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Large Language Models (LLMs) have advanced rapidly
and raised the bar for what AI is expected to do. However,
accompanied with such progress is a stronger consensus that
these models consistently fail in out-of-distribution reason-
ing, especially on tasks that require abstraction, transfer, or
long-horizon planning. While acceptable for most consumer
use, these issues prevent AI from being safely deployed in
high-stakes settings (e.g., healthcare), where stakeholders
cannot trust AI models that exhibit uncontrollable and un-
predictable failures. In this talk, I will discuss our work and
insights on how to make LLM reasoning controllable and
trustworthy, by 1) understanding the mechanisms of LLM
reasoning and predicting when LLM will fail; 2) improving
model reasoning and generalization based on such insights;
and 3) moving towards trustworthy AI applications through
such improvements, and identifying new problems to form a
healthy positive-feedback loop.

I will first discuss my analytical work on understanding
LLM reasoning and identifying LLM failure modes. I will
begin with our work on conceptual reasoning (Zhou et al.
2024), demonstrating that LLMs can appear competent yet
break under abstraction, spurious cues, and long-horizon de-
pendencies. I will then explain that a potential reason is that
models latch onto deceptive semantic biases and spurious
correlations (Li et al. 2024b), and how these spurious rea-
soning patterns pose trustworthiness concerns, such as low
reasoning consistency (Yu et al. 2024) and safety rule viola-
tions (Xu et al. 2024). I will also share our methodologies to
effectively predict potential failures of LLM reasoning as a
control mechanism (Li et al. 2024a).

To address these issues, I will discuss our work to improve
controllability and trust in LLM reasoning. In the first set of
approaches, we aim to “steer” model reasoning towards hu-
man reasoning: the only known reasoning system humans
can trust. I will talk about our work on injecting human-
cognition-inspired priors into learning schemes and opti-
mization processes, such as problem decomposition (Zhou
et al. 2022; Chen et al. 2024); internalizing fine-grained
cognitive feedback (Dineen et al. 2025), and steering self-
reflection (RRV et al. 2025). I will also discuss our work
to improve reasoning abstraction and consistency (Ye et al.
2025b; Zhou et al. 2025), as well as augmenting next word
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prediction with fine-grained human explanations (Xu et al.
2025). The second set of approaches aims to derive trust
from the model itself. On this front, I will introduce our
work on mitigating overthinking in reinforcement learning
(RL) (Li et al. 2025) and on applying RL and soft outcome
matching for next-word prediction (Shen et al. 2025). I will
also discuss our work towards understanding the potential of
multi-model evolution (Liu et al. 2025).

Finally, I will discuss our work on translating our in-
sights into real-world impact and trustworthy applications.
I will start with demonstrating that some analytical met-
rics introduced above can be used to improve model per-
formance in downstream tasks (Jung et al. 2025). I will
then introduce our work on improving complex decision-
making under high uncertainty with Bayesian-infused in-
ference (Feng et al. 2025) and later applying such insights
to build patient-facing chatbots that adapt to patients’ sub-
tle emotional needs (Srinivasan et al. 2025). I will close
the loop with a roadmap outlining how these three direc-
tions (i.e., identifying reasoning issues, resolving them, and
applying solutions in real-world applications) will form a
healthy, self-evolving loop. To illustrate this, I will use the
high-stakes domain of healthcare AI as an example to show-
case the potential for developing controllable and trustwor-
thy AI applications that account for LLM reasoning risks
and solutions (Ye et al. 2025a).
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