback the second element is a tuple of characters at even
I—» Reason. Response indices in descending order.
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def custom_sort(s):

Andi and Budi were given an assignment to tidy up their LWn(e helper functions docstring and explain.
bookshelf of n books. Each book is represented by the book
titte — a string s_i numbered from 1 to n, each with Xengih
m. Andi really wants to sort the book
ascending, while Budi wants to sort it lexicographically
descending. Settling their fight, they decided to combine
their idea and sort it asc-desc-endingly.

# Read the number of book titles (n) and the

]
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J

Write comment before each line.
. # length of each title (m)

n, m = map(int, input().strip().split())

Execution Feedback W ¥ Read aach book title and store it

Example
Input Your code failed the following tests: - input strings = [input().strip() for _ in range(n)]
5 2\nAA\nAB\nBB\NBA\NAZ *5 2\nAA\NAB\nBB\nBA\nAZ # Sort the book titles based on the
?;“‘1”(:4 TraV # "asc-desc-endingly" criteria
Your code is wrong. e
- A - J

Figure 1: Our framework for evaluating LLM multi-turn code generation techniques. Top: In

the default multi-turn setting, given a programming problem, the model generates a code solution,
interacts with the runtime environment to gather execution feedback and retries in case of failure.

Bottom: On top of the default setting, we gather reasoning (Reason.) prompts, instruction (Inst.)
prompts, and execution feedback prompts. The problem statement is augmented with a reasoning
prompt. After generating an answer to the reasoning prompt, an instruction prompt determines how
program code should be generated. The execution feedback prompts vary in granularity, ranging from
a binary pass or fail indicator to detailed tracing information.

Q: Can we find a trade-off between methods
using:

- massive single-turn sampling
- complex prompt engineering

Target Benchmark (Competitive programming):

- CodeContests
- TACO
- LiveCodeBench
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Figure 2: Scaling number of turns
is not compute optimal. Pass@10
(Top) and pass 10@100 (Bottom)
on CodeContests test set when in-
creasing the number of turns with
Llama 3.1 70B.

Comprehensive experimental survey of CoT and
execution feedback in both single-turn and multi-turn
setup under equal compute constraints

3 Key Insights:

- Single turn: reasoning (NL — NL) + instruction (NL
— Code) is best, CoT can degrade performance

- Multi-turn: can be worse than single-turn under
fixed sampling budget

- Rejection Sampling Fine-tuning: Reasoning can be
learned via fine-tuning on multi-turn CoT data



Prompting and Feedback Space

SINGLE-TURN MULTI-TURN
Reasoning Prompts Instruction Prompts
(NL— NL) (NL— Code) Feedback Prompts
CoA [1], Self-discover [2], Parsel [4], LLM assisted code Learn to Debug (LDB) [6], NeXT [7], Self-Debugging [8],
Decomposed prompting [3] cleaning [5] CodeChain [9], Self-refine [10], REFINER [11], CodeRepair [12],

General to Specific Prompting [13]

/" Natural Language 5 Code Execution Feedback R
Explain input output pairs Generate a naive solution. Your code is wrong.
Rate the problem difficulty Propose a clever algorithm. You failed tests. Expected: 5, got: 2
Write a solution in natural Describe the necessary You failed the tests: for input 1 expected: 5 got: 2
language. intermediate variables. You passed some tests: for input 0 expected: 8 and got: 8
Reflect on the problem, and Write the docstring and = 5
describe it in your own words signatures of helper functions Here are intermediate values, analyze and fix your code.

Figure 3: Prompting space explored in our survey. We explore chain of thought prompts at
three different levels: before the first code generation (reasoning prompts), with code generation
(instruction prompts), and after the first code generation (execution feedback). The corresponding
works from the single-turn and multi-turn reasoning and code generation literature are: [1] Gao et al.
(2024), [2] Zhou et al. (2024), [3] Khot et al. (2023), [4] Zelikman et al. (2023), [5] Jain et al. (2024),
[6] Zhong et al. (2024), [7] Ni et al. (2024), [8] Chen et al. (2024), [9] Le et al. (2024), [10] Madaan
et al. (2024), [11] Paul et al. (2024), [12] Tang et al. (2024), [13] Li et al. (2023a).




Single turn

Main take-away: CoT works best for hard problems, large models and high sampling
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Figure 4: CoT helps most on hard examples. From a set of 8 reasoning and 6 instruction prompts
commonly used on competitive coding benchmarks, we extract the pass rate of the best and worst
prompts amongst all 63 = (8 + 1) x (6 + 1) combinations (including no reasoning or no instruction)

for Llama 3.0 8B. We compare on different difficulty split of the TACO dataset. The relative gain
from a tailored CoT increases with problem difficulty and sampling size.



Multi-turn

Main take-away: execution feedback granularity impacts model’s multi-turn behavior (exploration v.s. exploitation)
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Figure 6: Fine-grained feedback induces exploitative behavior. Distribution of consecutive code
similarity scores within dialog for different types of feedback, obtained from Llama 3.1 8B and 70B
samples (temperature 1.0). The higher the similarity scores between consecutive codes in the same
dialog, the more the model exhibits exploitative behavior.



CoT Rejection Sampling

Main take-away: models can internalize reasoning behavior without any specific prompting through rejection sampling finetuning.

Table 1: Up to +10% with multi-turn CoT. Pass n@k (%) on CodeContests test set with high
temperature (1.0) and large sampling budget. In the multi-turn setting, we use a maximum of 3 56
code attempts (i.e., 3 turns) with the "failed tests" feedback. The pass n@k is calculated from 200
trajectories for both single-turn and multi-turn settings. We also report the pass rates for Llama 3.1
70B after Rejection Sampling Fine-tuning (RFT) (Section 5.3). o 54
2
Model Vasiants CodeContests / Test ®
1@3 10@30 33@100 100@300 3 52
Llama 3.0 8B 29 8.0 12.6 - a
+CoT 34405 117457 173147 - a
| + Multi-turn 24 05 8.0+0.0 12.810.2 16.7 | 50
+ Multi-turn CoT | 2.8-¢0.1 9.841.8 14.9423 194 —e— base model
Llama 3.0 70B 9.6 18.9 23.1 - —— base model+CoT-retry
+ CoT 10.4. 9.8 26.047.1 33.049.9 = 48
[+ Multi-turn 1010 210457 267430 327 RFT mudel
+ Multi-turn CoT 11.1+1_5 26.5+7_6 34.3+11_2 40.4 1 2 3 a 5
Llama 3.1 8B 7T 18.2 23.8 -
+CoT 8005 195115 26125 - Max Turns
[+ Multi-turn 7.0—0.7 18.8410.6 24.540.7 30.4 |
+ Multi-turn CoT | 6.9_¢.8 194,12 26.0422 31.5
Llama 3.1 708 1 423 498 i Figure 7: Reasoning and execution feed-
+ CoT 26.4+2,3 47.8+5,5 54.8+5,0 -
[+ Multi-turn 24100 438115 5lbiis  962| back prompts, and RFT, enhance both
+ Mulfti-turn Co L 2(.(+3.6 48.416.1 09.315.5 J9.6

= single- and multi-turn performance for
Llama 3.1 70B 26.2 45.1 50.9 -
+ Multi-turn 29.7435 505454 57.2163 6L.1 Llama 3.1 70B.




CoT Rejection Sampling

Main take-away: models can internalize reasoning behavior without any specific prompting through rejection sampling finetuning.

Table 1: Up to +10% with multi-turn CoT. Pass n@k (%) on CodeContests test set with high
temperature (1.0) and large sampling budget. In the multi-turn setting, we use a maximum of 3 56
code attempts (i.e., 3 turns) with the "failed tests" feedback. The pass n@k is calculated from 200
trajectories for both single-turn and multi-turn settings. We also report the pass rates for Llama 3.1
70B after Rejection Sampling Fine-tuning (RFT) (Section 5.3). 54
g
Model Vasiants CodeContests / Test ®
1@3 10@30 33@100 100@300 3 52
Llama 3.0 8B 29 8.0 12,6 ; a
+CoT 34405 1174s7 173147 - a
+ Multi-turn 24 o5 8.040.0 12.8 0.2 16.7 50
[+ Multi-turn CoT | 2.8_0.1 9.841.8 14.942.3 194 | —e— base model
Llama 3.0 70B 9.6 18.9 23.1 - —— base model+CoT-retry
+ CoT 10.4+0.3 26.0+7.1 33.04,949 = 48
+ Multi-turn 1010s 210407 267005 327 RFT madel
+Multi-turn CoT | 111415 26.5.76 3431112 404 1 2 3 a 5
Llama 3.1 8B 7T 18.2 23.8 -
+CoT 80405 195115 26125 - Max Turns
+ Multi-turn 7.0_0.7 18.840.6  24.540.7 304
[+Multi-turn CoT | 6.9 05 194,15 26.0455 315 | .
Llama 3.1 708 1 423 498 : Figure 7: Reasoning and execution feed-
+ CoT 26.4+2,3 47.8+5,5 54.8+5,0 -
+Multitum | 241500 438415 516118 562 back prompts, and RFT, enhance both
+ Multi-turn CoT | 27.7436 48.446.1 55.345.5 59.6 . .
| single- and multi-turn performance for
Llama 3.1 70B 26.2 45.1 50.9

+ Multi-turn 297,55 505154 572465 6L1 Llama 3.1 70B.




CoT Rejection Sampling

Main take-away: models can internalize reasoning behavior without any specific prompting through rejection sampling finetuning.

Table 1: Up to +10% with multi-turn CoT. Pass n@k (%) on CodeContests test set with high
temperature (1.0) and large sampling budget. In the multi-turn setting, we use a maximum of 3 56
code attempts (i.e., 3 turns) with the "failed tests" feedback. The pass n@k is calculated from 200
trajectories for both single-turn and multi-turn settings. We also report the pass rates for Llama 3.1
70B after Rejection Sampling Fine-tuning (RFT) (Section 5.3). 54
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Conclusion

Limitations / future work:

- Only focus on linear trajectories (not tree structures, back-tracking)
- Use the number of LLM forwards / evaluations (pass n@k) not number of tokens
- More advanced training beyond SFT / RFT



