
What Happened and Why? Trace-Guided Micro-Episodes with Elicited User
Explanations for Product Iteration

SIRUI TAO∗, UC San Diego, USA

WILLIAM P. MCCARTHY, Autodesk AI Lab, USA

STEVEN P. DOW†, UC San Diego, USA

Fig. 1. The Micro-Episode Lifecycle. (1) High-friction moments (e.g., "undo storms") trigger (2) a Utility-for-Rationale intervention
that aids the user while capturing intent. (3) The resulting micro-episodes provide vulnerable insights for both UX and ML teams.

ABSTRACT

Teams shipping AI workflows in design tools can measure usage yet often struggle to explain why features fail. In creative work,
standard metrics are ambiguous: a long session could imply productive exploration or frustrating struggle with stochastic outputs. We
argue for trace-guided micro-episodes, a unit of analysis binding interaction logs—what users did—to their intent. Rather than relying
on disruptive surveys, we propose a “utility-for-rationale” paradigm: systems offer optional, context-aware controls at likely friction
points, capturing user explanations as a byproduct of real-time error recovery. This approach converts ambiguous telemetry into
causal evidence without breaking flow. We posit this methodology serves a dual purpose: equipping teams with diagnostic clarity to
iterate on vague failure modes (e.g., controllability vs. quality) while generating the grounded alignment data required to train future
agents.

CCS Concepts: •Human-centered computing→ User models; Activity centered design; Interactive systems and tools; Contextual
design; • Computing methodologies→ Artificial intelligence.
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1 Introduction

When teams deploy AI in complex creative software—such as Computer-Aided Design (CAD)—usage logs often mislead.
High acceptance rates for a feature like "smart auto-connect" suggest success, yet users may accept the connection only
to spend minutes manually repairing the resulting geometry errors. This ambiguity grows in GenAI workflows where
outputs are non-deterministic: a generation that appears "successful" in logs often shifts user effort from productive
modeling to tedious verification. This challenge intensifies as tools shift toward generative interfaces [7, 9]. Because
these interfaces are dynamically composed per session, static logs lose the "semantic anchor" required to explain user
actions.

This gap in evidence is sharpest during early pilots and user studies, where data is scarce. Industry pilots and
HCI tool evaluations both operate with constrained cohorts and heterogeneous tasks [10, 11]. While benchmarks
attempt to standardize tasks [8], teams observing open-ended usage face an interpretation bottleneck: why did behavior
change? We argue for a standard evaluation package that (i) captures scalable traces, (ii) strategically elicits brief
clarifications only when ambiguity is high, and (iii) synthesizes evidence for iteration [6, 15]. We instantiate this as trace-
guided micro-episodes: short trace windows anchored to consequential moments, paired with minimal, user-controlled
clarification.

2 Related Work

Evaluating creative and AI workflows. Evaluations of creativity support tools involve multiple objectives and
resist single metrics [10]. Recent work cautions that studies often overemphasize short-term productivity while
under-measuring outcomes like learning [11]. In production AI, adoption hinges on user-facing costs—controllability,
transparency, verification—often missed by aggregate metrics [3]. Within GenAI workflows, process-level effects
(explore, verify) are hard to interpret from outcomes [17], motivating the need for diagnostic evidence to guide iteration,
rather than just aggregate scores for reporting [2].

Connecting traces to intent.While telemetry scales, traces show what happened without clarifying why [12]. Prior
work improves interpretability through visualization [12, 14] and evolution graphs [16]. Approaches like Think-Aloud
Computing [6] and ClearFairy [15] capture intent near action. Our focus differs in mechanism: rather than supporting
the ongoing task, we frame brief clarification as a low-friction recovery mechanism anchored to breakdowns. We structure
the resulting micro-episodes to specifically inform product iteration, helping teams disambiguate failure modes.

3 Position: An Evaluation Stack for Messy Creative Work

We propose an evaluation stack producing micro-episodes: compact records connecting what happened to why through
minimal, user-controlled clarification. The stack operates in three stages:

Observation. The stack records traces and assistance touchpoints (e.g., generations, undo/redo). In GenAI tools, this
includes prompts, re-ranking, and branching [16] alongside outcomes [17]. Crucially, the system segments traces into
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candidate moments signaling friction: undo storms (rapid reversals), oscillations (toggling), or abandonment. For each, it
logs the interface state to reconstruct the user’s view.

Clarification. Moments often remain ambiguous: undoing a suggestion may reflect low quality, hidden constraints,
or goal changes. Instead of disruptive surveys, the stack anchors a non-intrusive “Clarify / Fix” utility to the friction
point. For instance, after a rapid undo, a transient tooltip might appear asking: "Wrong shape or wrong style?" Selecting
an option immediately adjusts the next generation. By framing clarification as a mechanism for control, the system
captures a diagnostic micro-episode (trace + state + rationale) as a byproduct of error recovery.

Synthesis.Micro-episodes reveal recurring failuremodes. The stack aggregates patterns, using AI to cluster traces and
clarifications into UX-facing workflow maps and system-facing breakdown sets. This complements visualization [12, 14]
by adding causal evidence only where traces are ambiguous, helping teams prioritize fixes for issues like controllability
or verification burden.

4 Discussion

4.1 Compatibility with causal evaluation designs

The stack improves interpretability but does not alone establish causality. However, it complements rigorous designs:
whether randomizing UI variants [5] or using micro-randomized trials to estimate proximal effects [4], micro-episodes
help explain observed differences and surface actionable breakdowns to inform what to change next.

4.2 Generalizability beyond CAD

While CAD offers precise anchoring, the evaluation problem is universal. Across writing, editing, and coding, people
backtrack and verify; GenAI amplifies this via stochasticity. The stack applies wherever tools expose identifiable
touchpoints. Domain adaptation involves defining episode schemas matching the unit of work and selecting conservative
moments where clarification reduces ambiguity.

4.3 From Evaluation to Agent Training

Beyond product iteration, micro-episodes address the "credit assignment" problem in agent training. As current models
exhaust static web data and move into the "era of experience" [13], they require grounded interaction signals. However,
SOTA methods like SWEET-RL [18] and DigiRL [1] currently rely on synthetic proxies—such as unit tests or VLM
evaluators—to approximate these signals. Micro-episodes bridge this gap by providing the ground-truth rationale (e.g.,
"rejected due to physics") and state snapshots required to train robust Reward Models and Critics, replacing noisy
heuristics with explicit human reasoning.

4.4 Limitations and future directions

Poorly chosen candidate moments can distract users, and clarification may bias behavior. Next steps include exploring
diverse heuristics for identifying candidate moments to minimize disruption, validating whether micro-episodes reduce
analysis time without degrading insight quality, and building analyst tools to translate episode clusters into concrete
product changes.
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