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Abstract

LLM Agents achieve strong performance on
complex reasoning tasks but remain poorly cal-
ibrated, often assigning unjustified confidence
to incorrect intermediate steps. Most existing
confidence estimators operate primarily at the
answer level, and therefore fail to model how
uncertainty evolves and propagates across inter-
mediate reasoning steps. Factor graphs provide
a natural fit for this setting: they decompose
global trajectory uncertainty into local depen-
dency factors and use message passing to prop-
agate and fuse evidence across steps, yielding
principled step-wise belief updates. Motivated
by this alignment, we propose the first frame-
work that converts an agent’s multi-step trajec-
tory into a factor graph for step-wise confidence
modeling, explicitly capturing step-to-step de-
pendencies so that uncertainty can be propa-
gated and calibrated throughout the entire rea-
soning process. Building on this factor-graph
view, we further leverage reinforcement learn-
ing to align the model’s verbal confidence with
calibrated step-level uncertainty estimates. Ex-
periments on six QA benchmarks demonstrate
improved calibration and stronger overall per-
formance. !

1 Introduction

LLMs have demonstrated strong performance
across a diverse spectrum of tasks such as scien-
tific reasoning, coding, web browsing, etc (Achiam
et al., 2023; Phan et al., 2025; Jimenez et al., 2023;
Wu et al., 2025; Wei et al., 2025). Nevertheless,
even the strongest LLMs remain prone to halluci-
nations and overconfident errors (Kalai et al., 2025;
Chhikara, 2025; Kapoor et al., 2024). Accurate self-
assessment of confidence thus becomes essential,
as well-calibrated confidence scores allow users
and downstream systems to decide when to rely
on model outputs (Tao et al., 2024; Zhang et al.,
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2025). Prior work has examined confidence esti-
mation methods such as verbalized scores, token
probabilities, and self-reflection (Kotelanski et al.,
2023; Zhang et al., 2024; Wang et al., 2024; Li
et al., 2024), but these approaches mostly target
single-step tasks. In contrast, confidence estima-
tion in long-horizon agentic settings involving ex-
ternal input and adaptive reasoning remains under-
explored (Yao et al., 2024; Barres et al., 2025; Patil
et al.; Ou et al., 2025). These scenarios introduce
more challenges for LLM agents, as prior work
has revealed their tendency to forget previously
acquired information and their difficulty in recov-
ering from earlier errors. This ultimately results in
an unreliable estimation of confidence in the final
output (Chen et al., 2025; Zhao et al., 2024; Liu
et al., 2024). Recent work has begun to explore
agent-level uncertainty estimation by modeling en-
tire reasoning trajectories. These methods typically
rely on heuristic aggregation strategies and lack
a principled probabilistic framework (Zhao et al.,
2024). They cannot explicitly model the structural
dependencies among states, actions, and observa-
tions across steps, nor do they provide a mechanism
to correct miscalibrated beliefs in a step-wise and
interpretable manner.

Factor graph (Kschischang et al., 2002; Loeliger,
2004) are well-suited for long-horizon reasoning
because they decompose the global uncertainty of
a multi-step trajectory into a set of local depen-
dency factors and use message passing to propa-
gate and fuse evidence across steps, thereby nat-
urally enabling step-wise confidence calibration.
Motivated by this insight, we propose a structured,
calibrated, and interpretable framework for multi-
step uncertainty modeling: a factor-graph calibra-
tion system for agentic trajectories. We first repre-
sent each multi-step trajectory via a State—Action—
Observation decomposition, and then convert it
into a probabilistic factor graph whose factors ex-
plicitly capture step-to-step dependencies. In this
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graph, token-level model probabilities provide pri-
ors over step confidences, while supervision from
an external judge is injected as evidence. By per-
forming bidirectional belief propagation (Murphy
et al., 2013), the agent can revise miscalibrated be-
liefs using evidence, yielding globally consistent
posterior confidence estimates across the entire tra-
jectory. Building on these calibrated posteriors,
we further introduce a step-wise calibration-guided
reinforcement learning objective to directly cali-
brate the agent’s verbal confidence. Specifically,
we treat the posterior beliefs produced by factor-
graph inference as step-level calibration targets
and optimize the policy so that its declared con-
fidence aligns with these evidence-corrected proba-
bilities. Our method provides step-level, evidence-
grounded supervision, encouraging the agent to
adjust confidence appropriately when evidence is
missing, noisy, or misleading. Experiments on
six QA benchmarks demonstrate improved calibra-
tion and stronger overall performance, highlighting
the effectiveness of factor-graph-based uncertainty
modeling for long-horizon LLM agents.

2 Preliminary

2.1 SAO Decomposition Framework

We study interactive tasks with partial observa-
tions, following prior work (Song et al., 2024; Qiao
et al., 2024) and formulate them as a POMDP
U,S8,A,0,T,R) interaction. Here, U denotes
natural-language instructions, and S, A, and O are
the state, action, and observation spaces, respec-
tively. The environment defines the transition func-
tion 7" and the reward function R : S x A — [0, 1].
For language agents, all components are repre-
sented in natural language. We adopt ReAct (Yao
et al., 2022), which generates rationales before ac-
tions. At time step t, the trajectory prefix is

7 = (a1,01,...,a¢,01) ~mp(m | w) (1)

The above formulation abstracts the agent—
environment interaction but omits the agent’s in-
ternal reasoning dynamics. We therefore introduce
a SAO decomposition (depicted in Fig 1 Phase
1), representing each step ¢ with three latent vari-
ables: a belief state Sy, an action Ay (e.g., retrieval
or answer), and the resulting observation O; that
updates S;. The resulting trajectory prefix is

Tt = (817a17017' . '7St7at70t) ~ 7T0<7't ‘ U) (2)

2.2 Factor Graph

A factor graph is a bipartite probabilistic graphical
model that represents the factorization of a joint
probability distribution (Loeliger, 2004; Kschis-
chang et al., 2002). It consists of two types of
nodes, variable nodes and factor nodes, connected
through edges that represent probabilistic depen-
dencies. Each factor node encodes a local potential
function over its neighboring variables, allowing
inference through message passing. Forward belief
propagation performs iterative message passing be-
tween factor nodes and variable nodes on a factor
graph: factor-to-variable messages are computed
by marginalizing all other variables, and the prior
belief b~ (X) of a variable is obtained by taking
the product of incoming factor messages followed
by normalization. Backward belief propagation
then propagates an additional set of backward mes-
sages [ from the reverse direction and fuses them
with the forward information « via normalization
to produce the posterior belief b (X), thereby in-
tegrating evidence from both sides of the graph.
More Detail about factor graph in Appendix A.2.

3 Factor Graph From Agent Trajectory

To model and calibrate uncertainty propagation
along multi-step reasoning trajectories, we intro-
duce a factor-graph formulation. We convert each
agent trajectory into a probabilistic graph that over-
lays the implicit reasoning of the model, combin-
ing span-level confidence signals, step-wise de-
pendency factors, and outcome-level evidence to
produce globally consistent calibrated confidence
along the trajectory, depicted in Fig 1 Phase 2.

3.1 Opverall Graph Structure

Given a reasoning trajectory of length 7', we
represent each step using three variable nodes:
((St, At, O¢),t = 0...T—1) denoting respectively
the internal state, action reliability, and observation
correctness at step t. These variable nodes are
connected through five types of factor nodes, each
encoding a specific probabilistic dependency.

(1) Prior Factor: ¢priorS; and ¢priorA; define the
model’s intrinsic confidence in the state and action
before receiving any external evidence, see Sec 3.2
for detail.

(2) Transfer Factor: ¢g, 4, and ¢, ,s, capture
the dependencies between consecutive reasoning
variables, linking each state with its correspond-
ing action and connecting the previous observation
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Figure 1: Overview of calibration-guided reinforcement learning framework. Phase 1 rollouts multi-step trajectories.
Phase 2 performs factor-graph calibration via forward belief propagation and backward belief propagation to obtain
calibrated posteriors. Phase 3 computes step-wise calibration rewards and updates the policy.

with the current state. These factors are parameter-
ized by a confidence prediction transformer (CPT),
which models the transition likelihoods between
adjacent variables, see Sec 4 for detail.

(3) Observation Factor: ¢ 4,0, enforce consis-
tency between actions and their resulting observa-
tions. They are modeled as near-identity matrices:

€

1_
¢At0t(At7Ot)_|: 86 1 :|, ekl

implying that a correct action is highly likely to
produce a consistent observation.

3.2 Priors from Internal Confidence

Inspired by (Fu et al., 2025), we derive span-level
confidence solely from the model’s token-level
sampling probabilities obtained from the vLLM
(Kwon et al., 2023) decoding path. Our training
template is depicted in A.6. For each tagged seg-
ment ( <think>, <search>, <answer>), we collect
the sampling probability assigned to every emitted
token within that segment, and define the segment
confidence as the arithmetic average of these to-
ken probabilities. We then map the resulting confi-
dences for the reasoning and action segments into
priors over the corresponding variable nodes:

(;Sprior(St) = [1_037 CS]7¢prior(At) = [1_CA7 CA]

where cg and c4 are the span level confidence
extracted from the <think> and <search> or

<answer>. We parse the value enclosed in the
<confidence> </confidence> tags as the self-
reported verbal confidence for the current action.

3.3 Exponentially Decayed Evidence Injection

When the model’s final answer is verified against
the ground truth, the correctness signal is intro-
duced as binary evidence attached to observation
nodes O;. The evidence strength decays exponen-
tially from the last step backward:

_ T—1-—t
St = max(smin, Smax Y )

[1 — sy s¢], if correct
e =
[st, 1 — s, if incorrect

This introduces an RL-style discount factor -~
to exponentially decay the final correctness evi-
dence backward across earlier steps, avoiding over-
penalizing early steps.

3.4 Forward and Posterior Inference

For each reasoning trajectory, two inference passes
are performed to model the propagation and correc-
tion of uncertainty.

(1) In the forward pass, message passing is con-
ducted from left to right using confidence-derived
priors, producing the marginal distributions b (X)
that describe the model’s evolving belief states
along the reasoning path.



(2) In the backward pass, external evidence de-
rived from the correctness of the final answer is
injected into the observation nodes and propagated
backward through the graph, yielding the calibrated
posteriors b*(X). These posterior beliefs serve as
the calibrated ground-truth probabilities for each
variable node. All inference is implemented using
Loopy Belief Propagation (LBP) (Murphy et al.,
2013; Ihler et al., 2005) with normalization to en-
sure consistent marginal probabilities under approx-
imate inference.

4 Construction CPT for Variable Node

To obtain probabilistic estimates for variable nodes
within the factor graph framework, we train a Con-
fidence Prediction Transformer that learns to ap-
proximate the conditional probability tables (CPT)
governing node transitions, depicted in 2.

4.1 Trajectory Collection

We first collect multi step reasoning trajectories
from manus agent rollouts (Liang et al., 2025),
where each trajectory 7 = {(s¢, ar, 01)}1_o con-
sists of intermediate reasoning states s;, actions ay,
and corresponding observations o;. Each triple
captures one local transition in the agent’s be-
lief—propagation process, see Appendix A.3 for
more information.

4.2 SA And OS Decomposition

We first collect multi step trajectories 7 =
{(st,ar,0¢)}y with a strong closed-source
model (GPT-5) , then assign a binary label us-
ing ground truth: if the final answer matches the
ground truth, the whole trajectory is labeled y = 1;
otherwise y = 0. We assume label consistency
along the path, i.e., every step in a correct (incor-
rect) trajectory is treated as correct (incorrect). We
then decompose 7 into two supervised edge types:
(1) State-Action (SA) pairs (254, y) with 254 =
(history context, a;), capturing the quality of
proposing a; from the current reasoning state.
(2) Observation-State (OS) pairs (z°5,7) with
195 = (history context, s, 1), measuring the con-
sistency of the next state with current evidence.
For each pair, we additionally obtain a soft re-
liability score p € [0, 1] by prompting an exter-
nal LLM judge, forming triplets (254, v, p) and
(295,y,p). We then filter the data by retaining
only those pairs whose judged confidence aligns
with the binary label, i.e., [p — y| < 0.3. The re-
maining SA pairs (Dsa) and OS pairs (Dos) are

used to train and evaluate the CPT model for condi-
tional probability estimation; dataset statistics are
provided in Appendix A.3.1.

4.3 Mixed Data Training

We combine Dsp and Dgg into a unified dataset
D = DsaUDgs and train a lightweight transformer
classifier Py(y=1 | z) to approximate the con-
ditional probabilities of variable—node transitions.
Soft supervision is applied through the objective

£(9) = _E(:v,p)N'D plog PQ(yzl | :E)
+(1 - p)log(1 = Py(y=1 | 2)]

which aligns the model’s predicted node—transition
likelihoods with the judged confidences.

3

4.4 Integration Into Factor Graph

A post-hoc temperature—bias calibration (7', b) is
optimized on a held—out validation set via logistic
regression: p = o((d + b)/T) where d = {1 — {y
is the logit margin. The calibrated confidence p
serves as the estimated conditional probability for
the corresponding variable node in the factor graph.
During inference, each factor node consumes p val-
ues from connected CPT predictors, and the graph
performs belief propagation to update marginal dis-
tributions across reasoning steps.

4.5 CPT Evaluation

To assess both the prediction quality and probabil-
ity calibration of the CPT model, we compare its
predicted probability p = Py(y=1 | =) against the
reference target p provided by an external LLM
judge. We report a suite of probability-level met-
rics that capture complementary aspects of calibra-
tion and distributional mismatch, including ¢; error,
MSE, soft cross-entropy (Soft-CE), KL divergence,
and Jensen—Shannon (JS) divergence. We evaluate
CPT calibration across four backbones: Qwen2.5-
7B-Instruct, Qwen3-4B-Instruct, Qwen3-4B-Base,
and Qwen3-1.7B-Base (Team et al., 2024; Yang
et al., 2025). For each backbone, we compute all
metrics both before and after applying our calibra-
tion procedure. The full evaluation protocol and
metrics are provided in Appendix A.3.3.

S Step-wise Calibration-Guided RL

To integrate calibration into RL optimization, we
design a calibration reward based on the posterior
probabilities estimated via factor-graph inference,
depicted in Fig 1 Phase 3.
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Figure 2: Construction of SA/OS pairs and training of the Confidence Prediction Transformer(CPT) classifier.

5.1 Step-wise Reward

For each reasoning step ¢, we compute a step-wise
score s; that combines format correctness, confi-
dence quality, calibration agreement.

(1) Format Gating A step is rewarded only if
its textual structure satisfies all required formatting
constraints. We define a step as format-valid when
the generated segment contains:

* One pair of reasoning tags: it must include one
<think></think> block;

* One pair of confidence tags: it must include at
least one <confidence></confidence> block;

* One action tag: <search></search> and
<answer></answer>, exactly one must appear.

Formally, a step is valid if and only if:

) <think> A <confidence>
valid, =1
A (<search> @ <answer>)

where @ denotes exclusive OR.
We then define the format reward as:

1, ifthestepis f t-valid
R{m‘ :{ if the step is format-vali @

0, otherwise

(2) Calibration Agreement Each step predicts
a verbal confidence ¢; € [0, 1] extracted from the
model’s generated score. This confidence reflects
the model’s self-reported confidence in the step’s
correctness. The factor-graph inference produces
a posterior marginal p; for the step action. We

measure the agreement between verbal confidence
and posterior belief via:

R =1 — |e — py (5)

This encourages verbal confidence to be numeri-
cally consistent with probabilistic inference.

(3) Combined Step-wise Score The final step
reward is a normalized weighted combination:

s = Rgmt + R;:alib (6)

5.2 Trajectory-level Reward Aggregation

Given a trajectory with 7" reasoning steps, the tra-
jectory reward aggregates the step-wise scores, to-
gether with a terminal correctness bonus:

1 T

Ryeps = 7 ) 51 (7
t=1

Rtraj = Rsteps + Rfinal (8)

where Rgna = 1 if the final predicted answer is
correct and O otherwise; Algorithm 1 for detail.

6 Experimental Settings

6.1 Datasets

We evaluate on six benchmark datasets, categorized
as follows: (1) General Question Answering: NQ
(Kwiatkowski et al., 2019) , TriviaQA (Joshi et al.,
2017), and PopQA (Mallen et al., 2022). (2) Multi-
Hop Question Answering: HotpotQA (Yang et al.,
2018), 2WikiMultiHopQA (Ho et al., 2020), and
Bamboogle (Press et al., 2022).



Algorithm 1: Trajectory-Level Reward

Input: Rollout trajectory 7 = { (S, A¢, Oy) }ieq
Output: Total trajectory reward Ris;

1. Forward Belief Propagation
Propagate beliefs forward without evidence.
Compute forward marginals:

by (1), b, (Ar), by (Or)

2. Backward Belief Propagation
Propagate beliefs backward with evidence.
Compute posterior marginals:

b (St), b (Ae), b (Or)
3. Step-Wise Reward Computation
R[raj +~—0
fort =1to T do

Format validation:
<think> A <confidence> >

A (<search> & <answer>)
if valid; = 0 then
‘ RI™ 0,
continue

valid; < I

s¢ <+ 0

end

R 1

Calibration agreement:

Get verbal confidence c; and posterior belief
pe = b (Ar).

Rialib —1-— ‘Ct _pt|

Combined step reward:

St Rgml + Rialib

Accumulate:

lej — lej + st

end

4. Terminal Bonus
Rtraj — %Rtraj + Rfinal

return R,

6.2 Trajectory-Level Confidence Aggregation

After obtaining the step-wise confidence scores c;
at each reasoning step, we aggregate them into
trajectory-level confidence metrics. For a trajectory
consisting of 7' reasoning steps with per-step con-
fidences ctthl, following (Zhao et al., 2025a), we
compute five aggregated statistics: (1) arithmetic
mean, (2) root mean square, (3) geometric mean,
(4) maximum, and (5) KL-weighted mean. The
detailed definitions of these metrics and aggression
method are provided in Section A.4.

6.3 Evaluation Metrics

We evaluate calibration from two levels of granu-
larity: trajectory-level and step-level—and further
analyze Evidence Gain.

(1) Trajectory-Level Calibration We first mea-
sure whether the aggregated confidence of an entire
reasoning trajectory aligns with its final correctness.
We report the standard Expected Calibration Er-

ror (ECE) (Guo et al., 2017; Chen et al., 2022):

B
ECE:Z%\@Z,—@H )
b=1
and AUCROC (Hendrycks and Gimpel, 2016),
which quantifies the discriminative ability of
trajectory-level confidence using:

1
AUCROC = / TPR(FPR™'(2))dz (10)
0

These metrics capture global correctness calibra-
tion but do not reveal whether the model is cali-
brated within a multi-step reasoning process.

(2) Step-wise Calibration (Step-ECE) To as-
sess calibration at a finer granularity, we introduce
Step-wise Judge-ECE, which measures how well
the model’s step-level confidence aligns with step
correctness assessed by an external LLM judge.
For each example ¢ with T} reasoning steps, let ¢; ¢
denote the model-reported confidence at step ¢, and
let p; ; denote the judge-assigned correctness score.

1 M 1 T;
Step-ECE = — — 5" eie — ps
o= 33 (13 i

i=1

(11)
Unlike trajectory-level calibration metrics that only
evaluate the final answer, Step-wise Judge-ECE
directly captures whether the agent remains cali-
brated throughout intermediate reasoning.

(3) Evidence Gain on ECE and AUC To di-
rectly measure how external information affects
calibration quality, we introduce ECE Gain and
AUC Gain by comparing the same model evalu-
ated with evidence versus without evidence. Let
ECE"!*h and ECE" denote the ECE under the
two settings, and AUCY™" and AUC™® denote the
AUROC scores for confidence correctness discrim-
ination.

ECE-Gain = ECE™ — ECEVith
AUC-Gain = AUCWIth _ AyCme

(12)
(13)

A positive ECE-Gain indicates that external in-
formation reduces miscalibration, while a posi-
tive AUC-Gain shows that external information
strengthens the separability between correct and
incorrect steps.

(4) Task Accuracy Finally, we report end-task
accuracy to confirm that improvements in calibra-
tion do not compromise reasoning performance.



Dataset | Model ‘ GMEAN ‘ RMS
‘ ‘ ECE-F ECE-B ECE-V AUC-F AUC-B AUC-V ‘ ECE-F ECE-B ECE-V AUC-F AUC-B AUC-V
3B-Base 0.6776  0.5496 0.5010 0.4940 0.8172 0.4876 | 0.7038 0.6415 0.5278 0.5041 0.7792 0.5409
Base-RL 0.5099 0.3519 0.3646 0.6878  0.9387 0.6330 | 0.5404 0.4796 0.3923  0.6809 0.9181 0.6466
HotpotQA i— i — i i — _— —
3B-Instruct | 0.5115 0.3585 0.3754 0.4984  0.9480 0.5390 | 0.5293 0.4459 0.4284  0.5002 0.9350 0.5198
Ins-RL 0.2864 0.2266 0.2546  0.6551 0.9452 0.6678 | 0.3183 0.2961 0.2713  0.6598 0.9163 0.6767
3B-Base 0.6257 0.5137 0.4240 0.5133 0.8601 0.6188 | 0.6584 0.6016 0.4503  0.4988 0.8182 0.6569
PopQA Base-RL 0.4035 0.2973 0.2244  0.6801 0.9516 0.7019 | 0.4369 0.3936 0.2521 0.6776 0.9207 0.7138
3B-Instruct | 0.4965 0.3412 0.3008 0.5928  0.9633 0.6763 | 0.5102 0.4342 0.3875 0.5929 0.9481 0.6000
Ins-RL 0.2703 0.2032 0.2040 0.6816  0.9451 0.7427 | 0.2844 0.2705 0.2077 0.6792 0.9254 0.7286
‘ 3B-Base ‘ 0.7047 0.5895 0.4927 0.5125 0.8414 0.5416 ‘ 0.7327 0.6773  0.5294 0.5044  0.8073 0.5605
2WikiMultiHopQA Base-RL 0.4574 0.3281 0.3381 0.6058  0.8901 0.6463 | 0.4956 0.4439 0.3558  0.5999 0.8422 0.6504
3B-Instruct | 0.4627 0.3466 0.3315 0.4960  0.9223 0.5315 | 0.4855 0.4186 0.3670  0.4965 0.8962 0.5324
Ins-RL 0.2902 0.2298 0.2389 0.6464 0.9044 0.6471 | 0.3120 0.2913 0.2533  0.6533 0.8683 0.6399
3B-Base 0.7439  0.6048 0.5887 0.7115 0.9398 0.4643 | 0.7819 0.7078 0.6123  0.7115 0.9132 0.4524
Base-RL 0.5578 0.4078 0.3709  0.6591 0.9185 0.6426 | 0.5909 0.5396 0.4144 0.6646 0.8965 0.6591
Bamboogle — e T e | e li— —
3B-Instruct | 0.5568 04210 0.4121 0.5237 0.9375 0.6576 | 0.5665 0.5152 0.4822 0.5039 0.9341 0.6562
Ins-RL 0.4184 0.2710 0.3821 0.6872  0.9579 0.7018 | 0.4483 0.3904 0.4035 0.6928 0.9509 0.7012
3B-Base 0.6131 04813 0.4569 0.5053 0.8498 0.5998 | 0.6345 0.5691 0.4796  0.5059 0.8127 0.6248
NQ Base-RL 0.3830 0.2744 0.1943 0.7688  0.9549 0.6501 | 0.4041 0.3773 0.2100 0.7597 0.9452 0.6884
3B-Instruct | 0.4552 0.3457 0.3537 0.5654  0.9462 0.6129 | 0.4842 0.4229 0.3892 0.5641 0.9394 0.5967
Ins-RL 0.2586 0.1981 0.2306 0.6901 0.9483 0.7117 | 0.2791 0.2677 0.2342  0.6905 0.9257 0.7177
3B-Base 0.5676  0.4697 0.4105 0.4581 0.8393 0.6530 | 0.5943 0.5437 0.4375 0.4561 0.7963 0.6775
TriviaQA Base-RL 0.3355 0.2446 0.1738  0.6567 0.9418 0.6992 | 0.3607 0.3287 0.2019  0.6542 0.9097 0.7006
3B-Instruct | 0.3266 0.2461 0.2459 0.5311 0.9225 0.5893 | 0.3393 0.2977 0.2625 0.5193 0.9091 0.5714
Ins-RL 0.1265 0.1058 0.1036 0.7474  0.9624 0.7365 | 0.1334 0.1360 0.1019  0.7431 0.9486 0.7393

Table 1: Unified calibration results across all datasets and models, reported under both GMEAN and RMS
aggregation schemes. ECE-F, ECE-B, and ECE-V measure calibration error using, respectively: (F) forward beliefs
obtained without evidence injection, (B) backward beliefs obtained through factor-graph evidence propagation, and
(V) verbal confidence produced by the model. Lower ECE and higher AUC indicate better calibration.

7 Experimental Results

7.1 Evidence Propagation Validity

To assess whether the SAO factor-graph struc-
ture provides meaningful probabilistic corrections,
we compare forward beliefs (F)—computed with-
out any external evidence—with backward be-
liefs (B), which incorporate final-answer correct-
ness through evidence injection (depicted in Sec
3.3) and backward message passing. As shown
in Table 1, Across all datasets and model vari-
ants, ECE-B is consistently and substantially lower
than ECE-F, while AUC-B is uniformly higher
than AUC-F. These results indicate that backward
belief propagation effectively corrects model un-
certainty—bringing posterior estimates closer to
true correctness—and simultaneously improves dis-
criminability between correct and incorrect trajec-
tories.

7.2 Effectiveness of RL Calibration

We evaluate whether the proposed calibration-
guided RL improves confidence calibration. As
shown in Table 1, Across all datasets, both Base-
RL and Ins-RL models exhibit consistently lower
ECE and higher AUC compared to their respec-

tive non-RL baselines (3B-Base and 3B-Instruct),
demonstrating that RL substantially enhances both
structural and verbal calibration. The RL drives for-
ward beliefs closer to ground-truth correctness dis-
tributions, yielding more calibrated internal reason-
ing states (ECE-F |, AUC-F 7), while also improv-
ing the reliability of verbalized confidence, which
becomes more aligned with posterior beliefs (ECE-
V |, AUC-V 7). Here, ECE-V and AUC-V are
computed using the verbalized confidence.

7.3 Accuracy Improvements After RL

Beyond calibration, our RL framework consistently
yields end-task accuracy gains across all datasets
(Table 2). We compare standard (3B-Base, 3B-
Instruct) and retrieval-augmented (Search-R1-Base
and Search-R1-Ins (Jin et al., 2025)) baselines and
our RL-calibrated counterparts (Base-RL and Ins-
RL). The accuracy progression is clear: RL im-
proves both Base and Instruct backbones, with
gains persisting in both the no-evi (no informa-
tion retrieval) and with-evi (with information re-
trieval) settings. Specifically, Base-RL provides
provements over 3B-Base, while Ins-RL further
strengthens the stronger 3B-Instruct baseline.
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Figure 3: Evidence gain under the GMEAN aggregation setting. Heatmaps report ECE-Gain (left two; ECE-F and
ECE-V) and AUC-Gain (right two; AUC-F and AUC-V). Positive ECE-Gain indicates reduced miscalibration with
retrieval evidence. Positive AUC-Gain indicates improved correct incorrect separability with retrieval evidence.

Dataset 3B-Base 3B-Instruct R1-Base R1-Ins Base-RL Ins-RL
No-Evi  With-Evi | No-Evi  With-Evi | No-Evi  With-Evi | No-Evi  With-Evi | No-Evi  With-Evi | No-Evi  With-Evi
HotpotQA 0.0873 0.1152 | 0.1786 0.2656 | 0.1387 0.2559 | 0.1426 0.2207 | 0.1151 0.1797 | 0.1409 0.4082
PopQA 0.0913 0.1738 | 0.1250 0.2891 0.1055 0.2958 | 0.1230 0.2207 | 0.1270 0.3066 | 0.1091 0.4648
2wikimultihopQA | 0.1706 0.1113 0.2976 0.3496 | 0.2188 0.2539 | 0.2129 0.2227 | 0.1905 0.2168 | 0.2817 0.4238
Bamboogle 0.1094 0.0469 | 0.1953 0.2518 | 0.1677 0.1424 | 0.1382 0.1635 | 0.1406 0.1659 | 0.1766 0.2945
NQ 0.1528 0.2090 | 0.2579 0.3555 | 0.2441 0.3926 | 0.2207 0.2637 | 0.2202 0.3730 | 0.2143 0.4727
TriviaQA 0.2183 0.2520 | 0.4147 0.5273 | 0.3594 0.5176 | 0.3691 0.3984 | 0.3194 0.3867 | 0.3948 0.6504

Table 2: Unified accuracy across six QA datasets for different model variants, evaluated under two settings: No-Evi
(without retrieved information) and With-Evi (with retrieved information). Best results are highlighted in bold.

Dataset | 3B-Base | 3B-Instruct | R1-Base | Rl-Ins | Base-RL | Ins-RL

HotpotQA 0.3591 0.3228 0.3676 | 0.3196 | 0.2610 | 0.2094
PopQA 0.3671 0.3195 0.3864 | 0.3440 | 0.2750 | 0.2310
2WikiMultihopQA | 0.3738 0.3373 0.3570 | 0.3287 | 0.2635 | 0.1942
Bamboogle 0.3895 0.3319 0.3894 | 0.3562 | 0.2677 | 0.2189
NQ 0.3442 0.3267 0.3868 | 0.3295 | 0.2536 | 0.1915
TriviaQA 0.3564 0.3466 0.3717 | 0.3059 | 0.2653 | 0.2220

Table 3: Step-level calibration results measured by Step-
Judge-ECE (lower is better) across six QA datasets.
Best results are highlighted in bold.

7.4 Step-Judge-ECE

We further evaluate step-level calibration using
Step-Judge-ECE in Equation 11, which measures
the discrepancy between the model’s step confi-
dence and the step-wise correctness probability
predicted by LLM judge. As shown in Table 3,
RL-based calibration consistently and substantially
reduces Step-level ECE across all datasets. These
results indicate that our RL-based calibration not
only improves confidence alignment at the final-
answer level, but also progressively mitigates over-
confidence throughout the reasoning process, mak-
ing the model’s step-wise confidence signals more
faithful and reliable.

7.5 Evidence Gain

Figure 3 reports evidence gains under the GMean
aggregation setting. Across datasets, ECE-Gain
(ECE-F/ECE-V) is predominantly positive, indi-
cating that incorporating evidence generally re-

duces miscalibration; these gains are strongest
and most consistent for the RL-calibrated poli-
cies, whereas non-RL baselines show smaller or
occasionally mixed improvements. In parallel,
AUC-Gain (AUC-F/AUC-V) is also largely pos-
itive, suggesting improved correct—incorrect sepa-
rability when evidence is available. Taken together,
the larger and more stable gains under RL imply
that RL induces an evidence-responsive confidence
mechanism: the model more reliably updates both
its beliefs and expressed confidence in the presence
of informative observations, and the simultaneous
improvements in calibration and discrimination.

8 Conclusion

We introduced the first factor-graph-based calibra-
tion framework for multi-step LLM reasoning and
coupled it with calibration-guided RL to improve
reliability and end-task performance. By modeling
step-level dynamics via SAO decomposition, our
method estimates and corrects confidence along the
trajectory rather than only at the final answer, and
train agents to be confident only when intermediate
evidence supports it. Across six QA benchmarks,
we consistently improve step-wise and trajectory-
level calibration and achieve gains in accuracy, in-
dicating that better uncertainty modeling stabilizes
multi-hop reasoning and reduces error propagation.



9 Limitation

Our study has two main limitations. First, the
proposed framework is primarily evaluated in the
QA-centric agent setting, where reasoning can be
naturally decomposed into step-wise trajectories
and measured against answer supervision. While
the factor-graph formulation is general, its current
instantiation and empirical validation may not di-
rectly transfer to other agentic scenarios such as
long-horizon planning, open-ended dialogue, or
complex tool-use with heterogeneous observations.
Second, although we show that calibration-guided
RL improves confidence—accuracy alignment, we
do not fully explore how calibrated confidence can
be leveraged at inference time for more efficient
and robust test-time scaling. In particular, future
work could use calibrated uncertainty to drive adap-
tive compute allocation, such as selectively expand-
ing search depth, revising intermediate steps, re-
ranking candidate trajectories, or early-stopping
when confidence is sufficiently supported by evi-
dence.
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A Appendix

A.1 Related Work
A.1.1 Agent Uncertainty Estimation

Traditional uncertainty estimation methods such as
entropy, semantic entropy, and sampling variance
operate at the token or answer level and therefore
fail to capture how uncertainty accumulates across
intermediate steps in multi-hop reasoning. Recent
work has begun to move toward agent-level un-
certainty that accounts for the full reasoning tra-
jectory. UALA (Han et al., 2024) integrates un-
certainty into the ReAct reasoning loop by using
uncertainty scores to decide when to perform tool
retrieval or escalate to human supervision. While
effective in reducing unnecessary tool calls, its
uncertainty estimates remain largely answer-level
and do not explicitly track uncertainty flow across
steps. SAUP (Zhao et al., 2025b) aggregates step-
level uncertainty using situation-aware weights
that reflect contextual importance and reasoning
progress throughout the agent trajectory. This
yields stronger AUROC than final-step uncertainty
but relies on heuristic weighting without a for-
mal probabilistic model of information propagation.
UProp (Duan et al., 2025) provides an information-
theoretic decomposition that separates intrinsic un-
certainty from extrinsic uncertainty arising from
earlier decisions. By approximating conditional
mutual information using trajectory-level PMI, it
captures how uncertainty propagates through multi-
step decisions.

A.1.2 RL with a Search Engine

We formulate the RL objective utilizing a search
engine R following Search-R1 (Jin et al., 2025):

1’1’71\%)( EIND, y~mg (+|z;R) [7"45 (gjy y)]

— B Dxu(mo(y | 2;R) || meet (y | ;3 R))

(14)

Here 7y denotes the policy LLM, 7 is the ref-
erence LLM, ry is the reward function, and D,
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is the KL divergence. Input samples x are drawn
from the dataset D, and the generated outputs y
interleave LLM reasoning with search engine re-
sults, both sampled from ¢ (y | ) and retrieved
through R. Unlike prior RL approaches relying
solely on the policy LLM (Rafailov et al., 2023;
Ouyang et al., 2022), Search-R1 (Jin et al., 2025)
explicitly incorporates retrieval-interleaved reason-
ing via mg(- | z;R), which can be interpreted
as mg(- | ) ® R, where ® denotes interleaved
retrieval-and-reasoning. Our approach builds upon
Group Relative Policy Optimization (GRPO) (Shao
et al., 2024; Guo et al., 2025), leveraging their com-
plementary strengths for retrieval-augmented rea-
soning.

Loss Masking for Retrieved Tokens. In GRPO,
losses are computed over the full rollout sequence.
However, retrieval-augmented rollouts contain both
LLM-generated tokens and tokens copied from re-
trieved content. Optimizing over retrieved tokens
may create undesired learning dynamics, as these
tokens do not reflect model reasoning. Therefore,
we following Search-R1 (Jin et al., 2025) apply
token masking, ensuring that only LLM-generated
tokens contribute to the policy gradient while re-
trieved tokens are excluded, stabilizing training
without restricting search-augmented generation.

GRPO with Search Engine Group Relative Pol-
icy Optimization (Shao et al. 2024) improves stabil-
ity by removing the need for value-function learn-
ing. GRPO samples a group {y1,...,yq} from
the reference model 7,¢ for each input x, and opti-
mizes the policy by maximizing:

1 i 1
G = Zt I(yj.t)

Jarro(0)= E;p, Y1:G~Told (*|2;R)

> min(

t:I(yj,e)=1

clip <
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770(yj,t | £U7yj,<t;R) A
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Here € and ( are hyperparameters. Group-based
advantages flj,t are computed using the relative
reward of responses within each group. Unlike
PPO, GRPO directly penalizes the KL divergence
using a loss term, while still applying retrieved-
token masking during the KL computation.

o(yje | %, y5,<t; R)
Tod (Wit | 2, Yj,<t5 R)




A.1.3 LLM Calibration

Logit-based methods Logit-based methods are
the most widely used and effective approaches in
uncertainty estimation. As a foundational method,
Predictive Entropy (PE) (Malinin and Gales, 2020),
defines total uncertainty as the entropy of the out-
put logits distribution. After that, researchers pro-
posed a series of methods based on the inherent
characteristics of natural language generation to
improve upon PE methods. (Kuhn et al., 2023)
introduced semantic entropy (SE) that estimates
uncertainty by marginalizing over semantically
equivalent samples in NLG tasks. In the similar
framework, (Nikitin et al., 2024) employed pos-
itive semi-definite kernels and von Neumann en-
tropy to capture semantic similarities. Furthermore,
(Wang et al., 2025) proposed Word-Sequence En-
tropy (WSE) to adjust uncertainty proportions at
both the word and sequence levels based on seman-
tic relevance, ensuring that uncertainty is aligned
with the semantic importance of words within a
response. In addition to measuring the similarity
between generated responses. (Duan et al., 2024)
proposed Shifting Attention to Relevance (SAR),
which focus on relevant components and assigns
significance weights to tokens based on their con-
tributions to the overall response. Unlike these
carefully designed methods, (Yaldiz et al., 2025)
introduced a Learnable Response Scoring Function
(LARS), which utilizes supervised data to capture
complex token-probability dependencies. While
effective, the above methods are computationally
expensive. To alleviate these computational cost,
(Kossen et al., 2024) proposed Semantic Entropy
Probes (SEPs) to approximate semantic entropy by
leveraging hidden states from a single generation.

Verbal confidence methods Verbal confidence
methods Due to LLMs’ strong language abilities
and adherence to instructions, Verbal confidence
methods are proposed. For instance, one may at-
tach the question with a prompt like “Please re-
spond and provide your confidence score rang-
ing from O to 100.”. (Xiong et al., 2023) con-
structed a prompting, sampling, and aggregation
framework to systematically evaluate various strate-
gies and their integration, enabling LLMs to ex-
press their confidence in response. (Groot and
Valdenegro-Toro, 2024) proposed FaR prompting
strategy, which improves the confidence calibra-
tion of LLMs by separating the fact retrieval and
reflective reasoning steps. However, verbal con-
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fidence methods face significant challenges with
over-confidence. (Ni et al., 2024) found that LLMs
cannot convey their uncertainties faithfully in nat-
ural language. (Becker and Soatto) found that
combining language confidence and proxy model
probability estimation can improve the estimation
of uncertainty. (Joshi et al., 2017) noted LLMs’
language perception accuracy often lags behind
probability perception, especially in specific do-
mains Furthermore, (Tao et al., 2024) found that
LLMs often exhibit a high degree of overconfi-
dence when expressing their own confidence by
comparing language-based methods, consistency-
based methods, and their hybrid benchmark test-
ing methods. Their research indicates that some
prompt strategies can improve the calibration of
verbal confidence.

A.2 Preliminary For Factor Graph
A.2.1 Forward Belief Propagation

Forward propagation centers on message passing
between factor nodes to variable nodes and variable
nodes to factor nodes, ultimately calculating the
belief of variable nodes.

The belief of a variable node X is computed as
the normalized product of incoming messages from
its neighboring factor nodes:

I renbix) mp—x(X)
> wex ernb(X) myx (')

b (X) = (16)

nb(X) denotes the set of factor nodes connected to
X, and each my_, x (X) represents a message in
the form of a probability vector. The numerator ag-
gregates probabilistic evidence from all connected
factors, while the denominator normalizes the be-
lief to ensure it sums to one.

The message from a factor node f to a variable
node X is obtained by marginalizing over all vari-
ables except X:

I1

Yenb(f)\X

myx(r) = Z f(v)

v\z

my gy (y)

(17)
f(v) denotes the factor function (or conditional
probability table) over all variables connected to
f,and my _, s (y) represents the message sent from
variable node Y to factor node f. The summa-
tion Zv\x marginalizes over all variables except
X, allowing the message to reflect the combined
influence of neighboring variables on X.



A.2.2 Backward Belief Propagation

Formulas for Backward Belief Propagation Back-
ward propagation calculates the posterior belief by
fusing forward messages («) and backward mes-
sages (/3), with the core being backward message
passing and normalization.

The posterior belief of a variable node X is the
normalized product of forward messages and back-
ward messages, and the formula is as follows:

ax(z) - Bx(z)
dwex ax(a') - Bx(2)

In this formulation, a.x (x) represents the forward
message, obtained as the product of probabilistic
information propagated to X from its left-side fac-
tor nodes during the forward pass, while Sx ()
denotes the backward message, carrying informa-
tion from the right-side factors in the backward
pass. The denominator in the equation serves as
a normalization term, ensuring that the posterior
beliefs over all possible values of X sum to one.
Formula for Backward Messages from Factor
Nodes to Variable Nodes The backward message
sent from a factor node f to a variable node X
follows the same logic as that in forward propaga-
tion and requires marginalization over all variable
values except X . The formula is as follows:

(@)= f) ]I

v\z Yenb(f)\X

b(X) = (18)

(bwd)

(bwd)
mf*)X °

Y—f

(y)

(19)

The superscript bwd indicates that the message

is propagated in the backward direction, while the

meanings of all other symbols remain consistent
with those in the forward message formulation.

A.3 CPT Related

A.3.1 CPT Data Detail

We construct the CPT training dataset from the
HotpotQA (Yang et al., 2018) training corpus by
randomly sampling a subset of 2000 examples. Us-
ing the DeepSeek-R1 (DeepSeek-Al et al., 2025)
model as the backend agent within the Manus
framework (Liang et al., 2025) , we generate
multi-step reasoning trajectories for each instance.
Among the generated trajectories, 1,492 lead to
correct final answers, while 508 result in incorrect
outcomes. From these trajectories, we extract Ob-
servation—State (OS) and State—Action (SA) pairs
for Conditional Probability Table (CPT) training. A
subset of these pairs is annotated by a strong LLM
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using the evaluation prompts described in A.3.2.
To ensure reliability, we filter out inconsistent an-
notations based on agreement between gold labels
and LLM-assigned scores. The full data pair-level
statistics at each stage are summarized in Table 4.

Stage OS Pairs SA Pairs
Extracted from Trajectories 40,234 41,564
LLM-Scored Subset 6,000 6,000
Filtered (IScore-Labell < 0.3) 3,273 3,264
Held-out for Evaluation 2,727 2,736

Table 4: Summary of the CPT data construction process
based on the HotpotQA dataset.

A.3.2 CPT Data Construction Prompt

To construct training data for the Conditional Prob-
ability Tables (CPT) used in our factor-graph cali-
bration model, we design two types of evaluation
prompts that elicit scalar quality judgments from
a strong LLM. (1) Action-level evaluation assesses
whether a proposed action is appropriate given the
current reasoning state, and (2) State-level evalua-
tion measures whether the generated intermediate
reasoning step (state) logically advances toward the
final goal.

Action-level Evaluation Prompt. The following
prompt evaluates the quality and suitability of an
action proposed by the model, given the current
reasoning state and the task goal.

Action_Quality_Judge Prompt

<USER>

You are a strict and consistent judge. Score the suit-
ability of the PROPOSED ACTION given the current
STATE to achieve the GOAL.

Rubric (weights):

Relevance to goal (0.35)

Progress/utility toward next step (0.25)

Feasibility and tool/constraint fit (0.20)

Scoring guide (integer 0-10):

0-2: off-topic/unsafe/infeasible;

3-5: weak/low utility;

6-7: reasonable;

8-9: strong;

10: near-optimal.

If key context is missing or constraints are violated,
score low.

[GOAL]
{QUESTION}

[CONTEXT]
{CONTEXT}

Return ONLY one line:
<judge> YOUR SCORE </judge>
(Where SCORE is an integer 0—10; no other text.)




State-level Evaluation Prompt. This prompt
judges the quality of a candidate reasoning state
(<think>) based on its logical consistency, eviden-
tial grounding, and contribution to task progress.
It helps build the conditional factor ¢, ,s, in the
CPT by quantifying how well each intermediate
state aligns with its preceding observation.

State_Quality_Judge_Prompt

<USER>

You are a strict and consistent judge. Score the quality
of the CANDIDATE NEXT THINK/STATE given
the OBSERVATION (and context) for advancing the
GOAL.

Rubric (weights):

Evidence fit to observation (0.40)

Logical consistency with prior state/action (0.20)
Direction/correctness toward the goal (0.20)

Scoring guide (integer 0-10):

0-2: contradicts or ignores OBS;

3-5: generic/low progress;

6-7: reasonable;

8-9: strong evidence-based step;

10: excellent.

Penalize contradictions, hallucinations, or lack of
progress.

[GOAL]
{QUESTION}

[PRIOR STATE]
{CONTEXT}

Return ONLY one line:

<judge> YOUR SCORE </judge>

(Where YOUR SCORE is an integer 0—10; no other
text.)

\

A.3.3 CPT Evaluation Protocol

To evaluate the calibration quality of the proposed
CPT model, we compute five probability-level met-
rics that quantify the discrepancy between the pre-
dicted probability p = Py(y=1 | x) and the refer-
ence confidence p (LLM-judge score). We report:
L1 difference (1), Mean Squared Error (MSE),
Soft Cross-Entropy (Soft-CE), Kullback—Leibler
Divergence (KL-Div), and Jensen—Shannon Diver-
gence (JS-Div), defined as follows:

L1 difference (L1):

L1 =[p—p|
Mean Squared Error (MSE):
MSE = (p — p)?
Soft Cross-Entropy (Soft-CE):

SoftCE = —[plog p + (1 — p) log(1 — p)]
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Kullback-Leibler Divergence (KL-Div):

. p 1—p
KL(p|lp) = plog = + (1 — p) log -
(pllp) b ( ) 1=

Jensen—-Shannon Divergence (JS-Div):

JS(pllp) =
m =

$KL(p[lm) + $KL(p||m)
Lp+p)

These metrics collectively assess how well the CPT
model approximates the underlying probabilistic
relationship between reasoning components and
correctness signals, with lower values indicating
better calibration.

Model Metric Before Calibration  After Calibration
Mean | Std | Mean | Std |
L1 diff 0.1692 0.1934 0.1926  0.1448
MSE diff ~ 0.0614 0.0864 0.0581  0.0799
Qwen2.5-7B-Inst  Soft-CE 0.9125 0.9541 0.5017  0.3012
KL div 0.5785 0.9465 0.1682  0.2039
JS div 0.1145 0.1695 0.0477  0.0544
L1 diff 0.1026 0.1053 0.1063  0.1131
MSE diff  0.0216 0.0580 0.0234  0.0596
Qwen3-4B-Inst Soft-CE 0.7928 0.7637 04117  0.3060
KL div 0.4587 0.7748 0.0782  0.1439
JS div 0.1025 0.1557 0.0221  0.0371
L1 diff 0.1668 0.1366 0.1399  0.1269
MSE diff  0.0465 0.0578 0.0357  0.0530
Qwen3-4B-Base Soft-CE 0.7277 0.6223 0.4436 03014
KL div 0.3493 0.6309 0.1102  0.1603
JS div 0.0953 0.1334 0.0308  0.0454
L1 diff 0.1142 0.1164 0.1164  0.1371
MSE diff  0.0266 0.0555 0.0273  0.0580
Qwen3-1.7B-Base  Soft-CE 0.7963 0.8811 04211  0.2919
KL div 0.4182 0.6970 0.0987  0.1291
JS div 0.1010 0.1568 0.0247  0.0375

Table 5: Cross-model evaluation of CPT calibration per-
formance across five probability-level metrics. Lower
values indicate better calibration quality.

As shown in Table 5, the CPT calibration notably
reduces divergence-based errors (KL, JS) and cross-
entropy loss, demonstrating improved probability
alignment between model predictions and reference
confidences across both instruction-tuned and base
models.

A.4 Step and Trajectory-level Confidence
aggregation

In this subsection, we define the confidence estima-
tion pipeline used throughout our framework. Start-
ing from step-wise calibrated marginals produced
by factor-graph inference, we construct per-step
confidence scores and propose several trajectory-
level aggregation strategies.



A.4.1 Step-wise confidence aggregation

At each reasoning step ¢, our factor graph defines
three binary latent variables (.S, A¢, O;), indicat-
ing whether the internal state, the executed ac-
tion, and the resulting observation. Running be-
lief propagation yields two sets of marginal distri-
butions for each variable: (i) forward marginals
computed without injecting terminal evidence, de-
noted as b, (S;),b; (As),b; (O:), and (ii) back-
ward/posterior marginals obtained after inject-
ing terminal correctness evidence and propa-
gating it backward through the graph, denoted
as b (Sy), b (Ar),b (Or). We convert these
marginals into a scalar step-wise confidence by
averaging the probability assigned to the correct
value of each variable:
be(St) + be(Ar) + b (Oy)

Ct = .

3

When the probabilities are taken from the forward
marginals b, (-), we obtain the Forward step confi-
dence c; ; when they are taken from the posterior
marginals b, (+), we obtain the Backward/Post step

confidence c; .

A.4.2 Trajectory-level confidence aggregation

Given the confidence sequence {ci,co,...,cr}
for a T-step reasoning chain, we compute several
trajectory-level confidence metrics. To additionally
account for the mismatch between calibrated pos-
teriors and evidence-free forward marginals, we
compute a KL-weighted confidence score using the
formulation introduced in below:

1 I
Mean: c¢mpean = T E 1 ci
i

T
. 2
RMS:  ¢ms = T ; G
|
GMean: cgeo = €Xp (T > log(ci)>
i=1
Max: cmax = maxec;
KL, = §[KL(b; (S) ]| (50) +
KL(bf (Ar) || b7 (A0)) +
KL(b (01) [ 4(01))]
2L KLio

KL-Weighted =
& S, KLy
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A.4.3 Verbal confidence aggregation

In addition to these factor-graph—based confi-
dences, the model also outputs a scalar verbal con-
fidence in natural language at each step, enclosed
in <confidence> </confidence> tags. We parse
the numerical value from each tag to obtain a se-
quence {v1,va,...,vr}, where v; € [0, 1] denotes
the self-reported confidence for the ¢-th action. We
aggregate verbal confidence using the same opera-
tors as above:

1 T
Mean: Upean = T Z V;
RMS:  vpms = 2
1 Z
GMean: Vgeo = €Xp (T Zl log(vi)>
1=
Max:

Umax = Maxv;
i

A.5 More Results
A.5.1 Reward Ablation

To disentangle the effects of structural alignment
and confidence calibration, we conduct a reward
ablation study with two post-training variants that
differ only in their reward design.

Ins-Format is trained using a format-only re-
ward, which enforces strict adherence to a prede-
fined response structure. In this stage, the model is
optimized solely with the format reward defined in
Eq. 4, without incorporating any task correctness or
confidence calibration signals, the model training
dynamics is depicted in Fig 4 left column.

Format-RL is initialized from the converged
Ins-Format checkpoint and then further optimized
by augmenting the objective with an additional
calibration reward. During this stage, we jointly
optimize the format reward and the calibration re-
ward as defined in Eq. 8; the corresponding training
dynamics are illustrated in Fig. 4 (right column).

Table 9 and Table 10 demonstrate a clear
and consistent distinction between format align-
ment and confidence calibration. While Ins-
Format—trained solely with a format-only re-
ward—already yields valid and stable structured
outputs, it remains poorly calibrated across all
datasets, as evidenced by relatively high ECE
scores under all aggregation schemes. In con-
trast, introducing an explicit calibration reward in



Format-RL leads to substantial and consistent re-
ductions in calibration error (ECE-F/V), accompa-
nied by simultaneous improvements in discrimina-
tive ability (AUC-F/V).

These results confirm that format alignment
alone is insufficient for reliable confidence esti-
mation. Meaningful calibration emerges only af-
ter explicitly optimizing for confidence—accuracy
consistency, validating the necessity of calibration-
guided reinforcement learning beyond structural
post-training.

A.5.2 Additional Calibration Results

Calibration Results For Gmean and Rms Aggre-
gation is shown in Table 1, more results for mean,
max, kl-weighted in 6. The Calibration result with-
out retrieval external information is shown in Table
7 and Table 8.

A.5.3 ECE Gain and AUC Gain

ECE Gain and AUC Gain results for Gmean Aggre-
gation method is shown in Fig 3. More ECE Gain
and AUC Gain results is shown in Fig 6.

A.5.4 Training Dynamics

The base model and instruct model training dynam-
ics is shown in Fig 5.

A.6 Training Prompt Template

This calibration prompt defines a structured reason-
ing protocol for training.

Calibration Training Prompt Template

Answer the given question.

You must conduct reasoning inside <think> and

</think> every time you get new information.

If you find that you lack knowledge after reasoning,

you may call a search engine using <search> query

</search>, and the system will return results inside
and .

After each search, you must provide your belief

score inside <confidence> and </confidence> (a

value between 0 and 1).

Your confidence must reflect how likely your current

reasoning or answer is correct, increase only when

evidence becomes stronger, and decrease whenever

evidence is weak or contradictory.

You may repeat the pattern <think> <search>

<confidence> up to four times, but on the fourth

repetition you MUST provide the final answer.

In the fourth round, instead of performing another

search, you must output your final answer inside

<answer> and </answer> followed by the final

<confidence> value.

For example: <answer> Beijing </answer>

<confidence>0.92 </confidence>

Question: {question}
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A.7 Evaluation Prompt Template

Step-level correctness judge The prompt scores
the correctness and usefulness of each reasoning
step against the golden answer.

Step_Judge_Prompt

<USER>

You are a strict and consistent judge for multi-step
reasoning agents. Your task is to score the QUALITY
of ONE reasoning step in a trajectory for answering
a question.

You will be given the question, the golden correct an-
swer (not the agent’s answer), the previous trajectory
context, and the current step fields: STATE, THINK,
ACTION, and OBSERVATION.

Judge this step by: (i) relevance to the question/goal,
(ii) coherence with prior context, (iii) correct and
useful use of the observation, and (iv) progress toward
the golden answer.

Scoring rule (real number in [0,1]): 0.0-0.2
useless/off-topic/wrong; 0.2-0.4 weak; 0.4-0.6
mediocre; 0.6-0.8 good; 0.8—1.0 excellent.

Output format (one line only): <score>S</score>
where S is a float in [0,1]. No other text.
[QUESTION] {question}

[GOLDEN ANSWER] {golden_answer}
[PREVIOUS CONTEXT] {up_context}
[CURRENT STEP - STATE] {current_state}
[CURRENT STEP - THINK] {current_think}

[CURRENT STEP - ACTION]
{current_action}
[CURRENT STEP - OBSERVATION]

{current_observation}

Now output ONLY: <score>. ..</score>

A.8 Retrieval Settings

For retrieval, we use the 2018 Wikipedia dump
(Karpukhin et al., 2020) as the knowledge source
and E5 (Wang et al., 2022) as the retriever. To
ensure fair comparison, we follow (Lin et al., 2023)
and set the number of retrieved passages to 3 across
all retrieval-based methods.

A.9 Dataset Overview

As shown in Table 11, we report the train/dev/test
splits of our benchmarks and the evaluation subset
used for each dataset.

Dataset #Ir  #Dv #Te Eval
NQ 79,168 8,757 3,610 2,000
TriviaQA 78,785 8,837 11,313 2,000
PopQA - - 14,267 2,000
HotpotQA 90,447 7,405 - 2,000
2WikiMultiHopQA 15,000 12,576 - 2,000
Bamboogle - 125 125

Table 11: Dataset splits and evaluation subset used in
our experiments (2,000 sampled from test/dev when
available; otherwise full split).
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Dataset Model GMean RMS
ECE-F ECE-B ECE-V AUC-F AUC-B AUC-V ECEF ECE-B ECEV AUC-F AUC-B AUC-V
3B-Base 0.6921 05324 0.5607 0.5511 0.8914 0.5731  0.7213  0.6486  0.5904  0.5595 0.8621 0.5885
hotpotaa Base-RL 0.6919  0.5294  0.5723 0.5580 0.9040 0.5729  0.7191 0.6480  0.5967 0.5620 0.8797 0.5765
Potq 3B-Instruct  0.6023  0.4235 04914  0.5601 0.9266 05457  0.6224  0.5261 0.5329 0.5600 0.9082 0.5381
Ins-RL 0.6764  0.5350  0.6613 0.4527 0.8839 0.5203  0.7037  0.6365 0.6778 0.4444 0.8357 0.5219
3B-Base 0.6929  0.5278 0.5053 0.5341 0.8915 0.6196  0.7235  0.6483 0.5495 0.5295 0.8435 0.6346
onda Base-RL 0.6773  0.5094  0.4940  0.5991 0.9312 0.6070  0.7043  0.6319  0.5423 0.6007 09116 0.6161
popq 3B-Instruct  0.6635 04760  0.4406 0.5228 0.9405 0.6867  0.6810  0.5823 0.5249 0.5175 0.9297 0.6445
Ins-RL 0.7051 0.5621 0.6225 0.5311 0.9232 0.6166  0.7404  0.6775 0.6673 0.5177 0.8844 0.6180
3B-Base 0.6320  0.4912 0.5075 0.4910 0.8764 05632 0.6564 05992  0.5461 0.4876 0.8131 0.5758
swikimultihopaa Base-RL 0.6190  0.4907 0.5132 0.4737 0.8809 05517  0.6480  0.5877 0.5435 0.4820 0.8391 0.5620
P4 3B-Instruct  0.5372  0.4208 0.4033 0.4471 0.8853 05543 0.5610  0.4961 04396  0.4440 0.8529 0.5561
Ins-RL 0.5833  0.4867 0.5205 0.5041 0.8804 0.5977  0.5998  0.5650  0.5381 0.5021 0.8366 0.6002
3B-Base 0.7089  0.5686  0.5613 0.5894 0.8887 05351  0.7279  0.6695 0.6013 0.5830 0.8475 0.5235
bambooele Base-RL 0.7264  0.5705 0.5865 0.4206 0.9180 0.4940  0.7337  0.6690  0.5894  0.4242 0.8977 0.5335
S 3B-Instruct  0.6266  0.4399 0.5178 0.6052 0.9292 0.5056  0.6393  0.5497 0.5691 0.5916 0.9172 0.4660
Ins-RL 0.6346  0.5022  0.6503 0.5380 0.9109 0.6370  0.6706  0.5987 0.6786  0.5322 0.8879 0.6194
3B-Base 0.6523 05112 05186 0.5846 0.8773 0.6126  0.6792  0.6045 0.5448 0.5844 0.8384 0.6231
N Base-RL 0.6471 0.5327 0.4377 0.5092 0.8907 0.5675  0.6606  0.6205 0.4864  0.5109 0.8666 0.5698
4 3B-Instruct  0.5500  0.4006  0.4701 0.5693 0.9349 0.5391  0.5773 05036  0.5025 0.5638 0.9161 0.5315
Ins-RL 0.6436  0.5189 0.5915 0.5556 0.8973 0.5910  0.6657  0.6102  0.6180  0.5506 0.8739 0.5876
3B-Base 0.5893  0.4725 0.4782 0.5690 0.8945 0.6451  0.6159  0.5589  0.4978 0.5665 0.8666 0.6585
triviaga Base-RL 0.5343  0.4329 0.4068 0.5022 0.8992 0.5309  0.5470 05109 04356  0.5002 0.8706 0.5553
4 3B-Instruct  0.4441 0.3171 0.3495 0.5402 0.9296 0.5280  0.4520  0.3905 03736 0.5294 0.9159 0.5297
Ins-RL 04609  0.3623 0.4703 0.5547 0.9275 0.4455 04787 04390  0.4651 0.5478 0.9092 0.4538

Table 7: Unified calibration table (GMean + RMS) across models without external information.

19



"UOTJEWLIOJUT [RUID)X JNOYIIM S[OPOW $SOIR (UBSJA “XBIA ‘PAIYSToM-T3]) 2[qe) uoneiqred xipuadde payrun :g 9[qeL,

WPY0 60Z60  TISSO 9890 POIFO  SLOFO  T60SO  8ITY0  LOISO  I6£S0  90LSO  TL8SO €160 S8YSO  ITTHO  I+8K0 T-sur
1260 0ST60  OSESO  S99€0  TO9E0  89SH'D  LLESO  STILO  6SISO  68LF0  6L8Y'0  ELESO  LOT60  O0ES0  8S9E0  LIOYO  39NIISUI-gE -
YIS0 9L88°0  LOOSO  69TFO  0SLFO  PHPSO  OPEOD €290 SSESO  LPSSO  PIY90 TSS90  96L80  6HOSO  TO6KO  TI9SO Ty-aseq -
LES90  LISS0  8L9S0  LIGYO  6LTSO  LT090  LE690 97990  SYSSO  €409°0  8TTLO  SRELD  SELYO  989S0  0BESO 1290 aseg-g¢

91650 TO88'0  TESSO P00  LOLSO LSOO  €86S0  1TZ90  LPESO  8I0L0  69SLO  OPOLO LS80  [9SSO  PI6SO  6ZL90 T-sux

VS0 PLTE0 Y990  8T8KO  EI9F0 95950 SOPSO  10ILO  S99S0  PFTO0  TIY'0 0S890  TITEO  0S9SO  €TLKO  8S8SO  IdNJISUI-gE bu
€0LSO  OI880 86050  109V0 LS80  SES90  6T6SO  EVPO0  I9LS0 L0990  T9SLO  TI9L0  €OL80  SLISO  LLO9O  TTLIO T-aseq

PLIO  6LS8'0  LPSSO  ITESO  €89S0 18990  THELD  6L99°0  8Y9S0  TO990  TISLO  LL6LO  €IS80  SP8SO  TSRSO 69890 aseg-ge

8€T90 67060  OPESO  €1L9°0  PLSSO  8I¥90  €6ISO  EPPO0D  OPPSO 1650 80940  0SLLO 68680  9FPSO  OLLSO  TISYO T-sur

0S8¥'0  ¥PT60  086S0O  SOYSO  8SOSO  IEE90  TLTHO  TE69°0  89ES0  6T0LO  6SOL0  SPYLO  TITGO  TLSSO  BLISO  I€S90  3NJISUI-gE apfooqurq
8L0S0  t9160  90Ct'0  8S8S0 16790  €LTLO  PPO9O  L6€90  TEESO  ELILO Y6180 LOESD 98060  IITKO  ISS90  IEHLO Ty-aseg

LLTSO 0080  T88S'0  ST8SO  68T90  €91L0  LT9SO  I¥990  S86S0  SSTLO  LEEY'O  L8K8'0  6C98'0 10650 1S90 ILELO aseg-ge

P66S0 TI9RO  IE0SO OSSO LTESO  $96S0  S9I90  €19S0 1060 69790  S0690 8690  PSSBO  POOSO  6ESSO  9EI90 T-sux

SSS0 €U0 TSPPO  PLTFO  SE9F0  LSPSO  TSLSO  STI90  TH8YO  T6PSO €690 60990 9S98°0  OSPYO  OSLYO  9ELSO  IOMAISUL-BE b
8SSS0 L7980 S6LYD  LIESO  SOSSO  6S€9°0  IS6S0  SISSO  SYOKO 6990 9090  O6LLO  8ES80  86LFO 089S0 OLSIO Ty-aseq A

P69S0  LSY80  8L8Y0  LIESO  PPSSO  LTP90 19650  06LSO  €T6Y0  TLLOO  6LLLO  8Y6LO  THERO  8I6FO  LVLSO  $999°0 aseg-ge

6LI90 L9060  OYZSO  Y0S90  IE£90  €2TLO  TE09O  STIY0  8ETSO  €€8L°0  SPS8O P80  TL6SO  S6ISO 19590  OISLO T-sur

L1990  TLE6OD  €61S0  8T8O  S6ESO  90L90  LLLSO  8S8Y0D  6LISO P8O0 YOSLO  S86L0  SEE60  80ISO OSSO 0689°0  3ONJISUI-gE ehdod
LL090  8ET60 66650  TOISO  6I8S0 18890  IS090  LVLOO  TILSO  6SOL0  LPISO  ISES0  €8I60  ¥RO90  LPO9O  SSILO T-aseg

98790 18980  OIES0  9TSO  LE090  880LO  €0EY0  0STY0 YISO TO690  €SE80 00980  ILS§O  ILESO  0ITO0  EEELO aseg-ge

91ZS0 €980 S8PP'0 8L990  T96SO  T98Y0  ITESO  IKOSO  099K0  0S9LO  0SO8'0  6ETRO  HOSEO  OvPK0 09190  8TILO T-sux

PRES0 YOZ60  86SS0  8IISO  LY8FO  SII90  POESO 19690 06IS0  TOLOO 8890  BLELO  6PIGO  809S0  9S6K0  00E90  IANJISUI-8E ebiodiog
0SLS0  €€680  YI9SO 6060 00090  9vOLO  S9SSO  LSI90  TSESO  LEWLO  00S8O  OLY8O  IL880  OP9SO  6TCO0  LSTLO Ty-aseq

€860  P8L80  PPSSO 89S0 00090  TLOLO  LEZ9O  PEYO  P6ISO  LTILO  09v8'0  tP98'0  8OL8'0  ELSSO  80T90  OIELO aseg-g¢

ADOV €00V 40NV AHDE  €HDE JHDH ADNY €00V 40NV AHDE  @Hd  JHDE @00V 40NV gHDE  JHDd PPOIN 1sereq

ueapy xep PINBEM-TI

20



Dataset Model GMean RMS
ECE-F ECE-B ECE-V AUC-F AUC-B AUC-V ECE-F ECE-B ECE-V AUC-F AUC-B AUC-V
hotpotaa Ins-Format  0.5211 0.3804 0.3533 0.5486 0.9408 0.5433  0.5383 0.4737 0.4068 0.5438 0.9292 0.5349
polq Format-RL 0.3986 0.2688 0.2390 0.6284 0.9459 0.7019  0.4252 0.3433 0.2951 0.6228 0.9253 0.7132
onaa Ins-Format  0.3977 0.2900 0.2928 0.6225 0.9836 0.6108  0.4232 0.3840 0.3153 0.6150 0.9786 0.6174
pPopq Format-RL 0.3133 0.1992 0.1725 0.7453 0.9809 0.7124  0.3322 0.2902 0.2218 0.7436 0.9782 0.6916
wikimultihopaa Ins-Format  0.5157 0.3871 0.3559 0.5134 0.9161 0.5224  0.5284 0.4636 0.4202 0.5083 0.8928 0.5127
P4 Format-RL 0.4269 0.3003 0.2851 0.6360 0.9162 0.5435  0.4490 0.3835 0.3342 0.6328 0.8976 0.5666
bamboogle Ins-Format  0.5704 0.3874 0.4163 0.4860 0.9652 0.5465  0.6002 0.5178 0.4843 0.4924 0.9596 0.5733
s Format-RL 0.5435 0.3690 0.3902 0.7048 0.9444 0.7238  0.5639 0.4806 0.4171 0.6944 0.9380 0.7274
n Ins-Format  0.4619 0.3439 0.3196 0.5357 0.9413 0.6038  0.4761 0.4234 0.3347 0.5331 0.9324 0.6175
4 Format-RL 0.3270 0.2254 0.1926 0.6983 0.9570 0.6920  0.3482 0.3069 0.2106 0.6935 0.9530 0.7013
triviaga Ins-Format  0.3114 0.2461 0.2611 0.5706 0.9663 0.5599  0.3257 0.2940 0.2431 0.5675 0.9571 0.5767
4 Format-RL 0.2256 0.1533 0.1463 0.6414 0.9354 0.6731 0.2276 0.2020 0.1384 0.6338 0.9263 0.6798

Table 9: Unified calibration table (GMean + RMS) On Format and Format-RL.
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3B Format RL - critic/rewards/mean

3B Base Format RL - critic/rewards/mean
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Figure 4: Comparison of training dynamics between the 3B Format RL policy and the 3B Base Format RL policy.
Each row plots one metric over the first 100 global training steps: (fop) critic reward (critic/rewards/mean),
(middle) average response length (response_length/mean), and (bottom) ratio of valid actions in the environment
(env/ratio_of_valid_action). Within each subplot we show the raw logged values (light blue) and their moving
average (orange), with the left column corresponding to 3B Format RL and the right column to 3B Base Format RL.
Here, 3B Format RL denotes a 3B policy trained from scratch with a format-only reward for cold start, while 3B
Base Format RL continues training from this format-cold-start checkpoint by adding the calibration reward on top.
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3B Base Zero Start - critic/rewards/mean

3B Instruct Zero Start - critic/rewards/mean
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Figure 5: Training dynamics of the 3B Base Zero Start and 3B Instruct Zero Start policies. Each row reports a
different metric as a function of the global training step: (fop) critic reward (critic/rewards/mean), (middle)
average response length (response_length/mean), and (bottom) ratio of valid actions taken in the environment
(env/ratio_of_valid_action). For each metric we plot the raw measurements (light blue) and a smoothed trend
(orange), with the left column showing the 3B Base Zero Start run and the right column showing the 3B Instruct
Zero Start run. Here, 3B Base Zero Start denotes a policy initialized from the base model, while 3B Instruct Zero

Start is initialized from the instruct model.
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Figure 6: Evidence gain under the GMEAN, RMS, MEAN, MAX aggregation setting. Heatmaps report ECE-Gain
(left two; ECE-F and ECE-V) and AUC-Gain (right two; AUC-F and AUC-V) for four model variants across six
QA datasets. Positive ECE-Gain indicates reduced miscalibration with retrieval evidence, while positive AUC-Gain
indicates improved correct incorrect separability with retrieval evidence.



	Introduction
	Preliminary
	SAO Decomposition Framework
	Factor Graph

	Factor Graph From Agent Trajectory
	Overall Graph Structure
	Priors from Internal Confidence
	Exponentially Decayed Evidence Injection
	Forward and Posterior Inference

	Construction CPT for Variable Node 
	Trajectory Collection
	SA And OS Decomposition
	Mixed Data Training
	Integration Into Factor Graph
	CPT Evaluation

	Step-wise Calibration-Guided RL
	Step-wise Reward
	Trajectory-level Reward Aggregation

	Experimental Settings
	Datasets
	Trajectory-Level Confidence Aggregation
	Evaluation Metrics

	Experimental Results
	Evidence Propagation Validity
	Effectiveness of RL Calibration
	Accuracy Improvements After RL
	Step-Judge-ECE
	Evidence Gain

	Conclusion
	Limitation
	Appendix
	Related Work
	Agent Uncertainty Estimation
	RL with a Search Engine
	LLM Calibration

	Preliminary For Factor Graph
	Forward Belief Propagation
	Backward Belief Propagation

	CPT Related
	CPT Data Detail
	CPT Data Construction Prompt
	CPT Evaluation Protocol

	Step and Trajectory-level Confidence aggregation
	Step-wise confidence aggregation
	Trajectory-level confidence aggregation
	Verbal confidence aggregation

	More Results
	Reward Ablation
	Additional Calibration Results
	ECE Gain and AUC Gain
	Training Dynamics

	Training Prompt Template
	Evaluation Prompt Template
	Retrieval Settings
	Dataset Overview


