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Reliable Human-LM Collaboration under Uncertainty

Language Model (LM)-based Al systems have become ubiquitous tools in peoples’ workflows across
a variety of interaction modes: from assistants informing human decision-makers to autonomous agents
functioning with minimal human oversight [¢]. However, the reliability of these systems remains a
concern. Unreliable LMs can mislead users and take undesirable actions that result in hard-to-detect
silent failures and catastrophic downstream consequences. My research improves the reliability of
human-LM collaboration outcomes, by quantifying and leveraging LM uncertainty, surfacing that
uncertainty to users usefully, and actively modeling users’ goals and preferences.

Quantifying and leveraging LM uncertainty: While uncertainty quantification (UQ) has tradi-
tionally been studied in classical (discriminative) ML models, attaining calibrated confidence estimates
from generative LMs is less straightforward [3]. I have introduced methods for computing calibrated con-
fidence scores for predictions [10] and explanations [2] from vision-language models (VLMs). I have also
developed methods leveraging LM uncertainty to inform model reasoning and reflection. In a selective
prediction setting, we mitigated unnecessary VLM abstention through ReCoVERR [10], an algorithm
that verifies low-confidence VLM predictions by recovering high-confidence evidences in the image.

Surfacing uncertainty to users usefully: LM uncertainty can also signal when users should rely
on model outputs; however, most UQ methods do not evaluate whether they actually foster appropriate
reliance. In our position paper [1], we called for human uplift studies evaluating whether LM UQ methods
improve user reliance in real-world tasks and whether standard calibration metrics are correlated with
downstream utility to users. To this end, in He et al. [2] we demonstrated that our quality scores for
VLM explanations improved user reliance when the user could not see the VLM’s visual context.

Further, human factors also affect how users incorporate Al advice in decision-making. Our work [9]
demonstrated that user trust is an important factor influencing whether users accept Al advice or not,
with low and high levels of user trust resulting in increased under- and over-reliance, respectively. We
further showed that adapting Al assistants’ behavior in response to user trust levels can mitigate trust-
induced inappropriate reliance. In two decision-making scenarios—laypeople answering science questions
and doctors making medical diagnoses—we found that providing supporting and counter-explanations
during moments of low and high trust, respectively, yields up to 38% reduction in inappropriate reliance
and 20% improvement in decision accuracy.

Active user modeling: Effective human-LM collaboration requires LMs to model user characteristics,
behaviors, and preferences to establish common ground. Some efforts have explored modeling users’
personality traits [5] and mental states using Theory-of-Mind [0], yet many aspects of user modeling
remain underexplored. In our work on studying user trust [9], we also trained models to predict user
trust levels based on observable user-Al interaction features and found that they correlated poorly with
actual user trust levels, highlighting the challenging nature of modeling users’ cognitive states.
Although user preference modeling has been extensively studied in the dialog community (including in
my SIGDTAL Best Paper work [7]), current Al systems trained for autonomous task completion still make
implicit, and often incorrect, assumptions about user preferences. In my ongoing work, I am training
LLM agents to model uncertainty about user preferences and appropriately insert positive friction [/]
to resolve said uncertainties. As part of this work, I have conducted user studies to understand how
user preferences evolve during collaboration, designed user-LM collaboration benchmarks that reflected
realistic user goal dynamics, built LM user simulators reflecting observed user behaviors, and trained LMs
to effectively collaborate with users using offline (SF'T, DPO) and online (multi-turn RL) algorithms.

My experiences, experiments, and learnings during the Ph.D. have led me to multiple underexplored
research directions: How can LMs learn in real time from user feedback and leverage noisy reward signals?
Can we build better user simulators to reflect the diversity of real user behaviors rather than just the
mode? How does the nature of collaboration change when going from task-centric interactions to open-
ended ones (e.g. creative writing or mental health counseling)? T believe my research training during my
Ph.D. has equipped me with the skills and the desire to tackle these challenging and important questions.
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