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Abstract

Multi-step tool planning is vulnerable to struc-
tural errors that propagate across dependent
calls: a wrong argument, broken dependency,
or mis-ordered operation can invalidate an
otherwise plausible trajectory. We introduce
FORTE, a framework that makes these failure
modes explicit training targets. FORTE defines
a nine-error taxonomy for multi-step plans,
constructs taxonomy-grounded contrastive cor-
pora by injecting minimally edited failures
into gold trajectories, and trains a lightweight
judge to recognize and score these errors. The
same frozen judge then provides dense reward
for GRPO planner optimization and verifica-
tion for Best-of-N inference. Across Tool-
Hop and NESTFUL, FORTE achieves the high-
est Judge Success Rate across all six open-
weight backbone—dataset configurations and
the highest observed end-task execution accu-
racy among the evaluated methods in all six
settings. With Qwen2.5-7B, FORTE reaches
96.6 JSR and 99.5 dependency accuracy on
ToolHop, and 98.6 JSR and 89.0 dependency
accuracy on NESTFUL. Under a matched five-
sample selection budget, FORTE-Qwen2.5-7B
also outperforms GPT-5.5 across JSR, func-
tional match, parameter accuracy, and depen-
dency accuracy on both benchmarks. Abla-
tions show that taxonomy-grounded contrastive
negatives are essential for both judge discrim-
ination and effective inference-time selection.
These results demonstrate that explicitly learn-
ing which planning failures to avoid provides a
strong supervision signal for robust multi-step
tool planning.

1 Introduction

Multi-step tool planning requires LLMs to simulta-
neously select correct tools, bind arguments with
valid types, route intermediate outputs as inputs
to downstream calls, and sequence operations cor-
rectly. A single local mistake, whether a near-miss
tool, a mis-typed argument, or a mis-threaded refer-
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ence, silently propagates through dependent steps
and breaks the entire trajectory. Even frontier mod-
els exhibit this brittleness on multi-step tool calling
datasets: GPT-40 reaches only 49% accuracy on
ToolHop (Ye et al., 2025) and 28% full-sequence
match on NESTFUL (Basu et al., 2025). In multi-
step tool plans no constraint is independent; a sin-
gle error cascades forward, producing trajectories
that appear syntactically well-formed but are de-
ductively broken.

Prior work has approached robust tool planning
along three broad directions. The first is fest-
time search: ReAct (Yao et al., 2022), Reflex-
ion (Shinn et al., 2023), LATS (Zhou et al., 2023),
and ToolTree (Yang et al., 2026) explore reasoning
trajectories more carefully through reactive loops
or tree search. The second is structural scaffold-
ing: GTool (Chen et al., 2025), GNN4Plan (Wu
et al., 2024c¢), and ToolPlanner (Wu et al., 2024a)
inject dependency-graph priors at inference time.
RL-based methods that fine-tune tool policies on
coarse execution outcomes (Yu et al., 2025; Li
et al., 2025; Wu et al., 2024b) provide a third al-
ternative. All share an assumption that improved
inference-time guidance or scalar success signals
suffice; none directly trains models to recognize
and avoid the specific structural failure modes that
derail multi-step plans. Recent diagnostic work has
begun characterizing these failure modes system-
atically: CriticTool (Huang et al., 2025) defines a
five-type error taxonomy, while ToolScan (Kokane
et al., 2024) and FAIL-TALMS (Trevifio et al.,
2025) catalog recurring failure patterns. However,
these taxonomies remain post-hoc diagnostic in-
struments rather than training targets, leaving a
clear opportunity: train planners and judges to be
error-aware by construction.

We introduce FORTE (Figure 1), a framework
that trains tool planners through failure avoidance.
FORTE starts from a 9-error taxonomy for multi-
step plans (Table 1) and uses it to drive a con-
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Figure 1: FORTE trains tool-planning models in three steps. We first build an error-aware corpus by injecting nine
taxonomy-grounded error types into correct plans. We then annotate plans with GPT-5.4, fine-tune a judge model on
the nine-error rubric, and train the planner with GRPO using the frozen judge as a dense reward signal. At inference,

we sample five candidates with Best-of-V selection.

trastive data augmentation pipeline: for each gold
trajectory we generate nine minimally edited neg-
ative plans, each instantiating one taxonomy error
while preserving task context. This produces a
dense, taxonomy-grounded supervision signal at
scale without manual annotation. A lightweight
judge is fine-tuned on a deductive rubric over these
plan pairs, learning to score plan structure and lo-
calize specific error types. The planner is then
trained with GRPO using this frozen judge as a
structured reward signal, and at test time the same
judge selects from a temperature-diverse Best-of-
N candidate pool (Cobbe et al., 2021; Lightman
et al., 2024).

The central idea behind FORTE is to make fail-
ure modes a reusable supervision signal across the
entire planning pipeline. The taxonomy determines
how contrastive negatives are constructed, teaches
the judge to distinguish specific structural failures,
supplies dense feedback during GRPO, and pro-
vides a verification signal for selecting among can-
didate plans at inference time. Unlike rewards
based only on scalar task outcomes or similarity
to a gold trajectory, the judge operates directly on
(¢, T,m) and can therefore score previously un-
seen candidate plans without requiring a reference
trajectory or tool execution. This creates a uni-
fied interface between failure-aware training and
inference-time verification.

Across ToolHop and NESTFUL, FORTE

achieves the highest JSR in all six open-weight
backbone—dataset configurations, improving over
the strongest listed baseline by 2.5-13.2 points.
The gains extend beyond the learned judge: FORTE
also achieves the highest observed end-task exe-
cution accuracy among the evaluated methods in
all six backbone—benchmark settings, with partic-
ularly strong results on ToolHop. Additional anal-
yses show that the judge detects compound and
organically generated failures, agrees strongly with
human annotations, transfers across benchmarks
in a zero-shot discrimination setting, and supports
competitive inference-time selection against GPT-
5.5. Our main contributions are:

* A nine-error taxonomy for multi-step tool
plans spanning argument-level, dependency,
and plan-structure failures, including depen-
dency/ordering categories not represented in
the diagnostic frameworks compared in Ta-
ble 1.

* Two augmented contrastive corpora (ToolHop
and NESTFUL) that instantiate the taxonomy
as minimally edited negative plans and attach
deductive rubric annotations suitable for train-
ing error-aware judges and planners.

* A decoupled judge—planner design in which
the same frozen, taxonomy-trained judge sup-
plies dense GRPO reward and Best-of-N se-
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lection without tool execution during training
or selection.

* A comprehensive evaluation across judge-
based, structural, and end-task metrics.
FORTE leads JSR across all six open-weight
settings, achieves the highest observed execu-
tion accuracy among the evaluated methods in
all six backbone—benchmark groups, and out-
performs GPT-5.5 across the reported struc-
tural metrics under a matched five-sample se-
lection budget.

2 Related Work

Multi-step tool planning and benchmarks.
Tool-augmented LLMs have advanced from single-
step function calling (Schick et al., 2023) to multi-
step orchestration at scale (Qin et al., 2023). Two
recent benchmarks specifically stress multi-step
structure: ToolHop (Ye et al., 2025) requires multi-
hop chaining across 995 queries and 3,912 tools
(GPT-40: 49% accuracy), and NESTFUL (Basu
et al., 2025) targets nested API sequences where
one call’s output seeds the next (full-sequence
match: 28%). These results motivate methods that
explicitly model cross-step dependencies rather
than treating tool calls independently.

Test-time search and structural scaffolding.
Test-time methods improve robustness either by
searching more trajectories or by imposing struc-
tural priors. Search-based approaches range from
ReAct (Yao et al., 2022) to ToolTree (Yang et al.,
2026); structural methods inject dependency infor-
mation through GNNs or graph navigation (Wu
et al., 2024c). These approaches primarily change
inference-time behavior. FORTE instead changes
the planner’s training signal so that recurring struc-
tural failures are represented explicitly during learn-
ing.

RL and contrastive training for tool use. Step-
Tool (Yu et al., 2025) uses step-grained reward
shaping based on invocation success and task con-
tribution, ToolPlanner (Wu et al., 2024a) constructs
SFT+RL preference data from task-completion
and instruction-following scores, and AvaTaR (Wu
et al., 2024b) performs contrastive reasoning over
positive and negative trajectories. These works es-
tablish that standard RL or contrastive machinery
can improve tool use. FORTE’s distinction is there-
fore the supervision representation: its negatives

are indexed by a structured error taxonomy, and
the resulting judge can be reused as both a training
reward and a test-time verifier.

Failure taxonomies, recovery, and concur-
rent planning work. CriticTool (Huang et al.,
2025), ToolScan (Kokane et al., 2024), and FAIL-
TALMS (Trevifio et al., 2025) catalog recurring
tool-use failures and use them primarily for diag-
nosis or evaluation. PALADIN (Vuddanti et al.,
2025) uses ToolScan-aligned failure injection for
execution-time recovery: a runtime failure trig-
gers retrieval of a recovery exemplar and re-action.
FORTE instead targets generation-time avoidance
by shifting the planner’s output distribution before
execution. PEARL (Wang et al., 2025) is closer
in its use of GRPO on ToolHop, but its positional
tool-match reward is computed against a gold plan;
in contrast, FORTE’s judge scores (¢, 7, ) without
a gold trajectory, allowing the same model to evalu-
ate unseen candidates during Best-of- N inference.
Together, these distinctions position FORTE as a
failure-aware supervision framework: taxonomy-
grounded contrastive examples train a reusable
judge whose signal connects planner optimization
with inference-time verification.

3 Method

Here, we present the methodology of FORTE.

3.1 Problem Formulation

Let ¢ denote a natural-language query and 7 =
{t1,...,tx} asetof available tools, each described
by its name, parameter schema, and return type. A
tool plan is a sequence m = (sp,...,sr) where
each s; = (v;, t;, pi) specifies an output variable,
a tool invocation, and parameter bindings that may
reference earlier outputs via {{j}} syntax; 7* de-
notes the gold reference plan. The planner fy maps
(g, T) to a distribution over plans, and the judge
gy maps (g, T, ) to a quality score p € [0,100]
and a predicted error label e drawn from the 9-type
taxonomy defined below.

3.2 Error Taxonomy

We define nine concrete failure modes in three cat-
egories.

Argument-level errors occur within individual
tool invocations. Parameter Typo distorts one pa-
rameter value while preserving syntactic validity.
Type Mismatch replaces a parameter with one of an
incompatible type, for example an integer where
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Table 1: FORTE’s 9-error taxonomy vs. prior error-characterization and training frameworks (Huang et al., 2025;
Kokane et al., 2024; Trevifio et al., 2025; Yu et al., 2025; Wu et al., 2024a,b). //Xindicate whether the error type
is explicitly characterized or the methodology property is present. Rows are grouped into argument-level errors
(rows 1-3), multi-step dependency errors (rows 4-6), and multi-step plan structure errors (rows 7-9); all three
dependency and ordering error types are absent from prior frameworks.

Diagnostic Benchmarks

Training Methods

Error Type Critic Tool ~FAIL- Step Tool Ava FORTE
Tool Scan TALMS Tool Planner TaR (Ours)
Type Mismatch X v X X X X v/
Parameter Typo v v X X X X v
Wrong Tool v v X X X X v
Missing Dependency X X X X X X v
Circular Dependency X X X X X X v
Forward Reference X X X X X X v
Inefficient Order X X X X X X v
Incomplete Plan X 4 v X X X v
Unnecessary Steps X 4 X X X X v
Errors Covered 2/9 59 1/9 09 09 09 9/9
Taxonomy Defined v 4 X X X X v
Used as Training Signal X X X v v v v
Contrastive Training Data X X X X X v v
Judge Trained on Taxonomy X X X X X X v

a string is required. Wrong Tool substitutes the
correct tool with a semantically adjacent but func-
tionally incompatible alternative.

Multi-step dependency errors arise from incor-
rect data flow. Missing Dependency replaces an
inter-step reference {{;j}} with a hardcoded literal.
Circular Dependency introduces a reference cycle.
Forward Reference lets an earlier step reference a
step not yet executed.

Multi-step plan structure errors affect global
plan organization. Inefficient Order permutes steps
so the logical sequence is broken while individ-
ual invocations remain correct. Incomplete Plan
truncates the plan before the final sub-question is
resolved. Unnecessary Steps inserts a redundant
tool call.

These nine types cover the recurring patterns
identified in prior diagnostic work (Huang et al.,
2025; Kokane et al., 2024; Treviiio et al., 2025),
extending coverage to the three dependency and
ordering errors unique to multi-step plans (Table 1).
3.3 Contrastive Data Augmentation
Given a gold plan 7* for query ¢, we construct
nine taxonomy-grounded negative plans {7 }.ce,
one per error type, via deterministic, minimally
invasive edits to 7*. Each edit targets a single
step and preserves all other steps verbatim, so the
negative differs from the gold in exactly the way
prescribed by e.

Argument-level negatives apply a character-level
perturbation (typo), substitute a type-incompatible

constant from the schema (type mismatch), or swap
the tool name for the most-similar alternative in 7
(wrong tool). Dependency negatives replace {{j}}
with a hardcoded string (missing dependency), in-
troduce a back-edge that closes a cycle (circular de-
pendency), or advance a reference past the current
step (forward reference). Structural negatives swap
two steps with a data-flow dependency (inefficient
order), drop the final step (incomplete plan), or
duplicate an intermediate step (unnecessary steps).

This yields plan pairs (¢, 7, 7%, 7_ , ) without
manual annotation. Applied independently to the
training splits of ToolHop and NESTFUL, the
pipeline produces two dataset-specific augmented
corpora that systematically cover the full error
space.

3.4 Judge Training

We fine-tune a judge model g, to score plans on a
deductive rubric aligned with the taxonomy. Given
the query, tool schemas, and proposed plan, the
judge outputs a JSON object containing a quality
score p € [0,100], a categorical success predic-
tion, a natural-language reasoning trace, and a list
of detected issues with their predicted error types
(inference prompt in Appendix C.2).

Reference annotations. For each pair
(q,T,7*,m.,e) we query GPT-5.4 with the
inference-time rubric prompt (Appendix C.1).
Starting from a base score of 100, the rubric
deducts on a four-tier severity schedule: crit-
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ical (—30) for circular dependencies, forward
references, missing required parameters, and
non-existent tools; high (—20) for hardcoded
values where {{j}} references are expected;
medium (—10) for ordering and redundancy issues;
and low (—5) for stylistic issues. The injected error
type e is not revealed to GPT-5.4: the annotator
identifies issues independently and applies the
rubric, so each negative’s score reflects errors
GPT-5.4 actually detects rather than a deterministic
mapping from the injection label. Empirically,
gold plans score 95 to 100 and negatives score 70
to 95.

Structure-only scoring and its scope. The rubric
scores plan structure rather than end-task seman-
tic correctness, and the judge is instructed never
to type-check parameter values containing {{j}},
since these are dependency references whose run-
time type is determined upstream. This decoupling
makes the reward available without a tool execution
environment, but it also creates a deliberate blind
spot: a plan can be schema-consistent and well-
threaded while implementing the wrong arithmetic
or semantic decomposition. We therefore keep JSR,
gold-plan structural metrics, and end-task execu-
tion separate in the evaluation and quantify the
resulting syntactic—semantic gap in Section 4.5.

The judge is LoRA fine-tuned (Hu et al., 2021)
from Qwen2.5-7B-Instruct on the reference annota-
tions and used identically across all planner experi-
ments. At inference it is served via batched vLLM
as both the GRPO reward model and the Best-of-N
scorer.

3.5 Planner Training

Supervised fine-tuning. We initialize the planner
from a pretrained instruction-tuned base model and
perform SFT on the gold plans of the relevant cor-
pus with the prompt template in Appendix C.3. The
objective is token-level cross-entropy on response
tokens only. The SFT checkpoint serves as both
the RL initialization and the KL reference policy.

RL with GRPO. We use Group Relative Policy
Optimization (Shao et al., 2024), which removes
the value network and computes advantages via
group-normalized rewards: for each query we sam-
ple G candidate plans, score each with the frozen
judge, and normalize the group’s rewards by their
mean and standard deviation. The judge weights
are frozen throughout RL, so the planner’s reward
signal is determined entirely by plan structure.

3.6 Inference: Temperature-Diversity
Best-of- NV

At test time we generate N = 5 candidate plans per
query and return the highest-scoring candidate. To
maximize candidate diversity without sacrificing
per-sample quality, we draw exactly one candidate
at each temperature in 7 € {0.2,0.4,0.6,0.8,1.0}.
Each candidate is scored by the judge with the same
rubric used during RL training (Appendix C.2), and
we return 71 = arg max;en] 94(¢, 7, 7i)-

4 Experiments

Here, we expand upon our experimental setup to
conduct the experiments and analyze the results.

4.1 Datasets and Evaluation

We evaluate FORTE on two complementary multi-
step tool-planning benchmarks.

ToolHop (Ye et al., 2025) contains 995 multi-hop
queries each requiring a 2-to-6-step tool plan over
a per-query tool set of 3-to-8 tools. The benchmark
stresses cross-step reasoning where each query is
explicitly decomposed into sub-questions whose
answers feed downstream tool calls. We hold out
100 queries for evaluation and apply the augmenta-
tion pipeline of Section 3.3 independently to each
split: for every query we instantiate one error-free
reference plan and nine taxonomy-grounded nega-
tives, one per error type, yielding 1000 annotated
evaluation plans that cover the full error space.

NESTFUL (Basu et al., 2025) contains 1861 multi-
step instances designed to evaluate nested function
calling, where outputs of one tool call are used
as arguments of subsequent calls via labeled refer-
ences such as $var_1.result$. The benchmark
spans two domains: a mathematical-reasoning sub-
set (1,415 examples drawn from MathQA cover-
ing 40 tools with an average of 5.1 tool calls per
sample) and a coding subset (446 examples syn-
thesized from StarCoder2-Instruct covering 881
distinct tools with an average of 2.1 tool calls per
sample). We apply a similar augmentation pipeline
as ToolHop to create our training and test sets.

Metrics. We report complementary metrics rather
than treating any one score as complete task correct-
ness. Judge Success Rate (JSR) is the fraction of
generated plans for which the frozen judge assigns
a score of at least 80. Three deterministic structural
metrics compare against the gold plan: Functional
Match (FM) requires step-count agreement, at least
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Table 2: Main results on ToolHop and NESTFUL. Best (green shading) and second best are marked within each
backbone group. JSR: Judge Success Rate (%, score >80). FM: Functional Match (%). PA: Mean Parameter

Accuracy (%). DA: Mean Dependency Accuracy (%).

ToolHop NESTFUL

Backbone LLM  Method JSR FM PA DA ISR FM PA DA
ReAct 755 744 69.8 832 889 30.8 532 83.8

a-UMi 00 00 200 11.5 173 00 261 92

Llama32.3p  ONNA4TaskPlan 140 120 251 518 126 28 294 586
: ToolPlanner ~ 83.2 91.7 744 96.5 950 314 59.1 85.1
FORTE (ours) 929 802 63.6 989 989 372 602 84.0

ReAct 927 84.7 70.0 93.1 833 27.5 456 67.7

a-UMi 180 50 263 526 467 39 303 495

Owen2.s-3p  ONN4TaskPlan 20 20 89 139 47 17 47 204
wenz.o- ToolPlanner  60.1 827 667 854 84.5 29.1 523 79.7
FORTE (ours) 96.6 89.2 69.5 98.8 97.7 33.6 562 87.8

ReAct 749 80.0 74.6 91.6 89.4 32.6 52.6 80.6

a-UMi 200 21.3 29.8 49.6 673 157 42.1 5l.1

Owenz.s7p  ONN4TaskPlan 230 250 309 599 244 53 287 572
’ ToolPlanner 877 854 676 86.2 96.1 41.6 59.0 859
FORTE (ours) 96.6 95.8 753 99.5 98.6 443 61.6 89.0

50% Jaccard keyword overlap on tool names, and at
least 50% parameter accuracy; Mean Parameter Ac-
curacy (PA) measures reproduced gold parameters;
and Mean Dependency Accuracy (DA) measures
correctly threaded {{ N'}} references. These met-
rics capture different properties and need not move
together. We additionally report End-task Execu-
tion Accuracy (EA) in Section 4.5, where the final
answer is checked without using the judge. For
NESTFUL, EA uses the benchmark’s executable
functions. For ToolHop, whose original environ-
ment is interactive, EA uses an author-designed
grounded simulator described below; it is not ex-
ecution in the original ToolHop environment or
real-tool execution.

4.2 Implementation Details

Models. We use three planner backbones:
Qwen2.5-3B-Instruct, Qwen2.5-7B-Instruct, and
Llama3.2-3B-Instruct. ~ The judge is always
Qwen2.5-7B-Instruct fine-tuned on GPT-5.4 ref-
erence annotations, regardless of the planner.

Training. SFT runs for 4 epochs with AdamW
(peak learning rate 5 x 107>, cosine schedule).
GRPO uses group size G = 5, learning rate
1x 1076, PPO clip ¢ = 0.2, and KL coefficient
B = 0.01. We train for 4 epochs and report the
checkpoint that maximizes joint performance on
judge success and structural metrics on a held-out
validation split. All training runs use 8 xNVIDIA
RTX 6000 Ada GPUs with bfloat16 mixed preci-

sion.

Inference. Best-of-N uses N = 5 with tempera-
tures 7 € {0.2,0.4,0.6,0.8,1.0} as described in
Section 3.6. Top-p is fixed at 0.9 for all candidates.
The judge runs as a vVLLM server with batch size
64 and is queried in parallel for the five candidates

per query.

4.3 Baselines

We compare FORTE against four established multi-
step tool-planning baselines. All baselines use
our SFT-trained planner as their underlying gen-
eration model unless stated otherwise. ReAct (Yao

et al., 2022) runs a 3-shot Thought-Action loop
with a single generation per query. a-UMi (Shen

et al., 2024a) uses the multi-model Planner-Caller
decomposition, with both roles filled by separate
instances of the non-fine-tuned instruction-tuned
backbone. GNN4TaskPlan (Wu et al., 2024c¢) is

a three-stage pipeline (sub-action decomposition
— GraphSAGE retriever — parameter filling); we
train the retriever on the training-set co-occurrence
graph with BPR loss, two hard negatives per pos-
itive, for 20 epochs. Tool-Planner (Wu et al.,

2024a) performs reward-guided beam search with
a width of 3, using task-completion and instruction-
following scores. This protocol grants the strongest
baselines (ReAct, Tool-Planner, GNN4TaskPlan)
the same SFT initialization as FORTE, so any re-
maining gap isolates the contribution of contrastive
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judge training and GRPO from that of supervised
fine-tuning alone. We also report a matched-budget
comparison against GPT-5.5.

4.4 Main Results

FORTE achieves the highest judge success in
every open-weight setting. Table 2 shows
that FORTE obtains the best JSR across all six
backbone—dataset configurations. On ToolHop,
the margins over the next-best listed method are
9.7, 3.9, and 8.9 points for Llama3.2-3B, Qwen2.5-
3B, and Qwen2.5-7B; on NESTFUL they are 3.9,
13.2, and 2.5 points. Because JSR is produced by
the same judge family used for FORTE’s training
and selection, we treat this result as evidence of
structural-rubric compliance and validate end-task
behavior separately in Section 4.5. Qualitative ex-
amples are in Appendix D.

Gold-plan structural metrics reveal a different
picture from JSR. NESTFUL has substantially
lower FM than ToolHop for every method. FORTE
nevertheless obtains the best NESTFUL FM and
PA within each backbone group and the best DA
for both Qwen backbones. These metrics should
not be collapsed into a single notion of correctness:
FM penalizes deviations from the reference decom-
position, PA measures argument agreement, and
DA isolates dependency threading. The residual
gap between these structural metrics and execution
is analyzed below.

FORTE nearly saturates dependency accuracy
on ToolHop. On ToolHop, FORTE achieves the
best DA for every backbone, with scores of 98.9,
98.8, and 99.5. This shows that the generated plans
correctly preserve dependencies across multi-step
tool calls. Since dependency errors can make oth-
erwise plausible plans non-executable, these gains
are important for reliable tool-use planning.

Prior planning baselines are less robust. Tool-
Planner and ReAct are competitive in isolated
cases, but their performance varies across back-
bones and datasets. For example, ToolPlanner
achieves strong FM on Llama3.2-3B ToolHop, but
FORTE dominates JSR across all settings and wins
most structural metrics on NESTFUL. Meanwhile,
a-UMi and GNN4TaskPlan perform poorly in sev-
eral configurations; we report these results without
attributing the gap to a single mechanism because
the baselines differ in both planning structure and
inference procedure.

FORTE benefits from stronger backbone mod-
els. The strongest structural results are obtained
with Qwen2.5-7B, where FORTE wins all four met-
rics within its backbone group on both ToolHop
and NESTFUL. On ToolHop, it reaches 96.6 JSR,
95.8 FM, 75.3 PA, and 99.5 DA; on NESTFUL, it
reaches 98.6 JSR, 44.3 FM, 61.6 PA, and 89.0 DA.
This indicates that FORTE scales positively with
backbone capacity rather than saturating at the 3B
scale.

FORTE outperforms GPT-5.5 under matched
five-sample selection. We compare FORTE-
Qwen2.5-7B with GPT-5.5 under the same
five-sample inference budget, using the frozen
FORTE judge to select the highest-scoring
GPT-5.5 candidate. On ToolHop, FORTE
achieves 96.6/95.8/75.3/99.5 JSR/FEM/PA/DA com-
pared with 86.7/29.6/36.8/83.2 for GPT-5.5;
on NESTFUL, the corresponding scores are
98.6/44.3/61.6/89.0 versus 91.8/35.9/53.1/81.4.
Thus, FORTE remains ahead across all four re-
ported metrics on both benchmarks despite using a
substantially smaller open-weight planner.

The matched GPT-5.5 samples also reveal an im-
portant distinction between judge score and gold-
plan agreement. Selecting the highest-scoring can-
didate increases GPT-5.5 JSR from 70.4 to 86.7
on ToolHop and from 85.9 to 91.8 on NESTFUL,
while FM, PA, and DA decrease modestly. This
confirms that the metrics capture complementary
properties of plan quality rather than interchange-
able notions of correctness. Full matched-run re-
sults are reported in Appendix B.6.

4.5 Judge-Independent End-Task Execution

We complement judge-based and gold-plan struc-
tural metrics with end-task execution accuracy,
measuring whether a generated plan ultimately
produces the correct benchmark answer. The
two benchmarks provide different execution set-
tings. NESTFUL plans are evaluated using the
benchmark-provided executable functions over 141
executable queries. ToolHop is evaluated over
1,000 generated plans from 100 held-out queries
(10 plans per query) using a grounded simulator
that validates tool choice, argument provenance,
dependency threading, ordering, skipped hops, for-
ward and circular references, and plan complete-
ness before returning benchmark sub-answers. The
grounded protocol achieves a 99% ceiling on the
100 ToolHop gold plans; additional harness valida-
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Figure 2: Effect of removing taxonomy-grounded con-
trastive negatives from judge training.

tion is reported in Appendix B.

FORTE achieves the highest observed execu-
tion accuracy among the evaluated methods in all
six backbone—benchmark groups. The ToolHop
gains are substantial: FORTE reaches 92.7, 97.7,
and 97.8% across the three backbones, compared
with the strongest baseline scores of 85.0, 88.0,
and 80.0%. On NESTFUL, the improvements are
smaller but consistent, culminating in 48.2% exe-
cution accuracy for Qwen2.5-7B compared with
46.8% for ReAct. These results show that FORTE’s
gains extend from structural plan quality to end-
task behavior.

The difference between benchmarks also high-
lights the complementary role of execution evalu-
ation. Among judge-passing Qwen2.5-7B plans,
97.7% execute successfully under the grounded
ToolHop protocol, compared with 48.2% on NEST-
FUL. NESTFUL therefore remains substantially
more challenging at the semantic and arithmetic
decomposition level even when plan structure is
well formed.

5 Discussion

Contrastive negatives are load-bearing.
Retraining the judge on perfect plans only
(quality_score=100) degrades the full Qwen2.5-
3B/ToolHop system: JSR drops 14.3 points, FM
20.9, and PA 12.8 (Figure 2); the Best-of-N
gain also inverts to —2.6 points and the ablated
judge labels all selected plans successful. Thus,
exposure to flawed plans supplies both the dis-
crimination needed for the GRPO reward and the
discrimination needed for inference-time selection.

Structure-only verification is useful but incom-
plete. JSR, FM/PA/DA, and execution measure
different properties. The distinction is most visible

on NESTFUL: among judge-passing Qwen2.5-7B
plans, only 48.2% execute to the correct answer,
compared with 97.7% under the grounded Tool-
Hop protocol. Many NESTFUL plans are schema-
consistent yet implement an incorrect arithmetic
decomposition, which a structure-only judge can-
not detect. This limitation is the price of making
training and Best-of-/N selection independent of
tool execution.

Failure awareness extends beyond single in-
jected errors. The learned judge generalizes
beyond the single-error negatives used for train-
ing. Detection increases from single-error to two-
and three-error compositions on both benchmarks,
reaching 95.0% on three-error ToolHop plans and
92.2% on three-error NESTFUL plans. On natu-
rally generated ToolHop failures from ReAct, a-
UMi, GNN4TaskPlan, and ToolPlanner, the judge
flags 86.3% of FM failures and 85.2% of grounded-
execution failures. Human evaluation further sup-
ports the learned rubric: two annotators agree on
97% of binary judgments (x = 0.93), while agree-
ment between each human and the GPT-derived
rubric reaches 90-91%. Finally, a NESTFUL-
trained judge transfers to ToolHop gold-versus-
negative discrimination with AUC 0.860 without
additional training. Appendix B provides the full
results.

6 Conclusion

We introduced FORTE, a failure-aware framework
for multi-step tool planning that turns an explicit
taxonomy of structural errors into a shared supervi-
sion signal for judge training, planner optimization,
and inference-time verification. Across three open-
weight backbones and two benchmarks, FORTE
achieves the highest JSR in all six settings and
the highest observed end-task execution accuracy
among the evaluated methods in all six backbone—
benchmark groups. Its strongest Qwen2.5-7B plan-
ner reaches 96.6 JSR and 99.5 dependency accu-
racy on ToolHop and 98.6 JSR and 89.0 depen-
dency accuracy on NESTFUL, while also outper-
forming GPT-5.5 across all reported metrics under
a matched five-sample selection budget.

Ablations show that taxonomy-grounded
contrastive negatives are essential to both
judge discrimination and Best-of-N selection,
while compound-error, organic-failure, human-
agreement, and transfer analyses show that the
resulting judge captures recurring structural failure
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Table 3: Judge-independent end-task execution accuracy (%). ToolHop reports per-plan strict accuracy over 1,000
generated plans from 100 held-out queries (10 plans/query) using the author-designed grounded protocol; NESTFUL
uses benchmark executable functions on 141 executable queries.

ToolHop grounded NESTFUL executable
Method Llama3.2-3B Qwen2.5-3B Qwen2.5-7B Llama3.2-3B Qwen2.5-3B  Qwen2.5-7B
ReAct 77.0 88.0 76.0 14.2 233 46.8
a-UMi 5.0 41.0 49.0 0.7 5.7 22.7
GNN4TaskPlan 14.0 5.0 27.0 0.0 0.0 2.1
ToolPlanner 85.0 51.0 80.0 16.3 13.5 383
FORTE 92.7 97.7 97.8 23.6 234 48.2

patterns beyond individual training examples.
Taken together, our results show that explicitly
teaching a planner which failures to avoid provides
a powerful and reusable supervision signal for
robust multi-step tool use.

Limitations

FORTE has several limitations. First, the full
pipeline remains dataset-specific: the augmented
corpus, judge training, and planner fine-tuning are
performed separately per benchmark. Our transfer
experiment is limited to a NESTFUL-trained judge
scoring ToolHop gold-versus-injected-negative dis-
crimination (AUC 0.860 versus 0.949 for the Tool-
Hop in-domain judge). We do not report the reverse
direction, zero-shot planner transfer, or complete-
pipeline transfer to a new tool domain.

Second, the judge is intentionally structure-
only. This makes training and Best-of-IV selec-
tion execution-free, but a high JSR is not evi-
dence of semantic task correctness. The execution
study makes this gap explicit: among judge-passing
Qwen2.5-7B plans, 97.7% execute correctly under
our grounded ToolHop protocol, but only 48.2%
do so on NESTFUL’s executable functions (Re-
Act: 86.6% and 46.5%). The NESTFUL failures
include semantically incorrect arithmetic decom-
positions that remain schema-consistent. In ad-
dition, ToolHop execution is measured with an
author-designed grounded simulator that checks
tool choice, argument provenance, dependencies,
ordering, and completeness and returns benchmark
gold sub-answers; it is not execution in the original
interactive ToolHop environment and not real-tool
execution.

Third, our robustness tests do not establish unre-
stricted generalization. Compound errors are cre-
ated by composing the same taxonomy-specific
injectors used to generate single-error training neg-
atives. The organic-error analysis covers ToolHop

failures only and does not measure false-positive
rates on naturally generated valid plans. Long-
range semantic failures, browser/GUI agents, state-
ful environments, and other tool domains may con-
tain failure modes outside our nine categories.

Fourth, the annotation pipeline relies on GPT-
5.4 applying a fixed deductive rubric, so anno-
tation bias or label noise can propagate into the
learned judge. Our 100-plan blinded study shows
high agreement, but it uses only two author anno-
tators on a taxonomy-stratified sample rather than
independent external annotators. Finally, all head-
line metrics measure different properties: JSR re-
flects the learned structural rubric, FM/PA/DA com-
pare to a reference decomposition, and execution
measures final-answer success under benchmark-
specific protocols. We therefore avoid treating any
single metric as a complete measure of planning
correctness.
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Appendix
A Extended Related Work

We elaborate here on the four families of work
surveyed in Section 2, covering papers omitted
from the main text for space.

Additional multi-step tool planning benchmarks.
The broader single-step function-calling literature
includes Gorilla (Patil et al., 2024) and Huang
et al. (2024). Beyond ToolBench/ToolLLM, API-
Bank (Li et al.,, 2023) established large-scale
training and evaluation settings, while Hugging-
GPT (Shen et al., 2023) and TaskBench (Shen et al.,
2024b) demonstrated tool selection over structured
dependency graphs. NesTools (Han et al., 2025)
complements NESTFUL with four fine-grained
evaluation dimensions including nested parame-
ter filling; m&m (Ma et al., 2024) introduces 4K+
multi-step multimodal tasks across 33 tools; and
T-Eval (Chen et al., 2024) decomposes multi-step
performance into planning, retrieval, and review
sub-scores.

Additional test-time search and structural scaf-
folding methods. Beyond ReAct and ToolTree,
Reflexion (Shinn et al., 2023) added itera-
tive verbal self-refinement, ToT (Yao et al.,
2023) introduced tree-of-thought reasoning, and
ToolChain* (Zhuang et al., 2023) applied A* search
over tool sequences. ReAcTree (Choi et al., 2025)
further extends search-based methods by replac-
ing flat trajectories with a dynamically expand-
ing agent tree, using behavior-tree control flow
to coordinate subgoal-specialized agents and ex-
tending ReAct and least-to-most prompting into
hierarchical planning. On the structural scaffolding
side, GTool (Chen et al., 2025) and ToolNet (Liu
et al., 2024) encode inter-tool dependency graphs
via GNNs or directed graph navigation; Graph
RAG-Tool Fusion (Lumer et al., 2025) combines
retrieval with depth-first graph traversal; and Plan-
over-Graph (Zhang et al., 2025) enables paralleliz-
able agent scheduling.

Additional RL and contrastive training meth-
ods. RLTR (Li et al., 2025) uses tool-use com-
pleteness rewards with distillation-based cold-start.
Tool-Star (Dong et al., 2025) combines cold-start
fine-tuning with hierarchical multi-level RL across
six tool types. CoVe (Chen et al., 2026) uses de-
terministic task-specific constraints as verifiable
reward signals for SFT and RL. As with the meth-

31652



ods discussed in the main text, supervision in each
of these frameworks ultimately reduces to coarse
execution outcomes rather than structured error la-
bels.

Additional failure taxonomies and diagnos-
tic benchmarks. A taxonomy of failures in
tool-augmented LLMs (Winston and Just, 2025)
surfaces dependency, specification, and state-
desynchronization errors across Gorilla and
Chameleon deployments. Sun et al. (2024) specifi-
cally study silent errors from malformed tool out-
puts. At the multi-agent level, MASFT (Cemri
et al., 2025) identifies 14 failure modes across
five open-source systems, finding that prompt-
engineering interventions yield only modest gains,
reinforcing the case for training-time solutions.

B Validation Experiments

Here we present additional validation experiments
for the framework.

B.1 Execution Harness Validation

For NESTFUL, we execute plans against the
benchmark-provided functions. For ToolHop, we
use the grounded simulator described in Section 4.5.
The simulator validates argument provenance, de-
pendency structure, ordering, and completeness
before returning the benchmark’s gold sub-answer.

The NESTFUL harness succeeds on all 141 exe-
cutable gold plans. Under the grounded ToolHop
protocol, 99 of 100 gold plans execute successfully.
None of the seeded circular-dependency, forward-
reference, incomplete-plan, or mis-ordered nega-
tives pass the corresponding validation checks.

The ToolHop execution results in Table 3 ag-
gregate 1,000 generated plans over 100 held-out
queries (10 plans per query); the 99% gold-plan
ceiling reported here instead evaluates one gold
plan for each of the 100 held-out queries.

B.2 Compound-Error Stress Test

The judge is trained on single-error negatives only.
We create held-out two- and three-error plans by
composing taxonomy injectors at random with a
fixed seed and verify that each injection changes
the serialized plan. A plan is counted as detected
when the judge score is below 80; “A gold” is the
difference between the gold mean judge score and
the row mean.

Plans n Score Det. A gold
ToolHop gold 100 96.9 - -
ToolHop 1 error 874 72.1 78.7%  24.8
ToolHop 2 errors 300 68.1 93.3%  28.8
ToolHop 3 errors 200 67.8 95.0%  29.1
NESTFUL gold 180 98.4 - -
NESTFUL 1 error 1501 78.5 61.4% 199
NESTFUL 2 errors 540 729 81.7%  25.5
NESTFUL 3 errors 360 70.8 922%  27.7

Detection increases with error count on both
benchmarks, but these examples remain compo-
sitions of known injectors; they do not establish
robustness to unseen semantic error families.

B.3 Organic ToolHop Failures

We pool plans generated by ReAct, a-UMi,
GNN4TaskPlan, and ToolPlanner rather than apply-
ing synthetic edits. Under a judge-independent FM-
failure criterion, 6,248 failed plans receive mean
judge score 73.2 and 86.3% are flagged below 80,
compared with mean score 96.9 for gold plans. Un-
der the grounded execution-failure criterion, 6,010
failures receive mean score 73.6 and 85.2% are
flagged.

B.4 Human Agreement Study

Two authors independently annotate 100 blinded
plans (50 ToolHop, 50 NESTFUL), stratified over
gold plans and the nine taxonomy error types. GPT
scores and issue lists are hidden. Annotators record
binary accept/reject at the score-80 threshold and a
primary error type.

Agreement Binary (% / k) Type (% / k)
Human vs. Human 97.0/0.93 90.0/0.89
Human A vs. GPT rubric 91.0/0.76 79.0/0.69
Human B vs. GPT rubric 90.0/0.74 73.0/0.67

On ToolHop alone the two humans agree on all
50 binary decisions (x = 1.0).

B.5 One-Way Judge Transfer

We evaluate whether a judge trained on one bench-
mark discriminates gold from injected negative
plans on the other benchmark without additional
training.

Judge — scored dataset AUC Gold pass

ToolHop — ToolHop (in-domain) 0.949  92.0%
NESTFUL — NESTFUL (in-domain) 0.863  95.6%
NESTFUL — ToolHop (transfer) 0.860 95.0%

B.6 Matched-Budget GPT-5.5 Details

GPT-5.5 is sampled five times and each candidate is
scored by the same frozen judge used for FORTE’s
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Best-of-5 selection. The API rejected the tempera-
ture parameter, so these are five independent draws
rather than the temperature-diverse schedule used
for the open-weight planners. We report the first
sample and Best-of-5 result from the same run and
same sampled candidate sets: 98 ToolHop exam-
ples and 170 NESTFUL examples. We report the
first sample and Best-of-5 result from the same run
and the same sampled candidate sets: 98 ToolHop
examples and 170 NESTFUL examples. This pro-
vides a controlled comparison of single-sample and
judge-selected inference under an identical sam-
pling budget.
ToolHop (n = 98)

Method JSR FM PA DA
GPT-5.5, first sample 70.4 35.7 41.7 87.9
GPT-5.5 + Best-of-5 + judge 86.7 29.6 36.8 83.2
FORTE-Qwen2.5-7B 96.6 95.8 75.3 99.5
NESTFUL (n = 170)
Method JSR FM PA DA
GPT-5.5, first sample 85.9 37.6 539 81.7
GPT-5.5 + Best-of-5 + judge 91.8 359 53.1 814
FORTE-Qwen2.5-7B 98.6 44.3 61.6 89.0

Within GPT-5.5, judge selection raises JSR by
16.3 points on ToolHop and 5.9 points on NEST-
FUL, but lowers FM/PA/DA on the identical sam-
ple sets. Mean judge score also rises from 90.5 to
95.7 on ToolHop and from 95.7 to 97.5 on NEST-
FUL. This reinforces the metric framing in Sec-
tion 4.5: a higher judge score reflects better com-
pliance with the learned structural rubric, not a
guarantee of improved agreement with the gold
decomposition or semantic correctness.

C Prompts

This appendix collects the prompts used by FORTE
verbatim from the released codebase. There are
three distinct prompts: the annotation prompt
(§C.1) used by GPT-5.4 to generate training labels
for the judge; the judge inference prompt (§C.2)
sent to the trained judge during GRPO reward com-
putation and Best-of-N selection; and the planner
prompt (§C.3) used identically for SFT, GRPO, and
BoN inference.

C.1 Annotation Prompt

GPT-5.4 is prompted with the deductive rubric be-
low, which assigns a base score of 100 and subtracts
points per identified syntactic error according to
a four-tier severity scale (critical —30, high —20,
medium —10, low —5). The rubric explicitly for-
bids the judge from flagging semantic issues or

type-checking parameters containing dependency
references {{N}]}.

System message : annotation judge

You are an expert at evaluating multi-step
tool execution plans. You only check
syntactic correctness, not semantic
correctness. NEVER type-check parameters
containing {{N}} - they are dependency
references and are always type-valid.

User message : annotation judge

You are evaluating a multi-step tool
execution plan using an OBJECTIVE ERROR-BASED
RUBRIC.

**USER QUERY:**x {query}

**AVAILABLE TOOLS:** {tools_desc}
*%*PROPOSED PLAN:** {plan_desc}

**xGROUND TRUTH PLAN (for reference):xx {
ground_truth_desc}

OBJECTIVE SCORING RUBRIC

SCORING FORMULA:

1. Start with a base score of 100.

2. Identify ALL errors in the plan.

3. For EACH error, deduct points based on

severity:
- CRITICAL error: -30 points
- HIGH error: -20 points
- MEDIUM error: -10 points
- LOW error: -5 points

4. Final score = max(@, 100 -
total_deductions)

SYNTAX-ONLY EVALUATION

Check ONLY syntactic correctness:

- Are all required parameters provided?

- Are LITERAL parameter types correct (skip
values containing {{N}})?

- Are dependencies valid (no forward refs,
no circular deps)?

- Are all steps present to complete the task
?

- Is the tool name spelled correctly?

Do NOT check semantics:

- Whether tool outputs will work together

- Whether the plan produces the correct
final answer

- Whether tool choice "makes sense” for the
task

- Whether parameter VALUES produce the right
result
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ABSOLUTE RULE: any parameter value containing
{{N}} is a dependency

reference and is ALWAYS type-valid. Skip type
checking entirely.

Quotes around {{N}} do NOT make it a literal
string.

C.2  Judge Inference Prompt

ERROR SEVERITY DEFINITIONS

At RL training time, the trained judge receives
the prompt below to produce a reward signal for
GRPO; at inference time, the same prompt is used

CRITICAL (-30): missing required param;
circular dependency; non-existent

tool; forward reference; literal-value type
mismatch; missing critical step.
HIGH (-20): hardcoded value where {{N}}
expected; incorrect parameter

value changing output significantly;
missing non-critical step.
MEDIUM (-10): inefficient ordering (works
but suboptimal); typo in

parameter value; unnecessary step that
doesn't break the plan.
LOW (-5): minor formatting; non-
standard but functional format;

trivial inefficiency; style issues.

SUCCESS PREDICTION MAPPING:
90-100 -> "yes" 75-89 -> "likely_yes
50-74 -> "uncertain” 25-49 -> "likely_no"
0-24 -> "no”

to score each of the IV candidate plans for Best-of-
N selection. At RL training time, the trained judge
receives the prompt below to produce a reward sig-
nal for GRPO; at inference time, the same prompt
is used to score each of the N candidate plans for
Best-of-/V selection. The output schema is aligned
with the annotation format used to fine-tune the
judge.

System message : inference judge

You are an expert judge for evaluating tool
execution plans. Your task is to:

1. Analyze the plan's correctness and
efficiency

2. Assign a quality score (0-100)

3. Predict success likelihood (yes/likely_yes
/uncertain/likely_no/no)

4. Identify specific issues with severity
levels

YOUR TASK

5. Provide detailed reasoning

Scoring guidelines:

1. IDENTIFY ALL ERRORS step by step.

2. CLASSIFY SEVERITY using the rubric above.
3. CALCULATE SCORE: start at 100, deduct per
error.

4. SHOW YOUR WORK in the "reasoning” field.

RESPONSE FORMAT (JSON only, no markdown):
{
"quality_score”: <0-100>,
"success_prediction”: "<yes|likely_yes|
uncertain|likely_no|no>",
"confidence”: <0.0-1.0>,
"reasoning”: "Base score: 100\nError 1: [
severity] description (-X)\n...\nFinal score:
Z”,
"issues": [
{
"type": "type_mismatch]|
missing_dependency|wrong_tool |parameter_typo|
circular_dependency|
inefficient_order|incomplete_plan|
unnecessary_steps|
forward_reference|other”,

"severity"”: "critical|high|medium|low",

"step”: <step_number or null>,

"description”: "Specific description of
the error”,

"suggestion”: "How to fix this error”,

"points_deducted”: <30|20]|10]|5>

- 100: Perfect execution, no errors

- 80-99: Minor issues, likely to succeed

- 60-79: Moderate issues, uncertain outcome
- 40-59: Major issues, likely to fail

- 0-39: Critical errors, will fail

User message : inference judge

Query: {query}
{tools_desc}

Plan to Evaluate:
{plan_str}

Please evaluate this plan and provide:
1. Quality score (0-100)

2. Success prediction (yes/likely_yes/
uncertain/likely_no/no)

3. Detailed reasoning

4. List of issues (if any)

5. Confidence (0.0-1.0)

Format your response as JSON:

{
"quality_score”: <int>,
"success_prediction”: "<string>",
"reasoning”: "<string>",
"issues": [...],
"confidence": <float>
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C.3 Planner Prompt

The same prompt template is used for SFT, GRPO,
and inference, avoiding a prompt-template mis-
match across training and deployment. The user
message instructs the planner to use {{N}} vari-
ables for dependency threading and the exact pa-
rameter names from the tool signatures.

System message : planner

You are an expert at creating multi-step tool
execution plans. Given a query and available
tools, generate a correct sequence of tool

calls to answer the query.

User message : planner

Generate a tool execution plan to answer this
query.

Query: {question}
{tools_desc}

Generate a step-by-step plan using the
available tools. Each step should:

1. Call exactly one tool

2. Use output variables {{0}}, {{1}}, {{2}3},
etc. for results

3. Reference previous step outputs using {{N
}} - never substitute a hardcoded

value for an output that comes from a

prior step
4. Use the exact parameter names shown in the
tool signatures above

5. Provide all required parameters

Generate only the steps the query requires -
no redundant steps, no missing steps.

Format each step as: Step N: {{N}} =
tool_name(paraml=valuel, param2=value2, ...)

D Qualitative Examples

We present five qualitative examples drawn from
our held-out evaluation: two perfect plans (one per
benchmark), one example of FORTE producing a
correct plan despite the reference being seeded with
a wrong-tool error, one residual failure that exposes
a secondary failure mode, and one closed-source
comparison illustrating GPT-5.5’s hallucinated pa-
rameters and compressed step counts.

Example 1: ToolHop : complete multi-hop plan
with full dependency threading (judge=100).

ToolHop query 1 : FORTE-Qwen2.5-7B, T'=1.0

QUERY:

What is the sum of the (unique) prime factors
of the year when the

actress that plays Kaylee Frye in the series
"Firefly" also stars with

Alan Dale in a sci-fi tv film released in?

GENERATED PLAN:
Step @: {{0}} = character_actor_lookup(
character_name='Kaylee Frye',
series_name='Firefly', exact_match=
True, case_sensitive=False)
Step 1: {{1}} = film_release_year_finder(
actors=['{{0}}', 'Alan Dale'],
genre='sci-fi')
Step 2: {{2}} = prime_factorization(number
={({1}},
output_format="'unique_list"',
algorithm="'general_purpose')
Step 3: {{3}} = sum_digits(number={{2}},
output_format="number")

JUDGE: score=100, prediction="yes",
confidence=0.98.

All three intra-plan references ({{0}}, {{1}}, {2}})
are correctly threaded; step count, tool selection,
and dependency accuracy all reach 1.0 against the
perfect reference.

Example 2: NESTFUL : exact match to the gold
plan (judge=100).
NESTFUL query 5 : FORTE-Qwen2.5-7B, T=0.2

QUERY:

Find the unique common values in two lists
[1, 2, 3, 4, 5] and

[4, 5, 6, 7, 8]. Then, swap the values at
index @ and 1 in the

resulting list.

GENERATED PLAN:
Step 0: {{0}} = unique_common_values(listl
=[1, 2, 3, 4, 5],

list2=[4, 5, 6, 7, 81)
Step 1: {{13}} = swap_by_index(values={{0}}, i
=0, j=1)

JUDGE: score=100, prediction="yes",
confidence=0.99.

The lowest-temperature candidate suffices; all four
structural metrics (exact match, functional match,
parameter accuracy, dependency accuracy) equal
1.0.

Example 3: Wrong-tool robustness (NEST-
FUL).
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NESTFUL query 5 : reference seeded with

wrong_tool

QUERY: (same as Example 2)

REFERENCE PLAN (deliberately flawed :
wrong_tool):
Step 0: {{0}} = unique_common_values(list1
=[1, 2, 3, 4, 5],

list2=[4, 5, 6, 7, 81)
Step 1: {{1}} = non_whitespace_substrings(
values={{0}}, i=0, j=1)

\textsc{Forte} GENERATED PLAN ($T{=}0.2$):
Step 0: {{0}} = unique_common_values(list1
=[1, 2, 3, 4, 5],

list2=[4, 5, 6, 7, 81)
Step 1: {{1}} = swap_by_index(values={{0}}, i
=0, j=1)

JUDGE: score=100, prediction="yes",
confidence=0.99.

Although the dataset’s reference for this
query was seeded with the wrong tool
(non_whitespace_substrings), FORTE gen-

erates the correct swap_by_index call directly
from the query, demonstrating that exposure to
wrong-tool negatives during training does not bias
the planner toward reproducing them.

Example 4: Residual failure : step-count com-
pression on NESTFUL (judge=100, FM fails).
NESTFUL query 34 : FORTE-Qwen2.5-7B, T=0.4

QUERY:

If n is a prime number greater than 5, what
is the remainder when n*2

is divided by 127?

GOLD PLAN (4 steps):

Step @: {{0}} = add(arg_0=5, arg_1=2)

Step 1: {{1}} = power(arg_0={{0}}, arg_1=2)
Step 2: {{2}} = multiply(arg_0=12, arg_1=4)
Step 3: {{3}} = subtract(arg_0={{13}}, arg_1
={{2}}

\textsc{Forte} GENERATED PLAN (3 steps, all 5
candidates scored 100):

Step 0: {{0}} = multiply(arg_0=4, arg_1=3)
Step 1: {{1}} = divide(arg_0={{0}}, arg_1=2)
Step 2: {{2}} = power(arg_0={{13}}, arg_1=2)

JUDGE: score=100, prediction="yes",
confidence=0.99.
STRUCTURAL EVAL: step_count_match=False (3 vs

4)!
exact_tool_accuracy=0.0,
functional_match=False.

This is the dominant NESTFUL FM failure mode:
the planner compresses the 4-step gold decompo-
sition into a 3-step solution composed of com-

pound arithmetic calls, which the rubric-based
judge correctly scores as syntactically valid but
which the structural evaluator marks as a functional-
match failure due to the step-count mismatch. The
judge’s deductive rubric does not verify that the
compressed plan computes the same intermediate
values as the gold, exposing the syntactic-only scor-
ing limitation discussed in the Limitations section.

Example 5: FORTE vs GPT-5.5 on the same
ToolHop query.

ToolHop query 1 : GPT-5.5 (closed-source fron-
tier, 7=0.0)

QUERY: (same as Example 1)

GPT-5.5 GENERATED PLAN:
Step @: {{0}} = character_actor_lookup(
character_name="Kaylee Frye",
series_name="Firefly"”, exact_match=
true)
Step 1: {{1}} = film_release_year_finder(
actors=[{{03}}, "Alan Dale"],
genre="sci-fi", additional_filters={"
format”: "tv film"})
Step 2: {{2}} = prime_factorization(number
={{113},
output_format="
sum_unique_prime_factors")

JUDGE: score=70, prediction="uncertain”,
confidence=0.78.

Step count: 3 vs gold's 4 (step_count_match=
False).

GPT-5.5 exhibits two of the failure modes
FORTE’s training data systematically penalises:
(i) it hallucinates an additional_filters
parameter that does not appear in the
film_release_year_finder signature, and an
output_format="sum_unique_prime_factors”
enum value that does not exist; (il) it com-
presses the plan from four steps to three, folding
the final sum_digits call into a non-existent
prime_factorization output format. FORTE’s
plan for the same query (Example 1) issues four
schema-compliant steps and scores 100.

E Code and Reproducibility

We release the augmented ToolHop and NESTFUL
contrastive corpora, all nine deterministic error
injectors and compound-error composition code,
rubric-annotation and training scripts, JSR/FM/-
PA/DA evaluation code, the benchmark-specific
execution harnesses and validation tests, evalua-
tion sets, human-agreement annotations, the judge
LoRA adapter, and all six planner checkpoints un-
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der the following repository: https://github.
com/HadiAskari/toolhop-planning-emnlp.
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