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Abstract001

Reward models (RMs) play a critical role in002
aligning large language models (LLMs) with003
human preferences. Yet in the domain of tool004
learning, the lack of RMs specifically designed005
for function-calling tasks has limited progress006
toward more capable agentic AI. We introduce007
TOOLRM, a family of lightweight reward mod-008
els tailored for general tool-use scenarios. To009
build these models, we propose a novel pipeline010
that constructs high-quality pairwise preference011
data using rule-based scoring and multidimen-012
sional sampling. This yields ToolPref-Pairwise-013
30K, a diverse, balanced, and challenging pref-014
erence dataset that supports both generative015
and discriminative reward modeling. We also016
introduce TRBENCHBFCL, a benchmark built017
on the agent evaluation suite BFCL to evaluate018
RMs on tool calling tasks. Trained on our con-019
structed data, models from the Qwen3-4B/8B020
series achieve up to 17.94% higher accuracy,021
substantially outperforming frontier LLMs and022
RMs in pairwise reward judgments. Beyond023
training objectives, generative ToolRM general-024
izes to broader critique tasks, including Best-of-025
N sampling and self-correction. Experiments026
on ACEBench highlight its effectiveness and ef-027
ficiency, enabling inference-time scaling while028
reducing output token usage by over 66%. Its029
support for downstream RL training further val-030
idates its practical utility. We release data to031
facilitate future research.032

1 Introduction033

Recent advances in agentic artificial intelligence034

have been driven in large part by the tool-use capa-035

bilities (Patil et al., 2024; OpenAI, 2025) of large036

language models (LLMs). By leveraging external037

tools, LLMs can recognize their limitations and038

extend their capabilities through environment in-039

teraction. The research focus has recently shifted040

from behavior cloning via supervised finetuning on041

curated trajectories (Schick et al., 2023; Tang et al.,042

2023) to trial-and-error approaches based on rein- 043

forcement learning from verifiable rewards (RLVR, 044

Feng et al., 2025; Qian et al., 2025), enabling gen- 045

eralizable and robust tool-use behavior. 046

Despite these gains, the lack of reliable reward 047

models (RMs) tailored to tool-use tasks remains a 048

core limitation. Most existing methods depend on 049

verified tool-call trajectories for feedback, which 050

restricts scalability to domains lacking such anno- 051

tations. At inference time, the absence of precise 052

reward signals also makes it hard to leverage multi- 053

ple sampled answers for test-time selection (Wang 054

et al., 2023; Snell et al., 2025). We argue that devel- 055

oping a robust RM—capable of evaluating tool-use 056

behavior without requiring ground-truth labels—is 057

critical for advancing this field. Building effective 058

RMs for tool-use presents three key challenges: 059

(C1) Constructing high-quality preference pairs 060

that reflect tool-use intent. (C2) Enabling general- 061

izable critique beyond 3H-style modeling (Askell 062

et al., 2021), as tool-use tasks often allow more 063

objective, causal reasoning. (C3) Evaluating RM 064

performance in this setting, which remains under- 065

explored for frontier LLMs and specialized critics. 066

To address these challenges, we introduce 067

TOOLRM, a family of lightweight RMs for general 068

tool-use tasks, along with a two-stage pipeline for 069

constructing high-quality preference data to train 070

them. First, we curate and validate tool-calling 071

trajectories from diverse open-source datasets, seg- 072

ment them into context–response pairs, and sample 073

alternative responses using multiple LLMs. Instead 074

of relying on ground-truth matches, we apply rule- 075

based labeling to capture fine-grained preferences. 076

A multidimensional sampling strategy ensures di- 077

verse scenarios, varied preference intensity, and 078

high task complexity (C1). To strengthen critique 079

ability, we train generative ToolRM with a pairwise 080

objective using unified instructions and verifiable 081

supervision, enabling the model to learn robust 082

reasoning without curated traces (C2). We also 083
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Figure 1: Overview of the proposed pipeline for training ToolRM.

introduce TRBENCHBFCL, a benchmark based on084

BFCL (Patil et al., 2025), to systematically evaluate085

RM performance on tool-use tasks (C3).086

Our contributions are summarized as follows:087

• We propose a novel pipeline for generating088

high-quality pairwise preference data for reward089

modeling in tool-use scenarios. Using seven090

open-source tool-calling datasets, we construct091

ToolPref-Pairwise-30K, a diverse and balanced092

set of 30,000 challenging preference pairs. This093

resource is publicly released to support future094

work in tool-oriented reward modeling.095

• We train TOOLRM on the Qwen3 families with096

different objectives, achieving substantial gains097

in pairwise reward judgments. The resulting mod-098

els generalize to broader critique tasks, enabling099

efficient inference-time scaling, producing com-100

pact, high-quality critiques, and supporting effec-101

tive downstream RL training.102

• We introduce TRBENCHBFCL, a dedicated103

benchmark for evaluating reward models in tool-104

use settings. Our analysis reveals that even state-105

of-the-art LLMs and specialized reward models106

show significant gaps on this benchmark, under-107

scoring the need for targeted solutions.108

2 Related Work109

Tool Learning in the Era of LLMs. Early work110

on agentic AI, such as Yao et al. (2023), combines111

chain-of-thought reasoning (Wei et al., 2022) with112

tool-augmented actions to elicit LLMs’ tool-use113

capabilities. Later methods imitate curated tool-use114

trajectories via supervised fine-tuning (Schick et al., 115

2023; Liu et al., 2024b), but often struggle with out- 116

of-distribution tasks. More recent works integrate 117

verified rewards into tool-aware reasoning, with 118

designs tailored for question answering (Jin et al., 119

2025; Song et al., 2025), math (Feng et al., 2025; 120

Dong et al., 2025), and general tool-use (Qian et al., 121

2025; Zhang et al., 2025). Agarwal et al. (2025) 122

evaluate reward models on function-calling tasks 123

but omits multi-turn scenarios and rely on data 124

pairs too simple for powerful models to distinguish. 125

Reward Modeling. Reward models guide large 126

language models toward human-preferred out- 127

puts (Ouyang et al., 2022; Bai et al., 2022). They 128

are typically either (1) discriminative (DiscRM), 129

outputting scalar scores to rank responses (Cai 130

et al., 2024; Liu et al., 2024a), or (2) generative 131

(GenRM), producing textual rewards for domains 132

such as chat (Shiwen et al., 2024), code (McAleese 133

et al., 2024), and literary translation (Pombal et al., 134

2025). A recent trend views reward modeling 135

as a reasoning process (Chen et al., 2025c; Guo 136

et al., 2025b) to enhance reward quality. Recent 137

work (Agarwal et al., 2025) examines RM perfor- 138

mance on function-calling tasks, but the benchmark 139

is not sufficiently challenging for powerful models. 140

3 Methodology 141

We introduce a pipeline for training ToolRM. As 142

shown in Figure 1, we first label tool-calling tra- 143

jectories with rule-based verifiers, then construct 144

pairwise preference data via balanced multidimen- 145

sional sampling. ToolRMs are trained as either 146

GenRM or DiscRM under distinct objectives. 147
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3.1 Trajectory Preparation148

Task Sourcing. To build a diverse dataset, we149

collate function-calling tasks from seven open-150

source, tool-learning datasets, spanning a wide151

variety of task domains and trajectory patterns:152

APIGen (Liu et al., 2024b), APIGen-MT (Prab-153

hakar et al., 2025), BUTTON (Chen et al., 2025b),154

ComplexFuncBench (Zhong et al., 2025), Hermes-155

Function-Calling (Teknium et al., 2025), Glaive-156

Function-Calling1, and ToolAlpaca (Tang et al.,157

2023). To address format inconsistencies across158

these sources, we standardize all conversation159

records of raw tasks into format-aligned trajectories160

Traw = {τi}Ni=1, discarding any data with invalid161

role orders. The message format within each trajec-162

tory τi is normalized to adhere to the Hermes Func-163

tion Calling standard, where special tags <tools>,164

<tool_call>, and <tool_response> are used to165

enclose tool schemas, calls, and responses, respec-166

tively. At the beginning of each τi, a function-167

calling prompt is uniformly included as the system168

message, along with the schemas of available tools169

in the task. Additional agent policies are prepended170

to this message for complex tasks from specific171

sources (e.g., APIGen-MT). See Appendix I for an172

example of a tool-use task trajectory.173

Trajectory Segmentation and Validation. To174

enable subsequent rule-based verification of arbi-175

trary trajectories against ground-truth answers, we176

first perform tool schema validation for each tra-177

jectory τi. Tool schemas are typically provided178

as dictionary objects, which we verify as valid179

JSON schemas describing tools compatible with180

OpenAI’s tool-calling format. Invalid schemas are181

corrected, and duplicates are removed. The vali-182

dated schemas are then wrapped into function-type183

JSON objects and incorporated into the aforemen-184

tioned system message as tool descriptions.185

Next, we partition each raw trajectory τi ∈ Traw186

into sub-trajectories ending in an assistant message,187

yielding segmented trajectories Tseg = {τj}Mj=1.188

Each segment τj consists of a conversation history189

xj (all messages preceding the assistant message)190

and the corresponding assistant response yj . A pre-191

liminary filtering is then applied: we retain τj only192

if the message following yj in the raw trajectory193

τi does not contain any unsuccessful tool response,194

ensuring the basic validity of tool calls in yj .195

A stricter tool-call validation is then applied196

1We use a 5k cleaned glaive-function-calling subset in
hermes-function-calling-v1.

to yj for each retained trajectory τj . Each tool 197

call must be parsable in the required format (e.g., 198

{"name":". . . ","arguments":{. . . }}), and 199

its function name and arguments must match the 200

tool schema. Responses containing duplicate tool 201

calls are also discarded. Only the trajectories τj = 202

(xj , yj) that pass all format and content checks 203

are kept. For these validated trajectories, we treat 204

the assistant response as the ground-truth response 205

y∗j , and the clean dataset is Tclean = {(xj , y
∗
j )}M

′
j=1. 206

Data statistics are reported in Appendix B. 207

Response Sampling and Verification. In this 208

phase, we begin by sampling multiple model re- 209

sponses for each conversation history. To ensure 210

diversity in the outputs, we select five models from 211

three different families with varying tool-calling 212

capabilities: Claude-3.7-Sonnet, Gemini-2.5-Pro, 213

Qwen2.5-Max, Qwen-32B, and Qwen3-8B. For 214

each pair (xj , y
∗
j ) in the cleaned dataset Tclean, the 215

context xj is sent to all five models, yielding a set 216

of new assistant responses {ŷj,k}5k=1. Each sam- 217

pled response ŷj,k is then scored using a rule-based 218

function that compares it against its correspond- 219

ing ground-truth response y∗j , yielding a score be- 220

tween 0 and 1. Unlike prior rule-based TIR ap- 221

proaches (Qian et al., 2025), our method for train- 222

ing the reward model prioritizes the correctness 223

of tool call content (reasoning ability) over strict 224

format adherence (instruction-following ability), 225

since downstream applications often use varying 226

tool call structures. Consequently, we only score ŷ 227

that can be successfully parsed into the expected 228

tool-call format and discard all others. 229

For a given ground-truth response y∗ and a sam- 230

pled response ŷ (we drop indices j, k for simplic- 231

ity), let C∗ = {c∗i }
NG
i=1 and Ĉ = {ĉl}NP

l=1 denote the 232

lists of tool calls parsed from them, respectively. 233

Each tool call is a JSON object containing a string- 234

typed name and a dictionary of arguments. Scor- 235

ing starts with two disqualifiers: if either applies, 236

the final score ŝ is set to 0: 237

• Mismatched Number of Tool Calls. The number 238

of predicted tool calls does not match the number 239

of ground-truth tool calls: 240

|Ĉ| ̸= |C∗| ⇒ ŝ = 0 (1) 241

• Duplicated Tool Calls. The set of predicted tool 242

calls contains identical duplicates (both name and 243

arguments are the same). For ĉl, ĉm ∈ Ĉ: 244

∃l ̸= m s.t. is_identical(ĉl, ĉm)⇒ ŝ = 0 (2) 245
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If a sampled response ŷ passes the above ini-246

tial checks, a match score si is calculated for each247

ground-truth tool call c∗i ∈ C∗. This score is de-248

termined by matching c∗i with the predicted tool249

call of the same name that achieves the highest250

argument similarity. Specifically:251

si = max
ĉ∈Ĉ

1
[
c∗i .name = ĉ.name

]
· sim

(
c∗i .arguments, ĉ.arguments

) (3)252

where 1[·] is an indicator function equal to 1253

if the tool names match and 0 otherwise, so argu-254

ments are only compared when tool names align.255

The argument similarity function sim(·) measures256

the ratio of identical key-value pairs to the total257

number of unique keys across both dictionaries.258

A key-value pair is considered identical only if259

the key appears in both dictionaries and the corre-260

sponding values match, with string comparisons261

performed in a case-insensitive manner. If both dic-262

tionaries are empty, the similarity is defined as 1.263

The final rule-based score ŝ can then be calculated264

as the mean of all individual match scores si, with265

ŝ = 1 when both y∗ and ŷ contain no tool calls:266

ŝ =
1

NG

NG∑
i=1

si (4)267

Difficulty-Aware Down-Sampling. After col-268

lecting all rule-based scores for sampled responses,269

we perform difficulty-aware down-sampling. This270

is done by grouping all sampled responses by their271

original context xj . Empirically, tasks that are ei-272

ther too easy or too difficult are not ideal for model273

training: (1) contexts for which all sampled re-274

sponses have a rule-based score of 1 are discarded,275

as they offer no meaningful variation for model cri-276

tique; (2) contexts for which no sampled response277

receives a rule-based score of 1 are also removed,278

as such cases likely contain noise in either xj or y∗j .279

We retain the remaining candidates as:280

Dcand = {(xj , y
∗
j , ŷj,k, ŝj,k) | context j passes} (5)281

Each contains the conversation history, the ground-282

truth response, a sampled response, and the corre-283

sponding rule-based score. This pool serves as the284

source for constructing preference datasets.285

3.2 Preference Data Construction286

Pairwise Data Construction. This section de-287

scribes how we construct data to train the RM as a288

critic. Such models typically evaluate data in either 289

a pointwise or pairwise manner. In preliminary 290

experiments, pointwise generative RMs supervised 291

by rule-based scores exhibited superficial overfit- 292

ting: it mimicked the training score distribution 293

instead of developing genuine analytical ability, a 294

form of reward hacking that hurt performance on 295

out-of-distribution (OOD) tasks. To mitigate this, 296

we train RMs on pairwise critique tasks, which 297

rely on comparative judgments rather than direct 298

scoring. The pairwise reward model is designed 299

to distinguish a preferred response from a rejected 300

one for a given context. To construct the training 301

data for this, we sample pairs of responses from 302

the preprocessed data pool Dcand, where ground- 303

truth preferences are determined by their rule-based 304

scores. Each pair consists of a chosen response y+ 305

and a rejected response y− that shares the same 306

context but differs in score. We traverse Dcand and 307

arrange the permutations according to the above 308

rules to get a candidate pairwise data pool: 309

Dpair-cand = {(x, y∗, y+, y−, s+, s−) | s+ > s−, 310

(x, y∗, y+, s+), (x, y∗, y−, s−) ∈ Dcand} (6) 311

Balanced Multi-Dimensional Sampling. To en- 312

able efficient training with fewer data, we then 313

adopt a balanced, multi-dimensional sampling strat- 314

egy to select samples from Dpair-cand where we fo- 315

cus on the following three dimensions of data: 316

• Diversity of Data Sources. Incorporating a di- 317

verse range of tool schemas and user queries en- 318

hances the generalizability of trained models. To 319

this end, we aim to sample contexts from differ- 320

ent sources in a balanced manner. For each con- 321

text x in data, we denote its source as x.source. 322

• Coverage of Preference Intensity. For each pair 323

of chosen and rejected responses, the difference 324

in their rule-based scores reflects the intensity of 325

the preference signal: a large difference signifies 326

a strong preference, while a small difference sug- 327

gests a weak one. To train robust reward models, 328

our data sampling process is designed to cover 329

this full spectrum of preference signals, from 330

weak to strong. For each pairwise data point, we 331

measure its preference intensity by: 332

Ipreference = s+ − s− (7) 333

• Complexity of Tasks. Challenging the reward 334

model with more complex tasks is essential for 335
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enhancing its analytical capabilities. We calcu-336

late the complexity score of one candidate data337

point according to its ground-truth response y∗:338

Scomplex = |C∗|+
NG∑
i=1

|c∗i .arguments| (8)339

where C∗ is the set of tool calls parsed from y∗.340

Both the number of tool calls and arguments341

are accumulated to measure the task complex-342

ity. Over-complicated samples (Scomplex > 50)343

are filtered out for a higher success rate of rollout344

trajectory in the model training stage.345

Guided by the above principles, we use a heuris-346

tic algorithm to select samples from Dpair-cand that347

are more efficient for model training. Specifi-348

cally, we prioritize samples with higher complexity349

scores Scomplex while ensuring that the data source350

x.source and preference intensity Ipreference are as351

balanced as possible, resulting in a subset of pair-352

wise data Dpair-sampled ⊆ Dpair-cand for subsequent353

model training. Details of the heuristic algorithm354

are provided in Appendix H.355

3.3 Model Training356

Critique Task Design. We train generative357

ToolRM by prompting models with critique tasks.358

Given a conversation history and two candidate359

responses, the model must thoroughly evaluate360

each one and select the better response, outputting361

its name within <choice> tags. We adapt in-362

structions to each model’s native style: reason-363

ing models use a think-mode template, embedding364

evaluations in their reasoning process, while non-365

reasoning models use a no-think-mode template,366

placing evaluations explicitly in <evaluation>367

tags. We define unified evaluation criteria to ensure368

consistent, comprehensive critiques and to specify369

which tool-invocation errors should be penalized.370

For each sampled data (x, y∗, y+, y−, s+, s−) ∈371

Dpair-sampled, we format the conversation history x372

into a single string. This string is then concatenated373

with the two assistant responses y+ and y− to form374

the final input query q. To reduce position bias375

and prevent reward hacking during training, we376

randomly swap the order of the assistant responses377

in 50% of the queries, recording the position of y+378

as the ground-truth answer a. The resulting dataset379

Dpref = {(q, y+, y−, a)i}Ki=1 is then used to train380

the reward model. See Appendix J for detailed381

prompt templates.382

Training Objectives. We train generative 383

ToolRM (ToolRM-Gen) in a RLVR paradigm 384

using Group Relative Policy Optimization (GRPO, 385

Shao et al., 2024), a variant of Proximal Policy 386

Optimization (PPO, Schulman et al., 2017) that 387

improves efficiency and reduces computational 388

cost by replacing the critic network with grouped 389

relative advantages. Given an input query q and its 390

ground-truth answer a, let O = {o1, o2, . . . , oG} 391

denote the set of rollout trajectories generated by 392

the old policy πθold . Our goal is to optimize the 393

policy πθ by maximizing the following objective: 394

JGRPO(θ) = E(q,a)∼Dpref,{oi}Gi=1∼πθold (·|q) 1

G

G∑
i=1

1

|oi|

|oi|∑
t=1

[
min

(
πθ(oi,t|q, oi,<t)

πθold(oi,t|q, oi,<t)
Ai,t,

clip

(
πθ(oi,t|q, oi,<t)

πθold(oi,t|q, oi,<t)
, 1− ϵ, 1 + ϵ

)
Ai,t

)]]
(9) 395

where ϵ is a clipping-related hyper-parameter for 396

stabilizing training. Ai,t denotes the relative advan- 397

tage calculated on outputs of each rollout group: 398

Ai,t =
ri −mean({r1, r2, . . . , rG})

std({r1, r2, . . . , rG})
(10) 399

Here, ri denotes the binary reward assigned to the 400

rollout trajectory oi. It is determined by whether a 401

valid choice can be successfully extracted from oi 402

and whether it accurately answers q: 403

ri =

{
1, if is_equivalent(a, extract_choice(oi)))
0, otherwise.

404

Following Qian et al. (2025), we omit the KL 405

penalty term from the original GRPO objective to 406

encourage more effective exploitation of reward 407

signals during policy updates. Building on this, 408

we design a verifiable reward system for training 409

generative reward models in the tool-use scenario. 410

We train discriminative ToolRM (ToolRM-Disc) 411

with a pairwise ranking loss based on the Bradley- 412

Terry model (Bradley and Terry, 1952), following 413

Ouyang et al. (2022): 414

Lranking = − log(σ(rθ(x, y
+)−rθ(x, y−))) (11) 415

where rθ(x, y
+) and rθ(x, y

−) are the scalar re- 416

wards assigned by the reward model θ to the cho- 417

sen response y+ and the rejected response y− for a 418

given prompt x. 419
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Table 1: Evaluation results of reward models on TRBenchBFCL. Higher accuracy indicates a stronger ability to
distinguish better responses. GenRMs and DiscRMs trained on ToolPref-Pairwise-30K are highlighted in green .
The best result in each group is bolded, and the second-best is underlined. (♢): evaluated with the think-mode
template; (♡): evaluated with the no-think-mode template; (♣): evaluated with the official template. ( ): pairwise
inputs; ( ): pointwise inputs; ( ): critique as output; ( ): choice as output; ( ): scalar reward as output.

Classification Accuracy (%)Models S M P PM LS LM LP LPM MTB Avg. W-Avg.
Proprietary & Open-source General LLMs

Meta/Llama-3.2-3B-Instruct♡ 34.31 33.80 24.58 34.87 26.89 29.54 8.82 30.00 20.20 27.00 28.09
Meta/Llama-3.1-8B-Instruct♡ 45.99 52.11 46.84 62.31 33.02 39.44 23.53 40.00 28.69 41.33 41.38
Qwen/Qwen3-4B-Thinking-2507♢ 67.88 70.42 85.71 87.69 61.79 46.61 85.29 85.00 33.54 69.33 57.59
Qwen/Qwen3-4B (w/ thinking) ♢ 70.07 73.24 89.70 87.69 56.60 48.09 79.41 81.67 39.80 69.59 59.34
Qwen/Qwen3-8B (w/ thinking) ♢ 71.53 61.97 89.37 90.26 58.49 48.09 85.29 76.67 39.19 68.98 59.44
Qwen/Qwen3-4B-Instruct-2507♡ 71.53 64.79 90.37 89.23 51.42 50.66 70.59 86.67 36.57 67.98 59.67
DeepSeek-AI/DeepSeek-R1-0528♢ 68.61 70.42 87.71 85.64 64.62 46.45 76.47 75.00 36.77 67.97 57.93
OpenAI/GPT-4o-2024-11-20♡ 69.34 66.20 86.71 86.67 50.47 50.82 67.65 78.33 38.38 66.06 59.00
OpenAI/o3-2025-04-16♢ 70.80 69.01 85.71 84.87 55.19 50.43 67.65 76.67 41.21 66.84 59.40
Google/Gemini-2.5-Flash (w/ thinking)♢ 64.23 66.20 89.70 89.49 56.13 51.13 79.41 80.00 36.77 68.12 59.87
Google/Gemini-2.5-Pro (w/ thinking)♢ 75.18 67.61 88.04 91.79 58.96 48.32 82.35 73.33 39.80 69.49 59.94
Qwen/Qwen3-235B-A22B-Thinking-2507♢ 71.53 69.01 86.05 90.26 67.92 51.52 85.29 76.67 34.55 70.31 60.64
DeepSeek-AI/DeepSeek-V3-0324♡ 75.18 66.20 88.70 89.74 58.02 53.86 70.59 73.33 37.17 68.09 61.45
Qwen/Qwen2.5-Max♡ 77.37 73.24 89.04 90.00 58.02 55.18 67.65 70.00 37.98 68.72 62.39
Anthropic/Claude-3.7-Sonnet (w/ thinking)♢ 76.64 67.61 91.69 92.82 60.85 52.77 73.53 78.33 39.19 70.38 62.45
Anthropic/Claude-4-Sonnet (w/ thinking)♢ 81.02 77.46 91.36 91.28 62.74 54.95 82.35 83.33 41.01 73.95 64.23

Generative Reward Models

Databricks/CLoud-RM-Llama-3-8B♣ 25.55 35.21 33.22 32.82 31.60 37.88 32.35 25.00 49.90 33.73 37.34
Unbabel/M-Prometheus-7B♡ 54.74 54.93 71.43 74.87 43.87 46.69 38.24 53.33 34.14 52.47 51.19
Microsoft-Research/RRM-7B♢ 65.69 56.34 82.06 84.62 43.40 49.65 44.12 68.33 36.36 58.95 56.05
UIUC/RM-R1-DeepSeek-Distilled-Qwen-32B♢ 75.18 76.06 68.44 80.51 61.79 49.18 52.94 53.33 38.18 61.73 56.25
Unbabel/M-Prometheus-14B♡ 64.96 57.75 88.37 87.44 44.34 46.38 64.71 61.67 39.39 61.67 56.32
Skywork/Skywork-Critic-Llama-3.1-8B♣ 54.74 59.15 86.05 83.59 47.17 45.75 67.65 61.67 50.30 61.79 56.92
TOOLRM-Gen-Llama-3.2-3B-Instruct♡ 54.01 57.75 87.04 78.97 44.34 54.95 64.71 61.67 45.45 60.99 59.27 (+31.18)
TOOLRM-Gen-Llama-3.1-8B-Instruct♡ 62.04 61.97 88.70 86.15 47.64 52.30 82.35 68.33 41.21 65.63 59.57 (+18.19)
Skywork/Skywork-Critic-Llama-3.1-70B♣ 64.23 67.61 87.38 88.21 44.34 51.68 70.59 66.67 47.47 65.35 60.31
Microsoft-Research/RRM-32B♢ 76.64 76.06 87.38 89.23 67.92 56.90 67.65 75.00 42.83 71.07 64.50
TOOLRM-Gen-Qwen3-4B-Instruct-2507♡ 70.80 74.65 91.03 89.49 55.66 60.41 94.12 81.67 49.90 74.19 66.85 (+7.18)
TOOLRM-Gen-Qwen3-4B♢ 81.02 78.87 89.04 88.97 63.21 62.12 91.18 86.67 52.32 77.04 68.89 (+9.55)
TOOLRM-Gen-Qwen3-8B♢ 81.02 76.06 89.70 91.03 64.62 61.50 91.18 80.00 52.73 76.43 68.92 (+9.48)
TOOLRM-Gen-Qwen3-4B-Thinking-2507♢ 83.21 80.28 90.03 92.56 71.23 66.02 94.12 88.33 52.12 79.77 71.87 (+14.28)

Discriminative Reward Models

Skywork/Skywork-Reward-Llama-3.1-8B-v0.2♣ 83.21 70.42 92.36 92.31 59.91 62.51 67.65 75.00 59.80 73.68 70.23
InternLM/InternLM2-7B-Reward♣ 80.29 80.28 88.04 89.74 63.68 65.16 67.65 73.33 61.21 74.38 71.17
Skywork/Skywork-Reward-V2-Llama-3.1-8B♣ 88.32 77.46 90.70 91.03 68.40 64.54 70.59 90.00 60.81 77.98 72.28
InternLM/InternLM2-20B-Reward♣ 87.59 84.51 91.69 91.54 64.15 68.67 88.24 76.67 55.35 78.71 73.08
Skywork/Skywork-Reward-V2-Qwen3-4B♣ 85.40 80.28 94.35 92.05 70.28 67.58 76.47 83.33 55.76 78.39 73.25
TOOLRM-Disc-Qwen3-4B-Thinking-2507 81.75 84.51 93.69 90.26 72.17 74.51 97.06 71.67 60.61 80.69 76.80 (+19.21)
TOOLRM-Disc-Qwen3-4B-Instruct-2507 84.67 84.51 94.02 90.00 72.17 73.97 100.00 80.00 64.85 82.69 77.61 (+17.94)

4 Experiments420

4.1 Do ToolRM Provide Precise Rewards?421

Benchmark Construction. We evaluate reward422

models on an improved benchmark adapted from423

Agarwal et al. (2025), based on BFCL. The original424

benchmark pairs correct function calls with incor-425

rect ones generated by 25 permissively licensed426

models but has two main limitations: (1) it only427

covers single-turn tasks, and (2) its data pairs are428

too trivial for powerful RMs to differentiate. To ad-429

dress this, we build a more challenging benchmark430

using the multi_turn_base split from BFCL-v3 and431

curate harder rejected responses from seven top-432

performing function-calling models.433

The resulting benchmark, TRBENCHBFCL, com-434

prises 2,983 samples from 1,397 unique tasks435

across 9 splits: simple (S), multiple (M), paral- 436

lel (P), parallel multiple (PM), live sample (LS), 437

live multiple (LM), live parallel (LP), live paral- 438

lel multiple (LPM), and multi-turn base (MTB). 439

It covers 20 distinct error types with rejected re- 440

sponses from 7 different models. Since BFCL tasks 441

and their synthetic data are excluded from training, 442

TRBENCHBFCL serves as a strong OOD evalu- 443

ation set for TOOLRM. Additional statistics and 444

implementation details are in Appendix D.2. 445

Evaluation Metric. We assess model perfor- 446

mance via pairwise preference classification. To 447

minimize position bias, each sample is evaluated 448

twice, swapping the response order on the second 449

pass. A sample is correct only if both orders yield 450

the correct prediction. For scalar-output RMs, we 451

compute scores for chosen and rejected responses 452
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and mark the result correct if the score order453

matches the preference label. We report average454

accuracy (Avg.) across splits and weighted-average455

accuracy (W-Avg.), based on sample counts.456

Model Training. We train ToolRM on three457

reasoning models (Qwen3-4B, Qwen3-8B,458

and Qwen3-4B-Thinking-2507) and three non-459

reasoning models (Qwen3-4B-Instruct-2507,460

Llama-3.2-3B-Instruct, and Llama-3.1-8B-461

Instruct (Dubey et al., 2024)). At both training and462

inference for generative ToolRM, we apply the ap-463

propriate think-mode or no-think-mode templates.464

Our preference dataset, ToolPref-Pairwise-30K,465

contains 30,000 samples (29,500 for training, 500466

for validation), built with our proposed pipeline.467

See training details in Appendix D.1 and impact of468

data scaling on ToolRM in Appendix E.469

Baseline Models. We benchmark ToolRM470

against strong LLMs in the LLM-as-a-judge setup,471

including GPT, Gemini, Claude, DeepSeek, and472

Qwen. Specialized reward models are also473

tested: generative (Skywork-Critic (Shiwen et al.,474

2024), M-Prometheus (Pombal et al., 2025), RM-475

R1 (Chen et al., 2025c), RRM (Guo et al., 2025b)),476

discriminative (Skywork-Reward (Liu et al., 2024a,477

2025a), InternLM2-Reward (Cai et al., 2024)), and478

hybrid (Cloud-RM (Ankner et al., 2024)).479

Main Results. Table 1 presents evaluation results480

on TRBENCHBFCL across all splits. Training on481

ToolPref-Pairwise-30K significantly boosts perfor-482

mance, with Qwen3 models gaining 12.94% on483

average and up to 17.94% in weighted accuracy.484

ToolRM, trained on Qwen3-4B-Thinking-2507 and485

Qwen3-4B-Instruct-2507, achieves the best results486

within each model group. Notably, ToolRM also487

improves on the multi-turn-base split, despite be-488

ing trained on step-wise critiques. Since BFCL489

scoring for multi-turn tasks relies on state- and490

response-based signals rather than rule-matching,491

these gains demonstrate that ToolRM acquires ro-492

bust, generalizable analytical capabilities rather493

than overfitting to rule-based labels.494

In LLM-as-a-judge evaluations, Claude-4 outper-495

forms other general-purpose LLMs, consistent with496

its stronger tool-use capabilities. Among special-497

ized reward models, the Skywork-Reward-V2 se-498

ries performs best, likely due to training on 26M di-499

verse preference pairs. Notably, Skywork-Reward-500

Llama-3.1-8B-v0.2 exceeds its generative coun-501

terpart, Skywork-Critic, despite similar training502
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Figure 2: Model BoN
sampling on ACEBench.
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correction on ACEBench.

data—a pattern also observed in ToolRM. This sug- 503

gests that discriminative reward models may gen- 504

eralize better to pairwise classification tasks than 505

generative critics (see Appendix G for discussion). 506

Lastly, reasoning models show greater gains 507

from pairwise RL training than instruction-tuned 508

counterparts, and models with longer initial reason- 509

ing patterns (e.g., Qwen3-4B-Thinking-2507 vs. 510

Qwen3-4B) benefit the most. This highlights that 511

even with weaker initial performance, a greater 512

capacity for exploration can ultimately lead to 513

stronger outcomes through RL. See the ablation 514

on training data construction in Appendix F. 515

4.2 Do ToolRM Aid Inference-Time Scaling? 516

Setup. We assess whether ToolRM improves 517

tool-call inference using 823 samples from the 518

Normal split of ACEBENCH (Chen et al., 2025a), 519

a benchmark for tool-use evaluation. For each 520

sample, we apply Best-of-N (BoN) sampling with 521

Qwen3-4B-Instruct-2507 (temperature = 1.0), and 522

use trained RMs to select the best response. We 523

compare three judges: the baseline Qwen3-4B- 524

Thinking-2507 (Base), the trained ToolRM-Gen- 525

Qwen3-4B-Thinking-2507 (ToolRM-Gen), and 526

ToolRM-Disc-Qwen3-4B-Instruct-2507 (ToolRM- 527

Disc). Performance is measured by average accu- 528

racy across all samples. 529

Main Results. Figure 2 shows that ToolRM (- 530

Disc/-Gen) consistently matches or outperforms 531

the baseline, improving by 3.8/3.2 points without 532

BoN and 1.9/1.3 points with BoN-16. These gains 533

validate the quality of ToolPref and indicate that 534

ToolRM-Gen generalizes beyond its RL training 535

objective. Notably, performance remains stable as 536

the candidate pool grows, demonstrating robust- 537

ness to long-context reasoning and effectiveness 538

for inference-time scaling in tool-use tasks. 539

4.3 Are Model Critiques Helpful? 540

Setup. We evaluate how critiques generated 541

by ToolRM guide policy model self-correction 542
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Table 2: Policy model accuracy (%) on BFCL-v3 before
and after RL training with ToolRM-Gen.

Model Single-Turn AST Multi-Turn

Qwen3-4B-Instruct-2507 73.25 19.88
- RL w/ ToolRM-Gen 77.89 (+4.64) 25.50 (+5.62)

(SC). For each sample in the Normal subset of543

ACEBench, Qwen3-4B-Instruct-2507 first pro-544

duces a function-calling response. A GenRM545

then critiques the output with concise feedback,546

which the policy model uses to refine its re-547

sponse. We compare two critics here: the base-548

line Qwen3-4B-Thinking-2507 (Baseline) and the549

trained ToolRM-Gen-Qwen3-4B-Thinking-2507550

(ToolRM-Gen). Performance is measured by av-551

erage accuracy over all samples.552

Main Results. As shown in Figure 3, ToolRM-553

Gen leads to notable gains in self-correction accu-554

racy: +11.4 points over w/o Critic and +2.0 over555

w/ Baseline, indicating more reliable critiques in556

tool use tasks. It also lowers decoding cost, re-557

ducing average output length from 3,211 to 1,111558

tokens, demonstrating efficient reasoning without559

sacrificing critique quality. See Appendix K for560

qualitative examples and Appendix G for a detailed561

comparison of ToolRM-Gen and ToolRM-Disc.562

4.4 Do ToolRM Facilitate Policy RL Training?563

Setup. We test whether ToolRM can improve564

another policy model’s tool use by serving as a565

reliable reward model during RL training. Using566

15,000 unlabeled tool-call queries, we train Qwen3-567

4B-Instruction-2507 with GRPO. During training,568

the policy model’s rollouts are paired and scored569

by ToolRM-Gen, which assigns a reward of 1 to570

the chosen response and 0 to the other. We then571

evaluate the resulting policy model on BFCL-v3.572

Main Results. Table 2 reports policy-model ac-573

curacy on BFCL-v3 across splits and shows sub-574

stantial gains after supervised RL with ToolRM-575

Gen. The fact that applying the reward model to576

downstream RL enhances tool-calling agents fur-577

ther underscores the practical utility of ToolRM.578

See Appendix D.3 for detailed settings and results.579

4.5 Error Analysis of ToolRM580

We further analyze the thinking process of genera-581

tive ToolRM in cases where its final judgments are582

inconsistent with the ground-truth preferences. Our583

investigation indicates that these errors primarily584

fall into two categories: (i) when the description of 585

tool schema or parameters lacks concrete examples, 586

the model is unable to infer the most appropriate 587

tool invocation from the candidates, given the avail- 588

able tool information and the user’s query; (ii) the 589

originally annotated chosen response contains mi- 590

nor errors, while the rejected response has more 591

fundamental and severe errors. The model correctly 592

identifies all errors but fails to distinguish primary 593

errors from secondary ones, leading to an incorrect 594

pairwise reward. We believe the first type of error 595

is constrained by the base model’s inherent reason- 596

ing capability and is therefore more difficult to im- 597

prove. The second type, however, is more tractable 598

and can be mitigated through targeted optimization 599

using higher-quality, non-perfect preference pairs, 600

of which the chosen response still contains minor 601

errors. Examples from TRBenchBFCL correspond- 602

ing to the two typical error types are provided in 603

Appendix K for detailed reference. 604

5 Conclusion 605

This paper introduces a framework of data, models 606

and benchmarks for agentic tool-use reward model- 607

ing. At its core is a novel data construction pipeline 608

that combines rule-based labeling with balanced 609

multi-dimensional sampling to automatically gen- 610

erate fine-grained pairwise preference data. The re- 611

sulting dataset is diverse, well-balanced, and inten- 612

tionally challenging, enabling efficient RL training 613

and promoting nuanced reasoning beyond superfi- 614

cial signal matching. 615

Extensive evaluations across multiple bench- 616

marks demonstrate the value of ToolRM in: (i) 617

delivering high-fidelity reward signals that align 618

with human preferences and outperform frontier 619

baselines; (ii) enabling inference-time scaling by 620

reliably selecting optimal outputs from diverse can- 621

didate pools; (iii) producing efficient, pointwise 622

critiques that improve self-correction with minimal 623

decoding overhead; and (iv) effectively supporting 624

downstream RL training. 625

Together, these results suggest that reward mod- 626

els trained on high-quality data with suitable ob- 627

jectives can serve as effective judges and critics 628

to support downstream decision-making in general 629

tool-use settings. Future work could extend this ap- 630

proach to more open-ended agentic tasks, including 631

RM-guided multi-agent coordination and planning. 632

We hope this work provides new perspectives on 633

efficient tool learning for LLMs. 634
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Limitations635

Although the trained ToolRM generalizes across636

tasks, it still has limitations. In agentic tool-use637

scenarios, whether ToolRM should be viewed as638

an outcome reward model (ORM) or process re-639

ward model (PRM) depends on the application640

context: (i) Single-action view: ToolRM scores641

each action’s final output without access to inter-642

mediate chain-of-thought, so it effectively serves643

as an ORM. (ii) Multi-turn view: In longer tra-644

jectories, ToolRM primarily evaluates each step645

independently and is not intended to judge the over-646

all task outcome or provide holistic trajectory-level647

feedback, aligning it more with a PRM. Extending648

ToolRM to evaluate full trajectories is important649

but technically challenging; because it would re-650

quire different objectives and substantial additional651

work, we leave it to future research.652
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Table 3: Statistics for each constituent dataset. Raw and Filtered are reported by the number of original tasks, while
Segmented counts the number of segmented trajectories, with Msg indicating their average number of messages.
Trajectory patterns in each dataset are characterized from turn, step, and order perspectives: ‘ST’ and ‘MT’ denote
‘single-turn’ and ‘multi-turn’; ‘SS’ and ‘MS’ denote ‘single-step’ and ‘multi-step’; ‘P’ and ‘S’ denote ‘parallel’ and
‘sequential’, respectively.

Data Source #Raw #Filtered #Segmented #Msg #Schemas Pattern of Trajectory Task DomainTurn Step Order

APIGen 60,000 60,000 59,960 3.00 4,205 ST SS/MS P Finance/Sports/Technology/Travel . . .
APIGen-MT 5,000 4,874 20,055 11.75 26 MT SS/MS P/S Airline/Retail
BUTTON 8,000 8,000 20,811 5.19 22,101 ST SS/MS P/S Daily Life
ComplexFuncBench 1,000 1,000 3,259 5.43 40 ST MS S Hotel/Flight/Attraction/Car Rental/Taxi
Glaive-Function-Calling 5,209 4,344 6,747 4.82 1,565 MT SS/MS P Stocks and Orders/Movie/Flight Services . . .
Hermes-Function-Calling 1,893 1,724 1,724 3.00 2,383 ST SS/MS P Information Extraction/API Call/Software . . .
ToolAlpaca 4,098 2,510 6,194 4.24 2,040 ST SS/MS P/S News/Jobs/Finance/Entertainment . . .

A The Use of Large Language Models997

During the completion of this work, we employed998

Gemini 2.5 Pro (Comanici et al., 2025) to identify999

grammatical errors and refine the text in the prelim-1000

inary draft stage. The data construction pipeline1001

code was initially developed by the human authors1002

and then verified using Qwen3-Coder (Yang et al.,1003

2025). All suggestions from the LLMs were manu-1004

ally reviewed and confirmed for accuracy.1005

B Statistics of Data Sources1006

In this work, we utilize seven high-quality tool-use1007

datasets with diverse distributions. Table 3 summa-1008

rizes statistics for each data source, including the1009

number of unique tool schemas and the distribution1010

of tool-call trajectory patterns, measured by turn-,1011

step-, and order-wise occurrences.1012

C Full Related Work1013

C.1 Tool Learning in the Era of LLMs1014

The emergence of foundational capabilities in large1015

language models (LLMs) has enabled them to1016

identify and use appropriate tools in a human-1017

like manner. Yao et al. (2023) unlock this abil-1018

ity by combining chain-of-thought reasoning (Wei1019

et al., 2022) with tool-augmented actions. An-1020

other line of approaches clones behaviors from1021

completed tool-calling trajectories using super-1022

vised fine-tuning (Schick et al., 2023; Tang et al.,1023

2023; Liu et al., 2024b, 2025b), while these meth-1024

ods may face challenges generalizing to complex1025

and out-of-distribution tasks. To address this lim-1026

itation, other approaches employ reinforcement1027

learning with human preference data to learn via1028

trial-and-error (Nakano et al., 2021). Building on1029

recent successes in reasoning models (Lambert1030

et al., 2025; Shao et al., 2024), utilizing verified1031

rewards to facilitate tool-integrated reasoning has 1032

become a promising direction. Reward designs 1033

based on the format and correctness of the final 1034

answer have proven effective in tasks like question- 1035

answering (Jin et al., 2025; Song et al., 2025), 1036

math (Feng et al., 2025; Dong et al., 2025), and 1037

general tool-calling (Qian et al., 2025; Zhang et al., 1038

2025), leading to generalized model improvements 1039

through reinforcement learning. 1040

C.2 Evaluation of LLM Tool-Use 1041

Numerous tool-calling benchmarks have been pro- 1042

posed in recent years. To enable realistic and 1043

reliable evaluation, tasks are either drawn from 1044

real-world domains (Wang et al., 2024; Patil et al., 1045

2024; Zhong et al., 2025; Yao et al., 2025; Bar- 1046

res et al., 2025) or generated via well-designed 1047

data-synthesis pipelines (Qin et al., 2024; Chen 1048

et al., 2025a). Among these, BFCL (Patil et al., 1049

2025) covers diverse and complex patterns of tool 1050

usage and serves as a comprehensive benchmark 1051

for evaluating LLMs’ tool-use capabilities. Never- 1052

theless, there remains a lack of a benchmark that 1053

assesses whether current models can provide accu- 1054

rate feedback on LLM actions in tool-use scenarios. 1055

Recent work, FC-Reward-Bench (Agarwal et al., 1056

2025), investigates reward model performance on 1057

function-calling tasks. However, it does not evalu- 1058

ate multi-turn tool-use scenarios, and its data pairs 1059

are too simplistic for powerful RMs to effectively 1060

distinguish between them. 1061

C.3 Reward Modeling of Human Preferences 1062

Reinforcement learning has proven effective for 1063

aligning LLMs with human preferences, using feed- 1064

back from humans (Ouyang et al., 2022) or other 1065

capable LLMs (Bai et al., 2022; Lee et al., 2024). 1066

Central to this process are reward models (RMs), 1067

which are primarily developed in two ways. The 1068
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Figure 4: Statistics of the enhanced reward model benchmark TRBenchBFCL.

first is discriminative modeling, where RMs output1069

a scalar score to differentiate between preferred1070

and rejected responses (Yang et al., 2024; Cai et al.,1071

2024; Liu et al., 2024a, 2025c). The second is1072

generative modeling, where models provide tex-1073

tual rewards as natural language critiques for tasks1074

like chat (Shiwen et al., 2024; Kim et al., 2024;1075

Yu et al., 2025), code (McAleese et al., 2024),1076

and literary machine translation (Pombal et al.,1077

2025). Hybrid approaches combine critiques with1078

scalar rewards to better capture nuanced prefer-1079

ences (Ankner et al., 2024; Wang et al., 2025),1080

while recent work frames reward modeling as rea-1081

soning tasks (Chen et al., 2025c; Wang et al., 2025;1082

Guo et al., 2025b; Whitehouse et al., 2025). In1083

this paper, we extend generative reward modeling1084

to general tool use, offering textual critiques as1085

valuable feedback.1086

Notably, there is also a line of work on tool-1087

augmented reward modeling (Li et al., 2024; Find-1088

eis et al., 2025; Xu et al., 2025), which is concep-1089

tually distinct from ToolRM, with different mo-1090

tivations and inference procedures. In our set-1091

ting, ToolRM is trained to evaluate another policy1092

model’s behavior on agentic tool-use tasks, and1093

it relies solely on internal reasoning rather than1094

invoking external tools during evaluation. By con-1095

trast, tool-augmented RMs are primarily designed1096

for target tasks such as general QA, writing, and1097

coding, where the policy model can complete the1098

task without invoking any tools, and tools are in-1099

stead called at evaluation time to improve the re-1100

liability of reward estimates. Consequently, these1101

tool-augmented RMs do not apply to the scenario1102

studied in this paper and are not directly compara-1103

ble to our approach.1104

D Experiment Details1105

D.1 Reward Model Training1106

We train generative ToolRM on eight NVIDIA1107

A100 80G GPUs. We perform one epoch of GRPO1108

training using veRL (Sheng et al., 2025), with a1109

learning rate of 1e-6 and a clip ratio of ϵ = 0.2. At 1110

each training step, we sample a batch of 128 queries 1111

and generate 8 trajectories per query. Trajectory 1112

generation is handled by the vllm backend (Kwon 1113

et al., 2023), employing sampling hyper-parameters 1114

of temperature=1.0, top_p=1.0, and top_k=-1. 1115

Due to resource constraints, we limit the maximum 1116

prompt length to 16,384 tokens and the maximum 1117

response length to 4,096 tokens for model training. 1118

All discriminative reward models in this paper 1119

are trained using OpenRLHF (Hu et al., 2025) with 1120

a learning rate of 4e-6 and a training batch size 1121

of 256. For each dataset, we train for 2 epochs us- 1122

ing the BT objective and set the maximum prompt 1123

length to 16,384 tokens during training. 1124

D.2 Benchmark Implementation 1125

In constructing TRBENCHBFCL, all rejected LLM 1126

responses are extracted from the official evalua- 1127

tion archive2, including xLAM-2-70B-FC-R (Prab- 1128

hakar et al., 2025), GPT-4o (Hurst et al., 2024), 1129

OpenAI o1 (Jaech et al., 2024), Qwen3-32B (Yang 1130

et al., 2025), DeepSeek-R1 (Guo et al., 2025a), 1131

Gemini-2.5-Pro (Comanici et al., 2025), and 1132

Claude-3.7-Sonnet (Anthropic, 2025). We prepare 1133

preference pairs for each data task according to its 1134

turn-wise trajectory pattern. For single-turn tasks 1135

(splits originally introduced in BFCL v1 and v2), 1136

evaluation is based on the Abstract Syntax Tree 1137

(AST), which compares a model-generated func- 1138

tion against its function documentation and a set 1139

of possible correct answers. In these cases, we 1140

source the oracle answers directly from the bench- 1141

mark as the chosen responses and extract incorrect 1142

responses from the failed trajectories, forming cho- 1143

sen–rejected pairs for each task. 1144

For multi-turn tasks (the split introduced in 1145

BFCL v3), evaluation instead relies on state-based 1146

and response-based checks, which differ from the 1147

rule-based matching used to check tool calls in 1148

2Trajectories from https://github.com/HuanzhiMao/
BFCL-Result
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Table 4: Detailed policy model accuracy (%) on BFCL-v3 before and after RL training with ToolRM-Gen.

Model Non-Live AST Live AST Multi-Turn
Non-Live

Simple
Non-Live
Multiple

Non-Live
Parallel

Non-Live
Parallel Multiple

Live
Simple

Live
Multiple

Live
Parallel

Live
Parallel Multiple

Multi Turn
Base

Multi Turn
Miss Func

Multi Turn
Miss Param

Multi Turn
Long Context

Qwen3-4B-Instruct-2507 73.83 94.50 91.00 88.50 79.84 76.26 56.25 75.00 27.00 10.50 18.00 24.00
- RL w/ ToolRM-Gen 71.75 94.50 90.50 87.50 81.78 78.25 68.75 62.50 41.00 9.50 20.50 31.00

55.00

60.00

65.00

70.00

75.00

0 100 200 300 400

W
-A

vg
. A

cc

Training Steps

10K 20K 30K 40K

0

2

4

6

8

0

4000

8000

12000

16000

10K 20K 30K 40K

C
om

pl
ex

ity
 o

f T
as

k

N
um

be
r o

f  
Ta

sk
s

Data Scales

Unique Source Tasks Avg. Complexity

1 epoch of 
training on 30K data

Qwen3-4B-
Thinking-2507

(a) Evaluation results on
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(b) Statistics across different
data scales.

Figure 5: Statistics and the impact of data scale on
model training.

building Dpref
3. In these complex scenarios, while1149

pinpointing the single failing tool call is difficult,1150

one can easily identify the entire incorrect turn by1151

comparing the generated trajectory to the ground1152

truth. We leverage this to create evaluation pairs:1153

the incorrect output is the concatenation of all tool1154

calls the model generated in that turn, and the cor-1155

rect output is the concatenation of all tool calls from1156

the corresponding ground-truth solution. We show1157

statistics of the enhanced reward model benchmark1158

TRBenchBFCL in Figure 4.1159

To ensure fair evaluation across different types1160

of baseline models, we first apply the same think-1161

mode/no-think-mode template used in our model1162

evaluations. If the test model is unable to follow1163

the specific instruction, we instead evaluate it using1164

its official prompt. To fully harness the potential1165

of the test models, the official default sampling1166

parameters are used for inference, except that the1167

maximum output length is limited to 8,192 tokens1168

to prevent excessively long and repetitive chain-of-1169

thought content.1170

D.3 Policy Model Training1171

In the policy-model RL training phase using1172

ToolRM as the reward model, we begin by collect-1173

ing 10,000 multi-turn agent tool-use trajectories1174

spanning 2,000 unique tool schemas. For each tra-1175

jectory, we randomly select one tool-call assistant1176

response and construct a training query from all pre-1177

ceding messages, discarding any subsequent mes-1178

sages (including the selected assistant response).1179

3https://gorilla.cs.berkeley.edu/blogs/13_
bfcl_v3_multi_turn.html

Table 5: Ablated evaluation results on TRBenchBFCL.

Model W-Avg. Acc

Full ToolRM-Gen 71.87
- w/o Full BMDS 67.24 (-4.63)

- w/o DDS 68.64 (-3.23)

- w/o CPI 70.29 (-1.58)

- w/o CT 68.89 (-2.98)

- w/o EC 68.69 (-3.18)

This yields 11,500 multi-turn queries and 3,500 1180

single-turn queries. We then run two epochs of 1181

GRPO training with a learning rate of 2e-6 and 1182

a clip ratio of ϵ = 0.2. At each training step, we 1183

sample a batch of 512 queries and generate 8 trajec- 1184

tories per query. During policy training, we cap the 1185

maximum prompt length at 16,384 tokens and the 1186

maximum response length at 2,048 tokens. Table 4 1187

reports detailed BFCL-v3 policy model accuracy 1188

before and after RL training with ToolRM-Gen. 1189

E Impact of Data Scaling on ToolRM 1190

We investigate the influence of data scaling on 1191

model performance. Figure 5a shows the results 1192

for Qwen3-4B-Thinking-2507 on TRBenchBFCL, 1193

trained with data samples ranging from 10K to 1194

40K. Notably, the model achieves its highest per- 1195

formance with 30K training samples. Performance 1196

does not increase monotonically with data size be- 1197

cause our sampling strategy prioritizes more com- 1198

plex tasks. As the dataset grows, the average 1199

task complexity declines, leading to less effective 1200

training signals. Figure 5b illustrates this trend: 1201

while the number of unique tasks rises with larger 1202

datasets, their average complexity decreases. These 1203

results demonstrate that our proposed strategy suc- 1204

cessfully balances task diversity and complexity 1205

when exploring the candidate data pool. 1206

F Ablation Studies on Preference Data 1207

Construction 1208

To assess the contribution of our two key data con- 1209

struction components, we conduct an ablation study 1210

with two sets of variants. In the first set, we re- 1211

place balanced multi-dimensional sampling with 1212

random sampling (w/o BMDS) and perform fine- 1213
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Table 6: Evaluation results of different variants on
TRBenchBFCL.

Model W-Avg. Acc

Qwen3-4B-Instruct-2507 59.67
- GenRM on NormalPref 63.82 (+4.15)

- GenRM on ToolPref 66.85 (+7.18)
- DiscRM on NormalPref 67.88 (+8.21)

- DiscRM on ToolPref 77.61 (+17.94)

Qwen3-4B-Thinking-2507 57.59
- GenRM on NormalPref 63.19 (+5.60)

- GenRM on ToolPref 71.87 (+14.28)
- DiscRM on NormalPref 69.69 (+12.10)

- DiscRM on ToolPref 76.80 (+19.21)

grained ablations along three critical dimensions:1214

diversity of data sources (w/o DDS), coverage of1215

preference intensity (w/o CPI), and complexity1216

of tasks (w/o CT). In the second set, we remove1217

the unified evaluation criteria during training (w/o1218

EC). Models are trained using GRPO on Qwen3-1219

4B-Thinking-2507 with 30K pairwise preferences,1220

keeping all other settings fixed. As shown in Ta-1221

ble 5, removing either component significantly de-1222

grades performance. Each BMDS dimension con-1223

tributes to performance; diversity of data sources1224

and task complexity have larger effects than prefer-1225

ence intensity, underscoring the importance of both1226

diversity and contextual complexity for reward-1227

model training. Moreover, output length of models1228

decreases sharply without the evaluation criteria1229

(1,204→694), suggesting these criteria promote1230

more comprehensive reasoning during training.1231

G Ablation Studies on Model Training1232

Data Domain. We investigate the influence of1233

in-domain preference data on reward model per-1234

formance by conduct the following experiments:1235

(i) we randomly sample 30,000 instances from1236

Skywork-Reward-Preference-80K-v0.2 (Liu et al.,1237

2024a), a high-quality general preference dataset;1238

(ii) we make minimal modifications to ToolRM1239

prompt template (removing the original evaluation1240

criteria) and use it to perform RL training on the1241

baseline models in the same way as for previous1242

ToolRM; (iii) the trained models are then evaluated1243

on TRBenchBFCL where evaluation results are la-1244

beled with NormalPref in Table 6. According to1245

the results, models trained on high-quality normal1246

preference data do improve their judging perfor-1247

mance on pairwise classification tasks in the tool-1248

use domain. However, the in-domain preference1249

dataset delivers substantially larger gains over base1250

Table 7: Evaluation results of different variants on
ACEBench.

Model Acc

Qwen3-4B-Instruct-2507 63.4
- BoN-16 w/ ToolRM-Gen 66.6 (+3.2)

- BoN-16 w/ ToolRM-Disc 67.2 (+3.8)

- SC w/ ToolRM-Gen 74.8 (+11.4)

models, particularly when training from a think- 1251

version base model. 1252

Training Objective. Following Liu et al. 1253

(2024a), we further investigate the impact of 1254

ToolPref-Pairwise-30K on training discriminative 1255

reward models (DiscRM) using the Bradley–Terry 1256

(BT) objective. As shown in Table 6, the 1257

constructed dataset remains effective under BT 1258

objective and can further improve RM performance 1259

compared with the RL objective in pairwise prefer- 1260

ence classification tasks. This is consistent with our 1261

previous findings on the Skywork-Critic/Reward 1262

model series: when using the same base model and 1263

training data, DiscRM trained with a BT objective 1264

naturally produces more accurate relative scores 1265

than GenRM. We also observe that instruct-tuned 1266

base models, which produce more concise outputs, 1267

are better suited to train DiscRM with a BT 1268

objective for generating precise scores, whereas 1269

think-version models, which produce longer initial 1270

chain of thoughts and exhibit stronger exploration 1271

capability, are better suited for RL training to 1272

obtain GenRM with stronger analytical ability. 1273

As shown in Table 7, ToolRM-Disc yields larger 1274

gains when used to judge best-of-N sampling, 1275

whereas ToolRM-Gen is substantially more 1276

effective when used to provide self-correction 1277

feedback. In practice, each training objective has 1278

distinct strengths and should be chosen according 1279

to the application scenario: use GenRM when 1280

critique-style feedback and interpretability are 1281

required (e.g., self-correction), and use DiscRM 1282

when only accurate reward scoring is needed (e.g., 1283

RL training or BoN sampling). 1284

H The Balanced Multi-Dimensional 1285

Sampling Algorithm 1286

In this section, we detail the implementation of 1287

the BMDS strategy for efficient sampling. To 1288

discretize the distribution of preference intensi- 1289

ties Ipreference among data samples, we initialize 1290

a set of bins B = {b0, b1, . . . , bm} with fixed 1291
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intervals. In our experiments, we set: B =1292

{(0, 0.1], (0.1, 0.2], . . . , (0.9, 1]}. Each sample in1293

the candidate pairwise data pool Dpair-cand is as-1294

signed to the corresponding bin, indexed from 0 to1295

m, according to its preference intensity. We then1296

group the samples by a composite key (source,1297

bin_index) to ensure representation across differ-1298

ent data sources and varying preference intensities.1299

Within each group, samples are sorted in descend-1300

ing order of task complexity Scomplexity. Sampling1301

proceeds greedily: we first exhaustively select all1302

samples from the group with the fewest entries, and1303

then allocate the remaining quota as evenly as pos-1304

sible across the other bins. This yields a diverse,1305

well-balanced, and sufficiently challenging subset1306

of data. We present pseudocode of this strategy in1307

Algorithm 1.1308

I Example of Tool-Use Task Trajectory1309

During conversation order validation, we re-1310

tain only trajectories that satisfy the following1311

message-role transition rules: [system→user,1312

user→assistant, assistant→user/tool,1313

tool→assistant]. In this work, tool responses1314

are set into user messages for compatibility.1315

Figure 6 shows a format-aligned example from1316

BUTTON illustrating a tool-use task trajectory.1317

J Prompting Templates1318

We present the evaluator prompt templates for the1319

pairwise critique task used in both training and1320

inference. The think-mode and no-think-mode tem-1321

plates are shown in Figures 7 and 8, respectively.1322

Figure 9 shows the prompt template used by the1323

judge for the BoN sampling task, in which the N1324

sampled responses are inserted and labeled from1325

1 to N . Figures 10 and 11 show the prompt1326

templates used by critic and editor for the self-1327

correction task. Figure 12 presents the template of1328

the system prompt in each tool-use trajectory.1329

K Case Studies1330

Valid Cases Through representative valid cases,1331

we compare critiques from Claude 4 Sonnet1332

and ToolRM-Gen-Qwen3-4B-Thinking-2507 on1333

TRBenchBFCL test samples. In the case shown in1334

Figure 13, ToolRM accurately distinguishes cor-1335

rect from incorrect tool-call parameters without1336

inducing “overthinking” hallucinations when the1337

user query plausibly maps to multiple candidate pa-1338

rameters. Another case in Figure 14 further demon-1339

strates its tendency to ground analysis in contextual 1340

rationale rather than engage in speculative, diver- 1341

gent reasoning. Moreover, as shown in Figure 15, 1342

ToolRM adheres more closely to the evaluation 1343

criteria, preferring tool calls without redundant pa- 1344

rameters. Taken together, these behaviors enable 1345

ToolRM to deliver reliable critiques in tool-use sce- 1346

narios. 1347

Error Cases We also present representative error 1348

cases of ToolRM-Gen on TRBenchBFCL, as dis- 1349

cussed in Section 4.5. Figure 16 illustrates an error 1350

of type (i), where the model fails to reason cor- 1351

rectly given an underspecified tool parameter de- 1352

scription, while Figure 17 illustrates an error of 1353

type (ii), where the model fails to distinguish pri- 1354

mary errors from secondary ones. 1355
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Algorithm 1 Balanced Multi-Dimensional Sampling Strategy

Iutput: Data pool Dpair-cand, bin edges B, target sample size N
Output: A subset Dpair-sampled of diverse, balanced, and challenging samples

1: # Step 0: Check data sufficiency
2: if |Dpair-cand| < N then
3: raise InsufficientDataError
4: end if
5: # Step 1: Assign samples to bins
6: for each di ∈ Dpair-cand do
7: di.bin_idx← assign(di.Ipreference, B)
8: end for
9: # Step 2: Group by composite key

10: Initialize group dictionary G ← ∅
11: for each di ∈ Dpair-cand do
12: key ← (di.source, di.bin_idx)
13: G[key]← G[key] ∪ {di}
14: end for
15: # Step 3: Sort within each group by task complexity (descending)
16: for each group G ∈ G do
17: G← sort(G, key = Scomplexity, order=descending)
18: end for
19: # Step 4: Sort groups by size (ascending)
20: Gsorted ← sort(G.values(), key = |G|, order=ascending)
21: # Step 5: Greedy allocation
22: Initialize sampling quotas: Q← [0]× |Gsorted|
23: Nremaining ← N , k ← 0
24: while k < |Gsorted| and Nremaining > 0 do
25: m← |Gsorted| − k
26: navg ← ⌈Nremaining/m⌉
27: if |Gsorted[k]| ≤ navg then
28: Q[k]← |Gsorted[k]|
29: Nremaining ← Nremaining − |Gsorted[k]|
30: k ← k + 1
31: else
32: # Distribute remaining quota evenly
33: q ← ⌊Nremaining/m⌋
34: r ← Nremaining mod m
35: for i = k to |Gsorted| − 1 do
36: Q[i]← q
37: end for
38: for i = 0 to r − 1 do
39: Q[|Gsorted| − 1− i]← Q[|Gsorted| − 1− i] + 1
40: end for
41: break
42: end if
43: end while
44: # Step 6: Sample data based on quotas
45: Dpair-sampled ← ∅
46: for i = 0 to |Gsorted| − 1 do
47: Dpair-sampled ← Dpair-sampled ∪ Gsorted[i][: Q[i]]
48: end for
49: return Dpair-sampled
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{
"role": "system",
"content": "# Tools

You may call one or more functions to assist with the user query.
You are provided with function signatures within <tools></tools> XML tags:
<tools>
{"type": "function", "function": {"name": "get_items_by_color", "description": "Retrieve all items in the inventory filtered by a specified color.", 
"parameters": {"required": ["color", "date"], "type": "object", "properties": {"color": {"type": "string", "description": "The color of the items to be 
retrieved."}, "date": {"type": "string", "description": "The date for which the inventory is being checked, in YYYY-MM-DD format."}}}}}
{"type": "function", "function": {"name": "count_items", "description": "Count the number of items in a given list.", "parameters": {"required": 
["items"], "type": "object", "properties": {"items": {"type": "array", "description": "The list of items to be counted."}}}}}
</tools>

For each function call, return a json object with function name and arguments within <tool_call></tool_call> XML tags:
<tool_call>
{"name": <function-name>, "arguments": <args-json-object>}
</tool_call>"

},
{

"role": "user",
"content": "Hi, I need to count the red and blue items in the warehouse inventory today and compare their quantities. The warehouse inventory data              
should have information about item colors and quantities. Can you help me with this?"

},
{

"role": "assistant",
"content": "<think>
The user wants to count the red and blue items in the warehouse inventory today and compare their quantities. To accomplish this task, we need to:
1. Retrieve the total number of red items in the warehouse inventory today.
2. Retrieve the total number of blue items in the warehouse inventory today.
3. Compare the counts of red and blue items.
4. Provide the final answer based on the comparison.
We will start by retrieving and counting the red items first.
</think>
<tool_call>
{"name": "get_items_by_color", "arguments": {"color": "red", "date": "2023-10-05"}}
</tool_call>"

},
{

"role": "user",
"content": "<tool_response>
{"name": "get_items_by_color", "arguments": {"color": "red", "date": "2023-10-05"}, "results": {"items": [{"id": "001", "name": "Red T-shirt", 
"color": "red", "quantity": 50, "date_added": "2023-09-20"}, {"id": "002", "name": "Red Mug", "color": "red", "quantity": 120, "date_added": "2023-
10-01"}, {"id": "003", "name": "Red Hat", "color": "red", "quantity": 30, "date_added": "2023-09-29"}]}}
</tool_response>"

},
{

"role": "assistant",
"content": "<think>
The function `get_items_by_color` returned a list of red items along with their quantities for the date 2023-10-05. The items are:
- Red T-shirt: Quantity 50
- Red Mug: Quantity 120
- Red Hat: Quantity 30 We need to count the total quantity of these red items. We'll sum up the quantities of all the red items returned.
</think>
<tool_call>
{"name": "count_items", "arguments": {"items": [{"id": "001", "name": "Red T-shirt", "color": "red", "quantity": 50, "date_added": "2023-09-20"}, 
{"id": "002", "name": "Red Mug", "color": "red", "quantity": 120, "date_added": "2023-10-01"}, {"id": "003", "name": "Red Hat", "color": "red", 
"quantity": 30, "date_added": "2023-09-29"}]}}
</tool_call>"

},
{

"role": "user",
"content": "<tool_response>
{"name": "count_items", "arguments": {"items": [{"id": "001", "name": "Red T-shirt", "color": "red", "quantity": 50, "date_added": "2023-09-20"}, 
{"id": "002", "name": "Red Mug", "color": "red", "quantity": 120, "date_added": "2023-10-01"}, {"id": "003", "name": "Red Hat", "color": "red", 
"quantity": 30, "date_added": "2023-09-29"}]}, "results": {"count": 3}}
</tool_response>"

},
{

"role": "assistant",
"content": "<think>

The `count_items` function returned a count of 3 for the red items. However, the task requires summing the quantities of the items, not just counting 
the number of different items. We need to manually sum the quantities of the red items, as the `count_items` function didn't provide the total quantity 
but rather the count of item types. The quantities are 50, 120, and 30. The total quantity of red items is (50 + 120 + 30 = 200).
Next, we should retrieve and count the blue items in the warehouse inventory for today.
</think>
<tool_call>
{"name": "get_items_by_color", "arguments": {"color": "blue", "date": "2023-10-05"}}
</tool_call>”

}

A Tool-Call Trajectory from BUTTON

Figure 6: A format-aligned tool-use trajectory from BUTTON.
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Serve as an Evaluator for Pairwise Critique Task (No Think Mode)

<task>
You are an expert evaluator of AI assistant performance. Given a complete user-assistant conversation 
history and two generated assistant responses, you are to conduct a thorough, fact-based, and 
comprehensive comparison. Based on specific evidence from your evaluation, make a clear choice of 
which response is superior. There may be a list of tools available to the assisatnt. The assistant starts 
with one or more cycles of (thinking about which tool to use -> performing tool call -> waiting for tool 
response), and ends with (thinking about the answer -> answer of the question). The thinking processes, 
tool calls, tool responses, and answer are enclosed within their tags. There could be multiple thinking 
processes, tool calls, tool call parameters and tool response parameters.
</task>

<evaluation_criteria>
- Available tools must be fully and appropriately leveraged to meet the requirements.
- Tool call names must be valid, correct, and complete.
- Tool call arguments must be valid, correct, and complete.
- Fabrication, including the creation of information or knowledge not provided by the user, conflicting 
with user input, or not derived from the tools, must be penalized.
- Repetitive or unnecessary tool calls must be penalized.
- Excessive or unnecessary requests for user clarification beyond what is essential must be penalized.
</evaluation_criteria>

<conversation_history>
{chat_history}
</conversation_history>

<current_response_1>
{assistant_response_1}
</current_response_1>

<current_response_2>
{assistant_response_2}
</current_response_2>

Output your evaluation within <evaluation></evaluation> XML tags, and then enclose your choice 
(either '1' or '2') within <choice></choice> XML tags. Answer in the following format.
<evaluation>
{{your_evaluation}}
</evaluation>
<choice>
{{your_choice}}
</choice>

Serve as an Evaluator for Pairwise Critique Task (Think Mode)

<task>
You are an expert evaluator of AI assistant performance. Given a complete user-assistant conversation 
history and two generated assistant responses, you are to conduct a thorough, fact-based, and 
comprehensive comparison. Based on specific evidence from your evaluation, make a clear choice of 
which response is superior. There may be a list of tools available to the assisatnt. The assistant starts 
with one or more cycles of (thinking about which tool to use -> performing tool call -> waiting for tool 
response), and ends with (thinking about the answer -> answer of the question). The thinking processes, 
tool calls, tool responses, and answer are enclosed within their tags. There could be multiple thinking 
processes, tool calls, tool call parameters and tool response parameters.
</task>

<evaluation_criteria>
- Available tools must be fully and appropriately leveraged to meet the requirements.
- Tool call names must be valid, correct, and complete.
- Tool call arguments must be valid, correct, and complete.
- Fabrication, including the creation of information or knowledge not provided by the user, conflicting 
with user input, or not derived from the tools, must be penalized.
- Repetitive or unnecessary tool calls must be penalized.
- Excessive or unnecessary requests for user clarification beyond what is essential must be penalized.
</evaluation_criteria>

<conversation_history>
{chat_history}
</conversation_history>

<current_response_1>
{assistant_response_1}
</current_response_1>

<current_response_2>
{assistant_response_2}
</current_response_2>

Output your choice (either '1' or '2') within <choice></choice> XML tags. No explanations should 
precede or follow the choice. Answer in the following format.
<choice>
{{your_choice}}
</choice>

Figure 7: Evaluator prompt template of the pairwise critique task for reasoning LLMs.
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Serve as an Evaluator for Pairwise Critique Task (No Think Mode)

<task>
You are an expert evaluator of AI assistant performance. Given a complete user-assistant conversation 
history and two generated assistant responses, you are to conduct a thorough, fact-based, and 
comprehensive comparison. Based on specific evidence from your evaluation, make a clear choice of 
which response is superior. There may be a list of tools available to the assisatnt. The assistant starts 
with one or more cycles of (thinking about which tool to use -> performing tool call -> waiting for tool 
response), and ends with (thinking about the answer -> answer of the question). The thinking processes, 
tool calls, tool responses, and answer are enclosed within their tags. There could be multiple thinking 
processes, tool calls, tool call parameters and tool response parameters.
</task>

<evaluation_criteria>
- Available tools must be fully and appropriately leveraged to meet the requirements.
- Tool call names must be valid, correct, and complete.
- Tool call arguments must be valid, correct, and complete.
- Fabrication, including the creation of information or knowledge not provided by the user, conflicting 
with user input, or not derived from the tools, must be penalized.
- Repetitive or unnecessary tool calls must be penalized.
- Excessive or unnecessary requests for user clarification beyond what is essential must be penalized.
</evaluation_criteria>

<conversation_history>
{chat_history}
</conversation_history>

<current_response_1>
{assistant_response_1}
</current_response_1>

<current_response_2>
{assistant_response_2}
</current_response_2>

Output your evaluation within <evaluation></evaluation> XML tags, and then enclose your choice 
(either '1' or '2') within <choice></choice> XML tags. Answer in the following format.
<evaluation>
{{your_evaluation}}
</evaluation>
<choice>
{{your_choice}}
</choice>

Serve as an Evaluator for Pairwise Critique Task (Think Mode)

<task>
You are an expert evaluator of AI assistant performance. Given a complete user-assistant conversation 
history and two generated assistant responses, you are to conduct a thorough, fact-based, and 
comprehensive comparison. Based on specific evidence from your evaluation, make a clear choice of 
which response is superior. There may be a list of tools available to the assisatnt. The assistant starts 
with one or more cycles of (thinking about which tool to use -> performing tool call -> waiting for tool 
response), and ends with (thinking about the answer -> answer of the question). The thinking processes, 
tool calls, tool responses, and answer are enclosed within their tags. There could be multiple thinking 
processes, tool calls, tool call parameters and tool response parameters.
</task>

<evaluation_criteria>
- Available tools must be fully and appropriately leveraged to meet the requirements.
- Tool call names must be valid, correct, and complete.
- Tool call arguments must be valid, correct, and complete.
- Fabrication, including the creation of information or knowledge not provided by the user, conflicting 
with user input, or not derived from the tools, must be penalized.
- Repetitive or unnecessary tool calls must be penalized.
- Excessive or unnecessary requests for user clarification beyond what is essential must be penalized.
</evaluation_criteria>

<conversation_history>
{chat_history}
</conversation_history>

<current_response_1>
{assistant_response_1}
</current_response_1>

<current_response_2>
{assistant_response_2}
</current_response_2>

Output your choice (either '1' or '2') within <choice></choice> XML tags. No explanations should 
precede or follow the choice. Answer in the following format.
<choice>
{{your_choice}}
</choice>

Figure 8: Evaluator prompt template of the pairwise critique task for non-reasoning LLMs.
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Serve as a Critic for Self-Correction (Think Mode)

<task>
You are an expert evaluator of AI assistant performance. Given a complete user-assistant conversation 
history and a generated assistant response, you are to conduct a thorough, fact-based, and 
comprehensive evaluation. Based on specific evidence from your evaluation, provide a concise critique 
on how the current assistant response should be revised. If the response is entirely correct and requires 
no changes, output '[correct]' as your critique.
</task>

<evaluation_criteria>
- Available tools must be fully and appropriately leveraged to meet the requirements.
- Tool call names must be valid, correct, and complete.
- Tool call arguments must be valid, correct, and complete.
- Fabrication, including the creation of information or knowledge not provided by the user, conflicting 
with user input, or not derived from the tools, must be penalized.
- Repetitive or unnecessary tool calls must be penalized.
- Excessive or unnecessary requests for user clarification beyond what is essential must be penalized.
</evaluation_criteria>

<conversation_history>
{chat_history}
</conversation_history>

<current_response>
{assistant_response}
</current_response>

Output your final critique within <critique></critique> XML tags. No explanations should precede or 
follow the critique. Answer in the following format.
<critique>
{{your_critique}}
</critique>

Serve as A Judge for Best-of-N Sampling (Think Mode)

<task>
You are an expert evaluator of AI assistant performance. Given a complete user-assistant conversation 
history and {N} generated assistant responses, you are to conduct a thorough, fact-based, and 
comprehensive comparison. Based on specific evidence from your evaluation, make a clear choice of 
which response is superior. If multiple responses are identical and equally the best, select the one with 
the smallest number.
</task>

<evaluation_criteria>
- Available tools must be fully and appropriately leveraged to meet the requirements.
- Tool call names must be valid, correct, and complete.
- Tool call arguments must be valid, correct, and complete.
- Fabrication, including the creation of information or knowledge not provided by the user, conflicting 
with user input, or not derived from the tools, must be penalized.
- Repetitive or unnecessary tool calls must be penalized.
- Excessive or unnecessary requests for user clarification beyond what is essential must be penalized.
</evaluation_criteria>

<conversation_history>
{chat_history}
</conversation_history>

<current_response_1>
{assistant_response_1}
</current_response_1>

<current_response_2>
{assistant_response_2}
</current_response_2>
…
<current_response_{N}>
{assistant_response_N}
</current_response_{N}>

Output your choice (a number between 1 and {N}) within <choice></choice> XML tags. No 
explanations should precede or follow the choice. Answer in the following format.
<choice>
{{your_choice}}
</choice>

Serve as an Editor for Self-Correction (No Think Mode)

<task>
You are an expert editor of AI assistant response. Given a complete user-assistant conversation history, 
a generated assistant response, and a critique about how to improve it, your task is to produce the 
revised response.
</task>

<conversation_history>
{chat_history}
</conversation_history>

<current_response>
{assistant_response}
</current_response>

<critique>
{critique}
</critique>

Output the revised response within <revised_response></revised_response> XML tags. No 
explanations should precede or follow the response. Answer in the following format.
<revised_response>
{{revised_response}}
</revised_response>

Figure 9: Judge prompt template of the Best-of-N sampling task for reasoning LLMs.
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Serve as a Critic for Self-Correction (Think Mode)

<task>
You are an expert evaluator of AI assistant performance. Given a complete user-assistant conversation 
history and a generated assistant response, you are to conduct a thorough, fact-based, and 
comprehensive evaluation. Based on specific evidence from your evaluation, provide a concise critique 
on how the current assistant response should be revised. If the response is entirely correct and requires 
no changes, output '[correct]' as your critique.
</task>

<evaluation_criteria>
- Available tools must be fully and appropriately leveraged to meet the requirements.
- Tool call names must be valid, correct, and complete.
- Tool call arguments must be valid, correct, and complete.
- Fabrication, including the creation of information or knowledge not provided by the user, conflicting 
with user input, or not derived from the tools, must be penalized.
- Repetitive or unnecessary tool calls must be penalized.
- Excessive or unnecessary requests for user clarification beyond what is essential must be penalized.
</evaluation_criteria>

<conversation_history>
{chat_history}
</conversation_history>

<current_response>
{assistant_response}
</current_response>

Output your final critique within <critique></critique> XML tags. No explanations should precede or 
follow the critique. Answer in the following format.
<critique>
{{your_critique}}
</critique>

Serve as A Judge for Best-of-N Sampling (Think Mode)

<task>
You are an expert evaluator of AI assistant performance. Given a complete user-assistant conversation 
history and {N} generated assistant responses, you are to conduct a thorough, fact-based, and 
comprehensive comparison. Based on specific evidence from your evaluation, make a clear choice of 
which response is superior. If multiple responses are identical and equally the best, select the one with 
the smallest number.
</task>

<evaluation_criteria>
- Available tools must be fully and appropriately leveraged to meet the requirements.
- Tool call names must be valid, correct, and complete.
- Tool call arguments must be valid, correct, and complete.
- Fabrication, including the creation of information or knowledge not provided by the user, conflicting 
with user input, or not derived from the tools, must be penalized.
- Repetitive or unnecessary tool calls must be penalized.
- Excessive or unnecessary requests for user clarification beyond what is essential must be penalized.
</evaluation_criteria>

<conversation_history>
{chat_history}
</conversation_history>

<current_response_1>
{assistant_response_1}
</current_response_1>

<current_response_2>
{assistant_response_2}
</current_response_2>
…
<current_response_{N}>
{assistant_response_N}
</current_response_{N}>

Output your choice (a number between 1 and {N}) within <choice></choice> XML tags. No 
explanations should precede or follow the choice. Answer in the following format.
<choice>
{{your_choice}}
</choice>

Serve as an Editor for Self-Correction (No Think Mode)

<task>
You are an expert editor of AI assistant response. Given a complete user-assistant conversation history, 
a generated assistant response, and a critique about how to improve it, your task is to produce the 
revised response.
</task>

<conversation_history>
{chat_history}
</conversation_history>

<current_response>
{assistant_response}
</current_response>

<critique>
{critique}
</critique>

Output the revised response within <revised_response></revised_response> XML tags. No 
explanations should precede or follow the response. Answer in the following format.
<revised_response>
{{revised_response}}
</revised_response>

Figure 10: Critic prompt template of the self-correction task for reasoning LLMs.
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Serve as a Critic for Self-Correction (Think Mode)

<task>
You are an expert evaluator of AI assistant performance. Given a complete user-assistant conversation 
history and a generated assistant response, you are to conduct a thorough, fact-based, and 
comprehensive evaluation. Based on specific evidence from your evaluation, provide a concise critique 
on how the current assistant response should be revised. If the response is entirely correct and requires 
no changes, output '[correct]' as your critique.
</task>

<evaluation_criteria>
- Available tools must be fully and appropriately leveraged to meet the requirements.
- Tool call names must be valid, correct, and complete.
- Tool call arguments must be valid, correct, and complete.
- Fabrication, including the creation of information or knowledge not provided by the user, conflicting 
with user input, or not derived from the tools, must be penalized.
- Repetitive or unnecessary tool calls must be penalized.
- Excessive or unnecessary requests for user clarification beyond what is essential must be penalized.
</evaluation_criteria>

<conversation_history>
{chat_history}
</conversation_history>

<current_response>
{assistant_response}
</current_response>

Output your final critique within <critique></critique> XML tags. No explanations should precede or 
follow the critique. Answer in the following format.
<critique>
{{your_critique}}
</critique>

Serve as A Judge for Best-of-N Sampling (Think Mode)

<task>
You are an expert evaluator of AI assistant performance. Given a complete user-assistant conversation 
history and {N} generated assistant responses, you are to conduct a thorough, fact-based, and 
comprehensive comparison. Based on specific evidence from your evaluation, make a clear choice of 
which response is superior. If multiple responses are identical and equally the best, select the one with 
the smallest number.
</task>

<evaluation_criteria>
- Available tools must be fully and appropriately leveraged to meet the requirements.
- Tool call names must be valid, correct, and complete.
- Tool call arguments must be valid, correct, and complete.
- Fabrication, including the creation of information or knowledge not provided by the user, conflicting 
with user input, or not derived from the tools, must be penalized.
- Repetitive or unnecessary tool calls must be penalized.
- Excessive or unnecessary requests for user clarification beyond what is essential must be penalized.
</evaluation_criteria>

<conversation_history>
{chat_history}
</conversation_history>

<current_response_1>
{assistant_response_1}
</current_response_1>

<current_response_2>
{assistant_response_2}
</current_response_2>
…
<current_response_{N}>
{assistant_response_N}
</current_response_{N}>

Output your choice (a number between 1 and {N}) within <choice></choice> XML tags. No 
explanations should precede or follow the choice. Answer in the following format.
<choice>
{{your_choice}}
</choice>

Serve as an Editor for Self-Correction (No Think Mode)

<task>
You are an expert editor of AI assistant response. Given a complete user-assistant conversation history, 
a generated assistant response, and a critique about how to improve it, your task is to produce the 
revised response.
</task>

<conversation_history>
{chat_history}
</conversation_history>

<current_response>
{assistant_response}
</current_response>

<critique>
{critique}
</critique>

Output the revised response within <revised_response></revised_response> XML tags. No 
explanations should precede or follow the response. Answer in the following format.
<revised_response>
{{revised_response}}
</revised_response>

Figure 11: Editor prompt template of the self-correction task for non-reasoning LLMs.

Serve as an Evaluator for Pairwise Critique Task (No Think Mode)

<task>
You are an expert evaluator of AI assistant performance. Given a complete user-assistant conversation 
history and two generated assistant responses, you are to conduct a thorough, fact-based, and 
comprehensive comparison. Based on specific evidence from your evaluation, make a clear choice of 
which response is superior. There may be a list of tools available to the assisatnt. The assistant starts 
with one or more cycles of (thinking about which tool to use -> performing tool call -> waiting for tool 
response), and ends with (thinking about the answer -> answer of the question). The thinking processes, 
tool calls, tool responses, and answer are enclosed within their tags. There could be multiple thinking 
processes, tool calls, tool call parameters and tool response parameters.
</task>

<evaluation_criteria>
- Available tools must be fully and appropriately leveraged to meet the requirements.
- Tool call names must be valid, correct, and complete.
- Tool call arguments must be valid, correct, and complete.
- Fabrication, including the creation of information or knowledge not provided by the user, conflicting 
with user input, or not derived from the tools, must be penalized.
- Repetitive or unnecessary tool calls must be penalized.
- Excessive or unnecessary requests for user clarification beyond what is essential must be penalized.
</evaluation_criteria>

<conversation_history>
{chat_history}
</conversation_history>

<current_response_1>
{assistant_response_1}
</current_response_1>

<current_response_2>
{assistant_response_2}
</current_response_2>

Output your evaluation within <evaluation></evaluation> XML tags, and then enclose your choice 
(either '1' or '2') within <choice></choice> XML tags. Answer in the following format.
<evaluation>
{{your_evaluation}}
</evaluation>
<choice>
{{your_choice}}
</choice>

Serve as an Evaluator for Pairwise Critique Task (Think Mode)

<task>
You are an expert evaluator of AI assistant performance. Given a complete user-assistant conversation 
history and two generated assistant responses, you are to conduct a thorough, fact-based, and 
comprehensive comparison. Based on specific evidence from your evaluation, make a clear choice of 
which response is superior. There may be a list of tools available to the assisatnt. The assistant starts 
with one or more cycles of (thinking about which tool to use -> performing tool call -> waiting for tool 
response), and ends with (thinking about the answer -> answer of the question). The thinking processes, 
tool calls, tool responses, and answer are enclosed within their tags. There could be multiple thinking 
processes, tool calls, tool call parameters and tool response parameters.
</task>

<evaluation_criteria>
- Available tools must be fully and appropriately leveraged to meet the requirements.
- Tool call names must be valid, correct, and complete.
- Tool call arguments must be valid, correct, and complete.
- Fabrication, including the creation of information or knowledge not provided by the user, conflicting 
with user input, or not derived from the tools, must be penalized.
- Repetitive or unnecessary tool calls must be penalized.
- Excessive or unnecessary requests for user clarification beyond what is essential must be penalized.
</evaluation_criteria>

<conversation_history>
{chat_history}
</conversation_history>

<current_response_1>
{assistant_response_1}
</current_response_1>

<current_response_2>
{assistant_response_2}
</current_response_2>

Output your choice (either '1' or '2') within <choice></choice> XML tags. No explanations should 
precede or follow the choice. Answer in the following format.
<choice>
{{your_choice}}
</choice>

System Prompt in Tool-Use Trajectory

# Tools
You may call one or more functions to assist with the user query.
You are provided with function signatures within <tools></tools> XML tags:
<tools>
{tool_descs}
</tools>

For each function call, return a json object with function name and arguments within 
<tool_call></tool_call> XML tags:
<tool_call>
{{"name": <function-name>, "arguments": <args-json-object>}}
</tool_call>

# Agent Policy
{agent_policy}

Figure 12: System prompt template of the tool-use trajectory.
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A Case from TRBenchBFCL

…
<conversation_history>
[system]: # Tools …
<tools>
{"type": "function", "function": {"name": "add_mtnards_server", "description": "Registers a new MTNA Rich Data Services (RDS) server with the 
specified nickname and host within the environment, using the provided API key for authentication.", …}}}}

{"type": "function", "function": {"name": "list_servers", "description": "Retrieve a list of all the servers within the specified environment, optionally 
filtering by server type.", "parameters": {"type": "dict", "properties": {"server_type": {"type": "string", "description": "The type of servers to be listed. If 
not specified, all server types are included.", "enum": ["all", "graphql", "mtna", "openapi", "postgres", "rds", "sql"], "default": "all"}}, "required": []}}}
…
</tools>
…
[user]: Could you retrieve a list of all the MTNA Rich Data Services servers for me?
</conversation_history>

<current_response_1>
<tool_call>
{"name": "list_servers", "arguments": {"server_type": "mtna"}}
</tool_call>
</current_response_1>

Response from ToolRM Response from Claude-4-Sonnet

<think>
Okay, let's tackle this evaluation. So, the user is asking for a list of 
all MTNA Rich Data Services servers.
First, I need to check the available tools. The tools list has a 
function called list_servers which can take a server_type parameter. 
The possible server types include "mtna" as one of the options.
Looking at Response 1: They used list_servers with server_type
"mtna". That seems correct because the user is asking for MTNA 
Rich Data Services servers. MTNA probably stands for MTNA 
Rich Data Services, so the server_type should be "mtna".
Response 2: They used list_servers with server_type "rds". Wait, 
rds is another server type. The user is asking for MTNA servers, 
not RDS servers. So Response 2 is incorrect here. The tool 
parameter should be "mtna" to get MTNA servers, not "rds".
Also, checking the tools documentation: The list_servers function 
has a server_type enum that includes "mtna" and "rds" among 
others. So the correct server_type for MTNA Rich Data Services is 
"mtna".
Therefore, Response 1 is correct because it uses server_type "mtna", 
which matches the user's request. Response 2 uses "rds" which is 
wrong because the user is asking for MTNA servers, not RDS 
servers. So the superior response is Response 1.
</think>
<choice>
1
</choice>

Prompt of the Pairwise Critique Task

<think>
The user is asking for a list of all the MTNA Rich Data Services 
servers. 
Looking at the tools available, there's a `list_servers` function that can 
"Retrieve a list of all the servers within the specified environment, 
optionally filtering by server type."
The parameters show that `server_type` is an optional parameter with 
possible values: ["all", "graphql", "mtna", "openapi", "postgres", "rds", 
"sql"].
The user specifically asked for "MTNA Rich Data Services servers". 
Let me analyze this:
1. MTNA Rich Data Services - this seems to be a specific type of 
service
2. Looking at the `add_mtnards_server` function, it mentions 
"Registers a new MTNA Rich Data Services (RDS) server"
So MTNA Rich Data Services = RDS server type according to the 
function description.
Now let me look at the two responses:
Response 1: `{"name": "list_servers", "arguments": {"server_type": 
"mtna"}}`
Response 2: `{"name": "list_servers", "arguments": {"server_type": 
"rds"}}`
From the `add_mtnards_server` function description: "Registers a new 
MTNA Rich Data Services (RDS) server"
This clearly indicates that MTNA Rich Data Services servers are 
referred to as "rds" type servers in the system, not "mtna" type servers.
So Response 2 is correct - it uses "rds" as the server_type, which 
matches what the system calls MTNA Rich Data Services servers.
Response 1 uses "mtna" which doesn't appear to be the correct server 
type designation for MTNA Rich Data Services servers based on the 
function descriptions.
</think>
<choice>
2
</choice>

<current_response_2>
<tool_call>
{"name": "list_servers", "arguments": {"server_type": "rds"}}
</tool_call>
</current_response_2>

A Case from TRBenchBFCL

…
<conversation_history>
[system]: # Tools …
<tools>
{"type": "function", "function": {"name": "CustomDashboardsApi.get_custom_dashboards", "description": "Retrieves a list of custom dashboards that the 
user has access to, based on the provided query parameters.", "parameters": {"type": "dict", "required": ["query"], "properties": {"query": {"type": "string", 
"description": "A search query string to filter accessible dashboards. Supports logical operators and field-specific filtering."}, "pageSize": {"type": 
"integer", "description": "The number of dashboard entries to return per page.", "default": 10}, "page": {"type": "integer", "description": "The page number 
to retrieve, used for paginating through large sets of dashboard entries.", "default": 1}}}}}

{"type": "function", "function": {"name": "CustomDashboardsApi.get_custom_dashboard", "description": "Retrieve the details of a custom dashboard by 
its unique identifier.", "parameters": {"type": "dict", "required": ["customDashboardId"], "properties": {"customDashboardId": {"type": "string", 
"description": "The unique identifier of the custom dashboard to retrieve."}}}}}
…
</tools>
…
[user]: Get the dashboard for "dashing".
</conversation_history>

Response from ToolRM Response from Claude-4-Sonnet
<think>
Okay, let's tackle this evaluation. So, the user wants to get the 
dashboard for "dashing". The available tools are three functions: 
add_custom_dashboard, get_custom_dashboards, and 
get_custom_dashboard.
First, looking at the conversation history, the user's query is "Get 
the dashboard for 'dashing'". The assistant needs to use the tools 
correctly.
Looking at Response 1: They used get_custom_dashboards with 
query "dashing". That seems right because the 
get_custom_dashboards function takes a query parameter to find 
dashboards. The parameters are correct here.
Response 2: They used get_custom_dashboard with 
customDashboardId "dashing". Wait, the get_custom_dashboard
function requires a customDashboardId, which is a unique 
identifier. But the user's query is "Get the dashboard for 'dashing'", 
which might mean they want a dashboard named "dashing" or 
with a title containing "dashing". However, the tool 
get_custom_dashboard needs a specific ID, not a name. The 
problem is that the user didn't provide an ID, so the assistant can't 
know the ID beforehand. Therefore, using get_custom_dashboard
with ID "dashing" might be incorrect because the ID is a unique 
identifier, not the dashboard name. The correct approach would 
be to first use get_custom_dashboards to find the dashboard by 
name (query "dashing") and then get its ID to use in 
get_custom_dashboard. But in this case, the user's request is to get 
the dashboard for "dashing", so maybe they mean a dashboard 
named "dashing".
Wait, the tools description says for get_custom_dashboards, the 
query parameter is a search string. So Response 1 is correct 
because they're searching for dashboards with query "dashing". 
Response 2 is trying to get a dashboard by ID "dashing", but the 
ID is a unique identifier that isn't necessarily the same as the name. 
Since the user said "dashboard for 'dashing'", it's more likely they 
want a dashboard whose name is "dashing" or contains "dashing". 
So the correct tool here is get_custom_dashboards with query 
"dashing" (Response 1). Response 2 is using 
get_custom_dashboard with an ID that's probably not valid 
because the ID is a unique identifier, not a name. The tool 
get_custom_dashboard requires a specific ID, which the user 
didn't provide. So Response 2 is incorrect because they're 
assuming "dashing" is a valid ID, but the tool's parameters need a 
real ID. Therefore, Response 1 is superior.
</think>
<choice>
1
</choice>

Prompt of the Pairwise Critique Task

<think>
Let me analyze both responses based on the evaluation criteria.
The user is asking: "Get the dashboard for 'dashing'."
I need to evaluate which tool call is more appropriate.
Response 1 uses: `CustomDashboardsApi.get_custom_dashboards` 
with arguments `{"query": "dashing"}`
Response 2 uses: `CustomDashboardsApi.get_custom_dashboard` 
with arguments `{"customDashboardId": "dashing"}`
Let me look at the function signatures:
1. `CustomDashboardsApi.get_custom_dashboards`:

- Description: "Retrieves a list of custom dashboards that the user 
has access to, based on the provided query parameters."

- Required parameters: ["query"]
- This function searches for dashboards using a query string

2. `CustomDashboardsApi.get_custom_dashboard`:
- Description: "Retrieve the details of a custom dashboard by its 

unique identifier."
- Required parameters: ["customDashboardId"] 
- This function retrieves a specific dashboard by its ID

Now, the user said "Get the dashboard for 'dashing'". The key 
question is: is "dashing" a dashboard ID or a search term?
From the context, it's ambiguous. "Dashing" could be:
1. The unique identifier of a specific dashboard
2. A name or part of a name to search for
However, looking at the function descriptions:
- `get_custom_dashboard` is for retrieving a specific dashboard by 
its unique identifier
- `get_custom_dashboards` is for searching/filtering dashboards
The user said "Get THE dashboard for 'dashing'" - the use of "THE" 
suggests they're looking for a specific dashboard, not searching for 
multiple dashboards.
If "dashing" is indeed the dashboard ID, then Response 2 would be 
correct.
If "dashing" is a search term or dashboard name (not ID), then 
Response 1 would be correct.
The singular phrasing "the dashboard" implies a specific, unique 
dashboard. This strongly points to using the 
`get_custom_dashboard` method with "dashing" as the identifier.
I'll prioritize the most precise interpretation based on the user's 
language, which suggests a direct retrieval of a specific dashboard.
The approach balances efficiency and user intent, targeting a direct 
dashboard fetch while maintaining flexibility if the identifier proves 
invalid.
The definite article implies a precise dashboard selection, making 
the direct retrieval method most aligned with the user's expectation. 
Searching becomes a secondary strategy if direct identification fails.
</think>
<choice>
2
</choice>

<current_response_2>
<tool_call>
{"name": "CustomDashboardsApi.get_custom_dashboard", 
"arguments": {"customDashboardId": "dashing"}}
</tool_call>
</current_response_2>

<current_response_1>
<tool_call>
{"name": "CustomDashboardsApi.get_custom_dashboards", 
"arguments": {"query": "dashing"}}
</tool_call>
</current_response_1>

A Case from TRBenchBFCL

…
<conversation_history>
[system]: # Tools …
<tools>
{"type": "function", "function": {"name": "get_shortest_driving_distance", "description": "Calculate the shortest driving distance between two locations.", 
"parameters": {"type": "dict", "properties": {"origin": {"type": "string", "description": "Starting point of the journey."}, "destination": {"type": "string", 
"description": "End point of the journey."}, "unit": {"type": "string", "description": "Preferred unit of distance (optional, default is kilometers)."}}, 
"required": ["origin", "destination"]}}}
…
</tools>
…
[user]: Get the dashboard for "dashing".
</conversation_history>

Response from ToolRM Response from Claude-4-Sonnet
<think>
Okay, let's tackle this evaluation. So, the user wants the shortest 
driving distance between New York City and Washington D.C. 
The available tools include get_shortest_driving_distance, which 
requires origin and destination. The other parameters have a unit 
option, defaulting to kilometers.

Looking at Response 1: They called the function with origin and 
destination, no unit specified. That's correct because the tool's 
parameters say unit is optional with default kilometers. So that's 
valid.

Response 2: They added "unit": "miles". The tool's description 
says the unit is optional with default kilometers. So specifying 
miles is okay, but does the tool accept that? The tool's parameters 
say unit is optional, so it's valid. However, the user's query doesn't 
specify a unit, so the assistant should probably use the default. 
The tool's description says the default is kilometers, so maybe the 
assistant shouldn't change it unless needed. Since the user didn't 
ask for miles, Response 2 is adding an unnecessary parameter. 
That would be a redundancy. The evaluation criteria say to avoid 
unnecessary tool calls or parameters. So Response 2 has an extra 
parameter that's not needed, which is a drawback. Therefore, 
Response 1 is better because it doesn't add unnecessary info. The 
tool's parameters say unit is optional, but since the user didn't 
specify, the default is fine. So the superior response is Response 1.
</think>
<choice>
1
</choice>

Prompt of the Pairwise Critique Task

<think>
Let me analyze these two responses based on the evaluation criteria:
1. **Available tools must be fully and appropriately leveraged to 
meet the requirements.**
Both responses use the correct tool `get_shortest_driving_distance` 
which is appropriate for finding the shortest driving distance 
between two locations.
2. **Tool call names must be valid, correct, and complete.**
Both responses use the correct function name 
"get_shortest_driving_distance".
3. **Tool call arguments must be valid, correct, and complete.**
Let me check the function signature:
```
"parameters": {"type": "dict", "properties": {"origin": {"type": 
"string", "description": "Starting point of the journey."}, 
"destination": {"type": "string", "description": "End point of the 
journey."}, "unit": {"type": "string", "description": "Preferred unit of 
distance (optional, default is kilometers)."}}, "required": ["origin", 
"destination"]}
```
Response 1 arguments:
- "origin": "New York City" ✓
- "destination": "Washington D.C." ✓
- Missing "unit" parameter (but it's optional)

Response 2 arguments:
- "origin": "New York City" ✓
- "destination": "Washington D.C." ✓
- "unit": "miles" ✓

Both responses provide the required parameters. Response 2 also 
includes the optional "unit" parameter.
…
The key difference is that Response 2 includes the "unit" parameter 
set to "miles". Since the user asked for the distance between two US 
cities (New York City and Washington D.C.), it would be more 
natural and user-friendly to provide the result in miles rather than 
the default kilometers. While the "unit" parameter is optional, 
specifying "miles" would likely give a more useful result for 
someone asking about distances between US cities.

Response 2 demonstrates enhanced user-centricity by selecting miles 
as the distance unit, which aligns more naturally with US geographic 
conventions and user expectations.
</think>
<choice>
2
</choice>

<current_response_2>
<tool_call>
{"name": "get_shortest_driving_distance", "arguments": {"origin": 
"New York City", "destination": "Washington D.C.", "unit": "miles"}}
</tool_call>
</current_response_2>

<current_response_1>
<tool_call>
{"name": "get_shortest_driving_distance", "arguments": {"origin": 
"New York City", "destination": "Washington D.C."}}
</tool_call>
</current_response_1>

Figure 13: Valid case 1 from TRBenchBFCL, featuring responses from ToolRM-Gen and Claude 4 Sonnet.
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A Case from TRBenchBFCL

…
<conversation_history>
[system]: # Tools …
<tools>
{"type": "function", "function": {"name": "add_mtnards_server", "description": "Registers a new MTNA Rich Data Services (RDS) server with the 
specified nickname and host within the environment, using the provided API key for authentication.", …}}}}

{"type": "function", "function": {"name": "list_servers", "description": "Retrieve a list of all the servers within the specified environment, optionally 
filtering by server type.", "parameters": {"type": "dict", "properties": {"server_type": {"type": "string", "description": "The type of servers to be listed. If 
not specified, all server types are included.", "enum": ["all", "graphql", "mtna", "openapi", "postgres", "rds", "sql"], "default": "all"}}, "required": []}}}
…
</tools>
…
[user]: Could you retrieve a list of all the MTNA Rich Data Services servers for me?
</conversation_history>

<current_response_1>
<tool_call>
{"name": "list_servers", "arguments": {"server_type": "mtna"}}
</tool_call>
</current_response_1>

Response from ToolRM Response from Claude-4-Sonnet

<think>
Okay, let's tackle this evaluation. So, the user is asking for a list of 
all MTNA Rich Data Services servers.
First, I need to check the available tools. The tools list has a 
function called list_servers which can take a server_type parameter. 
The possible server types include "mtna" as one of the options.
Looking at Response 1: They used list_servers with server_type
"mtna". That seems correct because the user is asking for MTNA 
Rich Data Services servers. MTNA probably stands for MTNA 
Rich Data Services, so the server_type should be "mtna".
Response 2: They used list_servers with server_type "rds". Wait, 
rds is another server type. The user is asking for MTNA servers, 
not RDS servers. So Response 2 is incorrect here. The tool 
parameter should be "mtna" to get MTNA servers, not "rds".
Also, checking the tools documentation: The list_servers function 
has a server_type enum that includes "mtna" and "rds" among 
others. So the correct server_type for MTNA Rich Data Services is 
"mtna".
Therefore, Response 1 is correct because it uses server_type "mtna", 
which matches the user's request. Response 2 uses "rds" which is 
wrong because the user is asking for MTNA servers, not RDS 
servers. So the superior response is Response 1.
</think>
<choice>
1
</choice>

Prompt of the Pairwise Critique Task

<think>
The user is asking for a list of all the MTNA Rich Data Services 
servers. 
Looking at the tools available, there's a `list_servers` function that can 
"Retrieve a list of all the servers within the specified environment, 
optionally filtering by server type."
The parameters show that `server_type` is an optional parameter with 
possible values: ["all", "graphql", "mtna", "openapi", "postgres", "rds", 
"sql"].
The user specifically asked for "MTNA Rich Data Services servers". 
Let me analyze this:
1. MTNA Rich Data Services - this seems to be a specific type of 
service
2. Looking at the `add_mtnards_server` function, it mentions 
"Registers a new MTNA Rich Data Services (RDS) server"
So MTNA Rich Data Services = RDS server type according to the 
function description.
Now let me look at the two responses:
Response 1: `{"name": "list_servers", "arguments": {"server_type": 
"mtna"}}`
Response 2: `{"name": "list_servers", "arguments": {"server_type": 
"rds"}}`
From the `add_mtnards_server` function description: "Registers a new 
MTNA Rich Data Services (RDS) server"
This clearly indicates that MTNA Rich Data Services servers are 
referred to as "rds" type servers in the system, not "mtna" type servers.
So Response 2 is correct - it uses "rds" as the server_type, which 
matches what the system calls MTNA Rich Data Services servers.
Response 1 uses "mtna" which doesn't appear to be the correct server 
type designation for MTNA Rich Data Services servers based on the 
function descriptions.
</think>
<choice>
2
</choice>

<current_response_2>
<tool_call>
{"name": "list_servers", "arguments": {"server_type": "rds"}}
</tool_call>
</current_response_2>

A Case from TRBenchBFCL

…
<conversation_history>
[system]: # Tools …
<tools>
{"type": "function", "function": {"name": "CustomDashboardsApi.get_custom_dashboards", "description": "Retrieves a list of custom dashboards that the 
user has access to, based on the provided query parameters.", "parameters": {"type": "dict", "required": ["query"], "properties": {"query": {"type": "string", 
"description": "A search query string to filter accessible dashboards. Supports logical operators and field-specific filtering."}, "pageSize": {"type": 
"integer", "description": "The number of dashboard entries to return per page.", "default": 10}, "page": {"type": "integer", "description": "The page number 
to retrieve, used for paginating through large sets of dashboard entries.", "default": 1}}}}}

{"type": "function", "function": {"name": "CustomDashboardsApi.get_custom_dashboard", "description": "Retrieve the details of a custom dashboard by 
its unique identifier.", "parameters": {"type": "dict", "required": ["customDashboardId"], "properties": {"customDashboardId": {"type": "string", 
"description": "The unique identifier of the custom dashboard to retrieve."}}}}}
…
</tools>
…
[user]: Get the dashboard for "dashing".
</conversation_history>

Response from ToolRM Response from Claude-4-Sonnet
<think>
Okay, let's tackle this evaluation. So, the user wants to get the 
dashboard for "dashing". The available tools are three functions: 
add_custom_dashboard, get_custom_dashboards, and 
get_custom_dashboard.
First, looking at the conversation history, the user's query is "Get 
the dashboard for 'dashing'". The assistant needs to use the tools 
correctly.
Looking at Response 1: They used get_custom_dashboards with 
query "dashing". That seems right because the 
get_custom_dashboards function takes a query parameter to find 
dashboards. The parameters are correct here.
Response 2: They used get_custom_dashboard with 
customDashboardId "dashing". Wait, the get_custom_dashboard
function requires a customDashboardId, which is a unique 
identifier. But the user's query is "Get the dashboard for 'dashing'", 
which might mean they want a dashboard named "dashing" or 
with a title containing "dashing". However, the tool 
get_custom_dashboard needs a specific ID, not a name. The 
problem is that the user didn't provide an ID, so the assistant can't 
know the ID beforehand. Therefore, using get_custom_dashboard
with ID "dashing" might be incorrect because the ID is a unique 
identifier, not the dashboard name. The correct approach would 
be to first use get_custom_dashboards to find the dashboard by 
name (query "dashing") and then get its ID to use in 
get_custom_dashboard. But in this case, the user's request is to get 
the dashboard for "dashing", so maybe they mean a dashboard 
named "dashing".
Wait, the tools description says for get_custom_dashboards, the 
query parameter is a search string. So Response 1 is correct 
because they're searching for dashboards with query "dashing". 
Response 2 is trying to get a dashboard by ID "dashing", but the 
ID is a unique identifier that isn't necessarily the same as the name. 
Since the user said "dashboard for 'dashing'", it's more likely they 
want a dashboard whose name is "dashing" or contains "dashing". 
So the correct tool here is get_custom_dashboards with query 
"dashing" (Response 1). Response 2 is using 
get_custom_dashboard with an ID that's probably not valid 
because the ID is a unique identifier, not a name. The tool 
get_custom_dashboard requires a specific ID, which the user 
didn't provide. So Response 2 is incorrect because they're 
assuming "dashing" is a valid ID, but the tool's parameters need a 
real ID. Therefore, Response 1 is superior.
</think>
<choice>
1
</choice>

Prompt of the Pairwise Critique Task

<think>
Let me analyze both responses based on the evaluation criteria.
The user is asking: "Get the dashboard for 'dashing'."
I need to evaluate which tool call is more appropriate.
Response 1 uses: `CustomDashboardsApi.get_custom_dashboards` 
with arguments `{"query": "dashing"}`
Response 2 uses: `CustomDashboardsApi.get_custom_dashboard` 
with arguments `{"customDashboardId": "dashing"}`
Let me look at the function signatures:
1. `CustomDashboardsApi.get_custom_dashboards`:

- Description: "Retrieves a list of custom dashboards that the user 
has access to, based on the provided query parameters."

- Required parameters: ["query"]
- This function searches for dashboards using a query string

2. `CustomDashboardsApi.get_custom_dashboard`:
- Description: "Retrieve the details of a custom dashboard by its 

unique identifier."
- Required parameters: ["customDashboardId"] 
- This function retrieves a specific dashboard by its ID

Now, the user said "Get the dashboard for 'dashing'". The key 
question is: is "dashing" a dashboard ID or a search term?
From the context, it's ambiguous. "Dashing" could be:
1. The unique identifier of a specific dashboard
2. A name or part of a name to search for
However, looking at the function descriptions:
- `get_custom_dashboard` is for retrieving a specific dashboard by 
its unique identifier
- `get_custom_dashboards` is for searching/filtering dashboards
The user said "Get THE dashboard for 'dashing'" - the use of "THE" 
suggests they're looking for a specific dashboard, not searching for 
multiple dashboards.
If "dashing" is indeed the dashboard ID, then Response 2 would be 
correct.
If "dashing" is a search term or dashboard name (not ID), then 
Response 1 would be correct.
The singular phrasing "the dashboard" implies a specific, unique 
dashboard. This strongly points to using the 
`get_custom_dashboard` method with "dashing" as the identifier.
I'll prioritize the most precise interpretation based on the user's 
language, which suggests a direct retrieval of a specific dashboard.
The approach balances efficiency and user intent, targeting a direct 
dashboard fetch while maintaining flexibility if the identifier proves 
invalid.
The definite article implies a precise dashboard selection, making 
the direct retrieval method most aligned with the user's expectation. 
Searching becomes a secondary strategy if direct identification fails.
</think>
<choice>
2
</choice>

<current_response_2>
<tool_call>
{"name": "CustomDashboardsApi.get_custom_dashboard", 
"arguments": {"customDashboardId": "dashing"}}
</tool_call>
</current_response_2>

<current_response_1>
<tool_call>
{"name": "CustomDashboardsApi.get_custom_dashboards", 
"arguments": {"query": "dashing"}}
</tool_call>
</current_response_1>

A Case from TRBenchBFCL

…
<conversation_history>
[system]: # Tools …
<tools>
{"type": "function", "function": {"name": "get_shortest_driving_distance", "description": "Calculate the shortest driving distance between two locations.", 
"parameters": {"type": "dict", "properties": {"origin": {"type": "string", "description": "Starting point of the journey."}, "destination": {"type": "string", 
"description": "End point of the journey."}, "unit": {"type": "string", "description": "Preferred unit of distance (optional, default is kilometers)."}}, 
"required": ["origin", "destination"]}}}
…
</tools>
…
[user]: Get the dashboard for "dashing".
</conversation_history>

Response from ToolRM Response from Claude-4-Sonnet
<think>
Okay, let's tackle this evaluation. So, the user wants the shortest 
driving distance between New York City and Washington D.C. 
The available tools include get_shortest_driving_distance, which 
requires origin and destination. The other parameters have a unit 
option, defaulting to kilometers.

Looking at Response 1: They called the function with origin and 
destination, no unit specified. That's correct because the tool's 
parameters say unit is optional with default kilometers. So that's 
valid.

Response 2: They added "unit": "miles". The tool's description 
says the unit is optional with default kilometers. So specifying 
miles is okay, but does the tool accept that? The tool's parameters 
say unit is optional, so it's valid. However, the user's query doesn't 
specify a unit, so the assistant should probably use the default. 
The tool's description says the default is kilometers, so maybe the 
assistant shouldn't change it unless needed. Since the user didn't 
ask for miles, Response 2 is adding an unnecessary parameter. 
That would be a redundancy. The evaluation criteria say to avoid 
unnecessary tool calls or parameters. So Response 2 has an extra 
parameter that's not needed, which is a drawback. Therefore, 
Response 1 is better because it doesn't add unnecessary info. The 
tool's parameters say unit is optional, but since the user didn't 
specify, the default is fine. So the superior response is Response 1.
</think>
<choice>
1
</choice>

Prompt of the Pairwise Critique Task

<think>
Let me analyze these two responses based on the evaluation criteria:
1. **Available tools must be fully and appropriately leveraged to 
meet the requirements.**
Both responses use the correct tool `get_shortest_driving_distance` 
which is appropriate for finding the shortest driving distance 
between two locations.
2. **Tool call names must be valid, correct, and complete.**
Both responses use the correct function name 
"get_shortest_driving_distance".
3. **Tool call arguments must be valid, correct, and complete.**
Let me check the function signature:
```
"parameters": {"type": "dict", "properties": {"origin": {"type": 
"string", "description": "Starting point of the journey."}, 
"destination": {"type": "string", "description": "End point of the 
journey."}, "unit": {"type": "string", "description": "Preferred unit of 
distance (optional, default is kilometers)."}}, "required": ["origin", 
"destination"]}
```
Response 1 arguments:
- "origin": "New York City" ✓
- "destination": "Washington D.C." ✓
- Missing "unit" parameter (but it's optional)

Response 2 arguments:
- "origin": "New York City" ✓
- "destination": "Washington D.C." ✓
- "unit": "miles" ✓

Both responses provide the required parameters. Response 2 also 
includes the optional "unit" parameter.
…
The key difference is that Response 2 includes the "unit" parameter 
set to "miles". Since the user asked for the distance between two US 
cities (New York City and Washington D.C.), it would be more 
natural and user-friendly to provide the result in miles rather than 
the default kilometers. While the "unit" parameter is optional, 
specifying "miles" would likely give a more useful result for 
someone asking about distances between US cities.

Response 2 demonstrates enhanced user-centricity by selecting miles 
as the distance unit, which aligns more naturally with US geographic 
conventions and user expectations.
</think>
<choice>
2
</choice>

<current_response_2>
<tool_call>
{"name": "get_shortest_driving_distance", "arguments": {"origin": 
"New York City", "destination": "Washington D.C.", "unit": "miles"}}
</tool_call>
</current_response_2>

<current_response_1>
<tool_call>
{"name": "get_shortest_driving_distance", "arguments": {"origin": 
"New York City", "destination": "Washington D.C."}}
</tool_call>
</current_response_1>

Figure 14: Valid case 2 from TRBenchBFCL, featuring responses from ToolRM-Gen and Claude 4 Sonnet.
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A Case from TRBenchBFCL

…
<conversation_history>
[system]: # Tools …
<tools>
{"type": "function", "function": {"name": "add_mtnards_server", "description": "Registers a new MTNA Rich Data Services (RDS) server with the 
specified nickname and host within the environment, using the provided API key for authentication.", …}}}}

{"type": "function", "function": {"name": "list_servers", "description": "Retrieve a list of all the servers within the specified environment, optionally 
filtering by server type.", "parameters": {"type": "dict", "properties": {"server_type": {"type": "string", "description": "The type of servers to be listed. If 
not specified, all server types are included.", "enum": ["all", "graphql", "mtna", "openapi", "postgres", "rds", "sql"], "default": "all"}}, "required": []}}}
…
</tools>
…
[user]: Could you retrieve a list of all the MTNA Rich Data Services servers for me?
</conversation_history>

<current_response_1>
<tool_call>
{"name": "list_servers", "arguments": {"server_type": "mtna"}}
</tool_call>
</current_response_1>

Response from ToolRM Response from Claude-4-Sonnet

<think>
Okay, let's tackle this evaluation. So, the user is asking for a list of 
all MTNA Rich Data Services servers.
First, I need to check the available tools. The tools list has a 
function called list_servers which can take a server_type parameter. 
The possible server types include "mtna" as one of the options.
Looking at Response 1: They used list_servers with server_type
"mtna". That seems correct because the user is asking for MTNA 
Rich Data Services servers. MTNA probably stands for MTNA 
Rich Data Services, so the server_type should be "mtna".
Response 2: They used list_servers with server_type "rds". Wait, 
rds is another server type. The user is asking for MTNA servers, 
not RDS servers. So Response 2 is incorrect here. The tool 
parameter should be "mtna" to get MTNA servers, not "rds".
Also, checking the tools documentation: The list_servers function 
has a server_type enum that includes "mtna" and "rds" among 
others. So the correct server_type for MTNA Rich Data Services is 
"mtna".
Therefore, Response 1 is correct because it uses server_type "mtna", 
which matches the user's request. Response 2 uses "rds" which is 
wrong because the user is asking for MTNA servers, not RDS 
servers. So the superior response is Response 1.
</think>
<choice>
1
</choice>

Prompt of the Pairwise Critique Task

<think>
The user is asking for a list of all the MTNA Rich Data Services 
servers. 
Looking at the tools available, there's a `list_servers` function that can 
"Retrieve a list of all the servers within the specified environment, 
optionally filtering by server type."
The parameters show that `server_type` is an optional parameter with 
possible values: ["all", "graphql", "mtna", "openapi", "postgres", "rds", 
"sql"].
The user specifically asked for "MTNA Rich Data Services servers". 
Let me analyze this:
1. MTNA Rich Data Services - this seems to be a specific type of 
service
2. Looking at the `add_mtnards_server` function, it mentions 
"Registers a new MTNA Rich Data Services (RDS) server"
So MTNA Rich Data Services = RDS server type according to the 
function description.
Now let me look at the two responses:
Response 1: `{"name": "list_servers", "arguments": {"server_type": 
"mtna"}}`
Response 2: `{"name": "list_servers", "arguments": {"server_type": 
"rds"}}`
From the `add_mtnards_server` function description: "Registers a new 
MTNA Rich Data Services (RDS) server"
This clearly indicates that MTNA Rich Data Services servers are 
referred to as "rds" type servers in the system, not "mtna" type servers.
So Response 2 is correct - it uses "rds" as the server_type, which 
matches what the system calls MTNA Rich Data Services servers.
Response 1 uses "mtna" which doesn't appear to be the correct server 
type designation for MTNA Rich Data Services servers based on the 
function descriptions.
</think>
<choice>
2
</choice>

<current_response_2>
<tool_call>
{"name": "list_servers", "arguments": {"server_type": "rds"}}
</tool_call>
</current_response_2>

A Case from TRBenchBFCL

…
<conversation_history>
[system]: # Tools …
<tools>
{"type": "function", "function": {"name": "CustomDashboardsApi.get_custom_dashboards", "description": "Retrieves a list of custom dashboards that the 
user has access to, based on the provided query parameters.", "parameters": {"type": "dict", "required": ["query"], "properties": {"query": {"type": "string", 
"description": "A search query string to filter accessible dashboards. Supports logical operators and field-specific filtering."}, "pageSize": {"type": 
"integer", "description": "The number of dashboard entries to return per page.", "default": 10}, "page": {"type": "integer", "description": "The page number 
to retrieve, used for paginating through large sets of dashboard entries.", "default": 1}}}}}

{"type": "function", "function": {"name": "CustomDashboardsApi.get_custom_dashboard", "description": "Retrieve the details of a custom dashboard by 
its unique identifier.", "parameters": {"type": "dict", "required": ["customDashboardId"], "properties": {"customDashboardId": {"type": "string", 
"description": "The unique identifier of the custom dashboard to retrieve."}}}}}
…
</tools>
…
[user]: Get the dashboard for "dashing".
</conversation_history>

Response from ToolRM Response from Claude-4-Sonnet
<think>
Okay, let's tackle this evaluation. So, the user wants to get the 
dashboard for "dashing". The available tools are three functions: 
add_custom_dashboard, get_custom_dashboards, and 
get_custom_dashboard.
First, looking at the conversation history, the user's query is "Get 
the dashboard for 'dashing'". The assistant needs to use the tools 
correctly.
Looking at Response 1: They used get_custom_dashboards with 
query "dashing". That seems right because the 
get_custom_dashboards function takes a query parameter to find 
dashboards. The parameters are correct here.
Response 2: They used get_custom_dashboard with 
customDashboardId "dashing". Wait, the get_custom_dashboard
function requires a customDashboardId, which is a unique 
identifier. But the user's query is "Get the dashboard for 'dashing'", 
which might mean they want a dashboard named "dashing" or 
with a title containing "dashing". However, the tool 
get_custom_dashboard needs a specific ID, not a name. The 
problem is that the user didn't provide an ID, so the assistant can't 
know the ID beforehand. Therefore, using get_custom_dashboard
with ID "dashing" might be incorrect because the ID is a unique 
identifier, not the dashboard name. The correct approach would 
be to first use get_custom_dashboards to find the dashboard by 
name (query "dashing") and then get its ID to use in 
get_custom_dashboard. But in this case, the user's request is to get 
the dashboard for "dashing", so maybe they mean a dashboard 
named "dashing".
Wait, the tools description says for get_custom_dashboards, the 
query parameter is a search string. So Response 1 is correct 
because they're searching for dashboards with query "dashing". 
Response 2 is trying to get a dashboard by ID "dashing", but the 
ID is a unique identifier that isn't necessarily the same as the name. 
Since the user said "dashboard for 'dashing'", it's more likely they 
want a dashboard whose name is "dashing" or contains "dashing". 
So the correct tool here is get_custom_dashboards with query 
"dashing" (Response 1). Response 2 is using 
get_custom_dashboard with an ID that's probably not valid 
because the ID is a unique identifier, not a name. The tool 
get_custom_dashboard requires a specific ID, which the user 
didn't provide. So Response 2 is incorrect because they're 
assuming "dashing" is a valid ID, but the tool's parameters need a 
real ID. Therefore, Response 1 is superior.
</think>
<choice>
1
</choice>

Prompt of the Pairwise Critique Task

<think>
Let me analyze both responses based on the evaluation criteria.
The user is asking: "Get the dashboard for 'dashing'."
I need to evaluate which tool call is more appropriate.
Response 1 uses: `CustomDashboardsApi.get_custom_dashboards` 
with arguments `{"query": "dashing"}`
Response 2 uses: `CustomDashboardsApi.get_custom_dashboard` 
with arguments `{"customDashboardId": "dashing"}`
Let me look at the function signatures:
1. `CustomDashboardsApi.get_custom_dashboards`:

- Description: "Retrieves a list of custom dashboards that the user 
has access to, based on the provided query parameters."

- Required parameters: ["query"]
- This function searches for dashboards using a query string

2. `CustomDashboardsApi.get_custom_dashboard`:
- Description: "Retrieve the details of a custom dashboard by its 

unique identifier."
- Required parameters: ["customDashboardId"] 
- This function retrieves a specific dashboard by its ID

Now, the user said "Get the dashboard for 'dashing'". The key 
question is: is "dashing" a dashboard ID or a search term?
From the context, it's ambiguous. "Dashing" could be:
1. The unique identifier of a specific dashboard
2. A name or part of a name to search for
However, looking at the function descriptions:
- `get_custom_dashboard` is for retrieving a specific dashboard by 
its unique identifier
- `get_custom_dashboards` is for searching/filtering dashboards
The user said "Get THE dashboard for 'dashing'" - the use of "THE" 
suggests they're looking for a specific dashboard, not searching for 
multiple dashboards.
If "dashing" is indeed the dashboard ID, then Response 2 would be 
correct.
If "dashing" is a search term or dashboard name (not ID), then 
Response 1 would be correct.
The singular phrasing "the dashboard" implies a specific, unique 
dashboard. This strongly points to using the 
`get_custom_dashboard` method with "dashing" as the identifier.
I'll prioritize the most precise interpretation based on the user's 
language, which suggests a direct retrieval of a specific dashboard.
The approach balances efficiency and user intent, targeting a direct 
dashboard fetch while maintaining flexibility if the identifier proves 
invalid.
The definite article implies a precise dashboard selection, making 
the direct retrieval method most aligned with the user's expectation. 
Searching becomes a secondary strategy if direct identification fails.
</think>
<choice>
2
</choice>

<current_response_2>
<tool_call>
{"name": "CustomDashboardsApi.get_custom_dashboard", 
"arguments": {"customDashboardId": "dashing"}}
</tool_call>
</current_response_2>

<current_response_1>
<tool_call>
{"name": "CustomDashboardsApi.get_custom_dashboards", 
"arguments": {"query": "dashing"}}
</tool_call>
</current_response_1>

A Case from TRBenchBFCL

…
<conversation_history>
[system]: # Tools …
<tools>
{"type": "function", "function": {"name": "get_shortest_driving_distance", "description": "Calculate the shortest driving distance between two locations.", 
"parameters": {"type": "dict", "properties": {"origin": {"type": "string", "description": "Starting point of the journey."}, "destination": {"type": "string", 
"description": "End point of the journey."}, "unit": {"type": "string", "description": "Preferred unit of distance (optional, default is kilometers)."}}, 
"required": ["origin", "destination"]}}}
…
</tools>
…
[user]: Find the shortest driving distance between New York City and Washington D.C.
</conversation_history>

Response from ToolRM Response from Claude-4-Sonnet
<think>
Okay, let's tackle this evaluation. So, the user wants the shortest 
driving distance between New York City and Washington D.C. 
The available tools include get_shortest_driving_distance, which 
requires origin and destination. The other parameters have a unit 
option, defaulting to kilometers.

Looking at Response 1: They called the function with origin and 
destination, no unit specified. That's correct because the tool's 
parameters say unit is optional with default kilometers. So that's 
valid.

Response 2: They added "unit": "miles". The tool's description 
says the unit is optional with default kilometers. So specifying 
miles is okay, but does the tool accept that? The tool's parameters 
say unit is optional, so it's valid. However, the user's query doesn't 
specify a unit, so the assistant should probably use the default. 
The tool's description says the default is kilometers, so maybe the 
assistant shouldn't change it unless needed. Since the user didn't 
ask for miles, Response 2 is adding an unnecessary parameter. 
That would be a redundancy. The evaluation criteria say to avoid 
unnecessary tool calls or parameters. So Response 2 has an extra 
parameter that's not needed, which is a drawback. Therefore, 
Response 1 is better because it doesn't add unnecessary info. The 
tool's parameters say unit is optional, but since the user didn't 
specify, the default is fine. So the superior response is Response 1.
</think>
<choice>
1
</choice>

Prompt of the Pairwise Critique Task

<think>
Let me analyze these two responses based on the evaluation criteria:
1. **Available tools must be fully and appropriately leveraged to 
meet the requirements.**
Both responses use the correct tool `get_shortest_driving_distance` 
which is appropriate for finding the shortest driving distance 
between two locations.
2. **Tool call names must be valid, correct, and complete.**
Both responses use the correct function name 
"get_shortest_driving_distance".
3. **Tool call arguments must be valid, correct, and complete.**
Let me check the function signature:
```
"parameters": {"type": "dict", "properties": {"origin": {"type": 
"string", "description": "Starting point of the journey."}, 
"destination": {"type": "string", "description": "End point of the 
journey."}, "unit": {"type": "string", "description": "Preferred unit 
of distance (optional, default is kilometers)."}}, "required": 
["origin", "destination"]}
```
Response 1 arguments:
- "origin": "New York City" ✓
- "destination": "Washington D.C." ✓
- Missing "unit" parameter (but it's optional)

Response 2 arguments:
- "origin": "New York City" ✓
- "destination": "Washington D.C." ✓
- "unit": "miles" ✓
Both responses provide the required parameters. Response 2 also 
includes the optional "unit" parameter.
4. **Fabrication, including the creation of information or 
knowledge not provided by the user, conflicting with user input, or 
not derived from the tools, must be penalized.**
Neither response fabricates information. Both are making 
appropriate tool calls.
5. **Repetitive or unnecessary tool calls must be penalized.**
Neither response makes repetitive or unnecessary calls.
6. **Excessive or unnecessary requests for user clarification beyond 
what is essential must be penalized.**
Neither response requests clarification.
The key difference is that Response 2 includes the "unit" parameter 
set to "miles". Since the user asked for the distance between two US 
cities (New York City and Washington D.C.), it would be more 
natural and user-friendly to provide the result in miles rather than 
the default kilometers. While the "unit" parameter is optional, 
specifying "miles" would likely give a more useful result for 
someone asking about distances between US cities.
Response 2 demonstrates enhanced user-centricity by selecting miles 
as the distance unit, which aligns more naturally with US 
geographic conventions and user expectations.
</think>
<choice>
2
</choice>

<current_response_2>
<tool_call>
{"name": "get_shortest_driving_distance", "arguments": {"origin": 
"New York City", "destination": "Washington D.C.", "unit": "miles"}}
</tool_call>
</current_response_2>

<current_response_1>
<tool_call>
{"name": "get_shortest_driving_distance", "arguments": {"origin": 
"New York City", "destination": "Washington D.C."}}
</tool_call>
</current_response_1>

Figure 15: Valid case 3 from TRBenchBFCL, featuring responses from ToolRM-Gen and Claude 4 Sonnet.
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A Case from TRBenchBFCL

…
<conversation_history>
[system]: # Tools …
<tools>
{"type": "function", "function": {"name": "send_message", "description": "Sends a message to a human user, supporting a full range of Unicode characters, 
including emojis.", "parameters": {"type": "dict", "properties": {"message": {"type": "string", "description": "The content of the message to be sent. 
Supports Unicode characters such as text and emojis."}, "recipient": {"type": "string", "description": "The identifier of the recipient. …", "default": 
"default@example.com"}, … , "required": ["message"]}}}

{"type": "function", "function": {"name": "recall_memory_search", "description": "Searches the prior conversation history for occurrences of a specified 
string and returns paginated results.", "parameters": {"type": "dict", "required": ["query"], "properties": {"query": {"type": "string", "description": "The 
search string to locate within the conversation history."}, "page": {"type": "integer", "description": "Specifies the page number of results to retrieve, where 
0 represents the first page.", "default": 0}, "request_heartbeat": {"type": "boolean", "description": "When set to true, triggers an immediate heartbeat post 
function execution to facilitate follow-up actions.", "default": false}}}}}
…
</tools>
[user]: Could you please find out when Shishir's birthday is from our previous conversations and then congratulate him by sending a 'Happy 
Birthday!' message regardless?
</conversation_history> Response from ToolRM

<think>
Okay, let's tackle this evaluation …
Wait, the tool recall_memory_search will return the birthday date, but 
the assistant then sends the message regardless. So maybe the 
send_message is done without waiting for the tool response? But 
according to the process, the assistant does tool call -> wait for response 
-> then next step. So Response 1 has two tool calls: first 
recall_memory_search, then send_message. That's correct. 
But the key is that the recall_memory_search must be done with the 
correct query. Since the user said "Shishir's birthday", Response 2's 
query is more precise. So Response 2 is superior …
Given that, I think Response 2 is better because the query is more 
precise. So the choice is 2.
</think>
<choice>
2
</choice>

Prompt of the Pairwise Critique Task

<current_response_2>
<tool_call>
{"name": "recall_memory_search", "arguments": {"query": 
"Shishir's birthday", "page": 0, "request_heartbeat": false}}
</tool_call>
</current_response_2>

<current_response_1>
<tool_call>
{"name": "recall_memory_search", "arguments": {"query": "Shishir 
Birthday"}}
</tool_call>
<tool_call>
{"name": "send_message", "arguments": {"message": "Happy 
Birthday!", "recipient": "Shishir"}}
</tool_call>
</current_response_1>

A Case from TRBenchBFCL

…
<conversation_history>
[system]: # Tools …
<tools>
{"type": "function", "function": {"name": "SyntheticSettingsApi.get_synthetic_locations", "description": "Retrieve a list of all synthetic locations available for 
monitoring. The response can be sorted, filtered, and paginated to obtain the desired subset of locations.", "parameters": {"type": "dict", "required": ["limit"], 
"properties": {"sort": {"type": "string", "description": "...", "enum": ["asc", "desc"], "default": "asc"}, "offset": {"type": "integer", "description": "…", 
"default": 0}, "limit": {"type": "integer", "description": "The maximum number of results to return. Must be a positive integer to limit the response size."}, 
"filter": {"type": "string", "description": "A filter string to apply to the results, such as filtering by location name or type.", "default": ""}}}}}
…
</tools>
[user]: Can you retrieve a list of all synthetic locations available for monitoring and filter the results for locations named 'alpha', 'beta', and 
'gamma', with a limit of 20 results?
</conversation_history> Response from ToolRM<think>

Okay, let's tackle this evaluation. So, the user wants a list of all synthetic 
locations filtered for 'alpha', 'beta', 'gamma' with a limit of 20 …
Therefore, Response 2 is better because its filter is simpler and more likely to 
be correctly interpreted by the tool. Also, the tool's description says "filter 
string to apply", so a comma-separated list of names is a common way to 
filter. 
Also, check the tool's parameters: the filter parameter is a string. The user's 
request is to filter for locations named 'alpha', 'beta', and 'gamma'. So the 
filter should be those names. Response 2's filter is "alpha,beta,gamma", which 
is correct. Response 1's filter is "name IN ('alpha', 'beta', 'gamma')", which 
might be invalid because the tool might not understand that syntax. 
So the superior response is Response 2.
</think>
<choice>
2
</choice>

Prompt of the Pairwise Critique Task

<current_response_2>
<tool_call>
{"name": "SyntheticSettingsApi.get_synthetic_locations", 
"arguments": {"sort": "asc", "offset": 0, "limit": 20, "filter": 
"alpha,beta,gamma"}}
</tool_call>
</current_response_2>

<current_response_1>
<tool_call>
{"name": "SyntheticSettingsApi.get_synthetic_locations", 
"arguments": {"limit": 20, "filter": "name IN ('alpha', 'beta', 
'gamma')"}}
</tool_call>
</current_response_1>

Figure 16: Error case 1 from TRBenchBFCL, featuring responses from ToolRM-Gen.

A Case from TRBenchBFCL

…
<conversation_history>
[system]: # Tools …
<tools>
{"type": "function", "function": {"name": "send_message", "description": "Sends a message to a human user, supporting a full range of Unicode characters, 
including emojis.", "parameters": {"type": "dict", "properties": {"message": {"type": "string", "description": "The content of the message to be sent. 
Supports Unicode characters such as text and emojis."}, "recipient": {"type": "string", "description": "The identifier of the recipient. …", "default": 
"default@example.com"}, … , "required": ["message"]}}}

{"type": "function", "function": {"name": "recall_memory_search", "description": "Searches the prior conversation history for occurrences of a specified 
string and returns paginated results.", "parameters": {"type": "dict", "required": ["query"], "properties": {"query": {"type": "string", "description": "The 
search string to locate within the conversation history."}, "page": {"type": "integer", "description": "Specifies the page number of results to retrieve, where 
0 represents the first page.", "default": 0}, "request_heartbeat": {"type": "boolean", "description": "When set to true, triggers an immediate heartbeat post 
function execution to facilitate follow-up actions.", "default": false}}}}}
…
</tools>
[user]: Could you please find out when Shishir's birthday is from our previous conversations and then congratulate him by sending a 'Happy 
Birthday!' message regardless?
</conversation_history> Response from ToolRM

<think>
Okay, let's tackle this evaluation …
Wait, the tool recall_memory_search will return the birthday date, but 
the assistant then sends the message regardless. So maybe the 
send_message is done without waiting for the tool response? But 
according to the process, the assistant does tool call -> wait for response 
-> then next step. So Response 1 has two tool calls: first 
recall_memory_search, then send_message. That's correct. 
But the key is that the recall_memory_search must be done with the 
correct query. Since the user said "Shishir's birthday", Response 2's 
query is more precise. So Response 2 is superior …
Given that, I think Response 2 is better because the query is more 
precise. So the choice is 2.
</think>
<choice>
2
</choice>

Prompt of the Pairwise Critique Task

<current_response_2>
<tool_call>
{"name": "recall_memory_search", "arguments": {"query": 
"Shishir's birthday", "page": 0, "request_heartbeat": false}}
</tool_call>
</current_response_2>

<current_response_1>
<tool_call>
{"name": "recall_memory_search", "arguments": {"query": "Shishir 
Birthday"}}
</tool_call>
<tool_call>
{"name": "send_message", "arguments": {"message": "Happy 
Birthday!", "recipient": "Shishir"}}
</tool_call>
</current_response_1>

A Case from TRBenchBFCL

…
<conversation_history>
[system]: # Tools …
<tools>
{"type": "function", "function": {"name": "SyntheticSettingsApi.get_synthetic_locations", "description": "Retrieve a list of all synthetic locations available for 
monitoring. The response can be sorted, filtered, and paginated to obtain the desired subset of locations.", "parameters": {"type": "dict", "required": ["limit"], 
"properties": {"sort": {"type": "string", "description": "...", "enum": ["asc", "desc"], "default": "asc"}, "offset": {"type": "integer", "description": "…", 
"default": 0}, "limit": {"type": "integer", "description": "The maximum number of results to return. Must be a positive integer to limit the response size."}, 
"filter": {"type": "string", "description": "A filter string to apply to the results, such as filtering by location name or type.", "default": ""}}}}}
…
</tools>
[user]: Can you retrieve a list of all synthetic locations available for monitoring and filter the results for locations named 'alpha', 'beta', and 
'gamma', with a limit of 20 results?
</conversation_history> Response from ToolRM<think>

Okay, let's tackle this evaluation. So, the user wants a list of all synthetic 
locations filtered for 'alpha', 'beta', 'gamma' with a limit of 20 …
Therefore, Response 2 is better because its filter is simpler and more likely to 
be correctly interpreted by the tool. Also, the tool's description says "filter 
string to apply", so a comma-separated list of names is a common way to 
filter. 
Also, check the tool's parameters: the filter parameter is a string. The user's 
request is to filter for locations named 'alpha', 'beta', and 'gamma'. So the 
filter should be those names. Response 2's filter is "alpha,beta,gamma", which 
is correct. Response 1's filter is "name IN ('alpha', 'beta', 'gamma')", which 
might be invalid because the tool might not understand that syntax. 
So the superior response is Response 2.
</think>
<choice>
2
</choice>

Prompt of the Pairwise Critique Task

<current_response_2>
<tool_call>
{"name": "SyntheticSettingsApi.get_synthetic_locations", 
"arguments": {"sort": "asc", "offset": 0, "limit": 20, "filter": 
"alpha,beta,gamma"}}
</tool_call>
</current_response_2>

<current_response_1>
<tool_call>
{"name": "SyntheticSettingsApi.get_synthetic_locations", 
"arguments": {"limit": 20, "filter": "name IN ('alpha', 'beta', 
'gamma')"}}
</tool_call>
</current_response_1>

Figure 17: Error case 2 from TRBenchBFCL, featuring responses from ToolRM-Gen.
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