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Motivation Results/Contributions Key Findings
Bhatnagar et al. (2025) achieve a 4—6x speedup in PDE solving by using All four models hit 100% family accuracy in-dialect, but cross-dialect Jd Format matters: in-dialect works, cross-dialect collapses
LLMs to predict solution operators, but hardcode Postfix as the input generalization collapses to 13—35%. d Postfix is the most transferable symbolic dialect
format purely for computational convenience but never validating d Natural Language captures operator structure across
whethern it is the right choice for reasoning quality. Since LLMs are 1 In-dialect: 100% family accuracy; cross-dialect collapses to 13—35% formats
pretrained on LaTeX and natural language, this representational 1 Postfix generalizes best — stable family accuracy and operator F1 across d Mismatched dialects produce meaningless output, not
mismatch may silently degrade performance, yet nobody has tested it. dialects just wrong answers
We ask: does the symbolic representation format of a PDE J Natural Language transfers operator structure (~80% F1) even when family 3 Postfix places operators immediately after operands —

prediction fails

the model never needs to track brackets or precedence
4 Mismatched dialects: trash scores hit 46—77% — output breaks down entirely -

Every expression follows the same bottom-up pattern

ApproaCh S regardless of complexity — learned rules transfer
Our contributions: directly

d A novel synthetic PDE dataset (12,000 instances, 6 families, 4 dialects) with | o
k-scaling, directional and positional shuffling to prevent trivial pattern matching = S!MPpler tokenization means tewer out-of-vocabulary

affect how well a model reasons about it?

We generate 12,000 instances across 6 PDE families, each encoded in 4

dialects (LaTeX, Prefix, Postfix, Natural Language). Three augmentations QO The first systematic evaluation of symbolic representation format on LLM fragments compared to LaTeX's symbol-heavy syntax
— k-scaling, directional shuffling, and positional shuffling prevent trivial reasoning quality establishing that Postfix is the most transferable dialect.
pattern matching. The data is split 9,600 / 1,200 / 1,200 for train / val / References
teSt. PDEBench-Lang: Cross-Dialect Evaluation (4x4 Matrix)
We fine-tune four BART-base models, one per dialect. Each model is Family Accuracy Operator F1 Trash Score 1. Bhatnagar, A. et
evaluated in two settings: in-dialect (tested on its own format, 4 scores) e = ll.o ™ 10 al. (2025). From

I I equations to insights.

and cross-dialect (tested on all 4 formats, producing a full 4x4 matrix of
16 scores). All predictions are scored on three metrics: Family Accuracy,
Operator F1, and the novel Trash Score.

Prefix - Prefix - Prefix

- 0.8

2. d'Ascoli, S. et al.
04 (2024). ODEFormer:

- 0.7

Train Dialect
Train Dialect
Train Dialect

Postfix Postfix { 71% 69% 89% 68% Postfix 1  26% 37%
. PHASE 1: DATASET CONSTRUCTION - PHASE 2: MODEL TRAINING & EVALUATION . ' 0.6 SymbO/I C regression
!. 5/ ———— Q@ — ' Natural Natural {  80% 80% 80% 98% o5 Natural JEEEERZ 46% of d ynam ical
; (diagonal) In-Dialect Output
; "y , (4 scores) . . ] '
9 . e e (o \ » La‘T/eX Prefix ~ Postfix Natural { e Latex Prefix | Postfix Natural Latex Prefix . Postfix Natural Latex Prefix | Postfix Natural SyS t e m S . I C L R 2 O 24 .
Dataset - o N - P = f i A BADT At v = 4JS Eval Dialect Eval Dialect Eval Dialect
H dala datase ; Prefix ’ refix = Score
Generat.l'on Augmentation Split (one per dialect) | € | | 3 . La m p I e , G ] &
6 PDE families | o ¥ et ool PDEBench-L In-Dialect vs C Dialect Perf
12,000 instances o x }i > -..‘ ench-Lang: In-Dialect vs Cross-Dialect Performance
. i(alzcezlrgf rescaling) / Train: 9.600 | . v [ Matural - Score ) C h a rto n y F. (2 O 2 O ) .
| LaTeX J = =» Fain: 9, b, BART_LaTeX | BART.Prefix \ / S /
= « Directional [ ) , @ @ Family Accuracy Operator F1 Trash Score Deep /earnlng for
rertix : R ~N
» shufling Val: 1,200 x % CTOSS(;D"iz'e;t Evta!u;'tion Cross-Dialect Output In-dialect In-dialect
. ull 4x4 matrix 16 100% 100% 100% -di -di "
’\ s : i Posm(.)nal Test: 1.200 | : BART Postfix | | BART Natural LaTeX Prefix Postfix Natural ( scoreS) 100% A F 1 i 1 ; 100% - 96% = , e 100% it albh s Symb OIIC
Natural Language Shufhing | o ’ T ) (N S | | e .
\\ -J) L 7, \_ . || / Prefix e %
f - . - os | mathematics. ICLR
&Natural | g ) | - 2 O 2 O .
‘—_‘_.J 60% - ln-dialeﬁt 60% - 60% -
o BN Cross-dialect 4 . S un , H . et al .
Evaluation Metrics |
Family Accurac y Operator F1 \ ﬁ_ﬂ_ Trash Score % (novel) | 40% - 35% 40% - 40% - 23 (2 024 ) . PROSE_PDE:
@ Correct PDE family % F1 score over | | core or identifyin ‘ %
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Future Work/Plan for Final Report

Dialect Family Accuracy | Zero-shot BART (no fine-tuning) achieves
16.7% family accuracy across all dialects

- Evaluate fine-tuned T5 across all 16 dialect combinations and compare against BART (done!)
Latex 16.67% — identical to random chance (1/6), with

- . . - Curriculum learning: pre-train on a smaller/simpler PDE subset, then fine-tune on the full dataset (done!)
Postfix 16.67% no variation by format. This confirms that | _ _ o
without fine-tuning. representation format Larger models: scale to BART-large or T5-large to test whether cross-dialect collapse is a model capacity issue
Prefix 16.67% ot HNE-Hning, Tep ¥ - - L -
is irrelevant and the task is unsolved, - Harder dataset: increase coefficient complexity, add more PDE families, introduce noise and edge cases to stress-test
Natural L 16.67% establishing clear room for improvement - Real PDE instances: replace synthetic data with PDEs from actual physics literature to test real-world applicability




