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01 Background of Study

Weakness of RAG and RLHF in Hallucination Control

Ø Hallucinations remain a 
critical issue in knowledge-
intensive and proprietary 
scenarios.

Ø RAG (Retrieval-Augmented 
Generation): Relies on 
external knowledge.

Ø RLHF (Reinforcement 
Learning from Human 
Feedback): Requires large-
scale fine-tuning.
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01 Background of Study

Comparison of Decoding Methods

Ø Lack of Token-Level 
Validation: Absence of explicit 
checking allows reasoning 
errors to propagate and 
compound.

Ø Unquantified Hallucination 
Risk: Traditional probability 
scoring fails to measure risk in 
the encoded space, leading to 
unstable outputs.

Ø Static Correction 
Mechanisms: Limited 
iterations and a lack of dynamic 
resource allocation hinder real-
time error recovery.
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01 Background of Study

(3) Dynamic Correction: Combining local regeneration with global iteration to rectify errors on the fly.

Token-Guard operates in three 
stages:

(1) Token-Level Control:   
Pruning low-confidence tokens in 
the latent space to suppress 
hallucinations at the source;

(2) Segment-Level Scoring:
Evaluating risk within token 
fragments to guide more reliable 
and relevant selection;

Contributions
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03 Methodology

Preliminaries
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03 Methodology

Overview of Token-Guard
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03 Methodology

Token-level
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03 Methodology

Segment-level
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03 Methodology

Global-level
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04 Experimental Results

Main Results

Ø Token-Guard achieves superior performance across diverse architectures, outperforming baselines with an average EM/F1 
of 0.29/51.03 on Meta-Llama-3.1-8B and 0.35/53.98 on Qwen3-8B. These results underscore its robust cross-model 
compatibility and its ability to maintain high generation quality across various LLM scales.

Ø The framework excels in multi-step reasoning tasks like DROP_nfl, where token and segment-level scoring effectively suppress 
hallucinations and enhance logic. While gains are more modest in knowledge-intensive domains like PubMedQA—where 
missing external knowledge remains a factor—Token-Guard still significantly reduces the frequency of generated inaccuracies.

Ø Near-zero EM scores on RAGTruth and PubMedQA reflect the flexible nature of long-form references rather than a failure of 
factual accuracy. Since open-ended outputs rarely match reference strings perfectly, Token-Guard shifts the evaluative focus from 
simple pattern matching toward deep, robust factual verification and cross-task reliability.
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04 Experimental Results

Ablation study

We evaluate the contributions of Token-Guard’s core components: prompt initialization (P), token-
level scoring (T), segment-level scoring (S), and global iteration (G). Table 2 shows that removing
any component degrades performance. Token-level scoring most affects EM and F1, due to its
crucial role in guiding early-stage token generation, while prompt initialization and segment-level
scoring provide stability. Notably, global iteration boosts BLEU, enhancing linguistic fluency.
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Analysis of Token-Guard’s Effect on Factual Precision

04 Experimental Results
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Analysis of Token-Guard’s Impact on Relevance

04 Experimental Results
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Analysis of Token-Guard’sPortablitity

04 Experimental Results
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Analysis of Token-Guard’s Time and Memory Consumption

04 Experimental Results
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