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I aim to build human-centric language technologies, focusing on cognitively aligning human and machine
thinking. My goal is to develop human-centric Al systems through the lens of human cognition, integrating
insights from how people think, perceive, and collaborate into every stage of the machine learning lifecycle,
from data creation to model design, evaluation, and human—AlI interaction.
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The central premise of my work is that Al should extend and enhance human cognition: supporting ex-
pert reasoning, fostering societal values, and accommodating diverse individual goals. While my long-term
agenda spans multiple domains, I prioritize three tightly interconnected directions: (i) collecting and model-
ing human cognition data (§1), (ii) building cognitively-aligned AI models (§2) and evaluation frameworks
(§3), and (iii) designing expert- (§4) and society-facing (§5) Al systems.

(§1) Understanding human cognition: Human cognition involves complex, multi-layered thinking pro-
cesses. For example, writing is a non-linear and iterative cognitive process. By analyzing human writing
data [16, 73, 49, 62], we can gain insights into these thought processes, which can then be used to improve
the planning and reasoning capabilities of AI models [69, 15]. Similarly, human perception can be studied
through reading behaviors, such as eye-tracking data or explicit perception annotations, offering clues on
how people perceives and process information through reading [21, 10, 24]. Understanding both writing
and reading behaviors enables us to enhance the cognitive capabilities of LLMs and develop Al assistants
that better support human thinking.

(§2) Cognitively-informed AI models: Cognitive alignment seeks to extend LLM capabilities to complex
human behaviors, including neurosymbolic reasoning [40], task compositionality [69, 20], hierarchical
planning [31, 36], abstraction, and social cognition [11]. We develop novel learning paradigms that either
mimic human cognitive processes directly or incorporate cognitive data (e.g., writing, reading, expert rea-
soning, interaction) into training objectives. This includes self-supervised planning, structural alignment,
multi-attribute alignment, and cognitively-efficient modeling strategies.

(§3) Cognitive benchmarking: Current LLM evaluation largely relies on shallow, monotonic tasks. We
address this through two directions: (i) assessing both the potential [01, 77, 44, 45, 68, 43, 3] and risks
[53, 7, 49, 62] of Al-generated data and Al-based evaluation, identifying issues such as cognitive bias,
stylistic artifacts, and shallow synthesis, and (ii) building a large-scale cognitive assessment framework to
evaluate and contrast human and machine cognition. The framework [12, 13] integrates rigorous cognitive
science methodologies with scalable evaluation, in open collaboration with interdisciplinary researchers.

(§4) Expert-level Al: Assist Expert Thinking Process: In domains such as science and law, there is a
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significant cognitive gap between human experts and current LLMs. We design interactive, domain-specific
Al systems that facilitate productive collaboration, adapt to expert workflows, and provide cognitively-
aligned assistance. For scientists, we have developed reading tools like Semantic Reader [24, 60] and
SciTalk [67], as well as writing assistants that detect overloaded symbols, discourse-level inconsistencies,
and promote iterative refinement [ 15, 73]. For legal professionals, we are collecting complex legal reasoning
dataset LawFlow [8] and building legal assistants, that capture long-horizon planning and reasoning in legal
tasks.

(§5) Pluralistic Alignment Al technologies must reflect diverse human perspectives to achieve societal
alignment. We develop data-centric methods to detect, characterize, and augment underrepresented view-
points [01, 72, 45, 42], and model-centric methods to encode pluralism at individual, group, and societal
levels using distributional alignment, and societal value modeling [43, 22, 11]. This mitigates risks of
monolithic outputs and supports socially inclusive Al.
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1 Collecting Human Cognition Data

Language serves as a window into human cognition. Writing and reading are not linear acts but com-
plex, iterative processes that reveal how people plan, reason, and perceive information. For example, a
well-written manuscript reflects a writer’s long-term, multi-stage thinking, far beyond simple next-token
prediction. Similarly, reading behaviors captured through eye-tracking or annotated perceptions provide
insights into how individuals interpret, learn from, and engage with text. This first research pillar focuses
on systematically collecting and analyzing human cognition data from both production (writing) and per-
ception (reading) to better understand these processes and inform cognitively-aligned Al systems. We call
this process as cognitive-scaffolding of LLMs learning from human cognition.

Revision

1.1 Writing and Workflow Data

Revision

Although large language models (LLMs) generate flu-
ent text, human writing involves richer and more delib-
erate processes: drafting, revising, planning, proofread-
ing, and synthesizing knowledge—often collaboratively.
Domain-specific writing, such as scientific manuscripts,
adds further challenges, requiring sustained practice,

Writea
paragraph about
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The weather on the western
coast today was a combination of
sunshine and clouds. We had a
few short showers in the
afternoon, but they didn't last
long. The temperature reached a
high of 28 degrees Celsius (82
degrees Fahrenheit), and tonight
it's expected to cool down to
around 20 degrees Celsius (68
degrees Fahrenheit).
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degrees Fahrenheit) and is
projected to gradually decline
to approximately 20 degrees.
Celsius (68 degrees
Fahrenheit) overnight.

@

Y

Shorten it

® 3

~
¥

peer interaction, and integration of prior literature. We

first examine the iterative nature of text revision. We have collected revision data across domains [16, 47]
and built systems that emulate iterative refinement until quality stabilizes. Human—AlI collaborative editing
consistently outperforms either working alone [15, 69, 57]. Our studies show that iterative modeling of
revision process by either Al only or human+AI collaboration has continuously shown better text quality,
showing the effective of test-time scaling of iterative revision or human-AlI collaboration. Also, guid-
ing models with human revision intents (e.g., clarity, coherence) leads to better flow of revision traces and
mimic human writing process, better designed supporting human writing.
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In ScholarWrite [54, 73], we extended prior work to capture the entire writing process'. This dataset pro-
vides a strong empirical basis for cognitively aligned writing assistants that model the full lifecycle of text
production. Our vision is to build a longitudinal dataset of complete research workflows, tracing how
researchers ideate, write, experiment, and collaborate across domains. Unlike datasets limited to individual
actions or outputs, ours will record temporally grounded research sequences annotated with task intent,
cognitive states, and Al interactions. The resulting corpus forms an ontology of the scientific process,
enabling training of agents and interfaces that reflect real workflows. Ultimately, we aim to establish a lon-
gitudinal repository of cognitive workflows (science, law, education), allowing models to learn not isolated
tasks but the temporal dynamics of human reasoning.

1.2 Reading Data

Whereas writing data reveals the generative processes of human thought, read-
ing data captures the perceptual and evaluative side of cognition—how people
interpret, prioritize, and react to information. We have collected explicit anno-
tations of stylistic understanding [21] and used them to train LLMs that align
with readers’ stylistic judgments [23]. We have also gathered eye-tracking data
to study how readers engage with stylistic cues and narrative content [10, 66],
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showing that gaze patterns provide richer cognitive signals than explicit annotations or model-based in-
terpretations. [43]. More recently, we have collected human judgment data—such as preference rankings
between texts—rvia both annotations and eye-tracking By collecting data that closely mirrors human per-
ception and evaluative behavior, we aim to train Al systems that more faithfully reproduce human-like
decision-making and perception processes.

2 Cognitively-aligned AI Models

Pragmatics

The goal of cognitive alignment is to enhance LLMs’ ability to
emulate complex human behaviors, like task compositionality,
planning, abstraction, reasoning, memory, by either (i) mimick-
ing cognitive processes directly or (ii) incorporating human cog-
nition data into training objectives. In line with Halliday’s Sys-
temic Functional Linguistics (SFL) framework [29], our work
spans core areas of cognitive capabilities, such as reasoning,
planning, and social cognition.

Ideational — “what"
[ Presenting ideas (e.g., topic)
[ Logical, experimental

Semantics reference

Interpersonal — “who"
[ Enacting social relations
[ Pragmatics

2.1 Reasoning and Task Composition

Human reasoning often bridges incomplete in-
formation through external knowledge and iter-
ative refinement. We integrate neural and sym-
bolic systems [40, 17, 39] to fill knowledge
gaps while enhancing interpretability [33]. To
test and improve compositionality, we created
benchmarks for composite and chained tasks,
using compositional data augmentation and task-space densification [20, 69, 5]. Human reasoning is of-
ten iterative, refining ideas or solutions step-by-step. We mimic this by developing models that emulate
iterative reasoning patterns, showing that step-by-step improvements lead to higher-quality, more diverse
outputs [16, 47, 15].
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2.2 Planning

Humans achieve coherence in writing by ensuring every part of a text fits together to form a complete
picture, making structural decisions such as topic choice, sentence order, level of abstraction, and commu-
nication strategy. Planning is thus a higher-level cognitive process that involves organizing multiple text
passages and hierarchical decision-making process, guiding the surface realization of text based on these
plans. We model text planning as hierarchical decision-making, optimizing generation through:
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Discourse-Guided Planning. Coherent text is created through planning that aligns sentence sequences with
various discourse goals, guided by linguistic theories like rhetorical structure theory (Mann and Thompson,
1988) and script theory (Tomkins, 1978). We develop supervised text planners that incorporate discourse
relations [33, 34], topical keywords [36], and social goals inspired by persuasion theories [19]. This ap-
proach allows for more controlled, coherent, and interpretable text generation by providing explicit plans
(relations, keywords, goals) through human-defined or theory-driven discourse guidance [50, 59, 19].

Self-Supervised Planning and Structural Alignment. Unlike humans, LLM’s next-token prediction objec-
tive creates a cognitive gap when performing complex writing and planning tasks. We address this by
using alignment techniques such as reinforcement learning (RL) to optimize high-level policy decisions
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informed by human feedback on generated responses. Our earlier work on self-supervised role-playing
framework [31] uses RL to simulate dialogue interactions in recommendation scenarios, and optimize them
to achieve the explicit communication goal. Recently, this framework has evolved into "RL with Al Feed-
back” (RLAIF), where one agent generates responses while another provides explicit feedback, enabling
better long-term policy learning between two agents. More recently, we align text structure with human
writing via structural rewards [51, 49, 78, 71] and integrate human perception data via dense alignment
[55], such as eye-tracking and annotated important lexicons [21, 10, 23, 55] to improve interpretability and
generalization.

2.3 Social Cognition

Language encodes interpersonal and societal dimensions of social cognition, —Remance

Text style emerges from interacting factors such as formality, emotion, and POI::;::eSS

metaphor, reflecting an author’s personality and serving specific communica- Positive
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ysis, including PASTEL [32] and xSLUE [37], showing that multi-style learn- S“rp”:sger

ing outperforms single-style approaches. Certain style pairs, such as impolite- Arousal
ness—offense, are strongly correlated, while contradictory combinations yield Qfﬁiﬁ'avﬁon Offense

less appropriate outcomes. This underexplored area remains vital for modeling complex stylistic patterns.
More recently, we expanded to high-level affective states such as nostalgia [46] and skepticism [64], collect-
ing annotated data for social cognition research. To align models with multiple social aspects, we developed
methods for multi-attribute control via data balancing [9], multi-task fine-tuning [37], and policy learning
with dynamic reward re-weighting [11].

2.4 Cognitive Efficiency

Abstraction enables humans to process knowledge efficiently, bypassing detailed reasoning when shortcuts
suffice. Inspired by this, we design algorithms that optimize data usage, computation, and memory in
LLM training, reducing hallucinations and improving reliability. Our work includes data-efficient methods
that maintain performance with fewer training samples [45, 68], and compute-efficient models which pairs
parameters across models via dynamic weight warping [63]. We continue to develop cognitively inspired
techniques that optimize LLMSs’ cognitive utility function, balancing performance with resource efficiency
[74].

2.5 End-to-end Cognitive Workflow

My long-term goal is to develop cognitively inspired Al systems that can perform complex, multi-step tasks
involving causality, abstraction, and memory, while reducing human cognitive load. To build such systems,
it is not sufficient to excel in a single cognitive capability. Instead, multiple functions must work in concert,
enabling agents to understand the overall workflow of complex and time-consuming tasks (e.g., scientific
processes, legal reasoning), and to process high-fidelity tasks quickly and efficiently.
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Learning from Human-vs-LLM Workflow. The first step is to investigate how human workflows differ
from AI workflows and to design methods to align them. Our prior work on collecting long-term human
workflow data (in scholarly writing [73] and legal processing [8]) has revealed clear distinctions between

W
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human and AI processes. When end-to-end writing data is used to train models to emulate human writ-
ing trajectories, the resulting systems exhibit more human-aligned dynamics and improved writing quality
[73, 54]. Similarly, in legal planning and execution, we find that humans often act more spontaneously,
sometimes repeating inefficient steps [8], whereas Al tends to rigidly follow pre-defined plans. We observe
these contrasting behavioral patterns in human- and Al-based legal workflow data collected in [70], provid-
ing key insights for designing cognitively aligned thinking assistants that better bridge workflows between
lawyers and Al agents.
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Optimizing LLM Workflow On the other hand, we also study how e )
LLMs themselves learn and optimize their cognitive processes during e
complex tasks. For example, models can refine their own policies o
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can ultimately be combined with human workflows to enable more

effective collaborative workflow optimization. Workflow modeling (left) and Meta-Policy
Optimization (MPO) [48]

2.6 Extension to Other Modalities

While my work primarily focuses on language, multidisciplinary collaborations have extended it to images
and video, showing that multimodal models benefit from complementary cross-modal effects. Effective
multimodal learning, however, requires careful design of fusion strategies and cognitive objectives such as
reasoning and planning. Key results include:

e Vision-language models improve understanding of global connectivity and graph motif analysis in
graph images [6].

o Explicit temporal memory in video LLMs yields more coherent frames [4]; aligning vision—language
models with LLM feedback enhances reasoning in video and image tasks [41, 3, 2, 65].

o Integrating multimodal representations into a unified latent space (“Platonic representation”) accel-
erates understanding [25].

e LLMs can plan robotic manipulation tasks from language-based instructions [75].

Beyond multimodality, I also explore (i) autoregressive—diffusion hybrids for text generation [79], (ii) model
uncertainty [27, 45, 52] and generalization [ 1, 28], and (iii) theoretical analyses of learning frameworks [58].

The next research pillars include benchmarking human and machine cognition (§3) and modeling expert
workflows to refine Al’s cognitive assistance capabilities (§4).

3 Cognitive Benchmarking and Evaluation

Current LLM evaluations focus on isolated tasks and fail to capture the full cognitive demands of real-world
applications. The growing use of LLMs for data collection and evaluation introduces new challenges, in-
cluding difficulty tracing error sources and amplifying artifacts in Al-generated data. My work addresses
these issues through two directions: (i) assessing the potentials and risks of Al-generated data and evalua-
tion (i.e., LLM-as-judge), and (ii) building a comprehensive framework to benchmark human and machine
cognition.

3.1 Potentials and Risks of Al-generated Data

Potentials: To reduce annotation costs, we developed data augmentation methods using symbolic rules
[17, 40], annotation imputation [61], and information-theoretic measures [44, 45, 68, 52], as well as
disagreement-aware sampling [72]. LLMs can generate annotations, prompts, simulated dialogues, and
evaluation data, accelerating research and development process. We have leveraged LLM-based evalua-
tions [43, 3] and multi-agent simulations [31, 5, 76] to enrich training data.

Risks and Biases: Over-reliance on Al-generated data risks creating an “artificial data ecosystem” [7] with:

Cognitive Biases [53] in LLM-based evaluation: e.g., egocentric and length biases [38].
Stylistic Discrepancies [7]: more formal and stylistically distinct from human text.
Shallow Synthesis [62]: shallow citation and knowledge integration.

Discourse Biases [49]: different structural patterns in long-form text.

6
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o Artifact Amplification [7]: reinforcing biases and artifacts during training.

3.2 Benchmarking of Cognition

Traditional cognitive science experiments provide detailed
insights into human cognition but are often small-scale.
Aligning LLMs with these fine-grained data [10, 23] has
shown promising results, though obtaining high-quality
data remains challenging. To scale up these efforts, we are
developing a project called CogBench [12], a comprehen-
sive cognitive benchmarking framework. CogBench aims to collect high-quality human cognition data via
controlled experiments with cognitive scientists [13], and evaluate human and LLM cognition across selec-
tive attention, working memory, reasoning, and reading comprehension [14]. By integrating rigorous data
practices with large-scale benchmarking, we aim to establish a more robust, human-centered methodology
for assessing and aligning Al capabilities. Our cognitive benchmarking framework grounds Al evaluation in
established cognitive science methodologies. This dual focus, applied systems with theoretically grounded
benchmarks, ensures advances in both the scientific understanding of human cognition and the design of
practical Al tools.
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4 Expert-level Al: Assist Expert Thinking Process

Al Tools
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Expert Thinking

In knowledge-intensive domains such as scientific research and legal prac-
tice, a significant cognitive gap remains between human experts and cur-
rent LLM capabilities. These gaps arise from limitations in handling com-
plex multitasks, incorporating dynamic feedback, and adapting to evolving
contexts. Full automation often oversimplifies the nuanced reasoning these
tasks require, misaligning Al systems with expert workflows.

My objectives are twofold: (i) to benchmark the skills and knowledge required in expert domains, and
(ii) to create collaborative platforms where experts and Al agents interact, exchange feedback, and adapt
capabilities over time. This framework aims to benchmark Al cognition in end-to-end professional tasks,
identify cognitive gaps, and refine models for closer alignment with human expertise. We first focus on
building expert support systems in two domains: science and law.

4.1 Assistants for Scientists

Reading Assistance In collaboration with AI2 and UC Berkeley, I contributed to the development of Se-
mantic Reader [24, 60], which provides in-situ definitions and explanations of terms when reading scientific
papers [35, 26], thereby reducing cognitive load. More recently, we launched SciTalk, which transforms re-
search papers into short-form videos, making knowledge more accessible to wider audiences [67].

Writing Assistance Scientific writing is a challenging, iterative cognitive task that requires sustained prac-
tice, collaboration, and integration of existing literature. I envision the future of scientific writing as a col-
laborative effort between scientists and Al agents, where both iteratively co-develop high-quality research
outputs.
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Augmented Reading Interface Workflow-aware Writing Assistant

Writing assistance must go beyond supporting the immediate writing context. It should understand the
full workflow, capturing the writer’s intent and providing in-situ support while minimizing distraction.
Also, I focus on building interaction-centric Al systems that evolve through user feedback to better support
scientific writing.

Our design principles include:

In-Situ Aids for Writing: Document-level tools that detect overloaded symbols, redundant terminol-
ogy, and logical inconsistencies using discourse-level modeling for real-time writing support.
Workflow-aware Interfaces: features that flag inconsistent scientific claims or over-toned text, with
suggestions. For instance, a scientist drafting a related work section in Overleaf may trigger backend
reasoning agents to automatically retrieve cited literature, detect errors or overstatements, and suggest
improved citations with inferred rationales.

Human-Centric Design and Co-Learning: Avoiding the “illusion of clarity” (Nguyen, 2021) by care-
fully designing interfaces that support scientists’ thinking processes while reinforcing human—Al
collaboration.

Learning from Human Workflow: Collecting human revision and writing workflow data to build
cognitively-aligned systems for naturally integrated interactions [15, 73, 57, 76].

Learning from Interaction: Adaptive systems that improve via user feedback, as demonstrated in
collaborative editing [15] and iterative taxonomy building [56].

Trustworthy Models: With NSF support, we develop foundation models integrating reliable, cross-
modal knowledge for robust writing assistance.

Other Scientific Tasks Beyond reading and writing, scientific workflows involve cognitively demanding
stages such as peer review, collaboration, experimentation, and verification. Our lab is developing special-
ized agents and interfaces to support different stages of scientific tasks. For instance, we created PeerRead
[30], the first large-scale dataset of papers and reviews from computer science conferences, enabling re-
search on acceptance prediction and aspect-specific review generation. In collaboration with visualization
researchers, we are also building systems that automatically generate effective visualizations or insights,
adapting interactively to scientists’ needs and scaling insights during interaction.

4.2 Assistants for Lawyers

Humans:
- curate hypotheses,
- interpret surprises,

Al Agents:
“heavy-lift high volume,
- well defined tasks;

With Open Philanthropy and UMN Law School, we developed
LawFlow [8], a benchmark for complex legal processing tasks
requiring long-horizon reasoning and planning. The dataset
captures detailed workflow data from both human lawyers and
Al agents, including brainstorming, planning, research, and
client communication—for tasks such as “advising a startup.”
Our findings reveal that human legal reasoning is recursive and
exploratory, whereas Al workflows are typically linear and ex-
haustive. From these human—AI comparisons, we derive design
principles for legal interfaces, including collaborative planning,
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These challenges create several risks: over-trust or over-reliance on Al, or shortcut-driven reasoning (Kos-
myna et al., 2025) as well as the potential intensification of expert polarization. Junior lawyers, in particular,
risk being sidelined without proper scaffolding. To mitigate these risks, we emphasize the need for tools that
up-skill juniors, train them to critically validate Al outputs, and provide workflow-aware assistance that sup-
ports lawyers as thinking and co-learning partners, ultimately lowering their cognitive burdens rather than
replacing their expertise.

4.3 Computational Advertising and Journalism

As part of my commitment to Naver and MCAL, I contribute to developing computational metrics and
algorithms for advertising in both academia and industry. For example, in the advertising market, we model
nuanced affective responses such as skepticism [64] and nostalgia [46], moving beyond sentiment-based
metrics. Recently, we also study how advertising is shifting from keyword-based search advertising toward
generative ad platforms (e.g., Perplexity, Google Al Briefing). We conduct comparative research on search
patterns and consumer engagement to better understand the impact of Al on the advertising ecosystem
[18]. Finally, I’'ve worked on transforming the workflows of Naver’s advertising services by integrating Al
technologies. For instance, we are developing ad systems that support offline policy estimation (OPE) in
deterministic environment such as ad auctions.

By capturing detailed expert reasoning, we aim to build cognitively inspired models and expert-aware inter-
faces that adapt to the dynamic cognitive states of professionals. This approach will extend to other domains
such as education, medicine, journalism, and programming, forming a broad Expert Benchmarking initia-
tive to support specialized Al systems tailored to the cognitive demands of diverse expert roles.

5 Pluralistic Alignment

Our society thrives on diverse perspectives shaped by different backgrounds, identities, and cultures. How-
ever, rapid Al advancements often collapse these into a generalized “average,” erasing the richness of plural-
istic viewpoints. Al must instead promote people-centric technologies that capture and encourage diversity,
ensuring inclusivity, ethical growth, and societal alignment. My goal is to build socially aware Al models
that represent the full spectrum of human opinions through two complementary approaches: data-centric
(§5.1) and model-centric (§5.2).
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5.1 Data-centric Alignment

Defining and capturing diversity is challenging, manifesting at individual, group, and community levels,
and varying over time and context. Our “pluralistic representation” approach encodes disagreement and per-
spective variation directly into datasets. We develop methods to detect, characterize, and augment marginal
viewpoints by:

e Predicting missing annotations with collaborative filtering over annotations [61].
o Analyzing annotation properties via learning dynamics [45].
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o Quantifying the disagreement level using demographic factors [72].
o Collecting perspectives from language learners to diversify model predictions [77, 42].

5.2 Model-centric Alignment

As NLP tasks grow more subjective, labels often shift from discrete to continuous values. Models that
ignore this fluidity risk excluding certain groups. We design pluralistic alignment methods at multiple
granularity levels:

o [ndividual preferences: Model disagreement as a proxy for diversity using pairwise preference learn-
ing [43].

o Group distributions: Extract and align diverse opinions from LLMs [22] with survey-based distribu-
tions using distributional alignment.

e Societal values: Dynamically combine and resolve value conflicts using crowdsourced resolution
scenarios [11].

As Al becomes embedded in education, industry, and politics, it must reflect diversity, plurality, and mutual
respect. Without this, systems risk amplifying monolithic and biased perspectives, increasing polarization.
Pluralistic Al seeks to model coexistence among differing values, beliefs, and cultural backgrounds, foster-
ing inclusive and socially responsible Al that values and encourages diverse perspectives. My future work
will operationalize pluralistic alignment through quantitative diversity metrics, disagreement-aware training
objectives, and cross-cultural evaluation datasets.
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