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Abstract

We argue that LLM-based coding agents fre-
quently fail to solve problems that lie within
the model’s capacity and the bottleneck is of-
ten the conditioning context rather than the
model itself. We formalize this for the full
class of Turing-computable problems with veri-
fiable specifications and introduce a framework
that recasts coding as optimization over condi-
tioning contexts that influence the generation of
natural-language solution intentions. Guided
by execution feedback, the method searches
this continuous context space to steer a coding
agent toward correct solutions. The method op-
erates as a plug-in layer that can wrap any cod-
ing agent without modifying its architecture or
weights. On SWE-Bench Verified, our method
raises the resolution rate of a weak, quantized
24B open-weight model to parity with frontier
models +25x its size.

1 Introduction

Despite rapid progress in LLM-based code genera-
tion, a persistent gap remains between what models
can solve and what they solve on a given attempt.
Practitioners routinely observe that rephrasing a
prompt, supplying a hint, or describing an algo-
rithmic strategy unlocks solutions the model pre-
viously missed. This suggests that for many prob-
lems the bottleneck is not model capacity but the
conditioning context presented to it.

We make this intuition precise. We show that for
every solvable programming problem there exists
a context under which the language model assigns
positive probability to a correct solution, and argue
that coding difficulty can therefore be reframed as
context optimization'. Searching over raw contexts
is intractable, so we restrict the search to a struc-
tured latent space of intentions, natural-language
descriptions of high-level solution strategies.

'Source code is available at github.com
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Figure 1: Workflow of the intention-guided patch gener-
ation framework. Tabu Search explores a latent intention
space to iteratively refine prompts for a coding agent
until a functionally correct patch.

Our method operates in two phases entirely at
inference time, treating the coding agent as a black
box. A bootstrap phase runs the agent without
guidance and reverse-engineers anchor intentions
from its reasoning traces. A Search phase then
explores the latent intention space, decoding can-
didate strategies, conditioning the agent on them,
and feeding evaluation scores back into the search
loop. No model weights are modified.

We evaluate on SWE-Bench Verified using
Devstral-Small (24B, fp8, 100-step limit). The
intention-guided framework raises the resolution
rate from 45.2% to 70.2%, bringing a quantized
open-weight model to parity with frontier models.
Ablations show that the gains stem from structured
intention exploration rather than repeated sampling:
at equal compute, intention-guided search solves
35% more instances than unguided best-of-V, with
strict containment of the resampling solution set.
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2 Related Work

2.1 Software Engineering Agents

LLM-based software engineering agents au-
tonomously resolve programming tasks by read-
ing repository code, reasoning about the problem,
and producing a patch. SWE-Bench (Jimenez
et al., 2024) established the standard evaluation
framework: given an issue and repository, an agent
must produce a patch passing held-out tests. This
spurred diverse agent designs. SWE-agent (Yang
et al., 2024b) introduced a structured terminal inter-
face bridging LL.M text generation and developer
workflows. Agentless (Xia et al., 2025a) showed
that a fixed three-stage pipeline—localise, repair,
validate—can match more flexible agents. Au-
toCodeRover (Zhang et al., 2024) improved locali-
sation through AST analysis.

Recent systems push resolution rates higher pri-
marily through model scaling and task-specific
training. Kimi-Dev (Yang et al., 2025) reaches
60.4% on SWE-Bench Verified via mid-training
and RL with execution rewards on a 72B backbone.
Live-SWE-agent (Xia et al., 2025b) achieves 77.4%
by pairing frontier models with self-evolving tool
creation. Across these systems, agents follow
largely linear execution trajectories, committing
to a solution approach early and refining through
localised edits.

2.2 Search and Planning for Code Generation

Inference-time search for code generation was pi-
oneered by AlphaCode (Li et al., 2022), which
achieved competition-level performance through
massive sampling and semantic clustering. CodeT
(Chen et al., 2023) extended this by generating
tests alongside code and retaining only mutually
consistent candidates—using test agreement as an
automated quality signal, an idea rooted in search-
based software engineering (Le Goues et al., 2012;
Fraser and Arcuri, 2011).

Tree-structured search allows branching at de-
cision points, subsuming both paradigms. Tree of
Thoughts (Yao et al., 2023) explores multiple con-
tinuations per reasoning step; LATS (Zhou et al.,
2024) adds Monte Carlo rollouts for longer-horizon
evaluation. In software engineering, SWE-Search
(Antoniades et al., 2024) and CodeTree (Li et al.,
2025b) branch over agent actions—which tool to
invoke, which file to edit—but do not reconsider
the high-level solution plan.

2.3 Latent-Space Steering

Alternative research explores searching over contin-
uous vector representations rather than explicit text.
While prompt/prefix-tuning (Lester et al., 2021; Li
and Liang, 2021) and representation engineering
(Zou et al., 2023) effectively steer models, they typ-
ically require gradient or white-box access. OPRO
(Yang et al., 2024a) optimizes prompts via LLM
feedback but remains in discrete space. Recently,
COCONUT (Hao et al., 2025) enabled continuous
latent reasoning, yet its reliance on modified train-
ing and single-turn tasks leaves a gap: whether
black-box search in continuous space can navigate
complex, multi-step repository-level coding.

2.4 Inference-Time Compute Scaling

Rather than training larger models, one can in-
vest more compute at inference time. (Snell
et al., 2024) showed this trade-off can be surpris-
ingly favourable: a well-chosen test-time strat-
egy can match a model 14x larger on moder-
ately difficult problems. The simplest approach—
repeated sampling—yields log-linear coverage
growth (Brown et al., 2024); CodeMonkeys
(Ehrlich et al., 2025) applied this to SWE-Bench,
reaching 57.4%. More sophisticated methods guide
the search: (Li et al., 2025a) showed that mixing
parallel and sequential sampling pushes a 3B model
past GPT-40-mini, while (Ma et al., 2025) achieved
competitive SE performance from a 32B model
with reward-guided search.

3 Method

3.1 Coding as Context Optimization

Let P denote a family of solvable programming
problems, where

P C {f| f is Turing-computable}

Let each problem p € P be specified by a natural-
language description = and a test specification 7,
of input-output pairs. A program y is correct iff
V(i,0) € Tp, y(i) = o. Let pp(y | ¢) denote a
language model generating y conditioned on con-
text c.

We call language model pyg ideal if it assigns
positive probability to every linguistically valid
response. Under this assumption, for every solv-
able problem there exists a context ¢* (e.g., the
problem description concatenated with a correct
solution and an instruction to reproduce it) such
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that pg(y* | ¢*) > 0 for some correct y*. The proof
is immediate: verbatim reproduction of in-context
code is a valid linguistic behaviour.

Since modern LLMs are trained to model lan-
guage over massive and highly diverse corpora,
including code and problem-solution text, we treat
them as practical approximations of this idealized
language model. Under this assumption, coding
can be reframed as search over contexts that maxi-
mize the probability of correctness:

" = arg max Py~pe(~\0)[y € V)],

where )(p) is the set of all correct programs
for p. Since this probability is inaccessible, we
approximate it via single-sample evaluation: draw
y ~ py(- | ¢) and score it against 7, (context with
higher success probability necessarily yields a cor-
rect first sample with higher probability).

3.2 Context Search for Intention Conditioning

Searching directly over programs is difficult. We
therefore introduce an intermediate generation step:
before writing code, the agent first generates a
natural-language intention, i.e. a high-level so-
lution strategy. Our search optimizes this process
indirectly: instead of editing the intention text itself,
we optimize the conditioning signal under which
the intention is generated.

Let Z denote the space of natural-language in-
tentions. For a problem description x, the model
first samples an intention

L Np9( ’ x,c),

where c is an additional conditioning context, and
then generates a program conditioned on the prob-
lem and the sampled intention:

y~po(-|z,0).

Thus, the searched object is not a program and not
the final intention text, but a context that changes
the distribution over intentions.

Prior work on continuous semantic conditioning
(Bystroniski et al., 2026) motivates this formula-
tion: additional context, even when not explicitly
task-specific, can coherently shift the model’s gen-
eration distribution. Searching over raw textual
contexts is intractable, so we search over their con-
tinuous representations. Let

2 € RY

denote a latent conditioning vector. In our imple-
mentation, z is passed through the learned xRAG
projector (Cheng et al., 2024) and injected into the
LLM input-embedding space. This produces an ef-
fective conditioning signal for intention generation.

We denote the resulting induced distribution over
intentions by

3|z, z) =po(L]| @, 2xrAG):

where zyrac is the projected representation in-
jected into the model. The vector z therefore does
not represent the intention directly; it defines the
conditioning signal under which the intention is
sampled.

The objective is to find a conditioning vector that
maximizes expected functional correctness:

2* = arg max EbNd(.‘x7z)Epr9(~|aj,L) [S(yvp)]
2€R4
The score .S is computed by executing the gener-
ated program against the test specification. In our
SWE-Bench setup we use

S(y,p) = rr2p(y,p) + %V’PQP(,%I?),

where rpop is the fraction of failing-to-passing
tests that pass under y, and rpop is the fraction
of passing-to-passing tests that remain green. A
candidate is resolved iff rpop = rpap = 1.

Because the expectation is inaccessible, we esti-
mate each latent point by a single execution.

3.3 Bootstrap and Search

Phase 1: Bootstrap. The agent executes repeat-
edly without intention guidance, producing candi-
dates {y1,...,Ym}. From each candidate and its
reasoning trace, an anchor intention ¢; is extracted
and embedded as z; = ¢(;), initializing the search
region in Z.

Phase 2: Tabu Search (Glover, 1986). At iter-
ation t, a neighborhood operator N (z;) proposes
candidate vectors near z;. Each candidate is de-
coded into an intention, executed by the agent, and
scored. The next state is:

~

S5(2),

2441 = arg  max
+ & 2N (2)\ Tz

where 7; is a tabu set of recently visited intentions
that prevents cycling and encourages exploration
of new strategies.
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4 Experiments

This section presents proof-of-concept experiments
establishing the viability of latent intention search
as an axis of inference-time compute scaling; com-
prehensive comparison across models, benchmarks,
and search hyperparameters is left to future work.

4.1 Setup

We evaluate on SWE-Bench Verified (bash-only
track, dev split, n=500) (Jimenez et al., 2024), a
curated set of real-world GitHub issues from major
Python repositories. All agents interact with the
repository through a minimal ReAct loop (mini-
SWE-agent) with access only to a bash shell. A
patch is correct iff all associated tests pass in a
containerized environment.

The base model py is Devstral-Small-2507
(24B), served via vVLLM with fp8 quantization and
a 64k-token context window at temperature 7=0.
The CSC module (¢, d) runs separately at 4-bit
precision. The bootstrap phase executes the un-
guided agent with up to M =100 steps per attempt
3 times; the Tabu Search phase proceeds for up to
R=>50 rounds with the same per-round step budget.
The neighborhood operator uses local perturbation
scale 15c21=300 and kick scale oy =1,000. The
tabu tenure is 745, =50, with stagnation threshold
s=>5 and kick probability py;.=0.25.

4.2 Baselines

We compare against two categories of baselines:

Same-model references. (i) Devstral-Small (of-
ficial): the unquantized model with the stan-
dard 250-step mini-SWE-agent scaffold (53.6%).
(i1) Devstral-Small (degraded): our fp8-quantized,
100-step setup without intention guidance (45.2%),
serving as the direct ablation baseline.

Frontier models. Scores for Gemini 3 Pro,
DeepSeek V3.2 (685B), Claude Sonnet 4.5, and
GPT-5.2 are taken from the official SWE-Bench
leaderboard, all evaluated with the same mini-
SWE-agent scaffold.

4.3 Results

Table 1 presents the main results. The degraded
baseline resolves 45.2% of instances. Our method
raises this to 70.2% (+25.0 pp), entirely through
search-time optimization over Z—without modify-
ing model weights. Of the 274 instances unsolved
after bootstrapping, the search phase recovers 125

Ablation: solve rate vs sampling budget

0 5 10 20 30 40 50

Max. number of attempts (samples) after bootstrap

Figure 2: Resolution rate as a function of the Tabu
Search round budget R.

(45.6% conversion rate). This brings a relatively
old, quantized 24B model above Gemini 3 Pro and
on par with DeepSeek V3.2 (685B), narrowing the
gap to Claude Sonnet 4.5 and GPT-5.2 to within

1-3 pp.
4.4 Ablation: Search Budget

Figure 2 shows how the resolution rate scales with
the number of Tabu Search rounds R. The first 5
rounds yield the steepest gains, lifting the solve
rate from 45.2% to 56.0% (+10.8 pp, 54 additional
instances). Subsequent rounds continue to con-
tribute, though with diminishing returns: rounds
5-20 add a further 9.0 pp (45 instances), while the
final 30 rounds (R = 20 — 50) contribute 5.2 pp
(26 instances).

4.5 Ablation: Intention Search vs. Naive
Resampling

To isolate the effect of intention-guided strategy-
level search from repeated execution, we compare
both methods on a stratified sample of 50 bootstrap-
unsolved instances with an equivalent budget of
R=>50 agent executions per instance. Naive resam-
pling (best-of-N) solves 17/50 (34.0%); intention
search solves 23/50 (46.0%), a 35% relative im-
provement (Table 2). Instance-level analysis re-
veals a strict containment: every instance solved by
resampling is also solved by intention search; the
converse does not hold.

5 Discussion

Latent intention search introduces a new paradigm
for LLM-based problem solving: instead of improv-
ing the model, search over the space of strategies
that condition it. The formal framework makes
no assumptions specific to software engineering,
the context optimization approach holds for any
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Table 1: SWE-Bench Verified (bash-only, dev, n=500). Same-model baselines share our base model; frontier
scores use the standard mini-SWE-agent scaffold from the official leaderboard. No model weights are modified by

our method.
Model Method Params  Res. (%)
Same-model baselines
Devstral-Small mini-SWE-agent (official) 24B 53.6
Devstral-Small mini-SWE-agent (limited) 24B 45.2
Ours
Devstral-Small Intention search + mini-SWE-agent (limited) 24B + 14B 70.2
Frontier models (leaderboard)
Gemini 3 Pro mini-SWE-agent — 69.6
DeepSeek V3.2 mini-SWE-agent 685B 70.0
Claude Sonnet 4.5 mini-SWE-agent — 71.4
GPT-5.2 mini-SWE-agent — 72.8

Table 2: Intention search vs. naive resampling on 50
bootstrap-unsolved instances (R=50 executions each).

Method Resolved (%)
Naive resampling (best-of-V) 34.0
Intention search (ours) 46.0

problem p € P, i.e., for the full class of Turing-
computable functions with verifiable specifications.
Any domain where a candidate solution can be au-
tomatically evaluated—theorem proving, hardware
synthesis, constrained optimization— admits the
same search over a latent strategy space.

The key structural requirement is a scoring func-
tion S(y,p) that provides a signal for the search
loop. In SWE-Bench this is extractable from tests
pass or fail; richer signals such as partial test
scores, proof-checking, or simulation-based eval-
uation could enable more efficient search in other
domains.

Despite the limitations discussed below, the re-
sults are strong: a weak quantized 24B model
reaches parity with frontier models. This suggests
that the paradigm has substantial headroom, and
that systematic improvements to the search method,
agent integration, and cross-domain evaluation may
yield further gains.

Limitations

A notable gap in our evaluation is the absence
of controlled comparison with other search-based
methods. This reflects the novelty of the setting

itself: to our knowledge, no prior work on the SWE-
Bench Verified leaderboard attempts to elevate a
small open-weight model to frontier-level perfor-
mance through inference-time search alone. The
leaderboard entries rely on increasingly capable
base models.

Our evaluation is limited to a single base model
(Devstral-Small, 24B) and one benchmark (SWE-
Bench Verified). While the formal framework ap-
plies to any LLM, we have not yet empirically
verified that the gains transfer to other base models
or model scales. We consider the present results
sufficient to establish the viability of the paradigm;
this paper is an invitation to further—necessarily
costly—experimentation across models and do-
mains.

The comparison with frontier models is asym-
metric: their scores reflect single-pass inference
with a 250-step budget, while our method invests
up to R=50 search rounds per instance. This is by
design—we argue that inference-time search is a
legitimate and underexplored axis of scaling—but a
complete comparison would apply the same frame-
work on top of frontier models, which we leave to
future work due to cost constraints.

A practical challenge of benchmarking in a fast-
moving field is that infrastructure evolves during
experimentation. There is a version mismatch
in the evaluation scaffold: Devstral-Small and
our method were evaluated using mini-SWE-agent
v1.17, while the frontier model scores in Table 1
are from v2.0.0, which was released during the
course of our experiments. The newer version im-
proves baseline scores (e.g., GPT-5.2 scored 69.0%
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under v1.17 vs. 72.8% under v2.0.0). We consider
comparing against frontier models in their stronger
configuration to be the appropriate choice, as it
avoids overstating our relative gains.

Several axes of improvement remain unexplored.
The search algorithm is not yet optimized: the
bootstrap phase was run only 3 times, and the
Tabu Search hyperparameters (0jgcal, Tkicks Ttabus
S, Pkick) Were tuned heuristically with a strong bias
toward exploration over exploitation. Rebalanc-
ing this trade-off, for instance, by annealing the
perturbation scale or reducing the kick probabil-
ity as search progresses could allow the agent to
more thoroughly exploit promising regions of the
intention space and is left to future work. Alterna-
tive metaheuristics such as genetic algorithms or
CMA-ES may navigate the intention space more ef-
fectively. The current architecture treats the coding
agent as a black box: the intention search operates
as an outer loop around the agent’s own ReAct loop,
with no communication between the two. This de-
coupled design was a deliberate choice—it allows
us to evaluate intention search in isolation using
a standardized agent scaffold, ensuring that gains
are attributable to the search over Z rather than
to architectural modifications. However, tighter
integration—e.g., feeding intermediate agent sig-
nals back into the intention search, or conditioning
individual agent steps on sub-intentions—could im-
prove both efficiency and effectiveness. This work
is a proof of concept for latent intention search;
systematic investigation of the search method, its
hyperparameters, and agent integration is left to
future work.

The Tabu Search phase requires repeated full
agent executions, making it substantially more ex-
pensive than single-pass inference. Each search
round launches the complete ReAct loop (up to
100 steps of repository interaction), and the cost
scales linearly with the round budget R. We ob-
serve diminishing returns beyond R ~ 20 rounds
(Figure 2), suggesting that adaptive termination
could reduce cost, but we have not yet explored
this. A promising direction is to replace full agent
executions with lightweight rollouts from a code
world model (FAIR CodeGen team et al., 2025),
simulating the outcome of a coding strategy with-
out actually running it, potentially reducing the cost
per search iteration by orders of magnitude.

Finally, the CSC module (¢, §) introduces an
additional dependency: the quality of the latent
space determines the expressiveness of the search.

A poorly structured intention space could limit
the framework’s ability to discover novel strate-
gies beyond those seen during bootstrapping. The
module also adds 14B parameters (encoder and
decoder combined), which, while frozen during
search, increase the total inference-time memory
footprint beyond the 24B base model alone. These
constraints are not inherent to the paradigm—a
lighter-weight projector or a differently trained la-
tent space could reduce both the memory overhead
and the dependency on CSC'’s specific inductive
biases.
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A Case Study

To illustrate the behavior of intention search,
we analyze a concrete instance from SWE-Bench
Verified: sympy__sympy-208@1. The underly-
ing bug arises from an inconsistency in SymPy’s
comparison semantics between symbolic booleans
and numeric values. In particular, the expression

S(0.0) == S.false

incorrectly evaluates to False. The objective
of the search is therefore to identify a modifica-
tion that reconciles this semantic mismatch while
preserving the behavior of the existing test suite.

Table 3 shows the full trajectory of the intention
search. Each round proposes a high-level repair
hypothesis (“intention”) that the coding agent at-
tempts to implement. The score reflects the balance
between fail-to-pass and pass-to-pass test ratios.
Scores greater than 1.0 indicate that the generated
patch resolves the failing tests without introducing
regressions.

Over the course of 24 rounds, the search ex-
plores a wide variety of repair hypotheses before
converging on a resolving intention at round 23. Al-
though the trajectory appears diverse at the surface
level, many intentions correspond to variations of a
smaller number of repair strategy families. These
include:

* Representation redefinition, which alters the
internal representation of objects (e.g., redefin-
ing S.false as a numeric zero).

* Equality semantic modification, which
changes the behavior of equality itself (e.g.,
overriding __eq__ or adjusting comparison
logic).

* Canonicalization before comparison, where
both operands are mapped into a shared repre-
sentation prior to equality testing.

¢ Alternative API strategies, which introduce
new operators or interfaces for equivalence
(e.g., adedicated .equiv() method).

* Type-system restructuring, which attempts
to resolve the issue through class hierarchy
changes.

* Numeric tolerance heuristics, which treat
the mismatch as a floating-point comparison
problem.

* Prohibition strategies, which reject the com-
parison as ill-defined.

* Specification reinterpretation, which modi-
fies the comparison target or expected seman-
tics rather than the underlying mechanism.

Table 4 summarizes the strategy families encoun-
tered during the trajectory.
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Table 3: Intention search trajectory for sympy__sympy-208@1. Each round proposes a high-level repair hypothesis

that the coding agent attempts to implement.

Round Res. Strategy Family Representative Intention
0 Representation redefinition Redefine S. false as a numeric zero repre-
sentation.
1 Spec reinterpretation Replace comparison target with canonical
S.Zero.
2 Alternative API Introduce a new equality operator avoiding
mixed-type comparison.
3 Spec reinterpretation Replace values with explicit
S.True/S.False.
4 Prohibition strategy Reject the comparison as undefined.
5 Type-system reasoning Resolve inconsistency through class hierar-
chy semantics.
6 Equality modification Change comparison logic so the expression
evaluates to True.
7 Equality modification Treat numeric zero and symbolic false as
equivalent in equality.
8 Numeric heuristic Use tolerance-based numeric comparison.
9 Alternative API Introduce a dedicated .equiv() method.
10 Equality modification Implement boolean equivalence semantics.
11 Equality modification Apply mathematical logic equivalence be-
tween zero and false.

12 Type-system restructuring  Introduce a new BooleanType class.

13 Equality modification Define asymmetric equality semantics.

14 Type-system restructuring  Enforce uniform boolean comparison rules.

15 Equality modification Treat symbolic false as numeric zero during
equality checks.

16 Canonicalization Introduce helper conversion for numeric
equivalence.

17 Equality modification Override equality operator implementation.

18 Representation redefinition Redefine the internal representation of
False.

19 Representation redefinition Reassign S. false to a numeric symbol.

20 Numeric heuristic Use isclose() for floating-point compari-
son.

21 Numeric heuristic Combine tolerance comparison with equal-
ity override.

22 Canonicalization Convert symbolic values to numeric equiv-
alents before comparison.

23 v Canonicalization Map symbolic booleans and numeric val-

ues to floats before equality testing.
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Table 4: Generalized repair strategy families explored during the intention search for sympy-20801. Although the
trajectory contains 24 rounds, these correspond to a smaller set of reusable repair hypotheses about how the bug
should be fixed.

# Strategy Family Rounds Best Score
1 Representation redefinition (modify internal 0,18,19 0.017
representation of objects)
2 Spec reinterpretation / target substitution 1,3 0.017
3 Alternative API or operator introduction 2,9 0.017
4 Prohibition strategy (reject comparison as ill- 4 0.017
defined)
5  Type-system restructuring 5,12,14 0.017
6  Equality semantic modification 6,7,10,11,13,15,17 0.017
7  Numeric tolerance heuristics 8,20,21 0.017
8  Canonicalization before comparison 16,22 0.016
9 Canonicalization via float conversion (win- 23 1.017
ner)
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