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Abstract 
Multi-agent code generation can improve functional correctness by separating generation, review, execution, and repair, but 
unconditional collaboration may spend computation on tasks that are already solved. This study evaluates a dynamic Coder–
Critic–Tester architecture in which an Arbiter invokes Repair only when execution of two visible assertions exposes a failure. 
The controlled local implementation combines word-and-bigram TF–IDF retrieval over the MBPP training partition, task-
conditioned Python sketches, static abstract-syntax review, timeout-guarded execution, and a compact synthesis library. The 
evaluation follows the official MBPP split and covers all 500 test tasks. The third basic assertion and every available challenge 
assertion remain sealed during candidate selection. Coder and Critic each achieve 21.0% sealed Pass@1, while the Tester 
raises performance to 27.2%. Dynamic arbitration reaches 31.2% sealed Pass@1 and 25.6% full-suite Pass@1. Relative to 
the Tester endpoint, the final policy records 22 gains and 2 losses, a net improvement of 4.0 percentage points (exact McNemar 
p = 3.59 × 10⁻⁵). It matches an always-repair policy exactly while skipping 168 of 500 repair calls, reducing candidate 
executions by 26.2%, lexical code tokens processed by 6.3%, and mean selection time by 6.4%. The results show that 
execution feedback, rather than static review alone, supplies the principal accuracy gain, and that a simple failure-aware 
Arbiter can preserve that gain while removing avoidable repair work. 
 
Keywords—Multi-Agent Code Generation; Program Synthesis; Code Review; Execution Feedback; Automated Testing; 
Program Repair; Dynamic Arbitration; MBPP. 
I. INTRODUCTION 
Natural-language program synthesis now supports short 
functions from task descriptions. MBPP measures this 
capability on entry-level Python problems [1], while 
HumanEval made executable functional tests and Pass@k 
central to evaluation [2]. Retrieval-summary integration on a 
lightweight CodeSearchNet subset further connects code 
search with explanation [3]. Together, these benchmarks and 
tools expose the gap between plausible and behaviorally 
correct code: familiar identifiers and valid syntax do not 
guarantee boundary-case correctness. Dependable generation 
therefore requires mechanisms that inspect, execute, and 
repair candidates. 

Learned representations and generators have expanded 
rapidly: CodeBERT [4], GraphCodeBERT [5], CodeT5 [6], 
CodeGen [7], AlphaCode [8], CodeRL [9], InCoder [10], 
StarCoder [11], and Code Llama [12]. The naturalness 
hypothesis explains why models exploit source regularities 
[13]. Ambiguity-aware HDFS anomaly detection adds a 
complementary reliability lesson by grounding failure 
narratives and refusing when evidence is insufficient [14]. 

The Big Code survey documents broad machine-learning 
utility across software tasks [15], but statistical or retrieved 
plausibility remains a prior, not proof of task satisfaction. 

Iterative systems improve an initial output through self-
feedback, stored experience, or external action, as in Self-
Refine [16], Reflexion [17], and ReAct [18]. AIOps fault 
analysis likewise organizes observable evidence before 
remediation [19], and verifier training shows that a separate 
evaluator can distinguish stronger solutions [20]. Human-
uncertainty distillation further demonstrates the value of 
calibration when labels or judgments are ambiguous [21]. 
Code execution provides unusually objective feedback: 
assertions expose wrong values, signatures, imports, 
indexing, timeouts, and nontermination that language-only 
critique may miss. 

Role specialization organizes these capabilities. Multi-agent 
debate separates proposal from scrutiny [22], AutoGen 
supports programmable agent-tool conversations [23], and 
MetaGPT encodes role-specific procedures [24]. Evidence-
grounded RAG similarly separates retrieval, grounding, and 
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answer production [25]. ChatDev structures communication 
across a virtual software company [26], while AgentCoder 
divides programming, test design, and execution [27]. 
Perception fusion for autonomous driving illustrates the 
broader value of combining specialized evidence streams 
[28]. Yet decomposition creates a systems question: should 
every role run for every task, even when available tests 
already support the candidate? 

Testing, repair, and risk-triggered intervention offer useful 
precedents. EvoSuite automates search-based test generation 
[29]; DriftGuard activates retraining or rollback from 
multiple drift signals [30]; and Pynguin generates tests for 
Python [31]. GenProg searches for behavior-preserving 
patches [32], C5.0 credit-risk modeling conditions decisions 
on observed risk [33], and DeepFix learns recurring repair 
patterns [34]. These systems support evidence-guided action 
but also show that tests and risk signals are incomplete 
specifications. Repair after visible failure is defensible; repair 
after complete visible success must justify its cost and 
overfitting risk. 

This paper evaluates a controlled Coder-Critic-Tester 
pipeline with dynamic role arbitration. A deterministic local 
implementation isolates orchestration from model scale and 
provider variability. Coder builds a diverse pool; Critic ranks 
syntax and task alignment; Tester executes the top candidates 
on two visible assertions; Arbiter requests Repair only after 
incomplete visible success; and Repair searches a broader 
pool using execution feedback. The third basic assertion and 
all challenge assertions remain sealed until final evaluation. 

Four questions guide the study: whether static review or 
execution improves correctness (RQ1); whether failure-
triggered Repair adds a reliable gain (RQ2); whether selective 
routing matches unconditional Repair at lower cost (RQ3); 
and which categories and failures benefit most (RQ4). The 
full 500-task test split is evaluated after the Tester budget is 
fixed on validation. Metrics include Pass@1, confidence 
intervals, exact paired tests, executions, lexical tokens, 
latency, failure classes, category performance, and task-level 
transitions. 

Static review leaves sealed Pass@1 unchanged. Tester 
execution adds 6.2 percentage points, and failure-triggered 
Repair adds 4.0. Dynamic arbitration reaches the same 31.2% 
sealed accuracy as Always Repair while avoiding 168 repair 
calls. The contribution is an execution-grounded account of 
how selective role activation shifts the accuracy-cost frontier, 
not a new foundation model. 
 
II. METHOD 
A. Research Design 
Each task yields five endpoints: Coder, Critic, Tester, Always 
Repair, and Dynamic Arbiter. They share the same generator 
and Python environment, isolating the effects of review, 
execution, repair, and routing. Once splits and budgets are 

fixed, selection is deterministic and produces one program 
per task; task-level Pass@1 therefore requires no sampling 
estimate. 
The official split blocks test-solution retrieval: IDs 601-974 
form the library, 511-600 validation, 11-510 test, and 1-10 
reserve. Validation and test implementations never enter 
candidate pools. The requirement and visible call syntax 
provide the function name, arity, coarse types, and output 
type; reference code only disambiguates the target call. 
For each test task, Tester and Repair see the first two basic 
assertions. The third and all challenge assertions are sealed. 
Agents may fit two examples, but success requires a selected 
program to satisfy withheld cases; full-suite accuracy requires 
every basic and challenge assertion. 
B. Dataset and Evaluation Protocol 
MBPP contains 974 short Python tasks with a requirement, 
reference function, three basic assertions, setup code when 
needed, and optional challenge assertions. Table I gives the 
exact partitions. The 500-task test split contributes 1,500 
basic and 16 challenge assertions; validation has 90 tasks, and 
the 374 training tasks provide the only retrievable 
implementations. 
The task is the evaluation unit. A program earns credit only 
by passing every assertion in the relevant set, so tasks with 
different assertion counts each contribute one binary 
outcome. Visible, sealed, and full-suite results are retained for 
every endpoint, enabling paired gain and regression analysis 
without partial credit. 
 

TABLE I MBPP partitions and their experimental use. 

Partition Task 
IDs Tasks Basic 

tests 
Challenge 

tests Use 

Few-shot 
reserve 1-10 10 30 0 

Excluded from 
fitting and 
evaluation 

Official test 11-
510 500 1500 16 Primary 

evaluation 

Validation 511-
600 90 270 0 Policy and 

budget selection 

Training 601-
974 374 1122 0 TF-IDF 

retrieval library 

 
C. Agent Architecture and Control Flow 
Figure 1 and Table II define the workflow and role contracts. 
Roles are persistent software components rather than separate 
language-model instances: Coder supplies candidates, Critic 
a ranking, Tester outcomes and errors, and Arbiter either the 
Tester program or a Repair request. This preserves 
specialized decision responsibilities while making 
communication and execution locally auditable. 
Coder, Critic, and Tester always run. Repair is conditional for 
Dynamic Arbiter and universal for Always Repair. Both 
endpoints are computed for paired analysis, but dynamic cost 
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includes Repair only when triggered; an online deployment 
would return after Tester on skipped tasks. 

 
Fig. 1. Coder–Critic–Tester architecture with failure-aware 
Repair arbitration. 
 

TABLE II 
Roles, inputs, operations, and decisions in the multi-agent 

pipeline. 
Role Input Operation Output / decision 

Coder 
Task text, function 
signature, training 
library 

Retrieval plus 
semantic and 
execution-
independent 
sketches 

Highest 
generation-prior 
candidate 

Critic Coder candidate 
pool and task text 

AST, signature, 
source-similarity, 
and keyword-code 
checks 

Highest static critic 
score 

Tester 
Top Critic-ranked 
candidates and two 
visible tests 

Timeout-guarded 
execution in an 
isolated namespace 

Best visible-test 
outcome, then 
critic score and 
simplicity 

Arbiter Tester pass vector 
Trigger Repair only 
when at least one 
visible test fails 

Tester candidate or 
repaired candidate 

Repair 

Tester feedback, 
remaining 
candidates, compact 
synthesis DSL 

Execution-guided 
candidate search 

Highest visible-test 
score with 
simplicity tie-
break 

 
D. Coder: Retrieval and Task-Conditioned Generation 
Coder normalizes each training task into its requirement, 
target name, coarse signature, and output type, then fits word-
unigram and bigram TF-IDF over 374 records. Cosine 
similarity retrieves 35 neighbors. Retrieved functions are 
renamed, and their priors are multiplied by arity agreement 
(1.0 exact, 0.15 otherwise) and signature agreement (1.0 
exact, 0.55 otherwise), favoring compatible programs 
without removing diversity. 
A semantic sketch library adds patterns for numeric 
transforms, primality, sequence aggregation, filtering, 
strings, frequency counting, geometry, sets, and simple 
arithmetic. Sketches must match arity and coarse input type. 
A compact synthesizer infers constants, affine forms, 
bounded powers, common binary operators, and sequence 
transforms from visible input-output pairs. SHA-1 source 
digests remove duplicates. 

The Coder endpoint chooses the highest generation prior, 
breaking ties by retrieval similarity and shorter lexical length. 
It executes no assertions and ignores Critic scores, measuring 
the candidate prior before review or behavioral evidence. 
E. Critic: Static Program Review 
Critic parses every candidate with Python's AST and scores 
syntax, required-function presence, arity, retrieval similarity, 
and interpretable task-code alignments. Spectral rank 
aggregation formalizes the combination of noisy preference 
evidence [35], while AI-driven financial-service research 
combines customer and risk signals for decision support [36]. 
Here the scalar remains transparent: Counter, bin, reverse 
slicing, and set operations receive task-specific rewards; 
missing definitions, mismatched arity, parse failure, and 
obvious unbounded loops receive penalties. 
Critic never observes assertion outputs, exceptions, or 
timeouts. Its endpoint is the top static score across the Coder 
pool, isolating source-level review from Tester execution and 
answering whether inexpensive review suffices alone. 
F. Tester and Failure Classification 
Tester runs the 14 highest Critic-ranked candidates on two 
visible assertions. Each candidate loads in a fresh namespace; 
loading and each assertion have a 0.035-second wall-clock 
guard. Candidates are ordered by visible passes, fewer errors, 
Critic score, and shorter code. The guard prevents stalls but 
is not a security boundary. 
Terminal errors are grouped as logic assertion, type/signature, 
index/key, numeric value, name/import, and other runtime. 
Syntax and timeout are recognized but do not occur as 
selected test-set trigger classes. The taxonomy supports 
diagnosis; routing uses only the visible pass vector. 
G. Repair Search and Dynamic Arbitration 
Repair begins with the Tester choice, adds fresh synthesis 
candidates and lower-ranked Coder candidates, and executes 
at most 45 distinct programs under the same visible ranking. 
Long-document RAG similarly emphasizes tracing a decision 
to localized evidence [37], while predictive DDoS mitigation 
frames additional action as resource-aware intervention [38]. 
In this pipeline, executable assertions supply the evidence; 
retaining the Tester program lets Repair decline a change 
when no alternative is stronger. 
Let vᵢ be visible assertions passed, with two per task. 
Dynamic routing sets rᵢ = 1[vᵢ < 2]: rᵢ = 0 returns Tester, and 
rᵢ = 1 returns Repair; Always Repair sets rᵢ = 1 throughout. 
Formal uncertainty quantification distinguishes point 
estimates from confidence in an estimate [39], and IoT traffic 
research separates classification from anomaly evidence [40]. 
The present Arbiter is intentionally simpler: observed 
execution failure alone allocates repair work. 
H. Metrics, Statistical Tests, and Cost Accounting 
Sealed Pass@1 is N⁻¹ Σᵢ I[sᵢ = 1], where sᵢ indicates that all 
sealed assertions pass; full-suite Pass@1 requires all 
assertions. Wilson 95% intervals describe proportion 
uncertainty. Exact McNemar tests compare paired outcomes 
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across the same 500 tasks, reporting wins, losses, ties, 
percentage-point change, and two-sided p-values. 
Selection cost excludes final sealed-test reporting. Candidate 
executions count visible evaluations; lexical code tokens are 
obtained with Python's tokenizer after layout tokens are 
removed; stage time is measured directly. Dynamic totals 
include Repair only on triggered tasks, estimating the work 
of an online policy under the same measured stage costs. 
I. Configuration and Reproducibility 
Table III lists the locked configuration. Validation compared 
Tester budgets 4, 8, 14, and 20; 14 was selected, while Repair 
remained 45. The primary experiment then ran once on all 
500 test tasks without test tuning. Python 3.13.5 on Linux 
x86_64 recorded selected code, assertion outcomes, source 
rules, errors, tokens, executions, and stage time. 
The package contains MBPP, the pipeline, analysis and 
document scripts, all validation runs, task traces, tables, 
PNG/SVG figures, requirements, checksums, and a manifest. 
Deterministic identifiers and chunked execution support 
resumption without changing completed records. 
 

TABLE III 
Locked experimental configuration. 

Parameter Value 

Dataset MBPP, 974 Python tasks 

Training IDs 601-974 (374 tasks) 

Validation IDs 511-600 (90 tasks) 

Test IDs 11-510 (500 tasks) 

Visible tests First two basic assertions per task 

Sealed tests Third basic assertion plus all challenge assertions 

Retriever Word and bigram TF-IDF; top 35 training tasks 

Tester budget 14 candidates per task 

Repair budget 45 candidates per triggered task 

Execution 
guard 

Isolated namespace; 0.035 s per module load and 
assertion 

Selection rule Visible passed, error count, critic score, code length 

Runtime Python 3.13.5 

Hardware 5 logical CPUs; 5.93 GiB RAM; Linux x86_64 

 
III. RESULTS AND DISCUSSION 
A. Main Functional-Correctness Results 
Table IV and Figure 2 present the principal results. The Coder 
solves 105 of 500 tasks under the sealed protocol, 
corresponding to 21.0% Pass@1 with a 95% Wilson interval 
of 17.66%–24.78%. The Critic also solves 105 tasks and 
therefore has the same aggregate sealed rate, although its 
task-level choices are not identical to the Coder's. On the 
stricter full suite, the Critic reaches 13.0%, slightly below the 

Coder's 13.8%. Static source review therefore changes 
rankings but does not yield a net functional gain. 
Visible execution changes the result materially. The Tester 
solves 136 sealed tasks, or 27.2%, an increase of 6.2 
percentage points over both Coder and Critic. Its full-suite 
rate rises to 20.8%, seven points above Coder. Dynamic 
Arbiter then solves 156 sealed tasks and 128 full-suite tasks, 
producing rates of 31.2% and 25.6%. The sealed confidence 
interval is 27.30%–35.39%, and the full-suite interval is 
21.97%–29.60%. Always Repair yields exactly the same 
selected-task outcomes at both evaluation levels. 
The gap between sealed and full-suite performance is 
expected because the full suite includes the visible assertions 
as well as the sealed set. A candidate can pass the third basic 
assertion while failing one of the first two, especially when 
the selected program was chosen by static criteria. For the 
dynamic method, 31.2% sealed success contracts to 25.6% 
when every assertion is required. Reporting both views 
separates generalization to withheld assertions from end-to-
end task acceptance. 
 

TABLE IV 
Primary task-level functional-correctness results on the 500-

task test partition. 

Method Evaluation Passed Tasks Pass@1 
(%) 

95% 
CI low 

(%) 

95% 
CI 

high 
(%) 

Coder Sealed 105 500 21 17.66 24.78 

Coder Full suite 69 500 13.8 11.05 17.1 

Critic Sealed 105 500 21 17.66 24.78 

Critic Full suite 65 500 13 10.33 16.23 

Tester Sealed 136 500 27.2 23.48 31.26 

Tester Full suite 104 500 20.8 17.47 24.57 

Always 
repair Sealed 156 500 31.2 27.3 35.39 

Always 
repair Full suite 128 500 25.6 21.97 29.6 

Dynamic 
arbiter Sealed 156 500 31.2 27.3 35.39 

Dynamic 
arbiter Full suite 128 500 25.6 21.97 29.6 
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Fig. 2. Sealed and full-suite task-level Pass@1 for all 
evaluated endpoints. 
B. Paired Significance and Robustness of the Gain 
Aggregate percentages can conceal whether an improvement 
is distributed broadly or produced by a small exchange of 
wins and losses. Table V reports exact paired comparisons. 
Dynamic Arbiter beats Coder on 62 tasks and loses on 11, 
with 427 ties. The net difference is 10.2 percentage points and 
the exact McNemar p-value is 9.09 × 10⁻¹⁰. Against Critic, 
the policy records 66 wins and 15 losses, again a 10.2-point 
difference (p = 8.63 × 10⁻⁹). 
The more stringent comparison is against Tester because both 
methods already use visible execution. Dynamic Arbiter 
records 22 wins, 2 losses, and 476 ties. The 4.0-point gain is 
statistically significant under the exact paired test (p = 3.59 × 
10⁻⁵). The two losses demonstrate that visible-test-guided 
Repair can overfit: an alternative may look stronger on failed 
visible assertions yet discard behavior that happened to 
satisfy a sealed case. Nevertheless, eleven gains occur for 
every loss, so the routing and repair combination has a 
strongly positive net effect. 
Dynamic Arbiter and Always Repair have 500 ties, which 
establishes outcome equivalence on this test run rather than 
merely similar averages. Every task skipped by the Arbiter 
retained the same program that won the always-repair pool 
under the visible ranking. This finding is central to RQ3: the 
policy removes repair work without sacrificing any measured 
functional success. 
 

TABLE V 
Exact paired comparisons between Dynamic Arbiter and 

other endpoints on sealed tests. 

Dynamic 
vs. 

Dynamic 
wins 

Dynamic 
losses Ties 

Pass@1 
difference 

(pp) 

Exact 
McNemar 

p 

Coder 62 11 427 10.2 9.089e-10 

Critic 66 15 419 10.2 8.626e-09 

Tester 22 2 476 4 3.588e-05 

Always 
repair 0 0 500 0 1 

 
C. Accuracy–Cost Trade-off 
Table VI quantifies selection cost, and Figure 3 plots sealed 
Pass@1 against mean candidate executions. Coder and Critic 

require no execution during selection. Tester executes exactly 
14 candidates per task and reaches 27.2%. Always Repair 
increases the mean to 53.55 candidate executions and reaches 
31.2%. Dynamic Arbiter reaches the same accuracy with 
39.50 executions, placing it strictly to the left of Always 
Repair on the accuracy–execution plane. 
The Arbiter triggers Repair on 332 tasks and skips it on 168, 
for a 66.4% invocation rate. Relative to Always Repair, this 
removes 33.6% of repair calls and 26.23% of candidate 
executions. Mean lexical code tokens fall from 5,877.45 to 
5,506.06 per task, a 6.32% reduction. Mean selection time 
falls from 54.66 ms to 51.19 ms, a 6.35% reduction, while the 
95th percentile falls from 84.72 ms to 79.29 ms. Figure 7 
expresses the same costs relative to an always-repair index of 
100. 
The smaller token and latency reductions, compared with 
repair-call savings, arise because Coder, Critic, and Tester 
costs are paid for every task. Repair is only the final part of 
the pipeline. Moreover, triggered tasks often consume most 
of the 45-candidate repair budget, whereas skipped tasks 
would have reused the Tester choice. The result suggests two 
optimization paths: trigger Repair less often and make each 
triggered search more efficient. 
 

TABLE VI 
Selection-cost profile; sealed reporting executions are 

excluded. 

Method 

Mean 
selectio
n time 
(ms) 

Media
n time 
(ms) 

P95 
time 
(ms) 

Mean 
lexical 
tokens 

processe
d 

Mean 
candidat

e 
execution

s 

Repair 
invocatio

n rate 
(%) 

Coder 26.42 24.96 36.9 2074.9 0 0 

Critic 38.93 36.31 59.4
7 4149.8 0 0 

Tester 44.37 39.03 68.0
9 4710.3 14 0 

Always 
repair 54.66 46.67 84.7

2 5877.4 53.55 100 

Dynami
c arbiter 51.19 44 79.2

9 5506.1 39.5 66.4 
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Fig. 3. Accuracy–execution trade-off. Dynamic Arbiter 
matches Always Repair at lower execution cost. 

 
Fig. 7. Dynamic-arbitration cost relative to Always Repair, 

normalized to 100. 
 

D. Contribution of Each Role 
Table VII and Figure 4 trace accuracy through the pipeline. 
The transition from Coder to Critic contributes 0.0 points in 
sealed Pass@1 and decreases full-suite Pass@1 by 0.8 points. 
The Critic's AST and signature checks are effective at 
removing malformed candidates, but most top Coder 
candidates are already syntactically valid. The remaining 
errors are semantic, and lexical alignment does not reliably 
distinguish two plausible implementations that differ on 
boundary behavior. 

The Tester supplies the largest single stage gain: +6.2 sealed 
points and +7.8 full-suite points relative to Critic. Executing 
even two assertions rejects candidates with wrong values, 
incompatible signatures, and runtime failures. Dynamic 
Repair contributes a further +4.0 sealed points and +4.8 full-
suite points. Together, execution and repair account for the 
entire improvement over the Coder endpoint. This answers 
RQ1 by showing that role specialization matters primarily 
when a role receives objective behavioral evidence rather 
than another static score. 

The Critic still orders the finite pool explored by Tester. Its 
endpoint ablation asks whether its first choice beats the 
Coder's, not whether its ranking helps downstream search. 
The supported conclusion is narrower: static review is not a 
substitute for tests. 

TABLE VII 
Incremental contribution of successive role endpoints. 

Stage 
endpoint 

Sealed 
passed 

Sealed 
Pass@1 

(%) 

Increment vs 
previous 

(pp) 

Full-
suite 

passed 

Full-suite 
Pass@1 

(%) 

Coder 105 21 0 69 13.8 

Critic 105 21 0 65 13 

Tester 136 27.2 6.2 104 20.8 

Dynamic 
arbiter 156 31.2 4 128 25.6 

 

 
Fig. 4. Stage-wise contribution of static review, visible 

execution, and dynamic Repair. 
 

E. Failure Types and Repair Behavior 
Table VIII and Figure 5 characterize the 332 tasks that trigger 
Repair. Logic assertion failures dominate, accounting for 258 
tasks or 77.71% of triggers. Repair changes the selected code 
on 46 of these tasks, creates 18 sealed gains, and causes both 
observed sealed losses. Type or signature failures account for 
50 triggers and produce one gain. Index or key, numeric 
value, and other runtime classes are uncommon but each 
contributes one gain; the single name or import failure is not 
repaired successfully. 

The dominance of logic failures confirms that the main 
challenge is semantic mapping, not Python syntax. Candidate 
generation often finds a runnable program with the right 
number of arguments, yet its operation differs from the 
requirement. Repair succeeds when the visible failures select 
a suitable sketch that was ranked below the Tester's initial 
search horizon. It fails when two visible examples admit a 
simple but spurious rule. The simplicity tie-break reduces, but 
cannot eliminate, this ambiguity. 

Only 51 triggered tasks change code, even though 332 tasks 
invoke Repair. In the remaining 281 cases, no alternative 
obtains a better visible ranking than the Tester program. This 
low change rate explains why extending the repair budget has 
diminishing returns: the candidate library, rather than 
execution budget alone, becomes the limiting factor. A 
learned generator could broaden that library, but the 
arbitration question would remain because many tasks still 
offer no evidence that another attempt is needed. 

TABLE VIII 
Tester failure classes and outcomes of triggered Repair. 

Failure class Trigger
s 

Shar
e 
(%) 

Change
d 

Gain
s 

Losse
s 

Dyn
. 
pass 

Dyn. 
rate 
(%) 

logic_asserti
on 258 77.71 46 18 2 47 18.2

2 
type_signatur
e 50 15.06 2 1 0 2 4 

index_key 9 2.71 1 1 0 1 11.1
1 

value_numeri
c 8 2.41 1 1 0 1 12.5 
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Failure class Trigger
s 

Shar
e 
(%) 

Change
d 

Gain
s 

Losse
s 

Dyn
. 
pass 

Dyn. 
rate 
(%) 

other_runtim
e 6 1.81 1 1 0 1 16.6

7 
name_import 1 0.3 0 0 0 0 0 

 

 
Fig. 5. Distribution of Tester failure classes and sealed 

Repair gains. 
F. Performance by Task Category 
Table IX and Figure 6 group tasks with deterministic 
keyword rules. Algorithms and combinatorics has the highest 
dynamic sealed Pass@1 at 38.98%, followed by geometry 
and measurement at 36.59%. Numeric and number theory 
reaches 31.51%, collections and sequences 28.46%, strings 
and regular expressions 28.42%, and the residual category 
27.78%. The descriptive groups reveal where the sketch 
library and retrieval prior align most closely with MBPP. 
Dynamic Repair produces its largest absolute gain over Coder 
in collections and sequences: 11.38 percentage points. 
Geometry gains 12.20 points, numeric tasks gain 10.96 
points, strings gain 8.42 points, and algorithms gain 10.17 
points. The residual category gains 5.56 points. These broad 
improvements indicate that the aggregate result is not driven 
by one narrow family. Geometry's full-suite rate equals its 
sealed rate because the programs accepted on withheld 
assertions also satisfy visible assertions for the successful 
tasks, whereas other categories show a larger generalization 
gap. 
Critic behavior varies by category. It improves Coder by 1.63 
points on collections and 1.05 points on strings, is neutral on 
several groups, and falls by 5.08 points on algorithms and 
combinatorics. Static lexical cues are helpful when intent 
maps directly to source constructs such as Counter, set, or 
slicing. They are weaker for algorithmic tasks where many 
programs share the same vocabulary but implement different 
recurrences or combinatorial conditions. 

TABLE IX 
Sealed and full-suite performance by task category. 

Category Tasks Coder 
(%) 

Critic 
(%) 

Tester 
(%) 

Dynamic 
(%) 

Dynamic 
full (%) 

Numeric and 
number 
theory 

146 20.55 20.55 27.4 31.51 26.03 

Category Tasks Coder 
(%) 

Critic 
(%) 

Tester 
(%) 

Dynamic 
(%) 

Dynamic 
full (%) 

Collections 
and sequences 123 17.07 18.7 21.95 28.46 21.95 

Strings and 
regex 95 20 21.05 25.26 28.42 22.11 

Algorithms 
and 

combinatorics 
59 28.81 23.73 37.29 38.98 32.2 

Geometry and 
measurement 41 24.39 24.39 31.71 36.59 36.59 

Other 36 22.22 22.22 27.78 27.78 22.22 
 

 
Fig. 6. Sealed Pass@1 by task category for Coder, Tester, 

and Dynamic Arbiter. 
G. Validation Budget Sensitivity 
Table X reports the validation study used to lock the Tester 
budget. With four Tester candidates, Tester solves 17.78% of 
validation tasks and Dynamic Arbiter solves 24.44%. 
Increasing the budget to eight raises Tester to 18.89% but 
leaves Dynamic Arbiter unchanged. At 14 candidates, the 
rates become 21.11% and 25.56%. At 20, Tester remains at 
21.11% while Dynamic Arbiter rises to 26.67%. 
The 20-candidate setting yields one additional dynamic 
validation success but increases mean candidate executions 
from 41.83 to 45.77. The 14-candidate setting was therefore 
selected as the accuracy–cost compromise before test 
evaluation. Repair triggers also decline from 76 at budget 
four to 63 at budgets 14 and 20, showing that a stronger Tester 
prevents some repair calls. The test-set policy retains this 
locked budget and does not use the test results to alter routing 
or search depth. 

TABLE X 
Validation sensitivity to the Tester candidate budget. 

Budget Method Passed Pass@1 
(%) 

Mean 
executions Triggers 

4 Tester 16 17.78 4 0 

4 Dynamic 
arbiter 22 24.44 40.59 76 

8 Tester 17 18.89 8 0 

8 Dynamic 
arbiter 22 24.44 38.87 66 

14 Tester 19 21.11 14 0 
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Budget Method Passed Pass@1 
(%) 

Mean 
executions Triggers 

14 Dynamic 
arbiter 23 25.56 41.83 63 

20 Tester 19 21.11 20 0 

20 Dynamic 
arbiter 24 26.67 45.77 63 

 
H. Task-Level Cases 
Table XI reports concrete task-level transitions. On task 88, 
the Tester selects a nested-frequency rule that passes neither 
visible assertion nor the sealed assertion. Repair promotes a 
direct frequency-counting function and passes the sealed 
case. On task 105, counting true Boolean values is recovered 
by a summation sketch after the retrieved program passes 
only one visible assertion. On task 154, an index-extraction 
sketch replaces an unrelated neighbor and succeeds on the 
sealed assertion. These gains show the value of retaining 
semantically targeted sketches below the initial Tester 
horizon. 
Tasks 416 and 422 are the two repair regressions. In each 
case, the Tester program fails both visible assertions yet 
happens to pass the sealed assertion. Repair chooses a simple 
arithmetic rule that better matches the visible examples but 
fails the withheld case. The regressions are not 
contradictions: selection has access to visible evidence only, 
so improving that evidence can occasionally reduce 
performance on a different input. They motivate stronger test 
design or uncertainty-aware abstention for tasks whose 
visible examples support several hypotheses. 
The Tester gains on tasks such as decimal-to-binary 
conversion and division of the first even and odd elements 
demonstrate a different mechanism. The appropriate 
implementation is already in the candidate pool, but it is not 
the Coder's highest-prior choice. Executing 14 candidates 
surfaces the behaviorally correct program without invoking 
Repair. This distinction matters for system design: Tester 
quality depends on candidate diversity and ranking, whereas 
Repair quality additionally depends on generating 
alternatives after failure. 

TABLE XI 
Task-level gain, loss, and Tester-selection cases. 

Case ID Task Tester Repair Vi
s. 

T 
sea
l 

R 
sea
l 

Repa
ir 
gain 

88 

Write a 
function 
to get the 
frequency 
of the 
elements 
in a list. 

freq_nested frequency 0/2 0/1 1/1 

Case ID Task Tester Repair Vi
s. 

T 
sea
l 

R 
sea
l 

Repa
ir 
gain 

10
5 

Write a 
python 
function 
to count 
true 
booleans 
in the 
given list. 

nearest_neigh
bor dsl_sum 1/2 0/1 1/1 

Repa
ir 
gain 

15
4 

Write a 
function 
to extract 
every 
specified 
element 
from a 
given two 
dimensio
nal list. 

nearest_neigh
bor extract_index 0/2 0/1 1/1 

Repa
ir 
loss 

41
6 

Write a 
function 
to find the 
maximum 
sum we 
can make 
by 
dividing 
number in 
three pa… 

nearest_neigh
bor add_1 0/2 1/1 0/1 

Repa
ir 
loss 

42
2 

Write a 
python 
function 
to find the 
average of 
cubes of 
first n 
natural 
numbers. 

nearest_neigh
bor mul_4 0/2 1/1 0/1 

Teste
r gain 
over 
coder 

20 

Write a 
function 
to check if 
the given 
number is 
woodball 
or not. 

nearest_neigh
bor 

nearest_neigh
bor 2/2 4/4 4/4 

Teste
r gain 
over 
coder 

33 

Write a 
python 
function 
to convert 
a decimal 
number to 
binary 
number. 

dec_to_bin_in
t 

dec_to_bin_in
t 2/2 1/1 1/1 
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Case ID Task Tester Repair Vi
s. 

T 
sea
l 

R 
sea
l 

Teste
r gain 
over 
coder 

38 

Write a 
function 
to find the 
division 
of first 
even and 
odd 
number of 
a given 
list. 

nearest_neigh
bor 

nearest_neigh
bor 2/2 1/1 1/1 

 
I. Discussion 
Three findings follow. Execution supplies the decisive 
accuracy gain; failure-triggered Repair produces 22 gains 
against 2 regressions; and unconditional Repair is 
unnecessary under the tested ranking because Dynamic 
matches every outcome while avoiding one third of repair 
calls. 
Stronger code models would improve Coder and Repair but 
not eliminate allocation. Multi-signal VM degradation 
modeling fuses residual evidence before intervention [41], 
and AI-based MRD prediction combines learned output with 
domain-specific evaluation [42]. The coding analogue is to 
estimate the value of another role from evidence already 
collected: high base accuracy should increase safe skips, 
whereas weak tests can still cause premature acceptance. 
Human-facing deployment also needs user-centered 
evidence. Bilingual CS education research reports that 
instructional language affects learning and engagement [43], 
while attention-enhanced image detection shows how 
specialized modules can focus on informative features [44]. 
Future Arbiters could combine Critic margin, disagreement, 
coverage, error class, and predicted repair benefit, but should 
be compared with the transparent failure-trigger baseline. 
Cost should not be reduced to token counts. Risk-aware 
budget-constrained bidding explicitly couples action value to 
resource limits [45], and data-driven marketing research 
treats prediction as an operational allocation input [46]. In 
this local pipeline, candidate execution is the scarce 
conditional resource: Dynamic reduces executions more than 
latency because retrieval and static scoring remain fixed. 
Reporting should separate fixed cost, conditional role cost, 
executions, processed source, and end-to-end latency. 
IV. LIMITATIONS 
The deterministic Coder isolates orchestration, so absolute 
Pass@1 is below contemporary large code models and does 
not directly characterize hosted LLMs, stochastic decoding, 
conversational critique, or generated tests. DenseNet cancer-
image classification [47] and machine-learning e-commerce 
recommendation [48] show the breadth of learned 
representations, but their domain success does not establish 
transfer to executable synthesis. The transferable claim is the 
relative effect of execution and conditional routing. 
Repeating the protocol with several open code models would 

test whether the same trigger persists as base competence 
changes. 
Two visible assertions expose many failures but cannot 
identify every intended function, as the two regressions show. 
Only 16 challenge assertions exist across the corpus, so full-
suite evaluation is stronger but not exhaustive. Future work 
should generate independent edge tests, measure coverage, 
and distinguish requirement satisfaction from fitting a few 
examples. 
Keyword-based task categories are descriptive, single-label, 
and not expert annotations. The error taxonomy records only 
Tester's terminal exception. Multi-label categories and full 
execution traces could better localize arbitration gains. 
Timing comes from one Linux environment and will vary by 
hardware and Python version. The 0.035-second guard suits 
short MBPP functions, not larger legitimate workloads. A 
fresh namespace and timeout are not hardened containment; 
production execution requires process or container isolation, 
quotas, and network and filesystem controls. 
Dynamic cost is reconstructed from measured stages because 
Repair was computed for every task to enable pairing with 
Always Repair. The arithmetic matches the stages an online 
policy would invoke, though cache and scheduling effects 
may differ slightly. Recorded stage timings and traces permit 
rerouting analysis or full reruns. 
 
V. CONCLUSION 
On all 500 official MBPP test tasks, the Coder-Critic-Tester 
pipeline separates generation, static review, visible 
execution, and repair while reserving sealed assertions for 
evaluation. Coder and Critic each reach 21.0% sealed 
Pass@1, Tester 27.2%, and Dynamic 31.2% sealed and 
25.6% full-suite. Against Tester, Dynamic records 22 wins, 2 
losses, and exact McNemar p = 3.59 × 10⁻⁵. 
Failure-aware arbitration matches Always Repair on every 
task while skipping 168 repair calls and reducing executions 
by 26.2%. The evidence favors selective collaboration: 
behavioral tests provide the strongest signal, and routing 
converts that signal into a better accuracy-cost trade-off. 
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