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Abstract

Automatic program repair seeks to generate correct code from buggy programs, with most
approaches searching the correct program in a discrete, symbolic space of source code tokens.
This symbolic search is fundamentally limited by its inability to directly reason about program
behavior. We introduce Gradient-Based Program Repair (GBPR), a new paradigm that
reframes program repair as continuous optimization in a differentiable numerical program
space. Our core insight is to compile symbolic programs into differentiable numerical
representations, enabling search in the numerical program space directly guided by program
behavior. To evaluate GBPR, we present RaspBugs, a new benchmark of 1,466 buggy
symbolic RASP programs and their respective numerical representations. Our experiments
demonstrate that GBPR can effectively repair buggy symbolic programs by gradient-based
optimization in the numerical program space, with convincing repair trajectories. To our
knowledge, we are the first to state program repair as continuous optimization in a numerical
program space. Our work establishes a new direction for program repair research, bridging
two rich worlds: continuous optimization and program behavior.

1 Introduction

Program repair, or automatic bug fixing, promises to generate corrective patches for faulty code (Monperrus,
2018). Recent years have seen dramatic improvements in the quality and complexity of patches thanks
to learning based program repair, with the most complex bugs being repaired by frontier LLMs (Yang
et al., 2024). Progress on benchmarks like SWE-Bench (Jimenez et al., 2024) and RepairBench (Silva and
Monperrus, 2025) has demonstrated that real-world bugs can be fixed automatically.

The fundamental limitation of asking a language model to generate a patch is that it does so by reasoning
about token distributions, and not by reasoning about the expected behavior. In other words, optimizing
for next token prediction captures very little of the difference between buggy behavior and expected correct
behavior from the specification. For the same reason, it is hard to repair completely new programs as language
models fail to generalize to unseen problems (Chollet et al., 2024).

In this paper, we completely reframe learning based program repair. We propose to embed the specification
and the incorrect behavior to be repaired as a first-class concept in a loss function that is used to directly
optimize the program.

We describe Gradient-Based Program Repair (GBPR), a novel paradigm that is founded on expressing
programs as numerical representations, such as embeddings or neural network weights. With this numerical
program representation associated with a loss that captures the expected behavior, GBPR repairs the bug
by searching in the numerical program space. This core originality of GBPR is that it considers program
behavior, the expected correct one and the buggy one, as a first-class concept in the learning pipeline, directly
expressed in the loss function to be optimized. To sum up, we propose to 1) transform symbolic programs
into numerical programs, 2) design loss functions that capture correct behavior, and 3) optimize numerical
programs with gradient descent in the program space until a repair is found.
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Figure 1: The key insight of Gradient-Based Program Repair is that program search can be done in a
numerical space by employing gradient-based optimization. a) Symbolic program computing the reverse
function, written in RASP, and the difference between the expected and buggy behavior; b) Compilation of
the symbolic program into a numerical program, encoded as a Transformer; c) Numerical program, equivalent
to the symbolic program; d) GBPR optimizes the numerical program via the correctness loss, starting
from the buggy program. The program is iteratively optimized, moving towards correct behavior. As the
correctness loss decreases, the program correctness increases, with some incorrect behavior now corrected. At
the end of the optimization, the repaired program correctly implements the reverse function. As opposed
to LLM-based bug fixing, GBPR directly reasons about the expected behavior as a first-class optimizable
concept.

To rigorously evaluate our approach, we introduce RaspBugs, a new benchmark of buggy symbolic programs
and their corresponding numerical representation. Those programs are written in RASP (Weiss et al., 2021),
a class of sequence-processing programs that can be analytically represented as Transformer models. By
systematically applying mutations to base RASP programs, we create a diverse collection of meaningful
bugs that can be analyzed both at the symbolic and numerical levels. RaspBugs contains 1,466 bugs over 6
programs, and provides the first-ever controlled environment for researching program repair as continuous
optimization.

Our results demonstrate that gradient-based program repair is feasible. First, we observe proper convergence
of the optimization problem, with the correctness of the considered programs improving. Second, we are able
to repair the majority of buggy programs for 5 out of the 6 considered base programs. Third, the analysis of
the repair trajectories and the correctness landscape confirms that incorrect behavior on buggy input points
is gradually fixed.

To summarize, our main contributions are:

• Gradient-Based Program Repair, a novel paradigm for program repair that performs gradient-based
program search, driven by a loss function that captures correct program behavior.

• RaspBugs, a curated benchmark for evaluating research on continuous program repair, with 1,466
pairs of buggy RASP programs, available as either symbolic or numerical programs.

• An empirical evaluation demonstrating the feasibility and effectiveness of GBPR for repairing RASP
programs as continuous optimization in the numerical program space.
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2 Background

Program Repair. Program repair (Monperrus, 2018) automatically finds a correct program from a buggy
one, changing incorrect behavior to correct behavior according to a specification (e.g., an input-output test
suite), typically via search or mutation over the program space. Most program repair research considers
repairing imperative programs, in particular Python or Java.

Symbolic Program Space. In the context of traditional program repair, programs are symbolic artifacts,
represented using discrete structures like source code token sequences, abstract syntax trees (ASTs), or
control-flow graphs (CFGs). Program repair on symbolic programs relies on symbolic methods operating
directly on these structures according to rules based on language syntax and semantics (e.g., program
transformations, static analysis, symbolic execution). Large Language Models (LLMs) are used for program
repair (Vasic et al., 2019; Yasunaga and Liang, 2021; Yang et al., 2024) by considering code as a sequence of
textual tokens.

Numerical Program Space. A numerical program is a program 1) whose behavior is encoded as continuous,
real-valued parameters and 2) can be executed. These can be either neural networks or vectors in latent
spaces with execution semantics, such as in Bonnet and Macfarlane (2024). Unlike traditional symbolic
programs, which are constrained by discrete structures, the behavior of numerical programs can be adjusted
smoothly via optimization techniques like gradient descent.

RASP Language. RASP (Restricted Access Sequence Processing) is a domain-specific programming
language for sequence processing (Weiss et al., 2021). Its key caharacteristic is that the language primitives
align with the transformer-encoder model. RASP programs operate on token and position streams using
selectors (n × n relations that hold when a predicate over per-position values is true), per-position aggregation
(reductions along selectors), and elementwise maps. We adopt the bounded setting of RASP which assumes
fixed vocabulary and a maximum sequence length.

Tracr Compiler. Tracr (Lindner et al., 2023) is an analytical, deterministic compiler from RASP to
encoder-style transformer models. It programmatically constructs attention from RASP selectors (select
→ query/key scores high exactly where the predicate holds; values route information) and implements
aggregation and maps via attentiona and MLP steps respectively. For a fixed vocabulary and sequence length,
the compiled model is strictly equivalent to the RASP program (D(x) = P (x) on the supported domain).

3 Gradient-Based Program Repair

All previous research has done program repair as a search in a symbolic space. Our core insight is that one
can do program repair by searching programs in a numerical space instead. In that numerical space, the
program semantics are encoded into a numerical representation. Gradient-Based Program Repair (GBPR)
leverages gradient descent to search the numerical program space, minimizing a loss that directly measures
deviations from correct behavior. The program zeroing the loss is considered the repaired program.

3.1 Compilation of Symbolic Programs to Differentiable Numerical Programs

The first step of numerical repair is to translate the initial symbolic program into a numerical representation
where a correctness gradient can be computed with respect to its parameters. Let Pf be a symbolic program
(e.g., source code text in Python) that implements the target function f : X → Y , mapping inputs from space
X to outputs in space Y.

Compilation. We require a compiler function, denoted C, that transforms Pf into a numerical representation
Df,θ. This representation Df,θ is parameterized by a set of numerical parameters θ, such that executing the
numerical representation on an input x ∈ X yields the program’s output. Crucially, the compiler C must
ensure that the numerical parameters θ completely encode the semantics of the original program Pf . In other
words, θ ‘is’ the numerical program.

3



Under review as submission to TMLR

Numerical Execution. The execution of Df,θ must match the input-output behavior of Pf on the supported
domain, guaranteeing that program semantics agree in both the symbolic and numerical spaces.

Df,θ ≡ Pf =⇒ Df,θ(x) = Pf (x) ∀x ∈ X .

Differentiation. We require Df,θ to be differentiable over X with respect to θ. This means we need to
compute the gradient of a loss function, in order to change the parameters θ to improve the correctness of
the output for x. If the gradient captures correctness, this means that gradient descent is actually optimizing
the program towards more correct behavior, which is the fundamental goal of program repair (section 2).

Alternatives for Df,θ. In section 6, we will discuss a few appropriate representations for Df,θ. At this
point, we focus on neural networks as our numerical representation. The neural network input, resp. output,
is the program input, resp. output. This is a natural choice as 1) neural networks are inherently differentiable
via backpropagation, 2) their parameters form the continuous space θ we seek to optimize, and 3) they are
executable via forward passes.

3.2 Gradient-Based Program Repair (GBPR)

Let us assume a buggy symbolic program Pb implementing an incorrect function b. The ideal correct function
is called f , and is defined by a specification that describes the behavior of the ideal program. In this paper,
we assume specifications in the form of input-output examples: {(xi, yi)}n

i=1, where each input xi is mapped
to its correct output yi by the ideal function f .

Symbolic repair means directly changing Pb with e.g., symbolic repair templates or repair operators that
manipulate symbols. GBPR means repairing the numerical representation Df,θ instead. For this, we first
compile Pb using C to obtain its differentiable representation Db,θb

. Both the initial parameters θb and
the structure of the numerical program are given by the compiler. The goal of GBPR is to adjust these
parameters θb to find a new set of parameters θ∗ such that the behavior of Dθ∗(x) matches the specification.

Dθ∗(x) = f(x) ∀x ∈ X .

Correctness Loss. Next, we need a loss function L that measures how far the current program behavior
deviates from the specification. The total loss is an aggregation of a local loss function ℓ computed over a
subset of the specification:

L(θ, {(xi, yi)}n
i=1) =

n∑
i=1

ℓ (Dθ(xi), yi) .

Consider the space of all possible parameter values θ for our differentiable numerical program Dθ. Each point
in this space corresponds to a slightly different program behavior. The loss function L creates a landscape
over this space, where lower values indicate behavior closer to the correct program Pf .

The repair process is then a classical optimization problem: finding the parameters θ∗ that minimize the
correctness loss:

θ∗ = arg min
θ

L(θ, {(xi, yi)}).

Repair as Gradient Descent. Gradient descent acts like rolling a ball down this landscape. The initial
parameters θb place the ball somewhere corresponding to the buggy program’s behavior. The gradient ∇θL
points uphill towards higher loss (more incorrect behavior). By moving in the opposite direction (−∇θL), we
iteratively adjust the parameters θ, effectively improving the program’s behavior step-by-step towards the
desired correct functionality defined by the input-output specification. Starting from the initial parameters
θ(0) = θb obtained from compiling the buggy program, we iteratively update the parameters in the direction
opposite to the gradient of the loss:

θ(t+1) = θ(t) − η∇θL(θ(t)),

where η is the learning rate.
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The main difference between symbolic repair and repair as gradient descent is that, because the representation
Dθ is continuous and differentiable, small improvements are possible and efficiently guided by the gradient.
This sharply contrasts with symbolic repair, which entirely consists of discrete jumps in the program space.

3.3 Repair Acceptance Criterion

Minimizing loss on training examples is insufficient for successful repair, as optimization might overfit, leading
to a program Dθ∗(x) that performs well on training data but fails to generalize to unseen inputs and thus
hasn’t captured f ’s true semantics.

Therefore, we need a repair acceptance criterion based on the performance of the optimized program Dθ∗ on a
separate, held-out set of test examples {(x′

j , y′
j)} that were not used during the gradient descent optimization.

We consider the program repaired if its correctness on this held-out set exceeds 1 − ϵ of the held-out test
cases, for some small ϵ ≥ 0, ensuring that:

Dθ∗(x) ≈ f(x) ∀x ∈ X .

This ensures that the repair generalizes beyond the training data and the program likely corresponds to the
intended function.

3.4 Summary of Key Novel Concepts

Differentiable Numerical Programs. Symbolic programs translated to continuous, differentiable forms
(e.g., neural networks) with parameters (θ) encoding semantics; a novel concept in the program repair
literature.

Numerical Repair Search Space. Viewing the repair search space θ as a continuous landscape where
program behavior can be smoothly varied, as opposed to the irregular, discrete symbolic search space.

Correctness Loss. A differentiable function L quantifying the difference between the current program’s
behavior Dθ(x) and the expected behavior y. We cast classical optimization loss into a behavioral semantics
conceptual framework.

Correctness Gradient. ∇θL, indicating the direction in numerical program space towards correct behavior.

Gradient-Based Program Repair. Iteratively adjusting program parameters θ via gradient descent on the
correctness loss (θ(t+1) = θ(t) − η∇θL), optimizing towards functional correctness. This is the first framing of
program repair as continuous optimization, in contrast to traditional discrete symbolic search.

4 RaspBugs: A Benchmark of Buggy Transformer Programs

To evaluate GBPR, we need buggy symbolic programs and their equivalent differentiable numerical coun-
terparts. We thus build RaspBugs, a novel benchmark of buggy transformer programs. We choose to
consider RASP programs (Weiss et al., 2021), which have the property to be representable symbolically or as
Transformer models (see section 2)

Programs. We rely on previous work by Weiss et al. (2021) and six of their reference RASP programs.
These programs perform various sequence processing operations, including sorting, reversing, histogram
computation, frequency-based sorting, and validating Dyck language expressions.

Input-Output Specifications. For each RASP program, we generate an input-output specification by
randomly sampling from the input space and computing the corresponding outputs using the ground-truth
symbolic implementation. Each program specification is composed of 50,000 I/O pairs. The lengths of the
input samples are randomly sampled between 2 and 10. Each specification is split into train (80%), validation
(10%), and test (10%) sets.

Mutating Transformer Programs. We create RaspBugs by applying a suite of mutation operators to
the original RASP programs. The mutations are meant to introduce semantic changes to the program.
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We consider generic mutation operators that act on programming language operators such as arithmetic
operations and comparison operations. We also design and implement nine RASP-specific mutation operators
that target constructs of the RASP language. In total, we utilize 15 mutation operators. These mutation
operators are employed individually or combined with others to generate higher-order mutants - mutated
programs with several changed locations. We set the limit of mutations per order per program to 200.

def hist(input) -> list:
"""

    Returns the number of times each token occurs in the input.

    Example usage:
      hist(a b a c)
      >> 2 1 2 1
    """
    same_tok = rasp.Select(
        rasp.tokens,
        rasp.tokens,

rasp.Comparison.GEQ # bug: should be rasp.Comparison.EQ
    )
    hist_op = rasp.SelectorWidth(same_tok)

return hist_op(input)

# correct behavior
hist(a c d b a d) = 2 1 2 1 2 2
# buggy behavior
hist(a c d b a d) = 6 3 2 4 6 2

Figure 2: Example of a buggy RASP program in Rasp-
Bugs, synthesized from the reference hist program
using mutation. The reference program selects only
equal tokens, while the mutated program selects tokens
greater than or equal to, resulting in buggy program
behavior.

Properties of Mutated Programs. Buggy pro-
grams must: 1) be symbolically buggy (at least
one input-output pair is incorrect), 2) compile
to Transformer models via Tracr (Lindner et al.,
2023), 3) be executable numerically (forward pass),
and 4) be numerically buggy (incorrect on the
same input-output pairs). Validation outcomes in-
clude: FAILED_MUTATION (symbolic interpretation
errors), UNCOMPILABLE (Tracr compilation failure),
CORRECT_MODEL (semantically equivalent mutations),
and BUGGY_MODEL (programs for repair, considered
hereafter).

Descriptive Statistics. RaspBugs is composed of
1,466 buggy RASP programs, seeded from six ref-
erence programs and 15 mutation operators, their
corresponding input-output specifications (split into
train, validation, and test sets), and their numerical
representations as Transformer models. The buggy
programs are broken to a different extent, as demon-
strated by their different test set accuracies: min =
0.00% (completely broken), median = 2.00%, aver-
age = 36.69%, max = 98.00% (a corner-case bug).
The numerical representations range from 2k (hist
program) to 1M (dyck2 program) parameters. Full
details about RaspBugs can be found in Appendix A.

5 Experiments

5.1 Training and Evaluation.

Each buggy transformer program is fine-tuned via supervised learning on its train split (section 4), minimizing
cross-entropy correctness loss between predicted and ground-truth output sequences. We use batch size
256, learning rate 1 × 10−4, and train up to 10k epochs with early stopping (validation loss improvement
< 1 × 10−4 for 10 epochs). Repaired programs are evaluated on the test set via greedy decoding (temperature
0), reporting accuracy as exact output match percentage. Experiments used multi-instance NVIDIA A100
GPUs (1/7th A100 compute, 10GB VRAM, 2 CPUs, 32GB RAM per instance/run).

5.2 Repairing Transformer Program.

To evaluate the effectiveness of Gradient-Based Program Repair, we apply it to the entire RaspBugs benchmark.
Our goal is to determine whether gradient-based optimization can reliably repair a wide variety of buggy
transformer programs.

Figure 3 shows the correctness accuracy over the test sets for the buggy programs before and after Gradient-
Based Program Repair. Here, correctness accuracy is defined as the percentage of test samples for which
the model’s output exactly matches the ground-truth output. For example, the top-left figure shows the
correctness accuracy distribution over 46 buggy hist programs from RaspBugs. The red distribution shows
that most buggy programs are completely broken with a correctness accuracy of close to 0%. The green
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Figure 3: Accuracy distribution before (red) and after (green) Gradient-Based Program Repair for each
program in RaspBugs. The majority of buggy variants for five programs can be repaired with GBPR (as
demonstrated by the rightmost green bars).

distribution represents the correctness accuracy after repair. We see that a large number of hist programs
have higher correctness after Gradient-Based Program Repair (green distribution shifted to the right), with
the majority achieving near perfect correctness (right-most bar).

Before repair (red bars), for four of the six program types, the majority of buggy numerical programs start
with near-zero correctness accuracy (red bars clustered at 0%). This indicates that the mutations introduce
substantial semantic errors, resulting in programs that almost never produce correct outputs.

After repair (green bars), the accuracy distribution shifts dramatically to the right for five out of six program
types. In all these cases, the majority of repaired programs achieve near-perfect correctness, demonstrating
that Gradient-Based Program Repair can repair incorrect behavior even for severe bugs (i.e., those with
initial accuracies near 0% as detailed in section 4).

For the most-freq program, while correctness clearly improves, most programs do not achieve perfect
accuracy after repair. This suggests inherent difficulties for gradient-based methods with certain programs,
possibly due to complex loss landscapes or significant architectural changes (a point further discussed in
section 6).

Overall, our experiments over 1,466 buggy transformer programs clearly demonstrate the viability of Gradient-
Based Program Repair. It is effective to use gradient optimization and an input-output specification to repair
a broken symbolic program. This is a paradigm shift in the field of automatic program repair.
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Figure 4: Repair success rates over evaluation steps, stratified by mutation order. In GBPR, an epoch is a
full forward+backward pass over the I/O samples of the training dataset; in symbolic baselines, an epoch is
the symbolic evaluation of one mutated program against the same I/O samples. The idea is that all three
approaches are exposed to the same amount of information per epoch, in order to drive the search. Each
panel shows accuracy trajectories for GBPR, GP, and BFS (higher better). For simple bugs (orders 1-2),
symbolic methods achieve higher final performance since the number of potential repairs to explore is small.
For complex bugs (orders 4-5), GBPR surpasses symbolic baselines, showing how gradient-based optimization
can traverse complex program spaces more efficiently than symbolic search methods.

Takeaway

GBPR successfully repairs buggy programs in the numerical program space. Experiments show
it restores correctness for the majority of bugs across 5 out of 6 base RASP programs, achieving
near-perfect repair even for initially completely broken programs.

5.3 Comparison with Symbolic Baselines.

To contextualize the effectiveness of Gradient-Based Program Repair, we compare it against two baselines
that repair buggy RASP programs through search in the symbolic program space, as opposed to GBPR
which operates in the numerical program space.

The first baseline employs a Genetic Programming (GP) approach with an evolutionary strategy with
population size µ = 16 and offspring generation λ = 16 per generation, operating directly on RASP program
source code represented as Abstract Syntax Trees (ASTs). Starting from the buggy program, the initial
population is seeded with the original bug plus random single-step mutations. Each generation proceeds
as follows: (1) parent selection via tournament selection with k = 3 (i.e., we select 3 programs at random
and keep the one with the highest fitness), (2) mutation of selected parents to generate offspring according
the mutation operators, and (3) replacement where the top µ individuals by fitness are retained from the
combined pool of parents and offspring. The fitness function is defined as accuracy on the training dataset,
computed by executing each candidate program on all input-output pairs and measuring sequence-level exact
matches (ignoring the BOS token). The search terminates either when achieving 100% accuracy or after
evaluating 500 programs (this corresponds to ≈15 generations if all of them are complete). The second
baseline implements exhaustive breadth-first search (BFS) that systematically explores all possible mutations
paths from the buggy program.
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Critically, both baselines use the same mutation operators employed to generate the buggy programs in
RaspBugs (section 4). This represents an optimistic baseline: in realistic repair scenarios, one would not have
prior knowledge of the exact fault operators that introduced the bugs, whereas our baselines benefit from this
oracle information.

Figure 4 shows repair success rates (test accuracy ≥ 99%) over epochs. In GBPR, an epoch is a full
forward+backward pass over the I/O samples of the training dataset; in symbolic baselines, an epoch is
the symbolic evaluation of one mutated program against the same I/O samples. The idea is that all three
approaches are exposed to the same amount of information per epoch, in order to drive the search. Figure 4
is stratified by mutation order (one panel per order, the top left figure is for simple bugs based on single
mutations, the bottom right is for complex bugs stacking five different mutations). Each panel plots pass rate
trajectories for all three methods, revealing both asymptotic dynamics and final performance.

Asymptotic behavior. First, we see that all three methods exhibit asymptotic behavior after some time.
GBPR asymptotically reaches a performance level after approximately 75 training epochs, while the two
symbolic baselines continue improving through their respective evaluation budgets but at slower rates. This
reflects fundamentally different search dynamics. Gradient-based optimization is able to quickly make use
of the training signal via gradient, combining the information of the behavior for multiple I/O samples at
once. On the contrary, symbolic methods do not have this powerful joint convergence over I/O samples, but
instead are able to steadily explore the search space.

Performance by bug complexity. Examining convergence patterns across mutation orders reveals how
different paradigms scale with bug complexity. For simple bugs (mutation orders 1-2), symbolic methods
achieve substantially higher pass rates at convergence (top left and middle figures). BFS fixes all single-
mutation bugs (order 1, top left) as it simply explores all single-step mutations from the buggy program,
which is to be expected and also acts as a sanity check for our pipeline. As the number of mutations increases,
the number of potential repairs grows exponentially, meaning that symbolic search becomes ever harder.
Indeed, at mutation order ≥ 3, GBPR starts to be competitive compared to symbolic search, with faster
optimization but still lower final performance (top right). For complex bugs (orders 4-5), GBPR surpasses
both symbolic baselines at their respective convergence points. This clearly validates the intuition that GBPR
enables a joint optimization over multiple faulty locations, where a single move along the gradient in the
numerical space is equivalent to multiple mutations in the symbolic space.

This pattern reflects fundamental differences in how those two search paradigms (symbolic versus numerical)
scale with bug complexity. Symbolic methods are able to systematically explore the search space of small
modifications, excelling at bugs requiring one ot two local changes. However, they face combinatorial challenges
as the number of potential repairs grows exponentially with the number of locations to fix. Continuous
optimization navigates high-dimensional parameter spaces via gradients, trading performance on local, simple
bugs for the ability to handle complex, multilocation bugs via moves in the numerical space.

Takeaway

While symbolic search methods (GP, BFS) excel at simple bugs, GBPR outperforms them on complex,
multi-location bugs. Gradient-based optimization scales better with bug complexity by enabling joint
updates across the entire program structure in the numerical program space.

5.4 Repair Trajectories through the Correctness Landscape.

To provide further insight into how Gradient-Based Program Repair operates, we visualize repair trajectories
from buggy programs to repaired ones across the numerical program space.

Figure 5 shows the repair trajectory for a buggy sort program, and the surrounding correctness landscape.
In this landscape, higher loss means more buggy behavior. The left panel presents the surface plot while the
right panel shows a contour plot for the same trajectory, augmented with input-output behavior sampled from
the trajectory. The red cross indicates the starting point of the search, i.e., the buggy program encoded as a
numerical program, which has high loss and low correctness. As GBPR proceeds, the program is iteratively
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Figure 5: Repair trajectory for a buggy sort program, in the numerical program space. The red cross marks
the initial buggy program, and the trajectory shows the path taken by gradient descent towards a repaired
program. Gradient-Based Program Repair iteratively updates the numerical representation of the program
using the gradient defined by the correctness loss landscape, until the program behavior is repaired (L ≈ 0).
Left: Surface plot of the correctness loss landscape along the two principal components of the numerical
program space. Right: Contour plot of the same landscape, the input-output behavior changing along the
trajectory.

updated, following the steepest descent in the loss landscape. The trajectory ultimately converges to a
minimum, where the program is successfully repaired and near-perfect correctness on the test set.

From an execution perspective, at the beginning, the buggy sort program (red cross) is not capable of
sorting any of the three input examples. For example, an incorrect output lists the same element multiple
times. During repair, the program gradually improves. At the second highlighted point, the program already
correctly sorts the first example. However, at this point, the repair is only partial – the remaining two
examples are not correctly sorted – which is reflected by the relatively high loss. At the third highlighted
point, the program correctly sorts two of the examples, with the loss now closer to 0. As the loss landscape
is explored, the program eventually converges to a minimum where the loss is minimized and the accuracy
maximized. This means that the program is successfully repaired and behaves according to the provided
specification.

This visualization highlights the core novelty of our approach: by representing programs as differentiable
objects, we exploit the topology of the loss landscape to guide the repair process via gradient descent towards
correct behavior. This is in sharp opposition to relying on discrete, combinatorial search for repairing symbolic
programs.

In summary, our experimental results demonstrate that Gradient-Based Program Repair is feasible, it can
reliably repair a wide range of buggy transformer programs, often achieving near-perfect correctness. The
approach is robust across different RASP programs and various bugs seeded via different mutations. Repair
trajectories clearly demonstrate the repair dynamics happening in the numerical program space.

Takeaway

Repair trajectory visualizations confirm that GBPR meaningfully navigates the numerical program
space. By following the gradient of the correctness loss, the optimization process steadily moves
the program from buggy to correct behavior, with intermediate steps being progressively closer to
specification.
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6 Discussion

Specification Types in the Loss Function. A key concept of gradient-based program repair is that it
expresses the specification in the loss. Hence, the gradient directly captures the program’s incorrect behavior.
In our experiments, we have used the cross-entropy loss over an input-output specification, appropriate for
the considered RASP programs. Ultimately, GBPR opens the door to incorporating other rich behavioral
information into the loss function, such as formal specifications or invariants.

Differentiable Numerical Program Representations. Programs can be represented numerically in
several ways. In our experiments, we focus on neural networks, specifically Transformer models, as the
numerical representation, compiled from symbolic RASP programs (Weiss et al., 2021; Lindner et al., 2023;
Shaw et al., 2024). Other approaches include embedding programs as points in a continuous latent space,
so-called latent programs, which also support efficient search and repair via continuous optimization methods
(Bonnet and Macfarlane, 2024). Execution of these numerical programs is performed by an auxiliary interpreter
model. Future work will focus on the design of advanced differentiable numerical representations that are
ever more expressive.

Decompilation to the Symbolic Space. A key future direction is decompiling repaired numerical programs
into human-readable symbolic code. Symbolic representation is both 1) more interpretable and amenable
to human review and 2) appropriate for traditional verification techniques with guarantees. However, this
decompilation process is nontrivial: mapping the optimized parameters of a numerical representation back
to structured, high-level code is an open research challenge, akin to decompilation. Recent work has begun
to address this problem in the context of Transformer models by discretizing the model (Friedman et al.,
2023) or by training a meta-model to decompile weights into symbolic programs (Thurnherr and Riesen,
2024; Langosco et al., 2024). However, robust and general decompilation from neural programs to symbolic
programs remains an unsolved research problem.

Limitations. Our evaluation is limited to RaspBugs, our benchmark of RASP programs; broader experi-
mentation with other programs (e.g., with Thurnherr and Scheurer (2024)) and languages is left to future
work. Additionally, GBPR can only optimize parameters within the initial model architecture obtained
after Tracr compilation (see scope of Tracr in section 2). If repairing a bug requires changing the structure
itself (e.g., adding a new attention head), our prototype could not repair the bug. Future work is needed on
symbolic-to-numerical compilation to maximize the expressivity of the numerical program space. A further
practical limitation is the reliance on large input-output datasets to define the correctness loss and drive repair
(we use up to 50k pairs per program; see section 5). Real-world test suites may be smaller and incomplete,
limiting applicability and increasing overfitting risk under sparse specifications.

7 Related Work

Latent Programs. Latent programs are represented in a latent space, a compressed feature space preserving
meaningful data features and placing similar points adjacently. Neelakantan et al. (2015) train a Neural
Programmer to recursively select operations and data sources via latent representations at each execution
step. Hong et al. (2021) find that generating discrete latent codes representing high-level operations improves
program synthesis accuracy when compared with token-level generation. Bonnet and Macfarlane (2024) learn
a latent program space for ARC-AGI programs, and use gradient-based search to find correct programs.
Liskowski et al. (2020) train an autoencoder to embed programs in a latent space, mapping them back with
an evolutionary algorithm. None of these works do program repair. Beyond our focus on RASP in this paper,
Gradient-Based Program Repair is conceptually applicable to other latent program representations such as
the ones from this related work. Lastly, Balog et al. (2020) introduce a neural synthesizer with a differentiable
fixer that iteratively revises symbolic programs using latent program representation intermediates; unlike
GBPR, their method relies on the discretization of each edit step rather than optimizing the program fully in
a continuous space.

Learning Program Execution. Related work explores how neural networks can understand (Reed and
De Freitas, 2016; Shin et al., 2018; Yan et al., 2020; Chen et al., 2021) or benefit from (Ye et al., 2022;
Liu et al., 2023) program execution. For example, Zaremba and Sutskever (2014) learn LSTM networks to
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execute short Python programs. Ni et al. (2024) teach models to inspect and reason about code execution by
bootstrapping a synthetic training set of execution-aware reasoning traces. In contrast to these works, which
simulate execution with a black-box network, GBPR expresses program behavior as a first-class concept
within a numerical framework.

Symbolic vs Numerical Program Spaces. The mapping between symbolic and numerical program spaces
is a key component in gradient-based program repair, and a topic of earlier research. Neural surrogates
(Esmaeilzadeh et al., 2012; Renda et al., 2021) are neural networks designed to approximate complex programs
and are typically trained on a subset of the input-output space. Weber et al. (2024) learn to compile source
programs directly into neural surrogates, bypassing the need for generating input-output examples. Smooth
interpretation (Chaudhuri and Solar-Lezama, 2010) takes a different route: it smooths the semantics of a
symbolic program to expose continuous parameters amenable to gradient-based optimization. Other works
focus on mapping from numerical to symbolic program spaces. Cranmer et al. (2020) propose symbolic
regression for extracting explicit symbolic models from learned models by relying on inductive biases matching
to nature of the problem domain. Thurnherr and Riesen (2024); Langosco et al. (2024); Upadhyay et al.
(2025) study the decompilation of Transformer models into symbolic programs by learning meta-decompiler
models. Given such as mapping, the core novelty of GBPR is to explore the numerical program space for
finding patches, using gradient descent.

Learning-based Program Repair. Several works have proposed using machine learning to repair programs
(Long and Rinard, 2016; Vasic et al., 2019; Chen et al., 2019). In particular, LLMs are used to repair
programs both in single-turn (Xia et al., 2023; Jiang et al., 2023) and agentic (Yang et al., 2024; Wang
et al., 2024) setups. Our work is different in that we focus on repairing programs in a numerical space, using
gradient-based optimization in search of the correct program, rather than searching exclusively in the token
space.

8 Conclusion

We introduced Gradient-Based Program Repair (GBPR), casting program repair as continuous optimization.
By compiling symbolic programs to differentiable numerical representations and applying gradient descent to a
correctness loss, GBPR effectively repairs buggy programs. This work pioneers expression program execution
semantics in a continuous, optimizable space, opening new avenues for tackling fundamental programming
problems via numerical optimization.
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A RaspBugs: Benchmark Details

This appendix provides a detailed overview of the RaspBugs benchmark, designed to facilitate research
in gradient-based program repair of Transformer programs. RaspBugs consists of a collection of buggy
RASP (Restricted Access Sequence Processing) programs, their corresponding correct versions, input-output
specifications, and their compiled Transformer model representations.

The benchmark is built upon six base RASP programs, originally presented by Weiss et al. (2021). These
programs cover a set of sequence-processing tasks, ranging from simple operations like sorting and reversing
sequences to more complex tasks such as histogram computation and Dyck language validation. Table 1 lists
these base programs, along with a brief description and illustrative input-output examples for each.

Program Description Example Input Example Output
sort Returns the input tokens sorted in

ascending order.
[1,5,3,4,3] [1,3,3,4,5]

reverse Returns the input sequence in the
reverse order.

[a,b,b,e,d] [d,e,b,b,a]

hist Returns the histogram count for
each token in the input.

[a,b,b,e,d] [1,2,2,1,1]

most-freq Returns the input sorted according
to the token frequency in
descending order. Only the first
occurrence of each token in the
output list is considered.

[2,3,4,3,2,5] [2,3,3,2,4,5]

dyck-1 Returns a sequence of ones if the
sequence is balanced in regards to
open and closed parenthesis,
otherwise returns zeros.

[(,),(,(,)] [0,0,0,0,0]

dyck-2 Returns a sequence of ones if the
sequence is balanced in regards to
open and closed parenthesis and
curly brackets, otherwise returns
zeros.

[{,(,{,},},)] [1,1,1,1,1,1]

Table 1: Base RASP programs from Weiss et al. (2021) used to build RaspBugs. RASP programs handle
lists of tokens as input and output, computing different sequence-processing tasks.

Buggy program variants were systematically generated by applying a suite of 15 mutation operators to
the correct base RASP programs. These operators include both generic mutations, which alter common
programming constructs (e.g., replacing binary operators, modifying numerical constants), and RASP-
specific mutations, tailored to the unique features of the RASP language (e.g., negating selector outputs,
incrementing/decrementing RASP indices). Mutations are applied individually or in combination to create
a rich set of buggy programs with varying levels of semantic deviation from the original correct programs.
Details of these mutation operators, including descriptions, examples, the number of occurrences in the
generated bugs, and their mean and median accuracy impact, are provided in Table 2.
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B Repairing Higher-Order Mutants

Fixing bugs increases in difficulty as the number of buggy locations increases. In RaspBugs, we generate
higher-order mutants by applying multiple mutation operators to the same program. We evaluate the
effectiveness of Gradient-Based Program Repair on such mutants in RaspBugs by analyzing repair accuracy as
a function of mutation order. As shown in Figure 6, Gradient-Based Program Repair consistently repairs both
single and higher-order mutants, with post-repair accuracy distributions remaining unimodal and concentrated
near 100%. This suggests that Gradient-Based Program Repair is robust to increasing bug complexity and
can successfully fix programs even when multiple faults are present.
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Figure 6: Accuracy distribution before (red) and after (green) Gradient-Based Program Repair per mutation
order in RaspBugs. Gradient-Based Program Repair is effective even for higher-order mutants, as shown by
the post-repair distributions clustering near 100% accuracy.
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