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Abstract

This report presents the methodology and findings of prompting large language models (LLMs)
for Chinese Factivity Inference (FI). We evaluated five LLMs, among which DeepSeek-R1
demonstrated the best overall performance. A combination of Chain-of-Thought (CoT), few-
shot, and system-level instructions were combined for final prompting. Additionally, we intro-
duced a pairwise task scheduling strategy and a multi-agent disagreement arbitration mechanism
to further enhance inference quality. Experimental results show that the integration of prompt-
ing, scheduling, and arbitration strategies significantly improves performance, with DeepSeek-
R1 achieving 91.7% overall accuracy on the evaluation set. The report also highlights findings
regarding LLM behavior on FI tasks and outlines potential directions for future improvement.
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1 Introduction

Factivity refers to the property of certain verbs (predicate) to presuppose the truth of their complement
clauses (hypothesis), thereby reflecting the interactive subjectivity inherent in linguistic expression (text);
Factivity Inference (FI) is a semantic understanding task that involves determining the factual status of
an embedded event(Yuan, 2020). To assess the performance of Large Language Models (LLMs) on
FI, we evaluated five reasoning-capable LLMs: DeepSeek-R1 (DeepSeek-AI, 2025), Ernie-X11, Qwen3
(Qwen-Team, 2025), Doubao-1.5-thinking2, and Hunyuan-T13. The evaluation results are presented in
Table 1.

Model Test Set (Art/Nat %) Eval Set (Art/Nat %)
deepseek-r1 87.67/82 87.52/88.61
ernie-x1-turbo-32k 88.67/81.86 82.97/86.49
qwen3-235b-a22b 86/82.29 84.95/85
doubao-1-5-thinking-pro-250415 86/84.71 86.74/86.49
hunyuan-t1-20250403 76/78.29 /

Table 1: Performance of five tested LLMs.

Among the five models evaluated, DeepSeek-R1 was ultimately selected as the primary model for
further analysis due to its consistently superior performance on both artificial (Art) and natural (Nat)
datasets. In contrast, Hunyuan-T1 was excluded from downstream experiments because of its unsat-
isfactory accuracy on the test set. The remaining three models, i.e., Ernie-X1, Qwen3, and Doubao-
1.5-thinking, were retained and employed in a multi-model disagreement arbitration framework. This
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1https://cloud.baidu.com/doc/qianfan-docs/s/7m95lyy43
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decision was motivated by the desire to enhance overall inference robustness through cross-model con-
sensus and to better understand inter-model variability in FI.

2 Methods and Results

Our final evaluation on the evaluation dataset yielded a total accuracy of 91.7%, with 94.13% on the
Art set and 90.78% on the Nat set. This performance was achieved through the integration of three key
strategies: prompt engineering, task scheduling, and multi-agent disagreement arbitration. This section
outlines these three methods in detail, along with their respective contributions to model performance.

2.1 Prompt Engineering: CoT, Few-Shot, and System

For the Art set and the Nat set which exhibit distinct characteristics, optimal prompts were identified by
combining three techniques: Chain-of-Thought (CoT) (Wei et al., 2022), Few-Shot (Brown et al., 2020),
and System instructions (see Appendix A). The performance variations of DeepSeek-R1 under different
prompts are summarized in Table 2.

Prompt Version Art % Nat % Total %
Baseline 70.67 79.43 76.8
CoT 87.33 82 83.6
CoT+Fewshot 94.67 86 88.6
CoT+Fewshot+System 94.33 87.42 90.4
CoT+Fewshot+System+Predicates 94.67 86.57 89

Table 2: Performance under different prompts on the test set.

CoT. Our CoT pipeline explicitly incorporated four analytical steps: 1) propositional parsing, 2) predi-
cate categorization and rule application, 3) negation analysis, and 4) semantic verification. Since factivity
shifts due to negation were found to be extremely rare in the Nat set, the negation analysis step was omit-
ted when prompting this subset in order to shorten the reasoning chain without compromising accuracy.

Few-Shot. Few-shot exemplars were tailored separately for the Art (Figure 1) and Nat (Figure 2)
dataset to better align with their respective characteristics. Each example explicitly follows our designed
CoT framework to guide the model through the inference process.

System. System-level instructions were found to improve overall accuracy, with a particularly signif-
icant effect observed on the Nat dataset, though little to no impact was observed on the Art dataset.

Predicate Marking. Contrary to expectations, explicitly highlighting the key predicate within the
prompt failed to improve the overall performance. We assume such foregrounding may disrupt the full
CoT process, prompting the model to rely on the surface-level semantics of the predicate rather than
engaging in contextual interpretation. This hypothesis, however, warrants further empirical investigation.

2.2 Task Scheduling: Pairwise Strategy

Inspired by contrastive learning (Robinson et al., 2020), we adopted a pairwise scheduling strategy in
which tasks sharing the same text but with opposing hypothesis statements were submitted concurrently.
Experimental results (Table 3) indicate that this approach consistently outperforms conventional single-
task scheduling. The findings suggest that simultaneous processing of contradictory hypotheses may
help LLMs establish sharper decision boundaries and enhance discriminative reasoning.

Scheduling Strategy Art % Nat % Total %
single (Test/Eval Set) 85.67/87.52 80.71/88.61 82.2/88.31
pairwise (Test/Eval Set) 87/89.07 85.42/89.26 85.9/89.21

Table 3: Impact of pairwise task scheduling on the test set (Prompt: CoT only).
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2.3 Multi-Agent Disagreement Arbitration

Borrowing the principles of ReAct prompting (Yao et al., 2023b) which integrates reasoning and action
steps through iterative feedback, and self-consistency strategy (Wang et al., 2022) which aggregates
multiple reasoning outputs to improve final accuracy, we designed a multi-agent disagreement arbitration
mechanism to enhance prediction reliability.

In this framework, an arbitrator model re-evaluates samples on which the four primary models pro-
duce conflicting predictions. Responses with full agreement among the four are accepted directly, while
disagreements are resubmitted to the arbitrator for final adjudication, accompanied by anonymized refer-
ences to the original outputs. As shown in Table 4, the introduction of arbitration led to a consistent im-
provement in overall accuracy across all arbitrator configurations. Among the four, Doubao-1.5-thinking
achieved the highest performance on the Test set4. The gain was particularly notable on the Nat set, while
no improvement was observed on the Art set. The prompt used for arbitration is provided in Appendix
(Figure 3).

Arbitration Strategy Art % Nat % Total %
Primary Model Average 87.09 82.715 83.99
Arbitrator:deepseek-r1 84.67 85.43 85.2
Arbitrator:ernie-x1-turbo-32k 86 85.26 85.49
Arbitrator:qwen3-235b-a22b 86.33 85.14 85.5
Arbitrator:doubao-1-5-thinking-pro-250415 86.33 86.29 86.3

Table 4: Performance of disagreement arbitration using different arbitrator models on the test set
(Prompt: CoT only).

3 Analysis and Discussion

This section analyzes the main findings observed during our experiments, highlighting key patterns,
insights, and future directions derived from the results.

3.1 Effects of Reasoning Capabilities

To evaluate the effect of deep reasoning capabilities on factivity inference, we conducted comparative
experiments using three representative models series—Qwen3, Hunyuan, and Doubao—each of which
offers both standard and reasoning-enhanced versions. While deep reasoning was enabled by default in
DeepSeek-R1, Ernie-X1, and Doubao-1.5-thinking, it remained configurable in Qwen3 and across differ-
ent models of the Hunyuan and Doubao series. As shown in Table 5, enabling reasoning consistently led
to substantial accuracy improvements across both the Art and Nat subsets, indicating that deep reasoning
significantly enhances model performance in the FI task.

Model Art % Nat % Total %
qwen3-235b-a22b (Reasoning Off) 75 76.67 76.16
qwen3-235b-a22b (Reasoning On) 86 82.29 83.26 (↑7.1)
hunyuan-turbos-20250416 68 73.71 72
hunyuan-t1-20250403 76 78.29 77.6 (↑5.6)
doubao-1-5-pro-32k-250115 79 81.29 80.6
doubao-1-5-thinking-pro-250415 86 84.71 85.1 (↑4.5)

Table 5: Impact of deep reasoning across models on the test set. In each pair, the upper row represents
the version or model without reasoning.

4Although doubao-1.5-thinking turned out to be the best arbitrator on the test set, our leaderboard score was based on
Deepseek-R1 arbitration on the Eval set.
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3.2 Comparative Evaluation of Prompting Strategies
In addition to the techniques used in our final prompt configuration, we evaluated several alternative
prompting methods, including Tree-of-Thought (ToT) (Yao et al., 2023a) and Automatic Prompting En-
gineer (APE) (Zhou et al., 2022). Table 6 presents the performance of each technique when applied
individually to the DeepSeek-R1 model.

Prompting Techniques Art % Nat % Total %
Baseline (Zero-Shot) 70.67 79.43 76.8
APE 82.33 77.57 79
ToT 80 79.14 79.4
Few-Shot 77 81.71 80.3
CoT 87.33 82 83.6

Table 6: Impact of prompt engineering methods on model responses on the test set.

Among all tested methods, CoT delivered the most significant performance gains, closely followed by
few-shot. These results highlight the effectiveness of step-wise reasoning and exemplar-based guidance
in improving semantic inference accuracy. While prompts generated by ToT and APE exhibited moderate
improvements on the Art set, they resulted in performance declines on the Nat set, suggesting that such
automated or tree-structured prompting strategies may be less effective in guiding model understanding
for real-world, naturally occurring FI tasks.

3.3 Insights from Multi-Agent Arbitration
Disagreement as an Error Signal. We found that predictions receiving unanimous agreement from
all four models were highly reliable: 97.79% on the Art set and 92.17% on the Nat set. As the agree-
ment threshold was relaxed—for example, accepting predictions as agreed when only three models con-
curred—the number of agreed samples increased, but the accuracy of those agreed answers declined
noticeably (see Table 7). Meanwhile, the overall accuracy after arbitration also dropped, since fewer
incorrect responses remained eligible for correction.

Agreement Threshold Agreed Count Agreed Acc (%) Arbitrated Total Acc (%)
= 4/4 226/549 97.79/92.17 86.3
≥ 3/4 276/646 92.75/87.46 86.0
≥ 2/4 282/659 91.84/86.49 85.9

Table 7: Statistics under different agreement threshold on the test set (Arbitrator: Doubao-1.5-thinking).

Nevertheless, even under the most lenient condition where only two models agreeing was considered
sufficient5, the accuracy of the agreed subset still exceeded the average performance of all four mod-
els individually (see Table 4). This underscores that multi-model consensus is a strong predictor of
correctness. Conversely, samples with divergent answers were disproportionately concentrated in lower-
accuracy regions, reinforcing the idea that disagreement acts as a reliable proxy for task difficulty or
ambiguity. This suggests that disagreement level may serve as a fine-grained indicator for arbitration
confidence.

Limitations and Future Work. As shown in Figure 4, arbitration produced negligible improvement
on the Art set. On the one hand, we attribute this to a performance saturation effect: the baseline accuracy
on Art was already high (87.09%), limiting the margin for correction. On the other hand, our current
arbitration prompt simply mirrored the baseline structure without leveraging prompting techniques (Fig-
ure 3). Future work may enhance arbitration effectiveness by adopting more specialized prompts tailored
for disagreement resolution. Additionally, replacing or augmenting the agent pool, or using a stronger
external model as the arbitrator, may further refine final outputs and better handle borderline cases.

5A 2-out-of-4 agreement only includes (2 vs. 1 vs. 1) cases. Cases like (2 vs. 2) are still categorized as disagreement.
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Figure 1: The final prompt used for Art set pairwise questioning.

Figure 2: The final prompt used for Nat set pairwise questioning.

Figure 3: The final prompt used for disagreement arbitration.
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