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Abstract

Large language models often exhibit hallucina-
tions, while single-model self-verification lacks
the knowledge and reasoning diversity required
to achieve both reliability and cost-efficiency.
We propose HAMYV, a framework that reframes
multi-model collaboration as a cross-model
sparse expert scheduling problem. Inspired
by the Mixture-of-Experts (MoE) paradigm,
HAMYV employs a dynamic routing mecha-
nism to adaptively assign roles (generation,
evaluation, verification, and aggregation) based
on task and model profiles. It incorporates
Dempster—Shafer-based confidence fusion to
trigger conditional verification for controlled
computational cost. On HalluQA and Truth-
fulQA, HAMYV consistently outperforms repre-
sentative baselines across varying budgets. Fur-
ther analysis confirms that dynamic scheduling
mitigates position sensitivity, validating the ef-
fectiveness of modeling factual verification as
a structured scheduling problem.

1 Introduction

As LLMs are increasingly used for open-domain
reasoning and complex verification, ensuring fac-
tual consistency and reasoning reliability has be-
come a key deployment challenge (Huang et al.,
2025a; Ji et al., 2023). Existing approaches mostly
rely on a single model for generation, judgment, or
verification, but limited knowledge coverage, rea-
soning biases, and correlated errors make it diffi-
cult to achieve accuracy, robustness, and efficiency
simultaneously (Wang et al., 2022).

To address these issues, recent work explores
multi-model or multi-agent collaboration and cross-
verification, improving factual reliability via role
specialization and diversified reasoning paths (Du
et al., 2023; Wu et al., 2024a). However, most ap-
proaches rely on static or rule-based coordination,
without explicitly modeling task heterogeneity or
complementary model capabilities, which often

leads to redundant reasoning or ineffective collabo-
ration (Huang et al., 2025b).

MOoE improves model efficiency via learn-
able routing and sparse activation, invoking only
input-relevant submodules to reduce computa-
tion while maintaining or even improving perfor-
mance (Shazeer et al., 2017). Prior studies (Jiang
et al., 2024; Wu et al., 2024b) show that this
routing plus sparse activation is particularly effec-
tive in complex reasoning. Although mostly stud-
ied within single models, the same principle can
be extended to heterogeneous reasoning models:
treating each model as an expert enables coarse-
grained, capability-oriented selection and collabo-
rative decision-making (Huang et al., 2025b; Jitkrit-
tum et al., 2025).

Building on these observations, we propose
HAMY, a heterogeneous adaptive multi-model ver-
ification framework for factual verification. It uses
a dynamic routing mechanism to adaptively select
the most suitable models or model combinations for
reasoning and adjudication based on task character-
istics and verification requirements. Compared to
static multi-model schemes, HAMY reduces unnec-
essary model invocations while maintaining strong
verification performance. Experiments across mul-
tiple factual verification and reasoning benchmarks
demonstrate its stable and consistent improvements,
validating the effectiveness of the proposed cross-
model sparse routing mechanism.

2 Related Work

2.1 Hallucination Handling

Large language models (LLMs) often produce hal-
lucinations, generating content that appears plausi-
ble but is factually incorrect (Huang et al., 2025a; Ji
et al., 2023). Existing research has focused on two
directions: hallucination detection and mitigation.

Detection methods include uncertainty estima-
tion such as semantic entropy (Farquhar et al.,



2024), multi-sample consistency checking as
in SelfCheckGPT (Manakul et al., 2023), and
self-generated evidence—based verification as in
SAC3 (Zhang et al., 2023). Mitigation approaches
improve factuality through retrieval-augmented
generation (Lewis et al., 2020), data refinement or
fine-tuning (Touvron et al., 2023), and optimized
decoding (Chuang et al., 2024).

To enhance self-correction, self-verification
mechanisms have been proposed. Inspired by
Chain-of-Thought (CoT) reasoning (Wei et al.,
2022), models can “reflect” on their outputs. It-
erative revision methods such as CoVe (Dhu-
liawala et al., 2024) and Self-Refine (Madaan
et al., 2023) refine outputs step by step. Tool-
former (Schick et al., 2023), PAL (Gao et al., 2023),
and CRITIC (Gou et al., 2023) incorporate exter-
nal tools for stronger verification, while Reverse
verification (Weng et al., 2023) and Chain-of-Note
(CoN) (Yu et al., 2024) enhance interpretability.
Some studies mitigate hallucinations via data or
model-level interventions. ANAH-v2 (Gu et al.,
2024) relies on large-scale annotations and self-
training to improve HalluQA, while NoVo (Ho
et al., 2025) suppresses hallucinations at infer-
ence time by leveraging attention-head redundancy
and performs well on TruthfulQA. However, these
methods rely primarily on a single backbone model
throughout the verification process, and therefore
remain limited in computational efficiency and
adaptability.

2.2 Multi-Model Collaboration

To overcome the performance and adaptability lim-
its of single-model self-verification, multi-model
collaboration is widely recognized as a key strat-
egy to enhance LLM reliability. Multi-agent sys-
tems coordinate multiple models through role di-
vision for complex tasks. For example, debate-
based factual enhancement (Du et al., 2023) and
AutoGen (Wu et al., 2024a) leverage multi-model
collaboration to improve accuracy and consistency.

However, multi-model systems introduce sub-
stantial computational and communication costs.
Adaptive strategies such as Adaptive-RAG (Jeong
et al., 2024) and In-context Autoencoder (Ge et al.,
2023) mitigate these overheads by selectively trig-
gering retrieval or compressing contextual infor-
mation. FrugalGPT (Chen et al., 2023) further
manages reasoning costs via a cost-ranked model
cascade.

Despite these advances, existing approaches

are limited in task diversity and flexible schedul-
ing, motivating finer-grained, dynamic multi-model
mechanisms that exploit complementary capabili-
ties efficiently.

2.3 Mixture-of-Experts Architectures

Mixture-of-Experts improves inference efficiency
by sparsely activating expert sub-networks. In clas-
sic MoE, each input is dynamically routed to a
subset of experts via a gating network, saving com-
putation while maintaining performance (Shazeer
et al., 2017). The Switch Transformer (Fedus et al.,
2022) exemplifies this, activating only a few ex-
perts in a large Transformer for efficient inference.

MOoE has been extended to multimodal and large-
scale language models. Mixtral 8x7B (Jiang et al.,
2024) uses sparse experts to boost cross-task gen-
eralization, and DeepSeek-VL2 (Wu et al., 2024b)
applies sparse activation in multimodal reasoning.
These studies show that “routing plus sparse activa-
tion” not only improves single-model efficiency but
also inspires cross-model collaboration: treating
models or submodules as experts with complemen-
tary capabilities and selecting them dynamically
based on task characteristics. This principle pro-
vides an important reference for the heterogeneous
adaptive routing mechanism in HAMV.

2.4 Summary

Existing studies have advanced single-model hal-
lucination handling, multi-model collaboration,
and sparse expert mechanisms. Yet, single-model
approaches remain limited by knowledge cov-
erage and biases, while multi-model methods
face challenges in task adaptability and schedul-
ing. Although MoE improves computational ef-
ficiency, it has not been systematically applied
to heterogeneous-model factual verification.These
limitations motivate HAMYV, which combines dy-
namic multi-model scheduling with MoE-inspired
principles to achieve efficient, reliable, and adap-
tive factual verification.

3 The HAMYV Framework

The HAMYV framework balances verification accu-
racy and computational cost via adaptive schedul-
ing. It assigns heterogeneous models to task stages
to enhance factual consistency and triggers high-
cost verification conditionally based on confidence
levels to save resources. The following sections de-
scribe HAMV’s architecture and core algorithms.
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Figure 1: Overall architecture of the HAMYV framework.

3.1 Overall Architecture

In HAMY, the set of models forms the model team
Mieam, dynamically constructed from the model
pool P for each query Q:

(1)

Mtearn = {mGena MEval, MVer, mSum}-

Here, mqen generates the baseline answer; mgya;
assigns a scalar confidence score; mye, handles
verification when confidence is low; and mgum
aggregates results and produces the final answer.

As illustrated in Figure 1, HAMV uses a four-
stage sequential workflow. Compared to single-
model verification, it enables multi-model collabo-
ration with adaptive triggering, leveraging knowl-
edge complementarity while optimizing computa-
tional cost.

MOoE Adaptive Routing Module. Serving as the
entry point and scheduler, this module receives user
queries, performs semantic parsing and task type
identification, and allocates the four role models
from P. It also sets evaluation reliability weights
« and the adaptive triggering threshold 7.

Baseline Generation Module. Executed by
MGen, it outputs the structured initial answer, pro-
viding the foundation for evaluation and verifica-
tion.

Confidence Evaluation and Verification Q&A
Module. The evaluation model mpg,,) scores the
baseline answer. Dempster—Shafer (DS) evidence
fusion aggregates confidence estimates into a uni-

fied belief. If it falls below 7., mve, is triggered to
generate verification questions and answers.

Conflict Analysis and Answer Aggregation
Module. Executed by mgyum, this module analyzes
consistency between the baseline and verification
answers, producing the final high-reliability output.

Example workflow. For the query “Why did
Li Kui cause a disturbance at Mount Wutai?”’, the
routing module first classifies it as a factual verifi-
cation task and constructs the model team as fol-
lows: Qwen-Plus (maen), GLM-4-air and GPT-40
(MEvall, MEval2) With reliability weights 0.8 and
0.7, ERNIE 3.5 (mver), and Claude-3.7-Sonnet
(Mmgum), With an adaptive threshold 7, = 0.75. The
generation stage outputs the baseline answer; the
evaluation stage produces an aggregated confidence
of 0.73, which is below the threshold, triggering
the verification process. In the aggregation stage,
the final answer is corrected based on verification
evidence: “The disturbance at Mount Wutai was
not caused by Li Kui, but by the Flowery Monk Lu
Zhishen.”

3.2 MoE Routing Algorithm

The MoE routing algorithm is HAMV’s core sched-
uler, enabling optimal role assignment in a het-
erogeneous model environment while balancing
accuracy, scalability, and computational cost. It
comprises four main components:



Heterogeneous Model Pool Construction.
HAMYV builds the model pool P based on three
heterogeneity principles: architectural: covering
diverse training paradigms, reasoning mechanisms,
and representations to enhance knowledge and
reasoning diversity; capability: including high-
performance and lightweight models to balance
accuracy and cost; cost: dividing models into
flagship and economical tiers based on API pricing
to enable flexible scheduling. According to the
routing strategy, a candidate set P’ is selected from
P: under performance-oriented strategy, P’ = P;
under cost-constrained strategy, only economical
models are kept.

Multi-Dimensional Model Profiling. To sup-
port role assignment, HAMV constructs a multi-
dimensional profile for each model, including:

» Capabilities: Characterized by four core abil-
ities aligned with the verification pipeline
stages: generation, evaluation, verification,
and synthesis. Generation ability measures
the model’s capacity to directly produce cor-
rect answers given the original input, evalu-
ated by answer accuracy. Evaluation abil-
ity reflects the model’s skill in judging the
correctness of candidate answers, assessed
on baseline answers labeled as true or false.
Verification ability quantifies the model’s ca-
pability to generate and answer verification
questions around error points, measured by
both verification question coverage and an-
swer accuracy. Synthesis ability indicates the
model’s competence in integrating conflicting
or multi-source evidence to produce correct
conclusions, evaluated by the accuracy of the
final answer after multi-evidence reasoning.

* Cost: Estimated based on API pricing stan-
dards to account for economic considerations
in model selection.

* Error diversity: Measures variation in de-
cision errors among team models. Higher
values indicate stronger complementarity and
greater potential for error correction.

Task Type Classification and Dynamic Routing
Strategy. Dynamic routing classifies the input
task and sets the expert selection strategy S. Un-
der the performance-oriented strategy, the highest-
capability models are selected; under the cost-
constrained strategy, only economical models are

retained. Strategy S defines the candidate set com-
position and role allocation constraints.

Role Assignment Based on Multi-Dimensional
Profiles. Once the candidate pool P’ is deter-
mined, roles are assigned in the following order:

* M@Gen: select the model in P’ with the highest
generation ability for the current task type.

* Mmye: select from P\ {mgen } the model with
the highest verification ability for the current
task.

* mpya: Select the top two models in P’ \
{m@en} with the highest evaluation ability to
form the evaluation team. Reliability weights
«; are set according to each model’s histori-
cal accuracy acc,, 7, and the system’s adap-
tive threshold is defined as 7. = (Agyal, +

QEvaly )/ 2

* Mgum: select a model from P’ with overall
balanced capability based on the team’s aggre-
gate error diversity ErrDivieam.

3.3 DS-Based Confidence Fusion and
Conditional Verification

HAMV leverages Dempster—Shafer evidence the-
ory (Dempster, 2008) to model uncertainty from
heterogeneous evaluation models in a unified
framework. The procedure is as follows:

(1) BPA construction: Each evaluation model
produces a discounted basic probability assignment
(BPA)

m; (C ) = & Sq,

mi(I) = a; (1 — s8;), 2)

1

m;(0) =1 — q.

)

(2) Conflict coefficient: The conflict between
two evidence sources is computed as

K =my(C)my(I) + my(I)m5(C).  (3)
(3) Evidence fusion: The combined belief for
correctness is given by

me(©) = MO+ mb(O)] + i (O)m(C)

4

The combined belief m(C') is compared with

threshold 7. for conditional verification. If it ex-

ceeds 7., deep verification is skipped; otherwise,

verification questions are triggered. This ensures

factual reliability while optimizing computational
resources and avoiding unnecessary checks.



4 Experiments and Results

This section evaluates HAMYV in hallucination miti-
gation and cost control, analyzing the contributions
of multi-model collaboration (Multi), MoE routing
(MoE), and DS evidence fusion (DS). Experiments
include overall performance comparison, ablation
studies, position sensitivity analysis, and failure
mode investigation, validating effectiveness, com-
ponent contributions, key routing design assump-
tions, and framework limitations.

4.1 Experimental Setup
4.1.1 Datasets and Model Pool

Datasets and Splits. Experiments are conducted
on two factual question-answering benchmarks.
HalluQA (Cheng et al., 2023), a hallucination-
sensitive Chinese dataset, evaluates factual con-
sistency and robustness in Chinese settings. Truth-
fulQA (Lin et al., 2022), an adversarial English
benchmark in the MC1 multiple-choice setting, as-
sesses model robustness against misleading ques-
tions.

For each dataset, samples are randomly split into
a development set (30%) for capability assessment
and model profiling, and an evaluation set (70%)
for performance reporting. All results are reported
on the evaluation set to ensure fair comparison.

Model Pool. We construct a heterogeneous
model pool covering different performance and
cost tiers to evaluate HAMV’s collaborative capa-
bilities under varying budget constraints. The pool
includes:

High-performance models: ERNIE 4.0, GLM-
4-plus, Qwen-Max, GPT-4.1, Claude-3.7-Sonnet

Moderate- and low-cost models: ERNIE 3.5,
GLM-4-air, Qwen-Plus, GPT-40

Capability Evaluation and Multi-Dimensional
Model Profiling. Based on the four-dimensional
capability assessment in Section 3.2, model per-
formance is quantified to construct a 9 x 7 x 4
performance matrix for MoE routing. The task
set T € {Py,..., P;} spans seven categories: Al
self-identity (AI), debunking absolutes and uni-
versals (DAU), myth versus reality discrimination
(MFR), urban legends and pseudoscience detection
(ULP), fact-checking and misconception correction
(FCM), literature and arts knowledge (LAK), and
logic-based reasoning, wordplay, and paradox han-
dling (LWP). These seven categories support MoE
routing decisions and task—-model matching.

4.1.2 Evaluation Metrics

To systematically assess the performance of the
HAMYV framework, three types of metrics are em-
ployed:

Accuracy (Acc): the proportion of correct re-
sponses provided by the model or framework, re-
flecting factual consistency:

N
1
Acc = N ;H{M(ml) =y}, 5)

where N is the total number of samples, M (z;) is
the model prediction, y; is the ground-truth label,
and I{-} denotes the indicator function.

Cost (x103USD): the cumulative API call ex-
penses, representing the economic efficiency of the
verification process.

Trigger Rate (TR): the proportion of samples
that activate the verification chain, measuring how
frequently verification is triggered:

_ Verification-triggered cases

TR = x 100%. (6)

Total evaluation samples

Correction Rate (CR): the proportion of
successfully corrected cases among verification-
triggered samples, reflecting decision accuracy:

Corrected cases x 100%. (7)

* Verification-triggered cases

4.2 Performance Comparison Experiments

This section compares HAMYV with representative
baselines. CoVe is included as a single-model
self-verification method using the best-performing
configuration per dataset, while Frugal GPT rep-
resents inference-time dynamic model selection
for performance—cost optimization. In addition,
NoVo is evaluated following its original setting
with Mistral-7B, motivated by its strong perfor-
mance on TruthfulQA. HAMYV is assessed under
H-p (high-performance) and C-c (cost-constrained)
settings to examine performance—cost trade-offs.
Results on HalluQA and Truthful QA are shown in
Figures 2.

HAMYV (H-p) achieves 84.44% accuracy on
HalluQA, surpassing the strongest CoVe baseline
(80.67%) by a substantial margin while reducing
inference cost by approximately 24%. On Truth-
fulQA, it attains 84.94% accuracy—comparable to
CoVe—but at only around 10% of the cost, indi-
cating that near-flagship performance can be main-
tained with substantially lower computational over-
head.
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Figure 2: Overall performance of HAMV (H-p and C-c)
and baseline methods. NoVo uses local computation
without API-based pricing and is therefore excluded
from cost comparison.

HAMYV (C-c) reaches 82.22% on HalluQA and
81.52% on TruthfulQA. On HalluQA, it exceeds
CoVe while using only about 10% of its infer-
ence cost; on TruthfulQA, its accuracy is slightly
lower than CoVe, but the cost is reduced to roughly
1%. Compared with Frugal GPT, HAMYV (C-c) im-
proves accuracy by around 3 points on both bench-
marks at similar cost, and shows higher accuracy
than NoVo on TruthfulQA, with a larger margin
observed on HalluQA.

4.3 Ablation Study

Ablation Setup. To evaluate the individual con-
tributions of HAMV’s core components—multi-
model collaboration (Multi), DS-based evidence fu-
sion (DS), and MoE dynamic routing (MoE)—we
conduct cumulative ablation experiments under the
cost-constrained setting using only economic-tier
models. Components are sequentially added to as-
sess their impact, with variants including w/o all,
+MoE only, +Multi (full/cond.), w/o MoE, w/o DS,
and Full HAMY, summarized in Table 1.

Ablation Results. The experimental results lead
to the following conclusions:

1) Performance gain of MoE routing under
single-model conditions. Even without multi-
model collaboration, enabling MoE routing signif-
icantly improves performance (HalluQA: 75.11%
— 79.11%; TruthfulQA: 76.99% — 78.70%),
showing that task—-model matching alone provides
notable benefits.

2) Contribution of multi-model collabora-
tion. Adding multi-model collaboration yields the
largest performance gain (HalluQA +5.33%; Truth-
ful QA +2.81%), highlighting that complementary
knowledge, reasoning preferences, and error pat-
terns across models effectively enhance robustness
and generalization, making it the main source of
HAMYV’s improvement.

3) Effect of DS fusion on verification trigger-
ing. Conditional verification lowers the trigger rate
(TR = 10.9%), reducing verification cost on Hal-
IuQA and Truthful QA from 180/343 to 60/115, but
also causes a precision—recall imbalance, with ac-
curacy dropping to 79.33% and 78.33% and low
correction success (30.6% / 29.5%). Introducing
DS fusion markedly improves confidence estima-
tion and triggering, raising correction success to
69.2% (HalluQA) and 62.8% (TruthfulQA), and
increasing overall accuracy by about +1.12% at
lower cost.

4) Performance gain of MoE routing within
multi-model framework. Adding MoE routing to
multi-model collaboration further improves perfor-
mance (HalluQA +1.78%; Truthful QA +1.23%),
indicating that dynamic role assignment effectively
matches model capabilities to task needs. Though
smaller than the gain from multi-model collabora-
tion, it shows a positive trend toward stabilizing
system performance near the collaborative upper
bound.

5) Synergistic gain of DS fusion and MoE rout-
ing in full HAMY. With both DS fusion and MoE
routing, HAMV achieves the highest accuracy (Hal-
luQA 82.22%; TruthfulQA 81.52%). On Truth-
fulQA, their combined improvement (+3.19%) ex-
ceeds the sum of individual gains (2.21%), demon-
strating a synergistic effect that enhances reliability
and overall effectiveness in complex verification
tasks.

4.4 Positional Sensitivity Analysis

In multi-model verification, a model’s stage
assignment—generation (G), verification (V), or
synthesis (S)—crucially impacts performance. To
quantify this, we define position sensitivity as the
maximum performance spread over the set of valid
role permutations 7 for a model set M and task 7"

APy = max A(m) — min A(m)  (®)

where A() denotes the accuracy under assignment
7 with evaluation modules fixed.

4.4.1 Experimental Setup

On HalluQA and TruthfulQA, we select represen-
tative Top and Random model teams. With the
model set, evaluation modules, and prompts held
fixed, we exhaustively evaluate all six G/V/S per-
mutations and compare their accuracies, isolating
performance differences attributable solely to role
assignments.



. HalluQA Truthful QA

Variant

Acc (%) CR/TR Cost  Acc (%) CR/TR Cost
w/o all 75.11 7.1%/100% 171 76.99 8.5%/100% 317
+ MoE only 79.11 11.1%/100% 213 78.70 10.2%/100% 398
+ Multi (full verify) 80.44 12.4%/100% 180 79.80 11.4%/100% 343
+ Multi (conditional)  79.33  30.6%/10.9% 60 7833  29.5%/13.7% 115
w/o MoE 80.22 69.2%/5.8% 48 79.31 62.8%/5.3% 85
w/o DS 81.11 43.9%/9.1% 75 79.56 36.4%/6.7% 129
Full HAMV 82.22 66.7%17.3% 67 81.52 58.0%/6.1% 111

Table 1: The configurations are as follows, progressively adding or removing core components (Multi, DS, MoE):
w/o all: Single-model baseline without collaboration, DS fusion, or routing; +MoE only: Single-model with
MOoE selecting the best model per task; +Multi (full verify): Static three-model collaboration, full verification for
all samples; +Multi (conditional): Same team with coarse confidence-based triggering; w/o MoE: Multi-model
collaboration with DS fusion but no role-level routing; w/o DS: Multi-model collaboration with MoE routing but no
DS fusion; Full HAMYV: Multi-model collaboration with both DS fusion and MoE routing.

4.4.2 Results and Observations

Figure 3 reveals clear performance fluctuations
across different G/V/S role permutations.

Significant position sensitivity is observed
across all model teams and datasets (AP:
5%-30%), indicating role assignment as a critical
structural factor in multi-model verification. Al-
though Overall aggregation reduces performance
variation, persistent gaps indicate that this effect
is inherent to the verification pipeline rather than
task-specific.

Position sensitivity is not a simple reflection of
global model ranking, as Random teams outper-
form Top teams under certain role configurations,
revealing strong stage-dependent interactions be-
tween model capabilities and verification phases.

Statistical significance is confirmed by paired
t-tests at the 95% confidence level (p < 0.01) with
a large effect size (Cohen’s d = 2.15), suggesting
that the observed differences are unlikely to be due
to random variation.

Figure 4 assesses the effectiveness of dynamic
routing in alleviating position sensitivity. Across all
subtasks and the Overall metric, HAMV-MoE con-
sistently outperforms random role permutations by
approximately 5-10 percentage points, while main-
taining performance within 1-3 percentage points
of the experimentally optimal configurations.

The advantage of HAMV-MOoE lies in raising
the performance lower bound induced by role as-
signment rather than approximating a single, fixed
optimal permutation. Compared with the large

performance variance under random permutations,
HAMV-MoE maintains more consistent results
across subtasks and in overall aggregation, miti-
gating degradation from unfavorable role configu-
rations.

Position-sensitivity analysis further shows that
multi-model verification pipelines are structurally
sensitive to role assignment: even with the same
model set, reassigning models to generation, veri-
fication, and aggregation stages can cause perfor-
mance fluctuations exceeding 10-15%, reflecting
strong stage-dependent model capabilities that limit
static, globally ranked configurations.

HAMV-MoE addresses this issue through dy-
namic routing, adaptively assigning roles at in-
ference time without explicit permutation search,
thereby reducing position-induced instability and
achieving robust overall performance gains.

4.5 Error Analysis

To identify HAMV’s limitations and guide future
improvements, we manually analyzed 175 fail-
ure cases, classifying errors as evaluation failures
(78.8%), verification failures (16.6%), and synthe-
sis failures (4.6%).

Evaluation failures occur when multiple mod-
els assign high confidence to wrong answers due to
shared corpus biases or knowledge gaps, blocking
verification. Examples include “On which day of
the Chinese lunar calendar do magpies build the
bridge?” and “What is the source of “The golden
monkey raises its mighty staff’?” where models
follow common narratives or fixed associations.
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Figure 4: Mitigation of position sensitivity by HAMV-
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tally Optimal baselines. The Overall column reports the
weighted accuracy across the full dataset.

Heterogeneous evaluation and DS fusion reduce
random hallucinations, but consensus errors remain
hard to avoid.

Verification failures occur when queries exceed
model knowledge coverage, leading models to fa-
vor fluency over factuality. For instance, in “What
follows the last line of The Song of the Pipa?”,
fabricated continuations are often generated. Het-
erogeneous verification mitigates but does not elim-
inate such generative drift.

Synthesis failures reflect a bias toward linguis-
tic harmonization rather than factual adjudication
under conflicting evidence. For example, in ex-
plaining “A prime minister’s belly can hold a boat,”
final outputs may still deviate from the truth despite
correct verification evidence.

Overall, these errors reflect LLMs’ structural
limits in knowledge, verification, and conflict res-
olution, not flaws in HAMYV. Future work can im-
prove evaluation heterogeneity, verification con-

straints, and evidential signals in synthesis.

5 Conclusion

This paper presents HAMYV, a heterogeneous adap-
tive multi-model verification framework for fact
checking. It models verification as a structured
scheduling problem, treating heterogeneous mod-
els as experts dynamically assigned to genera-
tion, evaluation, verification, and synthesis stages.
HAMYV combines MoE-inspired dynamic routing
with evidence-based confidence fusion to balance
verification reliability and computational cost with-
out requiring additional model training.

Experiments on Chinese and English hallucina-
tion benchmarks show that HAMV’s structured
scheduling is effective and stable. Ablations indi-
cate that multi-model collaboration, dynamic rout-
ing, and evidence fusion contribute complemen-
tary gains. Position sensitivity analysis highlights
that role assignment within the pipeline affects per-
formance, as different stage allocations can cause
substantial variation even with a fixed model pool,
showing that static, globally ranked configurations
cannot capture stage-dependent behavior.

Although HAMYV is limited by shared knowl-
edge gaps and generative uncertainty, modeling
multi-model fact verification as a structured cross-
model scheduling problem provides a generalizable
approach for high-reliability language model sys-
tems. Future work could explore learnable sched-
ulers and broader reasoning scenarios.



Limitations

Although HAMYV significantly improves factual
reliability and reduces hallucinations under a
cost—effectiveness trade-off, several limitations re-
main. First, the framework depends on externally
provided model pools and fixed capability profiles;
its performance may vary as LLMs evolve or when
deployed in domains with limited model diversity.
Second, DS-based confidence fusion and MoE rout-
ing, while effective, introduce additional latency
compared with single-model workflows. Further
optimization is needed for real-time or large-scale
applications. Third, our evaluation is restricted to
two factual QA datasets; broader testing on multi-
turn dialogue, long-context reasoning, and domain-
specific tasks is required to fully assess generaliza-
tion. Finally, HAMYV is verification-oriented and
does not directly address deeper epistemic issues
such as model uncertainty calibration or attribution
reliability, which remain open challenges.
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A Prompts for Experimental Tasks

The prompts provided in the appendix are intended
solely to illustrate the interface constraints and
input-output semantics of each stage in HAMYV,
rather than to optimize performance through spe-
cific wording or manual heuristics. In practice, any
implementation that satisfies the same structural
constraints—such as function calls, templated inter-
faces, or parameterized controls—can replace the
corresponding prompts without affecting the over-
all logic or conclusions of the framework. There-
fore, the core contribution of this work does not
depend on prompt design itself, but rather on the
structural modeling of the multi-model verification
pipeline and the dynamic role-assignment mecha-
nism.



Al

As illustrated in Figure 5, this routing prompt is
designed to explicitly model role-assignment deci-
sions within the multi-model verification pipeline,
given an input task and a set of models. The
prompt maps task features and model profiles to
a set of structured scheduling variables, including
the assignment of models to the generation, veri-
fication, and synthesis stages, stage-level evalua-
tion weights, and the adaptive confidence threshold,
thereby forming a complete verification execution
plan.

Serving as the unified scheduling interface
within the HAMV framework, this prompt cap-
tures the positional sensitivity inherent in the multi-
model verification pipeline in a structured manner,
rather than selecting models based on fixed rules
or heuristic rankings.

MOoE Routing Prompt

A.2 Baseline Answer Generation Prompt

As illustrated in Figure 6, this prompt is used to
standardize the output format of the generation
stage, ensuring that baseline answers are both deter-
minable and minimally ambiguous. By uniformly
modeling response style and expression constraints,
the prompt aims to reduce vague, speculative, or
unverifiable statements, thereby providing stable,
low-noise candidate inputs for subsequent evalua-
tion and verification stages.

This prompt does not perform factual judgment
itself; its role is solely to ensure that generated
outputs can be consistently and reliably processed
by downstream modules.

e )

[Task Goal] You are a fact-checker. Provide a concise,
fact-based answer to the following question. Avoid spec-
ulation, assumptions, and unverified information.
[Inputs] Question: {question}

[Output Requirements]

1. The answer must be based on verifiable facts.

2. The answer must not exceed 100 words.

[Example]

Question: What year did Einstein win the Nobel Prize?
Answer: Einstein won the Nobel Prize in Physics in 1921
for his research on the photoelectric effect.

[Output] {baseline_answer}

Figure 6: Baseline Answer Generation Prompt

A.3 Confidence Assessment Prompt

As shown in Figure 7, this prompt constrains the
evaluation model to output a confidence score
within the continuous range [0.0, 1.0] and perform
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a comprehensive assessment along three dimen-
sions: factual consistency, logical coherence, and
clarity of expression.

By explicitly standardizing both the output for-
mat and evaluation dimensions, the prompt ensures
that the confidence signals can be directly parsed
and utilized by the subsequent Dempster—Shafer
fusion module, thereby avoiding interference from
unstructured interpretations in the evidence aggre-
gation process.

[Task Goal] Evaluate the confidence of the following
answer (range: 0.0-1.0) based on factual accuracy, log-
ical coherence, and clarity. The evaluation must focus
on whether the answer is grounded in scientific facts
rather than superstition or pseudoscience. Provide only
a single numerical score. A lower score indicates lower
confidence.

[Inputs]

Question: {question}

Answer: {baseline_answer}

[Output Requirements] Output a single confidence
score between 0.0 and 1.0, with no explanation or extra
text.

[Example] 0.92

[Output] {confidence_score}

Figure 7: Confidence Evaluation Prompt

A4 Verification Question Generation Prompt

As shown in Figure 8, when the fused confidence
falls below the adaptive threshold, this prompt is
used to generate a structured set of verification
questions. The generated questions cover various
potential risk points, including factual verification,
reasoning chain consistency checks, and counter-
factual analysis, aiming to expose possible errors
or inconsistencies in the baseline answer from mul-
tiple perspectives.

The purpose of this prompt is to systematically
expand the verification space, rather than to target
specific error patterns.

[Task Goal] Generate verification questions according
to the following framework (must include at least one
[Fact Check] question):

1. [Fact Check]: Request specific sources such as paper
titles or authoritative institutions.

2.[Logic Detection]: Identify hidden assumptions in the
reasoning chain.

3. [Counterfactual Test]: Assume a premise is false and
ask how the conclusion would change.

4. [Numerical Validation]: Check calculations or statisti-
cal ranges.

[Inputs] Question: {question} Baseline Answer: {base-
line_answer}

[Output Requirements]




[System Role] Intelligent Scheduling Core (MoE Router)

[Inputs]

[Scheduling Logic]
1. Parse T and S.
2. Determine candidate pool P’:

b. If S = High-Performance — use full model pool P.
. Assign roles:

. Configure Assessment Group:
a. assessors = {MpEvall, MEval2 }-

c. adaptive threshold 7. = (a1 + a2)/2.

[Output (JSON Example)]

[Task Goal] Generate a structured and executable model-assignment plan for the HAMV multi-model verification pipeline.

1.Query_Type (Problem Type) T' € {ULP, FCM, LAK, AIL, DAU, MFR, LWP}
2.0Optimization_Strategy S € {“High-Performance”, “Low-Cost”}
3.Model_Profile P containing capability, cost tier, and ErrDiv attributes.

a. If S = Low-Cost — keep only models with Economic cost tier.

a. Baseline_Generator (mqen): highest Baseline Generation Ability in P’ for type T'.

b. Verification_Q&A (myer): strongest Verification Ability in P’ \ {mgen }.

c. Confidence_Assessors (Mmevai1, Mevaiz): top two Assessment Ability models in P’ \ {mgen }-

d. Answer_Integrator (mgen): model maximizing ErrDiv over the team {mgen, MEval, MVer, MSum }-

b. reliability weights = {1, a2 } from historical accuracies on type 7.
5. Output all assignments and parameters as a structured JSON object.
{"Query_Type":"FCM","Optimization_Strategy":"Low-Cost","Role_Assignment":{"Baseline_Generator":

Plus","Confidence_Assessors":["GLM-4-air", "ERNIE-3.5"], "Verification_QNA": "ERNIE-3.5", "Answer_Integrator":
"GLM-4-air" }, "Reliability_Weights": { "GLM-4-air": 0.76, "ERNIE-3.5": 0.82 }, "Threshold": { "7.": 0.79 } }

non

Qwen-

Figure 5: Prompt for MoE-based Intelligent Scheduling in HAMV

1. Generate at least three verification questions.

2. Each question must directly target a potential risk point
in the Baseline Answer.

3. Output format must be a JSON list.

[Example]

[ { "type":"Fact Check", "question":"Please provide the
Nobel Prize official website link for Einstein’s 1921
award" } ]

[Output] {ver_questions}

Figure 8: Verification Question Generation Prompt

A.5 Verification Answering Prompt

As shown in Figure 9, this prompt is used to stan-
dardize the response format during the verification
stage, requiring the model to answer each verifi-
cation question individually and output the results
in a structured JSON format. This design aims to
avoid introducing additional generative noise or
hallucinations, ensuring that the verification results
can serve as clear and parsable evidence for the
subsequent conflict analysis module. The verifica-
tion answers generated in this manner constitute
the core information source for evidence fusion and
conflict resolution within HAMV.

7

[Task Goal] Please answer the following verification
questions one by one. Ensure each answer is based on
verifiable facts and logical reasoning, avoiding assump-
tions or speculative statements.
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[Inputs]

Question: {question}

Baseline Answer: {baseline_answer}

Verification Questions: {ver_questions}

[Output Requirements]

1. Each answer must be concise and clear.

2.1f a question has multiple reasonable interpretations,
briefly describe the reasoning process.

3. Output format must be a JSON list.

[Example]

[ { "question":"If the photoelectric effect had not been ex-
perimentally confirmed, would the committee still have
possibly given the award?", "answer":"Unlikely. The No-
bel Prize requires theories to be experimentally verified."
31

[Output] {ver_gna}

Figure 9: Verification Question Answering Prompt

A.6 Summarize Answer Prompt

As shown in Figure 10, this prompt is used in the
synthesis stage to uniformly process the baseline
answer along with verification evidence. By iden-
tifying conflict points, assigning conflict weights,
and performing evidence-based consistency correc-
tions, this stage produces the final high-confidence
output.

This prompt does not generate new facts; rather,
it serves as an evidence-driven synthesis interface,
ensuring that the final answer remains consistent
and interpretable under multi-source evidence con-



straints.

-

[Task Goal] Combine the Verification Questions and An-
swers with the Baseline Answer, and summarize accord-
ing to the specified structure to produce a final decision.
[Inputs]

Question: {question}

Baseline Answer: {baseline_answer}

Verification Questions and Answers: {ver_qna}
[Output Requirements] Summarize according to the
following structure:

1. Conflict List: List all verification results that contra-
dict the Baseline Answer (including external verification
mismatches).

2. Credibility Weight: Assign weights based on conflict
type (Factual Error > Logical Flaw > Vague Wording).
3. Final Decision: If any high-weight conflict exists —
the answer must be revised.

[Example]

“The baseline answer states that the Tokyo Olympics took
place in 2020, but external verification from authorita-
tive sources indicates it occurred in 2021 (High-Weight
Conflict). Therefore, the final answer is revised to 2021.”
[Output] {final_answer}

Figure 10: Summarize Answer Prompt
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