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MOTIVATION: Al FOR SOFTWARE ENGINEERING (SE)

Code Translation (from one Code Generation Code
high-level language to another) (natural language to code) | Repair,
etc.

Gemini
{n} Code Assist
code llama

. ChatGPT

cdeepseck
coder

CURSOR

The Al Code Editor

Google’s Duet Al
targets legacy
software revolution

NEWEN By Ross Kelly published August 30, 2023

Google is hoping to eliminate the
pain involved in refactoring code in
legacy software into more modern
programming languages

Subscribe v Q

=ITPro. =-

Software > Development

DARPA wants to
accelerate translation
of C code to Rust -
and it's relying on Al
todo it

By Nicole Kobie published August 20, 2024

The TRACTOR program from
DARPA will help ditch legacy code
and accelerate the translation to
memory-safe languages such as
Rust

Mac

) clobive

DIVE BRIEF

IBM trains its LLM to
read, rewrite COBOL apps

The new watsonx Code Assistant for Z
eases mainframe modernization, using
generative Al to analyze, refactor,
transform and validate legacy

applications.

Published Aug. 22, 2023

g Matt Ashare
Senior Reporter
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Apple has a Proton-like Game Porting
Toolkit for getting Windows games on
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MOTIVATION: Al FOR MATHEMATICAL REASONING

« Computer-Verifiable Proofs: rigorous, machine-checkable verification without ambiguity
» Formal mathematical languages facilitate computer-verifiable proofs

E.g., Lean4, Peano, Metamath, HOL Light, Isabelle, Coq — x
» Formal proof vs. Natural Language proof ‘ _\V/N 0

» Uses strict syntactic rules and symbolic logic Metamath

« Challenges of Writing Proofs in a Formal Language (FL)
« Formalizing proofs requires significant time, can be difficult even for experienced mathematicians

N
| FL
| Proof
)

 Emerging research to simplify writing proofs in FL
* Auto-Formalization
» Translates natural language (NL) proofs into formal language (FL) proofs
« Automated Formal Proof Synthesis (aFPS)
» Generates formal proofs directly from statements (conjectures) in FL

Goedel-LM

« Al Ic;e:jng uhsed toﬁartutomate various formalization tasks: /6oedel-Provex-SFT |[PTRErSTY
* Reduces human effo B AN O oo I ReProver
DeepSeek & @deepseds_ai (4]
« Enables non-experts to use formal methods DeepSeek- '?\;\\aﬁeﬁ“t /Herald_translator
« Discover new theorems beyond intuition Prover 2 & Lean-STaR .
e Georgia
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WHAT'S COMMON? FORMAL LANGUAGE TASKS
 Formal Language (FL) (( @

« Well-formed, strict & unambiguous; specific set of rules (formal grammar)
» Designed for applications in maths, computer science, and logic

 E.g., Programming languages (C++, Java, Python), N
First- or higher-order logic (Lean, Isabelle, Coq)

Java pgthon

¢
e\\

\4’

A Python
program to check
prime number

theorem transitive (x y z: Nat) A Lean4 proof for
(h1 : x =y) (h2 : y = 2z) : anF
X =z := by transitive property of
rewrite [hl] equality for natural numbers
rewrite [h2]

1
2
3
4
D)
6
i
8
9
10
11
12
13
14
15

. ChatGPT hfdi MISTRAL Issues faced when prompting LLMs to generate codes/proofs
« Syntactic/semantic errors
Wrong API (unavailable APIs or hallucinate with similar APIs)
& e Introduce ‘subtle bugs’in the code
cdeepseek
coder

Overall, LLMs unable to abide by strict rules of a FL
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OBJECTIVE: LLMsS FOR FORMAL LANGUAGES

@ LLMs strong in language understanding

* LLMs excel in natural language tasks
« Sentiment analysis, Text summarization, etc.

« Approximate results oftentimes good enough
E.g., “l am a student” and “l am student” both sound fine

@ LLMs weak in adhering to syntax, performing logical reasoning

» LLMs face challenges in formal language tasks
* Formal grammar: well-formed, strict, unambiguous
» Tasks like code translation, theorem proving, etc.
C- SoTA prioritized scaling-up LLM size = data T, resources T
Not a

sustainable
solution

Output | | am a student

( ™

ENCODERS

\ /

e

=P | DECODERS

)

je suis étudiant

Input

Transformer!'l architectures (LLMs)
trained on next-token prediction
over large text corpora

[1] Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L., Gomez, A.N., Kaiser, . and Polosukhin, |., 2017.

Attention is All You Need. Advances in Neural Information Processing Systems, 30.
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DeepSeekProver-V1.5 (2024)

Lean Model Training

RESEARCH QUESTIONS (RQsS)

import Mathlib
import Aesop

set_option maxHeartbeats 0

open BigOperators Real Nat Topology Rat Pre-training
/— Compute the sum of all the roots of $(2x+3)(x-4)+(2x+3) (x-6)=0.

Show that it is 7/2. \

theor (

o~/
em amc12a_2002_p1 (f : € =€) (ho : ¥V x, fx= (2% x+3) % (x-4) +
(2% x +3) % (x - 6)) (hy : Fintype (f-2' {0})) :
Iy in (f-'' {@}).toFinset, y =7 / 2 := by
We show that the roots of the polynomial are -3/2 and 5.
(f-1 {0}).toFinset = {~(3/ 2 : €), (5 : O} := by
x
oFinset, Set.mem_singleton_iff, Set.mem_preimage, p’nmpt N
t.men_insert, Finset.men_: Supervised
Fine-tuning
response
x=(2%x+ * (x - 4) +

» RQ-1: Can LLMs be improved in reasoning tasks by providing
fine-grained logical feedback during fine-tuning?

( LLM \( hole—proof “ % X
— _ _ 3. And use the error report | O
#m_clude <iostream> to train the LLM? it phesae v
using namespace std; T " E—— ]
In put int main() [ | e S Model Inference
; << "Hello World!"; Single-pass
> Eurn 0; . >
’ 2. What if we feed
} . . ,? or
it to a compiler?
1. LLM-generated code typically has

syntactic and/or semantic issues

AlphaProof (2024) Lean

> RQ-2: Can a small language model (SLM) trained using

symbolic feedback, outperform LLMs without feedback? %
L -M |

Formalizer ~100M Solver
network network

Gold-standard Output

( i ! AlphaZero »
Symbolic 1\ ________________________________________________________ |
Inout SLM |«— Feedback Reasoning Engine ; -
— @ ,ee N 5 :@"' = input yoressEntorvtess - Researchers are already combining
. {:}O — —> Generated Output LLMs and formal verification tools
Trainer \_

» e.g., DeepSeek-Prover uses binary
feedback in an RL loop

(sparse reward!) Gl" %eolrlgia
ech.

Trainer

7 Neuro-Symbolic Techniques for LLM-based Code Generation, Translation and Auto-Formalization Prithwish Jana, Vijay Ganesh



REST OF THE TALK

« RLSF: Reinforcement Learning via Symbolic Feedback (under submission)

X
{ (o o .%
L7 A® Al for

« CoTran: An LLM-based Code Translator using RL with J
Feedback from Compiler & Symbolic Exec. (ECAI-2024) H >¢ Software
Engineering
« Automated Proof Synthesis and Auto-Formalization Al for

Mathematics

using LLMs + LEAN

* NeuroSymbolic LLM for Mathematical Reasoning
& Software Engg. (IJCAI-2024)

Georgia
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RLSF: REINFORCEMENT LEARNING VIA
SYMBOLIC FEEDBACK

Piyush Jha, Prithwish Jana, Pranavkrishna Suresh,
Arnav Arora, Vijay Ganesh

Georgia Institute of Technology, USA

Georgia
RLSF: Reinforcement Learning via Symbolic Feedback Tech
P. Jha, P. Jana, P. Suresh, A. Arora, V. Ganesh



REINFORCEMENT LEARNING VIA SYMBOLIC FEEDBACK (RLSF) OVERVIEW

Prompt —

PPO . . -
Envitonment * New fine-tuning paradigm for LLMs

Response——> =  LLM acts as the RL agent

LargeMLanguage _ e « The environment is enhanced with
odel Symbolic e . .
easoning Tool | sound symbolic tools (e.g., solvers,

(LLM) ¢ feedback L )
g provers) for accurate feedback

[ CERTIFICATE |~
\ S—{_CERTIFICATE =2

Symbolic reasoning tools generate poly-sized certificates specifying errors.

Certificates transformed to Fine-Grained (Vectorized) Token-Level Feedback, rather Q ,. & @
than relying on sparse scalar rewards.

We demonstrated success of RLSF in challenging tasks like program synthesis, Cel> a an
molecule generation, and mathematical problem-solving. —

Georgia
Tech



WHAT OTHERS HAVE TRIED?

 Supervised Fine-Tuning:
* Using cross-entropy loss to fine-tune LLMs for
specific tasks, requires differentiable loss.

 RLHF Approaches:

» Using human-generated feedback to align LLM
to preferred responses.

- Black-Box Reward Models: Existing RLHF
methods use unsound models - fail to capture
the nuances of reasoning tasks.

- Sparse Scalar Rewards: Difficulty in obtaining
detailed feedback.

- Data Collection: Challenges in collecting large-
scale, high-quality preference data for fine-tuning.

* Neuro-symbolic Al:

 Integrations of NNs with symbolic reasoning tools,
typically within RL agent rather than environment

Reinforcement Learning from Human Feedback (RLHF)

PPO
Response——>
Prompt —> Large Language Reward
Model Feedback Model
(LLM) N (scalar) o

Reinforcement Learning from Symbolic Feedback (RLSF)

PPO
Response——» Environment
Large Language
Prompt — Model Symbolic . iﬁmnxiiom
(LLM) <—feedback
(vector)

Figure 1: Contrasting RLHF with RLSF: The image depicts two distinct fine-tuning paradigms.
(Left) RLHF operates within an environment governed by a black-box reward model, typically
offering scalar feedback. (Right) By contrast, the environment in RLSF leverages sound symbolic
reasoning tools and also provides fine-grained token-level vector feedback that is, in turn, based on
poly-sized certificates produced by these symbolic tools.

Georgia
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RLSF ALGORITHM

Algorithm 1 Reinforcement Learning via Symbolic Feedback
(RLSF)
Input: Number of epochs Nepochs, pre-trained model Model,
symbolic reasoning tool SymbolicReasoner, reward function
RewardFunc, prompt dataset D
Output: Fine-tuned model Model’

1: for epochin1,2,..., Nepochs do

2:  for batch; in D do
3 response; ~ Model(batch;)
4 cert; < SymbolicReasoner(batch;, response;)
5: vector; < RewardFunc(cert;)
6
7
8
9:

Model’ < ppostep, (Model, batch;, response;, vector;)
Model < Model’
end for
end for

¢ 5. Georgia
. == Tech



. RLSF FOR CODE GENERATION: LLM wiTH VERIFIER FEEDBACK

Code Generation Learning Problem

Learn f: NL — PL, which when provided with a NL pseudo-code produces a PL-program

<BOS><cppLi>\n
<cppLy>\n<EOS>

/Prompt: \ PPO Response—) g++ Compiler
Output a C++ code for the 5 5 -
following pseudo-code in NL. PR % o
###Pseudo-code in NL: : Modegl : o 5
<pseudo-code> (LLM) . Symbolic feedback < E=¢? >e&—

K###C++ code: / < Erroneous | Test Suite (TS)

line set (E) &
pass rate (r)

L, €E
Ly €{Ly, Ly

.....

Given a generated C++ code (with N lines), the symbolic environment uses the g++ compiler
to detect erroneous lines (E) and compute pass rate r

» Accordingly, the environment provides fine-grained symbolic feedback for fine-tuning the LLM

Georgia
Tech



Il. RLSF FOR CHEMISTRY: LLM wiTH DoMAIN KNOWLEDGE OF CHEMISTRY

« Task 1: Molecule Generation:

» Generating chemical structures from natural language descriptions.

« Task 2: Forward Synthesis:
» Predicting the product of chemical reactions given reactants.

+ Task 3: Retrosynthesis:
» ldentifying reactants required to produce a specific molecule.

 Feedback Mechanism:

« Uses RDKit to identify syntax errors (e.g., invalid molecule strings) and applies the first law of chemistry

for semantic validation.

<SMILES>
C1MCCCC...(=0)C1=CN=C(N)S1
</SMILES>

PPO

/Prompt: Response >
Conceptualize a Large Language
molecule that meets the Model
specified attributes... (LLM) P Symbolic
e feedback
| Tailslbei 0 hineani0)]
len (feedback) == len(response tokens)

14

Open-Source Cheminformatics
and Machine Leamning

Georgia
Tech



lll. RLSF FOR LoGIC PUZZLES: LLM wiTH COMPUTER ALGEBRA SYSTEMS (CAS)

« Game of 24:
« Solving a mathematical puzzle by finding a sequence of operations to reach
the number 24 from four given numbers.

 Feedback Mechanism:

« Uses symbolic math tools (e.g., Computer Algebra System i.e.,, CAS) to verify the correctness of
solutions, providing precise feedback for token-level corrections.

6 + 4 = 10 (left: 1 4 10)
4 %2 = 14 (left: 1 6 14)

{...}
( Propose Prompt: ) i Response > Computer
Algebra
{examples} |, Large Language System (CAS)
Input: 641 2 Model >
Possible next steps: (LLM) < Symbolic 2 "'1:
J feedback g
[1,1,..,0,1,..,0,1,..,0]
len (feedback) == len (response_ tokens)

Georgia
15 Tech



EXPERIMENTAL RESULTS: RLSF FOR CODE GENERATION

LLM Configuration CompAcc (%) FCorrAcc (%) Pass@1 (%)

. ChatGPT GPT-3.5 (Achiam et al.l|2023b Zero-shot (no fine-tuning) 29.13 24.29 20.98

Zero-shot (no fine-tuning) 0.00 0.00 0.00

" a e SFT (with cross-entropy loss) 11.31 9.87 9.00

e e Tl SFT + RL (with Boolean scalar f/b) 54.89 2471 12.77

SFT + RLSF (with token-level f/b) 63.95 41.30 28.80

Zero-shot (no fine-tuning) 0.00 0.00 0.00

p— . : s P o - SFT (with cross-entropy loss) 12.04 10.78 9.96

Seelsflisel]  stable-code—instruct-3b (Pinnaparajuetal §204) | cpp 4 Ry (with Boolean scalar £/b) 48.43 10.91 9.22

SFT + RLSF (with token-level f/b) 54.27 18.44 16.09

& Zero-shot (no fine-tuning) 0.00 0.00 0.00

" B i SFT (with cross-entropy loss) 2.19 1.90 1.63

deepseek deepseek-coder—1.3b-base [Guoetalg?024) | gpy ., RI (with Boolean scalar f/b) 19.97 8.07 3.88

coder SFT + RLSF (with token-level f/b) 38.92 25.89 14.51
Natural Language Pseudo-code to Code Translation: FCorrAcc Only (Adjusted)

16

Compared to GPT-3.5, RLSF-tuned Google’s
CodeGemma-2b (a 100x smaller model)
« improved compilation accuracy by
+34.82%
« improved functional correctness by
+17.01%

. RL

35 s RLSF

30

FCorrAcc (%)
[ N N
w o w

=
o

ul

RLSF: Reinforcement Learning via Symbolic Feedback
P. Jha, P. Jana, P. Suresh, A. Arora, V. Ganesh

Gr Georgia
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EXPERIMENTAL RESULTS: RLSF FOR CHEMISTRY

Table 2: Chemistry Tasks Results: Performance comparison over different LLMs for three chem-
istry tasks - Molecule Generation (MG), Forward synthesis (FS), and Retrosynthesis (RS)

Task & Metric

LLM Configuration Molecule Generation (MG) Forward synthesis (FS) Retrosynthesis (RS)
EM (%) FTS (%) Valid (%) | EM (%) FTS (%) Valid (%) | EM (%) FTS (%) Valid (%)
T GPTd (Achameral,2023) __|Zeoshot | 300356 %00 04 375 931 08 _ 317 ___ 852
Zero-shot 0.0 0.0 0.0 0.0 49.8 14.4 0.0 46.4 13.5
) . SFT 1.1 25.4 51.9 7.2 54.2 93.0 23.3 62.1 98.0
mistral-7Tb (angetal,2023) | gpr . Ry w/ scalar b 40 312 628| 104 561 92| 285 646 98.0
| SPTRLSF(okenlwelps)| 136 451 __ 81| 213 507 983 21 658 91
Zero-shot 0.0 0.0 0.0 0.0 44.8 2.2 0.0 432 0.2
. SFT 0.5 10.1 23.1 8.0 56.3 97.7 223 59.2 96.3
galactica-1.3b (Tayloretal,2022) | gpr, Rp wy scalar fib 27 215 754 117 568 988 | 261 627 99.0
SFT + RLSF (token-level f/b) 8.5 38.2 81.4 19.8 60.3 99.8 345 64.4 99.5

 Molecule Generation;

« RLSF improved exact match by +8% and validity by +58% over SFT using

Meta's Galactica-1.3b, also surpassing GPT-4 (~1000x larger).

« Forward and Retrosynthesis:

» RLSF increased exact match by +19.4% for forward synthesis and +33.7%

for retrosynthesis, significantly outperforming GPT-4 (~1000x larger).

17

RLSF: Reinforcement Learning via Symbolic Feedback
P. Jha, P. Jana, P. Suresh, A. Arora, V. Ganesh

EM (%)

FTS (%)

14

12

10

40

30

20

10

Molecule Generation (MG): Exact Match (EM) Only

¥y BT o
[cids istra? ga\ac{\ca—x 3

Molecule Generation (MG): FTS Only

i n’\'\s“a\"'b

3b
an\aC‘.‘ca—1 '

Cr

Configuration
Zero-shot
. SFT
B SFT + RL
mmm SFT + RLSF

Configuration
Zero-shot
. SFT
mmm SFT + RL
W SFT + RLSF

Georgia
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EXPERIMENTAL RESULTS: RLSF FOR GAME OF 24

Game of 24 Results: Success Rate Comparison Across Configurations and LLMs

Configurations

251 1 CoT prompt

B ToT prompt

B ToT after RL (boolean scalar)
| B ToT after RLSF (token-level)

20

CoT: Chain-of-thoughts 515
ToT: Tree-of-thoughts g

5 10t

° e &
& A9 &
Q)

LLMs

RLSF boosted success rates by +25% on Meta’s Llama2-7b compared to traditional methods, also
surpassing GPT-3.5 (25x larger) with +7% improvement.

Gr Georgia
18 RLSF: Reinforcement Learning via Symbolic Feedback Tech.
P. Jha, P. Jana, P. Suresh, A. Arora, V. Ganesh



RLSF SUMMARY

19

Outperforms

GPT4

1000x

Smaller LLMs

\/

RL Agent with Symbolic Environment
Leverages Poly-Sized Certificates
Fine-Grained Token-Level Feedback
Non-Differentiable Feedback

Improved Performance on Reasoning Tasks

Reinforcement Learning from Symbolic Feedback (RLSF)

PPO

Prompt — Model

(LLM)

/

.

N

B &t

Large Language

)

Reasoning

Environment

Response——>
Symbo"c Reassimn:,nog""l:'ool
«—feedback ‘
(vector)
4 )
°
e®®
%
°
- /
Learning
Georgia

Tech



COTRAN: AN LLM-BASED CODE TRANSLATOR
USING RL WITH FEEDBACK FROM COMPILER
AND SYMBOLIC EXECUTION

Prithwish Jana?, Piyush Jha?, Haoyang Ju®,
Gautham Kishore¢, Aryan Mahajan9, Vijay Ganesh?

aGeorgia Institute of Technology, USA b University of Toronto, Canada

¢UC San Diego, USA d Columbia University, USA
50th ANNIVERSARY %
27™ EUROPEAN CONFERENCE ON Al Georgia m UNIVERSITY OF
19-24 OCTOBER, 2024 Tech. TORONTO

SANTIAGO DE COMPOSTELA, SPAIN UC S . COLUMBIA
anDiego \sl/ UniversiTY



PROBLEM STATEMENT: LLM FOR WHOLE-PROGRAM TRANSLATION

import java.io.*;

public class Main fST: S =l T i L. )
{ def unitDigitXRaisedY (x, y):

static int unitDigitXRaisedY (int x, int y) _
{ . ) LLM res =1

int res = 1; .. .

for (int i = 0; i < y; i++) res = (res * x) % 10; for i in range(y):

return res; res = (res * X) $ 10
}

public static void main(String args[]) return res

{ ; : +Diqi : i if name == ' Jg
System.out.println (unitDigitXRaisedY (4, 2)) ; TranSIatlon Of a COde prlnt (unJ.tD:LgltXRa:LsedY (4 2) )

from one high-level
A Java (S) program language to another An “equivalent” program in Python (T)

« Let § = source language (e.g., Java) and T = target language (e.g., Python)

« Code Translation Learning Problem

* Learn fgr: S — T, which when provided with a S-program produces a T-program that is
« syntactically correct (as per the grammar of T) and
« functionally equivalent (w.r.t. a test suite) to the input S-program

E CAI acorgia % TORONTO

COLUMBIA
50rh ANNIVERSARY UCSan DlegO \lt/ UNIVERSITY



PROPOSED METHODOLOGY

&

UNIVERSITY OF

'F ECAI Georgia & TORONTO
CoTran: An LLM-based Code Translator using RL with Feedback from Compiler and Symbolic Execution . COLUMBIA
g QENETSAR P. Jana, P. Jha, H. Ju, G. Kishore, A. Mahajan, V. Ganesh UCSanDiego &2 5ivin,



AN OVERVIEW OF THE PROPOSED IDEA

« Improve LLM by providing logical feedback during fine-tuning (neuro-symbolic approach)

3. Use the error certificate as feedback to
fine-tune the LLM

4 LLM N\

Output: T-program

Input: S-program

class Helloworld {
('"Hello, world!') j—>p public static void main(string args[]) |} </>
. System.out.J@I§i("Hello, world!"); =0T
\fST: S 5 T/ } 2. Pass it through  Java
: 1. LLM-generated code typically has the compiler and
Trainer syntactic and/or semantic issues a symbolic-

exection engine
-~

« Compiler Feedback (CF)
» How close the T-program is to being perfectly compilable

« Symbolic-Execution Feedback (SF)
* How closely the T-program is ‘equivalent’ to S-program

> Scalar, but fine-grained feedback € [0,1]

-’

 We use RL + Supervised Fine-tuning (SFT) interleaved training to incorporate feedback

&
Georgia % IIIIIIIIIIII

Tooh TORONTO
F ECAI UC San]e)(;ego COLUMBIA

50th ANNIVERSARY AL/ UNIVERSITY



COTRAN + COMPILER FEEDBACK (CF)

=3 Forward Pass Gold-standard
<= ack Propagation > Teile 1
e . Python cod (o) Issue with Cross-Entropy Loss-
CE) LOSS  mm s s s s s s s s o s i s o s s o s -
Y | R ¢ |Vl , based approach:
I E f ( ) = —_—— 1, 1o P 4
» ez . QBN Z Z ij 108 Cross-Entropy loss does not
Inhulv __) ’ [; l] g5 (m?ua‘luAl i=1 ] i .
wva code (Seoge) ( ava = Python) / £g Python code (Zgpge) penallze based on Wrong syntax
e of generated code

The baseline CoTran (using Supervised Fine-Tuning i.e., SFT)

* RL-based fine-tuning of LLM using PPO, to maximize Compiler Feedback (CF)

=3 Forward Pass Locate first compilation error Locate first compilation error
<«==Compiler Feedback (CF) Compiler 3 Compiler 3 = 3 0375
* Initialized with model fine-tuned | Feedback (C_Fl ———— : : : : : ._._ —— —_—— . |:> 8 .
by CoTran (baseline) I
( \ 4 eecoccooe |:> CF =2

Guides the LLM into determining

= =
Input ] LLM * g2 - how far it is from producing a
Java code (Scode) | | & (Java > Python) _)2% g7 Python code (Feaae) perfectly compiIaFI)oIe codcgJ

\_  PPOTrainer ) « Cue: The first error token's position
(the deeper it is, the closer to
perfect compilation)

3 % UNIVERSITY OF
E CAI G 829192 & TORONTO
COLUMBIA

50th ANNIVERSARY UC SanDiegO AL/ UNIVERSITY




CoTRAN + CF + SymBoLIC-EXECUTION FEEDBACK (SF)

'—)( - gulltwl: zl[)l'lf:)ll)"zlls:tioll Clbiktimia b —)( r"m'\\ :l'll'(l l;'fISS“ on Locate first compilation error Compiler
= 4 ags Python code (£qode) == Compiler Feedback (CF Compiler . .
("'“5:5'17‘"”“')) ' * Initialized with model fine-tuned Feedback ((‘_Fl ______________ _— I Ssue Wlth COTra n + C F o
(CE) Loss [ -{ by CoTran (baseline) ; :
\ 4 1 =
! : CF loss does not penalize
: _— - N . I . .
T = 2~ = 2 %* o 2 ~ 5 1
- 9 3 LLM 21 o mpu _8F L) wme EZ_5  Genemed | based on inequivalence of
—— g 4 Tave >vtho S 5™ bython code (& Java code (Scode) s g (Java = Python) S o Python code (£code)
Java code (Scoge) gz (Java > Python) &g Y (Ecode) g = : 27 enerated and in ut COdeS
g = L ) &) - N J -
SFTTrainer PPOTrainer g p
The baseline CoTran (using Supervised Fine-Tuning i.e., SFT) CoTran + CF (using RL-based fine-tuning by PPO algorithm)
—> Forward Pass ‘ . —> Flow of Algo. 1
<== Compiler Feedback (CF) Compiler Compiler Frozen Param. Choose best model w.r.t validation
<=+ Symexec Feedback (SF) Compiler * Compiler # n Trainable Param. & repeat until convergence
* Initialized with model fine-tuned Feedback (CF) ~®e®eeeee Feedback (CF) cecccce
by CoTran (baseline) 7 Qoo T \
Y 4 JE// A
ava
1 .
Fine-tune
Oy a5 . Tz a ! -
Input g = LLM * § = 3 Intermediate 8 = LLM * § E 3 Generated o CoTran + CF + SF b2b CoTran (baseline)
Java code (scode) 8“ ; (JaVa 9 Python) ED" 0:‘ Python code (fcode) ED" ; (Python -> Java) %‘ ; Java code (gcode) g RL_BKZBK () SFT_BK 2BK ()
= & = = fa¥ = )
H . o0
: PPOTrainer PPOTrainer : §
: Symexec A A Symexec : E LLM, LLM, ¢
E Feedback (SF) D NN NN NN SN NN NN NN SN EEEEEEEEEEEEEE ‘- llllllllllllllllllllllllllllllllllllllllll -~ Feedback (SF) E (Java 9 Py.thon) (Python 9 Java)
H - H I
. : S
: Check how many |2 7| «essreessrssssrnssrnassmnnssmnsimnassmnsssmasimnassrnsssmassrnnssnnsssnnssns : o
: Solver-based pass/fail? b= £ LoRA(..)
: analysis by 5
H Symflower @Test 5
drrrsererer s srerrrannae >» < sassana)y 3ssertBquals(Main.power(0), 1) e | LLM LLM
(Java = Python) (Python - Java)
:E_'/—.% e @Test
Java assertEquals (Main.power (1), 4) Models fine-tuned by CoTran (baseline)

CoTran + CF + SF (using RL-based fine-tuning on back-to-back LLMs) RL + SFT Interleaved Training Loop
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PERFORMANCE COMPARISON FOR J2P AND P2J TRANSLATION

Java to Python (J2P) Python to Java (P2J)
Method / Tool Model
FEqAcc CompAcc errPos;ss CodeBLEU BLEU EM |[||FEqAcc CompAcc errPos;s CodeBLEU BLEU EM
java2python [Melhase et al., 2016] 332 41.46 28.62 20.31 1754 0 - - - - - -
S1 Transpilers TSS CodeConv [TSS, 2023] 0.46 58.30 54.26 41.87 24.44 0 = B = = . =
py2java [Fomin, 2019] - - - - - - 0 0 1.61 4156 4859 0
Recent TransCoder [Roziere et al., 2020] 0.46 88.09 63.57 35.07 3207 0 0 0 4.57 3502 3506 0
S2 competing tools TransCoder-DOBF [Lachaux et al., 2021] 0.46 63.00 47.10 39.98 3384 0 0 0 3.11 33.33 3272 0
(unsupervised training) ~ TransCoder-ST [Roziere et al., 2022] 0.46 91.58 74.68 4004 3730 0 0 0 4.67 29.88 2815 0
{ S3 ChatGPT GPT-3.5-turbo [OpenAl, 2023] 76.06 9536 90.88 52.11 5319 029 || 2165 2497 30.86 54.08 5558 0
CodeBERT [Feng et al., 2020] 1231 8477 79.57 4600 4810 046 || 0.74 96.79 99.51 26.10 1962 0
S4 GraphCodeBERT [Guo et al., 2021] 1088  85.05 79.78 45.53 4726 057 || 046 89.75 98.05 23.72 1621 0
Ri‘;emt ’ CodeGPT [Lu et al., 2021] 24.86 78.92 89.21 38.38 38.64 1.49 || 13.40 45.13 94.50 40.51 37.96 0.52
< (sgzznrsgezgtrzi(:zz'sng CodeGPT-adapted [Lu et al., 2021] 2417 7675 89.31 36.84 3736 155 || 2050  52.00 97.60 4146 3815 1.03
on AVATAR-TC) PLBART-base [Ahmad et al., 2021al 3855 9147 90.79 54.77 5934 132 || 3826 7577 96.64 5596 5924 097
CodeT5-base [Wang et al., 2021] 4095  92.84 93.76 5534 6003 241 || 3379  68.84 98.02 5764  60.16 0.86
q PPOCoder [Shojaee e al., 2023) 4427 9347 91.44 5516  59.51 189 || 37.11  59.62 96.77 55.04 5852 052
f
Our tool CoTran (baseline) 4452 96.12 92.07 55.44 5871 211 || 4041  73.63 92.16 59.11 61.12  1.66
P Our tool with CoTran + CF (RL-based training) 4702 96.56 91.58 5610  60.59 223 || 4278  74.80 96.91 58.55 6126 1.60
< compiler feedbackonly ~ CoTran + CF (RL+SFT interleaved training) 4983 9679 92.08 56.07 60.61 223 || 4593 7577 96.89 58.28 6121 1.60
Our tool (b2b) with CoTran + CF + SF (RL-based training) 5045  96.79 92.15 56.17 60.60 223 || 4392  75.14 96.93 58.59 6128 1.60
|_compiler & symexec feedback  CoTran + CF + SF (RL+SFT interleaved training) | 53.80  97.14 92.73 5624  60.69 229 || 4868 7698 96.93 58.38 61.19  1.60
ABBREVIATIONS We compare our proposed tool (P) CoTran with the following SoTAs:
FEgAcc Functional Equivalence Accuracy S1. Rule-based transpilers
CompAcc Compilation Accuracy S$2. Recent unsupervised LLM-based approaches
errPos,, Average First Error Position S3. ChatGPT (gpt-3.5-turbo)
EM Exact Match S4. Recent supervised LLM-based approaches _ N
v Ec AI G 5291912 & TORONTO
. COLUMBIA
’ 50th ANNIVERSARY UC SanDlego \£d+/ UNIVERSITY




J2P AND P2J TRANSLATION PERFORMANCE: FINDINGS

Java to Python (J2P) Python to Java (P2J)
Method / Tool Model
FEqAcc CompAcc errPos;ss CodeBLEU BLEU EM ||FEqAcc CompAcc errPos;ss CodeBLEU BLEU EM
{ S3 ChatGPT GPT-3.5-turbo [OpenAl, 2023] 7606 9536 90.88 52.11 53.19 029 12165 2497 30.86 54.08 5558 0
a CodeBERT [Feng et al., 2020] 12.31 84.77 79.57 46.00 48.10 046 ||| 0.74 96.79 99.51 26.10 1962 0
S4 GraphCodeBERT [Guo et al., 2021] 1088  85.05 79.78 45.53 4726 057 ||| 0.46 89.75 98.05 23.72 1621 0
Rf;iceﬂtt | CodeGPT [Lu et al., 2021] 2486 7892 89.21 38.38 3864 149 ||| 1340 4513 94.50 40.51 37.96 0.52
< (ssgznrgfse‘;%r;’;fng CodeGPT-adapted [Lu ef al., 2021] 2417 7675 89.31 36.84 3736 155 ||| 2050  52.00 97.60 41.46 38.15 1.03
on AVATAR-TC) PLBART-base [Ahmad ef al., 2021a] 3855 9147 90.79 54.77 5934 132 13826  75.77 96.64 55.96 5924 097
CodeT5-base [Wang et al., 20211 4095  92.84 93.76 55.34 60.03 241 |||3379  68.84 98.02 57.64 60.16  0.86
q PPOCoder [Shojaee et al., 2023] 4427 9347 91.44 55.16 5051 189 (I137.11  59.62 96.77 55.04 5852 0.52
~
P Our tool CoTran (baseline) 4452 96.12 92.07 55.44 5871 211 |||4041  73.63 92.16 59.11 61.12  1.66
Our tool with CoTran + CF (RL-based training) 4702 96.56 91.58 56.10 6059 223 (14278  74.80 96.91 58.55 6126 1.60
< compiler feedback only ~ CoTran + CF (RL+SFT interleaved training) 4983  96.79 92.08 56.07 60.61 223 (14593  75.77 96.89 58.28 6121  1.60
Our tool (b2b) with CoTran + CF + SF (RL-based training) 5045  96.79 92.15 56.17 60.60 223 (14392  75.14 96.93 58.59 6128 1.60
|_compiler & symexec feedback ~ CoTran + CF + SF (RL+SFT interleaved training) || 5389  97.14 92.73 56.24 60.69 229 |I148.68  76.98 96.93 58.38 61.19  1.60

CoTran (P) improves upon CodeT5 (S4)

 Compared to CodeT5-base, in J2P and
P2J respectively, CoTran + CF + SF gets
+12.94% in J2P and +14.89% on FEqAcc

Incorporating compiler and symexec
feedback (CF, SF) during fine-tuning
significantly improves LLM performance

ECAI

50th ANNIVERSARY

/o

CoTran vs. state-of-the-art
similar-sized LLMs (P vs. S4)

On FEgAcc, CoTran gets +9.62%
(vs. PPOCoder) in J2P and +10.42%
(vs. PLBART- base) in P2J

CoTran outperforms all other SoTA
tools of similar size for both J2P, P2J

CoTran vs. ChatGPT (P vs. S3)
« ChatGPT, a 1000x larger model

 InP2J, CoTran gets +27.03% in
FEgAcc, +52.01% in CompAcc

A smaller model trained with
symbolic feedback outperforms a
larger model without it.
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AUTOMATED PROOF SYNTHESIS &
AUTO-FORMALIZATION
USING LLMs + LEAN

Neuro-Symbolic Techniques for LLM-based Code Generation, Translation and Auto-Formalization
P. Jana, V. Ganesh



TACTIC-STYLE PROOFS IN LEAN4

« An imperative and procedural approach; proofs constructed backward from goal to premises
» Proof represented as a directed acyclic graph (DAG) of proof states and tactics

Proof: Pp, =(tac,, tac,, ..,tac,,) « Each proof state S; =[G4, -, G,,] (dotted boxes). consists

 Initial state S§y has only one goal, SFL =prkcn
» Final proof states have no open goal

 Each open goal G; = pr; I cn; of a proof state

represents a proposition.
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« Each tactic tac; (directed edge%) represents a proof step.
* A high-level command (rooted in metaprogramming)

applied to an open goal G;, producing a new proof

state with zero or more sub-goals.

If a tactic results in a proof state with no open goal, it

directly resolves the current goal.

« Parent goal gets resolved once all subgoals resolved.
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Initial State: Final State(s):

The theorem (backward proving) No more open

statementie., 7 goals
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EXAMPLE OF TACTIC-STYLE PROOF IN LEAN4

theorem add iden (n: Nat)

induction n

case zero =>

rfl
case succ n
rw [Nat
rw [Nat
rw [Nat

ih =>

.add_succ]
.succ_add]
.add_succ]

simp [<- 1ih]

n+1=1+n

DAG representations of the example proof:
« Each proof state S; = [G4, -, G,,] is a sequence of zero or more open goals

« Each open goal G; = pr; + cn; contains proposition cn; to be proven, given pr;.
» The final proof state(s) has no open goals.

» Each tactic (directed edge) is a proof step, a high-level command transforming an open goal to a new proof state.

theorem add iden

by A Lean4 proof demonstrating the
additive identity property for natural numbers

case zero => rfl
2 goals [_)1goa|
vcase zero L0 +1=1+0 ‘» No goals
FO+1=1+20
1goal vcase succ
o -)”“Nat 1goal 1goal
Fned at:nt+1=1 n : Nat n : Nat
=1+ + nt ih:n+1=14+n
r—m‘+1+1=+|—n+1+1=1+
1+ (nt +1) (n+1) 1+ (n+1)

1goal
n : Nat

1+ (n + 0).succ

n+1=1+n

ih:n+1=1+n ih : ih :
»  (n+ 1+ 0).succ =+ + (n + @).succ.succ =+ + (n + @).succ.succ =

1 goal
n : Nat

(1 + n).succ

n+1=1+n

—) No goals

induction n

case succ n ih =>

rw [Nat.add_succ]

rw [Nat.succ_add]

rw [Nat.add_succ]

simp [<- ih]

Georgia
Tech



LLM FOR AUTOMATED PROOF SYNTHESIS

* Next Tactic (Proof-step) generation

» Given a current state, LLM predicts the subsequent tactic

* Pro: more reliable, can verify tactic using the formal verifier to obtain updated information
about the current tactic state, often utilizing tree search techniques to construct valid proofs

 Con: relatively slower than whole-proof generation

* Whole-proof generation

* Given a theorem statement, LLM produces an entire proof code

* Pro: computationally efficient, requires less communication budget to coordinate between the
LLM and the LEAN verifier

« Con: sequential nature introduces the risk of compounding errors i.e. a single wrong step can
lead to significant deviations from a valid proof path.

Georgia
Tech



EARLY Al/ML-ONLY APPROACHES TO PROOF SYNTHESIS

DeepHOL + 2-tower neural network to encode proof
(2019) goals and premises resp.
+ Goal embedding = classify tactics
HOL Light .  Goal-premise embedding pair = score and
get useful premises (tactic arguments)
* Search via BFS

Goal (g) Premise (t)
Goal Embedding (G(g)) Theorem Embedding (P(t))

__________ _{ Combiner Network Theorem Scorer
© (R)

| l i

1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
: Goal (Eg)coder Premise Encoder (P)J
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

« Small tactic space °+ Pre-LLM technique
* 41 tactics » Can't ‘generate’ arbitrary
formulas as tactic parameters

[1] Bansal, K., Loos, S., Rabe, M., Szegedy, C., & Wilcox, S. (2019). HoList: An
Environment for Machine Learning of Higher Order Logic Theorem Proving. In ICML
(pp. 454-463). PMLR.

[2] Polu, S., & Sutskever, I. (2020). Generative Language Modeling for Automated
Theorem Proving. arXiv preprint arXiv:2009.03393.

[3] Jiang, A. Q., Li, W., Han, J. M., & Wu, Y. (2021). LISA: Language models of ISAbelle
proofs. In 6th Conference on AITP (pp. 378-392).

[4] Han, J. M., Rute, J., Wu, Y., Ayers, E. W., & Polu, S. (2021). Proof Artifact Co-training
for Theorem Proving with Language Models. arXiv preprint arXiv:2102.06203.

| (2020)

* Proofstep objective: LLM asked to generate the
PROOFSTEP given a GOAL

| MetaMath  GOAL <GOAL> PROOFSTEP <PROOFSTEP><EQT>

* Proof search: Sample 32 tactics, apply valid
and deduplicated ones, prioritize by cumulative

Input Output E
log probability > best-first search :

L-Isa (2021) - Same as GPT-f, specific for Isabelle

Isabelle
____________________________________________________ |
PACT « Similar to GPT-f, specific for Lean E
(2022)  GoAL <TacticState> PROOFSTEP <Tactic> !
1
Lean et Output ]
\ J

h 4

All these LLM-based tools use Best-first Search

Relies solely on the confidence of fine-tuned LLM to
predict the next proof step (tactic)

No guarantee that following the LLM’s suggestions
will lead to a successful or faster proof

Recent methods use neuro-symbolic Al

Formal symbolic reasoning (Interactive
Theorem Prover) with the LLM in a loop

. Georgia

Tech.



NEURO-SYMBOLIC Al SYSTEMS FOR PROOF SYNTHESIS

Lean-STaR

(2024)
Dataset
Retrospective

Expert Iteration STaR

Lean
Rationale
eneration
GPT-4 P

CoT
Dataset
w

dataset

Proof 1

— IEEEX

Thought-augmented

Tactic Prediction

* Given a state, LLM that
generates tactic along
with NL thoughts
(reasoning), perform
better

Thought-augmented Tactic Prediction
(Lean-STaR)

Input - Lean State

##H# State
b: N

ho : Nat.lem 120 b = 3720
h. : Nat.gcd 120 b = 8

1

1

|

|

|

|

|

|

|

|

|

b = 2u8 |
A |
(—[ Output - Natural Language Thought } :
|

|

|

|

|

|

|

|

|

|

1

1

1

### Reasoning

To determine the specific value of 'b' from the given hypotheses about its greatest common
divisor (GCD) and least common multiple (LCM) with '120°, we need to relate the given GCD to the
LCM, recognizing the fundamental theorem of greatest common divisors which relates LCM to GCD in
a specific way. This will enable us to establish an equation involving 'b‘, facilitating the

thinking and proving. arXiv preprint arXiv:2407.10040.
[6] Lin, Y., Tang, S., Lyu, B., Wu, J., Lin, H., Yang, K., ... & Jin, C. (2025). Goedel-Prover: A

Finetune Expert Iteration identificatjon of ‘b’ through algebraic manipulation.
v
Base Model Finetu I SFT Model ) Finetune Ledg 518 ### Next tactic:
have h := Nat.gcd_mul_lcm 120 b
L SO S Sy S A —— R, AR A SR ———
! Goedel-P : Both employ Expert Iteration Loop with Lean ITP:
+ Goedel-Prover . !
: , r00 :

: (2025) Formalized Generated Incorrect? Discard
1 i 5 Infemnce plooﬁ Proof 2
: Lean SRl Proof 3 FL theorem » FL theorem
1 1 statements in set B proofs Set of correct

! FL fs (S;
: : Correct? proofs (S:)
1 -
1 Goedel- A > LEAN 1
: Prover l‘ ‘| verification : Concatenate_succgssfgl _FL pr_oofs
| " 1 from all previous (j < i) iterations
1 * . 1 ) with corresponding FL statements:
1 Tt 1 Fine-tune M;_, for exactly one
1 Iteratmg : epoch with the new set 4; of A = (U Si) uB
: | | (statement, proof) pairs. jsi
1 e | Proof 1 1 This model is M;
! ‘ . Verified .
- [posemoae )= rmng Vit X | —
| i i [5] Lin, H., Sun, Z., Welleck, S., & Yang, Y. (2024). Lean-star: Learning to interleave

1
| |
1 1
1 1

Neuro-Symbolic Techniques for LLM-based Code Generation, Translation and Auto-Formalization

Frontier Model for arXiv preprint

arXiv:2502.07640.

Open-Source Automated Theorem Proving.

Prithwish Jana, Vijay Ganesh



NEURO-SYMBOLIC Al SYSTEMS FOR PROOF SYNTHESIS (CONTD...)

DeepSeekProver-V1 DeepSeekProver-V1.5 (2024)

(2024) —C 1. Autofc lization ) _— (2. Model Scoring and Hypothesis Rejecﬁon) —— Lean
-=-' J —— Model Training
Informal Math Formal Math High-Quality Formal 11::2 ::;:;ih

Le an Problems DS-Prover Statements DS-Prover Math Statements

oE - &

: Synthesized Data

—
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 : 1
1 DS-Prover ; !
- & e 2+ ——)
X —ee ( 4. Fine-tuning Prover ) — " g + EI ) 3. Proving .
1 | 1
1 1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1

set_option maxHeartbeats @
open BigOperators Real Nat Topology Rat

Pre-training

/- Compute the sum of all the roots of $(2x+3)(x-4)+(2x+3)(x-6)=0s.
Show that it is 7/2.-/
theorem amc12a_2002_pl (f : € - €) (he : ¥V x, fx = (2% x +3) * (x - 4) +
(2 % x +3) % (x - 6)) (ha : Fintype (f-1' {0})) :
3y in (f-'* {0}).toFinset, y = 7 / 2 := by
—— We show that the roots of the polynomial are -3/2 and 5.
have : (f-'' {@}).toFinset = {-(3 /2 : C), (5 : )} := by
ext x
simp only [Set.mem_toFinset, Set.mem_singleton_iff, Set.mem_preimage,
Set.mem_setOf, Finset.mem_insert, Finset.mem_singleton]
/- tactic state:
case a
f:CaC cesponse
he : ¥ (x:€), fx=(2%x+3) % (x-4)+(2%x+3)*(x-6)
h1 : Fintype t(f -*' {0})
X :C
Ffx=0wx=-(3/2)vx=5
=/

Supervised
Fine-tuning

| Formal Statements with
1 Correct Proofs

r
Statements Proving

—o( Proving Original Statements )1 __________ 1

A

Whole-proof .
1 Reinforcement

Completion A
Error Message from Lean 4 prover: Lea rning
rw [he] failed to synthesize
constructor LinearOrder (
+ intro h
— We solve the
ha;€ i_(z o+ rw [hel Passed the verification of
inear_con
B gty [ ctog Leand prover Model Inference
cases' eq_zero_ —— We solve the equation (2x + 3)[2x - 10] = 0.

B
}
==
'
S

: Synthesized Data

e 9.858¥8 -

e | Formal Statements with
Candidate Formal 3 | Correct Proofs

Math Statements | ~  NT e e - - - - - I
Proving Negated Statements 1

Expert Iteration
Loop with Lean ITP

with hl h2 have : (2 # x+3) * (x -4 +x-6) =0 :=
- — Case 1: 2 by linear_combination h

left — This gives us two cases to solve.

linarith cases' eq_zero_or_eq_zero_of_mul_eq_zero this
- —- Case 2: 2 with hl h2

right S iCase s 2xiti3 = 0

Single-pass

Sampling

linarith left
+ — We check tha linear_combination (1 / 2) * hil
rintro (rfl | r - —Case 2: 2x - 10 = 0

or

— Now we compute t right
rw [this] linear_combination (1 / 2) * h2
norm_num « — We check that -3/2 and 5 are indeed roots.

training loop with Lean ITP B L e

Reinforcement Learning

Monte-Carlo
Tree Search

rw [this]
norm_num

[7] Xin, H., Guo, D., Shao, Z., Ren, Z., Zhu, Q. Liu, B., ... & Liang, X. (2024). DeepSeek-Prover: [/ - - o o o e

Advancing Theorem Proving in LLMs through Large-Scale Synthetic Data. arXiv preprint Ly
arXiv:2405.14333. AlphaProof (2024) Lean / ~

[8] Xin, H., Ren, Z. Z., Song, J., Shao, Z., Zhao, W., Wang, H., ... & Ruan, C. (2024). DeepSeek-

Prover-v1.5: Harnessing Proof Assistant Feedback for Reinforcement Learning and Monte-Carlo J
Tree Search. arXiv preprint arXiv:2408.08152. . . . Informal S— Formal
[9] AlphaProof and AlphaGeometry teams (2024). Al achieves silver-medal standard solving bl Formalize Search
. . . . . . problems problems proofs
International Mathematical Olympiad problems. URL: https://deepmind.google/discover/blog/ai- Formalizar Sl
solves-imo-problems-at-silver-medal-level/ b ~100M bl
o AlphaZero
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CONCLUSION & FUTURE DIRECTIONS

> Integrate dense fine-grained feedback from formal verification tools via RLSF
during LLM training/fine-tuning/in-context for both normal + reasoning tokens

« Software engineering (e.g., code synthesis, code translation and code repair)
« Mathematical reasoning (e.g., proof synthesis and auto-formalization)
« To develop specialized neuro-symbolic small language models (SLMs) - perform better than LLMs

> Future directions: Using LLMs in different formal math settings

« Solving International Mathematics Olympiad problems
« Populate mathlib library for currently un-formalized fields like cryptography and proof complexity
« and more hard problems...
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