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Abstract

Evaluating conversational AI systems that use
external tools is challenging, as errors can arise
from complex interactions among user, agent,
and tools. While existing evaluation methods
assess either user satisfaction or agents’ tool-
calling capabilities, they fail to capture crit-
ical errors in multi-turn tool-augmented dia-
logues—such as when agents misinterpret tool
results yet appear satisfactory to users. We
introduce TRACE, a benchmark of system-
atically synthesized tool-augmented conversa-
tions covering diverse error cases. Evaluation
with state-of-the-art conversation evaluation
frameworks reveals that all approaches remain
far from ideal performance, demonstrating the
fundamental difficulty of this benchmark.

1 Introduction

Conversational AI systems are increasingly inte-
grated into daily workflows, with a critical devel-
opment being their ability to interact with external
tools (Tang et al., 2023; Qin et al., 2023; Farn and
Shin, 2023). While this enhances functionality, it
introduces complex evaluation challenges (Guan
et al., 2025; Arcadinho et al., 2024). For instance,
agents might misinterpret tool outputs or fabricate
responses when tools fail, making traditional met-
rics insufficient for assessing conversation quality.

Research in conversation evaluation has evolved
along two tracks: evaluating heiifcbevlvtujiculd-
cnftuugjdfjenlbdhijvrrdllt ow well LLMs invoke
external tools (Zhuang et al., 2023; Xu et al.,
2023; Guo et al., 2024), and assessing conversa-
tion quality without tool usage using prompting-
based methods (Mendonça et al., 2023; Elizabeth
et al., 2025) focusing on user satisfaction sig-
nals (e.g., SPUR (Lin et al., 2024)). Benchmarks
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Figure 1: Example of conversation where user is satis-
fied but agent is wrong

like ToolTalk (Farn and Shin, 2023) and MTU-
Bench (Wang et al., 2024) bridge these tracks with
multi-turn interactions with tools. However, as
shown in Table 1, existing approaches have crit-
ical gaps. Most tool-use benchmarks are non-
conversational, and conversational ones contain
only successful cases. Generic evaluation frame-
works primarily assess user satisfaction, missing
subtle failures where users appear satisfied de-
spite underlying errors—particularly problematic
for tool-augmented conversations with unique fail-
ure modes like hallucinated parameters, unhandled
API errors, and unnecessary tool executions.

We address these limitations through TRACE
(Tool-Response Assessment of Challenging
Errors), the first systematic benchmark evaluating
tool-use conversations beyond user satisfaction to
capture agent, user, and tool interactions. TRACE
comprises 566 high-quality conversations (2181
agent-user turns) covering correct executions and
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Benchmark Tool-use User sat-
isfaction

Real-
world API

Negative
Samples

Conver-
sational

ToolTalk (Farn and Shin, 2023) ✓ ✗ ✓ ✗ ✓

MINT (Wang et al., 2023) ✓ ✗ ✓ ✓ ✓

MTU-Bench (Wang et al., 2024) ✓ ✓ ✗ ✓ ✓

ToolAlpaca (Tang et al., 2023) ✓ ✗ ✓ ✗ ✓

ToolLLM (Qin et al., 2023) ✓ ✗ ✓ ✗ ✗

USS (Sun et al., 2021) ✗ ✓ ✗ ✓ ✓

API-Bank (Li et al., 2023) ✓ ✗ ✓ ✗ ✓

TRACE (ours) ✓ ✓ ✓ ✓ ✓

Table 1: Comparison of existing benchmarks for tool-use and conversation evaluation.

26 distinct error cases (Section 3).
We evaluate state-of-the-art baselines includ-

ing SPUR (Lin et al., 2024), G-Eval (Liu et al.,
2023), and reward modeling (Yu et al., 2025)
on TRACE. SPUR extracts reasons from labeled
conversations, summarizes them into rubrics, and
estimates user satisfaction. However, SPUR fo-
cuses exclusively on user satisfaction and ig-
nores tool-specific failures. We therefore propose
SCOPE (Structured Conversation Observation for
Performance Evaluation), extending SPUR by: (1)
discovering diverse evaluation areas (e.g., user sat-
isfaction, tool functionality, agent behavior, etc.),
(2) extracting area-specific rubrics, and (3) in-
troducing severity-based weighting with make-or-
break criteria for critical errors (Section 4).

Evaluation on TRACE reveals the fundamen-
tal difficulty of this task. While reward modeling
excels at detecting subtle failures where users ap-
pear satisfied despite underlying errors (70% ac-
curacy vs. SCOPE’s 32%), its restrictive nature
leads to poor performance on rest of the cases
(86% accuracy vs. SCOPE’s 93%). In contrast,
SCOPE achieves the best overall F1 score (76%),
demonstrating balanced performance across case
types. However, all models remain far from ideal
highlighting substantial room for improvement and
opening avenues for future research (Section 5).

2 Related Work

Recent works have studied LLMs’ ability to use
external tools. Early benchmarks like CToolE-
val (Guo et al., 2024), ToolQA (Zhuang et al.,
2023), ToolBench (Xu et al., 2023), Meta-
Tool (Huang et al., 2023), and UltraTool (Huang
et al., 2024), evaluate how well LLMs can in-
voke external APIs to answer questions or solve
tasks. However, these datasets focus on single-turn

queries rather than multi-turn conversations. Con-
versational benchmarks like ToolTalk (Farn and
Shin, 2023) and MTU-Bench (Wang et al., 2024)
provide multi-turn interactions. However, these
datasets only contain successful cases. Similarly,
MINT (Wang et al., 2023), ToolAlpaca (Tang et al.,
2023), and ToolLLM (Qin et al., 2023) evaluate
only task completion rates without considering user
satisfaction or negative cases, which are crucial for
developing robust conversation evaluation frame-
works with tool usage.

Parallel to tool-use research, conversation qual-
ity evaluation has evolved from relying on explicit
user sentiment signals to leveraging LLMs as eval-
uators. Existing approaches, like SPUR (Lin et al.,
2024), use satisfaction cues to estimate conversa-
tion quality. Recent work demonstrates LLMs’ ef-
fectiveness in multidimensional dialogue evalua-
tion, as seen in DSTC11 (Mendonça et al., 2023)
and DSTC12 Track 1 (Elizabeth et al., 2025). Some
approaches combine LLM prompting with ma-
chine learning models for dimension-wise scor-
ing (Mendonça et al., 2024). While promising,
these methods primarily focus on open-domain or
task-oriented dialogues, overlooking the unique
challenges of tool-augmented conversations.

To bridge the gaps in tool-use conversation
datasets, we introduce TRACE, which provides
(1) multi-turn conversations with real tools, (2) di-
verse error cases, (3) comprehensive evaluation
criteria, and (4) user satisfaction signals, as shown
in Table 1. Building on this dataset, our SCOPE
framework provides a comprehensive evaluation
approach that considers multiple aspects of tool-
augmented dialogues– user satisfaction, agent per-
formance, and tool execution accuracy. This multi-
dimensional assessment extends beyond existing
frameworks like SPUR (Lin et al., 2024), which
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primarily focus on user satisfaction signals alone.

3 TRACE Benchmark

We propose TRACE, a benchmark extending be-
yond user satisfaction evaluation in tool-augmented
dialogues. Its construction involves three steps.

3.1 Characterizing Tool-Use Dialogues

To move beyond narrow user satisfaction signals,
we first formalize the following key dimensions
that capture different aspects of tool-use dialogues.
Tool execution correctness: Specifies whether
tool execution is successful. Errors may arise from
the agent’s misuse (e.g., passing incorrect parame-
ters) or tool failure (e.g., server-side errors), leading
to three possible labels: correct, incorrect due to
agent, and incorrect due to tool error.
Agent performance: Captures if the agent re-
sponds appropriately to the situation (appropriate
or not appropriate). When a tool error occurs, ap-
propriate behavior is transparently acknowledging
the issue and proposing alternatives, while halluci-
nating successful tool outcome is inappropriate.
User satisfaction: Captures whether the user is
satisfied or dissatisfied with the dialogue. Even
if the agent eventually recovers from an earlier
mistake, the dialog is still labeled as dissatisfied,
since detection of the initial failure remains crucial.
Overall conversation success: A binary label
(POS/NEG) capturing if the conversation is desir-
able overall. This label extends beyond user sat-
isfaction by integrating tool correctness and agent
behavior. For instance, when an agent confirms
“Email successfully sent” while the email is stuck,
the user may appear satisfied but the conversation
receives NEG label due to inappropriate agent be-
havior. This distinction helps evaluation frame-
works move beyond surface-level user feedback.

From these four dimensions, we identify eight
plausible attribute combinations (e.g., “user satis-
fied + tool error due to agent + agent’s satisfactory
performance” is not plausible). We manually de-
velop these into 26 distinct situations. For example,
the situation “user unsatisfied + tool error + appro-
priate agent behavior” manifests in two scenarios:
(1) the agent suggests alternatives for an inacces-
sible tool, or (2) the agent proposes a workaround
for an out-of-domain request. Both scenarios re-
sult in user dissatisfaction despite appropriate agent
behavior. Full situation catalog is in Appendix H.

No. of Conversations

TRACE Subsets POS NEG Total

Gold: Human Filtering 39 152 191
Silver: LLMJ-based Filtering 143 232 375
Combined 182 384 566

Table 2: Distribution of conversations in TRACE.

3.2 Conversation Generation

In this step, we synthesize conversations using
LLMs for each of the 26 tool-use dialogue cases.
Tool selection: To ensure diversity, we select 28
tools from ToolTalk, 1 from MINT, and 1 from API-
Bank. Tools are standardized into JSON schemas
containing the tool name, group label (e.g., “ac-
count tools”, “reminder tools”), description, and
parameters (details in Appendix A). There are
nine tool groups in total: account, alarm, calen-
dar, email, message, reminder, weather, reason-
ing, and api_bank. Reasoning tool (only one,
wikipedia_search) is from MINT (Wang
et al., 2023), api_bank (only one, calculator)
is from API-Bank (Li et al., 2023), and the rest are
from ToolTalk (Farn and Shin, 2023). We choose
all the available tools from ToolTalk and MINT,
and only choose one from API-Bank because it
contains a lot of overlapping tools (e.g., set alarm,
reminder, etc.) compared to the ones in ToolTalk.
We keep all the original tool groups from the cor-
responding papers. During dialogue synthesis, we
randomly sample one tool group at a time to bal-
ance diversity with LLM context limits.
Generation procedure: To synthesize conversa-
tions for each of the 26 cases, we employ one-
shot prompting with LLMs. Given a case spec-
ification and a group of tools, the LLM gener-
ates multi-turn user-agent conversations with tool
usage, where the tool executions are also simu-
lated by the LLM. Intuitively, NEG conversations
are more specific in requirements; hence, we first
generate zero-shot examples and manually curate
one-shot examples to guide further generations.
POS conversations use zero-shot generation to in-
crease diversity. We generate conversations using
Claude Sonnet-4 (Anthropic, 2025) and DeepSeek-
R1 (DeepSeek-AI et al., 2025). or Claude-4-
Sonnet, we set temperature to 1, top_p to
0.99, and max_tokens_to_sample to 4096;
for Deepseek-R1, we set temperature to 0.6,
top_p to 0.99, and max_tokens_to_sample
to 4096. Other details are in Appendix A.
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3.3 Filtering Synthetic Conversations

To ensure high-quality conversation generation at
scale, we implement a two-step evaluation process:
Step 1: Human evaluation: We conduct human
evaluation on a randomly sampled subset of the
generated conversations using two independent an-
notator groups: (1) crowd-sourced annotators and
(2) domain experts (three authors of this paper).
Each conversation is independently annotated by
one annotator from each set, with tiebreaker an-
notation performed by another domain expert in
cases of disagreement. Annotators are provided
with the following instruction: “Compare the con-
versations and the case description (as defined in
Appendix H). Does this conversation exactly match
the case description? If there is any single point
that does not match, mark it as invalid; otherwise,
mark it as a valid conversation.” We manually
verified 143 conversations generated by Claude-4
(116 are valid) and 88 by DeepSeek R1 (75 are
valid). We achieve a Cohen’s Kappa of 0.385 with
80.7% annotator agreement, demonstrating reason-
able inter-annotator consistency given the nuanced
nature of conversation quality assessment. This
human-annotated subset constitutes our gold set.
Step 2: LLM judge-based filtering: Using the
gold set, we develop an LLM judge (LLMJ) with
Sonnet-4 to identify conversations that match their
corresponding case descriptions, achieving 93.13%
precision. We optimize for precision, accepting
only conversations that pass LLMJ filtering to form
the silver set. Combining the gold and silver sets
yields the final TRACE benchmark (Table 2). The
deliberate imbalance between POS and NEG con-
versations reflects our objective of capturing di-
verse error cases rather than enforcing artificial la-
bel balance. With LLMJ, we automatically filtered
248 conversations from Claude-4 (222 are valid)
and 203 from DeepSeek R1 (153 are valid). See
Figure 7 for the prompt for filtering LLM-Judge.
We use Sonnet-4 and set temperature to 0,
top_p to 0.99, and max_tokens_to_sample
to 4096. Detailed human evaluation procedures are
provided in Appendix A.

4 Evaluation Frameworks

SPUR (Lin et al., 2024): SPUR represents the
closest baseline to evaluate tool-augmented dia-
logues. It detects user satisfaction (SAT) and dis-
satisfaction (DSAT) signals through: (1) Super-
vised Extraction (SE): Given SAT/DSAT labeled

Figure 2: The proposed SCOPE framework.

training conversations, an LLM generates 3 reasons
for each conversation; (2) Rubric Summarization
(RS): The extracted reasons are summarized into
natural-language rubrics, with up to 10 each for
SAT and DSAT; (3) User Satisfaction Estimation
(USE): For each test conversation, the LLM de-
termines if a rubric applies and assigns an impact
score (1-10) when applicable. A conversation is
labeled SAT if the total SAT score exceeds DSAT,
and DSAT otherwise. While SPUR captures ex-
plicit user sentiment, it has key limitations in tool-
use dialogues: (1) its focus on user satisfaction
signals misses other error sources like tool malfunc-
tion or agent-tool interaction errors; (2) it struggles
with nuanced cases where users appear satisfied de-
spite underlying errors; and (3) it treats all criteria
equally, ignoring that some errors are more critical
(e.g., incorrect tool output interpretation).

Proposed Framework: SCOPE: We propose
SCOPE (Structured Conversation Observation for
Performance Evaluation), an extension of SPUR
that enables more holistic evaluation by incorporat-
ing agent and tool interaction signals beyond user
satisfaction. The core design ensures that evalua-
tions capture diverse error types and weight them
by severity and impact on conversation quality. As
shown in Figure 2, SCOPE implements a four-
stage evaluation pipeline. The main differences
between SCOPE and SPUR are: (1) SCOPE adds
area discovery before all steps, which enables iden-
tifying positive/negative reasons from diverse areas
and extracting area-specific rubrics from training
conversations; (2) SCOPE identifies critical er-
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Models LLM/RM
Easy Hard Neg. Overall

Acc
(SD)

F1
(SD)

Prec
(SD)

Rec
(SD)

Acc
(SD)

F1
(SD)

Prec
(SD)

Rec
(SD)

Acc
(SD)

F1
(SD)

Prec
(SD)

Rec
(SD)

RM Skywork
0.86

(0.02)
0.84

(0.04)
0.86

(0.02)
0.82

(0.08)
0.70

(0.09)
N/A N/A N/A

0.82
(0.01)

0.75
(0.02)

0.71
(0.04)

0.82
(0.08)

G-Eval
Sonnet-3.5

0.90
(0.01)

0.89
(0.01)

0.81
(0.01)

1 (0)
0.37

(0.01)
N/A N/A N/A

0.77
(0.01)

0.74
(0.01)

0.59
(0.01)

1 (0)

GPT-4.1
0.86

(0.01)
0.87

(0.01)
0.76

(0.01)
1 (0)

0.42
(0.02)

N/A N/A N/A
0.76

(0.01)
0.73

(0.01)
0.58

(0.01)
1 (0)

SPUR
Sonnet-3.5

0.90
(0.02)

0.90
(0.02)

0.82
(0.03)

1.00
(0)

0.02
(0.01)

N/A N/A N/A
0.69

(0.01)
0.68

(0.01)
0.51

(0.02)
1.00
(0)

GPT-4.1
0.87

(0.02)
0.87

(0.02)
0.78

(0.03)
1.00
(0)

0 (0.1) N/A N/A N/A
0.67

(0.02)
0.67

(0.02)
0.50

(0.02)
1.00
(0)

SCOPE
Sonnet-3.5

0.93
(0.16)

0.93
(0.26)

0.88
(0.15)

0.98
(0.33)

0.32
(0.16)

N/A N/A N/A
0.79

(0.08)
0.76

(0.21)
0.61

(0.11)
0.98

(0.33)

GPT-4.1
0.90

(0.06)
0.90

(0.06)
0.83
(0.1)

0.99
(0.01)

0.42
(0.1)

N/A N/A N/A
0.79

(0.07)
0.76

(0.06)
0.62

(0.07)
0.99

(0.01)

Table 3: Main results (5-fold CV) with different LLMs and Reward Model (RM) with standard deviation.

rors using make-or-break rubrics with high weights,
leading to reliable quality assessment. Detailed de-
scriptions of SCOPE framework can be found in
Appendix F. Through this design, SCOPE offers
3 key advantages: (1) comprehensive error detec-
tion across user satisfaction, agent performance,
and tool functionality, (2) severity-weighted assess-
ment prioritizing critical failures, and (3) robust
evaluation even when user dissatisfaction is subtle.
See Appendix B for LLM prompts.

G-Eval (Liu et al., 2023): G-Eval is a prompt-
based LLM evaluator for texts generated by natural
language generation systems. Although not specifi-
cally designed for user-agent dialogue evaluation,
we employ it as another baseline with instructions
to evaluate such dialogues.G-Eval (Liu et al., 2023)
provides example prompts for the dialog evaluation
task. We follow the same format to compose our
prompt (see Appendix G.2). As G-Eval generates
scores on a scale of 1 to 5, it leads to a natural score
threshold of 3, which is used to convert the scores
into binary labels for the conversation set.

Reward Modeling: We leverage reward models
optimized for preference training in LLMs to eval-
uate user-agent dialogues. Since reward models
provide numerical scores rather than binary labels,
we tune a score threshold on the training set to dis-
tinguish POS/NEG conversations and apply this
threshold to the test set. For reward modeling, we
use the Skyword-Reward-V2-Qwen3-8B (Liu et al.,
2025) model as it has shown competitive perfor-
mance in public conversational benchmarks. Each
user-agent dialog is evaluated using this model with
the prompt instruction as shown in Appendix G.1.

5 Experimental Evaluation

5.1 Experimental Setup

We evaluate the frameworks described in Section
4 on TRACE using 5-fold CV with a 40/60 split:
226 samples for training and 340 for testing. Train-
ing data is used for area discovery and supervised
extraction in SCOPE, supervised extraction in
SPUR, and threshold tuning in the reward model
approach. We experiment with Claude Sonnet-3.5
(Anthropic, 2024) and GPT-4.1 (OpenAI, 2025) as
backbone LLMs with identical parameters across
prompting-based methods. For both GPT-4.1 and
Sonnet-3.5, we set the temperature to 0.7 for com-
ponents that require diverse thinking (e.g., area
discovery and supervised extraction) and to 0.0
for components that are clear-cut decisions (e.g.,
rubric generation and Conversation Label Estima-
tion). We set top_p to 0.99 and set max_token
depending on the task. Detailed prompts and con-
figurations are in Appendix B and C.

5.2 SCOPE Implementation

We describe the configuration and setup of each
component in the SCOPE framework below.

• Area Discovery: We randomly sample 10 con-
versations from the training set to serve as ref-
erence examples for area discovery, and limit
the maximum number of discovered areas to
5.

• Supervised Extraction: Unlike SPUR, we do
not restrict the number of reasons extracted
from each conversation. In practice, however,
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Data Subset Included steps in SCOPE Sonnet-3.5 GPT-4.1
Acc. F1 Pre. Rec. Acc. F1 Pre. Rec.

Easy

SCOPE 0.93 0.93 0.88 0.98 0.9 0.9 0.83 0.99
Exclude Area Discovery (AD) 0.95 0.94 0.89 0.99 0.9 0.9 0.82 1
Exclude Rubric Weight Est. (RW) 0.86 0.86 0.75 1 0.64 0.72 0.57 1
Exclude Make/Break Weight (MB) 0.82 0.82 0.71 1 0.64 0.72 0.57 1

Hard
Neg.

SCOPE 0.32 N/A N/A N/A 0 N/A N/A N/A
Exclude Area Discovery (AD) 0.35 N/A N/A N/A 0.29 N/A N/A N/A
Exclude Rubric Weight Est. (RW) 0.13 N/A N/A N/A 0.04 N/A N/A N/A
Exclude Make/Break Weight (MB) 0.11 N/A N/A N/A 0.09 N/A N/A N/A

Overall

SCOPE 0.79 0.76 0.61 0.98 0.79 0.76 0.61 0.98
Exclude Area Discovery (AD) 0.8 0.77 0.63 0.99 0.75 0.73 0.58 1
Exclude Rubric Weight Est. (RW) 0.68 0.68 0.51 1 0.49 0.58 0.41 1
Exclude Make/Break Weight (MB) 0.64 0.65 0.49 1 0.51 0.59 0.42 1

Table 4: Ablation by dropping different steps in SCOPE with breakdown of scores.

we observe that the supervised extraction step
typically yields at most one reason per area.

• Rubric Generation: The rubric generation pro-
cess consists of three stages. In the rubric
summarization step, we group the extracted
reasons by area and apply a batch summa-
rization procedure analogous to that used in
SPUR, with a maximum of 5 rubrics per area
and a batch size of 20. For rubric deduplica-
tion, we first collect all rubrics from all areas
and use the same prompt for rubric summary
to do a “summarization” step for extracted
rubrics. For this step, we set the maximum
rubric to be max(total_rubrics/2, 12) to en-
sure we have at least 12 rubrics. In the rubric
weighting stage, each rubric is assigned an
importance weight ranging from 1 to 10. As a
special case, any rubric designated as a <make-
or-break negative> criterion receives a weight
of 100, ensuring that triggering that rubric de-
terministically results in a NEG overall label.

• Conversation Label Estimation: We set de-
cision threshold to 0, i.e., predict POS if
(avg_POS - avg_NEG) > 0, and NEG oth-
erwise.

5.3 Results and Ablations

Table 3 presents evaluation results on TRACE. We
analyze performance on two subsets: Easy (user
satisfaction aligns with system performance) and
Hard Negative (user satisfied being unaware of er-
rors). SCOPE significantly outperforms SPUR
across both subsets. With Sonnet-3.5, SCOPE
achieves 0.79 overall accuracy (17.4% relative im-
provement over SPUR) and 0.76 F1 (11.8% im-

provement). On easy cases, SCOPE achieves 0.93
accuracy compared to SPUR’s 0.90. Most notably,
SCOPE excels at detecting hard negative cases:
achieving 0.32 accuracy with Sonnet-3.5 and 0.42
with GPT-4.1, compared to SPUR’s near-zero per-
formance. GPT-4.1 generates more critical rubrics
with SCOPE, improving hard negative detection
(0.42 vs. 0.32) while maintaining comparable easy
case performance (0.90 vs. 0.93). We also ob-
serve that SCOPE extracts rubrics covering broader
perspectives, including tool-use correctness and
agent–tool interaction, while SPUR’s rubrics re-
main narrowly user-focused. Many NEG rubrics
discovered by SCOPE directly align with the er-
ror categories defined in Section 3.1, even with-
out access to the synthesis process, demonstrat-
ing SCOPE’s ability to autonomously capture sub-
tle tool-use errors. See Appendix D for example
rubrics and Appendix E.2 for cases where SCOPE
succeeded and SPUR failed.

While reward modeling achieves the highest ac-
curacy on hard negatives (0.70), its restrictive na-
ture leads to poor performance on easy cases (0.86
vs. SCOPE’s 0.93), resulting in a lower overall
F1 score (0.75). In contrast, SCOPE achieves the
best overall F1 (0.76), demonstrating balanced per-
formance across case types. However, all models
remain far from ideal—even highlighting substan-
tial opportunities for future research.

In Table 4 we report the ablation scores for
SCOPE by removing one of major key components
in the pipeline with breakdown on easy and hard
negative subsets using Sonnet-3.5 and GPT-4.1 for
running the ablations. Removing Rubric Weight es-
timation (RW) results in an 13.9% overall accuracy
drop using Sonnet-3.5 and 37.97% using GPT-4.1.
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Data
Subset Model Acc. F1 Pre. Rec.

Gold
Skyworks 0.78 0.62 0.48 0.90
SPUR 0.60 0.50 0.33 1
SCOPE 0.76 0.62 0.46 0.98

Silver
Skyworks 0.85 0.62 0.48 0.90
SPUR 0.72 0.70 0.54 1
SCOPE 0.80 0.77 0.63 0.99

Overall
Skyworks 0.82 0.75 0.71 0.82
SPUR 0.69 0.68 0.51 1
SCOPE 0.79 0.76 0.61 0.98

Table 5: SPUR vs SCOPE with SPUR, SCOPE (using
Claude-Sonnet-3.5) and Skyworks on gold and silver
subsets (5-fold CV).

Removing Make-or-Break (MB) weights results
in a 19% overall accuracy drop using Sonnet-3.5
and 35.44% drop using GPT-4.1. In contrast, re-
moving AD yielded minimal performance changes
across both models, with accuracy improving by
0.01% using Sonnet-3.5 but decreasing by 0.05%
using GPT-4.1. These results demonstrate that RW
and MB have substantially higher impact on model
performance than AD, with their removal causing
significant accuracy degradation. See table with
score breakdown in Table 4 for details.

We analyze performance variability across gold
and silver subsets (refer Table 5). Models per-
form slightly better on the silver subset: SCOPE
achieves 0.80 accuracy on silver versus 0.76 on
gold. This pattern, observed across all models, sug-
gests the silver dataset may be intuitively easier due
to the LLMJ’s 93.13% precision filtering, which
may inadvertently miss some nuanced cases that
human annotators captured in the gold set.

6 Conclusion

We present TRACE, a benchmark for evaluating
tool-augmented dialogues that captures the inter-
play between agents, users, and tools. Our evalua-
tion reveals that existing evaluation frameworks are
far from ideal, particularly failing in nuanced cases
where users remain satisfied being unaware of un-
derlying errors. These results demonstrate the fun-
damental difficulty of evaluating tool-augmented
dialogues and highlight substantial opportunities
for future research in developing more robust eval-
uation methods and trustworthy dialogue systems.

Limitations

We identify the following limitations of our work.

First, regarding TRACE, although we curated
diverse error cases, the benchmark is still synthetic
and may not fully reflect the complexity and unpre-
dictability of real-world user interactions. Extend-
ing TRACE with naturally occurring conversations
or hybrid synthetic–real corpora would increase
ecological validity.

In addition, the silver subset of TRACE comes
with an error margin (93.13% precision) as de-
scribed in the paper. As a result, we explicitly
label the data points as gold and silver. We will
release our dataset upon acceptance, including this
information.

Another limitation of the TRACE is that the tool
execution is simulated as a part of conversation
generation. Future work can either explore evoking
actual API calls to further improve validity, or a
dedicated tool execution simulator that can come
up with a controlled simulation of tool execution,
e.g., errors that are specific to the type of tool.

Our dataset is restricted to 30 tools from existing
datasets as described in the paper. However, real-
world tools can be more complex and diverse. We
believe our work will serve as a starting point for
studying conversation evaluation in the presence of
more tools.

We studied conversation evaluation only in the
language of English. Our future work includes
taking into account other cultural and language-
specific issues when developing conversation eval-
uation systems.

As for our proposed evaluation framework,
SCOPE performance on hard negatives is still far
from perfect. However, the hard negative cases are
exactly the errors we desire to discover. We hope
future studies will focus on improving its perfor-
mance, especially on hard negative cases.

Ethical Considerations

To the best of our knowledge, we did not violate
any codes of ethics in this paper. We have reported
details on our dataset and framework in the main
paper and in the appendix to ensure reproducibility.
We will release our code and dataset upon approval.
We have thoroughly reported our results, hyperpa-
rameters, and implementation details in the main
paper and in the Appendix.
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A Synthetic Data Generation

A.1 Conversation Generation Implementation
See Figure 3 for the prompt we used to generate
synthetic TODs conversations and Figure 4 for the
prompt to generate random names (to improve the
diversity of the generated conversations).

A.2 Tools in TRACE
There are nine tool groups in total: account, alarm,
calendar, email, message, reminder, weather, rea-
soning, and api_bank. See Table 6 for examples of
the tool that we used.

A.3 Example Conversations
See Figure 5, 6 for example conversations that we
generated.

A.4 Filtering Generated Conversation
In total, we generated 682 conversation, with 391
from Claude-4 and 291 from DeepSeek R1.

Human Annotation We manually verified 143
conversations generated by Claude-4 (116 are
valid) and 88 by DeepSeek R1 (75 are valid). The
annotation process involved two independent sets
of annotators. The first set consisted of a pool
of crowd-sourced annotators, while the second set

comprised of the domain expert (three authors of
the paper). For crowd-sourced annotations, we
worked with professional data linguists who are flu-
ent in English. They were compensated at hourly
basis which was in accordance with the standard
compensation rate in the United States.

A.5 Hard Cases for LLM-Judge

During the validation process, we identified three
cases that are valid but ambiguous to judge in case
of the generated conversations by Sonnet-4. We
only include synthetic conversations in those cases
that are marked valid by human annotator in gold
set and those generated by DeepSeek R1 in the
silver set. Here we include the description of those
cases.

BadParams / UserAware Incorrect/ambiguous
tool parameters were passed, the user realizes it in
the response and is frustrated (failed to successfully
call tool and couldn’t answer user’s question)

The exact definition of “ambiguous tool parame-
ters” is very ambiguous, even for humans. See the
example in Figure 8.

Bad Input Data The agent called the correct tool,
but it got the input information wrong. The tool
executed successfully, but the results are wrong due
to wrong input information. The agent lacks the
necessary information from the tool outputs and
failed to answer the user’s question. The user is
thus not satisfied with the conversation. This case
has a similar problem to the case above: incorrect
parameter to the tool comes from the user, and thus
it is ambiguous, even for humans, what kinds of
parameters are “incorrect” in the situation.

Wrong Action / Silent Incorrect action of the
tool (like incorrect alarm set time, agent is unaware
of the issue, user is unaware of the issue, and is
satisfied). The problem with this case is that, if the
tool output seems to be totally normal, the entire
conversation will have no difference from the over-
all POS conversation. We need to introduce the
fourth dimension, e.g., world status, to show that
the tool call has not resulted in the desired effect.
For example, a world state represented by a dic-
tionary showing that the “SetReminder” tool has
not worked properly to add a new reminder to the
“Reminder List” in the world state dictionary, even
though the tool output is “Success, reminder is set
to xxx time”.

870



Figure 3: Conversation synthesis: conversation generation prompt

Figure 4: Conversation synthesis: random name generator prompt
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Figure 5: Example of generated conversation. WrongTool / Silent: The agent grabs the completely wrong tool and
takes incorrect actions, yet still pretends everything went perfectly, so the user walks away pleased—but in reality,
the requested task never happened the way they thought. User Satisfaction: True; Tool Execution Correctness:
incorrect due to agent; Agent Performance: not appropriate.
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Figure 6: Example of generated conversation. Context Amnesia – After successfully invoking a tool, the agent
discards the earlier user context and redundantly requests information, causing irritation and wasted turns. User
Satisfaction: False; Tool Execution Correctness: correct; Agent Performance: not appropriate.
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Figure 7: Conversation synthesis - prompt for filtering LLM judge.
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Figure 8: Example of a conversation that is hard to use LLM-Judge to automatically filter. BadParams / UserAware:
Incorrect/ambiguous tool parameters were passed, the user realizes it in the response and is frustrated (failed to
successfully call tool and couldn’t answer user’s question)
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Name Group Description Parameters Output
wikipedia_searchreasoning The Wikipedia Search

tool provides access to a
vast collection of
articles covering a wide
range of topics. Can
query specific keywords
or topics to retrieve
accurate and
comprehensive
information.

query (str): The search
query or keywords to
find relevant articles on
Wikipedia.

title (str): A summary
or excerpt from the
Wikipedia article that
matches the search
query.

calculator api_bank Basic arithmetic
operations: addition,
subtraction,
multiplication, division.

formula (str):
Integer-only expression.
Operators: + - * /
( ). Example: (1 +
2) * 3.

—

AddAlarm alarm Adds an alarm for a set
time.

time (string, required):
Time format
%H:%M:%S.

alarm_id (string): ID
like xxxx-xxxx.

Table 6: Tool examples

B SCOPE Implementation

B.1 Prompts

• Step 1: Area Discovery: Figure 9.

• Step 2: Supervised Extraction: Figure 10,
11.

• Step 3.1: Rubric Summarization: Figure 12,
13.

• Step 3.2: Rubric De-duplication: we use the
same prompt in Step 3.1.

• Step 3.3: Rubric Weight Estimation: Figure
14, 15.

• Step 4: Conversation Label Estimation:
Figure 16.

B.2 Model Configuration

We experiment with Sonnet-3.5 and GPT-4.1 as the
backbone models for SPUR and SCOPE. We called
Sonnet-3.5 and Sonnet-4 through Amazon Bedrock
and GPT-4.1 through OpenAI API. The total cost
of running our experiment was roughly 200USD.

C SPUR Implementation

C.1 Prompts

• Supervised Extraction: Figure 17, 18.

• Rubric Summarization: Figure 19, 20.

• User Satisfaction Estimation: Figure 21

C.2 Model Configuration

All experiments are done with the same configu-
ration as SCOPE implementation as described in
Appendix B.2.

D Output Examples

See examples of Area Discovery (AD) in Table 7
and Rubrics in Table 8 and 9 for a side-by-side
comparison of POS and NEG rubrics extracted by
SPUR and SCOPE.

E Additional Results

E.1 Analysis on Gold vs Silver subsets of
TRACE

In Table 5 we evaluate performance on gold
and silver subsets of TRACE using 5-fold cross-
validation. Our analysis reveals that Claude-
Sonnet-3.5 demonstrates superior accuracy and F1
scores on the silver subset compared to the gold
subset for both SPUR and SCOPE methods. This
indicates that silver data may add some noise to
TRACE where the LLMJ has precision of 0.93,
whereas gold data reflects more realistic evaluation
complexity through human annotation diversity.

E.2 Examples of SCOPE Succeeds and SPUR
Fails

See Figure 22, 23, and 24 for some examples of
SCOPE Succeeds and SPUR Fails.

F SCOPE Pipeline

Step-1: Area Discovery (AD). SCOPE begins by
identifying relevant evaluation areas from the train-
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Figure 9: Prompt for area discovery

Figure 10: Prompt for supervised extraction (POS).
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Figure 11: Prompt for supervised extraction (NEG).

Figure 12: Prompt for rubric summarization (POS).

Figure 13: Prompt for rubric summarization (NEG).
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Figure 14: Prompt for rubric weight estimation (POS).

Figure 15: Prompt for rubric weight estimation (NEG), which also comes with make-or-break estimation.

Figure 16: Prompt for conversation label estimation
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Figure 17: SPUR prompt for supervised extraction (SAT).

Figure 18: SPUR prompt for supervised extraction (DSAT).

Figure 19: SPUR prompt for rubric summarization (SAT).
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Figure 20: SPUR prompt for rubric summarization (DSAT).

Figure 21: SPUR prompt for user satisfaction estimation (USE).
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Figure 22: Example 1 of SCOPE Succeeds and SPUR Fails; this example comes from the hard negative subset, i.e.,
the user is satisfied but the overall label is NEG.
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Figure 23: Example 2 of SCOPE Succeeds and SPUR Fails; this example comes from the hard negative subset, i.e.,
the user is satisfied but the overall label is NEG.
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Figure 24: Example 2 of SCOPE Succeeds and SPUR Fails; this example comes from the hard negative subset, i.e.,
the user is satisfied but the overall label is NEG. Also, this is a good example where make-or-break rubric weights
are helpful, i.e., SCOPE will predict POS (incorrectly) if one of the DSAT rubrics is not make-or-break.
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Area

1. Task Completion: How well the agent fulfills the user’s requests and provides
accurate information.

2. Communication Clarity: The agent’s ability to explain concepts clearly and
address user confusion.

3. Error Handling: How the agent responds to technical issues or mistakes,
including transparency about errors.

4. Appropriate Tool Usage: The agent’s ability to select and use relevant tools
to complete tasks.

5. User Satisfaction: Overall user experience and resolution of their queries or
concerns.

Table 7: Example of areas discovered by SCOPE during the area discovery phase

ing conversations. These areas span dimensions
like user satisfaction, tool functionality, and inter-
action flow. Unlike SPUR’s narrow focus on user
satisfaction, AD automatically surfaces diverse per-
spectives to ensure comprehensive coverage.

Step-2: Supervised Extraction (SE). Using the
discovered areas and labeled training conversations,
the LLM generates positive or negative reasons for
each applicable area. While SPUR’s classifica-
tion is limited to user satisfaction signals, SCOPE
captures additional nuances like tool usage issues,
agent behavior details, and so on. This enables
identifying conversations that appear satisfactory
but contain critical errors in tool usage or agent
decisions, leading to reliable quality assessment.

Step-3: Rubric Generation (RG). This step has
3 sub-steps: (1) Grouped summarization: Reasons
are grouped by area, ensuring area-specific rubrics
for interpretability. (2) Rubric de-duplication: Re-
dundant rubrics across areas are merged through
summarization. (3) Rubric weight estimation:
LLM is instructed to assign each rubric an inte-
ger weight based on importance. Critical errors
(e.g., incorrect tool output interpretation) are identi-
fied by the LLM as make-or-break rubrics (i.e., it is
critical to the success of the task at hand) with high
weights (if a rubric is identified as make-or-break
by the LLM, it will be assigned a weight of 100),
as a single instance warrants NEG classification.

Step-4: Conversation Label Estimation (CLE).
The final stage aggregates weighted rubric scores
for label determination. For each rubric i, we com-
pute a normalized score norm(si) = si/xmax,
where si is the predicted score (0 if not appli-
cable) and xmax is the maximum possible score

specified in the LLM Prompt. The framework
computes weighted averages for a label L (L ∈
{POS,NEG}) using L =

∑
i∈RL

wi,norm(si)

nL
,

where wi is the importance weight of rubric i, RL

is the set of rubrics in either POS or NEG, and
nL is the number of rubrics in RL. The label with
the higher weighted average is selected.
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SPUR SCOPE

1. Task Completion: The AI success-
fully completes all requested tasks ac-
curately and efficiently.

1. Task Completion and Accuracy: Agent success-
fully addresses all aspects of the user’s query with
precise and comprehensive information.

2. Information Quality: The AI
provides detailed, relevant, and well-
organized information that meets the
user’s needs.

2. Clarity and Organization: Information is presented
in a clear, well-structured manner, enhancing user
understanding and actionability.

3. Multi-tasking Ability: The AI effec-
tively handles multiple tasks or requests
within a single conversation.

3. Effective Tool Usage and Information Retrieval:
Agent efficiently utilizes available tools and sources
to complete tasks and retrieve information.

4. Problem-solving Skills: The AI
demonstrates the ability to identify and
resolve issues or conflicts proactively.

4. Adaptability and Problem-Solving: Agent demon-
strates flexibility in handling various requests, incor-
porates new information, and effectively solves user
problems.

5. Time and Effort Savings: The AI’s
assistance noticeably reduces the time
and effort required from the user.

5. Proactive Assistance: Agent anticipates potential
concerns, provides relevant information, and offers
helpful suggestions beyond the basic request.

6. Clear Communication: The AI offers
concise summaries and confirmations of
actions taken or information provided.

6. Error Handling and Recovery: Agent demonstrates
good judgment in avoiding potential mistakes and
smoothly handles unexpected situations.

7. Personalization: The AI tailors its
responses and actions to the user’s spe-
cific context and preferences.

7. Contextual Analysis: Agent provides historical
data, background information, or comparative analy-
sis to enhance user understanding.

8. User Affirmation: The user explicitly
expresses satisfaction, gratitude, or pos-
itive feedback about the interaction.

8. Professional Communication: Agent maintains
a polite and appropriate tone throughout all interac-
tions.

9. Going Above and Beyond: The AI
provides additional helpful information
or takes extra steps beyond the initial
request.

9. Efficiency and Time-Saving: User acknowledges
increased efficiency or time saved due to the agent’s
assistance.

– 10. User Empowerment: User reports feeling more
confident, prepared, or in control after the interaction.

– 11. Explicit User Satisfaction: User expresses grat-
itude, satisfaction, or positive emotions about the
assistance received.

– 12. Positive Outcome: User expresses excitement
or positivity about their plans or tasks following the
interaction.

Table 8: Comparison of POS rubrics extracted by SPUR and SCOPE during the learning phase.
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SPUR SCOPE
1. Accuracy: Did the AI provide correct
and factual information?

1. Ineffective Tool Usage and Information Process-
ing: Agent misuses tools, misinterprets outputs, or
fails to translate technical data into user-friendly in-
formation.

2. Relevance: Did the AI’s responses
directly address the user’s specific ques-
tions or needs?

2. Task Failure or Inefficiency: Agent provides incor-
rect information, fails to complete tasks, or completes
them inefficiently.

3. Clarity: Were the AI’s responses
clear, concise, and easy to understand?

3. Poor Information Management and Communi-
cation: Agent fails to retain user information, asks
repetitive questions, or inadequately explains pro-
cesses and outcomes.

4. Completeness: Did the AI provide
all the necessary information requested
by the user?

4. Error Handling and Adaptability: Agent fails to
recognize mistakes, adjust communication style, or
provide effective solutions when faced with prob-
lems.

5. Efficiency: Did the interaction
progress smoothly without unnecessary
steps or repetitions?

5. User Dissatisfaction and Experience: User ex-
presses frustration or disappointment, or the interac-
tion lacks a user-centric approach.

6. Appropriateness: Did the AI avoid
asking for irrelevant personal informa-
tion or including unnecessary technical
details?

6. Irrelevant or Overcomplicated Responses: Agent’s
responses are not tailored to user needs, being either
irrelevant, too complex, or unnecessarily detailed.

7. Problem-solving: Did the AI offer al-
ternatives or solutions when faced with
limitations?

7. System Limitations and Task Fulfillment: Essen-
tial tools are unavailable or malfunctioning, hindering
the agent’s ability to complete user requests.

8. Consistency: Were the AI’s re-
sponses logically consistent throughout
the conversation?

8. Inefficient Workflow and Processes: Agent per-
forms unnecessary steps, makes redundant tool calls,
or complicates the interaction unnecessarily.

9. Adaptability: Did the AI adjust its re-
sponses based on user feedback or clari-
fications?

9. Lack of Clear Resolution or Timeline: Agent fails
to offer concrete solutions or timelines for resolving
issues.

– 10. Persistence of Incorrect Behavior: Agent con-
tinues to provide inaccurate information or repeat
mistakes despite user feedback.

– 11. Excessive Protocol Adherence: Strict adherence
to security measures or protocols negatively impacts
user experience.

– 12. Poor Problem-Solving Skills: Agent fails to
adapt to tool limitations or proceeds with incorrect
information without verification.

Table 9: Comparison of NEG rubrics extracted by SPUR and SCOPE during the learning phase.
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G Experiments of Other Baselines

G.1 Reward Modeling

For reward modeling, we use the Skyword-Reward-
V2-Qwen3-8B model as it has shown competi-
tive performance in public conversational bench-
marks. Each user-agent dialog is evaluated using
this model with the following instruction (with the
Tools replaced with tool descriptions of tools in-
volved in the dialog):

Prompt for Skywork

You are a customer care agent
who has access to the following
tools. Now, help the user with
their intent/task through a
tool-augmented dialog.

Tools:
<Tools> {{Tools}} </Tools>

For each train-test split of the 5-fold CV, the
score threshold is tuned on the training set using the
balanced accuracy metric, then the optimal score
threshold is applied on the testing set to generate
the binary label for each test conversation.

G.2 G-Eval

G-Eval provides example prompts for the dialog
evaluation task. We follow the same format to com-
pose our prompt below, where the Conversation
and Tools are replaced with the dialog and the tool
descriptions of tools involved in the dialog.

Prompt for G-Eval

You will be given one
tool-augmented conversation with
the descriptions of the used tools
between a user and an AI agent.

Your task is to evaluate
the overall quality of the
tool-augmented conversation.

Please make sure you read and
understand these instructions
carefully. Please keep this
document open while reviewing,
and refer to it as needed.

Evaluation Criteria:

Overall Score (1-5) - the
collective quality of the
task-oriented and tool-augmented
conversation. All parties and
all aspects should be considered
during the evaluation. Pay
attention to diverse error
patterns.

Evaluation Steps:

Read the conversation and the
descriptions of the used tools
carefully. Identify both positive
and negative areas within the
conversation. Assign a score for
overall quality on a scale of 1
to 5, where 1 is the lowest and
5 is the highest based on the
Evaluation Criteria.

Conversation:
<Conversation> {{Conversation}}
</Conversation>

Tools: <Tools> {{Tools}} </Tools>

Evaluation Form (scores ONLY):
Overall Score:

H List of Situations

The full list of situations and descriptions can be
found in Tables 10, 11, 12, and 13. The case labeled
"Correct" in Table 12 corresponds to the POS label,
while all other cases contain errors and are assigned
NEG labels.
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Case Overall Description User Details Tool Details Agent Details

Correct The agent selects the correct tool and passes
the correct input parameters; tool execution
is successful, and the result is correctly
parsed by the agent; the user is satisfied.

User is satisfied. The tool works
properly and
provides correct
feedback to the
agent.

The agent selects
the correct tool
and passes the cor-
rect parameters;
the tool execution
result is correctly
parsed.

WrongTool
/ Silent

The agent grabs the completely wrong
tool and takes incorrect actions, yet still
pretends everything went perfectly, so the
user walks away pleased—but in reality, the
requested task never happened the way they
thought.

Unaware that the
agent has used the
incorrect tool and
taken the wrong
action, the user is
satisfied.

The tool action is
incorrect because
the agent picks the
wrong tool and
takes incorrect
actions.

The agent should
have chosen the
correct tool and
taken the correct
actions; instead, it
chose the wrong
tool and the wrong
action.

BadParams
/ Silent

The agent chooses the right tool but feeds
it incorrect or ambiguous parameters, pro-
ducing a valid-looking answer that actually
targets the wrong thing; the user has no idea
and remains satisfied.

Unaware of tool
error and agent er-
ror; user satisfied.

The tool action
is incorrect be-
cause the agent
passed incorrect or
ambiguous param-
eters.

The agent should
have run san-
ity checks or
asked follow-ups;
instead passed
ambiguous param-
eters and trusted
the tool output.

BadParse
/ Silent

After receiving a correct tool response, the
agent misinterprets or miscalculates part
of it, then confidently relays the flawed
interpretation; the user accepts it.

Unaware, the
agent misinter-
preted the tool
output.

The tool works
properly and
provides correct
feedback; the out-
put is not correctly
parsed.

The agent should
have parsed the
tool output cor-
rectly; instead
misinterpreted it.

Superfluous
Tool
Calls

The agent peppers the workflow with extra,
irrelevant tool invocations—burning latency
or rate-limit budget—yet the final answer is
fine, so the user never notices the waste.

Unaware of unnec-
essary calls; user
satisfied.

The tool works
properly, but
unnecessary tools
are called.

The agent should
have executed
efficiently; instead,
they wasted calls
and hid them.

Missing
Or
Skipped
Tool

A critical tool call (or follow-up action) is
omitted, leaving the solution half-baked or
inefficient; the user does not realize.

Unaware that
important calls
are skipped; user
satisfied.

Tool works prop-
erly but critical
calls are skipped.

Agent should have
conducted check-
up or follow-up;
instead missed a
critical action.

Security
Overkill

The agent needlessly routes a harm-
less request through heavyweight secu-
rity/compliance tools, slowing everything
down and adding complexity without bene-
fit.

Unaware of un-
necessary security
checks; user satis-
fied.

Tool works prop-
erly but unnec-
essary security
checks are in-
voked.

Agent should
not have called
security tools for a
harmless request.

Info
Overload

The agent answers correctly but dumps
overly technical, confusing content, forcing
the user to sift for the insight.

User is confused
by overly techni-
cal content and not
satisfied.

Tool works prop-
erly and provides
correct feedback.

Agent should
present the output
concisely; instead
responded in an
overly technical
and complicated
way.

Table 10: Cases for Synthesizing Conversations for Tool-usage Evaluation (Cases 1–5)
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Case-id Overall Description User Details Tool Details Agent Details

Mis-
understood
Need

Tool selection is fine, yet the agent misin-
terprets the user’s actual goal or constraints
(e.g., ambiguous query), returning results
that fit a query the user never asked.

User is frustrated
by the misinterpre-
tation of intent.

Tool works prop-
erly and provides
correct feedback.

Agent should have
clarified the user’s
intent; instead
misunderstood and
made an incorrect
call to the right
tool.

Verbose
Trace
Leak

Instead of cleanly summarizing, the agent
exposes raw request/response logs or stack
traces, overwhelming readability and bury-
ing the useful answer.

User provided a
clear request but is
frustrated by the
uninterpretable
response.

Tool works prop-
erly and provides
correct feedback.

Agent should
have parsed the
tool output and
provided a clear,
concise response;
instead passed raw
execution logs.

Unneeded
Security
Gate

The agent injects policy banners,
CAPTCHAs, or multi-step verifications
that add friction even though the user re-
quested something low-risk.

User is frustrated
by unnecessary
follow-up ques-
tions (e.g., se-
curity checks or
extra information).

Tool works prop-
erly and provides
correct feedback.

Agent should
have efficiently
called the correct
tool and finished
the task; instead
evoked unnec-
essary security
checks or requests
for information.

Context
Amnesia

After successfully invoking a tool, the agent
discards earlier user context and redun-
dantly re-asks for information, causing
irritation and wasted turns.

User is frustrated
by consistent
follow-up ques-
tions already
answered earlier.

Tool works prop-
erly and provides
correct feedback.

Agent should have
referred to earlier
responses; instead
asked repetitive
questions; task
completes but
inefficiently.

Hallucination
With
Access

Instead of relying on an available authori-
tative tool’s output, the agent fabricates an
answer from thin air, confidently presenting
fiction as fact.

User is frustrated
by the halluci-
nated answer.

Correct tool is
called with cor-
rect input; tool
execution is also
correct.

Agent should have
faithfully reported
the answer; in-
stead hallucinated
the result.

Wrong
Tool /
User
Aware

The agent picks the wrong tool, producing
an answer that clearly misses the mark; the
user is unhappy.

User is aware the
agent called the
incorrect tool and
is unsatisfied.

Tool works prop-
erly but the incor-
rect tool is called.

Agent should
have called the
correct tool for the
request; instead
called an incorrect
tool.

Bad
Params
/ User
Aware

Right tool, but erroneous parameters make
the output visibly wrong, so the user notices
and complains.

User provided
ambiguous input
and notices the
agent used incor-
rect parameters;
unsatisfied.

Tool gets incorrect
or ambiguous in-
put; tool execution
fails.

Agent should
have done basic
sanity checks
and asked follow-
ups to clarify;
instead passed the
ambiguous input
directly.

Bad Input
Data

The agent feeds incorrect situational data
into an otherwise correct tool, yielding a
plausible-but-irrelevant answer that doesn’t
satisfy the user’s request.

User is dissatisfied
with the plausible-
but-irrelevant
answer.

Tool works prop-
erly and provides
correct feedback,
however the input
for the tool is in-
correct.

Agent called the
correct tool but
got the input infor-
mation wrong and
failed to answer
the user’s ques-
tion.

Table 11: Cases for Synthesizing Conversations for Tool-usage Evaluation (cont.)
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Case-id Overall Description User Details Tool Details Agent Details

Wrong
Action
Silent

Correct tool selected, but incorrectly exe-
cuted. Agent couldn’t tell the error because
tool output looks completely normal and
tells the user the task is done.

Unaware that the
tool execution is
incorrect and is
satisfied.

Incorrect tool
execution: the
tool does not
provide accurate
execution results;
logs suggest it ran
correctly (but it
did not).

Agent called the
correct tool with
correct input,
parsed the output,
and could not tell
from feedback
that execution was
problematic.

Trusted
Wrong
Fact

Tool execution is incorrect but the tool
output looks normal (the tool hides the
error), and the agent accepts it uncritically,
passing misinformation along.

Unaware that the
tool execution is
incorrect and is
satisfied.

Incorrect tool ex-
ecution: the tool
provides inaccu-
rate feedback and
it’s hard to tell
the execution is
problematic.

Agent called the
correct tool with
correct input,
correctly parsed
the output, and
could not detect
the hidden error.

Propagated
Tool
Error

The tool’s execution is incorrect and the
agent should have caught the error from
the response, yet forwards it without sanity
checks, letting garbage reach the user.

Unaware that the
tool execution and
agent behaviors
are incorrect;
satisfied.

Tool executes
“properly” but
does not align
with the user’s
goal; logs show
the misalignment.

Agent called the
correct tool with
correct input but
failed to notice the
misalignment and
reported the task
done.

Hallucination
Fallback

When a tool times-out or returns empty re-
sult, the agent makes up a plausible answer
instead of acknowledging uncertainty; the
user accepts it, unaware it’s fiction.

Unaware that the
tool execution and
agent behaviors
are incorrect;
satisfied.

Tool does not
respond (timeout
or blank message).

Agent called
the correct tool
with correct in-
put; should have
explained the func-
tional error, but
hallucinated the
result instead.

Hallucinated
Edit

The agent receives incorrect tool output
but quietly rewrites or embellishes it to
better “fit” the conversation, introducing
inaccuracies.

Unaware that
the agent had
hallucinated the
answer, satisfied.

The tool executes
incorrectly and
provides accurate
logs showing the
error.

The agent should
have explained the
situation; instead
hallucinated part
of the response to
cover the error.

Tool Un-
available

The requested tool is down; the agent apolo-
gizes and suggests a reasonable alternative
path; the user is unhappy.

Unsatisfied with
the task failure
and not happy
about the sugges-
tion.

The tool is not ac-
cessible (timeout
or empty).

The agent called
the correct tool
with the correct
input, but it was
unavailable; the
agent suggested a
reasonable alterna-
tive.

Impossible
Action
Sug-
gested

The user asks for something the tool cannot
do (out-of-domain); the agent proposes
a reasonable workaround; the user is not
happy.

Unsatisfied with
the failure and not
happy about the
suggestion.

Tool execution
failed, and the
error log shows
the request is
invalid or not
executable.

The agent called
the correct tool
with the correct
input; suggested a
reasonable alterna-
tive.

Table 12: Cases for Synthesizing Conversations for Tool-usage Evaluation (Cases 1–5)
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Case-id Overall Description User Details Tool Details Agent Details

Tool
Failure
/ User
Aware

The tool does not perform correctly; the
agent does not notice; the user notices the
discrepancy and loses trust.

Unsatisfied with
the incorrect out-
put and unhappy
that the agent
didn’t catch it.

The tool executed
incorrectly and
provided feed-
back/logs.

The agent should
have checked
against the user’s
goal and caught
the error; instead
posted the tool
response without
checking.

Partial
Tool
Answer

The tool’s response lacks critical detail; the
agent doesn’t notice or supplement/clarify,
so the user receives an incomplete picture
and is dissatisfied.

Unsatisfied with
the incomplete
output and un-
happy that the
agent didn’t catch
the gap.

The tool executed
correctly, but the
response didn’t
fully fulfill the
request.

The agent should
have caught the
gap between the
tool response and
the user’s goal;
instead forwarded
it blindly.

Null Tool
Response

The tool comes back null or with an execu-
tion error; the agent provides no fallback in-
formation, leaving the user empty-handed.

Unsatisfied with
not getting a re-
sponse and un-
happy with the
agent.

Tool execution
failed, and the
response is either
empty or a time-
out.

The agent should
have retried the
tool or explained
the issue; instead
gave up.

Table 13: Cases for Synthesizing Conversations for Tool-usage Evaluation (cont.)
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