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Abstract

Modern coding agents pair LLM generators
with various tools, including cheap diagnos-
tics and expensive verifiers. The tool-use deci-
sions are typically governed by orchestrators
that often use fixed rules and ignore uncertainty.
We formulate orchestration as cost-sensitive se-
quential hypothesis testing: a Bayesian con-
troller maintains a belief over candidate cor-
rectness and dynamically decides whether to
gather more evidence, refine the candidate, ver-
ify it, or stop. Across six generators and nine
coding benchmarks, Bayesian control proves
to be most valuable when verification is costly
and critics are informative but imperfect. Be-
yond control, the belief state yields an inter-
pretable correctness score that outperforms
token-probability and raw tool-success base-
lines for uncertainty quantification.'

1 Introduction

Large Language Models (LLMs) are increasingly
capable of generating sophisticated code, but their
practical impact is most fully realized through cod-
ing agents that orchestrate generation, diagnosis, re-
finement, and verification. A modern coding-agent
harness typically wraps an LLM-based generator
with auxiliary tools, such as syntax checkers, public
tests, LLM-based reviewers, refinement prompts,
etc. (Yang et al., 2024; Wang et al., 2025). Be-
cause these tools vary in cost and reliability, the
central engineering problem is to produce correct
code while efficiently allocating limited resources
by strategically deciding when to refine, discard, or
verify a candidate solution.

Many existing orchestration policies address
this problem using fixed rules, such as always
verifying, best-of-/N sampling, single-critic gates,
or predefined generate—critique—regenerate—verify
loops (Inala et al., 2022; Li et al., 2022; Chen et al.,

1https ://github.com/rvzi16/bayesian_control_
for_coding_agents
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Figure 1: Illustration of the Bayesian controller.

2023; Huang et al., 2023). Although such policies
can be competitive, they do not maintain a posterior
over candidate correctness or explicitly weigh the
value of critic calls against their cost. As a result,
they are not designed to adapt stopping decisions
to prior task difficulty, critic reliability, generator
repair probability, or verifier cost.

In this work, following Papamarkou et al. (2026),
we study code-generation control as a Bayesian
decision problem. The latent state is candidate cor-
rectness, Y € {0, 1}. The controller maintains a
belief b = P(Y =1 | evidence) over whether the
current candidate will pass the verifier. Critic calls
are treated as noisy observations, generator calls as
stochastic transitions that may fix or break a can-
didate, and verifier calls as costly terminal actions.
The objective is expected utility, that is, reward for
a correct solution minus the accumulated costs of
generation, criticism, refinement, and verification.
This yields a sequential hypothesis-testing prob-
lem that can be encoded as a Partially Observable
Markov Decision Process (POMDP) (Kaelbling
et al., 1998), whose Bellman equation expresses
the value of information. Figure 1 illustrates our
Bayesian control loop.

We implement this idea with two controllers
derived from the Bellman equation. The first is
a one-step Bayesian greedy controller that uses
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critic likelihoods to decide whether to call another
critic, verify, regenerate, or stop. The second is
a finite-horizon Bayesian dynamic-programming
(DP) controller that performs backward induction
and uses a measured generator transition kernel,
P(fix | broken) and P(break | correct), estimated
from iterative refinement trajectories. Both con-
trollers operate on top of frozen LLMs: the base
generators are not trained, and the optimization
problem is entirely at the control layer.

We ask a series of empirical questions: when
does a Bayesian belief-state controller improve
cost-adjusted code generation; when does a simple
heuristic suffice; and when is verification so cheap
or the prior probability of success so high that no
orchestration is needed?

We evaluate six generators across nine coding
benchmarks and compare policies in terms of ex-
pected utility under varying cost-reward trade-offs.
The results show that Bayesian control is most use-
ful in low-prior regimes with informative but im-
perfect critics, while simple public test gating or
always-verifying policies are preferable when pub-
lic tests are highly predictive of hidden-test success,
candidate patches are already likely to be correct,
or verification is cheap. Dynamic programming
adds value only when measured repair transitions
make multi-step refinement worthwhile. Our empir-
ical study supports these conclusions through out-
of-sample validation, comparisons with stronger
refinement baselines, and negative results that iden-
tify when naive Bayesian variants fail.

Contributions. Our contributions are as fol-
lows. (1) We formulate code-generation control
as a cost-sensitive sequential hypothesis-testing
problem over candidate correctness. (2) We derive
two Bayesian belief-state controllers from the Bell-
man equation, namely a one-step greedy controller
and a finite-horizon dynamic-programming con-
troller. (3) Experiments across diverse generators
and benchmarks reveal three regimes governing
which orchestration strategy dominates and clarify
when DP planning beats the greedy policy. (4) We
further show that the posterior beliefs induced by
our hypothesis-testing framework serve as effective
uncertainty scores for the coding agent that could
be used to detect low-quality agent outputs.

2 Related Work

Bayesian decision theory.  Our approach uses
sequential analysis and the value of information.

Wald (1947) studied sequential tests that trade error
against sampling cost, while Howard (1966) for-
malized the economic value of evidence. POMDPs
generalize this logic to control under latent state
uncertainty (Kaelbling et al., 1998). The recent
work of Papamarkou et al. (2026) argues that the
control layer of agentic Al should maintain beliefs
over task-relevant latent quantities and act by utility.
Our paper implements this idea for code generation.
The latent variable is candidate correctness, the ob-
servations are syntax checks, public tests, and LLM
judges, the transitions are refinement steps, and the
terminal action is an expensive verifier.

Bayesian program synthesis and adaptive com-
putation. Bayesian program-induction methods
place priors over program structures and infer pos-
teriors from examples (Liang et al., 2010). Our
framework instead maintains a posterior over the
correctness of an LLM-generated candidate and
uses it to select actions. Adaptive computation
methods vary inference-time compute according
to prediction difficulty. For language generation,
CALM uses confidence-based early exits to allo-
cate different computation across tokens (Schuster
et al., 2022). Our controller operates at a higher
level, allocating calls among generators, critics,
and verifiers rather than layers within a model.

POMDP methods for LLM agents. Recent
work has begun to use Bayesian information acqui-
sition for LLM agents. Choudhury et al. (2026)
use sequential Bayesian experimental design to
choose questions that maximize expected informa-
tion gain in multi-turn information gathering. Suri
et al. (2026) model tool-argument clarification as
structured uncertainty and use a POMDP to choose
clarifying questions. These papers are close in
spirit because they treat interaction as costly infor-
mation acquisition. They differ from our setting
in the latent state, action space, and empirical tar-
get. We study code-generation control, where the
agent must decide whether to buy more diagnostic
evidence, refine a candidate, or pay for verification,
and we evaluate utility across coding benchmarks
rather than clarification success or information-
gathering games.

Coding agents. A large line of work is devoted
to coding agents. Generated tests and reranking
have been used to select better candidates (Chen
et al., 2023; Inala et al., 2022; Zhang et al., 2023).
Iterative self-feedback and verbal memory methods
refine model outputs over multiple turns (Madaan
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et al., 2023; Shinn et al., 2023). Multi-agent and
tree-search systems such as AgentCoder and LATS
introduce richer generate-test-refine or planning
loops (Huang et al., 2023; Zhou et al., 2024).
Repository-level agents such as SWE-agent and
OpenHands focus on interfaces, sandboxed exe-
cution, and autonomous tool use for realistic soft-
ware engineering tasks (Yang et al., 2024; Wang
et al., 2025). Our empirical setting follows estab-
lished code-generation and program-repair bench-
marks, including LiveCodeBench, SWE-Bench,
EvalPlus, HumanEvalFix, and CodeContests (Jain
et al., 2025; Jimenez et al., 2024; Liu et al., 2023;
Muennighoff et al., 2024; Li et al., 2022).

These methods and benchmarks demonstrate the
value of external feedback, iterative control, and
agentic stopping policies, and provide the exper-
imental basis for our evaluation. Our approach
differs in quantifying the agent’s uncertainty as a
posterior belief over candidate correctness, which
serves both as a decision state for cost-aware con-
trol and as an uncertainty score. Existing agen-
tic harnesses can thus be augmented with poste-
rior beliefs rather than replaced, and our cost-and-
reliability regime analysis identifies when such be-
liefs improve over fixed workflows and when sim-
pler policies suffice.

3 Task and Environment

We consider the problem of automated program
synthesis under resource constraints. This section
formalizes the task environment, the abstraction of
computational agents, and the decision-theoretic
objective that drives control.

Let X denote the space of natural language speci-
fications and C the space of executable programs. A
task instance consists of a specification z € X and
an oracle verification function O : C x X — {0, 1},
which returns 1 if and only if program c satisfies
the requirements of x. Access to O is mediated
by a verifier agent aver, hereafter called the ora-
cle, whose invocation incurs a significant compu-
tational or monetary cost Cy.,. For any candidate
¢, let Yy = O(ey,z) € {0,1} be its latent cor-
rectness, indicating whether the candidate passes
oracle verification (Y; = 1) or not (Y; = 0).

To actively improve the candidate program, we
can invoke an LLM G with fixed parameters . We
denote this generator agent by agen. At iteration
t, given a specification x and a current candidate
ct, the generator produces a new candidate cyy1 ~

Go(- | x, ) at cost Cgen. The new candidate patch
ct+1 may improve the program, but it may also
leave it unchanged or make it worse.

We assume access to Kk critic agents
{ali.,...,ak .} thatinspect c; without modifying
it. Critic ¢ returns a cost-effective noisy diagnostic
observation z\”) € {pass, fail} with likelihood
Pi(z | Y;) and cost C? ..

A control policy 7 orchestrates the program gen-
eration process with the goal of producing a pro-
gram that satisfies z. It interacts with a set of agents
A = {agen, Gyer,aly, ..., ak,} over discrete
time stepst = 1,...,T. Ateach step, the policy se-
lects an agent a; € A based on the current history
H, = (x,c1,a1,01,...,ai-1,0i-1,Ct), Where o,
denotes the observation returned by the selected
agent. The quality of a policy is measured by its
expected utility, defined as the value of the final
outcome minus the accumulated agent costs. For-
mally, if an episode terminates at a step 1" with
candidate c7, the expected utility is

T
U(r)=Eq |R-Yr =) Cla)|, (D

t=1

where R represents the reward for a correct solution
(Yr = 1), and C(a) is the cost of the selected
agent: C(agen) = Cgen, Clag) = Coyyy» and
C(aver> = Cler.

Our goal is to derive a policy that maximizes
this utility by estimating the action value (or Q-
value) of each agent, thus quantifying the trade-
off between the cost of an action and its expected
contribution to solving the task.

4 Bayesian Decision-Theoretic Control

General design of Bayesian control. We adopt
Bayesian decision theory through a POMDP ab-
straction. At time step ¢, the controller holds a can-
didate program c¢; and a belief state by = P(Y; =
1 | H:) over its correctness, and selects actions
by trading off the cost of information, improve-
ment and verification. The belief update process
constitutes a sequential hypothesis test, iteratively
accumulating evidence to decide between the null

hypothesis Y; = 0 and the alternative Y; = 1.
If a; = agen, the belief is pushed through a tran-

sition kernel 7 (b;), which accounts for the prob-

ability that the generator introduces a bug into a
correct program or fixes an incorrect one,

T:(P(Y;+1:0\Y}:O)

P(Yey1 =1]Y: =0)
P(Yi41=0]Y: =1) ’

P(Y=1]Y,=1)
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parameterized by the empirical fix probability
po1 = P(Y;41 = 1| Y; = 0) and break proba-
bility p1g = P(Yi41 = 0 | Yz = 1). Thus, after
invoking the generator, the controller propagates
its belief as b,y = bt(l — plO) + (1 — bt)p01.
If a; = al ;, and 2"
via Bayes’ rule:

= z, the belief is updated

bipi = P(Yi=1|Hs, 2" = 2)
~ Pz | Vi = )b
PGV = Db+ Pz | Vi = 0) (1 — by

Critic 7 reduces uncertainty about Y;. This in-
teraction constitutes an information purchase; the
controller pays a low cost Cérit to acquire evidence
before committing to refinement or verification.

The controller can submit the candidate to the
oracle to resolve the episode. In this case, the
controller receives the definitive outcome Y; =
O(ct, ). While this interaction provides perfect
information and determines the reward R, it incurs
the highest cost Cler.

Control via value of information. The
controller implements a policy 7 that maps
the current belief state to an agent selection,
(b)) € A, with the goal of maximizing ex-
pected future utility. We write the value func-
tion as V'(b;); in finite-horizon implementations,
the state also includes the remaining budget
and which critics have already been queried.
The Bellman optimality equation is V(b)) =
max {Qgen(bt),maxi irit(bt), Qver(bt)}, where
the action values for the generator, critic, and veri-
fier are defined, respectively, as

Qgen(bt) = E[V (bt1) | bt, agen] — Cgen,
: (bt) — Ez[v(btJrl) | btvalcrit] - Cq

crit crit»
Qver(bt) btR - Cver-

(Qgen represents the expected long-term value of
improving the candidate program via the generator
agent. Qim captures the expected value of acquir-
ing information from critic ¢. QQyer represents the
immediate expected utility of stopping through or-
acle verification. To compute the optimal policy,
we solve this Bellman recursion by finite-horizon
dynamic programming over the belief state.

Optimal control vs heuristics.  Orchestration
heuristics, such as thresholding a confidence score,
collapse the decision problem into a scalar bound-
ary. This can be insufficient because the optimal

policy depends on the posterior probability of cor-
rectness, action-specific likelihoods, costs, remain-
ing budget, and which information sources have
been consumed. For example, a low-confidence
candidate before any critic has been queried may
have high information value, making a critic call
preferable to refinement. A low-confidence candi-
date after a failed public test may have little remain-
ing diagnostic value, making refinement prefer-
able. A static threshold can treat these cases identi-
cally, whereas the Bellman update separates them
through the )-values of the generator, critic, and
verifier actions.

Estimating critic likelihoods. For each
critic ¢ and oracle label y € {0,1}, we estimate
Pi(z=pass | Y=y) from the 75% calibration split
using Beta(1, 1) smoothing. Because critic outputs
are binary, the FAIL likelihood is the complement
of the PASS likelihood. We keep these estimates
fixed on the disjoint 25% test split. Estimator and
count definitions are given in § 5.4. Sensitivity to
perturbations of P(z | Y) is analyzed in § 6.4.

Estimating transition probabilities. = We esti-
mate the transition probabilities pg; and p1g in the
transition matrix 7 from refinement trajectories
with oracle labels at consecutive steps, aggregat-
ing (Y%,Y;41) pairs and applying beta-binomial
smoothing. These counts come from a held-out
iterative-refinement corpus, as detailed in § 5.

5 Experimental Setup

We investigate the conditions under which the
Bayesian controller outperforms heuristic baselines
and its failure modes. Additional setup details are
provided in Appendix A.

5.1 Benchmarks and Generators

Benchmarks. We experiment with nine
benchmarks spanning three task families (Ta-
ble 3). The function-level synthesis benchmarks
are LCB at three difficulty tiers, covering Leet-
Code problems from releases v1 through v6,
MBPP+ (Liu et al., 2023), and HumanEval+ (Liu
et al., 2023). The repository-level patch-generation
benchmarks are SWE-Bench Lite and SWE-Bench
Verified (Jimenez et al., 2024). The bug-fixing
benchmarks are HumanEvalFix (Muennighoff
et al., 2024) and CodeContests (Li et al., 2022).

Generators. We test six LLMs across two access
modes (Table 2), with 7-200B effective parameters.
For each generator-benchmark cell, the generator’s
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single-shot pass rate defines the initial prior pass
probability by = P(Yp=1), the probability that a
fresh candidate passes the oracle verifier before any
critic evidence is observed. Across cells, by ranges
from 0.05 to 0.96 (Table 5).

5.2 Critics and Oracle Verifier

The oracle verifier represents an expensive-to-run
test suite that deterministically checks the correct-
ness of the solution. For LCB, it is a full hidden
test suite; for SWE-Bench, it is a Podman-based
harness; and for MBPP+/HumanEval+, it is repre-
sented by assert-based unit tests.

Critics provide lightweight but noisy evidence.
The syntax critic Crgy, runs ast.parse on each
modified file and is essentially free in wall time.
The test critic Creg runs public tests, using Live-
CodeBench public examples (and the analogous
public tests for MBPP+, HumanEval+, HumanEval-
Fix, and CodeContests). SWE-Bench has no
public-test split distinct from the oracle verifier,
SO Crieg 1s undefined for SWE-Bench. The LLM
critic Cryyy, uses a separate small model, Claude
Haiku-4.5 by default, prompted with the output of
the diff command and the problem statement to
return a one-token PASS/FAIL judgment. In Ap-
pendix A.3 (Table 6, Fig. 6), we report the per-critic
informativeness measured as v; = P;(z=pass |
Y=1) — Pj(z=pass | Y=0) across all evaluated
(benchmark, generator) pairs: ~; =~ 0 means the
critic carries no useful signal, while |v;| — 1
means it is highly informative; values near 1 in-
dicate near-oracle alignment with correctness, and
values near —1 indicate an inverted signal.

Critic and oracle verifier cost vectors. These
are deployment-specific hyperparameters. To ob-
tain the cost vectors used in our experiments, we
collect telemetry from a representative deployment.
We measure generation cost, critic costs, and oracle
verifier cost. For each action, we log wall-clock
latency, token usage, and API cost. We use wall-
clock latency as the primary proxy cost metric be-
cause it best captures the operational bottlenecks
that matter in practice, including local process over-
head, CI waiting time, container execution, and
external API latency. Details on measurements and
the exact vectors are given in Table 4.

We report results under two cost regimes that
span the typical oracle/critic ratio space. The “slow
oracle, fast critics” regime sets Cler =90, C’jﬁ’irtlzl
for the syntax critic, C'**s*=2 for the public-test

crit

critic, C’g;}%:5 for the LLM critic, Cgen=10 (e.g.,
a CI pipeline with frontier LLM judges). The
“fast oracle, balanced critics” regime sets Clyer =5,
CR=Clest=CIM=1 Cyen=10 (e.g., a unit-test
loop where verification is cheap). The fast-oracle
regime represents bug-fixing settings such as Hu-
manEvalFix and CodeContests, where verification
is relatively cheap and generation is the dominant
costly action. The slow-oracle regime represents
SWE-Bench-like deployments, where full verifi-
cation is a major bottleneck and critic gating has
higher value. We set =100 as a utility normaliza-
tion rather than a measured latency. One verified
correct solution is worth 100 utility units, which
makes Cle;/R the posterior success threshold at
which verification becomes cost-neutral, and we
report R-Cler sweeps to check that the qualitative

regimes are not tied to this single scale choice.

5.3 Baseline Policies

We compare the Bayesian controllers against eight
baseline policies grouped into two families. The
stateless baselines operate over the same action
space {Crgyn, Criest, Crim, verify, regen, stop},
while the iterative-refinement baselines use the
same verifier and refinement budget but follow their
published update rules.

Stateless per-patch baselines. These policies
take action on each patch in isolation, with no be-
lief state carried across actions. always_verify
skips every critic and calls the oracle verifier on
every patch. best_of_N generates N=3 indepen-
dent patches, runs the oracle on each, and returns
the best, paying 3Cgen + 3C\er per instance. It iso-
lates pure generator-diversity gains without critic
assessment. The gate_Cr;, i € {syn,test,llm}
baselines run critic Cr; once and call the oracle
only if it returns PASS; otherwise, request regener-
ation. fixed_pipeline runs all critics in the order
Crsyn — Criest — Crim and verifies only if every
critic returns PASS, testing the simple strategy of
stacking all critics together with an AND gate.

Iterative-refinement baselines. = We compare
against the Self-Refine (Madaan et al., 2023) and
Reflexion (Shinn et al., 2023) coding-agent base-
lines. Both are run with up to four refinement steps
per instance and the same verifier budget as the
Bayesian controllers, and neither uses policy re-
plays on our calibration trajectories. After each
failed verification, Self-Refine prompts the gener-
ator to critique its own patch and regenerate, stop-

35303



ping when the verifier returns PASS or the refine-
ment budget is exhausted. Reflexion extends Self-
Refine with a verbal-memory buffer of past failures
that is fed back into the regeneration prompt.

5.4 Details of Bayesian Belief-State Policies

Bayesian controllers. Our framework derives
two controllers from the Bellman equation of the
POMDP (see also Section 4). Both maintain a pos-
terior b = P(Y'=1 | evidence) and select actions
to maximize expected utility.

(1) bayesian_greedy. This controller performs
one-step lookahead. At each decision point, with
current candidate ¢; and belief by, it evaluates each
action’s immediate ()-value under the assumption
that the next move is verify, and selects the action
with largest value. When computing the value of
a generator call, the controller treats the resulting
patch as a fresh sample and resets its belief to the
prior pass rate by = P(Yp=1), rather than prop-
agating the current belief through the measured
fix/break probabilities. As a result, it cannot value
multi-step refinement chains.

(2) bayesian_DP. This controller performs finite-
horizon backward induction over states (b, h),
where b is the posterior probability of correctness
and h € {0,...,H} is the remaining planning
depth. We discretize the belief interval to a uni-
form 51-point grid and solve the Bellman recursion
backward over horizon H=3, using the empiri-
cally estimated transition kernel P(fix | broken)
and P(break | correct) for the regeneration branch.
The kernel propagates beliefs across regenerations,
allowing DP to value multi-step critic-refine-verify
chains that the greedy controller cannot see.

Estimating the parameters of Bayesian control
policies. We estimate the quantities required
by the Bayesian controllers from held-out calibra-
tion data (split 75% for training, 25% for testing),
namely the initial belief by = P(Yp=1), also called
the prior pass probability (Table 5), the critic likeli-
hoods, and the refinement-transition probabilities
P(fix | broken) and P(break | correct).
Single-shot calibration draws m=3 independent
patches per instance and runs the full critic stack,
followed by the oracle verifier. From the resulting
per-patch records, we estimate the prior pass proba-
bility by = P(Yp=1), which is the probability that
a fresh patch is correct before observing critic out-
puts, and the critic likelihoods P;(z=pass | Yo=y).
For each critic 7 and oracle label y € {0, 1}, we

estimate the critic likelihood P;(z = pass | Y;=y)
as the empirical fraction of patches with label y on
which critic 7 returns PASS, with one PASS and
one FAIL pseudocount for smoothing:

pass
. n, . +1

Pi(z = pass | V;=y) = L°——.
i(2 = pass | YVi=y) Ny + 2

Here, nj;” is the number of calibration patches

with the oracle label y on which critic ¢ returns
PASS, and n,, ; is the total number of patches with
the oracle label y assessed by critic 7. We use the
same critic likelihood model at each decision step.
Transition probabilities are estimated from
consecutive parent-child generation pairs in the
iterative-refinement corpus, using smoothing:

ni—o+1
Nfrom 1 + 2 .

P np—1 +1 b
oL = —— | & 10 =
nfrom0+2’

5.5 Evaluation Metric

For each generator/benchmark/cost-vector triple,
we evaluate the ten policies above on the same
instance cohort and patches, yielding a vector of
mean utilities U,. The main metric is A; =
Ur — Ualways_verify, the per-instance utility gap
against the reference policy. Thus, A, > 0 beats
the “oracle on every patch” default, A, = 0 ties,
and A, < 0 underperforms. Paired 95% bootstrap
CIs on A, are used to identify winners.

6 Results

We organize results around three questions: where
in the (P(Y'=1), Cye/R) plane each policy dom-
inates (§ 6.1); which policy wins on held-out splits
against baselines, including Self-Refine (Madaan
et al., 2023) and Reflexion (Shinn et al., 2023)
agents (§ 6.2); and what signals guide the con-
troller’s decisions (§ 6.3). We then test cost, critic,
and verifier sensitivity (§ 6.4), compare Bayes-DP
to LLM-driven agents (§ 6.5), quantify its overhead
(§ 6.6), and discuss how our framework improves
uncertainty quantification for agents (§ 6.7).

6.1 Regimes of Control Policy Prevalence

Figure 2 aggregates 7,020 sample points pooled
across all (benchmark, generator) pairs and the full
(R, Cyer) sweep grid into a single empirical deci-
sion map (grid resolution in Appendix A.4). The
plot indicates which policy wins at each coordinate
in the (P(Y=1), Cyer/R) plane. Three regimes
emerge, each driven by a distinct mechanism that
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Figure 2: Empirical decision regions over the
(P(Y=1), Cyer/R) plane: k-NN (k=300) over 7,020
sweep points. Colors: A (green) Bayesian; B
(blue) gate(Criest); C (yellow) always_verify; other
(coral). See §6.1 for the full regime description.

ties back to the per-cell prior (Table 5) and per-
critic informativeness (Table 6).

Regime A: Bayesian wins (green, C,.,/R > 1).
When verification is at least as expensive as the
reward, paying Cl, on every patch is structurally
unprofitable. The Bayesian policies maintain a
posterior P(Y=1 | 2 ... 2(¥)) over the crit-
ics and verify only when the expected value of
information exceeds Cle. bayesian_DP also
pulls measurably ahead of the one-step-lookahead
bayesian_greedy: when each round of verifica-
tion is unaffordable, planning multiple steps ahead
over the transition kernel lets the controller defer
verification across refinement rounds until the pos-
terior is sharp enough to commit.

Regime B: gate(Crys) draws (blue wedge,
1071 < Cyer/R <1). At moderate verification
cost, the optimal Bayes decision often is a gate on
the public-test critic. On cells where Creg is highly
informative (s = 0.7 on LCB and on most Hu-
manEvalFix and CodeContests cells; Yiest = 0.9 on
LCB-easy specifically, Table 6; SWE-Bench has
no public-test critic distinct from the oracle and is
excluded), a single PASS observation moves the
posterior past the verification threshold by itself, so
adding Crgy, or Cryyp, to the update rarely changes
the decision Crg already implies. The Bayesian
controllers and gate(Crs) make the same deci-
sion in most instances, but the gate baseline ties or
marginally wins from the absence of inference over-

head. The wedge narrows on cells where the pub-
lic test is a weaker signal (MBPP+, HumanEval+:
Viest € [007,075])

Regime C: always_verify wins (yellow,
Cier/R <1071, When verification is
essentially free, the cost of running any critic —
let alone of a Bayesian update — approaches or
exceeds Clye; itself, so blind verification dominates.
Two pockets appear. The bottom-right (high prior,
low cost) covers cells where the step-0 prior is
already above the indifference threshold — almost
every patch passes and always_verify simply
collects the reward without paying for information
it does not need. The bottom-left (low prior, low
cost) covers cells where most patches fail; the few
passes are cheap to harvest by verifying everything,
and any critic-based skip risks dropping a true pass
for a saving that does not justify the loss.

6.2 Policy Comparison

Figure 3 presents a representative experiment
comparing all policies on SWE-Bench Lite with
claude-haiku-4.5. SWE-Bench Lite uses the
slow oracle (C,er=90), so its cells fall into
regime A of Figure 2, where the framework
predicts that the Bayesian variants win. The
two Bayesian variants are effectively tied for
the best performance: bayesian_greedy and
bayesian_DP both substantially improve over
always_verify. Among the remaining baselines,
the syntax gate gate(Crsy,) is the strongest but
still well below the Bayesian controllers; the LLM-
judge gate gate(Cryy,) and fixed_pipeline im-
prove over always_verify by smaller margins.
The public-test gate gate(Criest) is omitted on
SWE-Bench because there is no public-test critic
distinct from the oracle verifier (see §5.2). The
refinement baselines SR and Reflexion, together
with best_of_3, underperform always_verify in
this setting. Detailed results for each dataset and
generator are presented in Table 7 in Appendix B.

6.3 Critic Informativeness

Bayesian control requires informative critic like-
lihoods (Appendix A.3) and is most useful when
evidence is distributed across complementary im-
perfect critics rather than concentrated in one near-
oracle signal. The Bayesian update weights each
critic by its likelihood gap +;, so combining several
moderately informative signals yields a sharper pos-
terior than any single critic: low-gap critics, such
as the syntax critic (Crgy,) in many function-level
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Figure 3: Per-policy A utility against always_verify
on SWE-Bench Lite / claude-haiku-4.5. Gold stars
mark cell winners; numbers above bars are absolute
mean utility; error bars are paired-bootstrap 95% Cls
(B=1000). Discussion in §6.2; evaluation-set bars
across all (benchmark, generator) pairs in Appendix E.1;
train-vs-evaluation comparison in Appendix E.2.

synthesis cells, barely affect the update, whereas
informative and complementary critics, such as the
public-test critic (Cryeg), receive greater weight and
improve the belief state. This weighting and aggre-
gation of imperfect signals explains the gains from
Bayesian policies in Regime A.

6.4 Critic and Verifier Sensitivity

Figure 4 sweeps Cyer € [1,100] on MBPP+ /
claude-haiku-4.5 at fixed R=100, with other
costs at their defaults. The sweep traverses all
three regimes within a single cell, illustrating the
C — B — A handoff. Atlow Cl.., always_verify
wins because the prior is high enough that blind
verification has a positive expected value. At mod-
erate Clyer, gate(Criest) exploits the public-test
critic. At high Ci,;, the Bayesian variants take
over because the gate policy is forced to refuse too
many uncertain patches. The per-benchmark/per-
generator Cle, sweeps covering all 54 (benchmark,
model) pairs are in Appendix E.3.

We also test sensitivity to the estimated critic
likelihoods in Appendix C.4, using perturbations
of up to £0.20. Bayes-DP maintains a positive
utility gain over always_verify when verification
is costly and continues to select always_verify
when verification is cheap.

Finally, Appendix C.1 models the terminal veri-
fier as a noisy observation with false-positive rate
« and false-negative rate 3, allowing the controller
to update its belief and continue. Realized utility is
evaluated against the clean label. On CodeContests
with gpt-5-mini, symmetric error rates of up to
20% keep realized utility within one point of the
clean value. False positives are more damaging:

Sweep on MBPP+ / haiku45

301

¥~ Gate (Crum)
204 i ; ; /
10

prE—————

A utility vs always verify

]
20 40 60 80 100
Verifier cost cyer (reward R =100 fixed)

Figure 4: Per-policy A utility relative to
always_verify on MBPP+ / claude-haiku-4.5 as

1 1 syn__ test __
a function of verifier cost Cyer (Clii=1, Ciiiy =2,

CIm—5 Cyen=10, R=100 fixed). Shaded regions

crit
mark the dominant policy in each verifier-cost
sub-range; gray: always_verify / near-tied region at
low verifier cost; green: gate(Criest); blue: Bayesian.
Per-(benchmark, generator) plots are in Appendix E.3.

at a=0.33, realized utility drops by 7.9. Overall,
Bayes-DP is robust to moderate symmetric noise
but more sensitive to false positives.

6.5 Comparison with LLM-Driven Agents

We compare Bayes-DP controller with five LLM-
driven agents under a unified experimental setup:
Self-Refine (Madaan et al., 2023), Reflexion (Shinn
et al., 2023), LangChain-ReAct (Yao et al.,
2023), AutoGen (Wu et al., 2024), and smola-
gents (Roucher et al., 2025). All agents use
Claude Haiku 4.5 and are evaluated on five bench-
marks: HumanEval+, HumanEvalFix, MBPP+,
LCB-medium, and LCB-hard. Each agent is lim-
ited to eight LLM calls per task and has access
to the same four tools: syntax checking, public
testing, patch generation, and oracle verification.

Table 11 in Appendix C.2 reports averages
across datasets for pass@1, cost per task, wall-
clock time, the number of verifier calls, and the
cost-adjusted utility U () defined in Eq. (1). Ta-
ble 12 presents the per-dataset results.

Bayes-DP achieves the highest cost-adjusted util-
ity: +39.4 on average versus +20.3 for the best
baseline (Reflexion), and —13.3 on LCB-hard ver-
sus —55.0 for the second-best method. Although
four of the five baselines reach a higher pass@1,
they do so at 3—25X the cost per task and substan-
tially longer wall-clock times, so the additional
accuracy does not pay for itself under the evalu-
ated cost-reward trade-off. Figure 5 compares the
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Figure 5: Mean per-task cost (log scale) versus cost-
adjusted utility U for Bayes-DP and five LLM-driven
agents using Claude Haiku 4.5.

approaches in the cost-utility plane. Bayes-DP at-
tains the highest utility at the lowest cost, and thus
Pareto-dominates all five baselines in this setup.
Table 13 in Appendix C.2 reports cost-vector
sensitivity, and Table 14 in Appendix C.3 reports
cost-aware prompting results. Thus, Bayes-DP’s
performance depends not only on cost-aware infor-
mation but also on how it makes decisions.

6.6 Efficiency Analysis

The greedy policy scores a fixed actions at each
step and contributes less than 0.0001% of the run-
time. The Bayes-DP policy is solved offline on a
51-point grid (H = 3), after which each decision
requires an O(1) lookup. Its overhead remains
below 0.4%. Both policies follow a single can-
didate trajectory without additional LLLM genera-
tions. Thus, their overhead is negligible relative to
the cost of LLM generation and test verification.
Moreover, the Bayesian controller is substantially
cheaper than LLM-driven agents, which add an
LLM generation at each decision.

6.7 Uncertainty Quantification for Agents

Beyond using Bayesian controllers to optimize ex-
pected utility, we investigate whether the belief
state can quantify uncertainty for an LLM-based
controller (see Appendix D for details). We use a
SAGE agent (Suri et al., 2026) with gpt-oss-20b.
The Bayesian model is used only post hoc to ag-
gregate critic feedback into a belief about whether
the code is correct before the oracle verification
outcome is observed. Table 1 reports results on
LCB-Medium, LCB-Hard, and CodeContests. On
average, the Bayesian belief state achieves the best

Method | LCB-Medium LCB-Hard CodeContests | Avg

Perplexity 043 [-.145, 2411 .067 [-.188, 3271 311 [.109, 497] | .140 [.015, .266]
Seq. Prob. 296 [.085,.505] .174 [-.090, .438] .666 [483, .814] | .379 [.256,.504]
Verb. Conf. 2111019, 4141 347 [.060, 568] .350 [.143, 535] | .303 [.165. 418)
Tool Success Rate | .177 [-.055, 3691 .324 [.058,.575] .781 [.633,.894] | .428 [.299, 537]
Bayes State .080 [-.076,.3621 .398 [.111,.648]  .849 [.718,.945] | .442 [.336,.579]
Bayes State + UQ | .245 [.023,.437) 436 [.159,.667] .854 [.728, .950] | .512 [.385, .616]

Table 1: PRR@0.51 for uncertainty quantification meth-
ods evaluated before verification using the SAGE (Suri
et al., 2026) with gpt-oss-20b. Brackets show 95%
bootstrap Cls, and Avg is the mean across datasets.

ranking performance among the evaluated methods,
outperforming the token-probability, verbalized-
confidence, and tool success rate baselines. We
additionally incorporate sequence probability as
an observation in the belief update, as detailed
in Appendix D. The resulting Bayes State + UQ
method further improves the average PRR by 0.07.
This suggests that a belief state obtained through
Bayesian aggregation of critic observations can
provide a useful uncertainty score even for coding
agents controlled by an LLM.

7 Conclusion

We formulated LLM-based code-generation orches-
tration as a cost-sensitive sequential hypothesis test-
ing problem, where the controller maintains a pos-
terior belief over candidate correctness and uses it
to choose between criticism, refinement, verifica-
tion, and stopping. Our experiments reveal three
regimes. (A) Bayesian controllers work best when
verification is expensive and critics are informative
but imperfect, because they can aggregate multiple
noisy signals and downweight weak critics. (B) A
simple public-test gate is sufficient when the public-
test critic is already near-oracle, leaving little ben-
efit for more complex Bayesian aggregation. (C)
Unconditional verification dominates when verifi-
cation is cheap or the generator’s prior probability
of correctness is high, since gathering additional
information is then not worth the cost. This helps
identify when Bayesian control is useful and when
simpler orchestration policies are sufficient.

Beyond control, our results suggest that the be-
lief can be used as an interpretable uncertainty
score to identify whether the generated code is cor-
rect. This makes the proposed Bayesian framework
complementary to existing coding agents: it can be
used either to control the agentic loop directly or to
provide uncertainty scores for trajectories produced
by external controllers. Investigating this research
direction more systematically is an important direc-
tion for future work.
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Limitations

The benchmarks used in our evaluation primarily
focus on Python, since most widely used datasets
and benchmarks are Python-based. However, be-
cause modern LLMs have broad reasoning capabil-
ities across code, we are confident that our findings
generalize well to other programming languages.
These benchmarks also contain a limited number of
instances. Still, our experiments cover six models
and nine datasets, which supports the robustness
of our findings. Finally, different prompts or judge
models may affect the results of the LLM-based
critic. However, we use a standard prompt and
a modern default model, which helps support the
reliability of our findings. We focus only on coding-
agents and code generation; however, the proposed
framework could be utilized in any agentic work-
flow with orchestration.

Ethical Considerations

Our experiments use open-weight and closed-
API LLMs and established code-generation bench-
marks and do not involve human subjects or target
harmful content. Nevertheless, generated code may
contain defects or security vulnerabilities, and un-
certainty estimates may be miscalibrated. In par-
ticular, it may assign high uncertainty to correct
code or low uncertainty to incorrect code, limiting
its suitability for high-stakes deployment. Thus, as
with other uncertainty quantification methods, it
has limited applicability.
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A Additional Details on Experimental
Setup

A.1 Models

Table 2 lists the closed-API and open-weight gen-
erator models.

Access Model

Closed-API gpt-5-mini
gwen3-coder
claude-haiku-4.5
claude-sonnet-4.5

Open-weight  Qwen2.5-Coder-32B-Instruct

gpt-0ss-20b

Table 2: Generator models used in the experiments.
Closed-API models are served via OpenRouter; open-
weight models are served locally via vLLM.

A.2 Dataset Statistics

Table 3 presents the benchmarks and datasets used
in the experiments, their evaluation-set sizes, and
verifier types. Table 4 reports the measured per-
action wall-clock latency across all benchmarks.

Benchmark N  Verifier

Function-level synthesis

LCB-hard 102  hidden tests
LCB-medium 207  hidden tests
LCB-easy 135  hidden tests
MBPP+ 378  assert tests
HumanEval+ 164  assert tests

Repository-level patch generation

SWE-Bench Lite 300 SWE harness
SWE-Bench Verified 500 SWE harness
Bug-fixing

HumanEvalFix 164  assert tests
CodeContests 165  hidden tests

Table 3: Evaluation benchmarks grouped by task, with
dataset size and verifier type.

A.3 Critic Informativeness

The controller’s posterior P(Y=1 | z(1), ... 2(*))
is only as useful as the underlying likelihoods
Pi(z | Y). We measure the per-critic informa-
tiveness v; = Pj(z=pass | Y=1) — P;(z=pass |
Y =0) across all evaluated (benchmark, generator)
pairs: ~; ~ 0 means the critic provides little in-
formation about correctness, ; — 1 means it is
near-oracle (Table 6, Fig. 6).

First, Crgyy is the least informative critic on av-
erage. On MBPP+, HumanEval+, and LCB-easy

every generator has |ysn| < 0.10, and on LCB-
medium four of six generators have |vsy,| < 0.005
— the syntax check passes on both Y=1 and Y'=0
candidates and tells the controller nothing, be-
cause modern instruction-tuned generators produce
parseable code regardless of whether it is semanti-
cally correct.

Second, Cr’s informativeness tracks the rela-
tionship between public and hidden tests on each
benchmark, not the generator. It is near-oracle
(Ytest = 0.7) on LCB at all three difficulty tiers,
on both SWE-Bench variants, and on CodeCon-
tests — benchmarks where the public test suite
either is the hidden suite or is strongly predic-
tive of it. On MBPP+ and HumanEval+, s
drops to 0.07—0.75 because the public-test critic
catches surface failures, but the hidden test suite
catches behavioral failures the public asserts pass
on these benchmarks; the public-test critic mainly
detects failures covered by the visible assertions
on those pairs. On average, Crig is the most in-
formative of the three critics. This explains why
single-critic gating on Crg is the dominant policy
over an entire sub-range of verifier costs on some
benchmark—generator pairs — e.g. the green band
in Fig. 4 on MBPP+ / claude-haiku-4.5, where
gate(Criest) beats both always_verify and the
Bayesian variants for moderate C,.

Third, Cryy, is consistently weaker than Crieg
on benchmark—generator pairs where the latter is
near-oracle (ym < 0.5 throughout LCB and SWE-
Bench, often below 0.3 on the LCB rows), but
becomes the dominant signal on HumanEvalFix,
where vy, > 0.7 for all six generators and the
problem statement gives the judge enough context
to read the diff semantically. This is what gives
bayesian_greedy and bayesian_DP their regime-
A wins: when no single critic is near-oracle, the
controller updates the belief through Bayes’ rule
on each critic’s per-setup likelihood P;(z | Y), so
the contribution of critic % scales with its informa-
tiveness y; — a near-zero-gap critic barely moves
the belief, while two moderately-informative critics
compose into a posterior sharper than either alone
produces.

A4 Regime-Map Sweep Grid

The empirical decision map in Figure 2 pools
7,020 sample points. These are the Cartesian
product of all 54 (benchmark, generator) pairs with
a (Clyer, R) sweep grid of 13 verifier costs Cer €
{1, 5,10, 20, 25, 30, 50, 60, 75, 90, 100, 150, 200}
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Qgen (S) Qver (8) Lo Lo L3 Gen$
Benchmark med p90 med p90 med med med (107%)
Function-level synthesis
LCB-easy 34 52 020 0.33 <0.001 0.054 1.46 2.4
LCB-medium 6.8 86 0.25 041 <0.001 0.059 1.74 5.5
LCB-hard 76 9.8 0.30 0.50 0.001 0.062 1.74 6.3
MBPP+ 1.3 2.8 0.05 0.08 <0.001 0.063 1.24 0.5
HumanEval+ 22 3.1 0.02 0.03 <0.001 0.037 1.14 1.6
Bug-fixing
HumanEvalFix 2.1 3.4 0.043 0.050 0.021% 0.021% 1.84 3.0
CodeContests 4.0 9.0 0.068 0.879 0.021* 0.021% 1.84 5.0
Repository-level patches
SWE-Bench 10.0 31.4 1.9/ 682 0.362 2.02 1.91 6.0

Table 4: Measured per-action wall-clock latency across all benchmarks. Claude-haiku-4.5 is used throughout, except
the SWE-Bench row, which pools 5 models on 4 held-out instances. Synthesis rows (LCB-easy/medium/hard,
MBPP+, HumanEval+) are calibration runs with n=30 instances per benchmark (n=29 for LCB-hard). Bug-fixing
rows (HumanEvalFix, CodeContests) use the instrumented haiku-4.5 pilot (15 tasks x2 variants); their Ly and Lo
entries report the local-process critic median pooled over Ly—Lo (n=17). SWE-Bench critics are Docker pytest
runs (n=183 pooled Ly—Lg3). All timing is in seconds (median / p90 where reported). Lo=regex syntax check,
Ly=local public-test execution (Docker on SWE-Bench), and L3=LLM judge instrumented separately on 60 HEFix
patches with haiku-4.5; SWE-Bench L3 reports Docker critic_mid. The last column is per-generate API cost in
milli-dollars at OpenRouter haiku-4.5 rates; local critics and the local verifier incur no API charge. |SWE-Bench
Docker verifier is bimodal: heavy-suite psf/requests median ~672 s (n=35) versus fast-fail sub-second (n=25);

pooled median 1.9s, pooled p90 682s. *Local critic median pooled across Lo—Ls.

and 10 rewards R €
{1, 10, 20, 25, 50, 75, 100, 150, 200, 400}, giving
54 x 13 x 10 = 7,020 points. At each point,
we record the utility-maximizing policy; the
background fill in Figure 2 is a k-NN (k=300)
smoothing of that per-point winner over the
(P(Y=1), Cyer/R) plane. The remaining costs
are held at the canonical values used throughout
the paper (cgen=10, ccy, =1, ¢Cl=2, €Oy =5)-

A.5 Per-benchmark Generator Locations

Figure 7 plots where each benchmark—generator
pair falls in the (P(Y=1), Cres-gap) plane that
drives the regime structure of Figure 2.

A.6 Policy Specifications

This section specifies each policy used in Table 7
and Figures 2, 3, and 4. Each entry describes
the decision rule, data dependence, and the em-
pirical regime in which the policy is competitive.
Throughout b denotes the controller’s posterior be-
lief, P(Y=1 | evidence), z(*) the observation re-
turned by critic Cr;, and R, ¢, — the reward and
per-action cost parameters from §4.

Policies fall into two families: (i) unsupervised
baselines with no learnable parameters, and (ii)
fitted Bayesian controllers (bayesian_greedy,
bayesian_DP). Pre-collected calibration trajecto-

ries are used to estimate the parameters. During
evaluation, each policy executes its decision rule
online, selecting every action from its current state;
no action sequence is fixed in advance. Self-Refine
and Reflexion are evaluated both as implementa-
tions of the published methods and under the same
online, cached-artifact protocol.

A.6.1 Unsupervised Baselines

always_verify. Reference policy: ignore ev-
ery critic, call the verifier on every patch, return
Y. Per-instance utility R - Y — cyer On the first
patch verified; if Y'=0, the controller consumes the
next pre-sampled patch from the 3-patch pool. Has
no free parameters; serves as the A,=0 baseline
against which every A, in the paper is computed.
Dominates regime C (high prior and/or cheap veri-
fication).

best_of_3. Generate N=3 patches, verify each,
and return the patch with the highest Y. Pays
3Cgen + 3Cver per instance and never under-spends
on verification. Isolates the generator-diversity
contribution: any advantage of best_of_3 over
always_verify is attributable to taking the maxi-
mum over 3 i.i.d. draws rather than to any orches-
tration logic. Across the evaluated (benchmark,
generator) pairs, it is rarely the per-cell winner.
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Bayesian A vs prior x critic informativeness — by critic layer

Crayn critic informativeness — syntax (49 cells) Criest critic infor
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Figure 6: Critic informativeness v; = P;(z=pass | Y=1) — P,(z=pass | Y=0) vs prior P(Y=1) across the
available benchmark—generator pairs, one subplot per critic layer. Point color indicates the Bayesian A for each
benchmark—generator pair. SWE-Bench cells do not appear in the Cry (public tests) subplot: SWE-Bench has
no public-test split distinct from the oracle verifier (the test_patch is the verifier), so there is no independent

public-test critic to estimate a gap for on those cells.

gate(Cr;) for i € {syn,test,llm}. Single-
critic gate: query critic Cr; on the current
patch; verify iff 20 =pass, else regenerate (con-
sume the next patch in the 3-pool). Three
variants span the cost/informativeness spectrum:
gate(Crsyn) uses the (essentially-free, weak)
ast.parse check; gate(Crey) uses the mid-cost,
near-oracle public-test critic;gate(Crii,) uses the
mid-cost LLM judge. The decision rule is hand-
coded: PASS—verify; FAIL—regen. Across the
evaluated pairs, gate(Criest) dominates regime B
by exploiting Cris’s near-oracle informativeness
at low cost; the other two variants are rarely com-
petitive.

fixed_pipeline. Run critics in fixed order
Crsyn — Criest — Crim and verify iff every critic
returns PASS (logical AND-gate). Tests the naive
“stack everything” intuition. Two structural issues
hurt its performance: (i) the AND-gate multiplies
false-negative rates across critics, missing ¥Y'=1
patches whenever any single critic fires incorrectly;
(ii) every patch pays the full critic stack even when
Crgyn or Cries would have already settled the deci-
sion. Rarely the per-cell winner across the evalu-
ated pairs.

Self-Refine (Madaan et al., 2023).  After each
verify-fail, prompt the generator to critique its own
patch and produce a refined patch. The agent loops
up to K =4 refinement steps; at each step, it pays
Cgen for the refinement and cyer for the verifica-
tion. Self-Refine has no fitted parameters: the gen-
erator adapts via in-context feedback rather than

via learned weights. We report it both as an exe-
cutable implementation (§5.3) and under the same
online, cached-artifact protocol over the iterative-
refinement corpus. On 22 of 24 LCB cells, the
Bayesian framework dominates Self-Refine; the
two exceptions (LCB-easy gpt-5-mini and haiku-
4.5) are high- Py, cells where mechanical retry has
positive expected value.

Reflexion (Shinn et al., 2023).  Extends Self-
Refine with an explicit verbal-memory buffer of
past failures, fed back into the regeneration prompt.
Same cost structure and same lack of fitted parame-
ters as Self-Refine. The buffer is local to the current
instance; nothing is fit from historical data. Reflex-
ion outperforms Self-Refine on the two high- Pgy
LCB-easy cells; otherwise, the two heuristics track
each other closely.

A.6.2 Bayesian Controllers

Both Bayesian controllers share the same Bell-
man backbone (§4) and the same fitted Beta(1,1)-
Laplace estimates: the prior P(Yzl), the critic
likelihoods P;(z | Y=y), and (for DP) the tran-
sition kernel P(fix | broken), P(break | correct).
They differ in the lookahead horizon and in how
the regenerate branch is valued.

bayesian_greedy (BG). One-step Bellman
lookahead. At every state (b, t) the controller com-
putes (Q-values for each available action and picks
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the argmax:

Qverity(b) = R - b — cver,
Qstop = 0,
Qgen(b) = —Cgen + (P(Y=1) - R — cver),
eriv(0) = —Corie + E,_p [ Querity (be1)]

where b, 1 is the Bayes posterior from Section 4.
The defining property: the regenerate branch sub-
stitutes the prior P(Y =1) for the post-regen belief,
so BG cannot value multi-step refinement chains.
Dominates regime A on cells where the critic stack
is informative, but no single critic is near-oracle.

bayesian_DP (BDP). Full backward induction
on the (b, t) state space. We discretize b to a uni-
form 51-point grid on [0, 1] and solve the Bellman
recursion backwards over horizon H=3. The defin-
ing differences from BG are: (i) the regenerate
branch uses the measured transition kernel, so the
post-regen belief is b (1 — Pbreak) +(1—-0) Pri
rather than the prior; (ii) critic Q-values recurse
on V; rather than truncating to Qverify, S0 BDP can
plan multi-step critic—refine—verify chains. At in-
ference, the precomputed policy m(b) is an O(1)
lookup. BDP strictly dominates BG only on cells
where the measured pﬁx 2 0.15 makes multi-step
chains positive-EV; on the remaining pairs, BDP
and BG converge (§5.4).

Replay convention. Both BG and BDP are
evaluated by replaying their decision rule over the
pre-collected calibration corpus: the patches and
their critic verdicts are fixed (3 patches per instance,
seed=42); the controller selects which observa-
tions to consult and when to verify or regenerate.
The “regenerate” action consumes the next patch
from the pool; the controller never generates new
patches in replay mode.

Online action selection via cached artifacts.

Both BG and BDP select actions online. At each
step, the controller updates its belief from the obser-
vations obtained so far and selects the next action.
To avoid repeated LLM and critic calls, evalua-
tion reuses three pre-generated patches per instance
(seed=42) and the corresponding cached critic out-
puts. A “regenerate” action advances to the next
cached patch, while a critic action retrieves the
cached output for the current patch. These caches
avoid recomputation, yet they neither determine the
controller’s decisions nor fix its action sequence,
and they do not change the evaluation outcome.
This protocol is different from the uncertainty-

Benchmark Generator P(Y=1) 95% CI
Function-level synthesis
LCB-hard gpt-5-mini 0.209 [0.16, 0.26]
gwen3-coder 0.096 [0.06, 0.14]
claude-haiku-4.5 0.070 [0.04, 0.11]
claude-sonnet-4.5 0.126 [0.09, 0.17]
Qwen2.5-Coder-32B 0.104 [0.07, 0.15]
gpt-0ss-20b 0.387 [0.33, 0.45]
LCB-medium gpt-5-mini 0.283 [0.24, 0.32]
qwen3-coder 0.212 [0.18, 0.25]
claude-haiku-4.5 0.173 [0.14, 0.21]
claude-sonnet-4.5 0.225 [0.19, 0.26]
Qwen2.5-Coder-32B 0.484 [0.44, 0.53]
gpt-0ss-20b 0.722 [0.68, 0.76]
LCB-easy gpt-5-mini 0.531 [0.48, 0.59]
gwen3-coder 0.348 [0.30, 0.40]
claude-haiku-4.5 0.331 [0.28, 0.38]
claude-sonnet-4.5 0.374 [0.32, 0.43]
Qwen2.5-Coder-32B 0.862 [0.82, 0.90]
gpt-0ss-20b 0.957 [0.93, 0.98]
MBPP+ gpt-5-mini 0.807 [0.78, 0.83]
qwen3-coder 0.777 [0.75, 0.80]
claude-haiku-4.5 0.787 [0.76, 0.81]
claude-sonnet-4.5 0.819 [0.79, 0.84]
Qwen2.5-Coder-32B 0.761 [0.73, 0.79]
gpt-0ss-20b 0.800 [0.77, 0.83]
HumanEval+ gpt-5-mini 0.876 [0.84, 0.91]
qwen3-coder 0.886 [0.85, 0.92]
claude-haiku-4.5 0.908 [0.88, 0.94]
claude-sonnet-4.5 0.943 [0.92, 0.96]
Qwen2.5-Coder-32B 0.838 [0.80, 0.87]
gpt-0ss-20b 0.919 [0.89, 0.94]
Repository-level patch generation
SWE-Bench Lite gpt-5-mini 0.251 [0.22, 0.28]
qwen3-coder 0.406 [0.37, 0.44]
claude-haiku-4.5 0.214 [0.18, 0.25]
claude-sonnet-4.5 0.087 [0.07, 0.11]
Qwen2.5-Coder-32B 0.134 [0.11, 0.16]
gpt-0ss-20b 0.266 [0.23, 0.30]
SWE-Bench Verified gpt-5-mini 0.111 [0.08, 0.14]
qwen3-coder 0.524 [0.48, 0.57]
claude-haiku-4.5 0.438 [0.39, 0.48]
claude-sonnet-4.5 0.434 [0.39, 0.48]
Qwen2.5-Coder-328 0.156 [0.14, 0.18]
gpt-0ss-20b 0.295 [0.27, 0.32]
Bug-fixing
HumanEvalFix gpt-5-mini 0.854 [0.82, 0.89]
gwen3-coder 0.962 [0.94, 0.98]
claude-haiku-4.5 0.895 [0.86, 0.92]
claude-sonnet-4.5 0.887 [0.85, 0.92]
Qwen2.5-Coder-32B 0.690 [0.64, 0.74]
gpt-0ss-20b 0.833 [0.79, 0.87]
CodeContests gpt-5-mini 0.484 [0.42, 0.55]
qwen3-coder 0.213 [0.16, 0.26]
claude-haiku-4.5 0.213 [0.16, 0.26]
claude-sonnet-4.5 0.265 [0.21, 0.32]
Qwen2.5-Coder-32B 0.053 [0.03, 0.08]
gpt-0ss-20b 0.283 [0.24, 0.33]

Table 5: Per-cell single-shot prior pass rate P(Y =1)
of the LLM-generated step-0 code, with Wilson 95%
confidence intervals. The prior anchors the regime
structure of Figure 2: cells with high prior favour
always_verify (regime C), low priors favour the
Bayesian variants (regime A) when verification is ex-
pensive. Priors span more than an order of magnitude
across cells.

quantification experiment in Appendix D, which
evaluates uncertainty scores post hoc on previously
collected external-agent trajectories.
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Benchmark Generator Ysyn Vest Yiim

Function-level synthesis

LCB-hard gpt-5-mini 0.395 0.756 0.365
gwen3-coder 0.009 0.865 0.108
claude-haiku-4.5 —0.054 0.747 0.129
claude-sonnet-4.5 —0.018 0.853 —0.090
Qwen2.5-Coder-32B  —0.035 0.699 0.289

gpt-0ss-20b 0.799 0.869 0.583
LCB-medium gpt-5-mini 0.180 0.751 0.120
qwen3-coder 0.004 0.928 —0.087

claude-haiku-4.5 —0.004 0.907 0.035
claude-sonnet-4.5 —0.004 0.865 —0.097
Qwen2.5-Coder-32B  —0.000 0.766 0.499

gpt-o0ss-20b 0.799 0.890 0.578
LCB-easy gpt-5-mini 0.008 0.987 —0.011
gwen3-coder 0.001 0.957 —0.029

claude-haiku-4.5 —0.005 0.980 0.024
claude-sonnet-4.5 —0.003 0.986 —0.004
Qwen2.5-Coder-32B 0.019 0.861 0.642

gpt-o0ss-20b 0.497 0.854 0.667
MBPP+ gpt-5-mini 0.041 0.074 0.259
gwen3-coder 0.009 0.285 0.310

claude-haiku-4.5 0.009 0.349 0.283
claude-sonnet-4.5 0.011 0.258 0.217
Qwen2.5-Coder-32B 0.003 0.448 0.384

gpt-oss-20b 0.103 0.196 0.297
HumanEval+ gpt-5-mini 0.039 0.720 0.157
gwen3-coder 0.020 0.671 0.112

claude-haiku-4.5 0.026 0.540 0.188
claude-sonnet-4.5 0.043 0.270 0.363
Qwen2.5-Coder-32B 0.013 0.751 0.436
gpt-o0ss-20b 0.062 0.610 0.250

Repository-level patch generation

SWE-Bench Lite gpt-5-mini 0.610 — 0.504
gwen3-coder 0.200 - 0.390
claude-haiku-4.5 0.830 - 0.005
claude-sonnet-4.5 0.599 - 0.497
Qwen2.5-Coder-32B 0.148 — 0.475
gpt-o0ss-20b 0.330 - 0.004

SWE-Bench Verified gpt-5-mini 0.834 - 0.807
gwen3-coder 0.209 - 0.419
claude-haiku-4.5 0.370 - 0.381
claude-sonnet-4.5 0.092 - 0.273
Qwen2.5-Coder-32B 0.139 — 0.466
gpt-oss-20b 0.319 - 0.447

Bug-fixing

HumanEvalFix gpt-5-mini 0.015 0.979 0.969
gwen3-coder 0.064 0.797 0.789

claude-haiku-4.5 0.222 0.947 0.938
claude-sonnet-4.5 0.276 0.974 0.965
Qwen2.5-Coder-32B 0.005 0.848 0.708

gpt-o0ss-20b 0.156 0.362 0.763
CodeContests gpt-5-mini 0.075 0.666 0.878
gwen3-coder 0.002 0.818 0.897

claude-haiku-4.5 0.037 0.882 0.947
claude-sonnet-4.5 0.013 0.863 0.926
Qwen2.5-Coder-32B 0.248 0.815 0.336
gpt-o0ss-20b 0.879 0.965 0.329

Table 6: Per-cell critic informativeness gap v, =
P(zy=pass | Y=1) — P(zy=pass | Y=0) estimated
with Beta(1,1) smoothing on the calibration cohort.
~v¢—1 corresponds to a near-oracle critic; v,—0 corre-
sponds to a critic that carries no Bayes signal. Cr_lint
is omitted — it is a no-op pass-through in this codebase
so its gap is structurally zero on every cell. Cr_test is
shown as “~” on all SWE-Bench cells: SWE-Bench has
no public-test split distinct from the oracle verifier (the
test_patch is the verifier), so there is no independent
public-test critic to estimate a gap for. This structure ex-
plains the regime B/A boundary in Figure 2: near-oracle
Yeest favours gating; moderate gaps across critics favour
Bayesian composition.
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B Detailed Results

Table 7 reports the per-cell utility difference
A, against always_verify for every (generator,
benchmark, policy) triple in our experiments, un-
der the “slow oracle, fast critics” cost vector; bug-
fixing rows use the fast-oracle variant noted in the
caption. Bold marks the per-cell winner among the
reported methods. Columns BG and BDP denote
bayesian_greedy and bayesian_DP.
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Benchmark Generator BoN  tcgy, tCust  'Cum FP SR Rfx BG BDP

Function-level synthesis

LCB-hard gpt-5-mini —-20.0 +3.1 +4+4.3 —-6.0 -—-7.5 —33.2 —4.4 —7.6 +0.3
qwen3-coder -20.0 -14 -12.8 —-10.0 —12.1 —-25.6 —154 424 424
claude-haiku-4.5 —-20.0 —-1.0 -—13.8 —14.3 —-16.4 —10.8 —29.3 +2.8 +2.1
claude-sonnet-4.5 —23.8 —-1.0 —87 —16.1 —183 —54 —5.2 425 425
Qwen2.5-Coder-32B —31.5 —1.0 —-9.7 —26.2 —28.8 —17.7 —15.3 —2.6 —2.6
gpt-oss-20b —24.0 400 +5.1 —-1.1 —-3.0 —34.4 +25.8 —17.0 +4.6

LCB-medium gpt-5-mini -11.3 -1.2 +0.7 +1.7 403 —-6.5 -—-14.1 -15.7 +1.9
qwen3-coder -181 -1.0 -11.8 —-6.5 —-83 —-15.0 -—-23.2 -16.9 +42.2

claude-haiku-4.5 —18.1 —-1.0 -—13.1 -3.3 —4.8 —-104 —-179 -—18.8 +2.6
claude-sonnet-4.5 —18.1 —-1.3 -10.0 —-10.2 —-11.8 +6.0 +10.6 —17.3 +2.3
Qwen2.5-Coder-32B —21.9 —1.0 —-4.3 —12.1 —-139 —-16.0 -16.4 +40.0 +0.0
gpt-o0ss-20b —23.8 +2.6 +24 -—-7.5 —-9.2 -35.0 +6.1 —7.2 +2.3

LCB-easy gpt-5-mini -25.9 -1.0 +10.8 —-53 —-6.4 —11.2 +4.3 —9.1 +40.6
qwen3-coder -200 -1.0 -11.0 -1.3 -—-24 -—-10.6 —20.7 —15.7 +1.4
claude-haiku-4.5 —-20.0 —-1.0 —-11.0 -2.6 —-3.8 —10.9 -0.1 -15.7 +1.9
claude-sonnet-4.5 —17.1 —1.0 —-8.2 —-25 -—-3.6 -—-11.5 +0.5 —15.7 +1.9
Qwen2.5-Coder-328 —20.0 —-1.0 —-1.0 —-5.6 —6.8 —17.6 -1.0 +40.0 -1.0
gpt-0ss-20b —-20.0 -1.0 +4.2 +1.0 -0.1 -—-229 -3.6 +40.0 40.0

MBPP+ gpt-5-mini -21.1 —-00 +4+1.5 -—-86 —99 —-21.3 —-46.0 +0.0 +0.0
qwen3-coder —-30.7 —-1.0 —3.7 —16.1 —17.5 —28.8 -7.8 +40.0 +0.0
claude-haiku-4.5 —-20.0 —-1.0 -1.8 -85 —-9.8 -9.0 +2.2 40.0 +40.0
claude-sonnet-4.5 —21.1 —1.0 —-1.4 —-13.6 —14.9 —16.1 -3.0 40.0 +0.0
Qwen2.5-Coder-328 —22.1 —-1.0 -3.3 —-16.9 —-18.4 -35.7 —125.9 +40.0 +40.0
gpt-oss-20b -189 -10 -1.0 -6.3 -—-7.7 —-34.3 —-1255 +40.0 +40.0

HumanEval+ gpt-5-mini —-17.6 —1.0 +3.3 —21.0 —22.3 —-32.0 —-80.3 +0.0 +0.0
qwen3-coder -174 -10 +3.0 —-20.1 —-21.5 —-9.2 —-12.5 +40.0 +40.0
claude-haiku-4.5 —224 —-1.0 —-1.0 —20.8 —22.1 —11.2 —4.5 +0.0 +0.0
claude-sonnet-4.5 —224 —-1.0 —-1.0 —21.0 —22.3 —12.0 -1.0 +40.0 +0.0
Qwen2.5-Coder-328 —17.6 —-1.0 +3.6 —16.1 —17.7 —26.1 —119.8 +0.0 +0.0
gpt-oss-20b -17.6 -1.0 +3.3 —-10.6 —11.9 —48.8 —-82.5 +0.0 +0.0

Repository-level patch generation

SWE-Bench Lite gpt-5-mini —17.3 +421.7 - +13.7 +11.6 —24.4 —102.7 +62.0 +62.0
qgwen3-coder —20.0 +1.7 - 490 +47.1 —-57.7 —136.0 +43.3 +43.3
claude-haiku-4.5 —24.0 +39.7 - +32.3 +29.3 —12.9 —-20.0 +67.3 +67.6
claude-sonnet-4.5 —50.7 +28.9 - +22.3 +19.9 —-24.8 -93.3 +59.3 +59.3
Qwen2.5-Coder-32B —17.3 +6.1 - 4279 +25.5 —16.0 —268.0 +74.0 +74.0
gpt-oss-20b —12.0 +8.3 - +32.3 +29.3 —52.0 —256.0 +67.3 +67.3

SWE-Bench Verified gpt-5-mini —24.0 +41.9 - +34.7 +32.3 —55.0 —226.0 +74.0 +74.0
qwen3-coder —-16.0 +2.8 - 456 +3.8 —42.6 —116.0 +52.0 +52.0
claude-haiku-4.5 —18.0 +13.9 - 47.2 +45.0 —14.6 —166.0 +56.0 +56.0
claude-sonnet-4.5 —20.0 +1.7 - 424 +40.8 —274 —-122.0 +66.0 +66.0
Qwen2.5-Coder-32B —19.2 +8.6 - +27.4 +25.2 —14.6 —266.4 +74.8 +74.8
gpt-o0ss-20b —8.8 +12.5 - +14.5 +12.7 —47.0 —180.0 +68.4 +68.4

Bug-fixing

HumanEvalFix gpt-5-mini —224 -1.0 +0.3 +0.3 —-0.8 —32.7 +5.2 40.0 +40.1
qwen3-coder -200 -10 -14 -1.8 —-29 -37.6 +1.2 40.0 +40.0

claude-haiku-4.5 —-21.8 —-0.6 +3.8 +3.0 +1.9 -35.1 +1.0 —-13.3 —-3.8
claude-sonnet-4.5 —16.3 +1.3 +5.9 +5.2 439 —-129 +4.2 —-17.6 —2.4
Qwen2.5-Coder-328 —22.4 +40.9 —-2.7 —-30.5 —-32.4 -30.7 —102.8 +0.0 +0.0

gpt-oss-20b -225 -10 -19 -53 -—-6.8 —27.5 —103.9 +40.0 +0.0
CodeContests gpt-5-mini —15.5 —-1.0 7.7 —49 —6.9 —49.1 —-7.9 -—13.5 —4.3
qwen3-coder —41.4 —-1.0 -9.9 —-11.3 —-13.5 —40.0 -15.1 -16.2 +42.0

claude-haiku-4.5 -25.3 +1.1 —-78 —-9.6 —-12.1 -—-129 -11.5 -19.4 +2.7
claude-sonnet-4.5 —25.3 —-1.0 -12.4 -11.9 -—-14.4 -224 -30.6 -17.4 +2.3
Qwen2.5-Coder-32B —22.4 -5.7 —-7.8 —-21.8 —-24.6 —-18.0 —47.2 +43.3 +3.3
gpt-oss-20b —-13.8 +7.7 +12.5 -—-28.2 —-30.2 -—-19.4 +8.2 +0.0 +11.7

Table 7: Per-cell utility difference A, = U, — Uslways_verify across all generators, benchmarks, and nine non-
reference methods. FP denotes fixed_pipeline. All values computed on the held-out 25% eval split with the
anchored cal N SR N Rfx pool (STAT_ANCHOR). The reference column always_verify is omitted (all entries
A, = 0 by definition). Bold marks the per-cell winner across the nine method columns. “~” indicates a cell with no
data available yet. ¢c,, is omitted on SWE-Bench cells (Repository-level patch generation): SWE-Bench has no
public-test split distinct from the oracle verifier, so the public-test critic is undefined there.
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C Additional Ablations
C.1 Imperfect Oracle

The main analysis treats the terminal verifier as
ground truth. We relax this assumption by model-
ing its verdict Y asa noisy observation of the latent
correctness label Y, with false-positive rate o and
false-negative rate 3. The verdict therefore updates
the belief through the verifier likelihood rather than
setting the posterior to zero or one. The controller
may continue after verification when stopping is
not the highest-utility action. In this ablation, the
same verdicts also provide the calibration labels,
so verifier errors affect both the fitted prior and the
critic likelihoods.

We evaluate this setting on CodeCon-
tests/gpt-5-mini. For each noise setting,
we apply the corresponding noise channel,
re-estimate the prior and critic likelihoods from the
corrupted calibration labels, re-solve the controller,
and evaluate 400 Monte Carlo draws with C\e:=30
and R=100. We report utility scored against the
noisy verdict Y (reported utility) and against the
clean hidden-test label Y* (realized utility).

At symmetric error rates of 10% and 20%, real-
ized utility remains close to the clean value, while
reported utility is lower. At 30%, realized utility
also decreases. The asymmetric settings show a
larger effect from false positives in this experiment.
With a=0.33 and 3=0, reported utility rises from
19.5 to 26.3, whereas realized utility falls to 11.6.
With a=0 and 5=0.20, reported utility falls to 6.2,
while realized utility remains at 18.2.

Table 9 presents results obtained using either
the public tests (L2) or the LLM reviewer (L3) as
the terminal oracle }7, with the hidden test suite Y
used only as ground truth. The selected oracle is
removed from the possible action set. Therefore,
the difference between reported and realised E[U]
comes from actual disagreements between the veri-
fier and the hidden test suite, not from artificially
injected errors. The results show that Bayes-DP
remains effective under naturally imperfect oracles,
indicating that the robustness observed in Table 8
is not merely an artifact of synthetic noise.

Table 10 compares three actions after an im-
perfect oracle verdict: stop, regenerate, and
re-verify. A false acceptance from weak tests
is fixed for a given patch and can only be avoided
through regeneration, whereas a flaky rejection can
be corrected through re-verification. The results
show that continuing can recover correct solutions,

Noise setting « B Reported E[U] Realized E[U]
Clean (no noise) 0.00 0.00 19.5 19.5
Symmetric 10% 0.10 0.10 14.1 18.6
Symmetric 20% 0.20  0.20 12.8 19.2
Symmetric 30% 0.30 0.30 13.8 16.3
FP only 0.33  0.00 26.3 11.6
FN only 0.00 0.20 6.2 18.2

Table 8: Utility under terminal-verifier noise. Reported
utility is scored against the noisy verdict Y, whereas
realized utility is scored against the clean label Y*. The
asymmetric settings separate the effects of false posi-
tives and false negatives.

Oracle Y FP FN Reported Realised
codecontests / gpt5-mini (P(Y =1)=0.49)

perfect (Y) 0.0%  0.0% 19.5 19.5
weak tests (L2)  32.6%  0.0% 24.0 7.9
LLM judge (L3) 11.0%  0.0% 28.0 20.9
LCB-medium / sonnet45 (P(Y =1)=0.29)

perfect (Y) 0.0%  0.0% 9.4 9.4
weak tests (L2) 7.5%  0.0% 4.3 -1.0
LLM judge (L3) 64.6% 26.7% 37.2 —-1.0

Table 9: Evaluation with real imperfect oracles without
injected noise. Public tests (L2) or the LLM reviewer
(L3) serve as the terminal oracle 57, while the hidden test
suite Y provides the ground truth. Reported E[U] uses
the oracle outcome, whereas realised E[U] is computed
against Y.

Cver (R=100) stop regen re-verify
2 (cheap tests) 41.3 44.9 45.0
8 (break-even) 35.3 35.3 314
15 28.3 24.0 15.4
30 (SWE harness) 13.3 —0.2 —18.7

Table 10: Realised E[U] across verifier costs for three
cost-aware actions after an imperfect oracle verdict:
stop, regen, and re-verify. The best result in each
row is shown in bold.

but the additional verification is worthwhile only
when verification is cheap, with a break-even point
around cye; ~ 8. This means that trusting an imper-
fect oracle is itself a cost-dependent decision, so
an imperfect oracle is better treated as a cost-aware
critic than as ground truth.

C.2 Comparison with Baseline Coding Agents

Table 11 reports averages across datasets for
pass@1, cost per task, wall-clock time, the num-
ber of verifier calls, and the cost-adjusted utility
U(m) defined in Eq. (1), and Table 12 reports the
per-dataset utility.
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Agent pass@1  $/task wall (s) verifier calls U (avg)
Bayes-DP (ours) 573 0.0036 6.5 1.09 +394
Reflexion .640 0.0116 16.1 2.15  +20.3
Self-Refine 573 0.0132 16.4 0.00 +8.3
LangChain-ReAct 787 0.0388 30.1 1.57 +0.4
AutoGen 740 0.0590 38.7 1.51  —26.2
smolagents 767 0.0884 41.0 1.71 =318

Table 11: Comparison of Bayes-DP with five LLM-
based agent approaches using Claude Haiku 4.5 on Hu-
manEval+, HumanEvalFix, MBPP+, LCB-Medium, and
LCB-Hard, with n=30 tasks per dataset.

This experiment evaluates agentic approaches
along two distinct dimensions: task correctness
and resource use. Several baselines achieve higher
pass@]1, but at higher cost and latency (Figure 5).
With the utility defined in Eq. (1), Bayes-DP ranks
first because it gains more utility from using fewer
actions than it loses from its lower pass@1.

Additionally, in Table 13, we present an experi-
ment in which we recomputed utility for the main
experiments using alternative weights for the veri-
fier and critics. Bayes-DP again achieves the high-
est utility in every setting, further demonstrating its
effectiveness for cost-aware tasks.

C.3 Cost-Quality: Cost-Aware Prompting and
Budget Constraints

Table 14 presents results for Reflexion and Self-
Refine with cost-aware prompts. We provide both
methods with the same cost and reward information
available to Bayes-DP by encoding the POMDP
formulation in their system prompts (§ 6.5). We
evaluate them on HumanEval+, HumanEvalFix,
and MBPP+, using n=30 tasks per dataset.

Including the cost model in the prompt does
not close the gap. Reflexion remains largely un-
changed, while Self-Refine achieves lower utility,
suggesting that it responds to the budget informa-
tion by iterating more rather than less and over-
editing working code. Thus, the ranking cannot be
explained solely by whether the agent is given the
cost-aware formulation.

Finally, Table 15 shows the highest achievable
pass@1 under per-task cost and wall-clock budgets.
Bayes-DP performs best under tight budgets, while
methods with higher pass@1 become feasible only
when the budgets are substantially increased.

C.4 Sensitivity to the Estimated Critic
Likelihoods

Table 16 presents the results for a sensitivity anal-
ysis of the critic likelihoods estimated on the 75%

calibration split. For each estimate P(z | V), we
shift all pass probabilities uniformly by +-0.10 and
+0.20. We also apply two adversarial perturba-
tions that decrease P(z=pass | Y=1) and increase
P(z=pass | Y=0) by 0.10 or 0.20, making the
critic less informative. We clip all probabilities to
[0.01,0.99] and set each failure probability to one
minus the corresponding pass probability.

We then recompute each policy using the per-
turbed likelihoods and evaluate it on the held-out
25% of the data from three benchmarks: LCB-
Hard, LCB-Medium, and HumanEvalFix. Utili-
ties are reported as A relative to always_verify,
with paired-bootstrap 95% confidence intervals
(B=1000). This analysis investigate whether the
policy comparison depends on errors in the esti-
mated critic likelihoods.

First, when verification is relatively costly
(C_ver/R 2 0.1, § 6.1), e.g., on LCB-hard, Bayes-
DP consistently outperforms always_verify.
Specifically, A remains positive under every pertur-
bation and decreases by at most 2.7 utility units un-
der the worst adversarial shift. Second, when verifi-
cation is cheap (C'_ver/R < 0.1) or the prior pass
probability is already high, e.g., on HumanEval-
Fix, Bayes-DP reduces to always_verify, with A
slightly higher than zero, and its actions remain
unchanged under likelihood perturbations. Finally,
some perturbations do not change the utility, pro-
ducing the same A as the original Bayes-DP esti-
mate (A clean). Thus, small likelihood changes
do not move the posterior belief across a decision
boundary. Overall, these results demonstrate that
Bayes-DP remains stable under perturbations of
the estimated critic likelihoods.

D Bayesian Belief States for Uncertainty
Quantification of Coding Agents

In this experiment, we explore whether the
Bayesian belief states can quantify uncertainty for
an externally controlled agentic coding trajectory
before the final oracle verification outcome is ob-
served. We use SAGE agent (Suri et al., 2026)
using gpt-o0ss-20b as the controller in this exper-
iment. We run the agent on LCB-Medium, LCB-
Hard, and CodeContests , use the training split to
estimate the initial prior and critic likelihoods, and
evaluate uncertainty scores for the final candidate
on the held-out test split.

We experiment with six uncertainty quantifica-
tion methods. First, we use three standard methods:
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Agent HE+ HEfix MBPP+ LCB-m LCB-h avg
Bayes-DP (ours) +67.9 +63.2 +68.3 4108 —13.3 +394
Reflexion +70.8 +64.2 +71.7 =317 —-733 4203
Self-Refine +60.3 +12.0 +56.0 —32.0 —55.0 +8.3
LangChain-ReAct +37.5 +35.0 +39.0 —26.4 —82.9 +0.4
AutoGen +25.4 +21.8 +19.7 —-61.2 —-136.6 —26.2
smolagents +3.1  +8.5 +4.8 —62.9 —-112.6 —31.8

Table 12: Per-dataset cost-adjusted utility for Bayes-DP and LLLM-based agent approaches using Claude Haiku 4.5
on HumanEval+ (HE+), HumanEvalFix (HEfix), MBPP+, LCB-Medium, and LCB-Hard, with n=30 tasks per

dataset.
U vs. Cyer (R=100) Uvs. R
Agent 1 15 30 R=50 R=200
Bayes-DP (ours) 43.7 28.5 12.2 10.7 96.7
Reflexion 289 —-1.1 -333 -11.7 84.3
Self-Refine 8.3 8.3 8.3 —204 65.6
LangChain-ReAct 6.7 —-152 —38.7 —38.9 79.1
AutoGen —20.1 —-41.3 —-64.0 —63.2 47.8
smolagents —25.0 —489 -—-745 -70.2 44.8

Table 13: Sensitivity to the utility coefficients, obtained
by re-pricing the same runs with cge, =10 and cgpit=1.
Bayes-DP has the highest utility in every reported col-
umn; the best value in each column is bold.

Agent pass@1  $/task wall calls  E[U]
Bayes-DP (ours) 0.573 0.0036 6.5 132 +39.4
Reflexion 0.640 0.0116 16.1 3.29 +20.3
+ cost prompt 0.647 0.0125 18.7 3.31 4209
Self-Refine 0.573 0.0132 164 491  +8.3
+ cost prompt 0.533 0.0165 20.3 6.27 9.4

Table 14: Cost-aware prompting ablation for the Self-
Refine and Reflexion baselines on HumanEval+, Hu-
manEvalFix, and MBPP+, using a subsample of n=30
tasks from each dataset. “Calls” denotes generations per
task.

Constraint Best feasible agent pass@1
Cost <$0.01/task  Bayes-DP (ours) 0.573
Cost <$0.02/task  Reflexion 0.720
Cost <$0.04/task LangChain-ReAct 0.787
Latency < 10s Bayes-DP (ours) 0.573
Latency < 20s Reflexion 0.720
Latency < 45s LangChain-ReAct  0.787

Table 15: Highest achievable pass@1 under a per-task
cost or wall-clock budget on HumanEval+, HumanEval-
Fix, and MBPP+, using a subsample of n=30 tasks
from each dataset.

perplexity and sequence probability (Fomicheva
et al., 2020), both computed from the token log-

probabilities of the final generated code, and ver-
balized confidence (Tian et al., 2023), obtained by
asking the target model to assess its confidence in
the solution. Second, the Tool Success Rate is the
empirical success rate of non-final critic calls ob-
served before any verifier call. The terminal verifier
decision itself is excluded to avoid label leakage.
When no such tool evidence is available, we set
the score to the train-set prior. Third, the original
Bayes Belief State corresponds to a posterior prob-
ability of correctness, initialized from the train-set
prior and updated using fitted critic likelihoods and
generation transition dynamics. As with the tool
success rate, the belief state is measured before the
terminal correctness label is revealed.

Finally, we supplement the Bayes Belief State
with an additional uncertainty quantification sig-
nal. Specifically, Bayes State + UQ augments the
final Bayesian belief state by treating the sequence
probability of the final generated code as an addi-
tional observation. Let us}, denote the log sequence
probability and let Y indicate whether the solu-
tion is correct. On the training split, we select the
threshold 7 that maximizes the positive likelihood
ratio:

Plug, >7|Y =1)
Plug, > 7Y =0)

2

The corresponding likelihoods are estimated us-
ing Laplace smoothing. At test time, all parameters
are frozen, and a single additional Bayesian update
is applied according to whether ug, > 7.

Table 1 shows the Prediction Rejection Ratio
(PRR) (Malinin and Gales, 2021; Vashurin et al.,
2025), which measures the area under the rejection
curve. This curve plots the average quality of the
remaining generations as we progressively abstain
from an increasing fraction of the most uncertain
predictions. Following standard practice (Vashurin
et al., 2025), we compute PRR up to a rejection
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Benchmark Generator bo n A clean A worst-uniform A worst-alt

LCB-hard Haiku4.5 .079 102 +423.1[18.2,27.1] +420.5[16.9,23.6] +20.5[16.9,23.6]
LCB-hard Sonnet4.5 173 102 +414.6[11.3,17.3] +13.7[10.6,16.0] +15.2[12.0,17.6]
LCB-medium  Haiku4.5 .196 207 +416.6[15.0,18.2] +15.6[14.2,16.9] +17.1[15.6,18.5]
LCB-medium  Sonnet4.5 .292 207 +413.7[12.0,15.6] +13.1[11.2,15.0] +14.4[12.9,16.1]
HumanEvalFix Haiku4.5 .889 164 +4.1[0.8,7.7] +1.4[-1.9,5.2] +4.1[0.8,7.7]
HumanEvalFix Sonnet4.5 .868 164 + 7.2[3.3,11.1] + 5.1[1.2,9.0] + 7.2[3.3,11.1]

Table 16: Sensitivity of Bayes-DP to perturbations of the estimated critic likelihoods. by is the prior pass rate,
n is the number of tasks, and A is the mean utility gain over always_verify with paired-bootstrap 95% Cls.
“Worst-uniform” and “worst-alt” denote the worst result across the four uniform and two adversarial alternating
perturbations, respectively.

rate of 50%.

The Bayes State + UQ yields the best average
results outperforming the second-best method by
7.4% on average and is particularly strong on Code-
Contests. This suggests that aggregating multi-
ple tool observations using a Bayesian model with
uncertainty is more informative than treating all
tool outcomes uniformly. The tool success rate
performs better on average than other uncertainty
quantification methods. Sequence probability is
also competitive, indicating that the model’s own
generation probability contains substantial informa-
tion about final correctness. In contrast, its length-
normalized variant, perplexity, is less reliable, espe-
cially on LCB-Medium, where normalization dis-
cards much of the length-sensitive signal captured
by sequence probability.

Overall, this result demonstrates that aggregat-
ing multiple observations from critics and base-
line uncertainty quantification methods using a
Bayesian belief state provides a highly effective
uncertainty measure for arbitrary external agents,
showing strong performance in identifying erro-
neous generations.

E Additional Results

This appendix collects the per-benchmark, per-
strategy, per-critic, and per-(benchmark, generator)
slices of the regime map. All figures are reproduced
from the same single-shot calibration + iterative-
refinement corpus described in §5, covering the
9-benchmark x 6-generator grid. Unless other-
wise noted, figures use the per-benchmark cost vec-
tors: fast-oracle (Cyey=5, C¥=Ctst=Clm=1,
Cgen=10, R=100) on the function-level synthesis
and bug-fixing benchmarks; slow-oracle (C',e, =90,
CH=1, Ctst=2, O =5 (Cye,=10, R=100) on

the SWE-Bench rows.
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Figure 7: Per-benchmark location of each generator in (P (Y =1), Crie critic informativeness Ytest = Prost (2=pass |
Y'=1) — P,est(2=pass | Y=0)). One subplot per benchmark, each dot one generator. The position of each cell in
this plane determines which regime (A/B/C in Figure 2) it falls into. SWE-Bench Lite and SWE-Bench Verified are
omitted: their oracle verifier is the project’s own test suite, so there is no public-test critic Cryeg distinct from the
verifier to plot.
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E.1 Held-out Policy Comparison Across
Benchmark-Generator Pairs

Figures 8—16 expand the headline Figure 3 to every
(benchmark, generator) pair on the held-out 25%
eval split. One bar chart per cell; the gold-starred
bar marks the winner. The Bayesian variants win
or tie on the regime-A cells; gate(Crest) wins on
regime-B; always_verify wins on the saturated
cells. Self-Refine and Reflexion are evaluated as
actual agents (not policy replays) and consistently
underperform on cells with weak refine signals.
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Figure 13: Held-out eval policy comparison on HumanEvalFix.
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ity (A vs always_verify on y-axis)
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Figure 14: Held-out eval policy comparison on CodeContests.
All policies, per model — swe_lite (held-out 25% eval)
8 calibration-cohort policies | SR/Rx iter-cohort - *x = winner - number above bar = absolute utility (A vs always_verify on y-axis)
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Figure 15: Held-out eval policy comparison on SWE-Bench Lite, all generators in one plot (the claude-haiku-4.5
cell of this figure is the headline shown as Figure 3 in the main text).

All policies, per model — swe_verified (held-out 25% eval)
8 calibration-cohort policies | SR/Rx iter-cohort - * = winner - number above bar = absolute util

ity (A vs always_verify on y-axis)
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Figure 16: Held-out eval policy comparison on SWE-Bench Verified, all generators in one plot.
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E.2 Train-vs-Evaluation Policy Comparison
Across Benchmark—Generator Pairs

Figures 17-25 extend the headline train-vs-eval
comparison from Figure 3 (SWE-Bench Lite /
claude-haiku-4.5) to every benchmark. Each
figure shows one benchmark across all six genera-
tors; the left column is the 75% train cohort that the
controllers were fit on, the right column is the held-
out 25% eval cohort. The Bayesian variants main-
tain positive A on both cohorts in every regime-A
cell, ruling out overfitting of the likelihoods, prior,
or kernel to the calibration instances.
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All policies, per model — Icb_hard (left column = 75% train in-sample, right column = 25% held-out eval)
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Figure 17: Train-vs-eval policy comparison on LCB-hard. Left column: 75% train (in-sample fit). Right column:

25% held-out eval. One row per generator.
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A utilty vs always_verify

All policies, per model — Icb_medium (left column = 75% trai

Icb_medium / gpt5_mini - train 75%

in-sample, right column = 25% held-out eval)
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Figure 18: Train-vs-eval policy comparison on LCB-medium.

35328



Icb_easy / gpt5_mini - train 75%

ies, per model — Icb_easy (left column = 75% train in-sample, right column = 25% held-out eval)
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Figure 19: Train-vs-eval policy comparison on LCB-easy.
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All policies, per model — mbpp (left column = 75% train in-sample, right column = 25% held-out eval)
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Figure 20: Train-vs-eval policy comparison on MBPP+.
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ies, per model — humaneval (left column = 75%

humaneval / gpt5_mini - train 75%

train in-sample, right column = 25% held-out eval)
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Figure 21: Train-vs-eval policy comparison on HumanEval+.
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All policies, per model — humanevalfix (left column = 75% train in-sample, right column = 25% held-out eval)

humanevalfix / gpt5_mini - train 75% humanevalfix / gpt5_mini - eval 25%
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Figure 22: Train-vs-eval policy comparison on HumanEvalFix.
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A utility vs always_verify

All policies, per model — codecontests (left column = 75% train i ple, right col = 25% held-out eval)
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Figure 23: Train-vs-eval policy comparison on CodeContests.
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All policies, per model — swe_lite (left column = 75% train in-sample, right column = 25% held-out eval)
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Figure 24: Train-vs-eval policy comparison on SWE-Bench Lite. The claude-haiku-4.5 row is the headline

shown as Figure 3 in the main text.
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All policies, per model — swe_veri

ied (left column = 75% train in-sample, right column = 25% held-out eval)
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Figure 25: Train-vs-eval policy comparison on SWE-Bench Verified.

35335



E.3 Per-Benchmark Verification-Cost Sweeps

Figures 26-34 extend the headline C\e sweep
from Figure 4 (MBPP+ / claude-haiku-4.5) to
every evaluated benchmark. Each figure shows one
benchmark with all six generators on a single com-
posite grid; same axes and policy palette as the
headline. Per-generator analytic crossover C,. /R
tracks each cell’s prior P(Y'=1) and is visible as
the empirical leader-change boundary in each sub-
plot.
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Figure 26: C\e, sweep on MBPP+, one subplot per generator (companion to Figure 4). The C — B handoff happens
at slightly different C\., values per generator, tracking each cell’s prior P(Y=1).
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Figure 29: C\., sweep on LCB-easy, one subplot per generator.
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Figure 30: C\., sweep on HumanEval+, one subplot per generator.
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Figure 31: C\., sweep on HumanEvalFix, one subplot per generator.
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Figure 32: C\., sweep on CodeContests, one subplot per generator.
c_ver sweep on SWE-Lite — A vs always_verify per policy (bg = best policy, exact A-segment envelope; canonical §3 measured-kernel DP)
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Figure 33: C.., sweep on SWE-Bench Lite, one subplot per generator.
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Figure 34: C\., sweep on SWE-Bench Verified, one subplot per generator.
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