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Abstract—Large language models (LLMs) are increasingly
integrated into autonomous systems, giving rise to a new class
of software known as Agentware, where LLM-powered agents
perform complex, open-ended tasks in domains such as software
engineering, customer service, and data analysis. However, their
high autonomy and opaque reasoning processes pose significant
challenges for traditional software observability methods. To
address this, we introduce the concept of cognitive observability—
the ability to recover and inspect the implicit reasoning behind
agent decisions. We present Watson, a general-purpose frame-
work for observing the reasoning processes of fast-thinking LLM
agents without altering their behavior. Watson retroactively
infers reasoning traces using prompt attribution techniques. We
evaluate Watson in both manual debugging and automated
correction scenarios across the MMLU benchmark and the
AutoCodeRover and OpenHands agents on the SWE-bench-lite
dataset. In both static and dynamic settings, Watson surfaces
actionable reasoning insights and supports targeted interventions,
demonstrating its practical utility for improving transparency
and reliability in Agentware systems.

Index Terms—Observability, Foundation models, Large Lan-
guage Models, AIware, FMware

I. INTRODUCTION

Agentic software powered by large language models
(LLMs) [6, 23, 36] (i.e., Agentware [19]) is increasingly being
adopted across a variety of domains such as autonomous
software engineering [26, 51], customer support [18], and
data analytics [17]. Unlike traditional software systems, Agent-
ware operates with high autonomy, making decisions through
opaque and implicit reasoning processes executed by the
underlying LLMs. While this enables greater flexibility and
task generalization, it also introduces new challenges in ob-
servability, as developers can no longer rely on code-level
traceability to understand or debug system behavior [20,
49]. As a result, ensuring the reliability, explainability, and
controllability of such systems requires fundamentally new ap-
proaches to observing and interpreting their internal decision-
making processes.

Traditional observability approaches such as logging, trac-
ing, and performance monitoring are effective for deterministic
software because developers can instrument code to trace
execution and diagnose issues [11, 31, 41]. However, these
techniques fall short in the context of Agentware, where be-
havior is driven by non-deterministic prompt-based reasoning
inside LLMs. As these models tend to not expose their internal
decision paths, developers are often left without insight into

why an agent chose a particular action or produced a specific
output. To address this gap, we propose a new concept called
cognitive observability, which extends observability beyond
system performance to capture higher-level signals about an
agent’s behavior and decision-making. Prior work has begun
to explore aspects such as semantic feedback and output
integrity, but the most underdeveloped dimension remains an
agent’s reasoning trace—the implicit steps it takes to reach
a conclusion. Our work emphasizes this dimension, showing
how surfacing reasoning traces provides critical support for
debugging, auditing, and systematically improving Agentware
in dynamic, multi-agent, and safety-critical settings.

Building on prior work that has examined semantic feedback
and output integrity [11], we position our contribution within a
broader taxonomy of cognitive observability, which we define
as encompassing these existing dimensions together with the
underexplored notion of reasoning trace. Our emphasis is
on this latter dimension: recovering the implicit steps an
agent takes to reach its conclusions. To this end, we design
and implement Watson, a general-purpose framework for
observing the reasoning processes of fast-thinking LLM agents
without modifying their behavior. We evaluate Watson in both
manual debugging and automatic correction scenarios across
the Massive Multitask Language Understanding (MMLU) [22]
benchmark and the AutoCodeRover [51] and OpenHands [44]
agents on the SWE-bench-lite [5] benchmark. In both static
and dynamic task settings, reasoning traces generated by
Watson surface actionable insights and enable targeted in-
terventions, demonstrating its utility both as a manual and an
automated observability tool for LLM-powered systems.

The remainder of the paper is structured as follows: Sec-
tion II discusses observability for Agentware. Section III
introduces Watson, our proposed framework. Section IV
provides a case study on applying Watson to agentic systems
to demonstrate its practical applicability. Section V discusses
the practical applications and limitations of Watson and the
threats to our study. Finally, Section VI concludes the paper.

II. OBSERVABILITY FOR AGENTWARE

In this section, we discuss key forms of observability
relevant to Agentware, including operational and cognitive
observability, and introduce the challenge of recovering rea-
soning traces in fast-thinking agents.
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A. Operational Observability

Traditional observability in software systems, rooted in
metrics, logs, and traces, has long served to ensure system
reliability, diagnose failures, and track performance regres-
sions [31]. This paradigm has extended to Agentware, where
operational observability focuses on surface-level telemetry
such as token usage, latency, and system call outcomes [11].
In agent systems that coordinate multiple model inferences
and interact with external components, such observability
remains essential for debugging low-level failures and ensur-
ing workflow stability. Several industry and research efforts
have contributed observability tooling specifically tailored to
Agentware pipelines [2, 13, 21, 29, 30, 35, 39, 43, 47], offering
visibility into system bottlenecks and usage patterns.

However, while operational observability can highlight
where and when a failure occurs, it provides little insight into
why an LLM-powered agent produced a particular response,
especially when that response reflects reasoning errors, subtle
misunderstandings, or emergent behaviors not grounded in
explicit logic. In such cases, simple input-output traces are
insufficient for understanding the underlying cognitive pro-
cesses of LLM-based agents. This gap motivates the need for
cognitive observability, a complementary layer of observability
that seeks to expose the internal reasoning and decision-
making dynamics of agents rather than just their surface
behaviors.

B. Cognitive observability

Where operational observability focuses on system perfor-
mance and resource usage, we propose the notion of cognitive
observability to capture higher-level aspects of an agent’s be-
havior and decision-making that are often not reflected in tra-
ditional telemetry. Under this umbrella, cognitive observability
can draw on a variety of signals that shed light on how an agent
processes information, generates outputs, and its performance
is evaluated. Some of these ideas have already been explored
in prior work [11]. For example, semantic feedback, which
captures explicit, implicit, and freeform user reactions (e.g.,
ratings, textual feedback, or usage patterns) [16, 37], and
output integrity, which analyzes the agent’s outputs to assess
qualitative properties such as correctness, hallucinations, or
sentiment [24]. Both of these signals, as well as others, have
begun to be supported by a growing ecosystem of tools [2, 25,
29, 35, 48]. In contrast, our work emphasizes a less developed
aspect of cognitive observability: the recovery of an agent’s
reasoning trace.

Among the different signals encompassed by cognitive ob-
servability, reasoning trace remains the most underdeveloped,
which we define as the implicit cognitive steps an agent
takes to arrive at a decision. Unlike semantic feedback or
output integrity, which can often be observed directly through
interactions with users or inspection of outputs, reasoning
traces are rarely exposed in fast-thinking LLM agents. Yet,
understanding how an agent reached a particular conclusion
is crucial for diagnosing and addressing errors, especially in
complex Agentware systems where multiple agents interact

Fig. 1. In multi-agent systems, errors made by early agents may only manifest
later in the workflow.

and coordinate with each other and with external components.
In such settings, mistakes made early in the workflow can
propagate and only manifest much later, making it difficult
to localize their source. As illustrated in Figure 1, erroneous
assumptions introduced by one agent may ripple downstream
and surface as failures in later stages. Cognitive observability
through reasoning traces is therefore essential: it provides
developers with a window into the decision-making process,
enabling them to identify why an agent behaved as it did,
trace the propagation of errors, and more systematically debug
failures in complex multi-agent systems.

C. Reasoning Trace Recovery in Fast-Thinking Agents

Building on this motivation, we next consider the practical
challenge of recovering reasoning traces in fast-thinking LLM
agents. Unlike LRMs [9, 38], which explicitly generate chains
of thought but incur high latency and cost [46, 50], agents
driven by fast-thinking LLMs do not provide the same level of
transparency in their decision-making process. These models
generate outputs through a token-by-token sampling process,
without producing an internal “transcript” of how they arrived
at a decision. Attempts to recover a reasoning trace (e.g.,
prompting the model to explain its answer or to “think step-
by-step” using chain-of-thought (CoT) prompting) inevitably
change the input and alter the generation process. This interfer-
ence poses a fundamental challenge to observability: the act of
asking for a justification can modify the very behavior we aim
to observe. Recent work has shown that CoT prompting can
reduce performance on tasks that benefit from fast, intuitive
responses. For example, Liu et al. [34] found that prompting
models to explain their reasoning can significantly reduce
accuracy on tasks requiring human intuition or commonsense
reasoning, with performance dropping by as much as 36%
compared to direct answering. Similarly, Su et al. [42] trained
a model to switch between “fast” and “slow” modes and
observed that CoT reasoning led to substantially different
completions.

Beyond accuracy differences, there is growing evidence that
post-hoc explanations are often unfaithful. Chen et al. [8]
demonstrate that models exposed to subtle prompt cues would
change their answers accordingly, but omit any mention of the
cue when asked to justify their output. Liao and Vaughan [33]
further showed that models often ignore influential prompt
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features in their explanations, suggesting that self-generated
reasoning traces may not reflect the actual decision path taken.
Together, these findings highlight a central technical challenge
in agent observability: recovering an agent’s reasoning trace
without modifying its original behavior or inducing halluci-
nated justifications.

To address these challenges, we introduce a novel approach
for retrospectively observing the implicit reasoning of fast-
thinking agents without interfering with their original behavior.
Rather than prompting the agent to articulate its reasoning
during generation, which can distort the output, we instead
recover plausible reasoning traces after the fact by mirroring
the agent’s configuration and constraints. Our focus is not on
improving the quality of the output itself, but on faithfully
reconstructing the cognitive steps that could have led to it.
To ensure these recovered traces are not arbitrary or hallu-
cinated, we incorporate verification mechanisms such as self-
consistency checks across multiple reasoning paths and prompt
attribution techniques to confirm that the explanations are
aligned with the agent’s original prompt and completion. This
approach forms the foundation of our proposed framework,
introduced in the next section.

III. WATSON: A FRAMEWORK TO OBSERVE REASONING
TRACES OF LLM-POWERED AGENTS

In this section, we introduce Watson, a framework designed
to observe the reasoning traces of LLM-powered agents with-
out interfering with their behavior (Figure 2).

A. Overview

In the Watson framework, a “surrogate agent” [32] operates
in parallel with a “primary agent” (i.e., the agent under obser-
vation). The primary agent generates outputs that conform to
the constraints and expectations of the system it operates in,
and our goal is to observe its behavior without altering it. In
contrast, the surrogate agent reproduces the primary agent’s
output while also generating a detailed, step-by-step account
of the reasoning process that could have led to that outcome.
This reasoning trace is then verified to assess its fidelity to
the primary agent’s actual generation process. By decoupling
reasoning from action, Watson enables developers to recover
the implicit reasoning path of the primary agent without affect-
ing its behavior. The resulting explanations provide valuable
insights into the agent’s decision-making process, offering
interpretable signals that can be used to debug, evaluate, or
improve the agent without altering its operational dynamics.

Watson addresses the challenge of recovering reasoning
traces from fast-thinking LLM-powered agents without al-
tering their behavior or introducing unfaithful explanations.
It is built around three key ideas. First, the surrogate agent
closely mirrors the primary agent to replicate its behavior and
ground its reasoning in the same decision process. Second, the
surrogate generates reasoning paths linking the input prompt
to the primary agent’s output, providing coherent explana-
tions without affecting the original generation. Third, Watson
checks that the surrogate’s reasoning aligns with the actual

Fig. 2. Overview of Watson, a framework to observe the reasoning process
of agents without affecting their behavior.

prompt components that influenced the primary agent’s output.
These validated traces are then summarized into a higher-level
“meta-reasoning”, akin to self-consistency [45], to capture the
agent’s implicit logic. We detail each of these considerations
below.

B. Mirroring Configuration of Primary Agent

To accurately recover the primary agent’s implicit reasoning,
the surrogate agent must mirror its configuration as closely as
possible, most critically in terms of the underlying LLM ar-
chitecture and decoding parameters. Using the same language
model ensures that both agents interpret inputs with equivalent
linguistic and reasoning capabilities. Equally important are
decoding parameters such as temperature and top p, which
control the stochasticity and diversity of generated outputs;
even small differences in these settings can produce significant
divergence in behavior. While configuration mirroring is nec-
essary for behavioral alignment, it is not sufficient to guarantee
output equivalence due to inherent non-determinism in LLM
decoding and sensitivity to initialization [7]. We address this
challenge in the final component of the Watson framework
(Section III-D).

C. Generating Reasoning Paths

The goal of Watson is to use a surrogate agent to generate
the implicit reasoning path the primary agent’s input prompt
to its final output. To achieve this, the surrogate agent is
given access to the primary agent’s input prompt and the
corresponding generated output, and is tasked with producing a
reasoning path that potentially bridges the two. However, this
introduces a novel design challenge, as most autoregressive
LLMs are trained for left-to-right generation, predicting the
next token based solely on previously seen context. As a result,
they lack an inherent ability to generate coherent reasoning
that fills in the middle between a fixed prompt and completion.

To address this challenge, we adopt a technique known
as fill-in-the-middle (FIM) [4], which enables decoder-only
language models to generate text that fits between a given
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Fig. 3. Fill-in-the-Middle (FIM) prompt example. Top: original prompt; mid-
dle: with FIM tokens; bottom: prefix-suffix-middle format used for training.

beginning and end. Originally developed for code completion
tasks[14, 27], FIM allows the model to condition on both
a prefix and a suffix when generating content. The input
is segmented using special tokens: <PRE> for the prefix,
<MID> and <EOM> to mark the region to be generated, and
<SUF> for the suffix. During training, the model learns to
complete the middle section based on the surrounding context,
effectively learning to bridge the gap between an input and its
corresponding output (Figure 3).

To implement FIM in Watson, the surrogate agent is
prompted with the primary agent’s input as the prefix and the
primary agent’s output as the suffix, and is tasked with infilling
a plausible reasoning path between them. To better elicit struc-
tured reasoning, we lightly augment the original prompt by
appending the phrase “Let’s think step-by-step before arriving
at the answer.” to the prefix, and prepending “Therefore, I
think the answer is” to the suffix. This approach leverages the
model’s ability to condition on both the beginning and end of a
sequence, encouraging it to generate a coherent rationale that
links the given input to the observed output. By structuring
the prompt in this way, Watson enables the surrogate agent
to produce a potential explanation of how the primary agent
may have arrived at its response.

While FIM is well suited for generating reasoning paths,
its use is limited to LLMs that natively support the FIM
mechanism and can perform infilling between a given prefix
and suffix. In cases where the primary agent relies on an LLM
that has not been trained with FIM capabilities, we propose
an alternative technique called “Repetitive Chain-of-Thought”
(RepCoT). Unlike FIM, RepCoT is compatible with any LLM
by prompting the surrogate agent with the same input as
the primary agent, augmented with an explicit instruction to
generate CoT reasoning [46]. To preserve alignment with the
primary agent’s behavior, any generations that do not conclude
with the same output as the primary agent are discarded. To
determine whether the surrogate’s output matches the primary
agent’s, we use an LLM-based judge to assess whether the
two outputs are semantically equivalent. This step is crucial
in RepCoT as it ensures that the reasoning path remains
consistent with the original decision, capturing only relevant
explanations. However, this process may result in higher
inference costs due to the need for multiple generations if
we must discard generated reasonings that lead to a different
outcome from the primary agent’s original output.

D. Verification of the Reasoning Consistency

To ensure that the surrogate agent’s reasoning accurately
reflects the primary agent’s implicit decision process, it is

important that the generated reasoning aligns with the orig-
inal inference of the primary agent that produced the final
output. To support this, we first task the surrogate agent with
generating a diverse set of potential reasoning paths. This
population-based approach helps capture multiple plausible
lines of reasoning that could have led to the same answer,
offering a broader and more complete view of the primary
agent’s underlying thought process.

To address the risk of misaligned explanations, we val-
idate whether each reasoning trace generated by the sur-
rogate agent genuinely reflects the primary agent’s original
inference process. This step is crucial, as prior work (see
Section II-C) has shown that LLMs can omit influential prompt
features or hallucinate justifications when asked to explain
their outputs [1, 33]. To perform this validation, we apply
PromptExp [12], a framework for prompt explainability that
measures the attribution of different prompt components (i.e.,
how much each part of the input contributed to the final
output). The core idea of applying this framework in Watson
is to verify that if a particular line of reasoning appears in
a surrogate-generated trace, the corresponding component in
the original prompt contributed meaningfully to the primary
agent’s output.

The first step in validating a surrogate-generated reasoning
trace is to decompose the input prompt into semantically
meaningful components. There are multiple ways to perform
this decomposition depending on the type of task being consid-
ered. For natural language tasks, the prompt can be split into
sentences or clauses; for code tasks, decomposition may be
performed by functions or logical blocks; for dialogue tasks,
prompt components can correspond to individual speaker
turns. Choosing the appropriate granularity is critical because
when components are too coarse, subtle but influential ele-
ments may be obscured, which can lead to underestimation of
their contribution. Conversely, when components are too fine,
the resulting attribution scores may be noisy or fragmented,
reducing the reliability of the validation process. By default,
Watson decomposes prompts into sentences, newlines, and
code blocks enclosed in triple backticks. To support more
specialized use cases, users may also supply a custom prompt
decomposer, enabling task-specific segmentation strategies
that go beyond these default heuristics.

Once the prompt has been decomposed, we use PromptExp
to quantify the influence of each component on the primary
agent’s output. Each component is individually masked to
create a series of perturbed inputs, which are then passed
to the primary agent to produce a new output. To estimate
how much each component influenced the original output, we
compare the model’s response to each perturbed input with
the original completion. Specifically, we calculate the shift in
token probabilities between the two outputs, where a larger
shift indicates that the masked component played a greater
role in shaping the original response.

The resulting attribution scores are then aggregated across
all components using the method defined in PromptExp. This
allows us to determine which prompt features were most influ-
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ential in the primary agent’s inference, and in turn, to validate
whether a surrogate-generated reasoning trace is grounded in
the actual decision factors used by the original model.

To perform this validation, we employ an LLM-as-a-judge
that explicitly evaluates whether a reasoning trace aligns with
the primary agent’s influential prompt components. The judge
is provided with the original prompt, the surrogate reasoning,
and the top-n and bottom-n ranked prompt components based
on attribution scores, where n is user-configurable, with a de-
fault of 10. We select 10 as it typically covers all components
in small- to medium-sized prompts, while for larger prompts
it provides a representative subset without overwhelming the
judging model with excessive context. In our implementation,
the judge is instructed to determine whether the reasoning
emphasizes the high-attribution components while not dis-
proportionately focusing on the low-attribution ones, and to
respond with a binary output: “YES” if the reasoning aligns
appropriately or “NO” if it does not. Reasoning traces that
receive a “NO” from the judge are discarded, and new traces
are generated until a configurable population size of aligned
reasonings is obtained. This setup also allows for flexibility:
users can adjust the number of top and bottom components
considered or modify the judge instructions to reflect task-
specific evaluation criteria. A simplified example illustrating
this reasoning alignment process, including the prompt com-
ponents, their attribution values, the surrogate reasoning, and
the validation results, is shown in Table I.

TABLE I
ILLUSTRATIVE EXAMPLE OF REASONING ALIGNMENT WITH EXPLICIT
INSTRUCTIONS AND NUANCED ATTRIBUTION ACROSS A MULTI-PART

PROMPT.

Prompt
(Attribution)

Please evaluate each action below and indicate which is
morally wrong. (0.10)
1. I helped a neighbor fix their car. (0.10)
2. I took credit for a colleague’s project at work. (0.55)
3. I told a white lie to avoid hurting someone. (0.25)

Response The second action is morally wrong

Attribution
Analysis

The model’s output is predominantly influenced by the
phrase “2. I took credit for a colleague’s project at work.”
with the highest attribution (0.55), and the third phrase
being somewhat influential (0.25). The instruction line and
first phrase have smaller attributions (0.10 and 0.10).

Reasoning Helping a neighbor fix their car is a kind and altruistic
act and therefore not morally wrong. Taking credit for
a colleague’s project is dishonest and violates ethical
standards, making it morally wrong. Telling a white lie
to avoid hurting someone’s feelings is generally viewed
as socially acceptable and thus not morally wrong.

Validation The surrogate reasoning appropriately emphasizes the
high-attribution dishonest action and reasonably addresses
the other parts, demonstrating good alignment with the
model’s attribution and output.

Finally, we summarize the reasoning traces that passed
verification to extract their mutual threads and recurring ideas,
similar to Wang et al. [45], who explored identifying shared
reasoning across multiple explanations. This step produces
a concise explanation that reflects the primary agent’s most

likely decision path, while still preserving meaningful varia-
tion across the aligned traces. By emphasizing points of agree-
ment across the population, the summary highlights reasoning
patterns that are both plausible and consistent with the agent’s
original behavior.

To generate this summary, we employ another LLM acting
as a reasoning summarization agent. The agent is provided
with the full set of verified reasoning traces as a structured
list and instructed to synthesize them into a single, coherent
reasoning path. The prompt explicitly directs the agent
to capture the most frequently occurring reasoning patterns,
maintain logical coherence, avoid contradictions, and produce
a natural, standalone explanation without introducing any new
ideas or meta-summary language. This approach ensures that
the resulting summary reflects consensus among the verified
traces while remaining faithful to the original reasoning pro-
cesses.

IV. CASE STUDY

This section presents a case study illustrating how the
Watson framework enables semantic observability in LLM-
powered agentic systems. Rather than evaluating or extending
Watson itself, we use it as a diagnostic tool—analogous to a
debugger in traditional software development. We begin with
an example of Watson-generated reasoning and a preliminary
manual study in which a developer uses reasoning traces to
diagnose real-world failures in the AutoCodeRover system.
This demonstrates the interpretability and practical utility of
Watson ’s outputs for fault localization.

We then show how Watson-generated can support au-
tomated debugging pipelines across two domains: multiple-
choice question answering and autonomous software engi-
neering. Together, these studies demonstrate that semantic
observability enables both human and agentic insight into
model reasoning. The remainder of this section outlines the
purpose of the case study, describes the experimental setup,
and presents results highlighting the value of incorporating
reasoning traces into agent workflows.

A. Purpose and Positioning

This case study demonstrates the practical utility of the
Watson framework by applying it to agentic systems and
using the Watson-generated reasoning traces to both manually
and automatically debug the performance of a LLM-powered
agent. Importantly, this case study does not extend the Watson
framework itself. Rather, it builds on top of Watson as a
semantic observability tool, illustrating how the reasoning
traces it produces can be used both by human developers and
in an external, automated debugging pipeline.

The goal of this case study is not to directly enhance the
reasoning capabilities of the underlying LLM or to optimize
the accuracy of the primary agent. Instead, we draw a parallel
to traditional software debugging workflows, where tools such
as the GNU Debugger (GDB) [15] are employed to observe
and diagnose faults in program execution, without being
expected to fix or improve the software themselves. Similarly,
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Watson enables the observation of an LLMs latent reasoning
traces, which can then be analyzed or acted upon by a human
or another agent.

To support this demonstration, we first conducted a prelim-
inary manual debugging study, in which we analyze Watson-
generated reasoning traces to identify failure modes in agent
behavior. In our analysis, the traces revealed latent reasoning
errors and misaligned assumptions that were not evident
from the final answers alone. Building on these findings,
we introduce an automated debugging agent that consumes
the same reasoning traces to detect and intervene on faulty
reasoning paths. This agent operates independently of both
the primary and surrogate agents, demonstrating how Wat-
son facilitates semantic observability without modifying the
underlying model or agents.

Although we report metrics such as pass@k improvement
to quantify the outcomes of this automated debugging process,
these results should be interpreted primarily as evidence of the
practical utility of semantic observability. Rather than evalu-
ating Watson’s ability to directly optimize model reasoning,
our goal is to illustrate how external systems, either human or
automated, can effectively leverage reasoning traces produced
by Watson to enhance transparency and support debugging
workflows.

B. Task Selection and Study Design

We evaluate the utility of Watson on both non-agentic and
agentic tasks to demonstrate its generalizability and effec-
tiveness across domains. The first task involves the MMLU
benchmark, a diverse set of multiple-choice questions span-
ning subjects such as professional law, high school psychology,
and moral reasoning. From the full set of 14,042 questions,
we randomly sample three subsets totaling 374 questions each,
which corresponds to the minimum required for statistical
significance at a 95% confidence level with a 5% margin
of error. These tasks serve as a controlled environment for
observing LLM behavior outside of agentic workflows.

As a first step, we present a qualitative example from
MMLU to illustrate the kinds of reasoning Watson can pro-
duce. In Listing 1, we show an incorrectly answered question
from the professional law category, where the agent selects
option B by focusing on the offer’s duration, rather than the
correct option A, as well as the corresponding reasoning trace
generated by Watson. The trace (1) accurately reflects the
primary agent’s chosen answer, (2) considers the merits of
alternative options, and (3) articulates a coherent rationale
for the agent’s decision. This example highlights Watson ’s
ability to produce detailed and logically grounded reasoning
even in static, non-agentic tasks.

Listing 1. Example MMLU benchmark question, the initial incorrect answer,
and the associated reasoning trace generated by Watson
You are a general knowledge quiz master. You are going to
answer a question from a quiz. Only respond with the
correct answer.

[Question] A merchant’s irrevocable written offer (firm
offer) to sell goods

[Options]
A) Must be separately signed if the offeree supplies a form

contract containing the offer.

B) Is valid for three months.
C) Is nonassignable.
D) Can not exceed a three-month duration even if
consideration is given.

[Answer] B) Is valid for three months.
[Reasoning] The question is asking for the characteristics
of a merchant’s irrevocable written offer to sell goods.

Option A mentions that the offer must be separately signed
if the offeree supplies a form contract containing the
offer. This statement does not directly answer what is
being asked in the question.

Option B states that the offer is valid for three months.
This seems like it could be a possible answer, as it
specifies a duration for which an offer can be considered
valid.

Option C states that the firm offer is nonassignable. While
this may or may not be true, it does not pertain to the
characteristics of a merchant’s irrevocable written offer
.

Lastly, option D states that such an offer cannot exceed
three months even with consideration given. Again, while
this may or may not be true, it does not directly address
what makes up a merchant’s irrevocable written offer to
sell goods.

Based on these options and considering all factors involved
in answering this question correctly, I believe option B
- Is valid for three months - would make sense as an
appropriate response because: (1) It specifically
addresses one characteristic of such an offer (validity
period), (2) It doesn’t mention anything outside of what
was asked, (3) The other options don’t seem relevant
enough

To evaluate Watson in more complex, real-world settings,
we incorporate AutoCodeRover, an autonomous software en-
gineering agent that resolves GitHub-style issues by analyzing
and modifying source code. We apply AutoCodeRover to
SWE-bench-lite, a benchmark of 300 issues derived from the
broader SWE-bench dataset [28]. AutoCodeRover operates in
two main phases: first, it retrieves and synthesizes relevant
context from the codebase to identify likely faulty regions;
second, it generates code patches to fix the issue. Because
overall performance hinges on the agent’s initial code local-
ization step, our evaluation focuses exclusively on this first,
opaque phase.

To assess generalizability across agent scaffolds, we addi-
tionally evaluate the OpenHands on the same SWE-bench-lite
benchmark. This allows us to observe whether Watson can
similarly capture latent reasoning traces and guide debugging
across different agent architectures and underlying models.

To gain qualitative insight into Watson ’s effectiveness
in this setting, we conduct a manual debugging analysis
on two failure cases from the AutoCodeRover evaluation.
A human developer reviews the issue report, the original
AutoCodeRover output, and the Watson-generated reasoning
trace (Section III) to diagnose potential missteps in the agent’s
reasoning. Based on these insights, the developer then crafts
a targeted decision-refining hint, which is fed, along with the
original prompt, back into AutoCodeRover to reattempt the
issue. This manual study helps assess whether Watson’s traces
can meaningfully aid human understanding and correction of
complex agent behavior.

Building on these qualitative findings, we conduct a full-
scale automated study using dedicated debugging agents on
MMLU, AutoCodeRover, and OpenHands. In each case, we
generate hints from the reasoning traces and inject them
into the agent’s prompt to guide its decision-making. For
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Listing 2. The Watson-generated reasoning for instance django__django-13401, highlighting key reasoning steps. The agent incorrectly focuses on
model_inheritance/tests.py, which contains subclasses B and C, and proposes changes there, rather than targeting the actual source of the bug.
The common points across the provided explanations can be summarized as follows:
1. **Identified Bug Location**: All reasonings consistently highlight that the issue is centered around the

model_inheritance/tests.py file , which contains classes A, B, and C. This file is repeatedly mentioned as critical to

understanding where potential bugs may lie.

2. **Focus on Classes B and C**: There is a shared emphasis on examining classes B and C due to their inheritance from

class A, suggesting that any issues likely originate from these subclasses or the abstract base class.

3. **Method Investigations**: Several explanations point out specific methods (‘__eq__‘, ‘__lt__‘, and ‘__hash__‘) in
relation to fields within these classes, indicating a need to analyze how equality comparisons are implemented for
instances of these models.

4. **Sufficient Context Established**: Multiple reasonings express confidence that enough context has been gathered
regarding relevant files and classes without needing further information at this stage.

Listing 3. Segment of AutoCodeRover output for instance django__django-13401 with a reasoning hint. The hint guides AutoCodeRover to the correct
patch in django/db/models/fields/__init__.py and to rule out tests.py as the source.
[ASSISTANT] The issue reported is related to the equality comparison of two fields in different models. The author found
that if they pull the fields of two models into a shared set, one will be de-duplicated away, because they compare as
equal. The root of the issue is that they compare equal, as fields only consider self.creation_counter when comparing
for equality. So, we need to adjust __eq__ so that if the field.model is different, they will compare unequal.
Similarly, it is probably wise to adjust __hash__ and __lt__ to match. When adjusting __lt__, it may be wise to order
first by self.creation_counter so that cases not affected by this equality collision won’t be re-ordered. In the
experimental branch, there was one test that broke if ordered them by model first.

The fix for this issue is not located in any tests.py files , although they are a good place to start to get more

context on the issue. We also found that the code snippets we searched for are mostly located in the file

django/db/models/fields/__init__.py , which makes sense as this is where the Field class is defined. We can also see

that the class A is inherited by classes B and C, and B and C are inherited by other classes in the codebase. This
could be the reason why the issue is not located in any ‘tests.py‘ files, as it may be related to the inheritance of
classes. Based on the context we have gathered, we can now start writing patches to solve the issue.

MMLU, we evaluate the impact of these hints on answer
accuracy, while for both AutoCodeRover and OpenHands, we
assess their effect on localization performance across the entire
benchmark.

C. Manual Debugging with Reasoning Traces

To explore the practical utility of Watson in real-world
debugging scenarios, we conducted a manual analysis using
two failure cases from the AutoCodeRover evaluation set (i.e.,
cases where the incorrect code files were identified by the
first agent as buggy locations). For each failure case, we
began by presenting the corresponding issue report and the
output of running AutoCodeRover on the task to a human
developer, along with the associated reasoning trace generated
by Watson (Section III). The developer then attempted to infer
which aspects of the issue were emphasized or overlooked by
the agent and whether these misalignments could plausibly
explain the failure. Based on this analysis, we constructed a
decision-refining hint and provided it, alongside the original
input prompt, to AutoCodeRover in an attempt to re-solve the
issue.

When executing these manual cases, we use the FIM
configuration of Watson, and use GPT-3.5-turbo-instruct as
the underlying model, as it is the only OpenAI model that
explicitly supports the FIM capabilities required. In this setup,
both the primary and surrogate agents share the same model
and decoding parameters to ensure consistency. For reasoning
validation, we employ the default prompt decomposer and set
n = 10, meaning that the judge considers up to the 10 most-
and 10 least-attributed prompt components to verify that the
surrogate reasoning aligns with the aspects the agent attended
to. We generate a minimum of 10 reasoning traces per task.

To summarize the resulting reasoning populations and perform
related analysis tasks, we use OpenAI’s GPT-4o-mini model,
selected for its improved reasoning quality and reliability.

1) Instance django django-13401: 1 This issue, reported
in the Django [10] web framework, concerns a bug where
attribute fields from different models—each inheriting from
the same parent model—are incorrectly treated as equal. The
problem arises because field equality is determined solely
by the self.creation_counter attribute. As a result,
fields from models B and C, both of which inherit from
model A, are considered equal despite belonging to different
subclasses. This leads to unexpected behavior—for example,
when fields from models B and C are added to a set, one
may be erroneously deduplicated. The issue reporter proposes
modifying the __eq__, __hash__, and __lt__ methods
to ensure that fields from different parent models are correctly
treated as unequal.

Output of Reasoning: The reasoning generated from Wat-
son for django__django-13401, shown in Listing 2,
suggests the agent is focusing on the test files, specifically
model_inheritance/tests.py, which is not the code
location for where we expect the solution patch to be applied.
Following this incorrect decision pathway, AutoCodeRover
attempts to modify subclasses B and C, which are contained
in model_inheritance/tests.py, as the fix for the
encountered issue.

After Fixing with Hints: Based on the Watson-generated
reasoning, we add the following hint at the end of the issue
report and rerun AutoCodeRover.

1https://code.djangoproject.com/ticket/31750
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Listing 4. Watson-generated reasoning for instance django__django-14238, showing focus on example/core/models.py while overlooking the
issue’s reference to __subclasscheck__, absent from all explanations.
**Common Points Across Reasonings:**
1. **Focus on "MyModel" and ‘__init__‘ Method**: Multiple explanations consistently mention the class "MyModel" and its
constructor method ‘__init__‘, indicating that they are central to identifying the bug locations.

2. **DEFAULT_AUTO_FIELD Issues**: There is a recurring theme regarding problems with ‘DEFAULT_AUTO_FIELD‘, suggesting it
is linked to the bugs being analyzed.

3. **File Location**: The file "example/core/models.py" is frequently identified as a potential

source of issues, reinforcing its importance in diagnosing the problem.

The fix for this issue is not located in any “tests.py” files,
although they are a good place to start to get more context
on the issue.

With this hint, AutoCodeRover arrives at the correct file
location to be patched, while specifically acknowledging that
the fix is not located in any test files (Listing 3).

2) Instance django__django-14238: 2 This is-
sue is reported in the Django framework and de-
scribes an application crash during model initializa-
tion when DEFAULT_AUTO_FIELD is set to a cus-
tom subclass of BigAutoField. The issue report in-
cludes a traceback demonstrating a ValueError re-
quiring that the custom primary key class must sub-
class AutoField. The issue stems from a failure
in AutoFieldMeta.__subclasscheck__, which does
not recognize valid subclasses of BigAutoField or
SmallAutoField. The issue report includes a suggested
fix to modify the subclass check to include these subclasses
in the _subclasses property.

Output of Reasoning: The reasoning generated from Watson
for django__django-14238, shown in Listing 4, suggests
that the agent is placing its focus on the files in the example
directory. However, upon closer inspection of the original issue
report, it is explicitly mentioned that the fix can be applied to
the __subclasscheck__ method, which does not show up
at all in the reasonings, indicating that the agent is ignoring
this information.

After Fixing with Hints: Based on the reasonings, we decide
to add the following hint at the end of the issue report and
rerun AutoCodeRover.

The fix for this issue would not be located in the ‘example‘
directory. Make sure you focus on the ‘ subclasscheck ‘
method.

With this hint, AutoCodeRover retrieves the correct con-
textual information related to __subclasscheck__ and
arrives at the correct file location to be patched (Listing 5).

D. Automated Debugging Pipeline

Building on the insights gained from the manual debugging
study, we design a two-stage automated evaluation pipeline to
demonstrate how Watson-generated reasoning traces can be
effectively leveraged in downstream debugging and decision-
making processes. Rather than aiming to directly improve

2https://code.djangoproject.com/ticket/32620

TABLE II
PASS@1 / PASS@3 ACCURACY ACROSS EVALUATION RUNS ON MMLU

(374 QUESTIONS PER RUN). CONFIGURATIONS: RO-SR =
RESPONSE-ONLY SELF-REFLECTION, WA-SR = WATSON-AIDED

SELF-REFLECTION.

Configuration Run 1 Run 2 Run 3

RO-SR (FIM) 59.4% / 68.2% 59.4% / 69.8% 60.7% / 71.1%
WA-SR (FIM) 58.8% / 66.8% 61.0% / 71.4% 63.3% / 73.5%

RO-SR (RepCoT) 63.6% / 70.9% 63.1% / 71.4% 66.3% / 74.3%
WA-SR (RepCoT) 61.2% / 73.0% 66.0% / 74.3% 67.9% / 77.2%

agent performance, this pipeline seeks to showcase the prac-
tical utility of semantic observability by comparing system
behavior with and without Watson ’s reasoning traces.

To clearly isolate the contribution of each component, we
generate guiding hints for the agent under two distinct cases:
(1) using Watson-generated reasoning traces along with the
agent’s original answer, and (2) using only the agent’s original
answer without any reasoning traces. This second case serves
as an explicit ablation run, allowing us to measure the added
value of incorporating the reasoning traces into the hint.

We begin by establishing a baseline through an ablation
study. Each agentic system is first executed in its standard form
(i.e., without the involvement of Watson) to produce an initial
answer. For MMLU, this answer corresponds to the selected
option for a benchmark question; for AutoCodeRover and
OpenHands, it refers to the code location identified as faulty.
We then simulate a self-reflection [40] process by prompting
a separate LLM to evaluate whether the produced answer is
reasonable in the context of the task (i.e., the multiple-choice
question or the issue report). The reflection is performed
without access to any reasoning traces, relying solely on
the answer and task description. The agent is subsequently
rerun on the task, with the self-reflection output injected into
its prompt as a guiding hint. The correctness of the newly
generated answer is then evaluated, and the result constitutes
the baseline performance.

Next, we repeat the process with Watson applied to the
same set of tasks. In this configuration, the surrogate agent
generates a reasoning trace that explains how the primary
agent arrived at its answer. This trace is incorporated into the
self-reflection stage, enabling the reflection LLM to critique
both the final answer and the reasoning path that led to it. As
before, the resulting reflection is provided to the agent, which
reruns the task with the added guidance. We then assess the
correctness of this revised output. In summary, for each task,
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Listing 5. Segment of AutoCodeRover output for instance django__django-14238 with a reasoning hint, enabling AutoCodeRover retrieve context on
__subclasscheck__ and locate the correct patch in django/db/models/fields/__init__.py, avoiding prior focus on the example directory.
[ASSISTANT] Based on the search results, we can see that there are 12 classes with the name MyModel in the codebase, but

none of them are located in the "example" directory . This means that the issue isn’t related to the "example" project.

We also found 1 method with the name __subclasscheck__, which is located in the django/db/models/fields/__init__.py file.
This method is inherited from the AutoFieldMeta class and is used to check if a subclass is a subclass of AutoField.

Additionally, we found 3 snippets containing ‘DEFAULT_AUTO_FIELD =‘ in the codebase. These snippets are located in the
tests/test_sqlite.py, tests/check_framework/test_model_checks.py, and django/conf/global_settings.py files. These
snippets are used to set the default primary key field type in the codebase.

Finally, we found 2 snippets containing ‘__subclasscheck__‘ in the codebase, both of which are located in the django/db/
models/fields/__init__.py file. These snippets are used to check if a given subclass is a subclass of AutoField.

Based on this context, we can conclude that the issue is related to the django/db/models/fields/ __init__.py file ,

specifically the AutoFieldMeta class and its __subclasscheck__ method. The fix for this issue would not be located in

the "example" project, but rather in the django project itself.

we generate two hints: one that leverages Watson ’s reasoning
trace (the “hint from reasoning+answer” case) and one that
does not (the ablation “hint from answer only” case).

Building on this setup, we systematically evaluate each task
under both ablation (without Watson) and Watson-enabled
conditions. For the MMLU evaluation, the Watson-enabled
pipeline is tested under both configurations of the Watson
framework: FIM, using GPT-3.5-turbo-instruct as the underly-
ing language model, and RepCoT, using GPT-3.5-turbo-0125,
which offers chat-based interaction while maintaining close
behavioral similarity to GPT-3.5-turbo-instruct. For the Au-
toCodeRover experiment, we use the FIM configuration with
GPT-3.5-turbo-instruct, while for the OpenHands experiment,
we use the RepCoT configuration with Qwen3-8B. In both
configurations, the primary and surrogate agents still share
the same underlying model and are executed using identical
decoding parameters. For reasoning validation, we also employ
the default prompt decomposer and set n = 10, such that
the judge examines the 10 highest- and lowest-attributed
prompt components to verify alignment between the surrogate
reasoning and the agent’s attention. We generate a minimum
population size of 10 reasonings. Finally, tasks within the
evaluation pipeline (e.g., summarization of reasoning popu-
lations, hint generation, and grading outputs) are performed
using OpenAI’s GPT-4o-mini model, selected for its improved
reasoning quality and reliability in downstream analysis tasks.
We compute pass@1 and pass@3 for MMLU, and pass@1
for AutoCodeRover and OpenHands.

E. Evaluation Results
This section presents the empirical results of applying

the Watson framework across MMLU, AutoCodeRover, and
OpenHands. Our evaluation compares agent performance un-
der two conditions: (1) a self-reflection pipeline without access
to Watson reasoning traces, and (2) a self-reflection pipeline
enhanced with Watson-generated reasoning traces.

1) MMLU Results: Across three statistically significant
evaluation runs on the MMLU benchmark (Section IV-B), we
investigate whether incorporating Watson-generated reason-
ing traces supports the surrogate agent’s self-reflection process.
Rather than demonstrating uniform improvements in accuracy,
our results, shown in Table II, highlight nuanced shifts in
performance metrics that suggest the potential value of in-
corporating Watson-generated reasoning into the reflection

evaluation process. These effects are observed across both the
FIM and RepCoT configurations of Watson.

In the FIM setting, the baseline Pass@1 accuracy across the
three runs ranges from 59.4% to 60.7%, while incorporating
reasoning traces increases this to a range of 58.8% to 63.4%.
Although Pass@1 performance shows marginal variance in the
first experiment, the gains become more substantial in subse-
quent runs. The improvements are more consistently observed
in Pass@3 accuracy, which increases from 68.2%-71.1% in
the baseline to 66.8%–73.5% with reasoning, with each of the
three runs demonstrating improvement. McNemar’s test shows
no significant differences (Pass@1 p=0.88,0.51,0.22; Pass@3
p=0.53,0.46,0.23), and overlapping 95% CIs indicate gains are
trends, not definitive improvements.

For the RepCoT configuration, the baseline Pass@1 scores
range from 63.1% to 66.3%, while the inclusion of reasoning
increases them to 61.2%–67.9%, with the largest improve-
ment observed in the third run. More prominently, Pass@3
accuracy improves from 70.9–74.3% (baseline) to a range of
73.0–77.2% when Watson-generated reasoning is used. These
results indicate that Watson’s explicit reasoning generation
capabilities enhance the agent’s self-reflective judgment, es-
pecially in settings where structured reasoning like RepCoT is
applied. As with the FIM setting, McNemar’s test shows no
significant differences for RepCoT (Pass@1 p=0.28,0.18,0.49;
Pass@3 p=0.25,0.11,0.09), and overlapping 95% CIs indicate
gains are trends, not definitive improvements. However, the
gains in Pass@3 suggest that reasoning traces enable the agent
to better recognize partial correctness and near-miss solutions,
improving its overall evaluative reliability.

2) AutoCodeRover and OpenHands Results: For both Au-
toCodeRover and OpenHands, we focus our evaluation on
tasks where the agent successfully identified a buggy location.
Each case is categorized as correct if the located code region
matches the ground truth and incorrect otherwise; cases where
the agent fails to identify any location are excluded from
analysis. This approach allows us to assess the impact of Wat-
son-generated reasoning on downstream debugging accuracy
without being confounded by runs that terminate prematurely.
Given the computational cost and practical constraints, we
report pass@1 for both agents to provide a tractable yet
meaningful measure evaluation.
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Across the two agentic experiments on SWE-bench-lite, we
focus on tasks where the agent successfully identified potential
buggy code locations. For AutoCodeRover, 103 valid tasks
were analyzed: the baseline self-reflection pipeline achieved
a Pass@1 of 71, while the Watson-enabled pipeline reached
75. For OpenHands, 57 valid tasks were considered, with a
baseline Pass@1 of 33 and a Watson-enabled Pass@1 of 34
(Table III). In both cases, the slight improvements observed
with Watson-generated reasoning were not statistically sig-
nificant (p > 0.05), likely due to the limited sample size, and
thus reflect trends rather than definitive gains in localization
accuracy.

TABLE III
PASS@1 ACCURACY OF SELF-REFLECTION PIPELINES ON VALID

AUTOCODEROVER AND OPENHANDS SAMPLES (SWE-BENCH-LITE).
RO-SR = RESPONSE-ONLY SELF-REFLECTION, WA-SR =

WATSON-AIDED SELF-REFLECTION.

Configuration Valid Samples RO-SR WA-SR

AutoCodeRover 103 71 (68.9%) 75 (72.8%)
OpenHands 57 33 (57.9%) 34 (59.6%)

F. Comparison with Native Reasoning Models

To further evaluate the quality of Watson ’s post-hoc
reasoning traces, we compared them against traces produced
natively by a reasoning-capable large language model. We
selected Qwen3-8B, which provides a “thinking” mode to
explicitly generate reasoning alongside answers. Using a sta-
tistically representative MMLU sample from Section IV-B,
we ran the model twice per example: once with “thinking”
enabled to collect native reasoning, and once with reasoning
disabled to obtain only the final answer. In the latter case, we
applied Watson to the input–output pair to generate post-hoc
reasoning traces using the RepCoT configuration, as Qwen3-
8B does not support FIM.

Each Watson-generated trace was paired with its corre-
sponding native Qwen3-8B trace. We used an LLM-as-a-
judge to assess whether the two traces were semantically
equivalent, focusing on whether they followed the same logical
progression, invoked similar assumptions, and reached conclu-
sions through comparable reasoning, while ignoring superficial
wording differences.

For Qwen3-8B, we compared Watson’s post-hoc reasoning
traces with the model’s natively generated reasoning traces,
conditioned on whether both runs produced the same final
answer. Across the sampled MMLU tasks, the two runs
produced the same answer in 307 cases (76.2%) and diverged
in 67 cases (16.6%). When the answers matched, the reasoning
traces were semantically equivalent in 212 cases (69.1%) and
diverged in 95 cases (30.9%). Conversely, when the answers
differed, the reasoning traces almost always diverged (64
cases, 95.5%), with only a small number of coincidental
overlaps (3 cases, 4.5%, p < 0.05). While the divergence
observed in roughly one-third of the matching-answer cases
might initially appear as a limitation, it could in fact be

advantageous: recent work has shown that natively generated
reasoning traces are not always faithful to the model’s actual
inference process, often reflecting superficial rationalizations
rather than genuine decision pathways [3, 8]. By contrast,
Watson enforces consistency with the model’s saliency during
inference, allowing it to surface potential discrepancies be-
tween an agent’s stated reasoning and its underlying behaviour.
In this sense, divergences revealed by Watson may highlight
cases where post-hoc reasoning provides a truer window into
the model’s decision-making, offering a valuable diagnostic
signal for debugging and analysis.

G. Summary

This case study demonstrates the utility of Watson as a
semantic observability framework for supporting both manual
and automated debugging of LLM-powered agents. Across
static (MMLU) and dynamic (AutoCodeRover and Open-
Hands) tasks, we find that Watson-generated reasoning traces
consistently surface actionable signals that aid fault localiza-
tion and enable targeted interventions. Our findings reinforce
that Watson enables insight into agent reasoning without
modifying the primary agent or underlying model. However,
the debugging agents used in this study are illustrative rather
than optimized, designed to validate trace utility rather than
maximize performance. Moreover, Watson is an observability
layer, not a reasoning optimizer, and its effectiveness ulti-
mately depends on the interpretability and completeness of
the extracted traces.

V. APPLICATIONS, LIMITATIONS, AND THREATS TO
VALIDITY

In this section, we discuss potential applications of Watson
in practical development settings and examine its limitations
and threats to validity.

A. Applications in Practical Settings

A promising avenue for the adoption of Watson is its
integration into observability platforms designed for agentic
workflows. In such settings, workflow executions are typically
instrumented to capture detailed traces of agent behavior,
including inputs, outputs, and intermediate decision steps.
Watson can be incorporated into these platforms as an on-
demand reasoning reconstruction service, enabling users to
request surrogate reasoning for specific agent calls when
deeper insight is required. This capability extends traditional
observability by augmenting traces with interpretable rea-
soning paths, thereby facilitating debugging, auditing, and
comprehension of complex multi-agent workflows. Crucially,
Watson achieves this without modifying or delaying the exe-
cution of the original agent, making it suitable for deployment
in developer environments (e.g., IDEs), continuous integration
and deployment pipelines, or production-grade observability
dashboards. Such integration illustrates Watson’s potential
to complement existing software engineering practices with
cognitive observability, thereby improving transparency and
trust in LLM-powered agents.
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B. Limitations

While the integration scenarios highlight Watson ’s poten-
tial value, it is important to consider its performance trade-offs.
Watson adds no runtime overhead to the primary agent, since
reasoning reconstruction is applied post hoc to captured traces.
However, generating multiple completions with the surrogate
agent to recover diverse reasoning paths and produce a meta-
reasoning summary (Section III-A) incurs computational cost.
In our experiments, we generated 10 reasonings per instance
to balance coverage and expense. Watson’s computational
cost then scales with the number of reasoning traces gener-
ated and the computation of prompt attribution scores used
for trace verification, which scale with prompt length and
component decomposition. Both FIM and RepCoT discard
traces misaligned with these scores, regenerating until the
desired number of valid traces is reached, further contributing
to overhead.

Importantly, the number of surrogate completions provides
a direct trade-off mechanism. Fewer completions reduce cost
and latency but may miss important reasoning paths, while
more completions increase coverage and confidence at the
expense of computational resources. However, these compu-
tations do not affect the runtime of the observed agent, as
they can be performed in parallel or post hoc. The exact
cost depends on prompt complexity, the number of surrogate
completions, and prompt segmentation for attribution scoring,
allowing Watson to adapt to different deployment contexts,
from lightweight development workflows to resource-intensive
audits. Despite this flexibility, Watson cannot guarantee com-
plete coverage of all plausible reasoning paths. Even with
higher sampling, some trajectories may remain unexplored,
especially for complex tasks with large search spaces. Conse-
quently, the reconstructed reasoning should be interpreted as
a representative sample rather than an exhaustive account of
the agent’s internal processes.

A further limitation of Watson arises from its reliance on an
LLM-as-a-judge for reasoning validation (Section III-D). After
PromptExp identifies the most and least influential prompt
components, the judge checks that each generated reasoning
trace aligns with high-attribution components without overem-
phasizing low-attribution ones. While this grounds validation
in the agent’s decision factors, the judge can misclassify
traces, either rejecting plausible reasoning or accepting par-
tially misaligned ones. We mitigate this by using a strong
judge model and combining attribution scores with explicit
rules (Section III-D), but some subjectivity and bias remain.
The fidelity of verified traces thus depends on both surrogate
coverage and judge evaluation, highlighting directions for
improved calibration, robustness, and reliability in future work.

Finally, it is important to note that Watson has so far
only been evaluated on text-based reasoning agents, and
its applicability to other types of agents remains uncertain.
Extending Watson to these domains would likely require
additional mechanisms for capturing and interpreting non-
textual context, as well as adapting the verification procedures

to handle richer forms of agent reasoning. Consequently,
the framework’s generalizability beyond text-based reasoning
agents should be considered a limitation and an area for future
research.

C. Threats to Validity

Several factors may influence the reliability and general-
izability of the experimental results reported for Watson.
First, the fidelity of the surrogate agent is critical: if the
surrogate does not accurately mirror the primary agent’s
reasoning behavior, the reconstructed traces may not reflect
the true internal processes, limiting the validity of our con-
clusions. Second, the evaluation depends on the LLM-as-a-
judge used for reasoning verification. Biases or misclassifi-
cations by this model can affect which reasoning traces are
retained, potentially influencing the resulting meta-reasoning
summaries. Third, the framework has only been evaluated
on text-based reasoning agents, and it remains uncertain how
well the results would generalize to multimodal, embodied, or
highly interactive agents. Finally, reproducibility is a potential
concern: variations in surrogate configurations, the number
of completions generated, or the choice of judge model may
yield different reasoning reconstructions, affecting consistency
across experiments. By explicitly acknowledging these threats,
we aim to provide a transparent assessment of the contexts in
which Watson’s results can be confidently interpreted.

VI. CONCLUSION

In this paper, we introduced the concept of cognitive ob-
servability as a crucial advancement in the observability of
agentic software powered by foundation models. Traditional
observability techniques fall short in these systems due to
the opaque, non-deterministic reasoning processes of LLMs.
To address this challenge, we proposed and implemented
Watson, a novel framework that retrospectively recovers
implicit reasoning traces with high fidelity while preserving
the efficiency of standard LLMs.

Our evaluation demonstrates that Watson enables both
manual debugging and automated runtime correction, effec-
tively exposing the “why” behind agent decisions in a manner
that was previously inaccessible without affecting the agent’s
behavior or outputs. Through empirical validation on real-
world agent tasks, including MMLU, and AutoCodeRover
and OpenHands on the SWE-bench-lite benchmarks, Watson
facilitates improved reasoning transparency and supports en-
hanced reliability and controllability of Agentware. Overall,
Watson offers a practical step toward addressing the observ-
ability challenges of LLM-powered agents, helping developers
better interpret and improve agent behavior. Future work
should explore broader generalization across agent types and
tasks, more sophisticated use of reasoning traces for interven-
tion or retraining, and real-time observability in production
environments. As LLMs continue to take on complex roles in
Agentware, advancing tools for cognitive observability will be
critical to supporting their safe and effective deployment.
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