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Understanding agent behavior requires methods that scale to thousands of trajectories and surface
new patterns in long, often unfamiliar tasks where pre-built classifiers fall short. We propose to bring
grounded theory into agent trajectory analysis: a six-decade-old qualitative method from the social
sciences, with a principled saturation criterion and an auditable trail from data to theory. We propose
AutoTraceGT!, the first multi-agent pipeline that automates grounded theory on agent trajectories:
it iteratively performs open, axial, and theoretical coding until saturation, producing a behavioral
taxonomy tailored to each task. Across six trajectory corpora, AutoTraceGT produces codebooks that
recover 73 — 91% of the failure modes in human-annotated taxonomies and surface additional patterns
that those taxonomies miss. The emergent theoretical narrative aligns with prior expert accounts.
Used as a deductive feature space, the codebook outperforms zero-shot and few-shot LLM baselines on
downstream failure prediction. These results suggest Grounded Theory offers a scalable analytic tool
for ML researchers and agent developers studying what agents actually do.

1. Introduction

Recent advances in large language models (LLMs) have enabled agents to address increasingly complex
tasks, including software engineering (Jimenez et al., 2024; Yang et al., 2024), web browsing (Deng
et al., 2023; Zhou et al., 2024), computer use (Xie et al., 2024), and deep research (Mialon et al.,
2024). These systems typically operate through agentic frameworks, in which an LLM interacts with
external environments over multi-step trajectories consisting of planning, actions, observations, and
revisions. However, stronger task-solving ability does not eliminate brittleness. Agents may still fail
after long sequences of locally reasonable decisions, making it difficult to understand which behaviors
support successful problem solving and which behaviors lead to failure. This motivates a critical
question: what do agents actually do while solving tasks, and how can we characterize these
behaviors at scale?

Existing analyses fall into two methodologically constrained regimes. Lightweight quantitative
metadata (length, action counts, task success) scales easily but explains little about the underlying
problem-solving process (Jimenez et al., 2024; Yang et al., 2024). Human analysis is interpretable
but expensive, especially for agent trajectories with hundreds of steps (Cemri et al., 2025; Gao et al.,
2026). A hybrid approach that builds behavioral classifiers based on pre-defined, often expert-derived,
behavioral patterns is too rigid to generalize to novel tasks and emergent agent behaviors. The deeper
gap is that the ML community currently lacks a methodology for studying agent behavior that is
scalable and generalizable, a problem the social sciences have long faced and for which they have
developed methodological responses.

We propose to bring a six-decade-old methodology widely used across qualitative research,
Grounded Theory, into ML as a new analytic method for agents. Grounded theory (Charmaz,
2014; Glaser and Strauss, 1967) is an inductive qualitative methodology in which theories and
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Figure 1 | Quantitative metadata records that an agent failed but is process-blind to why. Automated
grounded theory (Glaser and Strauss, 1967; Saldafa, 2015) surfaces behavioral patterns from the
agent’s own reasoning, e.g., keeps acting without diagnostic checks, decomposed into sub-behaviors
(ignores its own clues, retries without re-checking) with step-level quoted evidence.

categories emerge from the data itself rather than from prior hypotheses: researchers label concrete
incidents, group them into categories, and iteratively refine those categories against newly sampled
data (Saldafia, 2015; Williams and Moser, 2019). This process terminates at theoretical saturation,
when new sampling no longer surfaces new structure. This makes it well-suited to agent trajectory
analysis on three counts: it is inductive, and thus open to novel tasks and emergent behaviors; it
offers a principled, data-driven stopping criterion via theoretical saturation; and it yields an auditable
trail from raw trajectories to theoretical claims.

To this end, we introduce AutoTraceGT, the first end-to-end pipeline that operationalizes
grounded theory for analyzing agent trajectories. Three agents perform layered semantic com-
pression: OpenCode annotates a single trajectory with descriptive codes for “what happens at
which steps”; AxialCode groups a batch of coded trajectories into a series of behavioral categories;
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and TheoreticalCode integrates these categories into a theoretical account. Running in parallel,
Manage drives the methodology’s iterative core: strategic sampling and constant comparison against
the running codebook, repeated until saturation.

We evaluate AutoTraceGT along two axes. For process reliability, we show that across multiple
datasets and backbone LLMs, AutoTraceGT drives codebooks toward saturation and produces
codebooks reproducible across independent runs at a level clearly separated from the noise floor
of differing data or model inductive biases. For artifact quality, the induced codebooks cover the
majority of failure modes in independently constructed human taxonomies while surfacing additional
patterns those taxonomies systematically miss; the theoretical narrative independently converges with
cascade-of-errors accounts articulated by prior expert analyses; and the codebook can be repurposed
as a deductive feature space for failure prediction, outperforming few-shot LLM baselines across
multiple backend models. Our contributions are:

* A new analytic method for ML. We argue that grounded theory, a six-decade-old method from
the social sciences, can be brought into ML as a productive analytic tool for scalable analysis of
agent behavior and trajectories.

* AutoTraceGT. We build the first end-to-end pipeline for automated grounded theory, implementing
open, axial, and theoretical coding as role-specialized agents coordinated by a codebook manager,
with every intermediate artifact machine-readable and auditable.

* Empirical validation. On 7,500+ trajectories across six datasets and four backbone LLMs, we
show that AutoTraceGT reaches saturation and produces reproducible codebooks, covers the
majority of human-taxonomy failure modes, recovers prior expert theoretical accounts, and yields
a deductive feature space for failure prediction.

2. Related Work

Grounded theory is an inductive qualitative methodology (Charmaz, 2014; Glaser and Strauss,
1967) widely used across the social sciences, with close analogues in thematic analysis (Braun and
Clarke, 2006) and content analysis (Krippendorff, 2018). Its core idea is to build theories grounded
in data rather than test pre-existing hypotheses, which suits phenomena where established theories
do not apply or new insights are sought. The method is realized through qualitative coding (Saldafia,
2015; Williams and Moser, 2019), in which the analyst proceeds in three layered stages. Open
coding labels salient meanings in each document with descriptive tags. Axial coding links these
tags across documents (e.g., by cause, condition, consequence) and groups them into higher-level
categories. Theoretical (or selective) coding integrates the saturated categories into a coherent account
of the phenomenon. Because every category and claim stays linked to the incidents that produced
it, grounded theory yields human-readable patterns with an auditable trail back to the raw data, a
natural fit for analyzing open-ended agent trajectories at scale.

LLM-assisted Qualitative Analysis. LLMs have been used to scale qualitative coding, including
thematic analysis on interview transcripts (De Paoli, 2024; Xiao et al., 2023), hierarchical inductive
coding (Gao et al., 2024; Zhong et al., 2025), multi-agent thematic analysis (Lin et al., 2026; Yi et al.,
2025), and dedicated grounded-theory pipelines (Pi et al., 2025; Ubellacker, 2024). We focus on
the last category, where two gaps remain. First, grounded theory’s multi-stage structure is rarely
preserved end-to-end: AcademiaOS (Ubellacker, 2024) offers limited cross-stage orchestration, and
LOGOS (Pi et al., 2025) replaces axial and selective coding with semantic clustering, foregoing the
role-differentiated analytic stance the methodology relies on. Second, theoretical saturation (grounded
theory’s own termination criterion) is not empirically verified by these pipelines, which instead stop
after a fixed number of iterations; whether the produced codebook reflects conceptual breadth or
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Figure 2 | Overview of our multi-agent qualitative coding pipeline.

an arbitrary stop is left unclear. AutoTraceGT addresses both: it implements the three stages as
role-specialized agents with an explicit cross-batch manager, and verifies saturation through codebook
convergence across iterations.

Agent Behavior Analysis. LLM-based agents are typically benchmarked by task-completion success
on suites such as SWE-bench (Jimenez et al., 2024) and WebArena (Zhou et al., 2024) which report
whether trajectories succeed but reveal little about why they fail. A growing line of work addresses
this through structured failure analysis: AgentErrorTaxonomy (Zhu et al., 2025) decomposes failures
into five operational modules, MAST (Cemri et al., 2025) applies grounded theory by hand to 150+
multi-agent traces and produces a 14-mode taxonomy, and others target subproblems such as tool-
parameter failures (Xiong et al., 2025) or rubric-based trajectory verification (Raghavendra et al.,
2026). Across this literature, taxonomies are built either by researchers iterating on small samples
or by LLMs prompted to enumerate failure modes in one pass—neither route makes the inductive
process auditable or guarantees a verifiable stopping criterion. AutoTraceGT operationalizes the
full Grounded Theory loop algorithmically and scales it to thousands of trajectories, with theoretical
saturation verified empirically.

3. Multi-Agent Framework

AutoTraceGT takes a corpus of N agent trajectories and conducts grounded theory analysis over it.
The framework comprises four agents operating at three scales: OpenCode works on a single trajectory,
AxialCode on a batch of trajectories, and TheoreticalCode on the full corpus to synthesize the
emergent theory; orthogonal to these, Manage maintains analytic state and continuity across batches.
Figure 2 presents the framework overview, and we describe each term below.
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Algorithm 1: Automated Grounded Theory for Agent Trajectories
Input: Pool of N trajectories; batch size B; sampling policy x; saturation threshold ¢; stability
window W
Output: Saturated codebook K, theoretical account (c*, N)
1 Initialize K « 0; t « O;
2 repeat // Saturate after continuous W rounds with additions <e
3 te—t+1;
Draw a batch of B trajectories from the pool via x, conditioned on K;
foreach trajectory in the batch do
L Run OpenCode chunk by chunk, carrying a segment memo;

o U1 b

7 A « AxialCode(coded batch); K «— Manage(K, A); a; < #ADD actions logged this
round;

suntilt >W and aj<e, forallje {t-W+1,...,t};

9 (c*, N) « TheoreticalCode(K);

10 return K, (c*, N)

Open coding (per trajectory). The open-coding agent, OpenCode : Trajectory — Records, labels
behavioral incidents on a trajectory with conceptual codes. Each output record takes the form
(code, span, quote): a 2-5 word conceptual code describing what happens, a sub-step span indicating
where it happens, a short verbatim quote as the evidence. The number of codes per trajectory is
chosen adaptively by the agent. We instruct it to abstract behavioral patterns rather than restate
surface-level actions to use the conceptual code captures recurrent modes of conduct (e.g., diagnose
environment constraints, persist through validation hurdles) instead of literal tool calls. Operationally,
to keep each LLM call within context, we partition the message sequence m into chunks and run
OpenCode chunk by chunk, carrying a segment memo across calls to preserve analytic continuity
(see Algorithm 1). Coding is sequential within a trajectory but parallelizable across trajectories.

Axial coding (per sampling round). Following the iterative structure of grounded theory, analysis
proceeds round by round: each round is a batch of open-coded trajectories drawn under a sampling
policy and fed to the axial-coding agent. AxialCode : CodedTrajectories — Categories x Relations
groups the round’s conceptual codes into categories and the typed relations between them, and emits
an axial memo p®* summarizing the round. Each induced category carries a textual definition, the set
of code records supporting it, and a status tag o € {succ, FAIL, BOTH} derived by aggregating the
terminal status of each member’s source trajectory. The membership pointers preserve an explicit link
from each category back to its supporting episodes and source trajectories.

Codebook management (constant comparison across rounds). Grounded theory’s practice of
continuously revising codes against incoming data is realized explicitly as the codebook-manager
Manage : Codebook x RoundStructure — Codebook, which reconciles each round’s axial output
against the running codebook. We maintain a versioned codebook state K; = (C;, R;, L;) with a revision
log L;; on each new round, Manage produces K. by selecting for each new category an action from
{add, merge, split, flag} and for each new relation from {confirm, extend, add, contradict},
with every action appended to L..1. We adopt a merge-first policy, aligning new categories to existing
structure whenever a compatible match exists. Define the number of newly added categories in round
tasa =|{f € L, \ L,—1 : £.action = add}|. We operationalize theoretical saturation as the criterion
a; < € and a;_1 < € for two consecutive rounds, and define T as the first round at which the criterion
is met. The resulting Ly provides an auditable history of theory evolution.




AutoTraceGT 6

Theoretical Patterns « The Automated Grounded Theory process Agent Trajectory

* Theoretical Coding e Axial Coding (Category) e Axial Coding (Grouping) e Trajectory e Open Coding

Keeps doing the same
thing when stuck

Following the error batch 7 - Targeted diagnosi... pandas-dev_pandas-53073_0 | steps 15-20 - apply direct... }

Applying local fix ]—ﬂ batch 9 - Defensive fallbac... }% dask_dask-8820_8 | steps 21-24 - introduce ad-... }

Edits that break others batch 9 - Iterative local d... Project-MONAL_MONAI -5423_1 | steps 25-31- move accessor...}

+18 more +6 more

Figure 3 | An example of AutoTraceGT’s coding process. OpenCode annotates a raw trajectory with
conceptual open codes; AxialCode groups open codes across batches into categories and typed
relations; TheoreticalCode integrates the saturated codebook into a theoretical account. Every
code, category, and claim points back to its supporting evidence, making each step auditable.

Theoretical coding (global level). After saturation, the codebook stabilizes at K7, and the theoretical-
coding agent, TheoreticalCode : Codebook — CoreCategory x Narrative, produces (c*, N') where
¢* € Cr is the core category and N is a narrative account that arranges the remaining categories
around c* as conditions, contexts, strategies, and consequences. Crucially, this stage depends only on
Kr and the revision log Ly, introducing no new local evidence: it consolidates the global structure
produced by earlier agents while preserving unresolved tensions and ambiguous cases.

4. Experiments

In this section, we conduct a comprehensive evaluation of AutoTraceGT on multiple agent trajectory
datasets, primarily to answer the following two research questions:

* RQ1 - Process Reliability: Does AutoTraceGT instantiate grounded theory methodology faith-
fully and stably?

* RQ2 - Artifact Quality: Are AutoTraceGT outputs, including codebooks and theoretical accounts,
grounded, interpretable, and useful?

To answer these two research questions, we used two types of corpora (see details in Ap-
pendix A.2):

Trajectories with outcome labels. These corpora span three environments covering different task
and reasoning profiles: TAu-BENCH (Yao et al., 2024), Go-BrRowsE (Gandhi and Neubig, 2026),
and SWE-AGENT (Yang et al., 2024). From each environment, we sample 2,000 trajectories. Each
trajectory carries only an environment-provided outcome label (i.e., success or failure).

Trajectories with annotated failure reasoning. These corpora consist of agent trajectories from three
single-agent environments spanning diverse interaction patterns and reasoning demands: ALFWORLD,
GAIA, and WEBSHOP. Each trajectory is paired with expert annotations identifying failure types and
their causal reasoning (Zhu et al., 2025).

4.1. RQ1: Process Reliability

AutoTraceGT drives codebooks toward saturation. Figure 4 reports four diagnostics over nor-
malized coding progress: two on the operations Manage issues each round (a, b), and two on the
resulting state of the codebook (c, d). As coding progresses, ADD actions taper off while MERGE and
CONFIRM take over (a, b), as new patterns are increasingly absorbed into existing categories rather
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Figure 4 | Saturation diagnostics for AutoTraceGT. All four panels share an x-axis of normalized
coding progress: because different runs use different numbers of rounds, each run’s timeline is rescaled
to [0, 1] so that runs of varying lengths can be overlaid. (a) Per-round fraction of Manage actions that
are ADD. (b) Per-round fraction of Manage actions that are MERGE or cONFIRM. (c) Total number
of categories in the running codebook. (d) Cosine similarity between the running codebook and the
terminal saturated codebook. ADD tapers while MERGE/CONFIRM rise (a, b); the codebook stabilizes
in size (c) and content (d), thus indicating saturation.

than spawning new ones—the behavioral signature of theoretical saturation, where additional data
ceases to yield new categories (Saunders et al., 2018). This taper is also the algorithmic stopping
signal: AutoTraceGT terminates when a; < ¢ for consecutive rounds (Algorithm 1). The codebook
itself stabilizes accordingly: category count plateaus at a dataset-specific value and cosine similarity
to the terminal codebook approaches 1 (c, d).

Within-configuration replicate stability. We first test whether AutoTraceGT produces stable code-
books under repeated runs of the same configuration. For each dataset-model configuration, we
run AutoTraceGT three times on disjoint trajectory subsets and compare the resulting saturated
codebooks. Codebooks produced within the same configuration are significantly more similar than
codebooks produced across configurations (Mann-Whitney U, p < 1072%). Moreover, all configuration-
level means exceed a data-derived reproducibility threshold estimated from cross-configuration
comparisons (Figure 5a). Full construction and distributional statistics are reported in Appendix A.3.

Cross-LLM stability on the same dataset. We next test whether the induced codebooks reflect trajectory-
specific structure rather than backend-model priors. Holding the dataset fixed, we compare codebooks
produced by different backend LLMs and contrast them against null comparisons that break the
dataset correspondence. Across all datasets, cross-LLM coverage remains above the null baselines,
with permutation tests significant for every dataset (p < 0.001; Figure 5b). This suggests that
AutoTraceGT recovers dataset-specific behavioral structure that is stable across backend models.
Details of the null construction and permutation procedure are reported in Appendix A.3.

4.2. RQ2: Artifact Quality

We evaluate whether AutoTraceGT’s outputs are grounded, interpretable, and useful. This section
presents two complementary analyses: coverage against human failure annotations (Section 4.2.1),
and downstream failure detection (Section 4.2.2).

4.2.1. Do AutoTraceGT’s findings echo expert analyses of trajectories?

Coverage against Human Taxonomy We compare AutoTraceGT’s inductively derived codebook
against an independently constructed human taxonomy of agent failure modes from prior work,
which manually analyzed trajectories on three benchmarks (ALFWoRLD (Shridhar et al., 2021),
GAIA (Mialon et al., 2024), WEBSHoOP (Yao et al., 2022)), where domain experts inductively coded
~500 trajectories per benchmark to produce a closed list of failure types, denoted #, along with
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Figure 5 | (@) Pairwise coverage between final codebooks from replicate runs under the same dataset—
model configuration. (b) Cross-LLM coverage within each dataset compared against cross-dataset
and permutation-based null baselines. Full null statistics and permutation details are reported in
Appendix A.3.

per-trajectory free-text reasoning r; explaining the specific failure mechanism. We run AutoTraceGT
with GPT-5-mini on the same trajectories, producing codebook C. The comparison between C and H
measures how much two independent inductive analyses (one human, one computational) converge
on the same behavioral patterns. For each trajectory, we use GPT-5 as an LLM judge to determine
whether any candidate covers r; (see Appendix A.8 for details). We report the coverage precision and
recall between the two codebooks, and the fraction of trajectories whose human-written reasoning is
covered by C.

Table 1 reports mutual coverage across datasets. The codebook covers >70% of human failure
modes on all three datasets (peaking at 90.9% on WEBSHOP), and matches 58-88% of individual
trajectories’ reasonings.

Notably, the recall can exceed precision for H as the reference, indicating that AutoTraceGT
surfaces categories absent from the predefined human-induced taxonomy. These uncovered modes are
not random gaps but systematic limitations of pre-specified failure taxonomies. We identified one ex-
ample code per benchmark (full definitions in App. A.5) that was not covered by H. First, granularity:
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Dataset |[H| |C| Recall Precision Match
ALFWorLD 15 20 75.0 60.0 82.4
GAIA 11 17 73.7 63.2 58.0
WEBSHOP 10 13 90.9 88.9 87.9

Table 1 | Mutual coverage between the AutoTraceGT codebook and human failure annotations. |H |
/ |C|: human /AutoTraceGT codebook categories. Metrics are defined in Section 4.2.1.

ALFWOoRLD’s noncompliant inaction, in which the agent produces no admissible action when one is re-
quired, is distinguishable from human-authored invalid_action and impossible_action (both
of which presuppose an attempted action) only by the complete absence of action, a distinction that pre-
specified taxonomies often collapse. Second, cross-module structure: GAIA’s signaled-but-unrealized
shifts, in which the agent announces a pivot in plan that is never enacted, is a planning—execution
decoupling that no single cognitive-module label can express because the failure spans the boundary
between modules. Third, catch-all labeling: the generic inefficient plan label collapses WebShop’s
mode oscillation without synthesis, rapid toggling between paging and resets without feedback
integration, into a single bucket alongside distinct inefficiencies that call for different remediations.

Theoretical convergence with human-authored analyses. The theoretical coding stage of AutoTraceGT
produces a narrative account of failure that converges in substance with—while remaining comple-
mentary in framing to—the cascade-of-errors view articulated by the same prior work (Zhu et al.,
2025), which theorized that early errors propagate downstream as upstream cognitive modules distort
subsequent planning. Without access to their analysis, AutoTraceGT’s theoretical coding recovers
the same mechanism at the behavioral surface: across all three benchmarks, the core category names
an action stream that has stopped integrating environmental feedback, preserving and re-enacting
the original error (feedback-decoupled control on ALFWORLD, persistent repetition without adapta-
tion on GAIA, and ritualized non-diagnostic search on WEBSHOP). The two accounts identify the
same underlying phenomenon, an agent locked out of adaptive feedback integration, but frame it
at different levels of abstraction: prior work attributes the cascade to specific upstream cognitive
modules, whereas our action-grounded narrative specifies what this lockout looks like as observable
behavior, without positing internal modules. We read this level-complementarity as a strength: two
independent inductive analyses, working from the same trajectories but at different framings, arriving
at the same mechanism is exactly the cross-validation grounded theory aims for.

Theory GLM features B
T1 x Uses sweeping workaround. +4.10
SWE-AGENT v Builds minimal reproducer after reconnaissance. —-1.82
T2 v Clicks visible UI affordance. -2.59
Go-BrRowsE  x Clicks UI; closes without verification. +3.28
T3 v Executes after consent and reconciliation. -0.99
Tau-BENcH X Finds payment error late; escalates. +1.64

Table 2 | GLM support for T1-T3. //x: associated with success/failure.
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Tau-BENCH GoO-BROWSE SWE-AGENT
Model Method MCC ROCAUC| MCC ROCAUC| MCC ROCAUC
Few-shot 0.038 0.516 0.220 0.620 0.243 0.720
GPT-4.1-mini Few-shot Codebook Feature Engineering 0.245 0.656 0.325 0.738 0.274 0.712
’ AutoTraceGT-Codebook Feature Engineering’ 0.153 0.612 0.282 0.706 0.3147 0.7657
AutoTraceGT Complementary Feature Engineering’ | 0.227 0.656 03797 0.7737 | 03437 0.7807
Few-shot 0.061 0.550 0.358 0.679 0.351 0.804
GPTS Few-shot Codebook Feature Engineering 0.202 0.622 0.343 0.736 0.320 0.708
AutoTraceGT Codebook Feature Engineering” 0.120 0.596 04987 0.8077 0.326 0.769
AutoTraceGT Complementary Feature Engineering’ | 0.206 7 0.66917 | 0.4997 0.8287 | 0.3721 0.785
Few-shot 0.061 0.531 0.291 0.635 0.222 0.702
GPT-5-mini Few-shot Codebook Feature Engineering 0.257 0.663 0.370 0.749 0.272 0.724
AutoTraceGT Codebook Feature Engineering’ 0.151 0.624 03747 0.7517 | 03507 0.7707
AutoTraceGT Complementary Feature Engineering’ | 0.306 7 0.69917 | 0.4257 0.7887 | 0.3187 0.77217
Few-shot 0.028 0.516 0.239 0.609 0.262 0.713
GPT-0SS-120B Few-shot Codebook Feature Engineering 0.211 0.654 0.244 0.638 0.126 0.607
AutoTraceGT Codebook Feature Engineering” 0.190 0.615 0.3837 0.7557 | 0.2787 0.704
AutoTraceGT Complementary Feature Engineering’ | 0.289 17 0.6727 | 0.3907 0.744 1 0.240 0.726 7

Table 3 | MCC and ROC AUC on test sets. Codebook Feature Engineering = AutoML over codebook
annotations. bold T = exceed both baselines. © = benefits from adding the AutoTraceGT codebook.
See App. A.6 for details.

4.2.2. How does AutoTraceGT characterize agent behavior in successful and failed trajectories?

AutoTraceGT produces codebooks and derived theories that characterize agent trajectories. We use
them in two ways: to interpret behavioral patterns in trajectories, and to operationalize the patterns
for downstream failure detection.

Interpreting behavioral patterns in trajectories. Theoretical coding allows us to derive behavior-
level explanations of why trajectories succeed or fail. We illustrate this with one representative
theoretical finding from each benchmark.

In SWE-AGENT, we observe (T1) that successful trajectories tend to ground a proposed fix
in executable evidence before modifying the code. Concretely, they first construct or identify a
runnable reproducer, connect the observed failure to a specific code region, and then make a targeted
edit. Failed trajectories, by contrast, often act without this grounding: they rely on broad rewrites,
plausible but unchecked assumptions, or superficial tests that do not reproduce the original failure. In
Go-BrowseE, we find (T2) that clicking visible UI affordances is not inherently predictive of success
or failure. What separates resolved from failed trajectories is whether the agent inserts a substantive
verification step between the action and the closure that declares the task complete. In TAU-BENCH,
we highlight (T3) that successful trajectories resolve the relevant task state before taking irreversible
actions. In these trajectories, the agent aligns the user’s identity, retrieved records, constraints, and
payment status into a coherent action plan before execution. Failed trajectories often postpone this
alignment until after they have already committed to an action, which leads to inconsistent state
assumptions, failed execution, or escalation to a human handoff.

In addition to these narrative explanations, AutoTraceGT provides an exploratory quantitative
layer for triangulating the derived theories. We repurpose the codebook as a deductive feature
schema and construct two types of trajectory-level features. First, for each codebook category, we
define a presence feature indicating whether the trajectory contains concrete steps that instantiate
the category definition. Second, for each relationship empirically confirmed during axial coding, we
define co-occurrence indicating whether the related categories appear together in the same trajectory.
Each trajectory is therefore represented as a fixed-length binary vector consisting of presence and
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co-occurrence features defined by the codebook.

We use these vectors as predictors and the trajectory outcome as the dependent variable, with
failure coded as 1 and success coded as 0. We then fit an interpretive generalized linear model (GLM)
whose coefficients can be read alongside the qualitative theory, with positive/negative coefficients
indicating features associated with failure/success.

We use GPT-5-mini codebooks to annotate category presence and co-occurrence across all trajec-
tories from the three datasets, and fit the GLM described above (see Appendix 5 for fit diagnostics).
Table 2 further shows how the annotated features empirically support the derived theories. For exam-
ple, in Go-BrRowskE, clicking visible UI affordances alone is associated with successful trajectories
(B = —2.59), suggesting that UI clicking is not inherently a failure signal. However, clicking a Ul
affordance and then declaring completion without substantive verification substantially increases the
likelihood of failure (8 = +3.28). This contrast supports T2 derived from Go-BrRowsE: the decisive
behavioral pattern is not whether to click, but whether the agent verifies the task state before closure.

Codebook for deductive annotation supports failure detection. The preceding sections show that
AutoTraceGT artifacts characterize agent failures interpretively. We now examine whether the
artifacts can also support predictive use. Given only a partial trajectory, we ask whether a model can
use the behavioral signals encoded in the codebook to forecast eventual failure.

To test this, we use codebook annotations as features for failure classification (Li et al., 2026).
Following Section 4.2.2, each trajectory prefix is represented as a fixed-length vector of presence and
co-occurrence features over codebook categories. We feed this vector to FLAML (Wang et al., 2021)
AutoML to train a classifier. We compare four variants. The first uses the AutoTraceGT codebook.
The second uses a baseline codebook induced through few-shot prompting, where the prompt asks
the LLM to identify concrete behavioral categories from example trajectories. The third uses the
union of features from both codebooks. The fourth is a few-shot baseline in which an LLM directly
predicts failure without structured codebook features. For the three AutoML variants, we keep the
downstream annotation and modeling procedure identical, changing only the source of the codebook
features. Table 3 reports the MCC and ROC AUC to measure the performance of different approaches
on this imbalanced detection problem. The results show that the AutoTraceGT codebook provides
useful predictive signal, though not always as a standalone replacement for baselines. AutoTraceGT
features outperform all baselines on some datasets, while their combination with few-shot codebook
performs best on others, suggesting complementary high- and low-level behavioral signals.

5. Conclusion

We bring grounded theory as a scalable, inductive method for studying LLM agent behavior, and build
AutoTraceGT, a multi-agent pipeline that runs open, axial, and theoretical coding with an auditable
trail from trajectories to theory. On 7,500+ trajectories across six environments, AutoTraceGT
reaches saturation, yields codebooks reproducible stably, covers 74-91% of failure modes in human
taxonomies while surfacing patterns they miss, recovers prior expert accounts, and benefits both
interpretive and predictive analysis of trajectories. We scale up grounded theory analysis to thousands
of trajectories while preserving its grounding and interpretability, thus enabling richer behavioral
descriptions and supporting more human-centered agent evaluation.

Future work. Future work could explore richer saturation criteria that account for both the density
of examples within each category and the stability of relationships between categories. This would
make the algorithmic stopping rule more closely match the methodological idea of saturation. It
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is also worth exploring how AutoTraceGT can support downstream training and evaluation. For
example, they can be used to construct targeted training data, identify behaviors that should be
reinforced or discouraged, design behavior-aware evaluation metrics, and build process-level reward
signals (Mahmood et al., 2024; Setlur et al., 2025).
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formed by an LLM, so the resulting codebooks can inherit blind spots of the backbone model; our
cross-LLM stability results show the recovered structure is not dominated by any single backbone
but do not rule out biases shared across frontier models. Second, the evaluations against human
taxonomies and the downstream feature annotation rely on an LLM as judge, so absolute coverage
and prediction numbers are conditional on the judge’s reading. Third, AutoTraceGT issues many
LLM calls per trajectory and runs to saturation rather than a fixed budget, making it suitable for offline
corpus analysis rather than per-trajectory online use. Fourth, we instantiate one qualitative method-
ology (grounded theory) on one behavioral surface (single-agent trajectories with success/failure
outcomes) and on English-language trajectories from publicly available benchmarks; transfer to other
methodologies, multi-agent or dialogue surfaces, and other languages is left to future work. Finally,
the algorithmic stopping criterion operationalizes theoretical saturation but is not identical to the
methodological notion.

License and terms of use. All benchmark trajectories used in this work (ALFWoRLD, GAIA, WEB-
SHopP, TAU-BENCH, Go-BROWSE, and SWE-AGENT) are accessed under their original licenses
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of service; the open-weight GPT-OSS-120B is used under its released model license. All of these
benchmarks were released as agent-evaluation datasets, and we use them solely to analyze agent
behavior on the tasks they were designed for, which matches their intended research use.

Potential risks. We also note potential risks of this line of work. Because every coding stage is run
by an LLM, using the resulting codebooks to draw conclusions about agent populations can amplify
biases of the backbone model, so the discovered categories should be treated as hypotheses for human
review rather than ground truth about agent behavior. The framework is intended for offline analysis
of publicly released benchmark trajectories and does not involve private user data; applying it to logs
that contain user content would require separate consent and privacy review.
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Algorithm 2: Automated Grounded Theory for Agent Trajectories (detailed)
Input: Trajectory pool D = {(t;,s;)}Y ;, batch size B, sampling policy =, saturation threshold
€, stability window W
Output: Final codebook Kr, theoretical account (c¢*, N)
1 Initialize Diemain — D, Ko «— @, t « 0;

2 repeat

3 t—t+1;

4 X — 1 (Dremain, Ki—1, B) ; // theoretical sampling
5 Dremain < Dremain \ X

6 Ry «— @;

7 foreach trajectory (t,s) € X; do

8 Partition t into message chunks my, ..., my;

9 U@ ; // segment memo
10 fork=1,...,M, do

11 (codesy, i) < OpenCode(my, i);

12 L R; « R; U {(codesy, 1,s)};

13 A; «— AxialCode(R;) ; // categories + relations + memo
14 K; « Manage(K;-1,A;) ; // constant comparison
15 a; «— #{ADD actions in L; \ Ly_1} ; // new categories this round
16 untilt >W and aj <e¢, forallje {t-W+1,...,t};
17 T «t;

18 (c*, N) « TheoreticalCode(Kr);
19 return Ky, (c*, N);

A. Details of AutoTraceGT

A.1. Detailed algorithm with explicit state

Algorithm 1 in the main paper gives a compact view of the pipeline. Algorithm 2 below restates the
same procedure with explicit state: the remaining pool Dyemain, the per-round trajectory batch X;
and coded record set R,, the chunk-level partition (myj, ..., my,) of each trajectory and the segment
memo pu carried across chunks, the axial output A;, and the versioned codebook K; with revision
log L;. The set-builder form makes the data-flow between agents fully explicit and is the version we
implement.

A.2. Details of Corpora

Table 4 summarizes the two trajectory corpora used in our experiments: a failure-annotated corpus,
in which each trajectory carries expert-coded failure reasoning over three single-agent environments
(ALFWoRrLD, GAIA, WEBSHOP), and an outcome-labeled corpus, in which each trajectory carries
only a binary success/failure outcome over three environments spanning customer-service tool use
(Tau-BENCH), web browsing (Go-BrRowsE), and software engineering (SWE-AGENT).

A.3. Coverage Stability Analysis

Within-configuration replicate stability. We define a cell as a dataset-backend-model tuple. With
3 datasets (TAu-BENCH, Go-BRowsE, SWE-AGENT) and 4 backend models, this yields 12 cells.
For each cell, we run AutoTraceGT three times under a random sampling policy, producing three
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Dataset Domain Total trajectories #Successful #Failed
trajectories  trajectories

Failure-annotated (expert failure reasoning)

ALFWorLD Embodied household tasks 100 N/A 100
GAIA General assistant / web reasoning 50 N/A 50
WEBSHOP E-commerce web navigation 50 N/A 50
Outcome-labeled (success/failure only)

Tau-BENcH  Customer service / tool use 1980 1183 797
Go-BrRoOwsE  Web browsing 2000 728 1272
SWE-AGENT Software engineering 2000 167 1833

Table 4 | Trajectory corpora used in this work. #Successful / #Failed trajectories: counts by outcome
label.

saturated codebooks from disjoint trajectory subsets.

We compare two distributions of codebook-pair similarities. The in-cell distribution contains
pairs from replicate runs of the same cell. The cross-cell distribution contains pairs from different
cells, spanning different domains or different backend-model inductive biases. We use the cross-cell
distribution as a data-derived null for calibrating reproducibility, avoiding an arbitrary similarity
cutoff. Specifically, we use the 95th percentile of the cross-cell distribution as the high-reproducibility
threshold.

In-cell codebook pairs have median cosine similarity 0.929 and mean cosine similarity 0.923. The
594 cross-cell pairs have median 0.791, range 0.57-0.94, and 95th percentile 0.901. We therefore
adopt 0.901 as the data-derived high-reproducibility threshold. The in-cell and cross-cell distributions
differ significantly under a Mann-Whitney U test (p < 1072%), and all 12 cell means exceed the 0.901
threshold. Expanding the analysis along the sample-size axis to 20 dataset-model-sample-size groups,
all 20 group means remain above the same threshold.

Cross-LLM stability on the same dataset. To test whether AutoTraceGT extracts structure from the
trajectories rather than projecting backend-LLM priors onto them, we hold the dataset fixed and
compute pairwise coverage between codebooks produced by different backend LLMs. We compare
this observed cross-LLM coverage against three null distributions.

The first null is cross-dataset any-model, which pairs codebooks from different datasets with
arbitrary backend-model assignments. The second is cross-dataset same-model, which pairs codebooks
from different datasets while matching the backend model, thereby absorbing model-specific inductive
bias. The third is a dataset-label permutation null, which shuffles dataset labels across all codebooks
and recomputes the corresponding coverage statistic over 1,000 permutations.

As shown in Figure 5b, for every dataset, observed cross-LLM coverage lies above all three null
distributions. The permutation test yields p < 0.001 for each dataset. These results suggest that
cross-LLM agreement is not explained by shared model priors or generic codebook similarity, but by
dataset-specific behavioral structure extracted from the trajectories.

A.4. GLM Fit Diagnositic

Table 5 reports the model fit statistics and representative coefficients. The significant likelihood-ratio
test (p < 0.001) indicates that the codebook-derived features carry information for distinguishing
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Explanatory Distributional
Dataset N df Nagelkerke R (1) LR p (|) Pearson y2/df ~1
Tau-BENcH 170 36 0.618 <.001 1.809
Go-BROWSE 734 49 0.431 <.001 0.992
SWE-AGENT 396 68 0.483 <.001 1.037
Tau-BENcH 792 30 0.106 <.001 1.035

Table 5 | GLM fit diagnostics on max-balanced training subsets. Arrows indicate the preferred direction:
higher R?, lower LR p, and Pearson y?/df closer to 1.

Dataset Category Definition
ALFWorld noncompliant inaction Refusing to select any admissible action when an action
is required.
GAIA signaled-but-unrealized =~ Announcing a pivot or new plan that is not enacted in
shifts subsequent actions, leaving behavior unchanged.
WebShop mode oscillation without Rapidly toggling between paging and resets (or similar
synthesis moves) without integrating page feedback into a new
tactic.

Table 6 | Example emergent categories.

successful from failed trajectories, while the y2-based fit statistics provide an additional diagnostic
check on model fit.

A.5. Example emergent categories

Three emergent failure-mode categories that the open-coding codebook surfaced but the human
failure-mode taxonomy does not enumerate, one per dataset. Each is a behavioral pattern at the
agent’s decision / action level that the human taxonomy’s module x failure type schema cannot
express.

A.6. Reproducibility

The main-text results are produced with a batch size of B = 30 trajectories per round, an open-coding
chunk size of 50 messages, the GPT-series default temperature of 1 across all coding agents, an
ADD-rate saturation threshold of ¢ = 0.2 enforced over two consecutive rounds, and a disjoint uniform
random sampling policy over Dremain. During development, we varied each of these settings and found
the qualitative findings to be robust; what changes is primarily the rate at which saturation is reached.
Concretely, we tried B € {10, 20} and observed no meaningful difference in the saturated codebooks,
with smaller batches simply taking more rounds to converge. The chunk size of 50 is an engineering
choice driven by the backbone’s context-window budget rather than a methodological one: other
values produced no qualitative effect on the resulting codes provided the chunk plus the running
segment memo fit comfortably within the context window. Codebook quality was likewise insensitive
to temperature within the range we explored. For the saturation threshold, smaller values of ¢
produced systematically slower convergence without changing the qualitative shape of the saturated
codebook, while larger values terminated earlier at the cost of weaker saturation guarantees; we
adopted 0.2 as the smallest value that still terminated within a reasonable compute budget on all
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Dataset Method |C| Recall (%) Precision (%) Match (%)
AutoTraceGT 20 75.0 60.0 82.4
ALFWORLD - ¢, e pass 10 60.0 70.0 60.8
GAIA AutoTraceGT 17 73.7 63.2 58.0
Single pass 12 54.5 41.7 46.0
WEBSHOP AutoTraceGT 13 90.9 88.9 87.9
Single pass 10 63.6 70.0 78.8

Table 7 | Coverage of AutoTraceGT and a direct one-pass baseline. Both methods use gpt-5-mini
to construct the codebook and the same gpt-5 coverage judge.

datasets. Finally, we also experimented with different sampling policies, such as stratified sampling
policies along semantic clustering centers, and sampling weights proportional to distance to sampled
trajectories, and these can accelerate convergence on some datasets but do not yield consistent gains
across different datasets, so we report the simpler random policy for comparability.

A.7. Additional Validation and Ablations

One-pass coverage baseline. To isolate the effect of iterative coding, we compare AutoTraceGT
with a direct one-pass baseline using the same gpt-5-mini backbone. The baseline codes as many
trajectories as fit within one context window and returns the same codebook schema as AutoTraceGT.
We evaluate both codebooks against the human taxonomy with the same gpt-5 judge and the Recall,
Precision, and Match metrics defined in Section 4.2.1. Table 7 shows that AutoTraceGT achieves
higher Recall and Match on all three datasets. This result supports a practical benefit of iteration
under the tested setup, but does not cover all possible one-pass procedures.

Human validation of the coverage judge. We sample 100 human-failure-mode/codebook-category
pairs, balanced across judge-labeled matches and non-matches. Two graduate students with AI/ML
backgrounds independently label each pair as a match or non-match using only the two category
definitions, without access to the LLM judge’s decision or rationale. Table 8 reports inter-annotator
and annotator-judge agreement. The annotators attain Cohen’s k¥ = 0.74 (87% raw agreement); their
respective agreement with the judge is « = 0.66 and 0.76.

Disagreements are asymmetric. Annotators A and B relabel 13 and 9 judge-labeled non-matches
as matches, respectively, but only 4 and 3 judge-labeled matches as non-matches. Among the 87 pairs
on which the annotators agree, they reverse seven judge-labeled non-matches and one judge-labeled

match. On this sample, the judge is therefore more conservative than permissive relative to the human
labels.

Human audit of unmatched categories. The same two annotators independently review all 17
AutoTraceGT categories unmatched to the human taxonomy. Using each category’s definition,
trajectory excerpts, surrounding context, and coding memos, they label each category as a valid
failure-related behavior, a valid but failure-neutral behavior, or a spurious category. Both annotators
judge all 17 categories to be valid, with complete agreement on the valid-versus-spurious decision.
Fourteen categories are unanimously labeled as failure-related; the remaining three capture valid
behaviors correlated with failure but are not themselves failure modes. Table 9 gives the per-dataset
results.
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(A) Inter-annotator and annotator-judge agreement

Dataset n  Annotator-annotator = Annotator-judge

K Agreement (%) & (A) x (B)
ALFWORLD 36 0.70 86 0.51 0.67
GAIA 28 0.64 82 0.71 0.79
WEBSHOP 36 0.83 92 0.78 0.83
Overall 100 0.74 87 0.66 0.76

(B) Direction of annotator-judge disagreements

Comparison Human match / judge non-match Human non-match / judge match
Annotator A 13 4
Annotator B 9 3
Both annotators agree (n = 87) 7 1

Table 8 | Human validation of the LLM coverage judge on 100 category pairs. Panel A reports Cohen’s
k and raw agreement; Panel B gives the direction of disagreements.

Dataset Total Valid failure (A / B) Valid neutral (A / B) Spurious
ALFWORLD 7 6/5 1/2 0
GAIA 8 7/8 1/0 0
WEBSHOP 2 2/2 0/0 0

Table 9 | Human audit of all 17 AutoTraceGT categories unmatched to the human taxonomy. A and
B denote the two annotators.

Saturation and sampling robustness. Merge-first instruction. We test whether the merge-first instruction
mechanically suppresses ADD by rerunning the downstream stages on SWE-AGENTwith gpt-5-mini.
The modified prompt places equal burden on ApD and MERGE; all other settings remain fixed, and
early stopping is disabled. The mean ADD rate changes from 0.125 to 0.129, and the run still satisfies
the ¢ = 0.20 stopping criterion. The resulting codebook contains 26 rather than 20 categories and
has cosine similarity 0.957 to the original, above both the 0.923 reseed reference and the 0.791
unrelated-codebook baseline.

Stopping threshold. Across the 12 canonical SWE-AGENTruns, the median terminal ADD rate is 0.056;
9 of 12 runs terminate below 0.10, and the maximum is 0.167. Tightening the threshold to 0.10
requires gpt-4.1-mini to process an average of 7.0 additional batches before convergence. The
similarity curve in Figure 4 approaches 1 by construction because it is measured against the terminal
codebook. We therefore interpret the trajectory, rather than its endpoint, as evidence of gradual
stabilization.

Sampling policy. On SWE-AGENT, we compare uniform random sampling, stratified sampling by
semantic clusters, weighted sampling of representative instances within clusters, and codebook-
conditioned sampling. We use three seeds for each policy. No policy consistently dominates. Uniform
random sampling reaches saturation in the fewest batches while producing codebooks of comparable
final size. Codebook-conditioned sampling attains approximately 0.99 Chaol coverage and produces
fewer low-frequency categories, but converges more slowly. We therefore retain uniform random
sampling as a simple and competitive default.
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Comparison Mean cosine similarity

Different prompts 0.932
Same prompt,

different trajectory orders 0.929
Cross-dataset null 0.777
Paper Q2 reseed reference 0.923

Table 10 | Prompt-sensitivity ablation on ALFWorLDwith gpt-5-mini. Similarity uses the codebook-
centroid metric with text-embedding-3-large.

TAUu-BENCH SWE-AGENT Go-BROWSE
Feature MCC ROCAUC MCC ROCAUC MCC ROCAUC
Semantic clustering (K =10) 0.268 0.687 0.305 0.767 0.180 0.620

Table 11 | Semantic-clustering baseline with the downstream classifier held fixed. Cluster membership
is supplied to the same AutoML pipeline used for the codebook features.

Cross-family ablation. The four principal coding backbones belong to the GPT family. Agreement
among them therefore tests within-family stability but cannot exclude shared family-level or frontier-
model biases. We run a cross-family ablation on SWE-AGENTwith Gemini-3-Flash. The runs converge
after a median of four batches, with a mean per-run App rate of 0.15 and a median final codebook
size of 11 categories. This ablation extends the evidence beyond the GPT family, but one model on
one dataset cannot establish broad cross-family robustness.

Prompt-sensitivity ablation. We vary only the open-coding system prompt for gpt—-5-mini on
ALFWoRrLD. VO is the main-experiment prompt, V1 reorders and rephrases the instructions and
changes the worked examples, and V2 is a shorter rewrite. We run each variant with two trajectory
orders. All six runs reach saturation after four codebook versions and produce 16-20 categories.
Table 10 shows that across-prompt similarity is comparable to the variation induced by trajectory
order and exceeds both the 0.901 high-reproducibility threshold and the cross-dataset null.

Semantic-clustering baseline. To hold the downstream classifier fixed, we embed each trajectory
prefix with text-embedding-3-large, apply K-means clustering with K = 10, and encode cluster
membership as a one-hot feature vector. We then train the same AutoML pipeline with the same splits
and labels. Table 11 reports MCC and ROC AUC. Semantic clustering outperforms the gpt-5-mini
AutoTraceGT features only on TAu-BENCH, underperforms them on SWE-AGENTand Go-BROWSE,
and does not outperform the complementary feature set on any dataset.

Computational cost. OpenAl Batch records provide open-coding usage for the OpenAl-hosted models,
including hidden reasoning tokens. Complete usage records are unavailable for the downstream
axial-coding, codebook-management, and theoretical-coding stages, so we reconstruct their token
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(A) Open-coding cost and tokens per trajectory
Dataset gpt-4.1-mini gpt-5-mini gpt-5 gpt-oss-120b
TAU-BENCH $0.0019 (6k) $0.0047 (9k) $0.0314 (11k) ~ 9k tokens*
SWE-AGeENT $0.0043 (17k) $0.0067 (21k) $0.0399 (22k)  ~ 17k tokens*
Go-Browse  $0.0042 (19k) $0.0054 (22k) $0.0305 (22k)  ~ 19k tokens*
(B) Cost of one complete gpt-5-mini codebook
Dataset Batches Open-coding calls Open-coding cost Other-stage cost Total cost
TAU-BENCH 3 91 $0.42 $0.32 $0.74
SWE-AGENT 6 274 $1.21 $0.70 $1.91
GOo-BROWSE 4 120 $0.65 $0.43 $1.08

Table 12 | Computational cost of AutoTraceGT. Parenthesized values in Panel A are token counts
per trajectory. *Token counts are estimated from call inputs because complete usage records are
unavailable. Other-stage costs in Panel B are reconstructed from the artifacts read by each call.

counts from the artifacts read by each call and mark them as estimates. Table 12 reports open-coding
cost per trajectory and the total cost of producing one gpt-5-mini codebook.

Across the OpenAl-hosted models, open coding costs less than $0.04 per trajectory in every setting
and usually less than $0.01. A complete gpt-5-mini codebook costs $0.74-$1.91 across the three
datasets. For scale, eight minutes of human coding per trajectory at $25 per hour would cost $3.33
per trajectory. This estimate depends on the assumed annotation time and labor rate and does not
represent a universal human-coding cost.

Code-manager audit trail. Table 13 tracesedit application errors acrossten SWE-AGENTcodebook
versions produced with gpt-5-mini. Version 1 adds the category with 9 supporting members. Two

later versions extend its definition, and ten proposals are merged into it as near-duplicates or lower-

level subpatterns. By version 10, the category contains 84 supporting members. The trace shows how

the code manager consolidates related proposals while preserving each revision’s recorded action

and rationale.

Implementation of failure prediction For the downstream failure-prediction experiments in Sec-
tion 4.2.2, we set up the task as forecasting eventual failure from a partially observed trajectory and
take care to prevent label leakage at every stage. We first split each corpus into disjoint training and
test trajectories at the trajectory level, induce the codebook (both AutoTraceGT-induced and the
few-shot baseline) on the training split only, and never expose the test trajectories to any coding
agent. At annotation time, every trajectory—training and test alike—is uniformly truncated to its
first 50% of steps before the LLM annotator is asked to flag the presence of each codebook category
and the co-occurrence of each axial-coding relationship; the same prefix-only view is used to fit the
FLAML classifier on the training split and to evaluate it on the test split. Outcome labels are used
only as the supervision target for the classifier and are never visible to either the coding agents or the
annotation agent. This protocol ensures that the predictive signal reported in Table 3 comes from
behavioral patterns observable in the first half of a trajectory rather than from any portion of the
trajectory that overlaps with the outcome.
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Version Members Code-manager action

Justification from the update log

vl 9 ADD edit application Failures in which an edit is rejected or im-
errors mediately breaks the code, including syntax,
indentation, linting, and wrong-file errors.
v2 15 Definition extended; MERGE Wrong-file and wrong-scope edits are already
«— misapplied edits covered; the proposal and existing category
have no clear behavioral distinction (Tests 1
and 2).
v4 40 Definition extended; Speculative or misdirected edits produce the
MERGE « same misapplication or syntax-failure mecha-
misdirected-or- nism.
speculative-editing
MERGE « syntax-and- Short syntax-recovery cycles are lower-level
edit-recovery subpatterns rather than distinct categories.
v5 47 MERGE <« misapplied The proposal describes the same mechanism:
edits and corruption  wrong-file, wrong-scope, or syntactically cor-
rupting edits (Test 1).
v6 55 MERGE « fragile edit  Brittle or failed edits, including duplication,
outcomes overwriting, and syntax damage, are instances
of the existing category (Test 1).
v7 64 MERGE « syntax/error  The proposal describes syntax or runtime er-
introduction rors caused by edits and is already covered by
the existing category (Test 1).
MERGE « misapplied This proposal describes the same edit-induced
edits failure mechanism and is likewise covered by
the existing category (Test 1).
v9 77 MERGE « editing/tool  Mechanical or tool-mediated editing mistakes
misuse errors that immediately damage the code fall under
the same failure mechanism (Test 1).
v10 84 MERGE « editing Wrong-file edits and duplicate insertions are

mistakes and
duplication

MERGE ¢
syntax-breaking edits

concrete instances or well-represented sub-
types of the existing category (Test 1).
Syntax-breaking changes are also concrete in-
stances of the existing category (Test 1).

Table 13 | Evolution of edit application errors across ten codebook versions. Versions with
multiple merge proposals span multiple rows; each row preserves the recorded code-manager action
and justification.
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A.8. Prompts used for LLM-as-a-Judge in Coverage Analysis

You are deciding whether two failure-mode descriptions (A and B) refer to the
— same underlying agent failure.

A and B are symmetric: either could be a codebook category, an annotation taxon,
— or an analyst note - there is no reference side.

Mark match=true when A and B name the same specific agent move,
INCLUDING:

- one description is the general behavioral pattern and the other is a
concrete instance squarely under that pattern, in EITHER direction. The
abstraction relationship is valid only when the abstract side, read on its
own, would predict THIS specific mechanism - not when it is equally
compatible with several unrelated mechanisms.

roriid

- both describe the same agent move expressed in different vocabulary or
— framed at slightly different granularity (e.g. naming the immediate
— sub-step vs the broader process around it).

- one is positively framed (the missing behavior) and the other is negatively
— framed (the failure outcome of that same behavior), but both point at the
— same underlying move.

- the descriptions agree on the core agent action / inaction and on why that
— action / inaction is the failure.

Mark match=false when A and B describe distinct underlying mechanisms. The test
— is: would a fix that addresses A's mechanism also address B's? If not, they
— are different mechanisms. Surface-level overlap (shared tool, outcome, or
— keyword) is not enough on its own.

Two descriptions name different mechanisms when they disagree about WHICH

— agent-side move, decision, or cognitive posture is the cause of failure -
— when the locus of failure in the agent's loop, or the character of the
failed move, is genuinely different in A and B.

{

Also mark match=false when one description is a broad umbrella covering many

— distinct mechanisms and the other is just one of those mechanisms. An
umbrella is not the same as an abstraction. An abstraction predicts the
specific instance; an umbrella merely includes it alongside other, unrelated
cases. Self-check: if you can readily think of several distinct mechanisms
that would fit equally well under the broader side, it is an umbrella --
match=false.

rorriri

When A and B point at the same specific agent move (possibly at different

— abstraction levels), prefer match=true. Sharing a broad task family, domain,
— or co-occurring failure tendency is not enough on its own -only same move

— counts.

A: {a}
B: {b}




AutoTraceGT 26

Reply with exactly one JSON object: {{"match": truel|false, "rationale": "<omne
— short sentence naming the shared mechanism if match=true, or the divergence
— if match=false>"}}

nnn

Main prompts used to build AutoTraceGT Here are the main prompts used for OpenCode, AxialCode,
and TheoreticalCode agents.

You are a qualitative researcher performing open coding on behavioral logs. Your
— goal is to identify and name behavioral patterns -- not to describe what
— happened, and not to diagnose why it happened.
## THE CORE DISTINCTION
A code is not a description of what happened. A code is a conceptual label for
— the behavioral quality of what happened. Ask yourself: what is this sequence
— of actions AN INSTANCE OF?

Not: "what did the system do?"

But: "what KIND OF behavior is this?"

Examples of the distinction:
What happened -> "system requests the same directory three times"

Bad code -> "requests directory listing repeatedly" [describes the
— action]
Good code -> "re-examines same ground without advancing" [names the

— behavior]

What happened -> "system tries approach A, fails, tries approach A again"
Bad code -> "retries failed action" [describes the action]
Good code -> "persists without adjusting strategy" [names the behavior]

If your code could serve as a caption for the log excerpt, it is too
— descriptive. A good code could appear in a taxonomy of behavioral patterns
— across many different kinds of systems, not just this one.

## CHUNKING

Read the full log before doing anything. Then segment it into chunks and code
— each chunk.

A chunk is a sequence of steps that form a coherent behavioral episode. You

— decide the boundaries. A chunk can be 1 step or many steps.

Draw the boundary where the behavioral quality changes -- not where the step
— type changes, not at every request-response pair.

If several consecutive steps are all instances of the same behavioral pattern,
— they belong in one chunk, even if they look structurally different.

## FOR EACH CHUNK, PRODUCE:
STEPS -- which step numbers belong to this chunk (e.g., "4-7"). Use the
— original step numbers from the log.
QUOTE -- the most telling fragment, copied verbatim from the log. Maximum 3
— lines. Choose the fragment that best justifies your code —-- not
— necessarily the first or last line.
CODE  -- a conceptual label of 2-5 words in verb + noun format.
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* Use the pattern: verb + noun (e.g., "abandon partial fix", "repeat
— failed approach", "narrow diagnostic scope")

* Must name a behavioral quality, not an action type

* Must be grounded in this specific log -- not imported from prior

— knowledge about how AI systems fail
* If this code could have been written before reading this log, it
— 1s not grounded. Rewrite it.
* Forbidden vocabulary: "hallucination", "context window", "tool
— call", "token", "prompt", "LLM", "model", "agent", or any AI/ML
— technical term
MEMO -- 2-4 sentences of analytic thinking.
* Why did you draw the boundary here?
* Why is this code the right conceptual label?
* What is uncertain or ambiguous?
* What would change your interpretation?

## CONSTRAINTS
* QUOTE and CODE capture what happened and what kind of thing it is. MEMO is
— where you may speculate about causes or meaning.

* Do not code the final status. It is the outcome. Code the process that
— produced it.

* Do not produce codes that merely name the step type: '"calls a tool", "produces
— output", "requests listing" are not codes.

* If prior context is provided, use it only for continuity. If a behavior
— clearly continues from before, note it in the memo.

## OUTPUT FORMAT
Return exactly the structure below. Do not add any text before ===CODES=== or
— after ===END===.

===C0DES===

[{
"steps": "<start>-<end>",
"quote": "<verbatim fragment>",
"code": "<2-5 word conceptual label>",
"memo": "<2-4 sentences>"

3]

===SKIPPED===

<one line listing skipped step numbers and a brief reason, or "none">
===SEGMENT_MEM0O===

<3-4 sentences of plain prose. The arc of this segment: its shape, turning

— point, and how it connects to or breaks from what preceded it. Write it for
— the next reader. Do not summarize the codes.>

===END===

You are a qualitative researcher performing axial coding. You have received open
— coding results from multiple behavioral logs. Your job is not to produce

— more codes.

Your job is to find the structure that connects the codes that already exist.




AutoTraceGT 28

## WHAT AXTAL CODING IS

Open coding broke the logs into labeled episodes. Axial coding asks: what do
— these labels have in common, and how do they relate?
You are looking for two things:

1. CATEGORIES

A category is an abstract concept that names what several codes are all
— 1instances of. Example:
codes: "orients by scanning", "orients by repository anatomy", "maps
— workspace before acting"
category: "initial spatial orientation"
These codes are all instances of the same behavioral pattern, appearing at
— different trajectories' beginnings.

A category is not just a grouping label. It should be specific enough to
— distinguish itself from other categories, and abstract enough to apply
— beyond any single trajectory.

2. RELATIONSHIPS BETWEEN CATEGORIES

Once you have categories, ask: how do they connect? What conditions produce a
— category? What does a category lead to? Does one category modify or
interrupt another? You are not required to use a fixed framework. Let the
relationships emerge from the data. But for each relationship you claim,
you must show it in the codes.

r1vid

## WHAT YOU ARE NOT DOING

* Do not rename or re-code individual episodes. Work with the codes as given. If
— a code is ambiguous, note it in a memo.

* Do not impose a structure you decided before reading. If the codes do not

— support a relationship, do not claim it.

* Do not produce a category for every code. Some codes may be outliers,

— one-offs, or not yet theoretically developed. Name these explicitly as

— UNDERDEVELOPED rather than forcing them into a category.

* Do not treat co-occurrence as causation. "These two codes often appear

— together" is an observation. Claim a causal relationship only when the memos
— support it.

## INSTRUCTIONS

Read all the open coding results below before doing anything. Pay attention to:
— codes, memos, and segment memos. The memos often contain the reasoning that
— justifies grouping decisions.
Then produce:
1. CATEGORIES -- each with:

* A name (2-6 words, conceptual not descriptive)
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* A definition (what behavioral quality does this category capture?)

* The member codes from the input, with their trajectory IDs

* status_distribution: whether the category appears in failed only, resolved
— only, or both

* status_differentiation: if the category appears in both, describe how the
— behavioral quality differs between failed and resolved instances. This is
— not about whether the category appears -- it is about whether what it

— looks like differs. If no difference is visible, write "none observed".

* A category memo: what makes these codes instances of the same thing? What
— varies across instances? What is invariant?

2. RELATIONSHIPS -- each with:
* The two (or more) categories involved
* The nature of the relationship (one or two sentences)
* Evidence: which specific codes / memos support this claim?

3. UNDERDEVELOPED CODES -- codes that do not yet fit any category, with a brief
— note on why and what additional data might develop them.

4. AXTAL MEMO -- your overall analytic reading of this batch.
What structure is beginning to emerge? What is still unclear or contested?
— What would the next batch of data need to show to develop the theory?

## CONSTRAINTS

* Every category must be grounded: list the member codes by trajectory ID. A

— category with only one member is allowed but must be flagged as thin.

* Every relationship must cite evidence from the codes or memos. Do not claim

— relationships from general knowledge about how systems fail.

* Forbidden vocabulary in category names and relationship descriptions:

— "hallucination", "context window", "token", "prompt", "LLM", "model",
"agent", or any AI/ML technical term.

* The status field (failed/resolved) is available to you. Use

— status_distribution to record where each category appears. Use

— status_differentiation to record how it behaves differently across statuses.

— Do not treat status as an explanation -- treat it as a pattern to explain.

## OUTPUT FORMAT

Return exactly the structure below. Do not add any text before ===CATEGORIES===
— or after ===END===.

===CATEGORIES===

L

{
"category_name": "<2-6 word conceptual label>",
"definition": "<one sentence: what behavioral quality does this capture?>",
"member_codes": [ {"trajectory_id": "<instance_id>", "code": "<exact code
— from input>"} 1],
"status_distribution": "<failed only | resolved only | both>",
"status_differentiation": "<if both: how does the behavioral quality differ

— between failed and resolved instances? If not both: n/a>",
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"thin": <true if only one member, false otherwise>,
"category_memo": "<3-5 sentences: what is invariant across members, what
— varies, what is uncertain>"

3
]
===RELATIONSHIPS===
[
{
"categories": ["<category A>", "<category B>"],
"relationship": "<1-2 sentences describing the nature of the connection>",
"evidence": "<which specific codes or memo passages support this?>"
b
]
===UNDERDEVELOPED===
L
{
"trajectory_id": "<instance_id>",
"code": "<exact code>",
"note": "<why it does not fit any category, what data would develop it>"
}
]
===AXIAL_MEMO===

<4-6 sentences. What structure is emerging? What is contested or unclear? What
— would the next batch need to show?>
===FEND===

You are a qualitative researcher performing selective coding. This is the final
— stage of a grounded theory analysis.

You have received a mature codebook and the update log that records how the

— theory evolved across batches.

Your job is to produce a theoretical account of why these trajectories fail —-
— not a summary of what was found, but an explanation that could not have been
— written before the analysis.

## WHAT SELECTIVE CODING IS
Selective coding does three things:
1. IDENTIFY THE CORE CATEGORY

One category, or a new concept that subsumes several, that sits at the center
— of the phenomenon. The core category should:

Have the most connections to other categories

Appear across the widest range of trajectories

Be abstract enough to anchor a theoretical statement

Explain not just what happens but what governs whether a trajectory
— succeeds or fails

* % ¥ ¥
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The core category may be an existing codebook category, or it may be a new
— concept that names something the existing categories collectively point
— toward but do not individually capture.

2. INTEGRATE THE OTHER CATEGORIES
Show how every other category relates to the core -- as a precondition, a
— consequence, a modifier, or an interruption. Not all categories will have
— equal weight. Some will be central; others will be peripheral or
— conditional.
For each category, state:
x Its role relative to the core (precondition / consequence / modifier /
— interrupter / alternative path)
* Whether it appears in failed trajectories, resolved trajectories, or both
— -- and what that distribution means theoretically
3. WRITE THE THEORETICAL NARRATIVE
A prose account of the failure mechanism. This is not a list of findings. It
— 1s an argument: given what this data shows, here is what determines
— whether a trajectory succeeds or fails, and why.

The narrative should be falsifiable in principle -- it should make claims
— specific enough that a new trajectory could contradict them.

## WHAT YOU ARE NOT DOING
* Do not summarize the codebook category by category.
* Do not list findings. Argue from them.

* Do not use the final execution status as an explanation.
Status is what you are trying to explain, not the explanation itself.

* Do not introduce concepts not grounded in the codebook or update log.

* Do not produce a core category that is just the most frequent category.
— Frequency is not theoretical centrality.

## INSTRUCTIONS

Read the full codebook and update log before doing anything. Pay attention to:
* Which categories are failed only vs both

* Which relationships have the highest batch_confirmed count

* Which open questions were never resolved

* How categories were merged, split, or flagged across batches —-
this evolution often reveals where the theory is most alive

Then produce:
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1. CORE CATEGORY -- name, definition, and a justification for why this is the
— center of the phenomenon rather than another category

2. CATEGORY INTEGRATION -- for each codebook category, its role relative to the
— core and what its status distribution means

3. THEORETICAL NARRATIVE -- 6-10 sentences of prose that states the theory.
— Write it so that someone who has not seen the data could understand the

— failure mechanism and use it to generate predictions about new trajectories.

4. UNRESOLVED TENSIONS -- open questions or contradictions in the codebook that
— the theory cannot yet account for. These are not failures of the analysis;
— they are its honest boundaries.

## CONSTRAINTS

* The core category must be justified by its connections, not its frequency.
— Show which relationships make it central.

* Every claim in the theoretical narrative must be traceable to at least ome
— codebook category or relationship.

* Forbidden vocabulary: "hallucination", "context window", "token",
"prompt", "LLM", "model", "agent", or any AI/ML technical term.

* The narrative must name the failure mechanism, not just describe the failure
— pattern.

## OUTPUT FORMAT

Return exactly the structure below.

Do not add any text before ===CORE_CATEGORY=== or after ===END===.
===C0RE_CATEGORY===

{

"name": "<2-6 words>",
"definition": "<one sentence: what does this concept capture that no single
— existing category captures alone?>",
"justification": "<3-5 sentences: why is this the center? Which relationships

— converge on it? What does it explain that other candidates cannot?>"

b
===CATEGORY_INTEGRATION===

[{
"category_name": "<existing codebook category name>",
"role": "<precondition | consequence | modifier | interrupter | alternative
— path>",
"relation_to_core": "<1-2 sentences>",
"status_significance": "<what does its status distribution mean
— theoretically?>"
3]

===THEORETICAL_NARRATIVE===

<6-10 sentences of plain prose. State the failure mechanism as a theory. Make
— claims specific enough to be contradicted by new data. Do not use lists or
— headers inside this section.>

===UNRESOLVED_TENSIONS===
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["<one sentence per unresolved question or contradiction>"]
===FEND===
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