Background

Symbolic regression (SR) aims to discover mathematical
expressions that explain observed data. Given samples
{(x;,y:) 1Y, it seeks an expression f with y; ~ f(x;),
often involving a trade-off between predictive accuracy
and expression complexity.

Finding such an expression requires navigating a vast com-
binatorial space, where the suitability of each operator or
subexpression depends on its role within the entire expres-
sion.

Limitations of Prior Methods

1. Search-based methods (GP, tree search, RL) use
heuristic strategies to search for equations directly in
a discrete symbolic space — structures are selected
only indirectly through fitness and modified by
variation operators.

2. Autoregressive generation emits tokens one at a time
in a fixed order — an early mischosen token con-
ditions all later ones and is fixed only by regen-
erating the whole suffix.

3. Structural repair is delegated to external pruning and
candidate replacement — the model never learns
to suppress redundancy as part of generation,
leaving repair decoupled from generation.

Editing versus Autoregression
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Upper: an early wrong token conditions all later ones and
s fixed only by regenerating its whole suffix. Lower:
editing revises tokens in place through insertion,
deletion, and substitution without touching the rest.

References

1] Havasi et al. Edit flows. 2025.

2] Gat et al. Discrete flow matching. ICLR 25.

3] Kamienny et al. E2E symbolic regression with trans-
formers. NeurlPS 22.

4] La Cava et al. SRBench. NeurlPS 21 D&B.

5] Biggio et al. Neural symbolic regression that scales.
ICML 21.

EditFlowSR: Revisable Expression Generation for Symbolic Regression

Yuhong Xu* Ziyi Yang* Jinghui Zhong!

School of Computer Science and Engineering, South China University of Technology

*Equal contribution Corresponding author

Method: EditFlowSR
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Upper: the model architecture — observed data provide the condition ¢ for the discovery trajectory, while the repair trajectory
uses the null condition (); the two trajectories share the editing backbone. Lower-left: inference starts from a random sequence
Xo and edits it into the final expression X;. Lower-right: given X; and ¢, the model predicts the total rates of insertion,
deletion, and substitution, together with token distributions (TD).

Experimental Results

Setup. SRBench: Feynman (119), Strogatz (14), Black-box (89); 22 search-based (incl. LLM-guided), generation-based,
and non-symbolic baselines; metrics: test R? complexity, inference time.
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Motivation: Edit as You Go

In an expression, each operator is linked through its chil-
dren and ancestors to a broader context, so a change to
one component has to respect both local details and global
structure. This motivates generating expressions through
edits to an evolving sequence, inserting required struc-
ture and correcting mischosen components as the expression
takes shape.

Conditioned on the data condition ¢, the sequence X, and
time ¢, three heads predict the total rate A; ;, the intensity
of edit e at position ¢, and the token distribution (Q)f ;,

ug(e | X) = A (X)Qf;(a| X), e € {ins, del, sub}.

Dual-Trajectory Supervision

Because editing learns transitions between arbitrary se-
quence pairs, we construct two trajectories. The discovery
trajectory recovers equations from random sequences con-
ditioned on the data, and the repair trajectory maps
redundant expressions to concise equivalents, training the
model to suppress redundancy as part of generation.

e Edit-path supervision: pairs of different lengths are
aligned to a common length with blank tokens €; every
position with z! # 2! yields exactly one supervised
edit: ¢ — a (ins), a — € (del), or a — b (sub).

e Repair trajectory: expands a concise expression into
a redundant form (additive zeros, scaled duplicates,
squared terms) and trains the model to shorten it back.
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Conclusion

EditFlowSR formulates symbolic regression as iterative
expression editing conditioned on observed data, and bal-
ances accuracy, runtime, and complexity well on standard
benchmarks, suggesting edit-based modeling as an effective
direction for direct generation.
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