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Abstract
Recent writing assistants are increasingly shifting
from passive, prompt-driven interaction to proac-
tive, suggestion-based completion, which inte-
grates localized continuations into the writing flow
and reduces coordination burden. However, ex-
isting evaluations simply focus on output quality,
failing to capture how users accept, edit, or repair
suggestions in real-time interaction, and thus ob-
scuring the true usability of proactive co-writing
systems. To address this gap, we adopt a sequen-
tial, behavior-centered view of interactive writ-
ing and formalize co-writing as a Human-in-the-
Loop Markov Decision Process, modeling writ-
ing as an interaction shaped by user acceptance
and editing decisions. Based on this formula-
tion, we introduce the Co-Writing Fidelity Suite,
an interaction-aware metric suite that captures both
user–assistant alignment and cognitive editing ef-
fort, including Hierarchical Acceptance Rate and
Knowledge-aware Editing Distance. We conduct a
large-scale simulation study across 16 writing do-
mains, using 1,688 controlled continuation queries
sampled from different writing stages. Our analy-
sis reveals systematic effects of interaction struc-
ture on acceptance behavior and editing cost. A
follow-up user study with 30 participants con-
firms that these behavioral patterns align with real
user experience. Together, our findings demon-
strate that interaction-aware evaluation provides in-
sights beyond output-only metrics and informs the
design of more effective proactive writing assis-
tants. Resources are available at https://github.com/
fangyouqing/MindCopilot.

1 Introduction
Driven by rapid advances in Large Language Models
(LLMs) [Liu et al., 2025; Comanici et al., 2025; Singh et
al., 2025], digital writing workflows have been reshaped, en-
abling users to draft, revise, and expand text with unprece-
dented ease [Anthropic, 2025; OpenAI, 2025]. In most exist-
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Figure 1: Two paradigms of LLM-assisted writing. Prompt-driven
interaction interrupts writing flow and shifts coordination burden
to the user (left), whereas suggestion-based interaction integrates
proactive, localized completions into the writing process, sustaining
flow and reducing post-hoc editing (right).

ing systems, writing assistance is realized through prompt-
driven interaction, where the model remains largely pas-
sive until explicitly invoked [Bai et al., 2022; Pasch and Ha,
2025]. Authors issue discrete requests, receive complete re-
sponses, and manually integrate them into an evolving docu-
ment. While effective for content generation, this paradigm
places the burden of initiative and coordination squarely
on the user, offering limited support during the continuous
flow of writing [Reza et al., 2025; Mysore et al., 2025;
Dhillon et al., 2024; Li et al., 2026].

Recent writing interfaces increasingly adopt a suggestion-
based interactive completion paradigm [Lee et al., 2022;
Lee et al., 2022; Laban et al., 2024], in which the assistant
acts more proactively within the writing process. Rather than
waiting for prompts, the system surfaces localized continu-
ations directly in the text, and authors iteratively accept, re-
vise, or reject them. This mode of collaboration preserves
human agency while reframing writing as a recurrent deci-
sion process—one centered on suggestion review, selective
acceptance, and post-hoc editing. Despite its growing practi-
cal relevance, how users behave in such proactive co-writing
settings remains poorly understood.
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This gap is mirrored in prevailing evaluation practices for
writing assistants. Widely used paradigms—such as LLM-as-
a-Judge or Arena-style comparisons—assess generated text
largely in isolation [Chung et al., 2025; Li et al., 2025;
Liao et al., 2025; Ying et al., 2025; Fein et al., 2025], ab-
stracting away the human actions required to integrate sug-
gestions into an ongoing document. As a result, generation
quality is often conflated with usability: metrics capture how
good a continuation looks, but not whether it aligns with au-
thor intent or meaningfully reduces editing effort. Such eval-
uations fall short for interactive writing, where acceptance
behavior and editing cost are as central as surface-level text
quality.

To address this limitation, we formalize interactive co-
writing as a Human-in-the-Loop Markov Decision Process
(HitL-MDP). In this formulation, writing is modeled as a se-
quential decision problem: the assistant generates context-
aware suggestions, the user responds through accept/rejec-
t/edit actions, and these actions drive state transitions that
shape future assistance. This abstraction provides a princi-
pled framework for analyzing how different interaction struc-
tures influence user behavior over time, while admitting a op-
erationalization in which acceptance decisions can be instan-
tiated as a learnable component for downstream optimization.

Building on this framework, we introduce the Co-Writing
Fidelity Suite, a set of interaction-aware metrics designed
to evaluate human–AI collaboration along two complemen-
tary dimensions: alignment and interaction friction. First, we
propose Hierarchical Acceptance Rate (HAR), which treats
acceptance not as a binary outcome but as a structured, multi-
stage decision, reflecting the cascading filters users implic-
itly apply during suggestion review. Second, we introduce
Knowledge-aware Editing Distance (KED), which quan-
tifies post-acceptance editing effort by weighting edits ac-
cording to their cognitive cost, recognizing that correcting
knowledge-dense content or factual errors demands substan-
tially more effort than surface-level revisions.

Using these metrics, we conduct a large-scale simulation
study across multiple interaction paradigm. We curate a
dataset of 60 human-authored articles spanning 16 writing
domains and construct 1,688 controlled continuation queries
sampled from different writing stages. By varying interaction
structures while holding content constant, we analyze how
factors such as interaction history affect acceptance behavior
and editing effort. Guided by insights from these simulations,
we further design an adaptive interaction policy and imple-
ment a real-world writing interface. A subsequent user study
with 30 participants shows that behavioral patterns observed
in simulation closely align with subjective user experience.

Our contributions are threefold:

• We cast interactive co-writing as a Human-in-the-Loop
sequential decision process, providing a principled ab-
straction for modeling user acceptance, rejection, and
editing behaviors over time.

• We introduce the Co-Writing Fidelity Suite, a set of
interaction-aware metrics—including Hierarchical Ac-
ceptance Rate and Cognitive-Weighted Editing Dis-
tance—that quantify user–assistant alignment and the

cognitive effort required to integrate suggestions.

• We conduct a large-scale empirical study combining
controlled simulation and real-user experiments, demon-
strating that interaction-aware evaluation based on the
Co-Writing Fidelity Suite reveals behavioral patterns in-
visible to output-only metrics.

2 Related Work
2.1 Human-AI Co-Writing: From Tool to

Collaborative Agency
The co-writing paradigm is evolving from passive, aux-
iliary local completion [Lee et al., 2022; Coenen et al.,
2021] to mixed-initiative collaboration that frames AI as a
“co-operative partner” preserving user ownership [Ashk-
inaze et al., 2025; Zhang et al., 2025; He et al., 2025;
Yang et al., 2022a]. However, evaluation methodologies lag
behind. Traditional metrics fail to capture dynamic user ex-
perience [Shen and Wu, 2023], while recent attempts at quan-
tifying effort[Devatine and Abraham, 2024] or keystroke in-
tent [Le et al., 2025] suffer from coarse granularity and rigid
definitions. There remains a notable absence of fine-grained,
entity-aware metrics to measure cognitive friction in complex
interactions.

2.2 Long-form Writing: Control and Alignment
With improved context capabilities, generation tasks now en-
compass document-level long-form content. While works
employ outline-driven, recursive strategies to ensure long-
range coherence[Mirowski et al., 2023; Yang et al., 2022b;
Yang et al., 2023; Bai et al., ]—evaluated via coarse-grained
dynamic metrics [Du et al., 2025; Wu et al., ; Que et al.,
2024]—they predominantly rely on “black-box” monolithic
generation. This approach leads to “loss of control” and
“cognitive misalignment”, forcing users into extensive post-
generation revisions by ignoring the need for progressive con-
firmation. The absence of structured interaction protocols
prevents the establishment of cognitive consensus during in-
termediate stages; as a result, even high-quality outputs often
diverge from user intent, significantly increasing the burden
of post-editing.

2.3 Creative Evaluation: Quality vs. Intent
While generative capabilities continue to expand, defining ef-
fective creative collaboration in open-domain scenarios re-
mains elusive. Lacking a single gold standard, current ap-
proaches depend heavily on preference learning and “Arena
modes”. [Fein et al., 2025; Fang et al., 2025; Chung et al.,
2025]. Yet, these metrics—rooted in “win rates” or “external
judging”—reveal a fundamental disconnect: quality does not
equal satisfaction. In co-creation, user acceptance is driven
less by writing quality than by alignment with the user’s spe-
cific creative conception. Existing Arena benchmarks fail to
capture this alignment with the user’s Original Intent. Al-
though AI offers diverse perspectives, it often misses the
user’s core message, necessitating a paradigm shift from bi-
nary “good/bad” evaluations to the study of “acceptance and
editing behavior patterns”.
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Figure 2: Co-writing as a Human-in-the-Loop decision process. The center illustrates co-writing as a HitL-MDP (Sec.3), where the
assistant proposes context-aware suggestions and the human responds actions that update the document state. Human feedback is decomposed
into acceptance followed by post-hoc editing. The right panel shows the Co-Writing Fidelity Suite (Sec.4): HAR models structured acceptance
decisions, while KED models editing effort, with darker regions indicating higher cognitive cost for knowledge-dense edits.

3 Co-Writing Formulation
3.1 Proactive Collaboration
We frame interactive auto-completion as a mixed-initiative
co-writing setting, where a human author and a writing as-
sistant collaboratively compose a document via fine-grained,
suggestion-based interactions. In contrast to prompt-driven
generation, the assistant proactively monitors the evolving
document and offers localized textual continuations during
writing, without requiring explicit user prompts.

Formally, given a document state st, the assistant samples
a suggestion

at ∼ πθ(a | st), (1)

where at ∈ A denotes a bounded continuation, designed to
remain local in scope, concise in length, and aligned with the
surrounding writing style. Crucially, these continuations are
non-binding. The assistant surfaces candidate text, while all
document updates are determined by the human author.

3.2 Human-in-the-Loop MDP
Upon receiving a suggestion, the human author provides
feedback that governs how the suggestion is treated. Such
feedback span a range of document-editing actions, includ-
ing direct adoption, user-mediated modification, explicit dis-
missal, and other interactions that alter the proposal’s realiza-
tion. Collectively, these forms of feedback are drawn from a
structured yet open-ended user response space U , and deter-
mine whether and how the suggested content contributes to
the subsequent document state.

This asymmetric interaction induces a recurrent decision-
making loop. At step t, the assistant observes the current doc-
ument state st ∈ S and generates a suggestion at ∈ A. The
human author then responds with a form of feedback ut ∈ U ,
which specifies how the suggestion is handled. The document
is updated accordingly, yielding a new state st+1, upon which
the assistant conditions to produce the next suggestion. Over
time, document evolution emerges from the repeated inter-
play between assistant suggestions and human feedback.

We model this iterative process as a Human-in-the-Loop
Markov Decision Process (HitL-MDP), which makes explicit
the division of roles between proposing and deciding. For-
mally, the process is defined as M = ⟨S,A,U , T ⟩. At each
step, given the current state st, the assistant samples a sug-
gestion according to at ∼ πθ(· | st), after which the human
selects a form of feedback ut. State transitions are governed
by the transition function

st+1 = T (st, at, ut), (2)

reflecting the fact that all document updates are enacted
through human actions.

This formulation highlights a key structural property of in-
teractive co-writing: while the assistant influences the process
by proposing candidate continuations, control over state tran-
sitions resides entirely with the human author. As a result,
learning and evaluation in this setting must be grounded in
observable human responses to system proposals.

4 Co-Writing Fidelity Suite
Modeling mixed-initiative co-writing as a HitL-MDP makes
user acceptance and editing actions explicit. Yet these behav-
iors are costly, noisy, and ill-suited for large-scale or compar-
ative evaluation across interaction paradigm. To address this
limitation, we adopt a human simulator perspective, in which
user feedback is abstracted into behavioral proxies grounded
in observed co-writing patterns. Under this view, a useful
suggestion is not defined by fluency alone, but by whether
it (i) satisfies the user’s implicit acceptance criteria and (ii)
minimizes the cognitive effort required for integration.

Motivated by this perspective, we introduce the Co-
Writing Fidelity Suite, a set of interaction-aware met-
rics that approximate human acceptance behavior and
post-acceptance editing cost within the HitL-MDP frame-
work. Specifically, we propose Hierarchical Acceptance
Rate (HAR) to measure intent-aligned acceptance, and
Knowledge-aware Editing Distance (KED) to quantify the
cognitive effort incurred after acceptance.
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Figure 3: Editing duration versus editing distance and similarity metrics. Each point represents a human post-editing instance; red lines
show linear regression trends. KED aligns most strongly with observed editing time, whereas surface-level distances and similarity metrics
correlate weakly with human editing effort.

Metrics DeepSeek-V3 GPT-5.1 Gemini-2.5-Pro

Align κ Align κ Align κ

Baselines (Single-Dimension & Holistic)
LLMLogic 51.6 0.072 53.5 0.032 56.6 0.020
LLMStyle 67.3 0.106 51.4 0.102 57.7 0.018
LLMSemantic 69.0 0.158 74.6 0.184 65.7 0.180
LLMHolistic 48.8 0.014 78.3 0.063 64.1 0.196

Hierarchical Ablation (Ours)
HARL1 59.9 0.126 76.3 0.045 67.0 0.269
HARL1+L2 60.3 0.104 77.0 0.070 79.8 0.243
HARFull 69.3 0.166 81.1 0.154 82.2 0.254

Table 1: Alignment rate (%) and inter-annotator agreement (Cohen’s
κ). Best results are bolded; second-best are underlined.

4.1 Hierarchical Acceptance Rate

Motivation and Definition. In proactive co-writing, ac-
ceptance is a structured decision rather than a binary judg-
ment. Prior work in cognitive psychology and behavioral de-
cision theory suggests that humans evaluate complex options
through sequential filtering processes, progressively eliminat-
ing candidates that fail increasingly stringent criteria rather
than making a single holistic judgment [Lee et al., 2024;
Simon, 1955; Tversky, 1972; Payne et al., 1993]. Users thus
implicitly apply a sequence of filters—ranging from basic
correctness to higher-level semantic alignment—before inte-
grating a suggestion.

We model this process with Hierarchical Decision Crite-
ria. Given an ordered set of criterias {ϕ1, ϕ2, . . . , ϕK}, a
suggestion is accepted only if it passes all criterias, where
failure at any stage terminates the process. Early-stage crite-
ria capture immediate usability (e.g., grammaticality, contin-
uation correctness), while later stages assess stylistic and se-
mantic alignment, including required entity coverage. When
applied across a collection of model-generated suggestions,
this hierarchical decision process induces a well-defined ac-
ceptance probability, which is formalized as Hierarchical Ac-
ceptance Rate. This conservative design ensures stable and
interpretable acceptance judgments across interaction rounds.

Metric Pearson Spearman

KED (ours) 0.686 0.786
Levenshtein Distance 0.587 0.684
Compression Distance 0.582 0.670
Revision Distance 0.305 0.306
ROUGE-L -0.498 -0.612
BLEU -0.499 -0.565
METEOR -0.356 -0.482
BERTScore -0.469 -0.546

Table 2: Correlation between automatic evaluation metrics and hu-
man post-editing effort, measured by editing duration. Pearson (r)
and Spearman (ρ) correlations are reported.

Alignment with Human Evaluation. We evaluate HAR
on 1.2K expert-annotated instances. Each instance contains
a writing context, a model-generated continuation, and a
gold reference continuation; annotators determine whether
the suggestion should be accepted using a checklist-style pro-
tocol that mirrors realistic co-writing decisions.

We compare HAR against two representative LLM-as-a-
Judge alternatives: single-dimension judges that decide ac-
ceptance based only on logic, style, or semantic correctness,
and a holistic judge that outputs one-shot accept/reject with-
out explicitly modeling intermediate criteria. We report (i)
alignment rate with expert decisions and (ii) inter-annotator
agreement measured by Cohen’s κ.

Table 1 shows that HAR yields the most reliable human-
aligned acceptance estimates across backbone models. In
terms of alignment, the full hierarchical design (HARFull)
achieves the best performance for all three backbones
(e.g., 69.3/81.1/82.2 for DeepSeek-V3/GPT-5.1/Gemini-2.5-
Pro), while single-dimension judges vary substantially across
model families, indicating limited robustness when accep-
tance is reduced to a single criterion.

Agreement results further support the benefit of explicit
criteria: HARFull achieves the highest κ on DeepSeek-V3
(0.166) and remains competitive on GPT-5.1 (0.154), and on
Gemini-2.5-Pro the hierarchical variants markedly improve
agreement (up to 0.269), suggesting that structuring accep-
tance into ordered criteria reduces ambiguity compared to
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Level Interaction Paradigm Interaction Scope Key Capability

L0 User-Initiated Collaboration Reacting to explicitly stated user intent Demand Responsiveness
L1 Stateless Proactive Collaboration Proactively predicting user intent from local context Immediate Feedback
L2 Stateful Proactive Collaboration Proactively predicting user intent from interaction history History-Aware Personalization
L3 Adaptive Proactive Collaboration Adaptively predicting user intent via strategies Adaptive Intent Modeling

Table 3: Interaction paradigms organized by increasing levels of initiative, contextual awareness, and adaptivity. The progression highlights
the transition from reactive to proactive intent inference in human–AI co-writing.

one-shot holistic decisions.
Overall, these results are consistent with the view that ac-

ceptance in interactive co-writing is better characterized as a
hierarchical decision process rather than a monolithic judg-
ment: making intermediate criteria explicit not only improves
alignment with expert choices, but also produces more con-
sistent acceptance decisions.

4.2 Knowledge-aware Editing Distance
Motivation and Definition. Acceptance alone does not im-
ply low interaction cost. In realistic co-writing, users accept a
suggestion yet invest substantial effort in post-editing to rec-
oncile it with their underlying intent. Such effort is frequently
driven by correcting semantic mismatches, factual inaccura-
cies, or discourse-level inconsistencies, which are poorly cap-
tured by surface-level edit-distance or similarity metrics.

We introduce Knowledge-aware Editing Distance (KED)
to quantify this post-acceptance editing cost. KED measures
the distance between a model-generated suggestion and the
final user-edited text, while weighting edit operations accord-
ing to their cognitive demands: semantic rewrites and factual
corrections incur higher costs than local or surface-level ed-
its. As a result, KED is designed to reflect not just textual
change, but the mental effort required to repair a suggestion
into an acceptable continuation.

Alignment with Human Evaluation. We evaluate KED
using writing logs from the CoAuthor dataset [Lee et al.,
2022], which records human revisions to AI-generated sug-
gestions together with timestamps. Following prior work[De-
vatine and Abraham, 2024], we use editing duration as a
behavioral proxy for cognitive effort, as longer interaction
time is consistently associated with increased mental work-
load. We compare KED against a diverse set of baselines,
including character-level distances (Levenshtein Distance),
structure-aware distances (Compression Distance[Devatine
and Abraham, 2024], Revision Distance[Ma et al., 2024]),
and similarity-based metrics (ROUGE-L, BLEU, METEOR,
and BERTScore). For each metric, we compute Pearson and
Spearman correlations with observed editing duration.

Figure 3 illustrates the relationship between editing dura-
tion and metrics. KED exhibits the strongest monotonic and
linear correlations with editing time, indicating that it more
faithfully reflects the cognitive cost experienced by users dur-
ing post-editing. In contrast, conventional edit distances show
weaker correlations, as uniform edit costs overemphasize su-
perficial changes. Similarity-based metrics display moderate
to weak negative correlations, confirming that high textual
similarity does not necessarily imply low editing effort.

Model Level Overall Scientific Creative
HAR(%) ↑ KED ↓ HAR(%) ↑ KED ↓ HAR(%) ↑ KED ↓

DeepSeek-V3.2 L1 6.99 10.18 8.18 11.70 5.35 7.11
L2 10.37 9.97 12.88 11.39 6.90 6.31

Gemini-2.5-Flash L1 13.39 9.68 14.83 11.11 11.41 7.20
L2 16.05 10.24 20.04 11.79 10.56 6.35

Gemini-2.5-Pro L1 14.17 9.17 15.15 11.00 12.82 6.20
L2 17.89 9.39 19.12 10.81 16.20 7.03

GPT-5.1 L1 17.59 11.28 21.47 12.05 12.25 9.46
L2 19.61 10.50 23.62 12.14 14.08 6.06

Table 4: Results of LLMs under Level-1 and Level-2 interaction
paradigm across scientific and creative domain.

Table 2 quantifies these trends. KED achieves the high-
est Pearson and Spearman coefficients among all evaluated
metrics, demonstrating both sensitivity to absolute editing ef-
fort and consistency in ranking instances by difficulty. All
reported correlations are statistically significant.

Taken together, our findings indicate that model sugges-
tions vary in quality even under universal acceptance. Ex-
plicitly modeling the cognitive burden of different edit types
is essential for capturing the friction users experience after
accepting an assistant-generated suggestion.

5 Co-Writing Experiment
5.1 Interaction Paradigms
We organize co-writing systems into four interaction
paradigms, as summarized in Table 3. These paradigms dif-
fer in how initiative is distributed between the user and the
assistant, what contextual signals are available for intent in-
ference, and whether the system adapts its intervention be-
havior over time. Together, they characterize a structured
progression from passive assistance to proactive and adap-
tive collaboration, providing a unified lens for analyzing user
acceptance and editing behavior.

L0: User-Initiated Collaboration. In this paradigm, the
assistant responds only to explicitly stated user intent and pro-
vides assistance on demand. All initiative remains with the
user, and the system does not anticipate or infer intent. L0
emphasizes demand responsiveness and serves as a reference
condition, particularly in user-facing evaluations.

L1: Stateless Proactive Collaboration. L1 introduces
system-initiated assistance by proactively predicting imme-
diate user intent from local document context. Suggestions
are generated independently at predefined points, without ac-
cess to prior interaction outcomes. This paradigm provides
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Figure 4: Acceptance rate as a function of writing progress for L1
and L2 proactive interaction. L2 exhibits increasing advantages in
later stages, with ∆ curves and confidence intervals shown below.

immediate feedback while isolating the effect of proactive in-
tervention.
L2: Stateful Proactive Collaboration. L2 extends L1 by
conditioning intent prediction on accumulated interaction
history, including previous human feedback. This enables
experience-based personalization, allowing the assistant to
progressively align with the user’s evolving intent. Compar-
ing L2 with L1 isolates the behavioral impact of interaction
memory.
L3: Adaptive Proactive Collaboration. L3 further intro-
duces adaptive intent modeling, where the assistant dynami-
cally determines when and how to provide suggestions. Inter-
vention itself becomes a strategy-level decision, making inter-
action events endogenous to the system policy. We therefore
treat L3 as an analysis-driven paradigm, informed by insights
from L1 and L2, and reserve its evaluation for downstream
system design and user studies.

In the following sections, we focus quantitative analysis
on L1 and L2, where interaction events are well-defined and
directly comparable, and use the resulting insights to inform
adaptive collaboration in L3.

5.2 Quantitative Evaluation
Setup. We evaluate multiple language models under dif-
ferent interaction paradigms using a controlled dataset of 60
human-authored articles across 16 domains. Articles are seg-
mented into 1,688 continuation queries sampled from dif-
ferent writing stages, with fixed ground-truth continuations
across settings to isolate the effect of interaction structure.
Results and Analysis. As shown in Table 5, GPT-5.1
achieves the highest HAR overall, while Gemini-2.5-Pro at-
tains the lowest KED, reflecting complementary strengths in
intent prediction and post-editing efficiency. Moving from
L1 to L2 further yields systematic gains in acceptance and re-
duced editing effort, underscoring the value of stateful intent
modeling.

• Intent prediction accuracy increases as writing pro-
gresses. As shown in Figure4, both stateless (L1) and
stateful (L2) proactive settings exhibit an upward trend
in acceptance rate from early to later writing stages, in-
dicating that richer local context facilitates more accu-
rate intent inference. Notably, the performance gap be-
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Figure 5: Paragraph-level acceptance rates increase from early to
late paragraphs across models and interaction settings.

tween L2 and L1 widens in the later stages of writing,
where accumulated interaction history becomes avail-
able. The consistently positive ∆ curve, together with
its confidence intervals, suggests that conditioning on
prior user decisions enables more effective anticipation
of user intent beyond what can be inferred from local
context alone. These results highlight the growing value
of interaction memory as co-writing proceeds and user
intent becomes increasingly shaped by earlier choices.

• Paragraph-level acceptance increases monotonically
with writing progress. As shown in Figure 5, ac-
ceptance rates computed from paragraph-level continu-
ations consistently rise from the front to the middle and
back sections of an article across all evaluated models
and interaction settings. This monotonic trend holds for
both stateless and stateful proactive paradigms, as well
as across different model families, indicating that the ef-
fect is not model-specific. The increasing acceptance
toward later paragraphs suggests that author intent be-
comes progressively more explicit and constrained at the
paragraph level, making intent inference more reliable as
the document structure and thematic direction solidify.

• Acceptance rates are consistently lower in Creative
than Scientific domains. This pattern is consistently
observed across models and interaction settings (Table4)
and is characteristic of the higher semantic openness of
creative writing.

Based on the above analyses, L3 Collaboration should
treat proactivity as a cost-sensitive policy conditioned on in-
teraction history, writing stage, and domain characteristics.
Such adaptivity aligns system initiative with the evolving pre-
dictability of user intent while limiting unnecessary editing
overhead.

5.3 User Study
To validate whether the behavioral differences observed in
offline evaluation translate into real user experience, we con-
duct a controlled user study with 30 participants recruited
from universities and technology companies, using an on-
line interactive writing system that instantiates all four in-
teraction paradigms with a unified LLM backend (GPT-5.1).
User experience is assessed using Likert-scale measures of
perceived workload, usefulness, customization, and adapt-
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Level Window Switches ↓(count) Editing Time ↓ (min) Acceptance Rate ↑ (%)

L0 15.76 46.42 -
L1 8.46 32.85 18.55
L2 8.92 31.07 21.62
L3 8.15 31.28 27.87

Table 5: User study results based on interaction logs, reporting mean
window switch counts, editing time, and acceptance rate averaged
across all users under different interaction levels.
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Figure 6: User questionnaire results across four interaction systems
for perceived workload(PW), usefulness(US), customization(CU),
and adaptability(AD). Blue indicates more favorable ratings, while
red indicates less favorable ratings.

ability, following established human–AI interaction guide-
lines [Amershi et al., 2019; Google, 2021; Apple, 2023;
Pasch and Ha, 2025], and supplemented with qualitative feed-
back.

As shown in Figure 6 and Table 5, both subjective rat-
ings and interaction logs exhibit consistent trends. Proactive
paradigms (L1–L3) are preferred over user-initiated interac-
tion (L0), with stateful and adaptive settings (L2, L3) achiev-
ing the lowest perceived workload, highest usefulness, and
strongest adaptability. Interaction logs further corroborate
these perceptions: proactive collaboration substantially re-
duces window switching and task completion time, while ac-
ceptance rates increase from stateless to stateful and adaptive
settings. Together, these results confirm that the gains identi-
fied in quantitative analysis reflect genuine improvements in
user experience rather than artifacts of offline metrics.

5.4 Learning with Interaction-Aware Rewards
Finally, we conduct reinforcement learning experiments to
examine the practical learnability of our interaction-aware
metric under the proposed formalization. We conduct rein-
forcement learning experiments on Qwen3-4B [Yang et al.,
2025] using HAR as the sole reward for continuation predic-
tion, considering two training variants. In stateless RL, the
model is optimized using the original query context, with-
out access to prior interaction history. In stateful RL, inter-
action history is incorporated into the context during train-
ing. As shown in Table 6, both RL variants substantially im-
prove HAR and reduce KED compared to the base model.
Moreover, stateful RL consistently outperforms stateless RL,

MindCopilot - Proactive Interactive Writing Assistant

Text Editor

B I H = ☰  ↩ ↪ ✂

Ln 3, Col 66 | 215 words | Suggestion: active | Mode: L2

Assistant Log

Baseline immunity resembles a recipe rather than a 

single ingredient. Species specify the cuisine, breeds 

adjust the proportions, and individual genetics 

determine how evenly the dish is cooked.

When immune outcomes vary, it is rarely because the 

kitchen malfunctioned, but because the recipes were 

never identical to begin with.

Designing one-size-fits-all immunization protocols 

under these conditions  is like critiquing the chef 

without ever reading the recipe.

[10:45:32] The user begins a sentence that
moves from analogy-based description toward
methodological critique with “Designing one-
size-fits-all immunization protocols under
these conditions.” Since the preceding context
consistently employs a cooking metaphor, the
continuation should preserve this analogy
rather than switch to literal academic
explanation. The phrase “under these
conditions” cues an evaluative comparison
instead of further biological elaboration. To
match the user’s concise, metaphor-driven, and
mildly critical writing style, the sentence is
most naturally completed by casting the design
choice as a misguided judgment within the same
culinary frame, yielding “is like critiquing
the chef without ever reading the recipe.”

Figure 7: A stateful co-writing interface in which the assistant lever-
ages interaction history to infer the user’s preference for analogy-
driven critique and predicts a style-consistent continuation.

Model L1 Collaboration L2 Collaboration

HAR(%) ↑ KED ↓ HAR(%) ↑ KED ↓
Qwen3-4B 1.48 14.79 0.95 15.66

+ Stateless RL 8.30 12.64 7.47 12.38
+ Stateful RL 8.86 12.56 9.73 12.28

Table 6: Performance of Qwen3-4B models after Stateless RL and
Stateful RL. L1 and L2 Collaboration are defined in Table 3.

particularly under L2 collaboration, indicating that model-
ing interaction history further enhances learning. These re-
sults confirm that HAR can be effectively used as a reward
for training, providing empirical support that our Human-in-
the-Loop MDP formulation admits practical optimization and
yields measurable gains in interactive writing performance.

6 Discussions and Conclusion

This work advances the study of human–AI co-writing by
shifting the focus from isolated output quality to interaction-
driven user behavior. By formalizing interactive completion
as a Human-in-the-Loop Markov Decision Process, we pro-
vide a framework for analyzing how acceptance and editing
actions reveal alignment and friction during writing.

The proposed Co-Writing Fidelity Suite evaluates collab-
oration through behavioral signals. Hierarchical Acceptance
Rate captures the structured nature of human acceptance de-
cisions, while Knowledge-aware Editing Distance quantifies
post-acceptance cognitive effort. Across expert annotation,
large-scale simulation, and a controlled user study, these met-
rics demonstrate stronger alignment with human judgment
and user experience than output-only measures.

Using these metrics as analytical tools, we identify consis-
tent behavioral patterns across interaction settings and writ-
ing stages, and derive interaction strategies that better match
users’ evolving intent. Importantly, systems informed by
these metric-driven analyses yield higher perceived useful-
ness and lower cognitive burden in real writing tasks, support-
ing the external validity of the proposed evaluation approach.
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