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Abstract

User-engaged LLM agents increasingly operate in service scenarios where task success de-
pends on coordination between the agent, the user, and a stateful environment. In such
interactions, the agent often has access to rich information that the user does not observe,
such as task policies, tool results, and environment states. This makes agent-user commu-
nication a central component of task completion. In this work, we study a communication-
level failure mode of user-service agents: internal reasoning is counterproductive for the
interactive information disclosure. We introduce information disclosure as a measurable
communication mechanism, covering state corrections, available options, constraints, conse-
quences, and proactively retrieved environment information. Motivated by recent advances
in LLM reasoning, we evaluate and analyse information disclosure under a controlled set-
ting of agents equipped with a “think” tool, which allows agents to reason internally before
responding or acting. Across five models and three user-service scenarios, we first show that
enforced thinking has unstable utility. We then analyse response scaling under different
think efforts and find that more thinking does not reliably translate into richer information
disclosure. Using evidence-grounded probing and turn-level counterfactual intervention, we
show that injecting golden decision-relevant information significantly intervenes agents to
correct action trajectories, indicating that missing disclosure can causally affect the agent’s
immediate downstream environment-edit behaviour. We further find that failed trajectories
most often lack state corrections and constraints, and that a lightweight disclosure-aware
prompt effectively mitigates degradation from enforced thinking. These results suggest that
the key challenge is not simply making agents think more, but ensuring that reasoning and
environment information are externalised as timely, user-facing information disclosure.

1 Introduction

Large language model (LLM) agents are increasingly applied to user-service scenarios where task completion
requires coordination among an agent, a user, and a stateful environment (Yao et al., 2023b; Gao et al.,
2025). Unlike conventional reasoning benchmarks in which the full problem specification is given upfront,
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Figure 1: An overview of the counterfactual intervention design. To handle intervention in multi-turn
dialogue processes, the method identifies the last agent’s user decision point before the first environment
edit action. Next, the method injects the InfoDis evidence annotated from evidence-grounded probing.

user-engaged tasks often unfold as collaborative decision-making under asymmetric and partial informa-
tion (Hemmer et al., 2025; Luo et al., 2025; Lu et al., 2025; Wang et al., 2024c; Qian et al., 2025). The agent
may have access to rich hard-to-read information including task policies, tool interfaces, and environment
states, while the user holds complicated intent: goals, preferences, or constraints. As a result, the agent
must establish sufficient common ground with the user before consequential decisions are made.

In previous studies, a common practice in enhancing LLM agents is to equip them with higher reasoning
efforts (Yao et al., 2024; Anthropic, 2025), which allows agents to handle complicated intent understanding,
task planning and logical reasoning (Muennighoff et al., 2025; Wei et al., 2022). However, the interaction-
aware characteristic of user-engaged scenarios makes the contribution of internal reasoning doubtful. In our
large-scale validation across five models, three user-service scenarios, and two think modes, enforcing internal
thinking does not reliably improve agent performance (see Table 1). This raises a mechanism-level research
question: How productive is thinking for incentivising agents’ user-service behaviour?

We argue that the missing piece lies in the distinction between external communication and internal reason-
ing. In user-engaged tasks, the agent’s success is directly decided by whether it has sufficient communication
with the user and whether it applies correct environment-aware actions during the communication. The
agent’s internal reasoning is useful only insofar as it is converted into appropriate user-facing responses and
environment actions. When the next state transition depends on the user’s decision – confirmation, selection,
or preference (Williams & Young, 2007), the user must be informed of the relevant information: state, op-
tions, constraints, and consequences (Clark & Brennan, 1991). Although an internal think step may help the
agent organise its own plan, it does not guarantee that decision-relevant information is either identified by the
agent or disclosed to the user at the right time. This view is consistent with theories of shared collaborative
plans (Grosz & Kraus, 1996), POMDP-based models of dialogue, and cooperative decision-making under
uncertainty (Hadfield-Menell et al., 2016; Lin et al., 2024). As a result, a natural communication–reasoning
mismatch exists: the user still makes decisions under incomplete information while the agent may privately
process useful information.

To study this mismatch, we introduce information disclosure as a measurable communication mechanism
in user-engaged LLM agents. We define information disclosure as the agent’s proactive communication
of decision-relevant information that the user likely does not possess but needs for the next decision. This
includes state corrections, available options, task constraints, decision consequences, and proactively retrieved
environment information. This perspective complements prior work on information clarification (Luo et al.,
2025; Zhang & Choi, 2025; Suri et al., 2026), where the agent elicits missing information from the user.
In contrast, information disclosure studies the reverse direction of information flow: what the agent should
reveal to help the user make an informed decision.

We conduct a multi-stage empirical study to examine how information disclosure and downstream task
dynamics are affected by interal thinking efforts. Taking the “think” tool as a controlled and practically im-
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portant instantiation, we first evaluate across multiple models and scenarios, showing that enforced thinking
does not consistently improve user-service task success. Second, we analyse different levels of think effort and
find that more internal thinking does not reliably translate to user-facing communication. Third, a motivat-
ing case study shows that an enforced-think agent can omit a critical task constraint before the user’s decision,
misleading the user toward an invalid action. We then formalise this phenomenon through evidence-grounded
probing of information disclosure and perform turn-level counterfactual interventions on failed trajectories
(see Figure 1). Compared with verbosity and think-content controls, injecting golden decision-relevant in-
formation produces a more significant improvement in First Edit Correction Rate (FECR), indicating that
missing disclosure can directly affect the agent’s immediate downstream environment-edit behavior. Finally,
we show that a simple InfoDis-aware prompting strategy mitigates the degradation of enforced thinking and
improves overall performance across models and domains. Overall, this study demonstrates that informa-
tion disclosure is an interpretable and controllable factor of user-engaged LLM agents, providing insights for
future development of relevant fields.

In summary, this study makes three contributions:

• We formulate missing decision-relevant information disclosure as a general communication bottleneck in
user-service LLM agents and show that augmenting internal reasoning alone does not ensure that users
receive the information required for informed decisions.

• We introduce a five-category taxonomy and an evidence-grounded framework for probing information
disclosure in agent-user dialogues. Through turn-level counterfactual intervention, we demonstrate that
missing disclosure is an interpretable and actionable factor in downstream agent failures.

• We evaluate disclosure-aware prompting as a lightweight, training-free intervention for both thinking
and non-thinking agents, showing that explicitly optimizing user-facing disclosure can improve overall
performance and, in particular, mitigate degradation under enforced thinking.

2 Related Work

Agent-user communication. User-engaged agents have become an important class of LLM agents in
both industrial and academic settings (Clarke et al., 2022; Deshpande et al., 2025). These agents commu-
nicate with users through natural language (Qian et al., 2024) while interacting with external environments
through formatted actions or tool calls (Yao et al., 2023b; OpenAI, 2025a). Accordingly, recent benchmarks
have moved beyond static multi-turn dialogue evaluation (Bai et al., 2024) toward interactive evaluation
with simulated users and verifiable task outcomes, such as database-state matching in τ -Bench (Yao et al.,
2024), tool-use feedback in MINT (Wang et al., 2024c), and milestone tracking in ToolSandbox (Lu et al.,
2025). A key challenge in user-agent communication is asymmetric information. Existing studies mainly
address this issue through information clarification, where the agent elicits missing or ambiguous information
from the user. Prior works cover implicit user intention understanding (Qian et al., 2024), deciding when
to ask clarification questions (Zhang & Choi, 2025), clarification-oriented dialogue evaluation (Luo et al.,
2025), and training agents to reason, speak, and act interactively (Acikgoz et al., 2026). In contrast, our
work studies the reverse direction of information flow: information disclosure, where the agent proactively
communicates task-relevant information to help the user make informed decisions. This perspective comple-
ments clarification-based interaction and highlights a different failure mode: the agent may have access to
information that the user needs, but fail to disclose it before the user’s next decision.

Reasoning of LLM agents. Reasoning has been widely studied as a core capability of LLMs and LLM
agents. Chain-of-thought prompting improves mathematical and symbolic reasoning by eliciting intermediate
reasoning traces (Wei et al., 2022; Kojima et al., 2022), and later methods extend this idea through structured
search, planning, and reflection (Yao et al., 2023a; Shinn et al., 2023; Hao et al., 2023). In agent settings,
ReAct interleaves reasoning traces with environment actions (Yao et al., 2023b), and subsequent agent
frameworks explore reflection, memory, and planning for long-horizon tool use (Shinn et al., 2023; Wang et al.,
2024b). However, explicit reasoning does not always improve user-engaged tool-calling agents. Previous
works in reasoning have discovered the overthinking problem (Ghosal et al., 2025). Recent studies find
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that chain-of-thought or reasoning traces can have marginal or inconsistent utility in interactive tool-use
settings (Yao et al., 2024; Sprague et al., 2025; Zhang et al., 2026). Meanwhile, the private “think” tool has
been introduced as a model-agnostic way for tool-calling agents to write intermediate reasoning into their own
context without exposing it to users or modifying the environment (Anthropic, 2025). Existing explanations
for its unstable utility often focus on insufficient training (Wang et al., 2024a), hallucinated thoughts (Yin
et al., 2026; Baker et al., 2025), or mismatch between reasoning and tool-use objectives (Sprague et al., 2025).
Our work instead examines a communication-level mechanism: in user-engaged tasks, internal reasoning may
fail to help when decision-relevant information is not externalized to the user before the next decision point.

3 An Empirical Study of Think on Response Scaling

3.1 Preliminary Evaluation of the “Think” Tool

We consider a user-engaged tool-calling agent that interacts with a user through natural language and with
an external environment through tool calls. Let F = {f1, . . . , fC} denote the original tool set, and let fthink
denote a internal reasoning tool. Following prior practice (Anthropic, 2025; Yao et al., 2024), fthink does
not query the environment or modify its state; instead, it appends a free-form reasoning trace to the agent’s
internal context. This trace is visible to the agent in subsequent steps but invisible to the user. We compare
agents equipped with F against agents equipped with F ∪ {fthink}. As a preliminary validation, we evaluate
whether enforcing the “think” tool before each agent step improves task performance.

Our evaluation covers diverse model families and generations, including GPT-4o (Hurst et al., 2024), GPT-
4.1 (OpenAI, 2025b), GPT-5 (OpenAI, 2025c), DeepSeek-V3.1 (DeepSeek, 2025), and gpt-oss-120b (Agarwal
et al., 2025). We use three representative user-service scenarios: Retail and Airline from τ -Bench (Yao et al.,
2024), and the multi-turn phone scenario from ToolSandbox, denoted as TS-Phone (Lu et al., 2025). The
original ToolSandbox uses a process-aware milestone similarity in [0, 1] as the evaluation metric. For our
comparative evaluation, we label similarity > 0.9 as “passed” to get a binary outcome score. Each setting is
evaluated with three random seeds, and we report passˆ1 and passˆ2, where passˆk measures the probability
that all k independent trials of a task succeed. Table 1 shows that enforced thinking does not consistently
improve user-engaged tool-calling agents. While it helps in a few settings, such as gpt-oss-120b on Retail
and GPT-4.1 on Airline, it also substantially degrades performance in others, such as GPT-4.1 on Retail,
where passˆ2 drops from 63.48% to 52.46%, and GPT-4o on Airline, where passˆ2 drops from 30.00% to
19.33%. These results suggest that, unlike reasoning-centric benchmarks, where extended reasoning often
improves performance, it does not necessarily improve user-service agents.

3.2 Performance and Response Scaling Comparison

To examine how the think tool affects user-service agents, we first study response scaling under different
think efforts. In user-engaged settings, think content is private to the agent, while user-visible responses are
the only communication channel available to the user. Thus, response length serves as a coarse surface proxy
for how much information is communicated. Following prior work, we compare four settings: no think, low
think (System 1), medium think (default), and high think (System 2) (Kahneman, 2011; Li et al., 2025). We
append System 1/2 instructions to the agent system prompt to control low/high thinking efforts, with details
in Appendix A. As shown in Figure 2, increasing internal think effort does not reliably improve performance
or scale user-facing responses. In several settings, response length even decreases despite enforced thinking.
This observation suggests that tool-based internal reasoning does not automatically translate into richer
user-facing communication. We next examine this effect at the semantic level through a case study of agent
outputs.

3.3 Case Study on Agent Output

Figure 3 shows a representative failure pattern before the first environment-edit action. Both agents face
the same retail task that helps a user to return and cancel items. In the trajectory without the think tool,
the agent explicitly discloses a key task constraint that the system can only cancel the entire pending order
rather than an individual item. This constraint changes the user’s next decision: the user chooses to skip
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Table 1: Performance comparison of user-engaged tool-calling agents under different think tool mode. Each
setting is run for three trials with random seeds. The passˆk quantifies the chance that all k i.i.d. task trials
are successful, averaged across tasks, representing the reliability and consistency of LLM agents.

Model Think Mode Retail Airline TS-Phone
Passˆ1 Passˆ2 Passˆ1 Passˆ2 Passˆ1 Passˆ2

GPT-4o w/o think 64.06 53.33 43.33 30.00 39.29 30.21
Enforced 59.71 45.51 35.33 19.33 41.52 31.85

GPT-4.1 w/o think 73.33 63.48 44.00 31.33 46.73 37.65
Enforced 65.51 52.46 52.00 40.67 45.24 35.57

GPT-5 w/o think 74.78 64.78 50.67 42.67 24.85 15.77
Enforced 69.57 56.23 42.00 32.00 28.72 19.64

DeepSeek-V3.1 w/o think 71.01 59.71 50.00 34.67 41.52 30.80
Enforced 63.48 46.09 49.33 35.33 41.82 29.91

gpt-oss-120b w/o think 63.77 51.59 45.33 31.33 38.10 27.68
Enforced 66.67 55.65 40.67 27.33 37.05 25.15
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Figure 2: Response token length and passˆ2 with respect to think effort.

the cancellation and proceed only with the return. In contrast, the agent with enforced think internally
records relevant task context in its private thought, but its user-visible response omits the constraint. The
agent lists the options and asks the user to confirm the cancellation reason, without informing the user of
the cancellation constraint. Therefore, the user makes the next decision under incomplete information and
confirms the cancellation. We refer to this missing user-facing communication as information disclosure
(InfoDis). In user-engaged tasks, InfoDis denotes the agent’s proactive communication of decision-relevant
information that the user likely does not possess but needs before making the next decision. Figure 3
presents a constraint disclosure. More broadly, information disclosure can include state correction, available
options, constraints, consequences, and proactively retrieved environment information. In the next section,
we formalize these dimensions and test their effects through turn-level counterfactual intervention.
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Agent w/o think

Hi, I’d like to return and cancel some items.

...

Agent

To confirm, you want to cancel only the Garden
Hose (black, 50ft, vinyl, Item ID: 5206946487) from
your pending order #W2575533, with the reason "
no longer needed."
Please note: I can only cancel the entire pending
order, not individual items. If you proceed, the
whole order #W2575533 (including all items in it)
will be cancelled and refunded to your PayPal
account in 5–7 business days.
Would you like to cancel the entire order #
W2575533, or would you prefer to keep the other
items? Please confirm how you want to proceed.

User

I’d prefer to keep the other items, so let’s skip
cancelling. Just return the other items. How much
refund total?

Agent with enforced think

Hi, I need help returning a few items and cancelling an item.

...

Agent
[Thought] She wants to return items from delivered orders (#
W3792453, #W7181492, #W5565470) and cancel a pending
garden hose order (#W2575533). I need to confirm the details
with her before proceeding, including the payment method for the
return refund and the reason for cancellation.

Here are the details I found for your requests:
1. Return items from delivered orders: ...
2. Cancel a pending order: Garden Hose (#W2575533)
To proceed, please confirm: ...
− You want to cancel the pending garden hose order (#
W2575533) because it is ’no longer needed’ or ’ordered by
mistake’

User

Yes, that’s correct. Please refund to my original PayPal. The
hose order should be cancelled because it was ordered
by mistake.

Figure 3: A case of agent-user interaction before the first environment edit action on a retail task (agent:
GPT-4o; user: GPT-4.1). The blue highlights the information disclosure of task constraint, which inter-
venes the next user decision. The thought of agent with enforced think is invisible to the user.

Table 2: Information disclosure dimensions.

Category Definition Example

State Correction (SC) Information that corrects a factual misunderstanding or
false assumption the user has expressed.

The User says "my cancelled order" but agent
clarifies "this order was delivered, not cancelled"

Option (OP) The set of choices available to the user for their upcoming
decision — including relevant variants, alternatives, or paths.

“Here are available options for replacement:
- ...
- ...”

Constraint (CN)
Rules, policies, eligibility conditions, or limits that affect
what the user can or cannot do — and that the user likely
does not already know.

“Modifications are only possible before shipment”

Consequence (CQ) The concrete outcomes that will result from the user’s decision,
including financial impact, timing, and irreversible effects.

Refund amount, refund timeline, charge amount,
order status change

Proactive Retrieval (PR)
Information the agent proactively fetched from its tools
/database and disclosed even though the user did not possess
and did not directly ask for.

Listing the user’s orders with their contents, showing
both current and new address for comparison

4 Counterfactual Intervention Pipeline of Information Disclosure

4.1 Evidence-Grounded Semantic Probing of Information Disclosure

To study information disclosure in agent-user interaction, we first need to make it observable and measurable.
This is challenging because information disclosure is expressed through natural language rather than through
a structured action space. The same response may contain multiple types of task-relevant information, and
its meaning depends on the preceding user request, retrieved environment states, task policies, and the
upcoming user decision. Moreover, response length alone is insufficient: a short response may disclose a
critical constraint, while a long response may add verbosity without changing what the user knows. We
therefore avoid assigning a scalar “informativeness” score and instead use an evidence-grounded probing
procedure, where an information category is marked as present only when an exact text span in the user-
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visible response supports the label. The bracketed information lists in the left part of Figure 1 illustrate this
probing process.

Information Disclosure Rubrics. We operationalize information disclosure with five binary categories,
summarized in Table 2: State Correction (SC), Option (OP), Constraint (CN), Consequence (CQ), and
Proactive Retrieval (PR). These categories capture common forms of decision-relevant information in user-
service tasks: correcting the user’s false assumptions, presenting feasible choices, disclosing rules or eligibility
conditions, explaining downstream outcomes, and revealing environment information proactively retrieved by
the agent. For each agent response, every category is annotated as either present or absent. We use binary
labels rather than graded scores to reduce ambiguity and to make trajectory-level information disclosure
comparable across models, domains, and intervention conditions.

Evidence-Grounded Annotation. Given an agent-user trajectory, we perform annotation at the agent-
turn level. To avoid exposing annotators to experimental conditions, we mask internal reasoning traces and
tool calls, and present only the system prompt, user utterances, and user-visible agent responses. For each
agent response, the annotator labels the five InfoDis categories. A category can be marked as present only
if the annotator identifies an exact substring in the response that directly supports the label; otherwise, it is
marked as absent. We also annotate whether each agent turn is a user decision point, defined as a turn after
which the next user response can determine the subsequent task trajectory, such as confirming an action,
selecting among options, providing preferences, or authorizing an environment edit. These annotations
provide the basis for comparing successful reference trajectories with failed target trajectories and identifying
missing disclosure evidence for counterfactual injection, as shown in Figure 1.

4.2 Counterfactual Information Injection

Figure 1 illustrates our turn-level counterfactual intervention pipeline. Given a failed target trajectory and
a matched successful golden trajectory for the same task, we first compare their evidence-grounded InfoDis
annotations. The goal is to identify decision-relevant information that is present in the golden response but
absent from the failed response, and then inject this missing information into the failed trajectory before
the agent makes its first task-critical environment edit. Formally, let τ be a failed target trajectory and τ∗

be a matched successful golden trajectory. Both trajectories are annotated with InfoDis labels and evidence
spans as described in Section 4.1. For the target trajectory, we locate the first environment-edit action, such
as order cancellation, refund creation, flight change, or reservation update. We then select the last user
decision point before this edit as the intervention turn. This choice targets the moment where additional
disclosure can still affect the user’s next response and the agent’s subsequent edit action.

Next, the injected content is constructed by comparing the target response with the corresponding golden
response at the selected decision point. InfoDis categories that are supported by evidence in the golden
response but absent from the target response are treated as missing disclosure. We use the golden evidence
spans as the source of injected information. To avoid unnatural concatenation, a rewriting model minimally
revises the original target response so that the missing evidence is naturally included while preserving the
response intent, style, and next question.

Finally, the rewritten response replaces the original target response, and the dialogue is rolled out from
that point with the same agent and user simulator. We evaluate whether the intervention changes the first
environment-edit action and whether the final trajectory outcome matches the golden trajectory. To separate
the effect of decision-relevant disclosure from generic text perturbation, we compare +Golden Info against
two controls: +Think Content, which injects content extracted from the agent’s internal think trace, and
+Verbosity, which increases response verbosity without adding the missing golden evidence.

5 Experiments

We aim to answer three research questions in this experiment:

• RQ1: What is the causal effect of injecting information by different methods?
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Table 3: Summary of processed data for counterfactual intervention.

Model Scenario Failed Trajs Golden Trajs Filtered Links
GPT-4o Retail 73 48 64
GPT-4o Airline 48 25 44
DeepSeek-V3.1 Retail 91 58 63
DeepSeek-V3.1 Airline 48 27 43
Total 260 158 214

• RQ2: Which type of information disclosure do failed trials really lack?

• RQ3: Can we boost agent performance by improving their information disclosure?

5.1 Experiment Setup

Environments and Models. Considering the engagement of user and task complexity, for agent scenarios,
we conduct our study on the Retail and Airline on the τ -Bench. For agent LLMs, we take two representative
from different model families: GPT-4o and DeepSeek-V3.1. For user simulator, we take GPT-4.1 considering
its general capability, following the evaluation in Yao et al. (2024). Regarding environment and decoding
setting, the temperature is set as 0.2 for the agent and 1.0 for the user, respectively. The max_token is set
to 4096 for both LLMs. To mitigate randomness from the sampling of agent and user outputs, each agent
task is run for three trials for any setting.

Dataset Preprocessing. To filter the trajectories for counterfactual intervention, we preprocess on all
the three trials of {Retail, Airline}×{GPT-4o, DeepSeek-V3.1}. Specifically, we reserve all the tasks that
concurrently have at least one successful trial in the no-think mode and at least one failed trial in the
enforced-think mode. Each item in the processed data has a unique failed enforced-think trajectory and its
corresponding successful “golden” trajectory, which could be shared by multiple failed trials. Finally, we
filter out data items whose neither failed nor successful trajectories include any environment-edit actions.
This final result is presented as the experimental dataset, as shown in the “Filter Links” column in Table 3.

Evaluation Metrics. We evaluate counterfactual interventions on failed trajectories that contain at least
one environment-edit action. Let Tfail denote the set of such failed trajectories, and let τ̃ be the intervened
trajectory obtained from an original failed trajectory τ . First Edit Correction Rate (FECR) measures
the fraction of intervened trajectories whose first environment-edit action is corrected to match the cor-
responding golden trajectory, among trajectories whose original first edit does not match the golden first
edit:

FECR =
∑

τ∈Tfail
1[e1(τ) ̸= e1(τ⋆) ∧ e1(τ̃) = e1(τ⋆)]∑

τ∈Tfail
1[e1(τ) ̸= e1(τ⋆)] ,

where e1(·) denotes the first environment-edit action and τ⋆ denotes the matched golden trajectory.

Recovery Rate (RR) measures the fraction of originally failed trajectories whose final outcome becomes
successful after intervention, i.e., matches the golden outcome:

RR =
∑

τ∈Tfail
1[y(τ) ̸= y(τ⋆) ∧ y(τ̃) = y(τ⋆)]∑

τ∈Tfail
1[y(τ) ̸= y(τ⋆)] ,

where y(·) denotes the final task outcome.

5.2 Turn-level Intervention of Information Disclosure (RQ1)

We first examine the causal effect of different turn-level information injection methods on failed enforced-
think trajectories. We aim to answer the following specific questions under RQ1:
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Table 4: Counterfactual intervention results (FECR (%) and RR (%)) on failure enforce-think agents. Values
after ‘±’ denotes standard deviation.

Intervention
Retail Airline

GPT-4o DeepSeek-V3.1 GPT-4o DeepSeek-V3.1
FECR↑ RR↑ FECR↑ RR↑ FECR↑ RR↑ FECR↑ RR↑

Original 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
+Verbosity 7.09 ±2.65 21.35 ±13.64 8.33 ±1.07 25.93 ±1.50 4.90 ±1.39 19.70 ±1.07 2.94 ±2.40 4.65 ±3.29
+Think Content 8.51 ±0.00 21.88 ±7.76 8.33 ±3.86 15.34 ±5.24 6.86 ±3.67 18.18 ±1.86 0.98 ±1.39 3.10 ±1.10
+Golden Info 17.73 ±4.01 33.85 ±0.74 11.36 ±3.21 11.64 ±3.26 6.86 ±1.39 21.21 ±3.86 8.82 ±2.40 11.63 ±1.90
+Golden Think 17.73 ±4.03 27.60 ±0.90 28.03 ±1.31 32.28±1.83 5.88 ±2.94 17.42 ±3.47 9.80 ±4.49 20.93 ±6.15

Table 5: Summary of the effect of interven-
tions on task dynamics micro-averaged on
models and domains.

Intervention FECR↑ (%) RR↑ (%)
Original 0.00 0.00
+Verbosity 6.08 ±0.30 19.00 ±2.96
+Think Content 6.50 ±1.57 15.42 ±2.50
+Golden Info 11.74 ±1.57 20.25 ±1.17
+Golden Think 16.35 ±2.05 25.55 ±2.10

Table 6: Ratio of the number of trials to obtain a success-
ful reasoning trajectory to construct the +Golden Think in-
stance group.

Model Domain 1 trials 2 trials 3 trials

GPT-4o Retail 67.86% 21.43% 10.71%
Airline 68.75% 25.00% 6.25%

DeepSeek-V3.1 Retail 62.50% 29.17% 8.33%
Airline 83.33% 11.11% 5.56%

• RQ 1.1: Given an actually observed failed enforced-think trajectory, is exposing the private reasoning
generated in that failed trajectory sufficient to recover the missing communication and change the
subsequent interaction?

• RQ 1.2: Can we change the subsequent user decision and agent action if we restore the specific
decision-relevant information identified as missing from the failed response?

• RQ 1.3: If we rerun the same task until the thinking agent succeeds, can the reasoning trace from
that successful run contain information useful for repairing the failed interaction?

We design four intervention groups to address the RQs above: +Verbosity increases the response length
without adding missing golden evidence, serving as a baseline. +Think Content injects information extracted
from the agent’s private think trace to address RQ 1.1. +Golden Info injects missing decision-relevant
information extracted from a matched successful, non-thinking trajectory to address RQ 1.2. +Golden
Think injects information extracted from the agent’s reasoning content from a matched successful, thinking
trajectory to address RQ 1.3.

GPT-4o DeepSeek-V3.1
0

5

10

15

20

25

FE
CR

 (%
)

-Retail -Airline

+Verbosity +Think +GoldenInfo +GoldenThink

Figure 4: Left: Intervention effect w.r.t. models. Right: Intervention effect w.r.t. domains. Error bars
denotes standard deviation.
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Figure 5: Results of frequency of intervention for different information disclosure dimensions.
Table 7: Task performance of agents with various prompting across three independent trials. Each value is
displayed as a percentage. Values in parentheses denote the change against Baseline.

Model Prompt Retail Airline Micro Overall
Passˆ1 Passˆ2 Passˆ1 Passˆ2 Passˆ1 ∆(Passˆ1)
tool-calling agent w/o enforced think tool

GPT-4o
Baseline 64.06 53.33 43.33 30.00 57.78 -
ProCoT 66.38 (+2.32) 55.07 (+1.74) 46.00 (+2.67) 32.00 (+2.00) 60.00 +2.42
InfoDis (ours) 67.25 (+3.19) 54.49 (+1.16) 45.33 (+2.00) 27.33 (-2.67) 60.61 +2.83

DeepSeek-V3.1
Baseline 71.01 59.71 50.00 34.67 64.65 -
ProCoT 70.14 (-0.87) 60.00 (+0.29) 51.33 (+1.33) 37.33 (+2.66) 64.44 -0.21
InfoDis (ours) 70.43 (-0.58) 57.97 (-1.74) 52.00 (+2.00) 36.67 (+2.00) 64.85 +0.20

tool-calling agent w/ enforced think tool

GPT-4o Baseline 59.71 45.51 35.33 19.33 52.32 -
InfoDis (ours) 61.74 (+2.03) 49.57 (+4.06) 48.00 (+12.67) 33.33 (+14.00) 57.58 +5.26

DeepSeek-V3.1 Baseline 63.48 46.09 49.33 35.33 59.19 -
InfoDis (ours) 68.70 (+5.22) 54.20 (+8.11) 48.67 (-0.66) 36.00 (+0.67) 62.63 +3.44

Table 4 reports the results across two models and two domains. Table 5 and Figure 4 summarizes the micro-
averaged intervention effects. Overall, +Golden Think produces the clearest effect on the agent’s immediate
downstream action. Its micro-averaged FECR reaches 16.35%, compared with 6.08% for +Verbosity and
6.50% for +Think Content, and the same trend holds under both model-level and domain-level aggregation
in Figure 4. +Golden Info also exhibits significant improvment compared to baseline interventions. Both
interventions demonstrate the utility of injecting missing information to failed trajectories. Since FECR
measures whether the first environment-edit action is corrected after intervention, this result suggests that
missing decision-relevant disclosure can causally affect the agent’s immediate structured behavior after the
user decision point. On the other hand, the weaker effect on final recovery indicates that RR is a more
downstream and noisier outcome, as later turns, tool calls, or planning decisions may still fail even after the
first edit is corrected.

It also shows that internal thinking is counter-productive for the interactive multi-decision setting. The
+Think Content does not consistently outperform +Verbosity, whereas +Golden Info more reliably im-
proves FECR. +Golden Think requires multiple trials obtain a successful trajectory (see Table 6), although
it presents a significant improvement of FECR. Thus, targeted information disclosure has a clearer causal
effect on immediate action correction than generic verbosity or direct think-content injection, while its effect
on end-to-end recovery remains setting-dependent.

5.3 Intervention Frequency of Different Dimensions (RQ2)

Figure 5 shows the frequency of InfoDis categories injected by +Golden Info, corresponding to information
present in matched successful trajectories but absent from failed target trajectories. Across both model-level
and domain-level views, State Correction (SC) and Constraint (CN) are the most frequent missing categories,
whereas Option (OP) is consistently the least frequent. This pattern supports our hypothesis that failed
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trajectories often lack information that directly affects the user’s next decision: state correction updates the
user’s understanding of the current task state, while constraint disclosure informs the user about rules and
limits on valid actions.

This result also aligns with the motivating case study in Figure 3, where the enforced-think agent omits
a cancellation constraint before asking the user for confirmation. The aggregate analysis shows that such
missing constraints are not isolated; together with state corrections, they form the largest gap between failed
and successful trajectories. Therefore, both qualitative and quantitative evidence suggest that user-service
failures are often associated with missing decision-relevant disclosure, especially information that changes
the user’s understanding of the current state or the validity of possible actions.

5.4 Prompt-level Intervention of Information Disclosure (RQ3)

Finally, we evaluate whether improving information disclosure at the prompt level can boost agent perfor-
mance. We add a lightweight InfoDis instruction to the end of the agent system prompt (see Appendix
A.4), encouraging the agent to disclose decision-relevant states, constraints, options, and consequences be-
fore asking the user to make decisions. We compare InfoDis against two prompt strategies: Baseline and
ProCoT (Deng et al., 2023). Baseline is the original prompting of the tool-calling agent in τ -bench, including
task policy and action guidelines. ProCoT prompts the model to reason about the dialogue state and plan
a proactive next action before generating its response, making it a relevant comparison for InfoDis. Unlike
the turn-level intervention in RQ1, this intervention is applied before the trajectory starts and is evaluated
on the full Retail and Airline test sets across three independent trials.

As shown in Table 7, InfoDis prompting generally recovers task performance. For agents without the think
tool, it further raises the micro-averaged passˆ1 of GPT-4o from 57.78% to 60.61%, while maintaining
a slight gain for DeepSeek-V3.1. More importantly, for enforced-think agents, InfoDis prompting consis-
tently mitigates the performance degradation. GPT-4o improves from 52.32% to 57.58% micro passˆ1, and
DeepSeek-V3.1 improves from 59.19% to 62.63%. The gains are especially clear on Retail, where enforced-
think agents improve on both passˆ1 and passˆ2 for both models.

These results suggest that information disclosure is not only a diagnostic lens for analyzing failed trajectories,
but also a practical intervention target. For already strong no-think agents, InfoDis prompting can raise the
performance ceiling by improving user-facing communication. For enforced-think agents, it helps recover part
of the lost performance by encouraging public response to be externalized as decision-relevant disclosure. This
supports our central claim that user-service agents should not only reason privately, but also communicate
the right information before user decision points.

6 Conclusion

In this work, we rethink user-engaged LLM agents from the perspective of agent-user communication. Across
multiple models and user-service scenarios, we find that enforced internal thinking does not reliably mitigate
task performance, and increasing thinking effort does not necessarily translate to user-facing communication.
To explain this gap, we formulate information disclosure as a communication-level mechanism in agent-
user interaction. We define and probe five types of decision-relevant disclosure: state correction, option,
constraint, consequence, and proactive retrieval. Through evidence-grounded annotation and turn-level
counterfactual intervention, we show that failed trajectories often lack information that is present in matched
successful trajectories. Injecting golden decision-relevant information produces the clearest improvement in
First Edit Correction Rate, indicating that missing disclosure can causally affect the agent’s immediate
downstream environment-edit behaviour. At the same time, the more modest gains in final Recovery Rate
show that information disclosure explains an actionable subset of failures rather than all failures. Our results
also show that raw internal thinking is not equivalent to effective user-facing disclosure. Directly injecting
think content is less reliable than injecting targeted golden information, suggesting that the current usage of
the think tool does not explicitly boost the models’ capability of capturing pivotal information for disclosures.
Finally, our prompt-level InfoDis intervention improves performance for no-think agents and mitigates the
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degradation of enforced-think agents, demonstrating that information disclosure is not only a diagnostic lens
but also a practical design target.

Overall, our findings suggest that future user-service agents should be optimized not merely to enhance
reasoning ability, but to improve communicating the right information at the right decision points. The
central challenge of user-service agents is therefore the reliable conversion of environment information into
public, decision-relevant disclosure. We hope this study could incentivise future research in user-centric
agents and user-agent interaction.
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A Prompts Used in Experiments

A.1 Think Effort Control

Low Think (System-1) Prompt

You must use System 1 thinking. Before providing your final answer, provide a direct, concise,
and intuitive answer immediately. Do not engage in step-by-step reasoning, internal monologue,
or detailed deliberation. Focus on speed and immediate pattern recognition.

High Think (System-2) Prompt

You must use System 2 thinking. Before providing your final answer, engage in an extensive,
step-by-step analytical process. Deconstruct the problem, evaluate potential pitfalls, verify
your logic, and show your detailed reasoning. Prioritize depth, accuracy, and rigorous
deliberation over brevity.

A.2 Evidence-grounded Information Probing

Evidence-Grounded Information Probing Prompt

You are an expert annotator for information disclosure in user-agent task-oriented dialogues.
Your job is to analyze each assistant turn in a conversation and measure how well the agent
discloses decision-relevant information to the user.

## Your Task

You will receive a full conversation as a JSON array. Each object has:
- "index": turn number (0-indexed)
- "role": "user" or "assistant"
- "content": the turn text (may be null)

For each assistant turn where content is NOT null, you must annotate the information disclosure
across five categories. For each category you must work in two steps, in this exact order:

1. **Mark the evidence first.** Find the verbatim span of text in the SAME assistant turn that
discloses the information for this category, and copy it exactly into the "quote" field. The
quote MUST be an exact substring of that assistant turn’s content --- do not paraphrase,
summarize, normalize whitespace, or stitch together non-contiguous fragments. If multiple spans
are relevant, choose the single most decision-relevant contiguous span.
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2. **Then assign the binary label.** Decide "present" or "absent" based on whether a valid
supporting quote exists.

The label MUST be justified by the quote and nothing else. If you cannot point to an exact span
in the current turn that discloses the information, the label is "absent" and the "quote"

field MUST be an empty string ("").

Skip turns where content is null or the role is "user".

## Information Categories

Evaluate each category only with respect to the USER’S UPCOMING DECISION at that point in the
conversation. A piece of information is "decision-relevant" if it would change or enable the
user’s next action. Information the user already provided or could infer from prior context
does NOT count.

### 1. State-Correction (SC)
Information that corrects a factual misunderstanding or false assumption the user has expressed
.
- Present: a span in the turn explicitly corrects the user’s mistaken belief (e.g., user says "
my cancelled order" but agent clarifies "this order was delivered, not cancelled")
- Absent: agent doesn’t correct a visible user misconception and proceeds as if it were true

### 2. Option (OP)
The set of choices available to the user for their upcoming decision --- including relevant
variants, alternatives, or paths.
- Present: a span in the turn lists available options for the user to choose
- Absent: options exist but are not disclosed, or only one option is mentioned without
indication of whether others exist

### 3. Constraint (CN)
Rules, policies, eligibility conditions, or limits that affect what the user can or cannot do
--- and that the user likely does not already know.
- Present: a span in the turn explicitly states the relevant policy or constraint (e.g., "this
order is eligible for return because it has been delivered", "modifications are only possible
before shipment")
- Absent: a constraint available for the agent and can affects the user’s decision, but is not
disclosed

### 4. Consequence (CQ)
The concrete outcomes that will result from the user’s decision --- including financial impact
(amounts, not just method), timing, and irreversible effects.
- Present: a span in the turn discloses material consequences (e.g., refund amount, refund
timeline, charge amount, order status change)
- Absent: consequences exist but are not disclosed at a decision point

### 5. Proactive Retrieval (PR)
Information the agent proactively fetched from its tools/database and disclosed to the user ---
information the user did not possess and did not directly ask for, but which is necessary or

highly useful for the user’s decision.
- Present: a span in the turn discloses retrieved user-specific data that enables the decision
(e.g., listing the user’s orders with their contents, showing both current and new address for
comparison, showing current item specs alongside alternatives)
- Absent: agent could have retrieved and disclosed helpful user-specific data but did not

## Scoring Labels
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For each category, use exactly one of:
- "present" --- fully and clearly disclosed, supported by a verbatim quote from the turn
- "absent" --- should have been disclosed but was not; quote is an empty string

## Critical Evaluation Rules

1. **Quote before label**: Always identify the supporting verbatim span before deciding the
label. A "present" label without a valid exact-substring quote is invalid. An "absent" label
must have an empty-string quote.

2. **No fabricated or paraphrased quotes**: The "quote" value must appear character-for-
character in the current assistant turn’s content. Never invent, paraphrase, or pull text from
a different turn.

3. **Context carries forward**: If information was disclosed in an earlier turn and is still
valid, do not mark it present again from a later turn unless that later turn itself restates it
(quotes are always drawn from the current turn).

4. **Null content turns**: If content is null, output a null entry for that turn index --- do
not attempt to annotate.

5. **Do not infer what the agent "meant"**: Judge only what is explicitly stated in a quotable
span. Implied or inferable information should be marked "absent" with an empty-string quote.

## Output Format

Return a JSON array. Each element corresponds to one assistant turn (non-null content only).
Null turns must still appear in the output with null annotation fields. Do not include user
turns in your output.

‘‘‘json
[

{
"turn_index": <int>,
"role": "assistant",
"is_null": <true|false>,
"decision_point": <true|false>,
"annotations": {

"SC": { "quote": "<exact substring of this turn, or \"\" if absent>", "label": "<present|
absent>" },

"OP": { "quote": "<exact substring of this turn, or \"\" if absent>", "label": "<present|
absent>" },

"CN": { "quote": "<exact substring of this turn, or \"\" if absent>", "label": "<present|
absent>" },

"CQ": { "quote": "<exact substring of this turn, or \"\" if absent>", "label": "<present|
absent>" },

"PR": { "quote": "<exact substring of this turn, or \"\" if absent>", "label": "<present|
absent>" }

}
}

]
‘‘‘

For null-content turns, output:

‘‘‘json
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{ "turn_index": <int>, "role": "assistant", "is_null": true, "decision_point": false, "
annotations": null }
‘‘‘

The ‘decision_point‘ field is true if this turn ends with an explicit or implicit request for a
user decision (confirmation, selection, or provision of information).

A.3 Information Injection for Counterfactual Intervention

Golden Information Injection - System Prompt

You are rewriting a customer-service agent’s response to include additional information that
the agent should have disclosed to the user. Your goal is to produce a single, natural-sounding
message that keeps the original response’s intent and tone while seamlessly integrating the

missing information listed below.

Rules:
- Preserve all original information; do not remove anything.
- Integrate each piece of missing information naturally into the message.
- Do not add information beyond what is explicitly listed as missing.
- Do not mention that the response was enhanced or modified.
- Keep a professional customer-service tone.

- Output ONLY the enhanced response text, nothing else.

Golden Information Injection - User Prompt

## Conversation so far (for context):
{conversation_context}

## Agent’s original response at the current turn:
{original_response}

## Missing information to incorporate:
- **{category} ({description})**: {quote}
...

## Enhanced response:

Think Content Injection - System Prompt

You are rewriting a customer-service agent’s response to naturally incorporate the agent’s
internal reasoning into the message. The agent had internal thoughts before composing its
response; your job is to weave the relevant information from those thoughts into the response
so the user benefits from the reasoning.

Rules:
- Preserve all original response information; do not remove anything.
- Integrate relevant details from the agent’s internal thoughts naturally.
- Do not add information beyond what is in the thoughts and the original response.
- Do not mention that the response was enhanced, modified, or that there were internal thoughts
- Keep a professional customer-service tone.
- Output ONLY the enhanced response text, nothing else.
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Think Content Injection - User Prompt

## Agent’s internal thoughts (private, not shown to user):
{think_content}

## Agent’s original response to the user:
{original_response}

## Enhanced response (incorporating relevant details from the thoughts):

Verbosity Injection - System Prompt

You are rewriting a customer-service agent’s response to be more verbose and detailed. Expand
the response with more elaborate phrasing, additional politeness, and fuller explanations of
the same points already made.

Rules:
- Do NOT add any new factual information, options, or details that are not
already present in the original response.
- Only expand on what is already stated: use more words, more polite phrasing,
restate key points for emphasis, and add transitional phrases.
- Maintain the same professional customer-service tone.
- The response should be noticeably longer than the original.
- Do not mention that the response was rewritten or enhanced.
- Output ONLY the verbose response text, nothing else.

Verbosity Injection - User Prompt

## Agent’s original response:
{original_response}

## More verbose version of the same response (no new information):

A.4 Information Disclosure Prompting

The information disclosure prompt is appended to the end of the system prompt of user-service agents, as
shown below.

Information Disclosure – System Prompt

## Information Disclosure
- You must interact with the user actively and disclose as much information as possible to
ensure the user is well-informed about the current state of the database and any potential
changes.

B Performance Comparison Under Different Think Focus and User Simulator

Table 8 further examines whether the instability of enforced thinking can be explained by the user simulator
or by the specific instruction of the think tool. First, we replace the GPT-4.1 user simulator with a stronger
GPT-5 simulator while keeping GPT-4o as the agent. The results remain mixed: compared with the no-think
baseline, the default enforced-think setting still reduces micro-average performance from 56.16% to 51.31%
in passˆ1 and from 43.23% to 39.39% in passˆ2. This suggests that the unstable utility of the think tool is
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Table 8: Performance comparison of different think focus.

Model Think Focus Retail Airline Micro Overall
Passˆ1 Passˆ2 Passˆ1 Passˆ2 Passˆ1 Passˆ2

Agent: GPT-4o
User: GPT-4.1

Action-centric 56.81 45.22 43.33 26.67 52.73 39.60
User-centric 61.74 50.14 41.33 24.67 55.56 42.42

Agent: GPT-4o
User: GPT-5

w/o think 63.48 50.72 39.33 26.00 56.16 43.23
Default 57.97 46.09 36.00 24.00 51.31 39.39
Action-centric 59.42 49.86 36.00 20.67 52.32 41.01
User-centric 60.87 49.28 35.33 23.33 53.13 41.41

Agent: DeepSeek-V3.1
User: GPT-4.1

Action-centric 66.38 52.75 50.67 33.33 61.62 46.87
User-centric 64.64 50.14 50.00 32.67 60.20 44.85

not merely caused by an insufficiently capable user simulator; rather, the limitation mainly arises from the
agent side.

Second, we modify the description of the think tool to encourage different reasoning focuses. An action-
centric think tool emphasizes planning the next tool call or environment action, while a user-centric think
tool emphasizes the user’s information needs and decision context. However, the effect of these variants is
not consistent across models and user simulators. For GPT-4o with the GPT-4.1 user simulator, the user-
centric focus improves the micro-average passˆ1 and passˆ2 over the action-centric focus. In contrast, for
DeepSeek-V3.1, the action-centric focus performs better than the user-centric focus. With the GPT-5 user
simulator, both focused variants improve over the default think setting, but neither consistently recovers the
no-think baseline. These results indicate that different models respond differently to the same think-tool
instruction, likely because their internal reasoning and tool-use behaviors differ. Therefore, simply tuning
the description or focus of the think tool is unlikely to provide a general solution to the instability of enforced
internal thinking.

Default Think Tool - Configuration

{
"type": "function",
"function": {

"name": "think",
"description": (

"Use the tool to think about something. It will not obtain new information or
change the database, "

"but just append the thought to the log. Use it when complex reasoning or some
cache memory is needed."

),
"parameters": {

"type": "object",
"properties": {

"thought": {
"type": "string",
"description": "A thought to think about.",

},
},
"required": ["thought"],

},
},

}
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Action-Centric Think Tool - Configuration

{
"type": "function",
"function": {

"name": "think",
"description": (

"Use the tool to think about something. It will not obtain new information or
change the database, "

"but just append the thought to the log. Reason about the database state, tools,
and your next action."

),
"parameters": {

"type": "object",
"properties": {

"thought": {
"type": "string",
"description": "A thought to think about.",

},
},
"required": ["thought"],

},
},

}

User-Centric Think Tool - Configuration

{
"type": "function",
"function": {

"name": "think",
"description": (

"Use the tool to think about something. It will not obtain new information or
change the database, "

"but just append the thought to the log. Reason about what the user needs to know
to make an informed decision."

),
"parameters": {

"type": "object",
"properties": {

"thought": {
"type": "string",
"description": "A thought to think about.",

},
},
"required": ["thought"],

},
},

}

C Configurations of Evidence-grounded Probing and Information Injection

In the evidence-grounded information probing and information injection, we use GPT-4.1 as the annotator.
The temperature is set to 0.2. To avoid format or syntax errors in annotation, we apply a rule-based format
check and enable the annotator to retry at most two times when triggering an exception.

22



Published in Transactions on Machine Learning Research (10/2026)

Table 9: Cohen’s κ results on self-consistency of LLM-as-a-judge annotation.

Criteria State Correction Option Constraint Consequence Proactive Retrieval Decision Point
w/o evidence 0.8443 0.7766 0.7079 0.8301 0.8363 0.9308
w/ evidence 0.9177 0.8976 0.8681 0.9384 0.9188 0.9362

D Consistency Check of Evidence-Grounded Probing

We repeat the LLM-as-a-judge annotation for two times for annotation w/o evidence and w/ evidence,
respectively. As shown in Table 9, evidence-grounded annotation criteria can significantly improve the self-
consistency of annotation, improving from 0.70∼0.94 to 0.86∼0.94. For example, without evidence, the
annotator’s cohen’s κ on Constraint is only 0.7079, which improves to 0.8681 with evidence grounding. As
a result, evidence-grounding significantly makes the LLM-as-a-judge annotation more stable. Moreover, the
evidence annotated in this stage directly provides the material for counterfactual intervention via information
injection.

E Case Studies of Counterfactual Intervention

We present cases of the counterfactual intervention with the three methods: +Golden Info, +Think Content
and +Verbosity. In operation, each intervention is indexed by its failed_index and golden_index, which
share the same task_id while the trial comes from the failed trajectory. The turn_id represents the
index of the intervened turn in the failed trajectory, while the first_edit_turn denotes the turn index
where the first environment edit happens. The original_response denotes the target response in the failed
trajectory to be intervened, while the enhanced_response denotes the response intervened by adding missing
information / think content/ verbosity.

Case: +Golden Info

{
"task_id": 27,
"trial": 2,
"failed_index": 17,
"golden_index": 13,
"turn_id": 24,
"first_edit_turn": 26,
"original_response": "Here are the details for your requests:\n\n1. **Return**:\n - Items

to be returned:\n - Garden Hose (Item ID: 5753502325)\n - Backpack (Item ID:
9851293632)\n - Refund will be processed to your PayPal account.\n\n2. **Exchange**:\n -
Item to be exchanged:\n - Hiking Boots (Item ID: 8118291112)\n - New item:\n -
Waterproof Hiking Boots, Size 12, Leather (Item ID: 8277474082)\n - Price difference: The new
boots cost $236.57, and the original boots cost $260.56. You will receive a refund of $23.99

to your PayPal account.\n\nPlease confirm if all the details are correct and if you would like
me to proceed with these actions.",

"enhanced_response": "Here are the details for your requests:\n\n1. **Return**:\n - Items
to be returned:\n - Garden Hose (Item ID: 5753502325)\n - Backpack (Item ID:
9851293632)\n - Refund will be processed to your PayPal account.\n\n2. **Exchange**:\n -
Item to be exchanged:\n - Hiking Boots (Item ID: 8118291112)\n - New item:\n -
Waterproof Hiking Boots, Size 12, Leather (Item ID: 8277474082)\n - Price difference: The new
boots cost $236.57, and the original boots cost $260.56. You will receive a refund of $23.99

to your PayPal account.\n\nUnfortunately, I cannot process both a return and an exchange for
the same order. I can only process one type of request at a time. Please confirm if all the
details are correct and let me know which request you would like me to proceed with.",

"missing_categories": [
"SC",
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"CN"
],
"missing_info": {

"SC": "Unfortunately, I cannot process both a return and an exchange for the same order.",
"CN": "I can only process one type of request at a time."

}
}

Case: +Think Content

{
"task_id": 27,
"trial": 2,
"failed_index": 17,
"turn_id": 24,
"first_edit_turn": 26,
"original_response": "Here are the details for your requests:\n\n1. **Return**:\n - Items

to be returned:\n - Garden Hose (Item ID: 5753502325)\n - Backpack (Item ID:
9851293632)\n - Refund will be processed to your PayPal account.\n\n2. **Exchange**:\n -
Item to be exchanged:\n - Hiking Boots (Item ID: 8118291112)\n - New item:\n -
Waterproof Hiking Boots, Size 12, Leather (Item ID: 8277474082)\n - Price difference: The new
boots cost $236.57, and the original boots cost $260.56. You will receive a refund of $23.99

to your PayPal account.\n\nPlease confirm if all the details are correct and if you would like
me to proceed with these actions.",

"enhanced_response": "Here are the details for your requests regarding order #W7181492:\n\n1.
**Return**:\n - Items to be returned:\n - Garden Hose (Item ID: 5753502325)\n -

Backpack (Item ID: 9851293632)\n - Refund will be processed to your PayPal account.\n2. **
Exchange**:\n - Item to be exchanged:\n - Hiking Boots (Item ID: 8118291112)\n - New
item:\n - Waterproof Hiking Boots, Size 12, Leather (Item ID: 8277474082), which is
available.\n - Price difference: The new boots cost $236.57, and the original boots cost $260
.56. You will receive a refund of $23.99 to your PayPal account.\n\nPlease confirm if all the
details are correct and if you would like me to proceed with these actions.",

"think_content": "The hose and backpack are part of order #W7181492, and the hiking boots are
also part of the same order. The waterproof variant of the hiking boots in size 12 is

available with item ID 8277474082. I will now prepare the return and exchange details for
confirmation."
}

Case: +Verbosity

{
"task_id": 27,
"trial": 2,
"failed_index": 17,
"turn_id": 24,
"first_edit_turn": 26,
"original_response": "Here are the details for your requests:\n\n1. **Return**:\n - Items

to be returned:\n - Garden Hose (Item ID: 5753502325)\n - Backpack (Item ID:
9851293632)\n - Refund will be processed to your PayPal account.\n\n2. **Exchange**:\n -
Item to be exchanged:\n - Hiking Boots (Item ID: 8118291112)\n - New item:\n -
Waterproof Hiking Boots, Size 12, Leather (Item ID: 8277474082)\n - Price difference: The new
boots cost $236.57, and the original boots cost $260.56. You will receive a refund of $23.99

to your PayPal account.\n\nPlease confirm if all the details are correct and if you would like
me to proceed with these actions.",
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"enhanced_response": "Thank you very much for reaching out with your requests. I have
carefully reviewed the details you provided, and I would like to summarize them here for your
confirmation before proceeding further:\n\n1. **Return Request**:\n - The following items are
scheduled to be returned:\n - Garden Hose, with the Item ID: 5753502325\n - Backpack,

with the Item ID: 9851293632\n - Once these items are returned, the refund for both will be
processed directly to your PayPal account, ensuring a seamless and convenient transaction for
you.\n\n2. **Exchange Request**:\n - You have requested to exchange the following item:\n
- Hiking Boots, with the Item ID: 8118291112\n - The replacement item you have selected is:\

n - Waterproof Hiking Boots, Size 12, Leather, with the Item ID: 8277474082\n - Regarding
the price difference, the new pair of boots is priced at $236.57, whereas the original pair

was $260.56. As a result, you will receive a refund of $23.99, which will also be credited to
your PayPal account.\n\nAt this point, I kindly ask that you review the information above to
ensure that all details are accurate and reflect your intentions. If everything is correct,
please let me know, and I will be happy to proceed with processing your return and exchange
requests promptly. If you notice any discrepancies or if you have any additional questions,
please do not hesitate to inform me so I can assist you further. Thank you for your attention,
and I look forward to your confirmation."
},
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