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MOTIVATION & OVERVIEW

Diffusion Language Model
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Figure 1: MOD-SR adopts gradient-quided diffusion model, being the first unified model integrating multimodal learning and
direct optimization for symbolic regression.

Symbolic regression (SR) seeks to discover explicit mathematical expressions that
describe observed data. Two fundamental limitations exist in prior work:

Multimodal approaches (SNIP/MMSR): Strong distribution learning but cannot directly
optimize objectives during inference.

Optimization approaches (Sym-Q/FEX): Direct objective optimization but suffer from
exponential slowdown with dimensionality.

MOD-SR is the first to unify both perspectives with one model.

PROBLEM FORMULATION

Given dataset D = {(x, y,)} where x. e R?and y. € R, find f such that y. = f(x)).

p(xole,y”™) where c¢=Encum(D)

* X . latent expression representation in embedding space
* C. cross-modal condition from frozen numerical encoder
* y*: optimal objective score (fitting error / complexity)

This Bayesian formulation captures inherent ambiguity: multiple expressions can fit the same
finite, noisy data equally well.

METHOD COMPARISON

Table 1. Comparison of different symbolic regression methods.

METHOD PERSPECTIVE DISTRIBUTION LEARNING  OPTIMIZATION
E2E (KAMIENNY ET AL., 2022) AR (TRANSLATION) TRANSFORMER BEAM SEARCH
MMSR (LI ET AL., 2025B) AR (MULTIMODAL) TRANSFORMER BEAM SEARCH
SNIP (MEIDANI ET AL., 2024) AR (MULTIMODAL) TRANSFORMER + CL HEURISTIC (GP)
FEX (LIANG & YANG, 2025) MDP (OPTIMIZATION) / RL

SYM-Q (TIAN ET AL., 2024) MDP (OPTIMIZATION) Q-LEARNING RL (REINFORCE)
DBSR (BASTIANI ET AL., 2025) MDP (OPTIMIZATION) / RL (GRPO)
METASYMNET (L1 ET AL., EQL (OPTIMIZATION) / NOVEL NN
2025A)

SYMBOLIC DIFFUSION (TYMKOW  BAYESIAN (TRANSLATION) DISCRETE DIFFUSION /

ET AL., 2025)

DIFFUSR (HAN ET AL., 2025) BAYESIAN (TRANSLATION) DIFFUSIONLM HEURISTIC (GP)

GENSR (LI ET AL., 2026)
MOD-SR (OURS)

BAYESIAN (MULTIMODAL) CONDITIONAL VAE HEURISTIC (CMA-ES)

GRADIENT-GUIDED DIFFUSIONLM + REPA/CL

BAYESIAN (MULTIMODAL +
OPTIMIZATION)

AR: AUTOREGRESSIVE, MDP: MARKOV DECISION PROCESS, EQL: EQUATION LEARNER, CL: CONTRASTIVE LEARNING,
DIFFUSIONLM: DIFFUSION LANGUAGE MODEL (LI ET AL., 2022), REPA: REPRESENTATION ALIGNMENT.
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Figure 2: Overview of our method: multimodal encoders pre-trained with contrastive learning condition the diffusion model,
representation alignment with the symbolic encoder from the same contrastive framework during training, DFEX relaxes
trees for differentiable evaluation, enabling gradient guidance to directly optimize objectives during sampling.

DFEX: DIFFERENTIABLE FINITE EXPRESSION TREE
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Figure 3: Example of DFEX tree structure of depth 3 encoding expression y = cos(x,) x e’(x,) + sin(x ).

c=Opmi-i)X 10(]Zpe,j -J)
V=(p+ —P-)X XPxk Xk
k

DFEX is a fixed-depth tree enabling gradient guidance:

Alternating binary/unary layers: Binary for ops (+,x), Unary for functions (sin,exp)
Softmax relaxation: Token probabilities via softmax

Mantissa pm, €xponent pe for constants; sign p /p, variable px for variables.

GRADIENT GUIDANCE THROUGH DFEX

G(xs, t)=—w(t) - Vi, Lsir(Fo(x); D,y ")

Key Ildea:

Look-ahead guidance steers the diffusion sampling process toward objectives by computing
gradients of the fitting loss with respect to the noisy latent x;. This enables direct optimization
during inference without requiring separate optimization loops.

Components:

X (x:): The predicted clean expression via Tweedie's formula. We decode x; to get an estimated
expression that can be evaluated on the dataset.

L _{fit}: Fitting loss measuring how well the predicted expression fits data D. Can be MSE for
accuracy or node count for simplicity.

w(t): Time-dependent weight schedule controlling guidance strength during sampling.

Gradient Computation via Chain Rule:

dL/oxy = (dL/oX ) - (OX [OXt)

The gradient flows back from the objective L through the predicted expression X to the noisy
latent x;, enabling gradient-based optimization in the embedding space.

SUBTREE BFGS

Subtree BFGS Optimization:

Algorithm 1 Optimize Expression via Subtree BFGS

1: Input: dataset D = {(mz,yz)}z_l,DFEX tree, max iterations K, top-k size k Given a DFEX tree x and dataset D. we
2: Output: optimized expression e* .. . ’

3: Initialize: logits £ € REZ*IVI (strong init: £;4get = 10) optimize via BFGS on subtrees to

4 X < [z1,...,an] Y < [y1,.. ., Y] minimize fitting loss L_fit:

5: foriter = 1to K do T " :

6:  Sample subtree 7 < SAMPLESUBTREE(d) {non-ID subtree} TOp-k restriction: Focus Optlmlzatlon

7:  Build top-k indices Z;, «+— TopK(¥, k) {Restrict optimization space } on top-k candidate tokens at each node,
8:  liopk < Gather(?,Zy); Liopk <— Clip(4iopk; —¢, €) :

9: Pi— softmax (4iopk, 7); J\/ff — MASK(Tz) {M € {0,1}£xF} reducmg search Spdce.

Random subtree masking: Randomly
mask subtrees during optimization.
Chain rule: Compute dL/dx: through X_
prediction, backpropagating from loss to
latent.

This enables direct optimization of
expression structure during diffusion
sampling, guided by gradient of the
fitting objective.

10: g <+ COMPUTERELAXED(P O M, X) {Alg. 3}

11: L § Zz—l(y’t yz)z
12: L()l — ——Z (P"J )
13: L+ L+ )\01£01
14:  Lyopk < BFGS(L, £iopk) {L-BFGS-B on top-k logits}
15: £ < Scatter(¢, Iy, Liopk)
16: end for
17: e* < arg max; P;; for each position ¢ {discretize}
18: return e”*
Algorithm 1: Optimize Expression via Subtree BFGS.

RESULTS (WITHOUT POST-PROCESSING)

Table 2. Performance comparison of different SR methods without post-processing on benchmark datasets. The table shows R* scores
(higher is better) and average number of nodes (lower is better) for each method.

MOD-SR DiffuSR* SNIP E2E SymbolicGPT'
Group Dataset
R? C R? C R? C R? C R? C
Nguyen 0984 166 098 86 0938 152 0.671 193 0.671 21.6
Keijzer 0970 17.3 - - 0.802 174 0861 195 0.603 245
Koza 1.000 10.0 - - 1.000 95 1.000 190 0661 29.2
Standard Constant 0983 155 0964 10.6 0.896 12.1 0.755 16.6 0.702  38.5
Livermore 0989 166 0943 94 0947 140 0.720 20.7 0563 412
Vladislavleva 0.907 21.1 - - 0.769 206 0.743 338 0.541 36.6
R 0.985 15.7 - - 0.774 167 0991 26.0 0.704 25.2
Jin 0995 185 0.797 145 0964 16.7 0.832 157 0.772 369
SRBench Feynman 0.788 164 - - 0.616 18.1 0.735 220 0.538 26.8
Strogatz 0.970 15.8 . - 0.854 21.3 0.754 31.5 0.523 326

x: DiffuSR 1s not open-sourced, all of its test data is directly taken from the original paper (also top-20 sampling). They only test on 4
benchmarks, so there are blanks. {: We don’t include Symbolic Diffusion (Tymkow et al., 2025) since it’s reported to have equivalent
performance to SymbolicGPT (Mojtaba Valipour, 2021), which is inferior in our experiments.

SYMBOLIC LATENT SPACE ANALYSIS (T-SNE)

SNIP pooled SNIP tokenwise MOD-SR (ours) SNIP pooled SNIP tokenwise MOD-SR (ours)
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Figure 4: t-SNE visualization comparing three representation spaces across four function-level attributes (NCR,
Upwardness, Avg Normalized y, Log Oscillations).

Three Representation Spaces Compared:

SNIP pooled: Mean-pooled global vector (0.65 reconstruction accuracy). Loses token-level
information, making it unsuitable for latent diffusion.

SNIP token-wise: No pooling, preserves all token information (0.9997 accuracy).

MOD-SR embedder: Jointly trained with the denoiser.

Key Findings from t-SNE Visualization:

Structured clustering: MOD-SR forms compact, clearly separated clusters compared to broad
clouds in SNIP spaces.

Attribute consistency: Higher within-cluster homogeneity in MOD-SR; nearby points have
similar functional behavior across NCR, Upwardness, and Oscillation attributes.

Extreme value separation: Clearer isolation of extreme values (red/blue regions) in MOD-SR
compared to intermixed distributions in SNIP baselines.

Implications for Latent Diffusion:

SNIP pooled discards token identity, rendering it unusable for latent diffusion. While SNIP
token-wise space works, it requires a separate decoder. MOD-SR's denoising objective actively
reshapes latent geometry into semantically meaningful regions, providing reliable geometry for
both generation and optimization in the embedding space.



