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Abstract

Test-time scaling improves software engineering agents by generating multiple
candidate trajectories per task, but selecting among them can incur a token cost
comparable to that of candidate generation. In hybrid verification workflows, this
execution-free (EF) verifier forms the first stage and is itself a major source of
inference token cost. We introduce LatentGate, a token-free, execution-free fil-
ter that replaces this stage by reusing hidden states the policy already produces
during generation. LatentGate represents each trajectory through three channels:
chain-of-thought reasoning, environment observations, and function calls carry-
ing concrete tool use and code edits. A contrastive branch compares each channel
with banks of successful and unsuccessful experience and fuses the channels by
within-candidate minimum rank, so a candidate scores highly only when every
channel supports it. A lightweight linear scorer trained on the same policy states
supplies a complementary signal, and the two are combined as equal-weight ranks.
LatentGate involves no token cost or test execution to select the top candidates,
and the following execution-based stages and the final language-model verifier
only operate on half the candidate pool, which reduces the token cost of the entire
verification workflow significantly. On SWE-bench Verified at K = 16, Latent-
Gate reduces EF-verifier token cost by 78–79% across DeepSWE-Preview and
R2EGym-32B and total verification tokens, including test generation, by 49–62%,
while matching or slightly exceeding the original workflow.

1 Introduction

Efforts to improve LLM reasoning in academia and industry follow two broad directions: training
more capable models to solve harder problems, and allocating more computation to each problem
at inference time. Training can strengthen the model’s reasoning ability before deployment [12].
The latter approach, known as test-time scaling, seeks better answers by allowing longer reason-
ing, generating multiple candidates, or searching with verifier feedback [2, 30, 39, 44, 45]. Rather
than relying on a single attempt, these methods spend additional inference compute exploring and
selecting solutions of the problem.

For software engineering (SWE) tasks, recent open agents use a hybrid verification workflow to se-
lect among generated trajectories [15, 26]. Figure 1 shows its four stages: an execution-free (EF)
verifier scores all candidates and retains half; instance-supplied tests provide regression signals;
LLM-generated tests provide additional execution signals; and the EF scores derived from Stage 1
Preprint. Under review.
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Figure 1: Original and token-free hybrid verification pipelines. Both systems select from the same pool
of K generated candidate trajectories. The gray dashed boxes delimit inference-time verification, where our
method reduces token consumption. In Stage 1, the original pipeline runs an LLM-based execution-free (EF)
verifier, whereas ours uses the token-free EF verifier; each retains the top half of the candidates. Stage 2
executes the test cases supplied with each instance to obtain regression signals. Stage 3 uses an LLM-based
execution-based (EB) verifier to generate and run additional test cases, yielding test-generation signals. In
Stage 4, the original pipeline reuses its Stage 1 EF scores to select the final candidate, while ours applies
the LLM-based EF verifier only to the remaining candidates. At K = 16 on DeepSWE-Preview, candidate
generation costs about 850K tokens per issue. The original cascade then spends about 850K tokens in the
Stage-1 LLM verifier and 200K in test generation, about 1050K in total, whereas ours spends no LLM tokens
in Stage 1, the same 200K in test generation, and about 180K in the final LLM verifier, about 380K in total.

determine the final choice among survivors. The Stage 1 EF verifier is typically a separately fine-
tuned LLM that reads the trajectories produced by the policy [38]. Execution-free does not mean
token-free: each candidate is processed by the verifier model again, adding verifier input and output
tokens. This cost is particularly high on SWE tasks, where a trajectory commonly contains tens
of thousands of tokens from reasoning, repository exploration, tool feedback, and code edits. Re-
processing such trajectories adds substantial token consumption to already expensive long-context
inference [18, 20, 48]. For a recent open policy such as DeepSWE-Preview with K = 16 candi-
dates, Stage 1 alone consumes approximately 850K tokens per task instance and the full verification
workflow approximately 1,050K, exceeding the approximately 850K tokens used to generate the
candidates. Candidate verification can thus rival generation as a source of inference-time token cost.

We introduce a token-efficient verification method called LatentGate. It filters candidate trajec-
tories using hidden states collected during the generating process, introducing no additional LLM
token cost and requiring no test execution. We represent each trajectory through three channels:
reasoning, environment observations, and function calls. For each channel, we compare candidate
states with positive and negative banks collected during policy training, aggregate the step-level dis-
tance margins, and rank candidates for the task instance. We take the minimum of the three channel
ranks as the distance score, so a candidate scores highly only if it ranks highly in every channel.
We also train a linear scorer on policy hidden states to assign each candidate a learned trajectory
score. We rank these scores within each task instance, normalize the ranks, and average them with
the candidates’ distance-based scores to obtain the final gate scores. This learned signal forms part
of the latent gate rather than a separate downstream verification stage. We use LatentGate to replace
the highly token-costing Stage 1 of the hybrid workflow, retaining half the candidates so execution-
based stages and the final LLM verifier operate on a smaller pool, significantly reducing the token
cost of the verification workflow.

Our main contributions focus on:

• We introduce LatentGate, a token-free, execution-free filtering mechanism for long-horizon
software engineering agents, and integrate it into an inference-time hybrid verification
workflow.

• We design a three-channel trajectory representation that separately pools reasoning, ob-
servation, and function-call states already computed by the generating policy. We then
develop a trajectory scoring method, which combines contrastive distances to successful
and unsuccessful experience across the three channels through minimum-rank fusion, then
integrates a learned trajectory score to rank candidates within each issue.

• We evaluate LatentGate across multiple software engineering agents and policies on SWE-
bench Verified, demonstrating substantial verification-token savings while maintaining
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competitive selection quality. On DeepSWE-Preview, it reduces total verification tokens
by 62.1% while improving hybrid Best@16.

2 Related Work

Test-time scaling and agent search. Test-time compute can be spent on repeated sampling, adap-
tive stopping, parallel probing, search, and verifier-guided selection [2, 24, 39, 44, 45, 56]; on
learned allocation and multi-agent pipelines [29, 42, 57, 59]; or on interaction, revision, and search,
as in ReAct, Reflexion, Tree of Thoughts, and language-agent tree search [37, 51, 52, 58]. For
SWE-bench, CodeMonkeys separates candidate coverage from selection and pays for selection with
generated tests and a model-based selector [9]. We study the marginal cost of that selection when
the policy already produces long trajectories.

Software agents and patch verification. SWE-bench evaluates generated patches against repos-
itory tests [16], and existing systems combine tool-using agents, search, execution signals, and
learned execution-free verifiers [3, 15, 38, 47, 50]. SWE-Gym trains agents and verifiers on exe-
cutable environments and reports Best@K under verifier-guided scaling [32], the recipe inherited
by the hybrid cascades we build on, whereas SWE-Search spends verifier tokens on LLM value
estimates at every search node [3]. Process supervision, code-agent reward models, and execution-
free patch reasoning further strengthen candidate assessment [8, 14, 49]; we target the token cost of
applying such assessment at inference time.

Verifiers and process rewards. Outcome verifiers and process supervision were developed for
mathematical reasoning [7, 25, 27, 41, 43] and extended to Q-value ranking, practical process-
reward design, and step-wise promise or progress for agents [6, 23, 46, 54]. Preference optimization
offers a related route to comparative judgments [36], and RewardBench, reward-overoptimization
scaling laws, and LLM-as-a-judge studies document the robustness limits of learned evaluators [10,
21, 55]. Our verifier pairs a non-parametric distance judgment with a lightweight learned score, both
computed from cached policy states.

Signals in internal representations. Activations encode truth, confidence, hallucination, and rea-
soning correctness [4, 5, 11, 17, 19, 22, 28, 31, 53], and distance to expert representations can steer
visuomotor policies toward familiar behavior [40]. We turn such evidence into candidate selec-
tion for long-horizon language agents: success and failure banks built during policy training supply
outcome-sensitive experience, the three-channel decomposition preserves the structure of agent in-
teraction, and online state collection avoids replaying a trajectory through another language model.

3 Method

3.1 Problem Setup

For each task instance xm, a fixed policy generates K trajectories τm,1, . . . , τm,K , each ending
in a patch whose outcome ym,i ∈ {0, 1} is determined by the evaluation protocol. A selector
s scores the candidates and returns i⋆m = argmaxi≤K s(xm, τm,i); outcome labels and hidden
evaluation tests are unavailable to it, and instance-supplied tests are used only by execution-based
stages. Over M task instances we compare the selected resolution rate 1

M

∑︁
m ym,i⋆m

with the oracle
rate 1

M

∑︁
m maxi ym,i of the same pools; their gap counts successful candidates the selector missed.

Our constraint is the incremental language-model tokens spent after generation, V (s) = Nin+Nout,
which for a full-trajectory LLM verifier scales with the combined length of the candidates. A selector
is token-free when V (s) = 0: it may reuse hidden states from the policy’s ordinary forward passes
but never replays a trajectory through another language model. It is execution-free when it launches
no environment interaction or repository tests.

3.2 Overview

Figure 2 summarizes LatentGate. Outcome-labeled trajectories from policy training populate a pos-
itive and a negative bank of reasoning, observation, and function-call states. At inference, the same
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states are collected from each candidate as it is generated, compared with the banks channel by
channel, and reduced to a within-instance distance rank; a linear scorer trained on the same states
supplies a second rank. LatentGate selects the top half of the pool without any additional LLM
pass or test execution. The upper-right panel previews the resulting cost at K = 16 on DeepSWE-
Preview: verification tokens fall from about 1035K to 392K per task instance (62.1%), including
test generation.

LatentGate Verification Pipeline:

Positive Banks

Negative Banks

During policy training process, we do three-
channel state extraction: 
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Figure 2: LatentGate verification design. Left: Reasoning, observation, and function states from outcome-
labeled training trajectories form positive and negative banks. Inference reuses candidate states from ordinary
policy forward passes, and Stage 1 averages the distance score with the linear scorer’s within-instance rank to
retain the top half of candidates. Lower right: Distance scoring: (1) retrieve the nearest positive and negative
states and compute mc

t = dcneg−dcpos; (2) aggregate by step-weighted mean; (3) rank within each task instance
and channel; (4) take the minimum channel rank. Upper right: Average verification tokens per task instance
for the original and token-free cascades at K = 16 (Section 4.2.1).

3.3 Three-channel state extraction

We segment each trajectory at function-call boundaries, which remain explicit even without reason-
ing tags, into three span types: reasoning (CoT), assistant text outside function calls; observation
(Obs), environment responses such as retrieved code, command output, and test results; and func-
tion (Fn), tool names and arguments, including code edits. Let h(L)

i,p ∈ Rd denote the final-layer
hidden state at token position p while the policy processes trajectory τi. At step t we mean-pool the
states of each channel c:

zci,t =
1

|Sc
i,t|

∑︂
p∈Sc

i,t

h
(L)
i,p , c ∈ {cot, obs, fn}, (1)

where Sc
i,t is the span’s token positions; the task description and structural delimiters belong to no

channel. Pooling over whole spans keeps signals spread across long reasoning and code sequences.
Bank and candidate states come from the same policy and are read from its ordinary forward passes,
so extraction adds no model pass.

3.4 Positive and negative trajectory banks

From policy-training rollouts with executable outcome labels we form

D = {(xj , τj , {zcj,t}c,t, yj)}Nj=1, c ∈ {cot, obs, fn}, (2)

where yj ∈ {0, 1} records whether the final patch resolves the task instance, and split D by outcome
into a positive bank Bpos and a negative bank Bneg. Each entry keeps all three channel sequences as
fields of one trajectory record. Bank and evaluation repositories are disjoint, so the judgment must
transfer beyond repository-specific content.

3.5 Distance scoring and latent filtering

For a candidate state zci,t we retrieve its nearest positive and negative bank states in the same channel,
writing Zc(B) for the channel-c states of bank B:

dcpos(z) = min
u∈Zc(Bpos)

∥z − u∥2, dcneg(z) = min
u∈Zc(Bneg)

∥z − u∥2. (3)
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The signed margin is aggregated over steps with position weights,

mc
i,t = dcneg(z

c
i,t)− dcpos(z

c
i,t), qci =

∑︁Ti−1
t=0 tmc

i,t∑︁Ti−1
t=0 t

, (4)

so that later steps, taken after environment feedback, count more; a positive value indicates proxim-
ity to successful rather than unsuccessful experience. We convert qci to a normalized within-instance
rank rci ∈ [0, 1], higher being better, and take

sdist(τi) = min
c∈{cot,obs,fn}

rci , (5)

so a candidate scores highly only if every channel ranks it highly. Appendix A.3 gives the rationale
and cost accounting, and Section 4.3 ablates channel subsets, one-sided distances, and uniform step
weights.

3.6 Linear scorer and signal fusion

A lightweight linear scorer inspired by SWIFT [13] complements the distance judgment. Trained
on the same outcome-labeled trajectories, it reads pooled reasoning and function states from all
transformer layers, excluding observations; a shared linear head maps each span to a gate logit and
a local reward, and their gated average is the trajectory score, trained with binary cross-entropy
against the outcome (Appendix A.5). At inference it reads only cached candidate states. Its score is
converted to a within-instance rank ri,lin ∈ [0, 1] and fused with fixed equal weights,

s(τi) = 0.5 sdist(τi) + 0.5 ri,lin, (6)

and the max(3, ⌊K/2⌋) highest-scoring candidates, the top half at K = 16, proceed to the
execution-based stages and the final EF verifier. We use this fixed fusion in all main comparisons
and ablations.

4 Experiments

4.1 Experimental setup

Task. We evaluate on the 500 human-validated GitHub issues in SWE-bench Verified [16]. Each
trajectory terminates in a repository patch, whose correctness is determined by the official resolution
evaluation. All selection methods are evaluated on the same candidate pools within each configura-
tion, so performance differences reflect candidate selection rather than generation.

Policies, agents, and candidate pools. We study both cross-agent and cross-policy generalization.
The cross-agent setting includes DeepSWE-Preview with DeepSWE Agent and R2EGym-32B with
R2EGym Agent, the agentic scaffold released with that model. DeepSWE Agent denotes the official
DeepSWE-Preview scaffold, comprising its prompt template, tool protocol, and agent configuration,
and R2EGym Agent denotes the official R2E-Gym scaffold.1 Both are implemented in the R2E-
Gym framework and share its editing interface, but they are distinct agent configurations. The
cross-policy setting fixes R2EGym Agent and compares R2EGym-32B and R2EGym-14B [15].

DeepSWE-Preview is RL-trained from Qwen3-32B [26], and R2EGym-32B is fine-tuned from
Qwen2.5-Coder-32B-Instruct [15]. For each policy–agent configuration, a complete candidate pool
contains 16 independently generated trajectories for each of the 500 task instances, totaling 8,000
trajectories. Verifier comparisons reuse the same pool, whereas changing the agent scaffold requires
regenerating trajectories and the corresponding execution signals.

The trajectory banks are collected during policy training, following the DeepSWE-Preview training
procedure [26]: for DeepSWE-Preview, we collected 1,383 successful and 1,383 unsuccessful tra-
jectories from its training rollouts, on repositories disjoint from the evaluation repositories, and we
apply the same procedure to every other policy, so each policy has a bank and a linear scorer in its
own representation space. Evaluation outcomes are never used to construct either scoring signal.

1Official DeepSWE reproduction guide.
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For each task instance and each K, we take 200 random draws of K candidates from the pool of 16
and report the mean Best@K over the draws. Candidate generation and the execution-based signals
are not re-run. At K = 16 a draw is a random ordering of the whole pool, so the repetitions then
differ only in how ties among equally scored candidates are broken; the EF baselines rank candidates
by continuous stored probabilities and are therefore unaffected by tie-breaking.

Verifiers and controlled comparisons. At Stage 1, we compare DeepSWE-Verifier [1],
R2EGym-Verifier [35], DEV matching-pairs [33], AgentPRM [46], and our LatentGate verifier.
Each method retains max(3, ⌊K/2⌋) candidates, the top half at K = 16. Stages 2 and 3 use iden-
tical regression-test and generated-test signals within each configuration, with R2E-TestgenAgent
providing test generation [34].

We use two controlled evaluation settings. In both, each EF baseline uses its own verifier in Stages 1
and 4, reusing its Stage 1 scores for final selection, whereas ours uses LatentGate in Stage 1 and
the policy-associated EF verifier in Stage 4. The cross-agent experiment varies the policy and agent
scaffold; the cross-policy experiment fixes R2EGym Agent and varies the policy size. Detailed
checkpoint identities and implementation choices are provided in Appendix A.4.

Metrics. Our primary quality metric is Best@K, the percentage of task instances solved by the
candidate selected from a pool of size K; hybrid Best@K is this rate after the complete four-
stage cascade. Oracle Pass@K reports the corresponding candidate-generation ceiling. We measure
verification cost after candidate generation, reporting EF-verifier tokens and total verification tokens
including test generation; all token counts are measured from the calls actually made, EF scores are
reused when available, and only calls actually executed count toward inference cost.

4.2 Main results

We evaluate hybrid verification across agent configurations and policy sizes. The cross-agent exper-
iment compares four released EF verifiers with LatentGate, each baseline serving in both EF stages
and ours paired with the policy-associated final verifier; the cross-policy experiment compares each
policy’s own verifier with LatentGate under a fixed scaffold.

4.2.1 Cross-agent comparison

We compare DeepSWE-Preview with DeepSWE Agent, and R2EGym-32B with R2EGym Agent;
the first two share the R2E-Gym editing interface but are distinct policy–agent configurations.

Table 1: Cross-agent hybrid results on SWE-bench Verified at K = 16. Best@16 is the resolution
rate (%); EF and Total are EF-verifier and total verification tokens per task instance, in thousands.
Dashes mark results not yet available.

DeepSWE Agent R2EGym Agent
Stage 1 verifier Best@16 EF Total Best@16 EF Total
DeepSWE-Verifier 59.26 826.7 1035.1 49.70 367.4 599.4
R2EGym-Verifier 57.95 774.1 982.0 46.56 366.2 599.6
DEV matching-pairs 58.75 826.7 1037.6 48.38 367.4 599.4
AgentPRM 59.76 810.9 1022.8 46.56 358.3 586.8
Ours 60.06 181.0 391.9 47.73 76.0 304.9

Table 1 reports hybrid Best@16 and verification cost for the five Stage-1 verifiers under the protocol
of Section 4.1. On the DeepSWE pool no released verifier exceeds LatentGate (60.06%). On the
R2EGym-32B pool, DeepSWE-Verifier reaches 49.70% and DEV matching-pairs 48.38%, above
LatentGate’s 47.73%, whereas AgentPRM never improves on the policy’s own verifier (Table 7); this
order follows the verifiers’ within-instance discrimination reported in Section 4.2.3. Each released
verifier scores all 16 candidates and costs 358–367K EF tokens per task instance against 76.0K for
LatentGate, so a stronger LLM verifier buys about two points on this pool at roughly 4.8× the EF
tokens and twice the total verification cost.

Figure 3 tracks both quantities as the candidate budget grows, with the pool oracle as the generation
ceiling. On DeepSWE-Preview, ours and the original hybrid stay within half a point of each other up
to K = 8 and ours is ahead from K = 12 on; on R2EGym-32B the original cascade is marginally
ahead for K between 4 and 12, the curves cross near K = 14, and LatentGate leads only at the
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Figure 3: Verification cost and selection quality as the candidate budget grows. Bars: verification tokens
per task instance, including test generation (left axis); curves: Best@K and Oracle Pass@K (right axis), with
random selection for reference. The original hybrid uses the policy’s verifier in Stages 1 and 4; ours replaces it
in Stage 1 with LatentGate.

largest budgets. The token saving instead appears as soon as the gate removes candidates (K ≥ 4)
and widens with K, because the original cascade’s verification tokens grow linearly with K while
ours grow slowly.

4.2.2 Cross-policy comparison

We hold R2EGym Agent fixed and compare R2EGym-32B and R2EGym-14B. Each policy supplies
its own candidate pool, its own bank and linear scorer, and its released verifier, R2EGym-Verifier,
which the original cascade uses in Stages 1 and 4 and ours only in Stage 4. This comparison tests
whether the token-free first-stage judgment remains effective across policy sizes without changing
the agent interface.

2 4 8 12 16
# Agent Rollouts (K)

0%

20%

40%

60%

80%

100%

Ve
rif

ic
at

io
n 

to
ke

ns
 s

av
ed

62%

49%

(i) Tokens saved vs. K

DeepSWE-Preview
R2E-Gym-32B
R2E-Gym-14B

total
EF only

0 300K 600K 900K 1,200K
Verification tokens per issue

DeepSWE-Preview  total

DeepSWE-Preview  EF

R2E-Gym-32B  total

R2E-Gym-32B  EF

R2E-Gym-14B  total

R2E-Gym-14B  EF

−62%
1,035K

392K

−78%
827K

181K

−49%
600K

305K

−79%
366K

76K

−49%
575K

291K

−81%
344K

65K

(ii) K = 16: original → ours

Original verifier
Ours

DeepSWE-
Preview

R2E-Gym-
32B

R2E-Gym-
14B

0

300K

600K

900K

1,200K
Ve

rif
ic

at
io

n 
to

ke
ns

 p
er

 is
su

e 1,035K

−62%

392K

600K

−49%

305K

575K

−49%

291K

(iii) K = 16: what the gate removes
Spent with ours
Removed by the gate

Figure 4: Verification tokens saved across policies. (i) Share of verification tokens saved as K grows (solid:
total including test generation; dashed: EF-verifier tokens only). (ii) Tokens per task instance at K = 16 with
each policy’s own verifier and with LatentGate in Stage 1.

Figure 4 reports the verification tokens saved under the same accounting as the cross-agent com-
parison, with the DeepSWE-Preview configuration shown for reference. At K = 16, EF-verifier
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tokens fall from 366K to 76K per task instance on R2EGym-32B (79%) and from 344K to 65K on
R2EGym-14B (81%); total verification tokens, including test generation, fall from 600K to 305K
and from 575K to 291K (49% for both). For the R2EGym policies the saved share is essentially
flat from K ≈ 6 onward (panel i), so the benefit does not depend on a particular candidate budget.
Hybrid Best@16 (Table 2) rises from 46.56% to 47.73% on R2EGym-32B and falls from 43.28% to
42.95% on R2EGym-14B. The 14B decrease is very limited, 0.33 points or 0.8% of the original rate,
and it comes with an 81% reduction in EF-verifier tokens and a 49% reduction in total verification
tokens; Section 4.2.3 traces the small loss to lower Stage 1 retention than the LLM verifier on that
pool.

4.2.3 Gate quality: oracle retention after Stage 1
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Figure 5: Oracle retention after Stage 1. Fraction of task instances that still hold a correct candidate after the
Stage-1 cut, among task instances whose K candidates contain one. The cut keeps max(3, ⌊K/2⌋) candidates,
so K ≤ 3 is omitted and odd K retain proportionally fewer, which produces the sawtooth.

Best@16 after the full cascade credits the Stage 1 gate together with three downstream stages. To
isolate the gate we measure its oracle retention: among task instances whose K candidates contain
a correct patch, the fraction whose retained max(3, ⌊K/2⌋) candidates still contain one, the only
quantity Stage 1 controls directly. Figure 5 plots it against K for the LLM EF verifier, LatentGate,
its two components, and a random gate on the same 200 draws as Figure 3; Table 2 reports K = 16
with Best@16. As a candidate-level complement, Table 6 (Appendix A.7) reports each scorer’s
within-instance AUC against the hidden-test outcomes, used only for this post-hoc analysis: the
LLM verifiers discriminate better within a task instance than the token-free gate on every pool
(0.747–0.810 against 0.622–0.745), the gap that retention shows at small K.

Table 2: Stage-1 gate quality at K = 16 (%). Ret.: oracle retention after the gate, over task instances
whose pool contains a correct candidate; Best@16: resolution rate after the full cascade.

DeepSWE-Preview R2EGym-32B R2EGym-14B
Stage-1 gate Ret. Best@16 Ret. Best@16 Ret. Best@16
LLM EF verifier 97.44 59.26 93.44 46.56 96.01 43.28
LatentGate (ours) 97.72 60.06 92.13 47.73 94.93 42.95
Random gate 93.19 55.98 88.90 45.48 89.94 40.98

Two observations follow. First, LatentGate retains far more than a random gate at every K: at
K = 16 it keeps a correct candidate on 92–98% of solvable task instances across the three pools,
against 89–93% for the random gate, without reading a token. Second, it matches the LLM verifier
on DeepSWE-Preview (97.72% vs. 97.44%) and trails it by 1.1–1.3 points on the two R2EGym
pools; on R2EGym-32B this gap does not surface in Best@16, which is higher with LatentGate
(47.73% vs. 46.56%), because the execution stages and the Stage-4 EF make the final choice over
the retained set. The dashed curves show that neither component alone is stronger than the fused
gate on every pool, which is why we keep the equal-weight fusion.
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4.3 Ablation study

We ablate three design choices of the distance branch at K = 16, with the policy, scaffold, banks,
execution signals, linear scorer, and Stage 4 verifier fixed within each configuration: channel selec-
tion, distance construction, and temporal weighting. Channel subsets take the minimum rank over
the selected channels and are fused with the linear scorer as in the full method. Tables 3–5 report
hybrid Best@16; the last two also report Stage-1 retention.

4.3.1 Channel selection

Restricting the distance branch to single channels or pairs, with the learned signal and downstream
stages fixed, lowers Best@16 in every case (Table 3). The best pair, observation + function, comes
closest (59.86% and 47.10% against 60.06% and 47.73%), single channels lose more, and their
relative value differs by agent: the function channel alone is comparatively strong on R2EGym
Agent. The three channels therefore carry complementary information even when the learned linear
signal is available.

Table 3: Channel selection ablation of LatentGate at K = 16: hybrid Best@16 (%) with the distance
branch restricted to subsets of the reasoning (R), observation (O), and function (F) channels.

Distance channels R+O+F R+O R+F O+F R O F
DeepSWE Agent 60.06 59.26 59.66 59.86 59.46 59.26 59.46
R2EGym Agent 47.73 46.60 46.90 47.10 46.71 46.46 47.25

4.3.2 Distance construction

The full method uses the contrastive margin mc
i,t = dcneg − dcpos of Equation 4. We compare it

with the one-sided distances dcpos (proximity to successful trajectories, smaller is better) and dcneg
(separation from unsuccessful trajectories, larger is better), everything else unchanged.

The margin is best on both agents (Table 4), and the two sides contribute asymmetrically in the
same direction: dcneg alone loses 0.20 and 0.43 points, dcpos alone 2.01 and 3.57, so separation
from unsuccessful experience carries most of the signal. The asymmetry is larger before fusion,
where the one-sided variants lose 1.37 and 5.03 points on DeepSWE Agent and 0.02 and 3.17 on
R2EGym Agent, so the learned scorer recovers part of what a one-sided distance drops. Stage-1
retention orders the three constructions the same way, so the margin also hands the execution stages
a retained half that holds a correct candidate more often.
Table 4: Distance construction ablation at K =
16 (%).

Distance score Best@16 Ret.
DeepSWE Agent
dcneg − dcpos 60.06 97.72
dcpos 58.05 97.30
dcneg 59.86 97.44
R2EGym Agent
dcneg − dcpos 47.73 92.13
dcpos 44.16 89.31
dcneg 47.30 91.48

Table 5: Step-weighting ablation at K = 16
(%).

Aggregation Best@16 Ret.
DeepSWE Agent
Step-weighted mean 60.06 97.72
Uniform step mean 59.66 97.44
R2EGym Agent
Step-weighted mean 47.73 92.13
Uniform step mean 46.36 90.16

4.3.3 Step weighting

Finally, we replace the step-weighted aggregation of the per-step margins with the uniform mean
qci,uniform = 1

Ti

∑︁Ti−1
t=0 mc

i,t, everything else unchanged. The uniform mean is worse on both agents:
Best@16 falls by 0.40 and 1.37 points and Stage-1 retention by 0.28 and 1.97 points (Table 5), at
every candidate budget and whether the distance branch is fused with the learned scorer or used
alone (−0.50 and −1.32). States reached after execution feedback are more informative than the
trajectory average.
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4.4 Limitations

Our method requires access to internal activations and therefore may not directly apply when the
policy is available only through a hosted API. The learned scorer may also depend on the policy
checkpoint and agent scaffold on which it was trained. Execution-derived labels reflect the available
test suite and can fail to capture defects that are not exercised by those tests.

Representation quality may additionally degrade for long trajectories because pooled features can
dilute localized signals, while a learned scorer may exploit superficial correlates such as trajectory
length or tool-usage patterns. Distribution shift across repositories, task types, agent scaffolds, or
policy checkpoints may therefore reduce selection quality even when the scorer achieves high in-
domain accuracy. Finally, the proposed selection procedure can only rank candidates that are present
in the generated pool and cannot recover a correct patch if no such candidate was produced.

5 Conclusion

We presented a framework for token-free verification of software engineering agents using rea-
soning, observation, and function-call channels. Contrastive success/failure judgments and within-
instance aggregation turn these signals into a candidate score without replaying the trajectory
through another language model. Across DeepSWE-Preview and R2EGym-32B, LatentGate re-
duces EF-verifier tokens by 78.1% and 79.2% at K = 16 while improving hybrid Best@16 from
59.26% to 60.06% and from 46.56% to 47.73%. Integrated into the complete hybrid cascade, it
reduces total verification cost by 62.1% and 49.1%, respectively. The consistency of the EF-token
savings across policies with different trajectory lengths supports structured policy-state reuse as a
practical replacement for first-stage LLM verification.
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A Implementation and Reporting Details

A.1 Judgment bank

Record task-instance and repository identifiers, collection dates, policy and expert checkpoints, sam-
pling settings, outcome definitions, unsuccessful environment runs, deduplication, and split rules.
Define whether the reported trajectory length counts unique transcript tokens or repeated inputs
across policy calls.

A.2 State extraction

Record the final-layer extraction point, exact token positions, treatment of tool outputs, extraction
timing, pooling, and feature precision for the main distance-based method.

A.3 Distance aggregation, selection, and cost accounting

Contrastive distance. The margin in Equation 4 compares a query state with successful and un-
successful experience. A positive value means the nearest successful state is closer. A one-sided
distance supplies only proximity to one outcome; contrasting both outcomes provides relative evi-
dence. The channel-specific retrieval uses fields from the same two trajectory banks, not separately
constructed channel banks.

Temporal and channel aggregation. Step-position weights emphasize evidence later in the inter-
action, after the agent has received environment feedback and revised its solution. The unweighted
variant is evaluated in Section 4.3. Channel scores can have different scales and distributions, so raw
addition can favor a channel because of its magnitude. Within-instance ranks compare candidates
on a common scale without requiring calibrated success probabilities. Minimum-rank fusion limits
the distance score whenever any channel ranks a candidate poorly; it does not impose a separate
rejection threshold. For example, ranks of 0.67, 1.00, and 0.33 produce sdist = 0.33. The learned
signal is incorporated afterwards through Equation 6.

Candidate selection. As a standalone selector, LatentGate returns the patch with the highest fused
score. In the hybrid, it retains half the pool before execution-based filtering and final LLM verifi-
cation. Candidate features are collected during policy inference, whereas outcome-labeled bank
features are collected during policy training. No trajectory is replayed through an additional LLM
to compute the latent gate.

Cost accounting. The gate’s computation comprises state extraction, pooling, retrieval, and scor-
ing:

Cselect = Cextract + Cpool + Cscore. (7)
Token-free refers to additional LLM input and output tokens, not zero computation. A text verifier
that rereads K trajectories of average length n̄ processes approximately Kn̄ input tokens before
prompt overhead. This is a token-count example, not a latency or FLOP estimate. Token account-
ing distinguishes EF calls from test-generation costs, records cached-input treatment, and excludes
candidate generation. Systems reporting should separately measure state-collection overhead, re-
trieval/scoring time, peak memory, and policy throughput. Bank construction and scorer training are
offline costs.

A.4 EF verifier configurations

The policy-associated official checkpoints are agentica-org/DeepSWE-Verifier, a Qwen3-14B
LoRA adapter, and R2E-Gym/R2EGym-Verifier, a Qwen2.5-Coder-14B-Instruct LoRA adapter.
Both released adapter configurations specify rank 64 and α = 128 [1, 35]. The official hybrid
aggregation selects by stored EF probabilities after regression and reproduction-test filtering; it does
not load a distinct final-stage verifier.2 In the cross-agent experiment, each EF baseline uses its own
checkpoint in both EF stages; ours uses the policy-associated official checkpoint only in Stage 4.

2Official hybrid aggregation implementation.
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The cross-policy experiment follows the same assignment: each baseline uses its own checkpoint in
both EF stages, and ours uses R2EGym-Verifier in Stage 4 for every R2EGym policy.

DeepSWE-Verifier and DEV matching-pairs are Qwen3-14B LoRA adapters with rank 64 and α =
128. Their published model cards list a learning rate of 10−5, two training epochs, seed 42, and
cosine learning-rate decay with a warmup ratio of 0.05 [1, 33]. The released trainer states record
final global steps of 7,532 and 5,532, respectively. The DEV matching-pairs model card identifies
its training dataset as deepswe-verifier-only-matching-pairs-v1.

A.5 Learned scorer architecture and training

The learned scorer consumes cached, step-pooled hidden states rather than trajectory text. For every
step, we retain the model-authored reasoning and function spans and exclude environment observa-
tions, matching SWIFT’s assistant-only scoring scope. The two span types are interleaved in trajec-
tory order. Let u(ℓ)

i,j ∈ Rd denote pooled span j from layer ℓ. We concatenate the representations
from all L transformer layers without normalization:

ũi,j = [u
(1)
i,j ;u

(2)
i,j ; . . . ;u

(L)
i,j ] ∈ RLd. (8)

A shared linear head produces a gate logit and local reward,

(g̃i,j , vi,j) = Wũi,j + b, W ∈ R2×Ld, b ∈ R2, (9)

and the trajectory logit is their gated average:

qi,lin =

∑︁
j σ(g̃i,j)vi,j

max
(︂∑︁

j σ(g̃i,j), 10
−8

)︂ . (10)

The implementation realizes W as one bias-free d-to-2 projection per layer plus a shared two-
dimensional bias. This is algebraically equivalent to one Ld-to-2 linear layer while avoiding explicit
materialization of the concatenated tensor, and it contains 2Ld+ 2 trainable parameters.

We assign each trajectory the binary target yi = ⊮[rewardi ≥ 0.5] and minimize binary cross-
entropy with qi,lin as the logit. The bank is split into 80% training and 20% validation trajectories
with random seed 0. We optimize with AdamW using a learning rate of 3× 10−6, weight decay of
10−5, gradient accumulation over 16 trajectories, and at most 40 epochs, retaining the checkpoint
with the lowest validation loss. Query trajectories are scored once with the selected checkpoint. For
fusion, these logits are converted to normalized ranks within the candidate set for each task instance
before applying Equation 6.

A.6 R2EGym token accounting

EF-verifier tokens are computed from the prompt length of every verifier call actually made, not
from a global mean. The average EF prompt contains 22.9K tokens over the full R2EGym-32B
candidate pool and 18.9K tokens among the K = 16 candidates that survive to the final verifier; the
corresponding DeepSWE-Preview means are 51.7K and 46.2K tokens. Most of the saving therefore
comes from the smaller number of EF calls, with a smaller contribution from the shorter average
length of the surviving trajectories.

Stage 3 tests are generated for all 500 task instances of every configuration with the open-source
DeepSWE-Preview execution-based verifier, following the official DeepSWE-Preview procedure,
and their token cost is measured from the generation logs: a Stage 3 invocation costs 244.3K tokens
on average. For R2EGym-32B, Stage 3 runs on 95.5% of task instances in the original cascade
and on 93.7% in ours, so the totals decompose as 366.2K+ 0.955× 244.3K ≈ 600K and 76.0K+
0.937×244.3K ≈ 305K tokens per task instance, the 49.1% saving reported in Table 1 and Figure 4;
R2EGym-14B decomposes in the same way with its own invocation rates (575K to 291K).

A.7 Verifier discrimination and smaller candidate budgets

Table 6 gives the within-instance AUC defined in Section 4.2.3 for every Stage-1 scorer on the three
candidate pools. Pooling all candidates of a pool instead of averaging within task instances gives
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0.832, 0.787, 0.803, and 0.770 on DeepSWE-Preview, 0.818, 0.796, 0.800, and 0.649 on R2EGym-
32B, and 0.830, 0.808, 0.800, and 0.641 on R2EGym-14B for DeepSWE-Verifier, R2EGym-Verifier,
DEV matching-pairs, and AgentPRM, the same ordering on the R2EGym pools; the rank-valued
gate has no meaningful pooled AUC, since its scores are relative to one task instance. Table 7
reports the cross-agent hybrid Best@K of Table 1 at K = 4, 8, and 12, the values behind the
smaller-budget statements of Section 4.2.1.

Table 6: Within-instance discrimination of every Stage-1 scorer. Each cell is the AUC of the scorer’s
candidate score against the candidates’ hidden-test outcomes, computed within one task instance and
averaged over the task instances whose rollouts contain both a resolved and an unresolved candidate
(309, 283, and 260 task instances for the three pools). The outcomes are used only for this post-hoc
analysis and never enter candidate selection. A random gate scores 0.500.

Stage-1 scorer DeepSWE-Preview R2EGym-32B R2EGym-14B
DeepSWE-Verifier 0.810 0.773 0.793
R2EGym-Verifier 0.785 0.747 0.773
DEV matching-pairs 0.812 0.765 0.787
AgentPRM 0.788 0.654 0.660
LatentGate (ours) 0.745 0.641 0.622

distance only 0.698 0.598 0.592
linear only 0.758 0.650 0.616

Table 7: Hybrid Best@K (%) of the cross-agent comparison at smaller candidate budgets, under the
protocol of Table 1: each released verifier occupies Stages 1 and 4, and LatentGate prunes at Stage 1
with the policy’s verifier at Stage 4. The K = 16 column repeats the main table.

DeepSWE-Preview R2EGym-32B
Stage-1 verifier K=4 K=8 K=12 K=16 K=4 K=8 K=12 K=16
DeepSWE-Verifier 53.99 57.10 58.43 59.26 42.65 46.11 48.23 49.70
R2EGym-Verifier 53.67 56.38 57.59 57.95 42.35 45.04 46.27 46.56
DEV matching-pairs 53.71 56.70 57.82 58.75 42.49 45.58 47.38 48.38
AgentPRM 53.55 56.70 58.40 59.76 41.47 44.22 45.74 46.56
LatentGate (ours) 53.45 56.92 58.64 60.06 41.79 44.23 46.12 47.73

A.8 Evaluation and resources

Record prompts, context truncation, candidate seeds, tie breaking, test availability, inference engine,
hardware, concurrency, timing boundaries, memory measurement, and all costs of bank construc-
tion. Keep hidden evaluation outcomes separate from every input used for candidate selection.
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