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Challenges in Trustworthiness
Hallucination Detection 

‣ How to tell when the model is wrong?

LLM-generated Text Detection 

‣ Can we tell when text came from LLMs?

Training Mixture-of-Expert 

‣ How to train MoE in a principled, stable way?
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Hallucination in LLMs

• Definition (psychology) Hallucination is defined as the 
perception of an entity or event that is absent in reality.


• Definition (LLM) Hallucination is a phenomenon in which 
the generated content appears nonsensical or unfaithful to 
the provided source content



Hallucination in LLMs

Can we detect when hallucinations happen?



LLM Probing
A computationally efficient way



Which Layer Should We Probe?

• The best performing layer consistently lies in the intermediate layers


• … but varies across models and datasets

Oracle results assuming we have data and infinite compute:



Can We Automate the Selection?

None of existing criteria can efficiently and reliably identify good layers.



Can We Automate the Selection?
Yes, with the right metric!

• Our proposed metric 

First Effective Peak of Intrinsic 
Dimension (FEPoID)

• Why first peak? 

‣ First peak: abstract semantic information


‣ Second peak: lexical or surface-level information



Layer Selection Performance

• FEPoID consistently identifies optimal or near-optimal layers



Performance across Model and Tasks

• Outperforms all hallucination 
detection baseline


• Generalize across QA and 
summarization tasks

Wang, X., Cao, W. X., Wilson, A. G., & Zeng, Z. Automatic Layer Selection for Hallucination Detection. ICML 2026
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Who wrote this, human or LLMs?

LLM-generated text detection is a must! 

• Academic and professional work


• Disinformation at scale


• Fraud and social engineering 



Black-box Detection under Instruction Models

• It’s a challenging setting: existing methods all degrade



Black-box Detection under Instruction Models

• It’s a challenging setting: existing methods all degrade


• … except ours!



Idea: Human Text Flows, Machine Text Spikes

Bigelow, Eric, et al. "Forking paths in neural text generation." International Conference on Learning Representations. Vol. 2025. 2025.



Our Proposed Metric RelPPR
It measures how sharply entropy spikes

• One evaluator, one forward pass, no sampling, no hyperparameters.

Wang, Xinpeng, et al. "LOCAL ENTROPY FLUCTUATIONS FOR BLACK-BOX LLM-GENERATED TEXT DETECTION” Under Submission.



Experiment Results

Wang, Xinpeng, et al. "LOCAL ENTROPY FLUCTUATIONS FOR BLACK-BOX LLM-GENERATED TEXT DETECTION” Under Submission.
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Mixture of Expert (MoE)

https://tensorops.ai/blog/what-is-mixture-of-experts-llm

• Several prominent LLMs use a Mixture of Experts 
(MoE) architecture to achieve high performance 
while maintaining efficient inference. 


• It has moved from an experimental scaling trick to 
the default architecture behind frontier AI: 


• DeepSeek-V3/R1 and V4, Qwen3-235B-A22B, 
the Llama 4 family, Mistral Large 3, Kimi K2, 
Grok-1/2, and GPT-5/GPT-OSS all rely on it.



Mixture of Expert (MoE)

Source: https://www.dailydoseofds.com/p/transformer-vs-mixture-of-experts-in-llms/



Mixture of Expert Model (MoE)

Source: https://www.dailydoseofds.com/p/transformer-vs-mixture-of-experts-in-llms/

In most Mixture-of-Experts models, router is usually a 
small neural network that takes the token representation 
as input and produces expert logits.



Conventional Mixture-of-Expert (MoE)
Treating TopK as fixed

Gradient w.r.t. router logits are computed only 
through the SoftMax routing weights.

Fixed cardinality (k experts per token)

Each token is always processed by exactly k 
experts, regardless of complexity.

Non-differentiable bottleneck
The resulting learning signal remains tied to TopK decision.

Source: https://www.dailydoseofds.com/p/transformer-vs-mixture-of-experts-in-llms/



ProbMoE
Probabilistic subset sampling

The key idea is that ProbMoE treats 
MoE routing as a probabilistic and 
differentiable framework

Fixed or dynamic cardinality

Supports both exact-k routing and 
dynamic-k where |S| varies between 
k_min and k_max.

Differentiable via marginal gradient

Uses straight-through marginal gradient 
estimator to backpropagate through 
discrete sampling.



Performance Comparison Across Benchmarks
9.25% 

GSM (OLMoE ProbMoE vs Conv.) 

25.98%
Law (OLMoE ProbMoE vs D.M.)

18.81%
Summary (Qwen ProbMoE vs Conv.)

ProbMoE achieves top-1 or top-2 accuracy on 5 of 7 
benchmarks across both backbones



Expert Diversity 

ProbMoE activates more diverse 
experts

Exact-k routing activates more distinct experts per 
layer vs. Conventional and DenseMixer on Qwen.

Less concentrated expert assignment

Top-4 mass is lower for ProbMoE: routing 
probability is spread more evenly across experts.

Higher normalized entropy
Routing distributions are more uniform — a 
healthier, more balanced use of model capacity.



Dynamic-k vs Exact-k Routing Performance

Accuracy V.S. efficiency trade-off
ProbMoE Dynamic-k achieves performance comparable to ProbMoE Exact-k while activating 
fewer experts.



Different tasks uses different 
ProbMoE allocates systematically different amounts of expert capacity across tasks depending on 
their difficulty

Dynamic-k routing behavior



Semantics drives expert allocation
Ambiguous tokens activates more experts while concrete words uses fewer.

Semantic-Aware Expert Allocation



Thank you!
• This was the work of many wonderful students/collaborators!


