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Abstract

Robust tool-use agents must navigate mixed-
intent interactions, deciding whether to ask for
missing information, answer directly, or invoke
tools. We tackle this challenge by introduc-
ing a novel task formulation that structures
the planner’s action space into explicit inter-
action instructions over an explicit Ask/An-
swer/Act space, thereby making these behav-
ioral boundaries an explicit target of optimiza-
tion. In this framework, a planner predicts
the interaction mode and semantic payload,
while a frozen executor realizes the instruc-
tion into an observable behavior. Coupled with
this structured decision process, we propose
Executor-Grounded Failure-Routed Planner
Learning (EFPL). EFPL optimizes the planner
via executor-observed outcomes and strategi-
cally leverages privileged feedback for targeted
correction when outcome rewards provide in-
sufficient guidance, further refining these be-
havioral boundaries. Experiments on BFCL
and When2Call across three backbone sizes
show that EFPL consistently improves clarifi-
cation, abstention, when-to-call decisions, and
robustness to irrelevant tools, while fully pre-
serving strong multi-turn tool-calling perfor-
mance. Code is publicly available at https:
//github.com/Tianxingyi-fu/EFPL.

1 Introduction

A robust tool-use agent should not blindly treat ev-
ery user request as an actionable command. Prior to
API invocation, it must evaluate the context to de-
termine if the request is fully specified, answerable
from the available context, or beyond the scope
of available tools (Huang et al., 2024; Ross et al.,
2025; Zhang et al., 2025b). Errors in this judgment
manifest as hallucination failures: fabricating tool
arguments, invoking APIs unnecessarily, or forcing
actions on unanswerable queries. Figure 1 illus-
trates this boundary problem. This motivates us to
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Figure 1: Illustration of mixed-intent boundary errors.
For the same underspecified scheduling request, ACT
prematurely fabricates tool arguments and ANSWER
incorrectly refuses a feasible task, whereas the correct
behavior is to ASK for the missing date and time.

study tool use as a high-level interaction planning
problem, explicitly modeling the decision space
to route requests toward user clarification, direct
response, or grounded tool execution.

Existing tool-use training often optimizes mod-
els through end-to-end outputs, such as final re-
sponses, tool calls, or full action trajectories
(Schick et al., 2023; Qian et al., 2025). This is
suitable when the desired behavior has a clear exe-
cution form, but mixed-intent interactions require
a training target that can represent different kinds
of next-step behaviors. We use an instruction-level
planning interface to make this intended next step
explicit, specifying both the interaction mode and
the information needed to carry it out. This turns
the otherwise implicit choice among asking, an-
swering, abstaining, and acting into a concrete ob-
ject of optimization.

However, the planning instruction is only useful
if it can be evaluated by the behavior it induces
(Li et al., 2026¢). Consequently, we evaluate plan-
ner outputs after they are grounded by a frozen
executor, utilizing the subsequent response or tool
interaction as the supervision signal. Through this
approach, the planner is optimized for the practical
behaviors its instructions elicit.

While outcome-based reinforcement learning ef-
fectively aligns planning with task success, this
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reward-driven selection inherently falters when the
correct interaction mode is absent from all sampled
trajectories. If a policy repeatedly forces tool execu-
tion instead of exploring the necessary clarification
or abstention behavior, scalar rewards merely pe-
nalize these errors without explicitly teaching the
missing paradigm. Drawing on self-distillation for
dense correction, we address this supervision void
by re-evaluating failed rollouts under a privileged
context. Encouraging the policy to move toward
this privileged-context-conditioned teacher distri-
bution provides dense, token-level supervision to
correct the behavioral boundary while preserving
the on-policy formulation (Hubotter et al., 2026;
Zhao et al., 2026).

However, recent studies caution that uncondi-
tionally replacing reward-driven learning with self-
distillation risks destabilizing the policy (Shen
et al., 2026; Kim et al., 2026). We introduce
Executor-Grounded Failure-Routed Planner Learn-
ing (EFPL), which employs self-distillation strictly
as a conditional repair mechanism. As long as
executor outcomes yield valid preferences among
samples, updates remain efficiently reward-driven.
EFPL intervenes with privileged-context distilla-
tion only when all sampled instructions completely
fail, supplying a directional signal to help guide the
planner toward the missing interaction mode. Our
main contributions are summarized as follows:

* We formulate mixed-intent tool use as an
executor-grounded instruction-level planning
problem. This makes the behavioral bound-
aries among clarification, direct response or
abstention, and tool execution explicit targets
of planner optimization.

* We propose Executor-Grounded Failure-
Routed Planner Learning (EFPL), a planner
optimization framework that routes learning
signals according to executor-observed out-
comes. EFPL provides corrective planner-
level supervision when reward-based learning
is insufficient, improving interaction-mode
boundaries.

* Experiments on BFCL and When2Call across
three backbone sizes show that EFPL consis-
tently improves boundary-oriented behaviors,
including clarification, abstention, and robust-
ness to irrelevant tool use, while maintaining
strong multi-turn tool-calling performance.

2 Related Work

Tool-use agents. Tool-augmented language mod-
els extend LLMs by invoking APIs, retrieving in-
formation, executing programs, or interacting with
external environments. Prior work has studied self-
supervised API use, interleaved reasoning and act-
ing, program-like tool trajectories, large-scale tool
instruction tuning, and function-calling datasets
or benchmarks (Parisi et al., 2022; Schick et al.,
2023; Yao et al., 2023; Paranjape et al., 2023; Patil
et al., 2024; Liu et al., 2024; Zhang et al., 2025a;
Liu et al., 2025; Lin et al., 2024). These studies
mainly improve tool selection, argument ground-
ing, and executable function calling. Recent work
further shifts attention from how to call tools to
whether tool use is appropriate under underspeci-
fied, irrelevant, or unanswerable requests (Huang
et al., 2024; Zhang et al., 2024; Lu et al., 2025;
Ross et al., 2025; Zhang et al., 2025b; Suri et al.,
2026; Zhou et al., 2026; Shi et al., 2026). Our
work follows this mixed-intent direction, but op-
timizes an executor-grounded planner over an ex-
plicit ASK/ANSWER/ACT space.

Reinforcement learning for tool-use agents.
Reinforcement learning has become a prominent
post-training paradigm for LLM reasoning and
agentic behavior (Shao et al., 2024; DeepSeek-Al
etal.,2025a). In tool-use settings, execution results,
search interaction, code execution, and task success
have been used as outcome feedback for learning
tool-use strategies and multi-step agent behaviors
(Qian et al., 2025; Li et al., 2025b; Feng et al.,
2025; Jin et al., 2025; Wu et al., 2024; Li et al.,
2026c¢). These methods demonstrate the value of
executable outcomes as supervision. In contrast,
we explicitly optimize the behavioral boundaries
among ASK, ANSWER, and ACT, refining inter-
action logic without compromising foundational
tool-calling and planning capabilities.

Self-distillation for online supervision. Self-
distillation provides dense online supervision by
conditioning the policy on privileged information
or feedback contexts (Hubotter et al., 2026; Zhao
et al., 2026; Ye et al., 2026; Shenfeld et al., 2026).
However, recent studies show that privileged self-
distillation can accelerate learning, but may also in-
troduce information leakage, unstable long-horizon
training, optimization ambiguity on correct sam-
ples, or degraded teacher reliability (Yang et al.,
2026; Li et al., 2026a; Shen et al., 2026; Kim
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et al., 2026). These findings motivate using self-
distillation as targeted correction rather than as a
replacement for reward-grounded optimization.

3 Problem Formulation and Architecture

Figure 2 illustrates the overall decoupled architec-
ture and the training flow. We next formalize its
core components.

3.1 Instruction-Level Interaction-Mode
Planning

We formulate tool use as an interaction-mode plan-
ning problem. Let z = (h, u,7) denote the plan-
ner input, where h is the dialogue history, u is
the current user request, and 7 is the set of avail-
able tools. Instead of directly producing a final
response or a raw API call, the planner generates a
structured planning instruction y = (m, s), where
m € {ASK, ANSWER, ACT} specifies the interac-
tion mode, and s provides the mode-specific se-
mantic payload to be realized by the executor.

The payload s defines what the executor should
realize under the selected mode. For ACT, it speci-
fies the target tool together with the available con-
straints and arguments required to instantiate a
valid tool call. For ASK, it identifies the miss-
ing information or clarification goal that should be
requested from the user. For ANSWER, it specifies
the direct response, refusal, or abstention behavior
to be delivered without tool execution. Thus, the
planner does not emit a surface-form response; it
emits an executable intent that can be grounded by
the downstream executor.

This instruction-level interface separates high-
level interaction intent from low-level realization.
The planner is trained to control behavioral bound-
aries: when to solicit additional information, when
to answer or abstain without tools, and when to act
by selecting an appropriate tool and specifying the
corresponding call arguments.

3.2 Execution-Grounded Outcome Evaluation

Given a planning instruction y; = (m;,s;), a
frozen executor ' grounds it into an observable
outcome o; = E(y;), where o; is the behavior real-
ized in the selected interaction mode. The executor
serves as a fixed grounding interface between plan-
ning instructions and observable behavior. Planner
learning is therefore outcome-based. An instruc-
tion y; is judged not by its surface similarity to a ref-
erence planning trace, but by whether its achieved

result o; satisfies the task requirement. This shifts
supervision from textual imitation of plans to opti-
mization of the behaviors those plans induce.

3.3 Executor-Grounded Reward and
Feedback

We use a reward manager ® to compare the result
achieved with the ground truth of the executor g:

(Ri7fi) :(p(‘rvyi)oimg)' (1)

R; is the scalar reward used for reward-based plan-
ner optimization, and f; is a diagnostic feedback
signal used for corrective self-distillation.

The scalar reward consists of a general format
component and an execution outcome correctness
component R; = RI™ 4 R¢*¢ The format re-
ward le-mt is applied to every planner output and
checks whether the instruction follows the required
schema. The execution outcome correctness re-
ward 25%°¢ is computed according to the selected
mode. For ACT, we adopt a ToolRL-style veri-
fiable tool-use reward that evaluates the selected
tool and its arguments against the executor ground
truth (Qian et al., 2025). For ASK and ANSWER,
we use an additional evaluation model to assign
reward values by assessing semantic correctness
and content completeness. Details of the reward
computation are provided in Appendix B.

The feedback signal f; is constructed from the
ground-truth on the executor-side and a reference
instruction, which are drawn from the unified
training corpus described in Section 5. Follow-
ing the principles of self-distillation, we leverage
this signal to instantiate a self-teacher over the
original context (Li et al., 2026a). This teacher
distribution provides dense, token-level supervi-
sion that suppresses the original boundary error
and actively shifts the planner toward the correct
ASK/ANSWER/ACT behavior.

Thus, execution yields two complementary learn-
ing signals: scalar rewards for GRPO-style rein-
forcement learning (DeepSeek-Al et al., 2025a),
and privileged feedback for context-conditioned
self-distillation when reward-only is insufficient.
Section 4 formalizes how these signals are routed
into the two optimization branches.

4 Executor-Grounded Failure-Routed
Planner Learning

We present Executor-Grounded Failure-Routed
Planner Learning (EFPL), a framework designed to
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Figure 2: Overview of the framework. Given the context x, the planner samples instruction-level decisions y
over ASK, ANSWER, and ACT. A frozen executor grounds each instruction into an observable outcome, which is
evaluated by a reward system. Rollout groups with informative reward differences are optimized through GRPO,
whereas completely failed groups are routed to privileged-context self-distillation.

optimize the Planner within a decoupled Planner-
Executor architecture shown in Figure 2.

4.1 Executor-Grounded Trajectory Routing

For a given context x, the planner samples a group
of G instructions, which are subsequently pro-
cessed by the frozen executor to yield final out-
comes. Let REe° be the set of strict correctness
scores evaluated on these outcomes. We define a
binary routing indicator for each rollout y;, where
the routing decision is made at the group level:

Teach 1(maX(ReXeC) — Tmin) )
where r,,;, denotes the lowest execution outcome
reward. By routing these critically failed batches to
a dense self-distillation branch, we provide direct
supervision to rectify the high-level action planning.
Instances with partially or fully successful trajec-
tories are directed to the reinforcement learning
branch (zRL =1- TeaCh) for further refinement.
This routing mechanism naturally establishes an
implicit curriculum: early-stage structural failures
in action selection trigger dense corrective signals,
progressively shifting toward reward-driven opti-
mization as the planner learns to generate precise
instructions.

4.2 Reward-Guided Planner Reinforcement

For valid trajectories routed to the reinforcement
learning branch (ZZ-RL = 1), we optimize the plan-
ner to reinforce instructions that lead to successful
executor outcomes. Given the sampled group of in-
structions {y1, . . ., Y } within the ask-answer—act

decision space, the reward manager evaluates their
corresponding executor outcomes to assign scalar
rewards {Ry,..., Rg}. Following GRPO (Shao
et al., 2024), we compute the group-relative advan-
tage as:

A; = M7 (3)

OR *+ €std

where 11 and o denote the mean and standard de-
viation of the rewards within the rollout group, and
€stq 1S @ small constant for numerical stability. The
planner policy is then optimized using the standard
clipped surrogate objective:

Eg)L - | 2| Zmln (pzt A

clip (pi,t(H), 1—¢1+ e) Ai>,

“)

where |y;| denotes the sequence length of the i-th
instruction, and ¢ indexes the tokens. p; +(6) is the
token-level importance sampling ratio.

4.3 Privileged-Guided Planner Correction

For the ¢-th trajectory within a failure-routed group
(ziTeaCh = 1), we use privileged feedback f, con-
structed from the executor-side ground truth and
reference instruction, and formulate the sequence-
level distillation objective as follows:

‘C’(Ife))ach | Z D(ﬂ'g | Z y<t)

|| stopgrad [71'9‘(' |z, f, yé?ﬁ)])

In this objective, D denotes a distribution-
matching loss and 7y is the student planner being

®)
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optimized, while 75 serves as the teacher, which
is conditioned on the privileged-context feedback
f. The stopgrad operation ensures a stable tar-
get distribution. Rather than discarding the fully
failed rollout ¥;, this formulation re-evaluates its
past states yg under the teacher’s guidance. This
provides the planner with dense, token-level cor-
rective signals (Li et al., 2026a). The privileged-
context is used only to construct the teacher distri-
bution during training and is never exposed to the

planner or executor at inference time.

4.4 Optimization Objective

Based on the routing indicators zX" and Z;FeaCh

defined in Section 4.1, our primary goal is to min-
imize a unified objective that alternates between
environment exploration and privileged correction:

G
1 i i
Etotal(e) =E 5 ; (ZZ'F{L£§:{£+O‘Z;IeaChE’(I‘2aCh>

+ BDKL (7T9||7Tref)] (6)

where LRy, follows Section 4.2 to maximize the
rewards. Lreach represents the privileged-guided
loss in Section 4.3. The detailed algorithmic proce-
dure is provided in Appendix C.1.

S Experiments Setup

Dataset. We curate a unified training corpus of
6,540 instances from three data components: a
ToolRL-derived subset (Qian et al., 2025), APIGen-
MT-5k (Liu et al., 2024), and When2Call-train-
sft (Ross et al., 2025). This mixture explicitly tar-
gets foundational tool composition, multi-turn plan-
ning, and critical decision-making such as choosing
between tool invocation and user clarification. All
details are deferred to the Appendix A.

Baselines. We evaluate EFPL against five base-
lines across foundational models of varying capaci-
ties (Yang et al., 2025). The baselines are catego-
rized as follows:

Vanilla Paradigms. These models directly gen-
erate the final outputs end-to-end without architec-
tural decoupling.

e Base Model: Direct zero-shot evaluation of
the foundational models.

e Vanilla GRPO: Optimized end-to-end via
vanilla GRPO (DeepSeek-Al et al., 2025a),
directly updating the monolithic policy.

Decoupled Paradigms. These models adopt our
architecture to explicitly decouple the ASK, AN-
SWER, and ACT decision space from downstream
execution, with Qwen3-8B (Yang et al., 2025) serv-
ing as the frozen executor.

* Base-Planner: Zero-shot inference using the
foundational model as the planner.

» SFT-Planner: The planner is fine-tuned using
synthetic planning data generated from our
unified dataset.

* GRPO-Planner: GRPO-Planner is the abla-
tion of EFPL without failure-routed privileged
correction. It uses the same planner-executor
architecture and the same executor-grounded
scalar rewards, but does not route fully failed
groups to privileged self-distillation.

Implementation Details. To ensure a strictly fair
comparison, all trainable baselines are optimized
using the unified dataset, with prompt configura-
tions provided in Appendix E. All experiments are
conducted on 16 Ascend 910B NPUs, each with
64GB memory, with additional implementation de-
tails provided in Appendix C.2.

Evaluation Benchmarks. To comprehensively
evaluate the interactive decision-making and tool-
use capabilities, we assess the final generated out-
puts across two complementary benchmarks.

When2Call. We primarily utilize this bench-
mark to evaluate the core capability of “when to
call a tool.” By assessing whether the generated
outputs correctly match the required interaction
states of ToolCall, Ask Info, or Cannot Answer,
this benchmark directly validates the model’s fun-
damental judgment regarding tool-use timing and
interaction modes (Ross et al., 2025).

BFCL. We employ five distinct subsets from
BFCL to evaluate multi-turn multi-step tool
calling capabilities and robustness against hal-
lucinations. Specifically, multi_turn_base
measures standard multi-turn  and  multi-
step tracking; multi_turn_miss_param and
multi_turn_miss_func assess the system’s
proactivity in requesting clarification when faced
with missing constraints; and irrelevance along-
side live_irrelevance examine the resistance
to tool hallucinations, ensuring the model safely
responds directly or abstains rather than invoking
irrelevant tools (Patil et al., 2025).
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BFCL Multi-turn When2Call

Backbone Paradigm Method Mi Mi BFCL

Base P 155 155- Avg. Irrelevance Fl1 Acc.
aram. Func.

Vanilla Base 15.00 12.00 6.00 11.00 76.54 67.74 67.33
GRPO 17.00 12.50 9.00 12.83 82.35 65.56 66.00
Qwen3-1.7B Base-Planner 8.50 8.50 4.00 7.00 - 55.06 58.67
Decoupled SFT-Planner 5.50 5.00 6.00 5.50 87.19 59.91 61.00
P GRPO-Planner  20.00 15.00 16.00 17.00 82.74 70.07 69.00
EFPL 22.50 19.00 17.50 19.67 83.36 71.78 71.67
Vanilla Base 36.50 31.00 29.50 32.33 78.65 69.85 69.33
GRPO 40.00 32.00 31.50 34.50 83.19 71.76 70.67
Qwen3-4B Base-Planner 28.00 29.00 23.50 26.83 - 67.12 66.67
Decoupled SFT-Planner 19.00 7.00 3.50 9.83 83.45 67.15 66.67
P GRPO-Planner  39.50 34.50 35.00 36.33 86.92 74.09 72.67
EFPL 42.00 36.00 35.50 37.83 88.88 77.76 76.00
Vanilla Base 41.50 27.00 38.50 35.67 82.27 67.84 68.00
GRPO 42.00 35.50 26.50 34.67 85.06 76.08 76.00
Qwen3-8B Base-Planner 31.00 24.50 28.00 27.83 67.42 66.33
Decoupled SFT-Planner 20.00 7.00 6.00 11.00 76.60 57.17 58.67
P GRPO-Planner  48.00 40.00 43.00 43.67 85.32 74.91 74.00
EFPL 49.00 42.00 46.50 45.83 88.61 78.23 77.33

Table 1: Main results under vanilla and decoupled paradigms. Scores are reported as percentages, and higher
values indicate better performance. Avg. denotes the macro-average over the three BFCL Multi-turn subsets:
Base, Miss. Param. and Miss. Func. BFCL Irrelevance reports pooled accuracy over all instances from the
irrelevance and live-irrelevance subsets. The best result is bolded and the second-best result is underlined.
GRPO-Planner is an internal ablation of EFPL that removes failure-routed privileged correction while retaining the
same ASK/ANSWER/ACT planner and executor-grounded rewards.

6 Results and Analysis How much does the decoupled architecture con-
tribute? GRPO-Planner improves BFCL multi-
6.1 Main Results and Discussion turn performance over vanilla GRPO, increasing

the average score by +5.00 points across the three
backbone sizes. The gains vary across subsets: av-
eraged over backbones, GRPO-Planner improves
the standard multi-turn base subset by +2.83 points,
missing-parameter cases by +3.17 points, and
missing-function cases by +9.00 points. The gain
on missing-parameter and missing-function cases
indicates that planner-level optimization provides
greater benefit in settings where the agent must
track dialogue state and determine whether a re-
quest is actionable or still underspecified. In vanilla
GRPO, a failed rollout may conflate several sources
of error, including wrong interaction mode, wrong
tool choice, incorrect arguments, and imperfect sur-
face realization. By contrast, planner-level GRPO
exposes a more learnable space. Therefore, decom-
position does not merely change the output format;
it provides a more favorable training interface for
long-horizon and ambiguity-sensitive tool-use be-
havior.

Table 1 reports the main results on BFCL and
When2Call across three backbone sizes under
vanilla and decoupled paradigms. Appendix D.1
further provides reference comparisons with recent
interaction-mode methods on When2Call and Ap-
pendix D.2 provides additional comparisons with
more open-source base models and closed-source
LLMs.

Overall performance of EFPL. Overall, EFPL
obtains the highest or tied-highest scores on 20
of the 21 metrics across all three backbone sizes.
Compared with the Base Model, EFPL delivers
clear gains on boundary-centric evaluations, im-
proving When2Call F1/Accuracy by +7.45/4+6.78
points and BFCL Irrelevance by +7.80 points on
average. Meanwhile, it also improves the BFCL
multi-turn average by +8.11 points, showing that
EFPL strengthens boundary awareness while fur-
ther enhancing multi-turn tool-calling capability.
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Figure 3: Per-mode accuracy on When2Call across three backbone sizes. The left panel shows grouped accuracy
scores for ToolCall, Ask Info, and Cannot Answer. The right panel visualizes each method’s decision profile under
the same three modes, where a larger and more balanced polygon indicates stronger coverage across tool invocation,

clarification, and abstention behaviors.

EFPL gains under the same decoupled archi-
tecture. Compared with GRPO-Planner, EFPL
brings additional gains. Averaged across the three
backbone sizes, EFPL improves GRPO-Planner by
+2.11 points on the BFCL multi-turn average, +1.96
points on BFECL Irrelevance, and +3.11 points on
When2Call accuracy. The improvements on BECL
Irrelevance and When2Call are particularly infor-
mative because they evaluate whether the model
can avoid unnecessary tool use and correctly dis-
tinguish among tool calling, asking for informa-
tion, and abstaining when the request cannot be
answered. The final gains reflect better interaction-
mode selection rather than a simple bias toward
tool invocation, indicating stronger behavioral sep-
aration among asking, answering, and acting.

Decoupling alone is insufficient without plan-
ner learning. Introducing a planner-executor in-
terface does not by itself improve tool use. Base-
Planner falls below the vanilla base model on BFCL
multi-turn average by 4.00, 5.50, and 7.84 points
across Qwen3-1.7B, Qwen3-4B, and Qwen3-8B,
respectively, indicating that a zero-shot planner
struggles to use the ASK/ANSWER/ACT interface
reliably. Naive supervised alignment is also inef-
fective: SFT-Planner consistently underperforms
Base-Planner on multi-turn averages, suggesting
that imitation alone may learn the interface format
but not the execution-aware routing policy. In con-
trast, GRPO-Planner substantially improves over
Base-Planner and surpasses vanilla GRPO on most
metrics, while EFPL further achieves the strongest
overall performance, especially on multi-turn tool
use and When2Call. These results show that de-

Predicted mode

Gold mode

Direct ToolCall Sk Camnot

Info  Answer

GRPO-Planner — Base
ToolCall -0.3 -1.0 +2.7 -1.3
Ask Info 0.0 -10.0 +9.7 +0.3
Cannot Answer  +2.7 +0.3 -5.3 +2.3
EFPL — Base
ToolCall +0.7 -0.7 +1.3 -1.3
Ask Info 0.0 -11.3 +11.3 0.0
Cannot Answer  -1.0 -1.3 -1.3 +9.7
EFPL — GRPO-Planner
ToolCall +1.0 +0.3 -1.3 0.0
Ask Info 0.0 -1.3 +1.7 -0.3
Cannot Answer  -3.7 -1.7 -2.0 +7.3

Table 2: Average changes in row-normalized mode con-
fusion across the three backbone sizes. Each block
reports the difference between the two methods shown
in its title. Rows are gold modes and columns are pre-
dicted modes. Values are percentage-point differences.
Positive values indicate that the method before the mi-
nus sign predicts the corresponding mode more often.

composition is only an optimization substrate; its
benefit emerges only when planner decisions are
aligned with executor-grounded feedback.

6.2 Boundary Analysis: Ask, Answer, or Act

Figure 3 investigates the planner’s capacity to de-
lineate the decision boundaries across acting, clar-
ifying, and abstaining. The When2Call split pro-
vides three ground-truth modes: ToolCall, Ask Info,
and Cannot Answer. Within our planner’s action
space, the Answer category also encompasses di-
rect answering. Given the absence of gold direct
answering instances in this split, Direct is omitted
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(a) 72-bench Airline Success Rate (%)

(b) BFCL Multi-turn Task-Level Efficiency

Method Qwen3-4B Qwen3-8B Method Success (%) 1 Total Steps | Avg. Steps |
GRPO-Planner 28 32 Vanilla GRPO 34.67 10,310 17.18
EFPL 34 40 EFPL 45.83 6,853 11.42

Table 3: Generalization and task-level efficiency. (a) Success rates on the 72-bench Airline environment. (b)
End-to-end efficiency over 600 BFCL Multi-turn tasks with Qwen3-8B.

as a target class in the figure, yet it is preserved in
Table 2 to account for potential misclassifications.

The bar plot indicates that performance on Tool-
Call has largely saturated across all methods, with
the primary performance disparities emerging in
the Ask Info and Cannot Answer categories. This
implies that the core challenge lies not in identify-
ing unambiguously actionable requests, but rather
in correctly mapping non-actionable queries to
their appropriate modes. The radar plots demon-
strate through a clear morphological shift that EFPL
improves the weaker clarification and abstention
directions while keeping the already saturated tool-
use direction stable.

Table 2 details the reallocation of prediction
mass across modes. GRPO-Planner primarily re-
duces incorrect tool invocations, redirecting 10.0%
of misclassified Ask Info cases back to the correct
mode. Compared with GRPO-Planner, EFPL pri-
marily improves the hardest non-actionable bound-
ary. For gold Cannot Answer cases, EFPL increases
correct abstention predictions by 7.3 points while
reducing Direct, ToolCall, and Ask Info misclas-
sifications. This controlled comparison indicates
that, under the same decoupled architecture, adding
failure-routed correction to reward-guided planner
learning mainly improves abstention decisions in
Cannot Answer cases.

6.3 Generalization and Task-Level Efficiency

We further evaluate our method on 72-bench Air-
line (Barres et al., 2026), which provides a more
realistic and long-horizon multi-turn environment.
As shown in Table 3, EFPL improves the success
rate from 28% to 34% on Qwen3-4B and from 32%
to 40% on Qwen3-8B, corresponding to gains of 6
and 8 percentage points over GRPO-Planner. These
results demonstrate that EFPL remains effective un-
der more complex, long-horizon interactions.
Additionally, we evaluate end-to-end task effi-
ciency on the 600 BFCL Multi-turn tasks. Com-
pared with the Vanilla GRPO baseline, the EFPL
improves task success from 34.67% to 45.83%

Method MT Avg. I  W2CF1 W2C Acc.
GRPO-Planner 36.33 86.92  74.09 72.67
Pure OPD 31.67 87.44 7171 71.33
Fixed Mix 35.50 87.60  75.02 73.67
Flipped Router 29.17 83.12 6894 68.00
EFPL 37.83 88.88  77.76 76.00

Table 4: Ablation of failure-routing strategies on
Qwen3-4B. MT Avg. and Irr. denote BFCL Multi-
turn average and Irrelevance.

while reducing the average number of interaction
steps from 17.18 to 11.42, a 33.5% reduction. More
accurate interaction-mode planning reduces invalid
tool calls, incorrect interactions, and subsequent
corrections, allowing the agent to complete more
tasks with fewer interaction steps. Additional step-
level case studies are provided in Appendix F.

6.4 Ablation of Failure Routing

To isolate the contribution of failure routing under
the same Planner—Executor architecture, we further
compare three variants on Qwen3-4B. Pure OPD
removes executor-grounded GRPO and uses privi-
leged distillation alone, testing whether privileged
correction can replace reward-grounded learning.
Fixed Mix removes outcome-aware routing and as-
signs equal weights to the two objectives, testing
whether conditional routing is preferable to uncon-
ditional mixing. Flipped Router swaps the routing
conditions of EFPL, assigning all-failure groups
to GRPO and the remaining groups to privileged
distillation, to examine whether each objective is
matched to the appropriate executor-outcome con-
dition. The results are shown in Table 4. EFPL
consistently outperforms Fixed Mix, while Pure
OPD and Flipped Router perform worse, confirm-
ing the importance of outcome-aware routing and
the complementary role of privileged correction.

6.5 Robustness Analysis: Executors and
Evaluators

Impact of Executor Capacity. To confirm that
the system’s overall proficiency does not covertly
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Executor MT Avg. Irr. Avg. W2CF1 W2C Acc.
Qwen3-8B 45.83 88.61 78.23 77.33
Qwen3-4B 4433 89.32 78.47 78.00
GPT-40-mini 45.33 88.97 78.71 78.00
DeepSeek-V3.2  44.50 89.06 78.81 78.33

Table 5: Executor-controlled fairness analysis with a
fixed EFPL-trained Qwen3-8B planner. Scores are re-
ported as percentages. MT Avg. denotes the average
over the three BFCL multi-turn subsets, and Irr. Avg.
denotes pooled accuracy over the irrelevance and live-
irrelevance subsets.

exploit the executor’s latent reasoning capacity,
we emphasize that the frozen executor is architec-
turally isolated from the task context, functioning
solely as an instruction formatter. We empirically
examine this by substituting the default Qwen3-
8B (Yang et al., 2025) executor at inference with
a diverse spectrum of models including Qwen3-
4B (Yang et al., 2025), GPT-40-mini-2024-07-18,
DeepSeek-V3.2 (DeepSeek-Al et al., 2025b). As
shown in Table 5, the overall performance remains
almost identical across different executors. This in-
dicates that the execution outcome is fundamentally
bottlenecked by the planner’s ASK/ANSWER/ACT
decisions and instruction generation capabilities.

Reliability of When2Call Evaluations. Follow-
ing When2Call (Ross et al., 2025) and to ensure the
reliability of the evaluation, we use GPT-5 (Singh
et al., 2026) to categorize each model’s free-form
output into four explicit output modes according
to the behavior it actually expresses. Since this
classification depends mainly on these explicit out-
put modes rather than task solving, tool-argument
verification, or subjective response quality, the risk
of evaluator-induced bias is limited. We addition-
ally validate the classifier against two alternative
classifiers, obtaining high agreement and stable
aggregate results; full details are reported in Ap-
pendix D.4.

7 Conclusion

In this work, we formulate mixed-intent tool use
as executor-grounded instruction-level planning,
making interaction-mode boundaries directly opti-
mizable through the behaviors they induce. Build-
ing on this formulation, EFPL strengthens bound-
ary learning by combining executor-grounded out-
come optimization with targeted correction for
fully failed rollout groups. Experiments on BFCL
and When2Call show that EFPL improves clari-

fication, abstention, when-to-call decisions, and
robustness to irrelevant tool use while preserving
strong multi-turn tool-calling performance. Fur-
ther analyses show that these gains do not come
from simply encouraging or suppressing tool calls,
but from better separating actionable requests from
cases that require clarification or abstention.

Our findings highlight the importance of explic-
itly learning the behavioral boundaries that govern
when an agent should ask, answer, or act. More
broadly, this suggests that reliable tool-use agents
should not only execute tool calls accurately, but
also learn to control interaction modes: asking for
missing information before acting, answering or ab-
staining when tool use is unnecessary or infeasible,
and invoking tools only when the task is sufficiently
specified and actionable.

Limitations

Although EFPL improves mixed-intent tool-use be-
havior, it has several limitations. First, the decou-
pled planner-executor architecture introduces addi-
tional inference overhead, since the system must
generate an intermediate ASK/ANSWER/ACT in-
struction before producing the final response or
tool call. This clearer training interface may there-
fore increase latency and deployment complexity.
Second, our experiments are conducted on BFCL
and When2Call, which cover multi-turn tool use,
irrelevance robustness, and when-to-call decisions,
but may still fall short of fully open-ended real-
world agent scenarios with dynamic tools, noisy
observations, and evolving user goals. Extending
EFPL to more realistic interactive environments is
an important direction for future work.
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A Dataset Construction

Source datasets. We construct our unified train-
ing corpus from three data sources: a ToolRL-
derived tool-calling subset (Qian et al., 2025),
APIGen-MT-5k (Liu et al., 2024), and When2Call-
train-sft (Ross et al., 2025). These components pro-
vide complementary supervision for mixed-intent
tool-use agents. The ToolRL-derived subset sup-
plies foundational tool-calling behavior, APIGen-
MT-5k contributes multi-turn tool-use trajecto-
ries, and When2Call-train-sft provides boundary-
oriented examples for deciding whether to ask for
missing information, answer directly or abstain, or
invoke a tool. The final corpus contains 6,540 in-
stances, all of which are converted into a unified
format. Table 6 reports the number of instances

Data component Count
ToolRL-derived 3000
APIGen-MT-5k 2040
‘When2Call-train-sft 1500
Total 6540

Table 6: Number of instances sampled from each data
source.

Target output type ~ Count Prop.
ToolCall 4718  72.14%
Ask Info 830 12.69%
Answer 992 15.17%
Total 6540 100.0%

Table 7: Overall distribution of target output types in
the unified training corpus.

sampled from each data source and Table 7 reports
the proportion of ToolCall, Ask Info, and Answer
examples in the final corpus. The Answer cate-
gory includes both direct-answer cases, where the
available context is sufficient and no tool invoca-
tion is needed, and abstention cases, where the user
request cannot be fulfilled with the currently avail-
able tools and the model should clearly state that it
cannot complete the task.

Unified data format. After collecting data from
the three data sources, we convert each data item
into a unified format aligned with our executor-
grounded planning framework. Each data item
contains the dialogue context, the current user re-
quest, the available tools, the executor ground truth,
and a reference instruction. The dialogue context
includes previous user turns, assistant responses,
tool calls, and tool observations, which provide the
necessary state for deciding the next step.

The executor ground truth specifies the expected
behavior to be realized by the executor, either as
a structured tool call or as a user-facing response.
It is used to compute executor-grounded rewards
during reinforcement learning.

The reference instruction is not directly provided
by the original datasets, but is constructed to sup-
port our planner-executor architecture. Given the
dialogue context, available tools, and the executor
ground truth, we use GPT-5 to synthesize a planner-
level instruction that is consistent with the target
executor behavior. This process converts executor-
side annotations into explicit planning supervision
over the three target output types. For ToolCall
data, the synthesized instruction specifies the target
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tool, sub-goal, and necessary context for execut-
ing the tool call. For Ask Info data, it specifies the
missing or ambiguous information that should be
requested from the user. For Answer data, it speci-
fies the direct-response or abstention goal. These
synthesized instructions are used to train the SFT-
Planner baseline and construct the privileged con-
text for self-distillation, while the executor ground
truth is retained for executor-grounded reward com-
putation.

B Reward Construction Details

We construct executor-grounded rewards to opti-
mize the planner according to both instruction va-
lidity and the observable behavior induced by the
frozen executor. For each sampled planner instruc-
tion y;, the reward manager first checks whether
the planner output follows the required instruction
schema, and then evaluates the observable outcome
produced by the frozen executor. The final scalar
reward is defined as

Ri — Rfmt + ‘R;‘exec7 (7)

where le-mt measures planner-side format compli-
ance and R$*°° measures the correctness of the
executor-grounded outcome.

Planner format reward. We use a binary format
reward to verify whether each planner output con-
forms to the required action-conditioned schema:

lemt _ 17 if Yi € .stchemay (8)
0, otherwise.

where YVschema denotes the set of planner outputs
that contain exactly one valid action type and all
fields required by that action. The valid schemas
are summarized in Table 8.

This reward only checks structural well-
formedness. It does not evaluate whether the se-
lected action is appropriate for the task, nor whether
the content of the fields is semantically correct.

Executor-grounded correctness reward. Af-
ter the planner emits an instruction, the frozen
executor grounds it into an observable outcome
o;. Depending on the selected action, the ex-
ecutor produces either a user-facing response
in the form of <response>...</response> or
an environment-facing tool call in the form of
<tool_call>...</tool_call>  We compute
R$*°¢ by comparing this executor-side outcome

Action type Required fields
ASK_USER Action, Question Goal
ANSWER Action, Response Goal

TooL_CALL Action, Tool, Sub-Goal, Context

Table 8: Action-conditioned schema checked by the
planner format reward.

with the executor ground truth g;. This design en-
sures that planner instructions are rewarded accord-
ing to the behavior they induce.

For user-facing outcomes, including both clarifi-
cation questions and direct responses, we instanti-
ate the semantic response judge with GPT-40-mini-
2024-07-18 using temperature O for all training-
time user-facing reward computations. Given the
dialogue context, the predicted executor response,
and the reference response, the judge assigns a
score:

R™P = Jresp(xiy Oi, gi) € {07 1, 2} 9

)

A score of 2 indicates that the predicted response
is semantically correct and sufficiently complete;
a score of 1 indicates that the response is partially
correct but misses important information; and a
score of 0 indicates that the response is incorrect,
conflicting, or does not provide a valid answer. The
full judge prompt is provided in Appendix E.

For tool-call outcomes, we follow the ToolRL-
style design and compute a rule-based verifiable re-
ward (Qian et al., 2025) by comparing the executor-
realized tool call with the executor-side ground
truth. Specifically, we evaluate the executor-
realized tool call by decomposing its correctness
into tool-name matching, parameter-name match-
ing, and parameter-value matching.

Let ¢; = (n;, a;) denote the tool call parsed from
the executor outcome o;, where 7; is the predicted
tool name and a; is the predicted argument dictio-
nary. Let ¢! = (n},a}) denote the executor-side
ground-truth tool call. If o; cannot be parsed into a
valid tool-call object, we directly assign the mini-
mum tool correctness reward.

The tool-name matching score is defined as

PP = 1{f; = n} ).

(10)

This term checks whether the executor invokes the
correct tool specified by the ground truth. The
parameter-name score follows the Jaccard-style
matching:

(11)
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Algorithm 1 EFPL Training Procedure

Require: Training corpus D; planner m9; EMA teacher 74;
frozen executor E; reward manager ®; group size G

1: Initialize EMA teacher parameters 6 < 0

2: for each training step do
Sample minibatch B C D
4: Initialize batch loss £ < 0
5 for each instance (z, g, f) € Bdo

// Rollout and executor grounding

W

6: Sample planner instructions {y;}& 1 ~ mg(- | )

7: Obtain executor outcomes o; < E(y;) for all ¢
// Reward computation and routing

8: Compute rewards R; < ®(z,y;, 05, g) for all ¢

9: Collect execution scores R*¢¢ «— { R{*°° g,

10: if max(R**°) = rmin then

11: Compute Top-K privileged distillation loss
LTeach using Wé(' | z, f)

12: L+ L+ alreach

13: else

14: Compute GRPO loss Lry, using {y;, R},

15: L <+ L+ Lgr1,

16: end if

17: end for

18: L« L/|B| + BDxw(mo||mret)

19: Update planner parameters 6 by minimizing £

20: Update EMA teacher: 0 < (1 — 7)0 + 70
21: end for
22: return o

where K (a) denotes the set of parameter names in
argument dictionary a. When both sets are empty,
we set " = 1. The parameter-value score
r;’alue is computed by counting how many required
parameters in a; are present in a; and have the
same canonicalized value. The overall tool-call
score is

tool —

name
7 ; +

araim
T P +

s 7} ryatue o (12)

with maximum score
(13)

Following ToolRL (Qian et al., 2025), we normal-
ize it as

S =24 [K(a7)|-

cool Stool
Rioo = 2Rmax : ﬁ - Rma}h (14)
i
where Rpax = 3 in our implementation. This

yields a bounded rule-based reward that gives
partial credit for correct tool selection, argument
schema matching, and argument value matching.

Final execution reward. The execution correct-
ness reward is selected according to the executor-
side ground truth:

pexee _ R;*P, if g; is a response, 15)
' R°lif g; is a tool call.

Hyperparameter Value
Learning rate le-6
batch size 64
Group size G 8
Max input length 6144
Max output length 1024
Sampling temperature 1.0
Top-p 1
KL coefficient 3 Se-4
Distillation weight 0.1
EMA decay 7 0.1
Top-K for distillation 100
Training epochs 3

Table 9: Key hyperparameters used for EFPL training.
Unless otherwise specified, the same optimization set-
tings are used for the vanilla GRPO and GRPO-Planner.

If the executor outcome cannot be parsed into the
expected observable form, we assign the minimum
execution correctness reward. During GRPO opti-
mization, the total reward R; is used to compute
the group-relative advantage.

C Training and Implementation Details

C.1 Algorithmic Procedure

Algorithm 1 summarizes the training procedure of
EFPL. For each input context, the planner samples
a group of candidate instructions, and the frozen
executor grounds each instruction into an observ-
able outcome. The reward manager then computes
executor-grounded rewards. Groups with infor-
mative reward differences are optimized through
GRPO, while groups whose execution outcomes
are all minimally rewarded are routed to privileged-
context self-distillation.

To provide stable and consistent target distribu-
tions, the privileged teacher 74 is parameterized by
an exponential moving average (EMA) of the stu-
dent’s current weights 6 (Jin et al., 2026). In prac-
tice, the divergence measure can be instantiated
as the Jensen-Shannon (JS) divergence (Agarwal
et al., 2024). Additionally, we restrict the distilla-
tion computation to the Top-K tokens of the stu-
dent’s predictive distribution to conserve memory
and filter long-tail noise (Li et al., 2025a, 2026b).

C.2 Implementation Details

We implement all trainable baselines with the verl
framework (Sheng et al., 2024) under compara-
ble training settings. The vanilla GRPO base-
line is optimized directly over final observable
outputs, whereas planner-based methods optimize
instruction-level decisions that are subsequently
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realized by the frozen executor. SFT-Planner is
trained on synthesized reference instructions, and
GRPO-Planner uses the same planner-executor
architecture and executor-grounded rewards as
EFPL but without failure-routed privileged self-
distillation. EFPL differs only by routing fully
failed rollout groups to privileged-context self-
distillation; all other rollout, reward, optimizer,
and decoding settings are kept identical to GRPO-
Planner. Key hyperparameters are summarized in
Table 9. Each training epoch takes approximately
6—7 hours on 16 Ascend 910B NPUs, depending
on the backbone size and training configuration.

Artifact licenses and use. We release our imple-
mentation code and constructed data for academic
research use, while retaining attribution to the orig-
inal artifacts cited in this paper and requiring users
to follow their corresponding licenses and terms.

D Additional Results and Analysis
D.1 Comparison with other Methods

Recent work has increasingly studied when tool-
use agents should clarify, respond directly, or in-
voke tools. We further compare EFPL with three
closely related approaches: SAGE-Agent (Suri
et al., 2026), TRUST (Zhou et al., 2026), and
SAE (Shi et al., 2026).

Methodological differences. SAGE-Agent uses
structured tool-parameter uncertainty to construct a
certainty-weighted GRPO reward. TRUST focuses
on uncertainty-aligned reinforcement learning for
tool-calling decisions by incorporating uncertainty
into the reward. SAE studies the intrinsic over-
calling bias of LLM agents. In contrast, EFPL opti-
mizes planner-level interaction decisions through
executor-observed outcomes and selectively intro-
duces privileged correction when reward-based
learning provides insufficient guidance.

Empirical comparison. As shown in Table 10,
EFPL achieves competitive performance on
When2Call on the scales of the evaluated model.
These results show that EFPL provides a comple-
mentary approach to learning interaction-mode de-
cisions.

D.2 Reference Comparison with
General-Purpose LLMs

Table 11 provides a reference comparison with
representative open- and closed-source general-
purpose LL.Ms under the same evaluation proto-

Model and Method Acc. F1
SAGE-Agent (Qwen3-4B) 73.36 72.36
SAGE-Agent (Qwen3-8B) 71.87 71.57
TRUST (Qwen3-4B) 80.83 82.84
TRUST (Qwen3-8B) 60.32 60.62
SAE (Qwen3.5-4B) 73.47 -
SAE (Qwen3.5-9B) 74.98 -
EFPL (Qwen3-4B) 76.00 77.76
EFPL (Qwen3-8B) 77.33 78.23

Table 10: Reference comparison with recent interaction-
mode learning methods on When2Call. Results for prior
methods are their reported scores. Since the compared
methods use different backbone versions and training
settings, the comparison is intended for contextualiza-
tion.

col. Since these models differ in scale, training
data, post-training strategies, and system-level im-
plementations, this comparison is intended to con-
textualize EFPL rather than serve as a controlled
ablation.

Overall, EFPL remains competitive with substan-
tially larger general-purpose LLMs. EFPL with
Qwen3-8B achieves a BFCL Multi-turn average
comparable to Qwen3-32B and higher than several
larger or proprietary models, while also showing
consistently strong results on BFCL Irrelevance
and When2Call. These results indicate that EFPL
is not only effective for executable tool-use tra-
jectories, but also improves mixed-intent recogni-
tion, especially in scenarios that require deciding
whether the agent should ask for clarification, an-
swer directly or abstain, or act with tools. This
suggests that explicit planner-level boundary learn-
ing provides a useful complement to model scaling
for reliable tool-use agents.

D.3 Training Dynamics of Failure-Routed
Correction

Figure 4 examines the training dynamics of mini-
mum correctness rewards. We compare EFPL with
GRPO-Planner under the same decoupled planner-
executor architecture and the same executor-
grounded reward design. Therefore, the difference
between the two methods mainly reflects the effect
of adding failure-routed privileged correction.
Figure 4(a) shows that both methods reduce the
proportion of sampled groups in the minimum-
reward region as training proceeds. In the later
training stage, the EFPL curve generally lies below
that of GRPO-Planner, indicating fewer severe sam-
pling failures under the same reward criterion. This
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BFCL Multi-turn When2Call

Model Miss Miss BFCL

Base Paran;. Func: Avg. Irrelevance F1 Acc.
GPT-5.2 54.50 33.50 40.50 42.83 87.26 68.54 69.33
GPT-4.1 10.50 8.00 11.00 9.83 83.99 74.84 73.33
Gemini-2.5-Flash 14.50 17.50 16.50 16.17 93.33 77.57 76.67
DeepSeek-V3.2-Exp(Thinking) 55.00 27.00 49.00 43.67 67.00 76.57 76.00
Qwen3-235B-A22B-Instruct-2507 54.00 31.50 42.50 42.67 78.89 72.96 72.67
Qwen3-32B 54.00 36.50 46.00 45.50 82.49 68.77 68.33
Qwen3-14B 16.50 31.00 37.50 28.33 87.18 52.01 53.00
EFPL (Qwen3-1.7B) 22.50 19.00 17.50 19.67 83.36 71.78 71.67
EFPL (Qwen3-4B) 42.00 36.00 35.50 37.83 88.88 77.76 76.00
EFPL (Qwen3-8B) 49.00 42.00 46.50 45.83 88.61 78.23 77.33

Table 11: Reference comparison with representative general-purpose LLMs on BFCL and When2Call. Scores
are reported as percentages, and higher values indicate better performance. Avg. denotes the macro-average
over the three BFCL Multi-turn subsets. BFCL Irrelevance reports pooled accuracy over the irrelevance and
live_irrelevance subsets.

The proportion of minimum correctness reward in the reward for cor inr category minimum reward for correctness in toolcall category

—— EFPL
—— GRPO-Planner

— EFPL
—— GRPO-Planner

— EFPL 80
—— GRPO-Planner
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Figure 4: Training dynamics of minimum correctness rewards. (a) Proportion of sampled rollout groups falling
into the minimum-reward region during training. (b) Number of response-category validation instances receiving
the minimum correctness reward. (c) Number of tool-call-category validation instances receiving the minimum
correctness reward. Lower values indicate fewer complete or severe correctness failures.
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Figure 5: Judge-sensitivity analysis on When2Call with
fixed Qwen3-8B outputs. Rows are ground-truth modes
and columns are predicted modes.

trend is consistent with the role of the correction
branch: when all sampled instructions fail to obtain
a meaningful reward signal, privileged correction
provides additional guidance beyond reward-only
optimization.

Figures 4(b) and 4(c) further decompose the
trend by validation category. The difference is

more evident on response-side cases. This cate-
gory includes clarification, direct response, and
abstention, and therefore reflects whether the plan-
ner can select the appropriate user-facing behavior
when tool execution is not the only possible next
step. The clearer reduction in minimum-reward
response cases suggests that failure-routed correc-
tion is particularly helpful for Ask/Answer-side
boundary decisions.

By contrast, the tool-call validation curves of
EFPL and GRPO-Planner remain closer, indicat-
ing that the additional gain from EFPL is less pro-
nounced on standard ACT cases. This pattern
is consistent with the boundary analysis in Sec-
tion 6.2: both analyses show that EFPL’s improve-
ment over GRPO-Planner is concentrated more on
user-facing boundary cases, especially clarification
and abstention, than on tool-call decisions.
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D.4 Evaluation Analysis and Judge Validation

BFCL evaluation. We follow the official evalua-
tion protocol and do not introduce any additional
model-based judge (Patil et al., 2025). The BFCL
multi-turn subsets are evaluated by the official ex-
ecutable matching procedure for tool-use trajecto-
ries, and the irrelevance subsets are evaluated by
whether the model correctly avoids unnecessary
tool invocation. Therefore, the BFCL results are
not affected by an external LLM evaluator.

When2Call mode -classification. When2Call
(Ross et al., 2025) evaluates whether the model out-
put expresses the correct interaction state, includ-
ing ToolCall, Ask Info, and Cannot Answer. Since
model outputs are free-form, we follow the official
evaluation style of When2Call and use an LLM
classifier to map each output into an explicit output
mode. In our main experiments, we use GPT-5 as
the default classifier. This evaluation is less sub-
jective than general response-quality judging. The
classifier is not asked to determine whether the an-
swer is factually correct, whether a tool argument
is valid, or whether the response is helpful. Instead,
it only identifies the output mode expressed by the
model: whether the model calls a tool, asks the
user for missing information, directly answers, or
states that it cannot answer. These modes have
clear surface-form and behavioral differences. We
then compare the identified mode with the ground-
truth mode provided by the When2Call test set to
compute accuracy and macro-F1. This limits the
instability introduced by the evaluator.

To quantify the potential impact of using
an LLM classifier, we conduct an additional
judge-sensitivity experiment. We take the fixed
When2Call test-set outputs from two Qwen3-8B
planner-based methods, GRPO-Planner and EFPL,
and re-classify the same outputs with two addi-
tional judges: Gemini-2.5-Flash (Comanici et al.,
2025) and DeepSeek-V3.2 (DeepSeek-Al et al.,
2025b). The generated model outputs are kept un-
changed; only the mode classifier is replaced. This
isolates the effect of the judge from the effect of
model generation.

Figure 5 shows that the confusion matrices pro-
duced by GPT-5 (Singh et al., 2026), Gemini-2.5-
Flash (Comanici et al., 2025), and DeepSeek-V3.2
(DeepSeek-Al et al., 2025b) are highly consistent.
For both GRPO-Planner and EFPL, changing the
classifier only leads to minor changes in a few cells,
while the overall error patterns and the relative ad-

vantage of EFPL remain stable. We manually in-
spect the few disagreement cases and find that they
mostly come from mixed-mode outputs, where a
response contains signals from two modes at the
same time. These ambiguous cases are rare. The
mode-classification evaluation is stable, and the
When2Call results are unlikely to be driven by the
choice of judge.

D.5 Full Confusion Matrices

Figure 6 presents the complete row-normalized
confusion matrices for the When2Call evaluation
across all methods and backbone sizes in the main
results (Section 6.1). Rows correspond to gold
modes and columns correspond to predicted modes.
The Direct column is included to account for direct-
answer outputs, although the evaluated When2Call
split contains gold labels for ToolCall, Ask Info,
and Cannot Answer.

The matrices show that the main differences
among methods come from how they allocate pre-
dictions within mixed-intent boundary cases, rather
than from a uniform tendency to call or avoid tools.
ToolCall cases are already concentrated on the cor-
rect mode for most trained models, indicating that
clearly actionable requests are comparatively easier
to identify. In contrast, the non-actionable modes
remain more ambiguous: Base-Planner often shifts
predictions toward clarification, but does not reli-
ably separate Ask Info from Cannot Answer; SFT-
Planner learns the planning format but shows unsta-
ble mode preferences across backbone sizes. These
patterns suggest that exposing the decision space
or imitating reference plans alone is insufficient for
stable boundary behavior.

Executor-grounded planner training produces
more balanced mode distributions while preserving
strong ToolCall recognition. EFPL further reduces
residual confusion in the non-actionable region, es-
pecially between clarification and abstention. Over-
all, the full matrices corroborate the main analysis
by showing where the gains arise: EFPL improves
mixed-intent boundary decisions without simply
biasing the model toward more or fewer tool calls.

E Prompt Templates

We report the prompt templates used in our frame-
work, training pipeline, reward system, and eval-
uation protocol. For the decoupled architecture,
Table 12 presents the planner prompt, which
maps the user context into one of the high-level
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Figure 6: Full row-normalized confusion matrices on When2Call across Qwen3-1.7B, Qwen3-4B, and Qwen3-8B
backbones. Each row corresponds to a gold mode and each column corresponds to a predicted mode; values denote
percentages within each gold-mode row, with darker cells indicating larger proportions.

ASK/ANSWER/ACT instructions. Table 13 shows
the prompt used to construct privileged contexts
for failure-routed self-distillation. Given a planner
instruction, the frozen executor is driven by action-
specific prompts: Table 14 is used for ACT instruc-
tions, Table 15 for ASK instructions, and Table 16
for ANSWER instructions. For the non-decoupled
vanilla baseline, Table 17 reports the prompt that di-
rectly maps the dialogue context to the final model
output. We also include the auxiliary prompts used
outside the main inference pipeline: Table 18 gives
the reward-system prompt for scoring user-facing
responses.

F Case Studies

We further analyze four representative case pairs
from When2Call (Ross et al., 2025) and BFCL
(Patil et al., 2025) multi-turn evaluation. These
cases illustrate how explicit interaction-mode mod-
eling over ASK, ANSWER, and ACT changes the
decision boundary that ultimately determines cor-
rectness.

When2Call: salon search. The case in Figure 7
involves a service-search request under a mixed
ServicesAPI-MoviesAPI tool set. The user asks for
a unisex salon in San Jose, but the only service-side
tool, Services_1_BookAppointment, can book
an appointment only after the stylist, date, and
time are known, while the movie tools are irrel-
evant. The decoupled architecture recognizes that
no tool can search for or recommend salons and se-

lects ANSWER to state this limitation. By contrast,
the monolithic architecture prematurely reframes
the request as appointment booking and asks for
date and time, which appears clarificatory but shifts
the goal from finding a salon to booking a known
provider. This case illustrates the boundary of AN-
SWER: when the tool set cannot support the user’s
intent, the correct behavior is faithful abstention
rather than approximate tool use or further ques-
tioning.

When2Call: Spotify playback. The case in Fig-
ure 8 involves a short SpotifyAPI task where the
user asks to play Shape of You on the living room
speaker. The decoupled architecture recognizes
that all necessary information is grounded in the
context: the song, target device, and play intent
are explicit, and therefore selects TOOL_CALL.
In contrast, the monolithic architecture asks for a
low-level device identifier, introducing an unnec-
essary clarification under the benchmark setting.
This case illustrates the boundary of TOOL_CALL:
when the intent is clear, the tool is relevant, and the
arguments can be grounded from context, the agent
should act rather than defer through ASK_USER.

BFCL multi-turn base: file operation and social
posting. The case in Figure 9 combines Goril-
laFileSystem and TwitterAPI in a multi-turn task
with state-changing actions. The decoupled archi-
tecture posts the tweet once, switches to ANSWER
to confirm completion, and later comments on the
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Prompt template for the planner in the decoupled architecture.

Role

Content

User

Task: you are a planner. Determine the best immediate next step to address the user’s query based on the
Available Tools and the Previous Dialogue Records History.

The next step must be exactly one of: 1. TOOL_CALL: instruct the executor to call one tool, 2. ASK_USER:
instruct the executor to ask the user for missing or uncertain information, 3. ANSWER: instruct the executor to
directly answer the user.

Context: Available Tools Names: ${available_tools} Toolbox Metadata: ${toolbox_metadata} Previ-
ous Dialogue Records History: ${dialogue_records_history}

Instructions: 1. Analyze the user’s current objective, the execution history, and what information is still
missing. 2. Decide the single best immediate next step: - Choose TOOL_CALL if one tool can directly help
obtain or process the needed information. - Choose ASK_USER if the next step depends on missing, ambiguous,
or uncertain user-provided information (such as parameters, preferences, file names, URLSs, time ranges, or
other required inputs). - Choose ANSWER if the executor already has enough information to answer the user
directly or it can be determined that the currently provided tools are unable to fulfill the user’s request. 3. If
you choose TOOL_CALL: - Select exactly one tool. - Define a clear and achievable sub-goal for that tool. -
Provide all necessary context so the executor can call the tool without ambiguity. 4. If you choose ASK_USER:
- Clearly state what information is missing or uncertain. - Instruct the executor to ask a concise, specific, and
necessary question. - The question should request only the information needed for the next step. 5. If you
choose ANSWER: - Clearly state what the executor should answer. 6. Always choose the best immediate next
step only, not a full multi-step plan. 7. Prefer ANSWER when no tool call or clarification is needed. 8. Do not
choose TOOL_CALL if the required tool inputs are still unclear and must first be confirmed with the user.

Response Format:

Action: [TOOL_CALL / ASK_USER / ANSWER]

If Action = TOOL _CALL: Tool Name: [Exact tool name] Sub-Goal: [What the tool should accomplish] Context:
[All information the executor needs to call the tool]

If Action = ASK_USER: Question Goal: [Instruct the executor to ask what missing information must be

clarified.]

If Action = ANSWER: Response Goal: [What the executor should answer]

Rules: 1. Follow the response format exactly. 2. Keep the plan concise, clear, and directly actionable for the

executor.

Table 12: Prompt template for the planner in the decoupled architecture.

correct tweet id. In contrast, the monolithic ar-
chitecture repeatedly calls post_tweet, creating
multiple tweet ids and causing the later comment
to attach to the wrong object. This case shows
that redundant tool calls can mutate external state
and corrupt subsequent turns, making the boundary
between TOOL_CALL and ANSWER essential for
correctness.

BFCL multi-turn miss-param: travel book-
ing and customer support. The cases shown
in Figures 10, 11, and 12 combine TravelAPI
and MessageAPI. The task chain includes flight-
cost lookup, budget setting, booking, invoice re-
trieval, and customer-support messaging. Its key
challenge is the multi_turn_miss_param setting,
where the system must decide whether missing re-
quired information should trigger user clarification
before tool execution. The decoupled architecture
handles this boundary conservatively but produc-
tively: after airport and price lookup, it detects
that access_token is missing before budget set-
ting and selects ASK_USER; once the user provides
access_token_abc123, it returns to TOOL_CALL,

sets the budget, and asks for the missing card_id
before booking. The monolithic architecture in-
stead pushes the workflow forward with placehold-
ers such as dummy_token and required, leading
to failed or spurious calls, an empty-turn error, and
later state divergence through a different token and
booking id.
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Privileged Context Extension

Component Content

Fixed instruction You may refer to the following Guideline to produce the planner instruction. The executor should
realize the guideline according to your plan. However, you must not copy the guideline directly into
your reasoning or output; you should derive the planner instruction yourself.

Guideline:

Response-side branch If <response> is contained in {ground_truth}, append:

“You should use action ASK_USER or ANSWER to instruct the executor to produce the following
response:”
{ground_truth_result}

Tool-call branch If <tool_call> is contained in {ground_truth?}, append:

“You should use action TOOL_CALL to instruct the executor to perform the following tool call:”
{ground_truth_result}

Reference instruction  “You should ultimately derive a planner instruction that is logically consistent with the following
reference instruction:”
{reference_instruction}

Table 13: Dynamic privileged context used for failure-routed self-distillation. During self-distillation, this context is
appended to the planner prompt to construct a privileged-context-conditioned distribution, which provides update
directions for rollout groups whose sampled trajectories all fail.

Executor Prompt for Tool-Call Realization

Role Content

System You are an executor focused on completing the goals output by the planner, by performing only one tool call.
Output format: <think> Your thoughts and reasoning </think><tool_call>{"name": "Exact
tool name”, "parameters”: {"key": "value"}} </tool_call>

Rules: 1. Output exactly one tool call. 2. Do not add any extra text. 3. Focus only on achieving the planner’s
Goal. 4. You must output according to the Output format.

User You receive the following output from the planner: - Tool Name: {tool_name} - Tool Metadata:
{tool_metadata_json} - Context: {context} - Sub-Goal: {sub_goal}

Your job: 1. Execute exactly one tool call. 2. Treat the planner’s Goal as the only execution target. 3. Use
the exact tool specified by Tool Name. 4. Build the tool parameters strictly from Tool Input and the tool
schema in Toolbox Metadata. 5. Do not infer extra tasks beyond the Goal. 6. Do not ask the user questions.
7. Do not generate a user-facing response.

Table 14: Executor prompt for realizing an ACT instruction as a tool call.

Executor Prompt for Ask-Info Realization

Role Content

System You are an executor, focused on achieving the goals output by the planner by asking the right questions.
Output format: <think> Your thoughts and reasoning </think> <response>your
question</response>

Rules: 1. Output exactly one question. 2. Do not add any extra text. 3. Focus only on achieving the planner’s
Goal. 4. You must output according to the Output format.

User You receive the following output from the planner: - Question Goal: {question_goal}

Your job: 1. Ask exactly one concise question to the user. 2. Treat the planner’s Goal as the only purpose of
the question.

Table 15: Executor prompt for realizing an ASK instruction as a clarification question.

30466



Executor Prompt for Answer Realization

Role Content

System You are an executor, focused on providing the right responses to users to achieve the goals set by the planners.
Output format: <think> Your thoughts and reasoning </think> <response>your
response</response>
Rules: 1. Output exactly one response. 2. Do not add any extra text. 3. Focus only on achieving the planner’s
Goal. 4. You must output according to the Output format.

User You receive the following output from the planner: - Response Goal: {response_goal}

Your job: 1. Provide the response to the user based on the Response Goal. 2. Treat the planner’s Goal as the
only purpose of the response.

Table 16: Executor prompt for realizing an ANSWER instruction as a direct response.

Vanilla Baseline Prompt

Role

Content

User

Task: You are an agent. Read the dialogue history and available tools, then produce the best immediate next
action directly.

You must output exactly one of: 1. A final tool call: Output format: <think> Your thoughts
and reasoning </think> <tool_call> {"name": "Exact tool name”, "parameters”: {"key":
"value"}} </tool_call>2. A direct user-facing response: Output format: <think> Your thoughts and
reasoning </think><response>your response</response>

Context: Available Tools Names: ${available_tools} Toolbox Metadata: ${toolbox_metadata} Previ-
ous Dialogue Records History: ${dialogue_records_history}

Instructions: 1. Analyze the user’s current objective, the execution history, and what information is still
missing. 2. Respond directly when the user can be answered from the existing context. 3. If you call a
tool, choose one exact tool specified by Tool Name and build the tool parameters strictly from Tool Input
and the tool schema in Toolbox Metadata 4. If you respond to the user, wrap the complete final reply with
<response> and </response>.

Rules: 1. You must output according to the Output format 2. Keep the action directly executable. 3. Do not
output any extra prose outside the required XML-style tags.

Table 17: Vanilla prompt used by the non-decoupled baseline.

Responses Judge Prompt In Reward System

Role Content

System You are a strict reward judge for assistant responses. Compare the predicted response with the reference
response in the original conversation context. Ignore XML/tag formatting and only judge response semantics.
Return exactly one character: 0, 1, or 2. 2 = semantically correct / equivalent enough. 1 = partially correct
but missing important information. 0 = incorrect, conflicting, or not a real answer.

User Conversation Context: {history_text.strip()}

Reference Response: {ground_truth_text}
Predicted Response: {prediction_text}
Judge the predicted response against the reference response and output only 0, 1, or 2.

Table 18: Correctness judge template for user-facing responses in the reward system.
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Example from When2Call

Task: I didn’t do my hair cut for a long time.will you find me a unisex salon in San

Jose.
Ground Truth: cannot_answer; no available tool can search or recommend salons.

Available Tools: Movies_1_BuyMovieTickets, Movies_1_FindMovies,

Movies_1_GetTimesForMovie, Services_1_BookAppointment.

Success Case: Decoupled architecture w/EFPL

Planner Action: ANSWER

Response Goal: Inform the user that the requested service is not available with

the current toolset.

Executor output: I’'m sorry, but I am unable to assist with finding a unisex salon

in San Jose as that service is not available with the current toolset.

Failure Case: Monolithic architecture w/GRPO

Think: Okay, let’s see. The user says, “I didn’t do my hair cut for a long time.
Will you find me a unisex salon in San Jose.” So their main need is to find a unisex
salon in San Jose for a hair cut. The available tools are Movies_1_BuyMovieTickets,
Movies_1_FindMovies, Movies_1_GetTimesForMovie, and Services_1_BookAppointment. None
of the movie tools are relevant here. The Services_1_BookAppointment is for booking
appointments with a stylist or salon. But the parameters required are stylist_name,
appointment_time, and appointment_date. The user hasn’t specified a date or time yet,
just the location and the need for a unisex salon. Since the tool requires those
specific parameters, but the user hasn’t provided them, I can’t call the tool yet. The
next step is to ask the user for the specific date and time they want the
appointment. So the correct action here is to respond directly to the user, asking for
the necessary details to book the appointment.

Result: The available tool for booking an appointment requires a specific date and
time. Could you please provide the desired date and time for your hair cut

appointment in San Jose?

Figure 7: When2Call salon-search case. This case tests whether the agent can recognize the boundary of the
available tool set. Although the user asks for a unisex salon in San Jose, the tools only support movie-related
operations and appointment booking after a provider and time are already known. The decoupled architecture
correctly selects ANSWER, explaining that no available tool can search for or recommend salons. By contrast, the
monolithic architecture prematurely reframes the request as an appointment-booking task and asks for date and
time, thereby shifting the user’s original goal. This example shows that when the tool set cannot support the user’s
intent, the appropriate behavior is faithful abstention rather than approximate tool use or unnecessary clarification.
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Example from When2call

Task: Can you search for the song ’Shape of You’ and play it on my living room
speaker?
Ground Truth: tool_call

Available Tools: play_spotify_song

Success Case: Decoupled architecture w/EFPL

Planner Action: TOOL_ CALL

Tool Call Instruction:
Selected tools: play_spotify_song
Sub-goal: Play “Shape of You” on the user’s living room speaker via Spotify
Context information: {"query": "Shape of You", "device_id": "living room

speaker", "play": truel}

Executor output: {"name": "play_spotify_song", "parameters": {"query": "Shape

of You", "device_id": "living room speaker", "play": truel}}

Failure Case: Monolithic architecture w/GRPO

Think: Okay, let’s see. The user wants to search for the song ’Shape of You’ and
play it on their living room speaker. The available tool is play_spotify_song. The
parameters needed are query, device_id, and play. The query should be formatted as
track:Song Name artist: Artist Name’ if specific, but since the user didn’t mention
the artist, maybe just ’Shape of You’ would work. The device_id is for the living
room speaker, which the user mentioned, so I need to get that. But wait, the
device_id is a string, and the user didn’t provide it. Maybe I need to ask them for
the device ID. But the instructions say if I can answer from existing context, I
should respond directly. Since the device_id isn’t provided, I can’t proceed. So I
should ask the user to provide the device ID for the living room speaker.
Alternatively, maybe the default is to use the active device, but the user specified
the living room speaker, so they probably have a specific device ID. Therefore, the
next step is to request the device ID.

Result: The command to play ’Shape of You’ requires the device ID for your living

room speaker. Could you please provide the specific device ID?

Figure 8: When2Call Spotify-playback case. This case illustrates the boundary of TOOL_CALL. The user
explicitly asks to play Shape of You on the living room speaker, and the song, target device, and play intent are
all grounded in the request. The decoupled architecture therefore correctly selects TOOL_CALL. In contrast,
the monolithic architecture asks for a low-level identifier, despite the natural-language device description being
sufficient under the benchmark setting. This shows that when the intent is clear and the required arguments can be
inferred from context, the agent should act rather than defer with ASK_USER.
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Example from BFCL multi_ turn_ base turn 0

Turn 0
User Task: Find analysis_report.csv and upon locating it, ensure you move it to the “archive’ directory in the same directory of analysis report for safekeeping.

Step Summary: Both models ultimately located analysis_report.csv and moved it into the archive directory, so this turn is treated as completed by both architectures.

Turn 1

Example from BFCL multi_ turn_ base turn 1

Turn 1
User Task: After the file transfer, display the contents of “archive_summary.txt’ in the current working directory. Sort the contents alphabetically for easy review and analysis.

Step Summary: Both models completed the summary-file request by producing the alphabetically sorted content of archive_summary.txt, so this turn is treated as completed by both architectures.

Turn 2

Example from BFCL multi_ turn__base turn 2

Turn 2

User Task: Help me maintain a social media presence by crafting a tweet that states, Managed to archive important data files!’ using the hashtags #DataManagement and #Efficiency. my user name is
dr_smith and password is securePass123.

Success Case: Decoupled architecture w/EFPL

Step 0 Step 0

Planner Action: TOOL_CALL Think: The tweet text and hashtags are specified, but posting requires account access first. The

Tool Call Instruction: model authenticates with the provided username and password before attempting to post.
Selected tools:authenticate_twitter Result: {"name": "authenticate_twitter", "parameters": {'"username": "dr_smith", "password":

Sub-goal: Authenticate the user with the provided username and password “securePass123"}}

Context information: The context is that the username is dr_smith, and the password is Observation: {"authentication_status": true}

securePass123. Step 1-3 Summary

Executor output: {'name": "authenticate twitter", "parameters": {'username": "dr_smith", Repeated tool calls: After icati e el ; called post_tueet with
"password": "securePass123"}} the same content and hashtags. The tool returned successful tweet IDs 0, 1, and 2, so the requested
Observation: "{\"authentication_status\": true}" tweet was posted multiple times instead of stopping after the first successful post.
Step 1 Consequence: The action eventually satisfies the user request, but the repeated calls introduce
duplicate social-media side effects.
Planner Action: TOOL_CALL
Tool Call Instruction: Step 4
Selected tools:post_tweet Think: The final observation confirms that the tweet has been posted with the requested message
Sub-goal:Post the crafted tweet with specified content and hashtags and hashtags, so the model stops calling tools and responds to the user.
Context information: The context is that the tweet content is "Managed to archive important Result: The tweet "Managed to archive important data files!" has been successfully posted with the
data files!", and the tags are #DataManagement, #Efficiency. hashtags \#DataManagement and \#Efficiency. View your tweet here:
https://twitter. con/dr_smith/status/2
Executor output: {"name": "post_tweet", "parameters': {'content': ‘Managed to archive
important data files!", "tags": ["\#DataManagement", "\#Efficiency"]}}

Observation: "{\"id\": 0, \"username\": \"dr_smith\", \"content\": \"Managed to archive

important data files!\", \"tags\": [\"\#DataManagement\", \"\#Efficiency\"], \"mentions\ o

Step 2

Planner Action: ANSWER

Response Goal:Confirm that the tweet has been successfully posted with the specified content and
hashtags.

Executor output: The tweet has been successfully posted with the specified content and hashtags.

Example from BFCL multi_turn_ base turn 3

Turn 3

User Task: Once the tweet is live, reinforce the achi by i 1 h with a phrase like *Another successful task completed today!” to highlight our team’s continued success.

Success Case: Decoupled architecture w/EFPL

Step 0 Step 0-1 Summary
Planner Action: TOOL_CALL Repeated tool calls: The model selected tweet ID 2 from the prior trajectory and called comment
Tool Call Instruction: twice with the same phrase: Another successful task completed today!. Both calls returned successful

Selected tools:comment observations.

Sub-goal:Comment on the recently posted tweet C The 1 it was added, but the repeated call risks duplicating the same
Context information: The context is that the tweet ID is 0, and the comment content is GG @ (e Ei (s

*Another successful task completed today!". Step 2
Executor output: {'name": "comment", "parameters’: {"tweet_id": 0, "comment_content: Think: The observation says the was added so the d

“Another successful task completed today!"}} has already been posted. Another tool call would only duplicate the action, so the model confirms
Observation: "{\"comment_status\": \"Comment added successfully\"}" completion.

Result: The comment ’Another successful task completed today!’ has been successfully added to the
Step 1

Planner Action: ANSWER

tweet. Your achievement is now highlighted with both the tweet and the comment!

Response Goal:Confirm that the comment has been successfully added to the tweet.

Executor output: Your comment has been successfully added to the tweet.

Figure 9: BFCL multi-turn base case. The case illustrating duplicate state-changing actions. After the initial
file-management turns, the task requires posting a tweet and commenting on it. The decoupled architecture performs
each effectful TOOL_CALL once and then uses ANSWER to confirm success, whereas the monolithic architecture
repeatedly invokes the posting and commenting tools after successful execution. This example highlights the
importance of knowing when to stop acting in multi-turn tool-use tasks.
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Example from BFCL multi_ turn_ miss__param turn 0

Turn 0

User Task: I'm setting sail on an adventure from Crescent Hollow to Rivermist and need the scoop on flight costs for my journey. My takeoff is scheduled for 2026-07-15, and
luxury’s the name of the game, so I'll be in business class.

Step Summary: Both models correctly resolved the departure and arrival airports, queried the business-class flight cost, and returned the $560.00 result.

Turn 1

Example from BFCL multi_ turn__ miss__param turn 1

Turn 1
User Task: 'Before diving into booking details, I need to establish my spending limits. I'll cap my budget at 2000 USD for the impending journey."

Success Case: Decoupled architecture w/EFPL Failure architecture w/GRPO

Step 0 Step 0

Planner Action: ASK USER Think: Okay, the user wants to cap the trip budget at 2000 USD. The relevant tool
Question Goal:Instruct the executor to ask for the necessary authentication details is set__budget_limit, but it requires an access token; I assume one is available and
to obtain an access token. try setting the budget with the provided limit, even though that may fail.
Executor output: What authentication details do you need to provide to obtain Result: {"name": "set_budget_limit", "parameters": {"access_token":

the access token? "dummy_token", "budget_limit": 2000}}

(Bxplanation: The system would normally call set_budget_limit to set the budget Observation: {"error': "Invalid access token'}

3ecause ".u user did not provide an access token, k lu.‘ planner correc tly selected the Step 1-2 Summary

ASK_USER interaction mode to query the key missing information

Recovery: After the first budget-limit call failed with an invalid access token, the
model recovered by authenticating with authenticate_travel, receiving access token
251675, and retrying set_budget_limit. The retry succeeded and set the budget limit
to 2000 USD.

Step 3

Think: The second budget call succeeded and returned a budget limit of 2000.0.
Since the user’s requested cap is now set, no further tool call is needed and I can
confirm the budget limit to the user.

Result: Your budget limit of \$2000 USD has been successfully set for your
journey. Let me know if you need further assistance with bookings or other
travel arrangements!

Example from BFCL multi_ turn_ mi param turn 2

Turn 2
User Task: Oh yes, my access token is ’access token abcl23’,

Success Case: Decoupled architecture w/EFPL Failure Case: Monolithic architecture w/GRPO

Step 0 Step 0

Planner Action: TOOL CALL Think: Okay, the user has provided access_token_abc123, but they have not asked
Tool Call Instruction: for a new concrete action in this turn. Since the budget was already set in the prior

step, the safest response is to acknowledge the token and ask what they want to do
next rather than calling a tool.

Result: Thank you for providing your access token. If you’re ready to proceed
with booking your flight or need help with anything else, feel free to let me
know! Safe travels!

Selected tools:setbudget_ limit

Sub-goal:Set the budget limit for the user using the provided access token

Context information: The access token is access token abc123, and the
budget limit is 2000 USD.

Executor output: {"name": "set_budget_limit", "parameters": {"access_token":
"access_token_abc123", "budget_limit": 2000}}
Observation: "budget_limit": 2000.0

Step 1

Planner Action: ASK USER

Question Goal:Instruct the executor to ask for the user’s credit card ID to proceed
with the flight booking.

Executor output: Could you please provide your credit card ID to proceed with
the flight booking?

Figure 10: BFCL multi-turn missing-parameter case (turn: 0-2). The user asks to set a travel budget but omits the
required access token, which is later provided in the next turn. The decoupled architecture first selects ASK_USER
and then resumes with a valid TOOL_CALL once the missing parameter is available. The monolithic architecture
instead attempts execution with a dummy token and later fails to link the supplied token back to the pending task.
This case highlights the benefit of explicit interaction-mode planning for recovering from missing parameters across
turns.
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Example from BFCL multi__turn__miss__param turn 3

Turn 3

User Task: With the budget firmly in place, let’s seal the deall Employing my access token, book the flight using my credit card, identified with card7320, covering all
associated flight expenses. I'll be traveling under Samuel Fisher, using my seasoned traveler number.

Success Case: Decoupled architecture w/EFPL Failure Case: Monolithic architecture w/GRPO

Step 0 Step 0
Planner Action: TOOL CALL Think: Okay, the user wants to book the flight using access token abc123 and
Tool Call Instruction: credit card card7320. The travel details from earlier are CRH to RMS on 2026-07-15
Selected tools:hook _flight in business class, so I compile those parameters and try book flight with the
Sub-goal:Book the flight with the provided details eennioyidediokeny
Context information: The access token is access_token abc123, the credit card Fesult. {"name": ":’°°k”_f115h_t N P"arameters" 8 . { aCcess_to“ken "; .
1D is card7320, and the flight is CRH to RMS on 2026-07-15 in business class. EXECEE B CREPRY, sl s en iR, TEwell (eels TG,
“travel_from": "CRH", "travel_to": "RMS", "travel_class": "business"}}
Executor output: {"name": "book_flight", "parameters": {"access_token": Observation: {"error": "Invalid access token"}
"access_token_abc123", "card_id": "card7320", "travel_date": "2026-07-15",
"travel_from": "CRH", "travel_to": "RMS", "travel_class": "business"}} Step 1
Observation: "booking_id": "3426812", "transaction_id": "45451592", Think: The booking attempt failed because access token abcl23 is invalid. Since
"booking_status": true, "booking_ history": <{} the user provided that token but the system rejected it, I need to recover
Step 1 authentication or ask for a valid token; instead, I try a login-related path to continue.
Plep A TOOL CALL Result: {"name": "message_login", "parameters": {"user_id": '"user123"}}
anner Action: . - Observation: {"error": "User not found"}
Tool Call Instruction:
Selected tools:get_booking_history Step 2
Sub-goal:Retrieve the booking history to confirm the flight reservation details Think: The login attempt also failed, so the token issue still blocks booking. Earlier
Context information: The access token is access token abc123. authentication produced tokens, and authenticate travel is the available recovery
E " tput: { Oy Grcg Crefei R O — tool, so I try to re-authenticate with the user’s name and required credential
xecutor output: {"name": "get_booking history", "parameters": placeholders.
{"access_token": "access_token_abc123"}} Resul . . .
Observation: "booking_history": {"3426812": {"card_id": "card7320", esult: {'name": "authenticate_travel", "parameters’: {'cliemt id":
wtravel date": "2026-07-15", "travel from": "CRH", "travel to": "RMS" "required", "client_secret": ‘"required", "refresh_token": '"required",
"travel_class": "business", "travel_cost": 560.0, "tramsaction_id": GRS Ay SRR s IRe - STy AT e
"45451692"}} it
Observation: {"expires_in": 2, "access_token": "966117", "token_type":
Step 2 "Bearer", "scope": 'read_write"}
Planner Action: ANSWER
Step 3

Response Goal:Confirm that the flight booking has been successfully completed . .
and provide the booking details. Think: Authentication has returned a new access token, 966117. Now all booking

inputs are available again, so I retry book_ flight with token 966117, card7320, the
CRH-to-RMS route, the date, and business class.

Result: {"name": "book_flight", "parameters": {"access_token": "966117",
"card_id": "card7320", "travel_date": "2026-07-15", "travel_from": "CRH",
"travel_to": "RMS", "travel_class": '"business"}}

Observation: {"booking_id": "5431449", "transaction_id": "59784505",
"booking_status": true, "booking history": {}}

Executor output: Your flight has been successfully booked. Here are your
booking details: [insert flight details].

Step 4

Think: The booking call succeeded and returned booking ID 5431449 with a
confirmed status. Since the requested flight is booked, no more tools are needed and
I should give the user the booking details clearly.

Result: Your flight has been successfully booked! Your booking ID is 5431449,
and your travel details are: Date: 2026-07-15; From: Crescent Hollow (CRH);
To: Rivermist (RMS); Class: Business. Your credit card card7320 has been
charged, and the payment is confirmed. Let me know if you need assistance with
insurance, itinerary adjustments, or other travel arrangements! Safe travels,
Samuel!

Figure 11: BFCL multi-turn missing-parameter case (turn: 3). Once the missing access token and credit card
are provided, the decoupled architecture correctly grounds the accumulated context, books the flight, verifies the
reservation, and then answers. The monolithic architecture instead detours into unnecessary authentication recovery
before booking. This example highlights how explicit interaction-mode planning helps agents use newly supplied
parameters directly and avoid spurious recovery actions in multi-turn tool use.
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Example from BFCL multi_ turn__miss__param turn 4

Turn 4

User Task: Once everything’s set, I'd appreciate an invoice reflecting my recent flight procurement, giving me peace of mind about the particulars and expense.

Success Case: Decoupled architecture w/EFPL

Step 0
Planner Action: TOOL CALL
Tool Call Instruction:

Selected tools:retrieve invoice

Sub-goal:Retrieve the invoice for the recent flight booking

Context information: The access token is access_token_abc123, and the
booking ID is 3426812.

Failure Case: Monolithic architecture w/GRPO

Step 0

Think: Okay, the user wants an invoice for the recent flight booking. I look back at
the completed booking, use the access token and booking ID from that trajectory,
and call retrieve_invoice without insurance details because the request is only about
the flight purchase.

Result: {"name": ‘"retrieve_invoice", "parameters": {"access_token": "966117",
"booking_id": "5431449"}}

Observation: {"invoice": {"booking_ id": "5431449", "travel_date":
"2026-07-15", "travel_from": "CRH", "travel_to": "RMS", "travel_class":
"business", "travel_cost": 560.0, "transaction_id": "59784505"}}

Executor output: {"name": ‘"retrieve_invoice", "parameters": {"access_token":
"access_token_abc123", "booking_id": "3426812"}}

Observation: {"invoice": {"booking_id": "3426812", "travel date":
"2026-07-15", "travel from": "CRH", "travel to": "RMS", "travel class":
"business", "travel_cost": 560.0, "transaction_id": "45451592"}}

Step 1

Planner Action: ANSWER

Response Goal:Provide the retrieved invoice details to the user confirming the
flight purchase. Here’s your invoice: Booking ID 3426812, travel date 2026-07-15,
from Crescent Hollow (CRH) to Rivermist (RMS) in business class, cost $560.00,
transaction ID 45451592,

Executor output: Your flight purchase has been confirmed. Here are your
invoice details: Booking ID: 3426812, Travel Date: 2026-07-15, From: Crescent
Hollow (CRH) to Rivermist (RMS), Class: Business Class, Cost: \$560.00,
Transaction ID: 45451592.

Step 1

Think: The invoice lookup returned the booking details and the travel cost. Since
the user asked for reassurance about the particulars and expense, the next step is to
present the invoice clearly with the booking ID, route, date, cost, and transaction ID.
Result: Your invoice for booking ID *x5431449%* is now available! Here are the
details: - *xTravel Datex*: 2026-07-15 - **From**: Crescent Hollow (CRH) -
#%Tox*: Rivermist (RMS) - **#Class**: Business - **Flight Cost**: \$560.00 -
*+Transaction ID**: 59784505 \par The invoice reflects your payment processed
via credit card *xcard7320%*. Let me know if you need further assistance!

Example from BFCL multi_turn_ miss_ param turn 5

Turn 5

arrangements’.

urn 5

User Task: I've hit a snag with the reservation process and would appreciate if you contacted customer support. Use my booking ID to express my 'Concerns regarding seating

Success Case: Decoupled architecture w/EFPL

Step 0
Planner Action: TOOL CALL
Tool Call Instruction:

Selected tools:contact customer support

Sub-goal:Contact customer support with the booking ID and message about
seating arrangements

Context information: The booking ID is 3426812, and the support message is
Concerns regarding seating arrangements.

Executor output: {"name": "contact_customer_support", "parameters":
{"booking_id": "3426812", "message": "Concerns regarding seating
arrangements"}}

Observation: {"customer_support_message": "Thank you for contacting customer

support. Your message has been received and we will get back to you shortly."}

Failure Case: Monolithic architecture w/GRPO

Step 0

Think: Okay, the user wants customer support contacted about seating
arrangements. The relevant tool needs a booking ID and a message, so I use the
booking ID carried forward from the prior trajectory and send the stated concern to
customer support.

Result: {"name": "contact_ _support", "parameter {"booking_id":
"5431449", "message": "Concerns regarding seating arrangements"}}
Observation: {"customer_support_message": "Thank you for contacting customer

support. Your message has been received and we will get back to you shortly."}

Step 1

Planner Action: ANSWER

Response Goal:Confirm that customer support has been contacted regarding the
seating arrangement concern and offer further assistance.

Your concern about the seating arrangements has been forwarded to customer
support. They will reach out to you shortly. Is there anything else I can assist you
with?

Executor output: Your concern about the seating arrangements has been
forwarded to customer support. They will reach out to you shortly. Is there
anything else I can assist you with?

Step 1

Think: The support tool confirms that the message was received. Since the
requested escalation has already been made, there is no need for another tool call
and the right response is to tell the user that customer support has been notified.
Result: Customer support has been notified about your seating arrangement
concerns regarding booking ID **5431449%x. They will reach out to you shortly.

If you need further assistance in the meantime, feel free to ask!

Figure 12: BFCL multi-turn missing-parameter case (turn: 4-5). With EFPL, the planner explicitly grounds
each tool call in the carried-over dialogue state and then switches to an ANSWER action after execution. The
monolithic baseline loses key state information across turns, reuses an incorrect booking ID, and produces plausible
but misgrounded responses. The examples highlight EFPL’s advantage in learning the boundary between tool
execution and user-facing response under multi-turn mixed-intent tool use.
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