
Findings of the Association for Computational Linguistics: ACL 2026, pages 6132–6143
July 2-7, 2026 ©2026 Association for Computational Linguistics

NeuroSym-Cal: Bridging the Reasoning-Execution Gap in Code
Generation via Hierarchical Calibration

Peiyang Liu1,2, Yining Wang3, Youru Li4, Long Li5, Zhi Cai4 and Wei Ye1,*
1 National Engineering Research Center for Software Engineering, Peking University, Beijing, China,

2 School of Software and Microelectronics, Peking University, Beijing, China,
3 Electrical and Computer Engineering, University of Toronto, Canada,

4 College of Computer Science, Beijing University of Technology, Beijing, China,
5 Infly Tech, Shanghai, China.

liupeiyang@pku.edu.cn

Abstract

While Chain-of-Thought (CoT) reasoning en-
hances code generation in Large Language
Models (LLMs), it introduces a critical chal-
lenge in uncertainty estimation: Confidence
Saturation. Existing calibration methods, such
as Self-Consistency, rely on the assumption that
consensus implies correctness. This assump-
tion fails under systematic errors, where mod-
els confidently repeat flawed logic, leading to
miscalibrated high-confidence predictions. To
address this, we introduce NEUROSYM-CAL,
a hierarchical calibration framework. We posit
that reliable confidence requires interrogating
the model at two complementary levels: the
extrinsic consensus of its symbolic outputs and
the intrinsic self-assessment of its generated
logic. Specifically, we propose Self-Verification
Analysis, which prompts the model to holisti-
cally re-evaluate its completed candidate, ex-
ploiting the cognitive asymmetry between au-
toregressive generation and post-hoc reviewing.
This provides a fine-grained continuous signal
that persists even when output consensus sat-
urates. These orthogonal features, augmented
by code-level descriptors, are fused by a Con-
textual Calibration Network to predict correct-
ness. Experiments across state-of-the-art rea-
soning models (e.g., DeepSeek-R1) demon-
strate that NEUROSYM-CAL effectively de-
saturates overconfident errors, achieving state-
of-the-art Expected Calibration Error (ECE)
and superior selective generation performance
on Out-Of-Domain (OOD) benchmarks.

1 Introduction

The advent of Large Language Models (LLMs)
with “System 2” reasoning capabilities has funda-
mentally transformed automated software engineer-
ing and broad AI applications (Li et al., 2025b;
Dong et al., 2026; Chen et al., 2026; Hu et al.,
2026; Zhang et al., 2026a; Li et al., 2024, 2026;
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Liu et al., 2025a, 2026). Models such as DeepSeek-
R1 and OpenAI’s o-series (Guo et al., 2025; Yan
et al., 2025) engage in extended CoT (Zhang et al.,
2025b) processes to decompose complex algorith-
mic problems. While these models achieve state-
of-the-art performance on benchmarks like Live-
CodeBench (Jain et al., 2024), their deployment in
critical workflows is hindered by a persistent chal-
lenge: the lack of reliable confidence calibration
(Liu et al., 2025c).

Ideally, a code generation model should be well-
calibrated: a solution predicted with 90% confi-
dence should be correct 90% of the time. How-
ever, current reasoning models are prone to over-
confidence, particularly when they exhibit system-
atic errors. We argue that prevailing calibration
paradigms are ill-suited for this new generation of
models due to the problem of Confidence Satura-
tion.

Standard calibration methods, such as Self-
Consistency (SC) (Wang et al., 2022), operate on
the “wisdom of the crowd” assumption: if the ma-
jority of sampled outputs are identical, the solution
is likely correct. While effective for stochastic er-
rors, this assumption collapses under Entrenched
Hallucinations (Jiang et al., 2026). When a model
falls into a reasoning trap, it may confidently re-
produce the same flawed logic across all samples.
In such cases, SC assigns a confidence score of
1.0, rendering the metric indistinguishable from a
correct solution. This saturation destroys the gran-
ularity required for effective risk management.

To address this, we posit that reliable calibration
requires interrogating the model at two orthogonal
levels, corresponding to the horizontal and ver-
tical axes in Figure 1: the extrinsic consensus of
its symbolic outputs (what it says) and the intrin-
sic self-assessment of its own code (how reliable
it judges itself to be). We introduce NEUROSYM-
CAL, a hierarchical framework that fuses these
complementary signals.
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Figure 1: The Intuition behind NEUROSYM-CAL.
Traditional methods rely solely on Extrinsic Semantic
Consensus (x-axis), suffering from Confidence Satu-
ration: both robust correctness (Blue) and entrenched
errors (Red) cluster at 1.0. By introducing a second
orthogonal dimension, Intrinsic Self-Verification (y-
axis), we recover a critical signal for calibration. While
not perfectly separable, errors often exhibit lower self-
assessment scores than ground truths. Our framework
exploits this statistical difference to “de-saturate” the
confidence of high-consensus but unreliable solutions.

NEUROSYM-CAL operates on a neuro-symbolic
principle. At the symbolic level, we employ Se-
mantic Equivalence Clustering based on Abstract
Syntax Trees (ASTs) (Zhang et al., 2019; Liu et al.,
2025b) to measure consensus, filtering out syn-
tactic noise. At the intrinsic level, we introduce
Self-Verification Analysis. We prompt the LLM
to re-evaluate its own generated code, exploiting
the cognitive asymmetry between myopic autore-
gressive generation and holistic post-hoc review-
ing. Our key observation is that while entrenched
errors may be behaviorally consistent across sam-
ples, the model’s intrinsic self-assessment of such
errors is statistically lower than that of correct solu-
tions, providing a continuous calibration signal that
generation-time token probabilities fail to capture.

These two signals are synthesized by a Con-
textual Calibration Network (CCN). Rather than
treating calibration as a simple voting mechanism,
the CCN learns a non-linear mapping that softens
predicted probabilities in high-consensus regimes
when self-verification disagrees.

We evaluate NEUROSYM-CAL across three
state-of-the-art reasoning models and three di-
verse benchmarks. Our experiments demonstrate
that by leveraging the “vertical axis” of self-
verification, our method significantly outperforms
both probability-based and consistency-based base-

lines. In summary, our contributions are as follows:

• We identify Confidence Saturation as a pri-
mary failure mode of Self-Consistency in rea-
soning models, where systematic errors mimic
the statistical signature of correct solutions.

• We propose NEUROSYM-CAL, a framework
that combines AST-based consensus (Extrin-
sic) with self-verification analysis (Intrinsic),
augmented by lightweight code-level descrip-
tors (length, cyclomatic complexity), to cap-
ture a holistic view of epistemic uncertainty.

• We demonstrate that fusing these orthogo-
nal signals allows for effective confidence
de-saturation, achieving state-of-the-art Ex-
pected Calibration Error (ECE) (Posocco and
Bonnefoy, 2021) and superior selective gener-
ation performance on OOD tasks.

2 Related Work

2.1 Reasoning and Alignment in Code
Generation

The paradigm of code generation has shifted
from statistical sequence completion (Chen, 2021;
Roziere et al., 2023) to “System 2” reasoning
(Zhang et al., 2025a). Models like DeepSeek-R1
and OpenAI’s o-series (Guo et al., 2025) employ
CoT (Wei et al., 2022; Li and Ma, 2025; Zhang
et al., 2026b) to decompose complex specifications
before implementation. While CoT significantly
enhances performance on algorithmic benchmarks
(Jain et al., 2024), it introduces the alignment chal-
lenge known as the “Reasoning-Execution Gap”
(Turpin et al., 2023; Lanham et al., 2023; Li et al.,
2025a; Fang et al., 2026b,a; Fu et al., 2026). Prior
works have largely treated reasoning traces as static
context. In contrast, we treat the model’s own as-
sessment of its generated code as a dynamic signal
of reliability.

2.2 Uncertainty Estimation and Calibration

Reliable confidence estimation is critical for de-
ploying LLMs. Standard methods fall into two cat-
egories: logit-based and consistency-based. Logit-
based methods (e.g., Platt Scaling) (Guo et al.,
2017; Platt et al., 1999) rely on the model’s raw to-
ken probabilities. However, LLMs are notoriously
overconfident (Tian et al., 2025), and raw proba-
bilities often fail to reflect functional correctness.
Consistency-based approaches, such as SC (Wang
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et al., 2022) and Semantic Entropy (Kuhn et al.,
2023), aggregate multiple sampled outputs. While
SC generally outperforms logit methods, it relies
on the assumption that the majority vote converges
to the truth. This assumption fails under system-
atic errors or “entrenched hallucinations” (Zhang
et al., 2025b), where a model consistently generates
the same flawed solution. In these high-consensus
regimes, SC suffers from Confidence Saturation,
assigning near-perfect scores to incorrect code. Our
work addresses this by introducing an orthogonal
signal, intrinsic self-verification, to regularize these
saturated estimates.

2.3 Neuro-Symbolic Analysis
Our framework bridges two distinct analytical
traditions: symbolic structure and neural self-
assessment. On the symbolic side, metrics like
CodeBERTScore (Zhou et al., 2023) utilize ASTs
primarily for offline evaluation. We repurpose AST
analysis for online calibration, using canonicaliza-
tion to de-noise the variance in generated code and
obtain a cleaner consensus signal. On the neural
side, recent works have explored using LLMs as
evaluators for continuous P (True) estimates (Ka-
davath et al., 2022). However, existing methods
typically deploy self-verification as a standalone,
scalar confidence estimator. NEUROSYM-CAL

unifies these directions: rather than treating self-
evaluation as an isolated metric, we treat it as an
intrinsic feature to de-saturate overconfident sym-
bolic consensus. This effectively fuses the strict
logical grouping of AST with the semantic intuition
of neural self-assessment.

3 Methodology

We propose NEUROSYM-CAL, a hierarchical cali-
bration framework illustrated in Figure 2, designed
to address the limitations of single-modal uncer-
tainty estimation in CoT code generation.

Current state-of-the-art methods, particularly
SC, suffer from Confidence Saturation. When
a model generates the same solution repeatedly
(whether correct or consistently wrong), SC as-
signs a confidence score approaching 1.0. This
lack of granularity leads to severe miscalibration
in high-confidence regimes. To resolve this, we
posit that uncertainty must be interrogated from
two complementary perspectives:

• Extrinsic Consensus (Sext): A coarse-
grained measure that filters out stochastic

noise (Aleatoric Uncertainty) by observing
output agreement.

• Intrinsic Self-Verification (Sintr): A fine-
grained measure that probes the model’s post-
hoc assessment of a completed candidate,
measuring how reliably the model judges its
own code when explicitly prompted to re-
evaluate.

Our framework fuses these signals to learn a cal-
ibrated probability function, effectively using in-
trinsic self-verification to regularize overconfident
consensus.

3.1 Problem Formulation

Let M be a generative code model taking a prompt
x. The model generates a reasoning chain r and
code y, denoted as (r, y) ∼ M(x). The func-
tional correctness is given by an oracle O(y, x) ∈
{0, 1}. Our goal is to learn a calibration function
fθ(x, r, y) → p̂ ∈ [0, 1] such that p̂ accurately re-
flects the true probability P (O(y, x) = 1). Specif-
ically, we aim to minimize the ECE by distinguish-
ing between robust certainty (high self-verification,
high consensus) and brittle consensus (low self-
verification, high consensus).

3.2 Intrinsic Uncertainty: Self-Verification
Analysis

While sample-based consistency captures output
variance, it treats the generation process as a black
box and suffers from saturation when errors are en-
trenched. To capture fine-grained epistemic uncer-
tainty without requiring white-box access to latent
states, we implement a Post-hoc Self-Verification
Analysis that leverages the neural model’s intrinsic
capacity to critically evaluate its own outputs.

Holistic Re-evaluation. During autoregressive
generation, the model commits to each token se-
quentially, often falling into localized reasoning
traps. However, when presented with a complete
solution in evaluation mode, the model can assess
the code holistically. We exploit this cognitive
asymmetry by formulating a verification prompt
pver(x, y), which instructs the model M to act as
an impartial judge and rate the functional correct-
ness of its own candidate y for problem x on a
continuous scale of 0 to 100.

Let v ∈ [0, 100] be the scalar score extracted
from the model’s textual response. To account

6134



Input
Prompt

LLM

Neural patw
inspecting

Sampled
outpus

AST

Self
Evaluate

𝑺𝒊𝒏𝒕𝒓

𝑺𝒆𝒙𝒕

Contextual
Calibration
Network

Code
metadata

0.0 1.0

0.7

Clustering

Intrinsic Self Verification

Extrinsic Semantic Consensus

Figure 2: The NEUROSYM-CAL Architecture. The framework addresses the “Confidence Saturation” problem in
reasoning models. Top (Intrinsic): We perform Self-Verification by prompting the model to re-evaluate its own
generated code, producing a confidence score that captures the model’s post-hoc assessment. Bottom (Extrinsic):
We compute Semantic Consensus based on canonicalized ASTs. Fusion: The CCN synthesizes these orthogonal
signals. Crucially, when Extrinsic Consensus saturates (approaches 1.0), the network uses Intrinsic self-verification
to “de-saturate” the confidence, providing a more granular and honest probability estimate.

for parsing anomalies, we define the Intrinsic Self-
Verification score Sintr(y) as a normalized expec-
tation:

Sintr(y) =

{
v

100 if v is a valid parsed integer,
γ otherwise,

(1)
where γ = 0.5 serves as a conservative fallback
penalty for unparsable or evasive responses, reflect-
ing high uncertainty.

Rationale. Generation confidence (derived from
token-level log-probabilities) often misaligns with
correctness, as models can confidently hallucinate
flawed logic. In contrast, Sintr conditions on the
completed logical structure. A lower Sintr score
on a high-consensus output indicates a discrepancy
between generation-time determinism and post-hoc
structural validity, serving as a powerful proxy for
implicit self-doubt.

3.3 Extrinsic Uncertainty: AST-based
Semantic Consensus

To quantify the extrinsic uncertainty, we estimate
the probability mass associated with the semantic
logic of a generated solution. Given a set of K
sampled outputs Y = {yk}Kk=1 from the model
M(x), relying on exact string matching yields a
fragmented distribution due to syntactic variance
(e.g., variable naming, formatting). We mitigate

this by projecting solutions into a canonical seman-
tic space (Liu et al., 2020, 2021c,a).

Equivalence Partitioning. We define a canoni-
calization mapping T : Y → Z , which parses code
into an Abstract Syntax Tree (AST) and applies
structural normalization rules. This induces an
equivalence relation ∼ over the sampled set, where
two solutions are deemed semantically equivalent
if their canonical forms are identical:

yi ∼ yj ⇐⇒ T (yi) = T (yj). (2)

Based on this relation, we partition the sam-
ple space Y into M disjoint equivalence classes
(clusters) C = {C1, C2, . . . , CM}, such that⋃M

m=1Cm = Y and ∀ya, yb ∈ Cm, ya ∼ yb.

Consensus Estimation. For any candidate so-
lution y ∈ Y , let C(y) ∈ C denote the unique
equivalence class containing y. We define the Ex-
trinsic Consensus score Sext(y) as the empirical
probability of the semantic cluster to which y be-
longs:

Sext(y) = P̂ (y | x) = |C(y)|
K

. (3)

Unlike standard Self-Consistency which selects the
mode of the distribution (argmax |Cm|), we assign
this density score to every sample in the cluster.
This provides the subsequent calibration network
with a continuous measure of the model’s surface-
level confidence in that specific logical path.
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3.4 Contextual Calibration Network (CCN)

The core innovation of NEUROSYM-CAL lies
in the fusion of these signals. We employ a
lightweight MLP (Popescu et al., 2009; Dong et al.,
2025; Liu et al., 2021b), the Contextual Calibra-
tion Network (CCN), to map the feature vector
v = [Sintr, Sext, Lcode, Lreason, Ccyc] to a cali-
brated probability p̂, where Lcode and Lreason are
lengths of code and reasoning chains, and Ccyc is
the cyclomatic complexity (Ebert et al., 2016) of
the generated code.

De-saturation Mechanism. The CCN learns a
non-linear interaction between the features. We
hypothesize that the network acts as a conditional
gate:

• When Sext is low (high disagreement), the
model is clearly uncertain; Sext dominates the
prediction.

• When Sext is high (saturation), the network
relies on Sintr to determine the quality of that
consensus.

If a solution has High Consensus (Sext ≈ 1.0)
but Low Self-Verification (Sintr ≪ 1.0), the CCN
learns to penalize the confidence score, effectively
“de-saturating” it to reflect the true empirical risk.

Objective Function. We train the CCN using
a hybrid objective to handle class imbalance and
directly optimize calibration:

L = LFL(p̂, y) + βLSoft−ECE(p̂, y). (4)

where LFL is Focal Loss (Lin et al., 2017). To
ensure differentiability for LSoft−ECE , we employ
a kernel-based soft binning approach (Karandikar
et al., 2021; Liu et al., 2022). Let {cm}Mm=1 be
the fixed centers of M bins. For a sample i with
prediction p̂i, we compute a soft assignment weight
wi,m using a softmax over the Euclidean distance
to bin centers:

wi,m =
exp

(
−(p̂i − cm)2/σ2

)
∑M

k=1 exp (−(p̂i − ck)2/σ2)
. (5)

The Soft-ECE is then calculated as the weighted
absolute difference between average confidence

and accuracy per bin:

LSoft−ECE =

M∑

m=1

Sm

N

∣∣∣∣∣

∑N
i=1wi,mp̂i
Sm︸ ︷︷ ︸

Soft-Confm

−
∑N

i=1wi,myi
Sm︸ ︷︷ ︸

Soft-Accm

∣∣∣∣∣,
(6)

where Sm =
∑N

i=1wi,m is the effective size of bin
m, and σ controls the smoothness of the assign-
ment.

4 Experimental Setup

We design our experiments to rigorously evaluate
the NEUROSYM-CAL framework against diverse
baselines on reasoning-intensive code generation
tasks. Our goal is to validate whether fusing intrin-
sic and extrinsic signals effectively mitigates con-
fidence saturation. We frame our analysis around
three research questions:
RQ1 (Calibration Efficacy): Does incorporating
intrinsic self-verification yield better calibrated con-
fidence scores than methods relying solely on out-
put consistency, particularly in de-saturating over-
confident errors?
RQ2 (Selective Generation): Can NEUROSYM-
CAL effectively filter out incorrect code to improve
the reliability of the system in deployment scenar-
ios (Risk-Coverage analysis)?
RQ3 (Signal Complementarity): Are both the
symbolic consensus and neural self-verification
necessary for optimal calibration, and what are
their respective roles?

4.1 Benchmarks and Models

To ensure our evaluation reflects the capabilities
of modern reasoning models and avoids training
data contamination, we employ three challenging,
execution-based benchmarks:

LiveCodeBench (LCB) (Jain et al., 2024). We
utilize the Test split of LCB (v2406–v2506), con-
sisting of 400 LeetCode-style contest problems.
Because the three evaluated models have differ-
ent knowledge cutoffs (Qwen2.5-Coder-32B ≈
2024-07, DeepSeek-R1-Distill-Llama-70B ≈ 2024-
07, Llama-3.3-70B ≈ 2024-12), only problems
released strictly after a given model’s cutoff are
treated as out-of-distribution for that model. We
report the held-out subset per model and follow
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the LCB convention of treating the full v2406–
v2506 window as a harder-than-training testbed
rather than a universally OOD set.

HumanEval-Pro (Yu et al., 2025). An extension
of the classic HumanEval dataset that includes ad-
ditional, more rigorous hidden test cases. This mit-
igates the issue of “false positives” where models
overfit to simple public tests, allowing for a more
accurate ground-truth correctness label.

DS-1000 (Lai et al., 2023). A data science
coding benchmark comprising 1,000 real-world
Python problems requiring the use of libraries like
Pandas and NumPy. This dataset tests the model’s
ability to handle complex API logic and multi-step
data manipulation, providing a different reasoning
flavor than algorithmic puzzles.

For all datasets, we use the provided canonical
solutions and test suites to determine the binary
correctness label y ∈ {0, 1}.

Training Data and CCN Implementation. To
strictly prevent data leakage and rigorously eval-
uate Out-Of-Domain (OOD) generalization, the
Contextual Calibration Network (CCN) is trained
on a completely disjoint corpus. Specifically, we
construct our training set using the APPS (Intro-
ductory split) (Hendrycks et al., 2021) combined
with an older, historical split of LiveCodeBench. To
capture a realistic distribution of “high-consensus
but incorrect” negative samples (i.e., entrenched
hallucinations) (Liu et al., 2023; Liu, 2024) for the
CCN to effectively learn the de-saturation mech-
anism, we sample the training trajectories at the
same temperature used for inference (T = 0.6).
This ensures strict consistency in the consensus dis-
tribution between training and evaluation. None
of the evaluation benchmarks overlap with this
training set. For reproducibility, the CCN is imple-
mented as a lightweight 3-layer MLP with hidden
dimensions [64, 32]. We train the network for 50
epochs using the AdamW optimizer with a learn-
ing rate of 1e-3 and a batch size of 128. The soft-
binning parameter is set to σ = 0.05 and the loss
weighting factor to β = 0.5.

We evaluate our method on three state-of-the-art
open-weight models that exhibit strong reasoning
capabilities:

• DeepSeek-R1-Distill-Llama-70B (Guo
et al., 2025): A distilled reasoning model
that explicitly generates CoT traces. This

is our primary subject for analyzing the
Reasoning-Execution Gap.

• Qwen2.5-Coder-32B-Instruct (Hui et al.,
2024): Currently one of the strongest open-
source code-specific models.

• Llama-3.3-70B-Instruct (Grattafiori et al.,
2024): A general-purpose strong baseline to
test the universality of our method.

All models are run in half-precision (BF16) us-
ing the vLLM inference engine. We set the sam-
pling temperature to T = 0.6 and top-p = 0.95
to encourage diversity for our extrinsic uncertainty
estimation, generating K = 10 samples per prob-
lem. For intrinsic self-verification, we prompt each
model to rate its own solutions with temperature
T = 0.

4.2 Baselines

We compare NEUROSYM-CAL against a compre-
hensive set of calibration strategies, categorized
into three groups to highlight different levels of
sophistication:

I. Standard Baselines (Logit-based). These
methods rely solely on the output token probabili-
ties, representing the default uncertainty estimation
capability of the LLM.

• AvgLogit: The exponential of the average log-
probability. We report AvgLogit-Code (proba-
bilities averaged over code tokens only) as it
typically outperforms full-sequence averaging
for correctness prediction.

• Platt Scaling (Platt et al., 1999): A para-
metric approach that fits a logistic regression
model on the AvgLogit-Code scores to correct
global miscalibration.

• P-True (Kadavath et al., 2022): We prompt
the model to verbally estimate the probability
that its generated solution is correct.

II. Strong Baselines (Consistency-based).
These methods utilize sampling diversity to
estimate uncertainty, currently considered the gold
standard for reasoning tasks. SC (Wang et al.,
2022): We sample K = 10 solutions and define
confidence as the percentage of samples that are
strictly identical (string match) to the majority
vote.
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III. State-of-the-Art Baseline (Multicalibration).
We implement the most effective multicalibration
approach identified in recent literature (Campos
et al., 2025) to serve as our primary competitor.
Iterative Grouped Linear Binning (IGLB): This
method iteratively refines calibration errors across
intersecting groups. Following prior work on code
generation, we define groups based on cyclomatic
complexity and code length. IGLB represents the
best-performing metadata-driven calibration tech-
nique, allowing us to directly compare our neuro-
symbolic features against explicit metadata group-
ing.

4.3 Metrics

We assess performance using three complementary
metrics:

• Expected Calibration Error (ECE): We use
the unbiased estimator with M = 10 bins to
measure the average discrepancy between con-
fidence and accuracy (Posocco and Bonnefoy,
2021).

• Brier Score (BS): The mean squared error be-
tween predicted probabilities and binary out-
comes. Lower is better (Rufibach, 2010).

• AUROC: The Area Under the Receiver Op-
erating Characteristic curve. This measures
the discriminative power of the confidence
score, i.e., how well it separates correct from
incorrect code, independent of the calibration
threshold (McDermott et al., 2024).

5 Experimental Results

5.1 Main Results: Calibration Performance
(RQ1)

Table 1 presents the calibration performance across
three benchmarks. NEUROSYM-CAL consistently
achieves superior calibration compared to standard
baselines, validating the efficacy of fusing extrinsic
and intrinsic uncertainty signals.
Mitigation of Confidence Saturation. On the
OOD LiveCodeBench, our method yields the most
significant gains, reducing Expected Calibration Er-
ror (ECE) by 37.4% compared to Self-Consistency
(0.072 vs. 0.115) for DeepSeek-R1. The improve-
ment in Brier Score (0.182 vs. 0.198) further con-
firms that our framework penalizes overconfident
errors more effectively than consensus alone. This
confirms that the CCN acts as a conditional gate,

successfully de-saturating confidence when self-
verification (Sintr) contradicts surface-level con-
sensus (Sext).

Generalization vs. Statistical Baselines. A nu-
anced trend emerges when comparing against the
multicalibration baseline IGLB. On in-distribution
tasks (HumanEval-Pro), IGLB remains highly
competitive (ECE 0.038 vs. 0.035), suggesting
that statistical binning based on code metadata
(length, complexity) is sufficient for standard prob-
lems. However, on the complex OOD logic of
LiveCodeBench, NEUROSYM-CAL regains the ad-
vantage (ECE 0.072 vs. 0.078). This indicates that
while metadata captures aleatoric noise in simple
distributions, intrinsic self-verification is essential
for capturing epistemic uncertainty in harder, un-
seen reasoning trajectories.

Discriminative Power. In terms of ranking (AU-
ROC), our method attains the best score on LCB
(0.805), though the margin over IGLB (0.798) is
modest. This indicates that while Extrinsic Con-
sensus drives the primary ranking of solutions, the
Intrinsic module is most useful for the probability
scaling required to minimize ECE rather than for
re-ordering candidates.

5.2 Selective Generation (RQ2)

To assess practical utility, we evaluate selective gen-
eration, where the system abstains from predictions
below a confidence threshold. Figure 3 illustrates
the Risk-Coverage (RC) curves on LiveCodeBench.
NEUROSYM-CAL demonstrates a superior risk pro-
file, minimizing the error rate at equivalent cover-
age levels. Quantitatively, our framework reduces
the Area Under Risk-Coverage (AURC) by 6.7%
relative to the strongest baseline (IGLB) and 35.7%
relative to SC.

The performance advantage is most pronounced
in the operational coverage interval (20%–80%).
In this regime, standard SC suffers from satu-
ration, assigning near-perfect confidence to “en-
trenched hallucinations” which prevents effective
filtration. In contrast, NEUROSYM-CAL lever-
ages self-verification (Sintr) to detect unreliable
solutions within these high-consensus errors. By
pulling these samples down from near-saturated
confidence to intermediate values, our framework
re-ranks the generation queue so that the system pri-
oritizes genuinely robust solutions over confidently
wrong ones, acting as a safety filter for deployment.
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Model Method LiveCodeBench (OOD) HumanEval-Pro DS-1000 (Data Sci)

ECE ↓ BS ↓ AUC ↑ ECE ↓ BS ↓ AUC ↑ ECE ↓ BS ↓ AUC ↑

DeepSeek-R1
(Distill-70B)

AvgLogit 0.155 0.231 0.710 0.120 0.215 0.735 0.145 0.228 0.698
Platt Scaling 0.085 0.218 0.710 0.075 0.185 0.735 0.091 0.208 0.698
P-True 0.132 0.225 0.738 0.105 0.205 0.755 0.125 0.215 0.722
Self-Consistency 0.115 0.198 0.792 0.095 0.168 0.810 0.105 0.188 0.765
IGLB (SOTA) 0.078 0.195 0.798 0.038 0.150 0.825 0.062 0.180 0.780

NS-CAL (Ours) 0.072 0.182 0.805 0.035 0.148 0.828 0.055 0.172 0.792

Qwen2.5
(Coder-32B)

AvgLogit 0.138 0.228 0.725 0.115 0.212 0.748 0.132 0.225 0.715
Platt Scaling 0.092 0.215 0.725 0.068 0.182 0.748 0.088 0.205 0.715
P-True 0.118 0.222 0.752 0.098 0.198 0.768 0.115 0.212 0.738
Self-Consistency 0.108 0.195 0.801 0.088 0.162 0.822 0.098 0.185 0.778
IGLB (SOTA) 0.075 0.192 0.805 0.040 0.145 0.838 0.065 0.175 0.795

NS-CAL (Ours) 0.051 0.178 0.812 0.038 0.140 0.840 0.058 0.168 0.805

Llama-3.3
(70B-Instruct)

AvgLogit 0.142 0.230 0.705 0.125 0.218 0.728 0.135 0.226 0.692
Platt Scaling 0.095 0.216 0.705 0.072 0.188 0.728 0.092 0.210 0.692
P-True 0.128 0.224 0.730 0.108 0.208 0.745 0.122 0.218 0.715
Self-Consistency 0.112 0.202 0.785 0.092 0.172 0.805 0.102 0.192 0.758
IGLB (SOTA) 0.082 0.196 0.790 0.045 0.155 0.818 0.075 0.184 0.772

NS-CAL (Ours) 0.075 0.185 0.798 0.042 0.150 0.820 0.065 0.176 0.785

Table 1: Main Calibration Results. Best results are bolded, second-best are underlined.
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Figure 3: Risk-Coverage Curves on LiveCodeBench.

5.3 Ablation Study (RQ3)

To validate the complementarity of our neuro-
symbolic components, we conduct an ablation
study on LCB using DeepSeek-R1. Table 2 sum-
marizes the performance impact of removing or
simplifying specific modules.
Orthogonality of Signals. The results highlight
distinct roles for extrinsic and intrinsic features.
Removing Extrinsic Consensus (Sext) causes the
sharpest decline in AUROC (0.805 → 0.745), con-
firming that consensus remains the primary dis-
criminator for ranking solutions. Conversely, re-
moving Intrinsic Self-Verification (Sintr) degrades

Configuration ECE ↓ BS ↓ AUC ↑ ∆ ECE

NEUROSYM-CAL (Full) 0.072 0.182 0.805 -

w/o Intrinsic (Sintr) 0.082 0.192 0.799 +13.9%
w/o Extrinsic (Sext) 0.125 0.220 0.745 +73.6%
w/o AST (String Match) 0.089 0.188 0.798 +23.6%

Table 2: Ablation Results on LiveCodeBench.

ECE (+13.9%) and Brier Score (+5.5%) while
only mildly affecting AUROC. This is consistent
with our hypothesis that self-verification functions
mainly as a calibration regularizer: it re-ranks so-
lutions only weakly, but scales probabilities by de-
tecting unreliable code in high-consensus errors.
Necessity of Symbolic Abstraction. Replacing
AST canonicalization with naive string matching
(w/o AST) increases ECE (0.072 → 0.089). This
indicates that syntactic noise (e.g., formatting, vari-
able naming) dilutes the consensus signal. Struc-
tural parsing is essential to filter aleatoric noise and
recover the true epistemic distribution.

6 Conclusion

In this work, we address the challenge of Confi-
dence Saturation in reasoning-enhanced code gen-
eration, where standard consistency methods fail
to detect entrenched hallucinations. We introduce
NEUROSYM-CAL, a hierarchical framework that
fuses extrinsic AST-based symbolic consensus with
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a novel intrinsic self-verification analysis. By lever-
aging the model’s own post-hoc re-evaluation of its
generated code, our method effectively identifies
unreliable solutions even when output consensus
saturates. Empirical results across multiple bench-
marks demonstrate that NEUROSYM-CAL achieves
state-of-the-art calibration error and superior selec-
tive generation performance, particularly in out-of-
distribution scenarios. Our findings underscore that
reliable uncertainty estimation in code generation
requires moving beyond output agreement to probe
the model’s own assessment of its solutions. Fu-
ture work will explore leveraging these calibrated
signals to guide iterative self-correction in complex
reasoning domains (Lin et al., 2025).

7 Limitations

While NEUROSYM-CAL demonstrates significant
advancements in calibrating reasoning-oriented
code generation models, we acknowledge several
limitations that define the boundaries of our current
work and point towards future research directions.

Dependency on Self-Evaluation Capability.
Unlike our initial explorations into white-box la-
tent probing, the finalized Intrinsic module relies
on the model’s ability to critically evaluate its own
generated code via self-verification. While this
elegantly removes the need for white-box access
to internal states (gradients or hidden representa-
tions) and broadens applicability to closed-source
APIs, it heavily assumes that the model possesses
sufficient meta-cognitive ability to assess code cor-
rectness. For smaller or less capable models (e.g.,
< 7B parameters), self-verification scores may col-
lapse or become uninformative. Future work could
investigate decoupling this by using a separate, spe-
cialized verifier model.

Inference Latency and Computational Over-
head. The overall framework incurs higher com-
putational costs compared to greedy decoding. The
Extrinsic module requires sampling K solutions
(where K = 10 in our experiments) and parsing
them into ASTs. The Intrinsic module requires
an additional inference pass for self-verification.
While both can be parallelized, they increase the
token consumption. This trade-off between calibra-
tion reliability and inference latency may restrict
deployment in strictly real-time, low-latency cod-
ing assistants, though it remains highly viable for
asynchronous tasks like automated code review or

repository-level synthesis.

Language-Specific Symbolic Constraints. The
Semantic Equivalence Clustering relies on ro-
bust AST parsers and manually defined canoni-
calization rules (e.g., normalizing variable names
and loops). In this work, we implemented
rules for high-resource languages (Python). Ex-
tending NEUROSYM-CAL to low-resource lan-
guages, domain-specific languages (DSLs), or
mixed-language scenarios requires engineering ef-
fort to develop corresponding parsers and transfor-
mation rules. A purely neural or language-agnostic
approach to semantic equivalence remains an open
challenge.
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