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Abstract

Large language models (LLMs) augmented with external tools have demonstrated1

remarkable capability in solving complex real-world tasks. However, existing ap-2

proaches suffer from two key challenges: brittle multi-step and multi-turn reasoning3

caused by incompatible tool output types and API schemas, and performance degra-4

dation under large tool catalogues. To address these, we introduce Tool Primitives,5

a design that replaces rigid API schema-based invocation with natural language as6

the interface for tool calling, where each tool is wrapped with an LLM interface7

that handles schema resolution and execution internally, enabling natural inter-tool8

communication for nested and multi-turn tool calling. Building on Tool Primitives,9

we host ToolFace, a centralized repository of 25,519 functions from which LLMs10

dynamically retrieve only the relevant tools at inference time, eliminating the need11

to enumerate raw API schemas in context. To orchestrate Tool Primitives and12

ToolFace reliably in complex settings, we further propose HEART, a Harness13

Engineering framework via Agent-native, Reusable Tool Primitives, comprising a14

Planner, Router, and Verifier that jointly support dynamic tool invocation planning,15

multi-step execution, and feedback-driven recovery.16

Experiments on five benchmarks demonstrate that HEART outperforms SFT-based17

models by 10% on average and surpasses GPT-5.4, Claude-4.6-Sonnet, and Gemini-18

3.1-Pro by 6% on average while reducing API cost by up to 85%. On 50 real-world19

tasks, HEART achieves 84% task completion, 3.8× the average of three frontier20

commercial models (22%).21

1 Introduction22

Large Language Models (LLMs) with external tools and APIs has significantly enhanced the capa-23

bility to solve complex real-world tasks [1, 2]. To equip LLMs with tool-use capabilities, existing24

approaches broadly fall into two paradigms: training-free methods that elicit tool invocation through25

prompting and in-context demonstrations [3, 4], and fine-tuning-based methods that train models on26

curated tool-use trajectories via supervised fine-tuning (SFT) and preference optimization [5, 6, 7].27

The latter have driven substantial improvements in structured function calling, with models increas-28

ingly evaluated on standardized benchmarks such as BFCLv4 [8].29

Despite rapid progress, existing LLM tool-use methods remain brittle in complex multi-step and30

multi-turn reasoning. When tool invocations involve dependent steps, models often fail to correctly31

map outputs from one tool into the expected input schema of the next, since tools expose heteroge-32

neous APIs and return diverse output formats. This issue becomes even more severe in multi-turn33

interactions, where relevant context progressively degrades as histories grow longer. Existing bench-34

marks confirm these limitations: on nested API call benchmarks such as NESTFUL [9], even the35

strongest models achieve only 28% full-sequence match accuracy, while on multi-turn benchmarks36
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such as τ2-Bench [10], performance drops substantially as interaction depth increases. This raises a37

natural question: instead of requiring models to speak the language of APIs, can tools be made38

to speak the language of models? We answer affirmatively with Tool Primitives, which replace39

rigid schema-based invocation with natural language interfaces for tool calling. Rather than requiring40

models to memorize exact parameter types and API schemas, each tool is wrapped with an LLM41

interface that handles schema resolution and execution internally. Models therefore interact with42

tools through natural language, making inter-tool communication more uniform and enabling nested43

tool calling and multi-turn information acquisition without explicit schema knowledge.44

Second, a large tool catalogue degrades performance. Tool invocation is typically conditioned on a45

large catalogue of candidate tools provided in the input context; as the number of available tools grows,46

model performance degrades substantially. Recent evaluations show accuracy drops of 7%-85% as47

tool catalogue size scales from 8K to 120K tokens [11, 12], and this problem is further amplified48

in real-world settings such as ToolBench [2], which encompasses over 16,000 real-world APIs.49

Motivated by this, we argue that models need not know the full tool catalogue upfront and tools50

should instead be retrieved on demand at inference time. Inspired by Agent Skills [13] and Agent51

Primitives [14], both of which package instructions, metadata, and resources into modular reusable52

capability blocks, we treat tools analogously and introduce ToolFace, a large-scale tool repository53

containing 25,519 functions each paired with a structured schema and an executable implementation,54

where each function is further wrapped as a Tool Primitive to enable natural language interaction.55

When calling tools, LLMs dynamically search and retrieve only the relevant tools from ToolFace at56

inference time, directly avoiding the performance degradation caused by large tool catalogues.57

To make Tool Primitives and ToolFace practical for real-world deployment, we introduce HEART, a58

Harness Engineering via Agent-native, Reusable Tool Primitive. We design a multi-agent system59

(MAS) comprising a Planner that decomposes user queries into an invocation plan (or requests60

clarification when context is insufficient) and a Router that performs parameter mapping to bind61

function arguments and hyperparameters according to user queries before dispatching calls to the62

corresponding Tool Primitives. Tool Primitives further execute the tools and return results. We also63

employ a Verifier that evaluates each execution result against four criteria: task completion, argument64

consistency, execution validity, and constraint satisfaction. When verification fails, feedback is65

returned to the Planner for re-planning, enabling iterative recovery instead of one-shot execution.66

Extensive experiments on five benchmarks spanning large-scale real-world API invocation across67

single- and multi-tool scenarios (ToolBench [2]), nested API call sequences (NESTFUL [9]), dual-68

control conversational agent evaluation (τ2-Bench [10]), robustness and fine-grained tool-use evalua-69

tion (ACEBench [15]) and agentic web search and memory function calling (BFCLv4 [8]), demon-70

strate that HEART consistently outperforms SFT-based models by 10% on average and surpasses71

three commercial models, including GPT-5.4, Claude-4.6-Sonnet, and Gemini-3.1-Pro, by 6% on72

average while reducing token cost by up to 85%. Furthermore, we curate 50 real-world tasks on73

which HEART achieves 84% task completion and demonstrates robustness against prompt injection74

attacks, reducing attack success rate to 0.0%. Our main contributions are as follows:75

• We design Tool Primitives, a natural language interface that encapsulates schema resolution and76

execution within each tool, enabling nested and multi-turn tool calling without requiring explicit77

API schema knowledge. We further introduce ToolFace, a repository of 25,519 functions wrapped78

as Tool Primitives, enabling dynamic tool retrieval at inference time.79

• We introduce HEART, a harness engineering framework for LLM tool use realized through a80

multi-agent system comprising a five-stage pipeline—Planning, Routing, Tools, Execution, and81

Verification—to jointly address key limitations of existing LLM tool-use approaches.82

• Experiments on five benchmarks show HEART outperforms SFT-based models by 10% and three83

commercial models by 6% on average, while reducing token cost by up to 85%. On 50 real-world84

tasks, HEART achieves 84% task completion, 3.8× the average of three frontier commercial85

models (22%).86

2 Related Work87

Tool-Use LLMs. Prior work falls into two complementary axes: tool coverage and execution88

complexity. Early approaches to tool invocation remain confined to simple, stateless execution. For89

example, Hammer [5] focuses on efficient on-device deployment but operates within a single-turn90
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regime where tools are invoked once and immediately resolved. Moving beyond isolated calls,91

MAGNET [16] synthesizes multi-turn trajectories via graph translation, using local dependency92

graphs and node operations (Insert, Merge, Split) to generate training data covering nested function93

compositions, long-range cross-turn dependencies, and missing-parameter scenarios. ToolACE [6]94

and the xLAM series [17] move beyond isolated single-turn queries, curating multi-turn conversational95

datasets that capture extended back-and-forth interactions between users and agents. While these96

efforts progressively advance from single-turn invocation toward sustained multi-turn execution, they97

share a common limitation: they lack explicit, structured mechanisms for planning, routing, and98

verifying complex tool execution paths, leaving robust multi-step composition an open challenge.99

Benchmarks for Tool Use Evaluation. Evaluating LLM tool use spans several dimensions. BF-100

CLv4 [8] evaluates structured function calling across diverse APIs, while StableToolBench [18]101

improves ToolBench [2] by replacing unstable live APIs with deterministic virtual servers. Nexus-102

Raven [19] focuses on schema-compliant JSON generation, API-Bank [20] studies tool-augmented103

dialogue scenarios, and API-BLEND [21] evaluates compositional planning across heterogeneous104

APIs. NESTFUL [9] further targets nested API call sequences, showing that even GPT-4o achieves105

only 28% full-sequence match accuracy. For interactive and multi-turn settings, τ -Bench [22] and106

τ2-Bench [10] evaluate agents under rule-constrained conversational environments, while Ham-107

merBench [23], ACEBench [15], and ToolSandbox [24] extend evaluation to mobile applications,108

complex multi-tool workflows, and stateful execution settings. While these benchmarks cover diverse109

tool-use scenarios, they primarily evaluate task completion under fixed tool environments.110

Key Differences. Aforementioned methods typically expose tools directly to the model as raw111

schemas within the input context, whether through prompting-based invocation or fine-tuning on112

static tool-use trajectories. This tightly couples tool storage, representation, and invocation, leading113

to the challenges discussed earlier. HEART departs from this paradigm in three ways. First, HEART114

introduces Tool Primitives, which provide tools with natural language interfaces instead of exposing115

raw API schemas directly to the model. Second, HEART hosts ToolFace, enabling retrieval of only116

relevant Tool Primitives at inference time rather than loading large tool catalogues into context.117

Third, HEART formulates tool use as a multi-agent process with planning, routing, execution, and118

verification stages, enabling iterative reasoning, multi-turn interaction, and recovery from failures.119

3 Methodology120

3.1 Overview121

The core of HEART lies in two key innovations: ToolFace, a centralized tool repository that decouples122

tool storage from the model’s input context, and Tool Primitives, LLM-wrapped interfaces that123

enable natural language invocation and inter-tool communication without requiring knowledge of raw124

API schemas. To make these two components work reliably in complex settings, we further introduce125

other supporting functions. An overview of HEART is shown in Fig. 1.126

3.2 ToolFace and Tool Primitives127

Tool Primitives. A Tool Primitive is an LLM-based wrapper that encapsulates a single tool from128

ToolFace, serving as its agent-native interface within the HEART pipeline. Rather than exposing raw129

API schemas directly to the calling model, each Tool Primitive accepts natural language invocation130

requests, internally resolves the corresponding schema from ToolFace, executes the underlying131

function, and returns a structured result.132

Formally, let T = {(si, fi)}Ni=1 denote the ToolFace repository of N schema–function pairs, where133

si specifies the interface of tool i and fi is its executable implementation. All Tool Primitives have a134

single base LLMM, conditioned on different schemas at inference time. A Tool Primitive Pi is:135

Pi(x; c) =M
(
[si; c; x]

)
, (1)

where x is the natural language request issued by the upstream caller, c is optional context (e.g., a136

prior primitive’s result), [·] denotes prompt concatenation, and c is left empty when no context is137

present. Upon receiving x and c, Pi interprets the request, maps it to the argument space defined by138

si, invokes fi with the resolved arguments, and returns the execution result ri.139
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Figure 1: Overview of HEART. Planner performs intent analysis and checks for information suffi-
ciency, soliciting missing details from the user if needed. Once sufficient context is gathered, the
Router maps parameters and dispatches invocations to the corresponding Tool Primitives stored in
ToolFace. Each Tool Primitive executes the underlying function and returns results to the Verifier,
which evaluates task completion, argument consistency, execution validity, and constraint satisfaction.
If verification fails, structured feedback is returned to the Planner for re-planning.

ToolFace. To decouple tools from the LLM’s input and enable on-demand retrieval at inference140

time, we build ToolFace as a centralized tool registry. It stores tools as structured schema–function141

pairs: we manually author each schema to capture the tool’s interface, including parameter types,142

constraints, and return specifications, and pair it with the corresponding executable implementation.143

To build it, we collect 25,519 tools in total: 16,464 live APIs spanning 49 functional categories from144

ToolBench [2]; 40 mathematical reasoning tools and 4,348 coding tools from NESTFUL [9]; 68 tools145

across retail, airline, and telecom domains from τ2-Bench [10]; 4,538 bilingual APIs spanning 8146

major domains and 68 sub-categories (including technology, finance, entertainment, and healthcare)147

from ACEBench [15]; 2 web search and 5 memory tools from BFCLv4 [8]; and 54 manually crafted148

tools to support human-like interactions such as form filling, button clicking, and webpage analysis.149

3.3 Harness Engineering via Agent-Native Reusable Tool Primitives150

To make ToolFace and Tool Primitives work reliably in complex settings, we adopt harness engi-151

neering, realized through a multi-agent system with collaborative agents covering the full invocation152

lifecycle: a Planner for intent analysis and information sufficiency checking, a Router for parameter153

mapping and tool dispatch, and a Verifier for execution evaluation and feedback-driven recovery. We154

summarize their formal interfaces below; complete role specifications are provided in Appendix A,155

and prompts for each agent are listed in Appendix D.156

Planner. The Planner decomposes the user query q into a structured intent and assesses whether the157

current context Ct is sufficient to construct an invocation plan:158

δt = PLANNER(q, Ct) ∈ {sufficient, insufficient}. (2)

If δt = insufficient, a targeted clarification request is returned to the user; otherwise, the Planner159

emits an invocation plan Π = (π1, . . . , πK), an ordered sequence of K tool invocation steps. This160

iterative information acquisition mechanism directly addresses the multi-turn degradation challenge161

by resolving ambiguity before committing to execution, reducing downstream parameter mapping162

failures and invalid tool calls.163

Router. For each step πk ∈ Π, the Router resolves required arguments from Ct and constructs a164

natural language invocation request together with execution-level configuration:165

βk = ROUTER(πk, Ct) =
(
xk, H-Paramsk

)
, (3)

where xk encodes the target tool, intended operation, and resolved parameter values, and H-Paramsk166

specifies execution hyperparameters such as retry count and priority level. The request xk is then167

dispatched to the corresponding Tool Primitive Pk, which handles internal schema validation and168
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argument binding. This indirection sidesteps two persistent failure modes of dispatching to raw tool169

implementations—fragile parameter formatting and degraded selection accuracy under large tool170

catalogues—directly motivating the Tool Primitive abstraction introduced earlier.171

Verifier. The Verifier evaluates each execution result rk along four criteria: task completion,172

argument consistency, execution validity, and constraint satisfaction, producing a verification:173

vk = VERIFIER(rk, πk, sk) ∈ {pass, fail}. (4)

If vk = pass, execution proceeds to πk+1, or the final result is returned to the user when k = K. If174

vk = fail, the Verifier generates structured feedback ϕk diagnosing the failure mode and returns it175

to the Planner to enrich the context and trigger targeted re-planning:176

Ct+1 = Ct ∪ {ϕk}, Π′ = PLANNER(q, Ct+1). (5)

This feedback-driven recovery loop directly addresses the troubleshooting challenge: rather than177

reverting to a brittle fallback upon tool failure, HEART systematically diagnoses the failure mode and178

re-plans with enriched context, enabling structured error recovery across the full invocation lifecycle.179

Detailed criterion definitions are provided in Appendix B. We also provide the end-to-end execution180

flow of HEART and the prompts for each agent in Appendix C and Appendix D, respectively.181

4 Experiments182

4.1 Experimental Setup183

Benchmarks. We evaluate HEART on five benchmarks: ToolBench [2] covers large-scale real-world184

API invocation across single- and multi-tool scenarios. NESTFUL [9] evaluates nested API call185

sequences where outputs of one call serve as inputs to the next. τ2-Bench [10] assesses agents under186

dual-control conversational settings where both agent and user invoke tools in a shared environment.187

ACEBench [15] targets robustness and fine-grained tool-use evaluation across complex multi-tool188

workflows. BFCLv4 [8] focuses on agentic web search and memory function calling.189

Baselines. Beyond benchmark-specific baselines, we include frontier models including GPT-5.4 [25],190

Claude-4.6-Sonnet [26], and Gemini-3.1-Pro [27] as shared baselines across all benchmarks.191

Implementation Details. We use Qwen3-8B as the backbone LLM for all roles in HEART: Planner,192

Router, Verifier, and Tool Primitives, by default. All experiments are conducted with a maximum193

re-planning budget of B = 3. Tool retrieval from ToolFace is performed via semantic search over194

tool schema descriptors. We report average results over three runs.195

4.2 Main Results196

On ToolBench. We compare HEART against ToolBench [2]’s baselines including Vicuna [28],197

Alpaca [29], ToolLLaMA [2], GPT-3.5-Turbo [30], Claude-2 [31], Text-Davinci-003 [32], and198

GPT-4 [33]. We report Pass Rate and Win Rate across six single- and multi-tool (I1, I2, I3) scenarios.199

HEART tops the ToolBench leaderboard (Table 1) with an average Pass Rate of 75.1% and Win200

Rate of 75.7%. These figures represent gains of +1.7%/+1.9% over the strongest commercial201

baseline Claude-4.6-Sonnet (DFSDT) and +7.8%/+12.6% over the strongest fine-tuned baseline202

ToolLLaMA (DFSDT-Retriever). The performance advantage of HEART is most pronounced on203

I3-Inst (77.2% Pass, 89.4% Win), the hardest subset involving multi-tool instructions requiring cross-204

API dependencies, where HEART surpasses Claude-4.6-Sonnet with DFSDT by +3.4% on Pass205

Rate and +2.9% on Win Rate. This consistent advantage across difficulty levels demonstrates that206

HEART’s structured Planner-Router-Verifier pipeline generalizes effectively to large-scale real-world207

API invocation without relying on explicit search strategies such as DFSDT.208

On NESTFUL. Following NESTFUL [9], we compare HEART against a broad set of baselines,209

including the xLAM series [34, 17], Hammer [5], ToolACE [6], Llama-3.1 [35], Mixtral [36], Granite-210

20B [37], DeepSeek-V3 [38], and GPT-4o [39]. We report F1 score for function name prediction (F1211

Func.) and parameter name prediction (F1 Param.), partial sequence match accuracy (Part. Acc.), full212

sequence match accuracy (Full Acc.), and win rate (Win Rate), which measures whether all predicted213

APIs are executable and lead to the gold answer, under one-shot and three-shot ICL settings.214
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Table 1: Performance comparison (%) of different methods on ToolBench.
Model Method I1-Inst. I1-Tool I1-Cat. I2-Inst. I2-Cat. I3-Inst. Avg.

Pass Win Pass Win Pass Win Pass Win Pass Win Pass Win Pass Win
Vicuna ReACT & DFSDT 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Alpaca ReACT & DFSDT 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

ToolLLaMA
ReACT 25.0 45.0 29.0 42.0 33.0 47.5 30.5 50.8 31.5 41.8 25.0 55.0 29.0 47.0
DFSDT 57.0 55.0 61.0 55.3 62.0 54.5 77.0 68.5 77.0 58.0 66.0 69.0 66.7 60.0
DFSDT-Retriever 64.0 62.3 64.0 59.0 60.5 55.0 81.5 68.5 68.5 60.8 65.0 73.0 67.3 63.1

GPT-3.5-Turbo ReACT 41.5 – 44.0 – 44.5 – 42.5 – 46.5 – 22.0 – 40.2 –
DFSDT 54.5 60.5 65.0 62.0 60.5 57.3 75.0 72.0 71.5 64.8 62.0 69.0 64.8 64.3

Claude-2 ReACT 5.5 31.0 3.5 27.8 5.5 33.8 6.0 35.0 6.0 31.5 14.0 47.5 6.8 34.4
DFSDT 20.5 38.0 31.0 44.3 18.5 43.3 17.0 36.8 20.5 33.5 28.0 65.0 22.6 43.5

Text-Davinci-003 ReACT 12.0 28.5 20.0 35.3 20.0 31.0 8.5 29.8 14.5 29.8 24.0 45.0 16.5 33.2
DFSDT 43.5 40.3 44.0 43.8 46.0 46.8 37.0 40.5 42.0 43.3 46.0 63.0 43.1 46.3

GPT-4 ReACT 53.5 60.0 50.0 58.8 53.5 63.5 67.0 65.8 72.0 60.3 47.0 78.0 57.2 64.4
DFSDT 60.0 67.5 71.5 67.8 67.0 66.5 79.5 73.3 77.5 63.3 71.0 84.0 71.1 70.4

GPT-5.4 ReACT 54.5 62.0 52.8 58.5 54.2 63.5 65.4 65.8 71.5 62.0 46.5 76.5 57.5 64.7
DFSDT 61.2 67.5 64.5 65.2 63.8 64.2 76.5 71.2 76.2 65.8 68.4 81.2 68.8 69.2

Claude-4.6-Sonnet ReACT 57.4 65.2 55.2 61.5 57.8 67.5 70.2 68.4 75.4 64.5 51.2 81.5 61.2 68.1
DFSDT 65.4 70.8 70.5 69.5 68.4 70.2 81.5 75.6 80.5 69.4 73.8 86.5 73.4 73.8

Gemini-3.1-Pro ReACT 56.2 63.8 53.8 60.5 56.5 65.4 68.4 67.5 73.2 63.2 49.5 79.5 59.6 66.6
DFSDT 63.8 69.2 67.5 66.8 66.2 67.5 79.5 73.4 78.4 67.8 71.2 84.5 71.1 71.5

HEART / 67.5 72.8 71.5 70.8 69.5 72.1 83.4 77.5 81.6 71.5 77.2 89.4 75.1 75.7

Table 2: Results on NESTFUL under one-shot and three-shot in-context learning (ICL).
Model #Params One-shot ICL Three-shot ICL

F1 Func. F1-Param. Part Acc. Full Acc. Win Rate F1 Func. F1-Param. Part Acc. Full Acc. Win Rate
xLAM-1b-fc-r 1B 0.19 0.08 0.09 0.00 0.01 0.22 0.09 0.09 0.03 0.02
xLAM-2-1b-fc-r 1B 0.41 0.13 0.13 0.00 0.00 0.43 0.12 0.13 0.00 0.00
xLAM-7b-fc-r 7B 0.49 0.17 0.15 0.00 0.03 0.55 0.23 0.23 0.15 0.14
xLAM-2-8b-fc-r 8B 0.48 0.15 0.14 0.00 0.01 0.47 0.17 0.15 0.04 0.04
Hammer2.0-7b 7B 0.56 0.24 0.21 0.07 0.16 0.61 0.30 0.29 0.22 0.25
Hammer2.1-7b 7B 0.10 0.05 0.05 0.01 0.01 0.16 0.10 0.11 0.08 0.08
Llama-3.1-8B-Instruct 8B 0.64 0.19 0.17 0.06 0.06 0.63 0.22 0.22 0.16 0.11
ToolACE-8B 8B 0.43 0.13 0.13 0.00 0.00 0.50 0.15 0.13 0.00 0.00
ToolACE-2-Llama-3.1-8B 8B 0.28 0.10 0.13 0.00 0.00 0.29 0.10 0.13 0.00 0.00
Granite-20B-FunctionCalling 20B 0.64 0.20 0.17 0.02 0.05 0.61 0.25 0.26 0.21 0.20
Mixtral-8x7B-Instruct-v0.1 46.7B 0.22 0.07 0.05 0.00 0.01 0.32 0.13 0.14 0.09 0.09
xLAM-8x7b-fc-r 46.7B 0.40 0.15 0.16 0.01 0.01 0.43 0.16 0.17 0.02 0.03
Llama-3.1-70B-Instruct 70B 0.41 0.19 0.15 0.04 0.09 0.33 0.17 0.15 0.07 0.11
Mixtral-8x22B-Instruct-v0.1 141B 0.49 0.21 0.17 0.06 0.07 0.65 0.29 0.28 0.21 0.23
xLAM-8x22b-fc-r 141B 0.53 0.21 0.22 0.12 0.03 0.50 0.23 0.25 0.17 0.06
Llama-3.1-405B-Instruct-fp8 405B 0.41 0.14 0.08 0.03 0.10 0.41 0.18 0.13 0.07 0.14
DeepSeek-V3 685B 0.69 0.36 0.27 0.09 0.43 0.69 0.42 0.37 0.29 0.60
GPT-4o (2024-08-06) UNK 0.73 0.41 0.38 0.28 0.59 0.74 0.41 0.38 0.28 0.60
GPT-5.4 UNK 0.78 0.48 0.50 0.40 0.66 0.80 0.50 0.52 0.42 0.68
Claude-4.6-Sonnet UNK 0.77 0.47 0.49 0.39 0.65 0.79 0.49 0.51 0.41 0.67
Gemini-3.1-Pro UNK 0.76 0.46 0.48 0.38 0.63 0.78 0.48 0.50 0.40 0.65
HEART 8B * 4 0.82 0.52 0.55 0.44 0.75 0.84 0.56 0.58 0.47 0.79

Table 2 shows that HEART achieves the best performance on all five metrics under both one-shot and215

three-shot ICL. Against the strongest commercial baseline GPT-5.4, HEART improves Full Acc. by216

+4%/+5% and Win Rate by +9%/+11% under one-shot/three-shot. Strikingly, several tool-calling217

models, including all xLAM variants up to 8B and both ToolACE models, achieve Full Acc. = 0.00218

under one-shot, confirming that flat tool-use trajectories do not generalize to nested API sequences.219

We also observe that raw model scale does not compensate for the absence of structured planning:220

DeepSeek-V3 (685B) reaches only 0.09 Full Acc., far below HEART’s 0.44.221

On τ2-Bench. Following the τ2-Bench [10], we include GPT-4.1 [40], GPT-o4-mini [41], GPT-4.1-222

mini [40], Claude-3.7-Sonnet [42] and report Passk (k = 1, 2, 3, 4), which measures the fraction223

of tasks completed successfully within k interaction rounds, alongside average per task token224

consumption, API cost (USD) (Detailed in Appendix E.1), and latency (seconds).225

Table 3 shows that HEART achieves the best Passk scores across all domains and all k. The per-226

formance gap widens as k increases: while Pass1 margins over the strongest commercial baseline227

Claude-4.6-Sonnet remain modest, HEART maintains higher Pass4 scores (e.g., +51.5% in Telecom),228

demonstrating that iterative re-planning sustains task completion under extended multi-turn interac-229

tions where commercial models degrade. Telecom consistently poses the greatest challenge; the best230

baseline reaches only 0.33 on Pass4, while HEART achieves 0.50. Despite higher token consumption231

from its multi-agent architecture, HEART reduces API cost by up to 7.4× relative to GPT-5.4.232

On ACEBench. We report performance across six Normal subcategories (Atom, Single-Turn,233

Multi-Turn, Similar API, Preference, Summary), the Special category, the Agent category, and an234

Overall score. We compare HEART against commercial models in Table 4; results against open-235
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Table 3: Performance comparison of different methods across domains on the τ2-Bench benchmark.
Method Domain Pass1 Pass2 Pass3 Pass4 Tokens / Cost ($) Latency (s)

GPT-4.1
Retail 0.75 0.64 0.58 0.53 7,401 / 0.0592 14.28
Airline 0.56 0.45 0.42 0.40 7,825 / 0.0626 15.62
Telecom 0.34 0.26 0.22 0.19 6,862 / 0.0549 34.41

GPT-o4-mini
Retail 0.71 0.59 0.52 0.46 5127 / 0.0031 4.24
Airline 0.59 0.48 0.42 0.38 5389 / 0.0032 4.68
Telecom 0.42 0.33 0.29 0.26 4856 / 0.0029 26.05

GPT-4.1-mini
Retail 0.66 0.53 0.44 0.39 5,214 / 0.0083 6.12
Airline 0.51 0.39 0.32 0.26 5,563 / 0.0089 6.81
Telecom 0.44 0.30 0.22 0.18 5,021 / 0.0080 21.94

Claude-3.7-sonnet
Retail 0.79 0.69 0.69 0.60 6,482 / 0.0972 11.45
Airline 0.50 0.41 0.38 0.36 6,745 / 0.1012 12.32
Telecom 0.49 0.37 0.31 0.25 6,038 / 0.0906 30.88

GPT-5.4
Retail 0.70 0.53 0.43 0.37 7,842 / 0.1176 16.24
Airline 0.64 0.55 0.51 0.48 8,126 / 0.1219 18.42
Telecom 0.56 0.40 0.34 0.29 7,319 / 0.1098 35.11

Claude-4.6-sonnet
Retail 0.79 0.73 0.65 0.60 7,153 / 0.1073 14.12
Airline 0.71 0.64 0.60 0.51 7,412 / 0.1112 16.52
Telecom 0.58 0.49 0.37 0.33 6,728 / 0.1009 33.48

Gemini-3.1-Pro
Retail 0.68 0.54 0.46 0.40 6,914 / 0.0830 9.15
Airline 0.54 0.41 0.33 0.28 7,258 / 0.0871 10.82
Telecom 0.55 0.43 0.36 0.31 6,492 / 0.0779 28.46

HEART
Retail 0.82 0.79 0.77 0.73 21,684 / 0.0152 18.72
Airline 0.72 0.69 0.65 0.63 24,531 / 0.0172 21.34
Telecom 0.62 0.59 0.55 0.50 20,887 / 0.0146 37.95

source baselines including Qwen2.5 series [43], Llama-3.1 [35], DeepSeek-V3 [38], Phi-3 [44], and236

tool-calling models such as Hammer [5], xLAM [17], and Watt-Tool-8B [45] are in Appendix E.2.237

Table 4: Performance comparison (%) of different methods across domains on the ACEBench.

Model Normal Special Agent Overall
Atom Single-Turn Multi-Turn Similar API Preference Summary

GPT-4o 93.4 84.5 77.0 85.0 83.0 87.6 93.0 63.8 85.4
GPT-4-Turbo 93.2 84.8 77.5 86.0 86.0 88.0 86.7 67.5 84.5
Qwen-Max 91.2 80.5 68.0 83.0 83.0 84.2 74.0 64.3 78.4
GPT-4o-Mini 86.5 76.0 66.5 77.0 78.0 79.9 79.0 33.3 72.5
Gemini-1.5-Pro 84.5 76.8 64.5 80.0 78.0 79.0 78.7 25.5 70.7
Claude-3.5-Sonnet 76.9 72.5 62.5 71.0 72.0 72.9 77.4 39.5 68.9
GPT-5.4 94.0 86.0 81.0 88.0 85.0 89.5 94.0 69.5 86.0
Claude-4.6-Sonnet 93.8 85.5 79.5 87.0 84.0 88.3 91.3 66.8 84.3
Gemini-3.1-Pro 92.5 83.0 76.0 85.0 82.0 86.6 89.0 64.5 82.3
HEART 94.2 87.5 83.5 89.0 86.0 89.8 95.0 72.3 86.9

Table 4 shows that HEART achieves the highest Overall score (86.9%), surpassing GPT-5.4 (86.0%)238

by +0.9%. While margins on Normal subcategories are modest, the clearest advantages appear on239

Special (95.0% vs. 94.0%) and Agent (72.3% vs. 69.5%), which require handling out-of-distribution240

tool formats and multi-step agentic reasoning. On Multi-Turn (83.5%), HEART outperforms GPT-5.4241

by +2.5%, reflecting the benefit of iterative re-planning.242

On BFCLv4. Following BFCLv4 [8], we compare HEART against a diverse set of baselines,243

including the xLAM series [17], Hammer [5], LLaMA models [35], Qwen3 [46], GPT-4.1 [40], GPT-244

4.1-Mini [40], Gemini-1.5-Pro [47], and Claude-3.5-Sonnet [48]. We evaluate Web Search function245

calling under Base and No-Snippet settings, and Memory function calling across KV Retrieval, Vector246

Retrieval, and Recursive Summarization, reporting the averaged Overall score for each.247

Table 5 reports results across all models. HEART achieves the best performance on both Web248

Search Overall (84.0%) and Memory Overall (69.38%), surpassing Claude-Sonnet-4.6 by +1.0%249

and +1.10% respectively. The memory advantage over GPT-5.4 is more substantial, with HEART250

outperforming by +13.47% on Memory Overall, including gains of +11.05%, +10.39%, and251

+18.97% on KV, Vector, and Recursive Summarization. SFT-based models fail almost entirely:252

Hammer2.1-7B scores 0.0% across all metrics, and the strongest SFT baseline xLAM-2-32B-FC-R253

reaches only 25.5%/20.86%, showing no generalization to dynamic agentic tool scenarios.254
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Table 5: Performance comparison (%) of different methods on BFCLv4.

Model Web Search Memory
Base No Snippet Overall KV Vector Recursive Sum Overall

xLAM-2-32B-FC-R 37.00 14.00 25.50 6.45 10.32 45.81 20.86
xLAM-2-70B-FC-R 15.00 17.00 13.00 2.58 10.97 29.68 14.41
xLAM-2-8B-FC-R 11.00 2.00 6.50 5.81 15.48 20.65 13.98
xLAM-2-3B-FC-R 3.00 2.00 2.50 5.81 5.81 22.58 11.40
xLAM-2-1B-FC-R 0.00 0.00 0.00 3.87 3.87 3.87 3.87
Hammer2.1-7B 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Hammer2.1-3B 0.00 0.00 0.00 2.58 3.87 2.58 3.01
LLaMA-3.1-8B-Instruct 6.00 0.00 3.00 7.74 5.81 18.71 10.75
LLaMA-3.2-3B-Instruct 2.00 0.00 1.00 3.23 3.23 12.26 6.24
Qwen3-8B 15.00 9.00 12.00 14.62 5.16 7.10 31.61
Qwen3-32B 25.00 18.00 21.50 12.26 25.81 41.94 26.67

GPT-4.1 67.00 69.00 68.00 16.13 18.06 37.42 23.87
GPT-4.1-Mini 62.00 52.00 57.00 22.58 16.13 41.94 26.88
Gemini-1.5-Pro 60.00 64.00 62.00 19.35 24.52 58.71 34.19
Claude-3.5-Sonnet 60.00 64.00 62.00 13.55 47.10 55.48 38.71
GPT-5.4 81.00 83.00 82.00 57.42 58.71 51.61 55.91
Claude-4.6-Sonnet 85.00 81.00 83.00 64.19 67.42 73.23 68.28
Gemini-3.1-Pro 80.00 78.00 82.00 59.35 62.58 63.23 61.72

HEART 87.00 85.00 86.00 68.47 69.10 70.58 69.38

4.3 Ablation Study255

Table 6: Ablation study on component contribution
evaluated on ToolBench and NESTFUL.

Variant ToolBench NESTFUL
Avg. Pass Win Rate Full Acc. Win Rate

w/o Planner 57.2 64.1 0.26 0.51
w/o Router 62.4 67.3 0.28 0.52
w/o ToolFace 16.1 27.9 0.06 0.06
w/o Verifier 47.6 49.6 0.15 0.33

HEART 75.1 75.7 0.44 0.75

Component Contribution. We evaluate four256

HEART ablations on ToolBench and NEST-257

FUL, each removing one core component: (1)258

w/o Planner, which removes intent analysis and259

information sufficiency checking, passing the260

raw user query directly to the Router without261

structured decomposition or clarification;(2) w/o262

Router, which removes parameter mapping and263

tool dispatch, instead having the Planner invoke264

Tool Primitives directly from the invocation plan without intermediate argument resolution; (3) w/o265

ToolFace & Tool Primitives, which removes the centralized schema–function registry and the natural266

language invocation abstraction, exposing raw API schemas directly to the Router and dispatching267

calls; and (4) w/o Verifier, which removes the verification loop, so execution results are returned to268

the user without evaluation or feedback-driven re-planning. Table 6 reports results.269

The most dramatic degradation is observed under w/o ToolFace & Tool Primitives, which reduces270

ToolBench Avg. Pass Rate from 75.1 to 16.1 and NESTFUL Full Acc. from 0.44 to 0.06, confirming271

that the natural language interface for tools is the most critical component in HEART. Removing272

the Verifier produces the second-largest drop (Pass Rate 47.6, Full Acc. 0.15), demonstrating that273

feedback-driven re-planning is essential for recovering from execution failures. The w/o Planner and274

w/o Router variants show moderate but consistent degradation, confirming that intent decomposition275

and parameter mapping both contribute necessary intermediary layers to the pipeline.276

Table 7: Effect of re-planning budget B on Tool-
Bench and NESTFUL.

Budget B ToolBench NESTFUL
Avg. Pass Win Rate Full Acc. Win Rate

B = 0 47.6 49.6 0.15 0.33
B = 1 51.4 57.9 0.27 0.49
B = 2 65.9 66.8 0.42 0.68
B = 3 75.1 75.7 0.44 0.75
B = 5 75.3 76.2 0.44 0.75

Re-planning Budget. We study the effect277

of the maximum re-planning budget B by278

varying B ∈ {0, 1, 2, 3, 5} and evaluating on279

ToolBench and NESTFUL, where B = 0 dis-280

ables re-planning entirely, reducing HEART281

to a single-pass execution pipeline without282

feedback-driven recovery.283

Table 7 reports results. Performance improves284

consistently from B = 0 to B = 3 across both285

benchmarks, with the largest gains concentrated between B = 1 and B = 2: ToolBench Pass Rate286

jumps from 51.4 to 65.9 and NESTFUL Full Acc. from 0.27 to 0.42, indicating that the second287

re-planning round resolves the majority of recoverable failures. B = 5 yields negligible further288

improvement, confirming saturation at B = 3, which we adopt as the default.289
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4.4 Case Study290

Table 8: Task Completion Rate (%) on 50 tasks across
five domains. Each domain contains 10 tasks evaluated
by human annotators.

Domain GPT-5.4 Claude-4.6-Sonnet Gemini-3.1-Pro HEART
Travel Planning 20 20 10 80
Healthcare 20 30 30 70
E-commerce 10 10 20 80
Finance 30 30 30 100
Local Services 20 30 20 90
Overall 20 24 22 84

End-to-End Real World Task. To eval-291

uate HEART in realistic deployment con-292

ditions, we construct a benchmark of 50293

end-to-end real-world tasks spanning five294

domains: Travel Planning, Healthcare, E-295

commerce, Finance, and Local Services296

with 10 tasks per domain. Each task is297

grounded in a concrete user persona (e.g., a298

student booking a flight, a group organizer299

finding catering) and expressed as a request requiring multi-step tool invocation to resolve. Tasks300

range from single-tool lookups (e.g., retrieving gas prices) to multi-tool workflows involving search,301

comparison, and conditional booking across heterogeneous APIs. Details are in Appendix H.302

Table 8 shows that HEART achieves 84% task completion, outperforming GPT-5.4 (20%), Claude-303

4.6-Sonnet (24%), and Gemini-3.1-Pro (22%) by over 60%. The gap reveals a critical divide between304

recommendation and execution: commercial models reliably retrieve options but fail when tasks305

require acting on behalf of the user, whereas HEART’s grounded argument mapping and stateful306

execution enable it to complete tasks that require acting in the world.307

Table 9: Tool selection accuracy (ACC%) and attack
success rate (ASR%) on ToolBench. HEART achieves
0.0% ASR under both attack strategies because tool
schemas are stored in ToolFace and invoked via Tool
Primitives, never appearing in the LLM’s input prompt
and thus eliminating the attack surface by construction.

Attack Metric GPT-5.4 Claude-4.6-Sonnet Gemini-3.1 HEART
No Attack ACC 99.0 99.0 98.6 –
Gradient-Free ASR 82.2 74.4 78.8 0.0
Gradient-Based ASR 70.6 66.0 72.2 0.0

Robustness against Prompt Injection308

Attack. Existing retrieve-then-select309

paradigms expose tool metadata in the310

model’s input prompt, creating an attack311

surface for prompt injection attacks. Fol-312

lowing ToolHijacker [49], we consider an313

attacker who injects a malicious tool doc-314

ument into the retrieved candidate set to315

manipulate the agent’s tool selection, and316

report ACC under no attack and ASR under317

Gradient-Free and Gradient-Based strategies on ToolBench to evaluate Robustness under such attacks.318

As shown in Table 9, all models remain highly vulnerable, with ASR reaching up to 70% under319

Gradient-Free attack. HEART achieves 0.0% ASR under both strategies. Tool schemas are stored in320

ToolFace and executed via Tool Primitives, never appearing in the LLM’s input prompt. The attack321

surface that ToolHijacker exploits does not exist.322

4.5 Discussion323

The results validate the three design properties of Tool Primitives. (1) Natural language invocation.324

Each Primitive resolves the schema internally, freeing the Router from raw parameter formatting.325

Removing this drops ToolBench Pass Rate from 75.1 to 16.1 (Table 6), and yields 0.00% ASR under326

prompt injection (Table 9). (2) Inter-tool communication. Primitive results are passed as context327

to the next, enabling LLM-to-LLM dialogue across dependent steps. On NESTFUL (Table 2), SFT328

models collapse to 0.00 Full Acc. and DeepSeek-V3 reaches only 0.09, while HEART attains 0.44.329

(3) Execution isolation. Each Primitive surfaces failures as signals to the Verifier, localizing errors.330

HEART sustains Pass4 on τ2-Bench (Table 3) where baselines degrade, and most failures resolve331

within B = 3 rounds (Table 7). We also discuss the limitations of HEART in Appendix G.332

5 Conclusion333

We propose HEART, a harness engineering framework that addresses key limitations of existing LLM334

tool-use systems, including scalability to large tool catalogs, robustness in multi-turn interaction,335

compositional reasoning, and failure recovery. By introducing Tool Primitives and a coordinated336

multi-agent design with planning, routing, and verification, HEART transforms tool use into a337

structured and iterative reasoning process. Experiments across multiple benchmarks show that338

HEART consistently improves performance, efficiency, and robustness over existing approaches,339

including strong resilience to real-world challenges such as prompt injection. We hope our proposed340

HEART framework can be the real heart of the LLM tool use.341
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A Detailed Agent Role Specifications514

We expand on the role specifications of the three collaborative agents introduced in the main text.515

A.1 Planner516

The Planner serves as HEART’s entry point, responsible for two sequential functions: intent analysis517

and information sufficiency checking. Upon receiving a user query q, the Planner first decomposes518

q into a structured intent representation that identifies the target task, relevant tool categories, and any519

explicit constraints or preferences expressed by the user. It then evaluates whether the current context520

Ct—comprising the user query, any previously acquired information, and execution history—provides521

sufficient information to construct a fully specified invocation plan.522

If the sufficiency check returns insufficient, the Planner generates a targeted clarification request523

ct and returns it to the user, initiating another interaction round. This loop continues until the context524

is judged sufficient, at which point the Planner produces an invocation plan Π = (π1, π2, . . . , πK),525

an ordered sequence of K tool invocation steps, each πk specifying the tool to be invoked at step k to526

address the user’s request.527

A.2 Router528

Given an invocation plan Π from the Planner, the Router is responsible for parameter mapping529

and tool dispatch. For each step πk ∈ Π, which specifies the target Tool Primitive but contains no530

concrete argument values, the Router resolves the required arguments from the current context Ct531

and constructs a natural language invocation request xk that encodes the target tool, the intended532

operation, and the resolved parameter values, along with execution hyperparameters H-Paramsk such533

as retry count and priority level.534

Note that Ct serves a different role here than in the Planner: whereas the Planner consults Ct to assess535

information sufficiency, the Router uses Ct purely as a value source for parameter resolution, ensuring536

the two components are complementary.537

Directly dispatching from the Router to raw tool implementations faces two persistent limitations.538

First, precise parameter formatting is fragile: even when the Router correctly identifies the target539

tool and user intent, small deviations in argument type, naming, or value encoding can cause540

schema validation failures. Second, with large tool catalogues, the Router must reason over raw API541

schemas—a verbose, low-level representation that degrades tool selection accuracy and increases542

the likelihood of incomplete or malformed bindings. These limitations motivate the Tool Primitive543

abstraction, which absorbs schema resolution and argument binding within each Primitive. The544

Router thus dispatches xk to the corresponding Tool Primitive Pk, which internally validates and545

maps the described arguments against schema sk, and executes the underlying function fk.546

A.3 Verifier547

The Verifier evaluates each execution result rk returned by a Tool Primitive against four structured548

criteria before the result is accepted or escalated for re-planning. Detailed criterion definitions are549

provided in Appendix B.550

If verification passes, execution proceeds to the next step πk+1 or, if k = K, the final result is551

returned to the user. If verification fails, the Verifier generates structured feedback ϕk that diagnoses552

which criterion failed and why, and returns ϕk to the Planner to trigger targeted re-planning with the553

enriched context.554

B Verifier Evaluation Criteria555

The Verifier evaluates each execution result rk along four structured criteria:556

• Task Completion: Does rk satisfy the objective specified in invocation step πk?557

• Argument Consistency: Are the arguments resolved by the Router consistent with the user’s558

original intent and the constraints encoded in schema sk?559
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• Execution Validity: Did the tool execute without runtime errors, and does the return value conform560

to the expected output schema?561

• Constraint Satisfaction: Are any task-level or domain-specific constraints—such as rate limits,562

access permissions, or business rules—respected by the execution outcome?563

Each criterion is assessed independently; failure in any single criterion yields vk = fail and triggers564

feedback generation. This decomposition enables the Verifier to produce actionable, criterion-specific565

diagnostics rather than opaque pass/fail signals.566

C End-to-End Execution Flow567

Algorithm 1 summarizes the full HEART pipeline. Starting from user query q, the Planner iteratively568

acquires missing information until context is sufficient, then produces invocation plan Π. The569

Router sequentially binds and dispatches each step, passing inter-step results through Tool Primitive570

interfaces. The Verifier evaluates each result and either advances execution or returns structured571

feedback for re-planning. This loop continues until all K steps pass verification or a maximum572

re-planning budget is exhausted.573

Algorithm 1 Pseudo-code of HEART

Require: User query q, ToolFace T , max re-plan budget B
Ensure: Final execution result or structured failure report

1: C ← {q}, b← 0
2: while PLANNER(q, C) = insufficient do
3: c← PLANNER.CLARIFY(q, C)
4: C ← C ∪ {USER(c)}
5: end while
6: Π← PLANNER.PLAN(q, C)
7: while b ≤ B do
8: for each step πk ∈ Π do
9: βk ← ROUTER(πk, C)

10: rk ← Pk(βk | rk−1)
11: if VERIFIER(rk, πk, sk) = fail then
12: ϕk ← VERIFIER.FEEDBACK(rk, πk, sk)
13: C ← C ∪ {ϕk}
14: Π← PLANNER.PLAN(q, C)
15: b← b+ 1; break
16: end if
17: end for
18: return rK
19: end while
20: return FAILUREREPORT(C)

D Prompt Templates574

D.1 Planner Prompt575

Planner System Prompt

Role. You are the Planner in the tool-calling framework. Your responsibilities are (1) intent
analysis and (2) information sufficiency checking.
Intent Analysis. Given the user query, identify:
• The target task and its objective.
• The relevant tool categories required to fulfill the task.
• Any explicit constraints or preferences expressed by the user (e.g., priority, domain, format).
Information Sufficiency Checking. Determine whether the current context provides all
information needed to construct a complete invocation plan. Output one of:

576
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• SUFFICIENT — proceed to generate an invocation plan.
• INSUFFICIENT — generate a targeted clarification question asking only for the missing

information.
Invocation Plan Format. When context is sufficient, output an ordered JSON list of
invocation steps:
{

"status": "SUFFICIENT",
"plan": [

{
"step": 1,
"tool_category": "<category>",
"tool_hint": "<tool name or description>",
"objective": "<what this step should accomplish>",
"dependencies": []

},
{

"step": 2,
...
"dependencies": [1]

}
]

}
Clarification Format. When context is insufficient:
{

"status": "INSUFFICIENT",
"clarification": "<single targeted question>"

}
Re-planning. When provided with Verifier feedback, revise the plan to address the diagnosed
failure. Output a revised plan in the same format, annotated with “replanned”: true.

577

D.2 Router Prompt578

Router System Prompt

Role. You are the Router in the tool-calling framework. Your responsibilities are (1) parameter
mapping and (2) tool dispatch.
Parameter Mapping. For each step in the invocation plan, given the current context (the
user query, prior clarifications, and results of previously executed steps):
• Resolve the value of every required parameter of the step from the context. Values may

originate from the original user query, earlier clarification turns, or the structured result of
an upstream step (referenced as $step_j.<field>).

• Group all resolved values that belong to the same step together; do not mix values across
steps.

• Encode the resolved bindings into a single natural-language invocation request that names
the target Tool Primitive, states the intended operation, and embeds the resolved values
inline. Do not emit a raw schema-compliant parameter dictionary — the Tool Primitive
performs schema-level argument binding internally.

• Never invent a value that is not grounded in the context, and never override the target Tool
Primitive chosen by the Planner.

Tool Dispatch. Attach execution-level hyperparameters for each step:
• retry: integer in [1, 5]. Use higher values for safety- or finance-critical actions and lower

values for read-only lookups.
• priority: one of {low, normal, high}. Use high when the user signals urgency or

when the step lies on the critical path of a time-sensitive task.
• timeout_s: integer seconds; default 30.

579
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Dispatch Format. Output an ordered JSON list, one entry per step in the invocation plan, in
the original step order:
{

"status": "READY",
"dispatch": [

{
"step": 1,
"target_tool": "<tool name or tool hint>",
"invocation_request": "<natural-language request>",
"resolved_bindings": { "<param>": "<value>", ... },
"h_params": {

"retry": <int>,
"priority": "<low|normal|high>",
"timeout_s": <int>

}
},
{

"step": 2,
...

}
]

}
Cross-Step Consistency. When two or more steps share the same parameter (e.g., the same
card identifier or user ID), resolve the value once from the context and reuse it consistently
across all affected steps’ bindings.

580

D.3 Tool Primitive Prompt581

Tool Primitive System Prompt

Role. You are a Tool Primitive in the tool-calling framework. You wrap a single tool from
ToolFace and serve as its agent-native interface. You are instantiated with two pieces of
information: the tool’s schema (specifying parameter names, types, constraints, and return
format) and the tool’s executable function.
Schema Resolution. Given the natural-language invocation request from the Router and
any optional context (e.g., the structured result of a prior Tool Primitive passed as upstream
context):
• Interpret the request to extract the intended operation and the values described for each

parameter.
• Map each described value to the argument space defined by your schema, performing type

coercion (e.g., string-to-integer, date normalization), enum matching, and unit conversion
as needed.

• Apply schema-level constraints: required-field checks, value-range validation, format
validation (e.g., regex patterns), and any default values specified by the schema.

• If the request references upstream context, extract the relevant field from that context and
bind it to the corresponding parameter.

Function Execution. Once all arguments are resolved and validated, invoke the underlying
function with the bound argument dictionary. Capture the raw return value, runtime errors (if
any), and execution metadata (e.g., latency, status code).
Success Format. If schema resolution succeeds and the function returns without runtime
error, output:
{

"status": "SUCCESS",
"tool": "<tool name from schema>",
"bound_arguments": { "<param>": "<resolved value>", ... },
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"result": { ... },
"summary": "<one-sentence natural-language summary of the result>"

}
The summary field provides a natural-language rendering of the result so that it can be passed
as upstream context to a downstream Tool Primitive without requiring the Router or Planner
to manage intermediate state.
Failure Format. If schema resolution fails (e.g., a required parameter cannot be extracted
from the request, a value violates a schema constraint, or type coercion is impossible), or if
the function raises a runtime error, do not retry silently. Surface a structured failure to the
Verifier:
{

"status": "FAILURE",
"tool": "<tool name from schema>",
"failure_type": "<SCHEMA_RESOLUTION

| CONSTRAINT_VIOLATION
| RUNTIME_ERROR>",

"details": "<which parameter or constraint failed, and why>",
"bound_arguments": { "<param>": "<resolved value>", ... }

}
Execution Isolation. Errors must remain local to this Tool Primitive — never call another
tool, never modify the invocation plan, and never attempt to recover from a failure on your
own. The Verifier will diagnose the failure and trigger re-planning if needed.

583

D.4 Verifier Prompt584

Verifier System Prompt

Role. Role. You are the Verifier in the tool-calling framework. Your responsibilities are (1)
evaluation of the execution result against four criteria and (2) feedback generation for the
Planner when evaluation fails. You receive the execution result, the corresponding step in the
invocation plan, and the tool’s schema.
Evaluation Criteria. Assess the execution result against four criteria:

1. Task Completion: Does the result satisfy the objective specified in the step? Is the
output semantically aligned with what the user requested?

2. Argument Consistency: Are the resolved arguments consistent with the user’s
original intent and the constraints encoded in the tool’s schema? Were any required
fields omitted or incorrectly substituted?

3. Execution Validity: Did the tool execute without runtime errors? Does the return
value conform to the expected output schema?

4. Constraint Satisfaction: Are task-level or domain-specific constraints respected
(e.g., rate limits, access permissions, business rules)?

Pass Format. Issue PASS only when all four criteria are satisfied:
{

"status": "PASS",
"step": <int>,
"criteria": {

"task_completion": "pass",
"argument_consistency": "pass",
"execution_validity": "pass",
"constraint_satisfaction": "pass"

}
}
Fail Format. If any criterion fails, return structured feedback to the Planner:
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{
"status": "FAIL",
"step": <int>,
"criteria": {

"task_completion": "pass" | "fail",
"argument_consistency": "pass" | "fail",
"execution_validity": "pass" | "fail",
"constraint_satisfaction": "pass" | "fail"

},
"feedback": "<structured diagnosis identifying which

criterion failed, why it failed, and what
information the Planner needs to re-plan
successfully>"

}
Feedback Guidelines.
• Feedback must be actionable: specify the failure mode precisely (e.g., “wrong argument

type for card_id: expected int, received str”) rather than vague descriptions.
• Do not speculate about failures not evidenced in the execution result or the schema.
• When multiple criteria fail simultaneously, list all failed criteria and prioritize the root

cause in the diagnosis.
586

E Additional Experiments587

E.1 Model Pricing588

Table 10 lists the input/output token prices for all models used in our cost analysis.589

Table 10: Token pricing for models used in τ2-Bench cost comparison (USD per 1M tokens).
Model Input ($/1M) Output ($/1M) Source
Qwen3-8B 0.18 0.70 https://artificialanalysis.ai/models/qwen3-8b-instruct/
GPT-5.4 2.50 15.00 https://developers.openai.com/api/docs/pricing
GPT-4.1 2.00 8.00 https://developers.openai.com/api/docs/pricing
GPT-4.1-mini 0.40 1.60 https://developers.openai.com/api/docs/pricing
GPT-o4-mini 0.15 0.60 https://developers.openai.com/api/docs/pricing
Claude-4.6-Sonnet 3.00 15.00 https://claude.com/pricing#api
Gemini-3.1-Pro 2.00 12.00 https://ai.google.dev/gemini-api/docs/pricing#gemini-3.1-pro-preview
Llama-3.1-8B 0.02 0.05 https://novita.ai/models/model-detail/meta-llama-llama-3.1-8b-instruct

E.2 Additional ACEBench Comparisons590

We additionally compare HEART against open-source models and SFT-based tool-calling baselines591

on ACEBench in Table 11. HEART’s Overall score of 86.9% surpasses the best open-source baseline592

Qwen2.5-Coder-32B-Instruct (79.6%) by +7.3%. The gap is most pronounced on Multi-Turn (83.5%593

vs. 71.0%, +12.5%) and Agent (72.3% vs. 60.8%, +11.5%). SFT-based tool-calling models struggle594

severely on Special and Agent categories: Watt-Tool-8B reaches only 6.0% on Special and 2.8% on595

Agent, and xLAM-7B-r scores 0.0 on Preference, confirming that fine-tuning on narrow tool-use596

trajectories does not generalize to robustness-critical or agentic scenarios.597

E.3 Ablation Studies on Backbone LLM Scale598

Since HEART uses Qwen3-8B for all four roles (Planner, Router, Verifier, and Tool Primitives), we599

examine performance sensitivity to backbone capacity by evaluating four configurations on τ2-Bench:600

HEART (LLaMA-3.1-8B), which replaces Qwen3-8B with LLaMA-3.1-8B across all roles; HEART601

(Qwen3-8B), the default configuration; HEART (GPT-5.4), which uses GPT-5.4 across all roles; and602

HEART (GPT-5.4 + Qwen3-8B), which assigns GPT-5.4 to the Planner, Router, and Verifier while603

retaining Qwen3-8B for Tool Primitives.604

Table 12 reports results. HEART (GPT-5.4) achieves the highest Passk scores across all domains,605

confirming that stronger backbone capacity benefits planning and routing. However, HEART (Qwen3-606
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Table 11: Performance comparison (%) of different methods across domains on the ACEBench.

Model Normal Special Agent Overall
Atom Single-Turn Multi-Turn Similar API Preference Summary

Qwen2.5-Coder-32B-Instruct 90.2 81.0 71.0 83.0 81.0 84.1 80.7 60.8 79.6
DeepSeek-V3 91.5 84.0 77.0 83.0 83.0 86.5 73.0 34.5 74.8
Qwen2.5-72B-Instruct 86.8 80.3 69.5 83.0 81.0 82.1 75.7 45.0 74.7
Llama-3.1-70B-Instruct 82.5 68.3 63.5 79.0 68.0 75.5 38.3 42.3 60.4
Qwen2.5-7B-Instruct 76.0 60.3 58.5 72.0 67.0 69.4 47.0 13.8 54.8
DeepSeek-Coder-V2-Lite-Instruct 75.2 57.8 46.5 72.0 65.0 66.4 40.3 2.0 49.5
Qwen2.5-Coder-7B-Instruct 76.0 63.8 57.5 74.0 68.0 70.1 22.3 15.5 48.9
Watt-Tool-8B 85.7 69.3 55.5 79.0 64.0 75.6 6.0 2.8 45.7
Hammer2.1-7B 73.7 57.5 40.0 62.0 55.0 62.8 14.7 16.8 42.9
Llama-3.1-8B-Instruct 51.9 39.8 28.0 66.0 46.0 46.6 21.0 5.3 33.4
Phi-3-Mini-128k-Instruct 57.2 39.3 23.0 58.0 32.0 46.5 18.7 0.8 32.0
xLAM-7B-r 43.5 22.0 19.0 61.0 0.0 33.7 2.7 8.8 21.6
Llama-3.2-3B-Instruct 38.7 15.3 9.0 42.0 32.0 29.6 9.4 0.0 19.6
Hammer2.1-3B 22.4 11.5 3.5 40.0 20.0 18.7 1.0 1.5 11.3
HEART 94.2 87.5 83.5 89.0 86.0 89.8 95.0 72.3 86.9

Table 12: Ablation study on backbone LLM scale evaluated on τ2-Bench across three domains.
Variant Domain Pass1 Pass2 Pass3 Pass4 Tokens / Cost ($) Latency (s)

HEART (LLaMA-3.1-8B)
Retail 0.58 0.54 0.52 0.50 23,247 / 0.00116 19.52
Airline 0.52 0.48 0.45 0.42 25,812 / 0.00129 21.14
Telecom 0.45 0.41 0.38 0.36 22,439 / 0.00112 26.43

HEART (GPT-5.4)
Retail 0.86 0.82 0.80 0.79 20,456 / 0.30684 26.34
Airline 0.78 0.74 0.72 0.70 22,891 / 0.34337 29.58
Telecom 0.68 0.64 0.62 0.61 19,573 / 0.29359 38.78

HEART
(GPT-5.4 + Qwen3-8B)

Retail 0.83 0.79 0.77 0.74 18,362 / 0.19666 23.46
Airline 0.74 0.70 0.68 0.65 19,147 / 0.20506 26.18
Telecom 0.63 0.61 0.66 0.63 17,824 / 0.19089 42.84

HEART (Qwen3-8B)
Retail 0.82 0.79 0.77 0.73 21,684 / 0.0152 18.72
Airline 0.72 0.69 0.65 0.63 24,531 / 0.0172 21.34
Telecom 0.62 0.59 0.55 0.50 20,887 / 0.0146 37.95

8B) achieves competitive performance at a fraction of the cost: it matches HEART (GPT-5.4 +607

Qwen3-8B) on most metrics while reducing cost by over 12× relative to HEART (GPT-5.4). The608

HEART (GPT-5.4 + Qwen3-8B) configuration further demonstrates that Tool Primitives are modular609

and composable: by retaining Qwen3-8B solely for Tool Primitives while delegating planning,610

routing, and verification to GPT-5.4, the hybrid variant achieves performance close to the full GPT-5.4611

configuration, confirming that Tool Primitives can be integrated with arbitrary backbone LLMs612

without architectural modification. This plug-and-play compatibility suggests that practitioners613

can independently scale the orchestration layer and the execution layer according to their cost614

and performance requirements. HEART (LLaMA-3.1-8B) lags behind HEART (Qwen3-8B) by a615

substantial margin across all domains and all k, indicating that model quality rather than parameter616

count is the primary driver of performance within the same size class. Taken together, these results617

confirm that Qwen3-8B strikes the best balance between task completion and inference cost, justifying618

its selection as the default backbone.619

F Use of AI Assistants620

AI assistants were used as auxiliary tools for manuscript preparation, including language polishing,621

clarity improvement, organization, and limited experimental workflows. All experimental design,622

methodological decisions, analyses, reported results, and final content were reviewed and verified by623

the authors.624
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G Limitation625

While HEART demonstrates strong performance across diverse benchmarks, we acknowledge several626

limitations. First, the multi-agent design introduces higher token consumption than single-model627

baselines, though the use of a lightweight 8B backbone keeps overall API cost low; practitioners628

with stricter latency budgets may need to consolidate roles. Second, ToolFace currently relies on629

manually authored schemas to ensure interface quality, and extending the registry to new domains630

requires additional curation effort; automating schema generation is a natural direction for future work.631

Third, our robustness evaluation focuses on prompt injection at the tool-selection stage following632

ToolHijacker; broader threat models, such as compromised tool outputs, remain to be studied. We633

view these as opportunities for further refinement rather than fundamental obstacles to the framework.634

H Code and Result635

We will publish ToolFace, and the comprehensive results of Tool Primitives on the web. For detailed636

information, please visit the following link: https://anonymous.4open.science/r/32D8.637
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NeurIPS Paper Checklist638

1. Claims639

Question: Do the main claims made in the abstract and introduction accurately reflect the640

paper’s contributions and scope?641

Answer: [Yes]642

Justification: The abstract and introduction clearly state the contributions made in the paper.643

Guidelines:644

• The answer [N/A] means that the abstract and introduction do not include the claims made645

in the paper.646

• The abstract and/or introduction should clearly state the claims made, including the647

contributions made in the paper and important assumptions and limitations. A [No] or648

[N/A] answer to this question will not be perceived well by the reviewers.649

• The claims made should match theoretical and experimental results, and reflect how much650

the results can be expected to generalize to other settings.651

• It is fine to include aspirational goals as motivation as long as it is clear that these goals652

are not attained by the paper.653

2. Limitations654

Question: Does the paper discuss the limitations of the work performed by the authors?655

Answer: [Yes]656

Justification: See Section 4.5.657

Guidelines:658

• The answer [N/A] means that the paper has no limitation while the answer [No] means659

that the paper has limitations, but those are not discussed in the paper.660

• The authors are encouraged to create a separate “Limitations” section in their paper.661

• The paper should point out any strong assumptions and how robust the results are to662

violations of these assumptions (e.g., independence assumptions, noiseless settings, model663

well-specification, asymptotic approximations only holding locally). The authors should664

reflect on how these assumptions might be violated in practice and what the implications665

would be.666

• The authors should reflect on the scope of the claims made, e.g., if the approach was only667

tested on a few datasets or with a few runs. In general, empirical results often depend on668

implicit assumptions, which should be articulated.669

• The authors should reflect on the factors that influence the performance of the approach.670

For example, a facial recognition algorithm may perform poorly when image resolution is671

low or images are taken in low lighting. Or a speech-to-text system might not be used672

reliably to provide closed captions for online lectures because it fails to handle technical673

jargon.674

• The authors should discuss the computational efficiency of the proposed algorithms and675

how they scale with dataset size.676

• If applicable, the authors should discuss possible limitations of their approach to address677

problems of privacy and fairness.678

• While the authors might fear that complete honesty about limitations might be used by679

reviewers as grounds for rejection, a worse outcome might be that reviewers discover680

limitations that aren’t acknowledged in the paper. The authors should use their best681

judgment and recognize that individual actions in favor of transparency play an important682

role in developing norms that preserve the integrity of the community. Reviewers will be683

specifically instructed to not penalize honesty concerning limitations.684

3. Theory assumptions and proofs685

Question: For each theoretical result, does the paper provide the full set of assumptions and686

a complete (and correct) proof?687

Answer: [Yes]688

Justification: All formulas and proofs in the Sec 3 are numbered and cross-referenced.689

Guidelines:690
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• The answer [N/A] means that the paper does not include theoretical results.691

• All the theorems, formulas, and proofs in the paper should be numbered and cross-692

referenced.693

• All assumptions should be clearly stated or referenced in the statement of any theorems.694

• The proofs can either appear in the main paper or the supplemental material, but if they695

appear in the supplemental material, the authors are encouraged to provide a short proof696

sketch to provide intuition.697

• Inversely, any informal proof provided in the core of the paper should be complemented698

by formal proofs provided in appendix or supplemental material.699

• Theorems and Lemmas that the proof relies upon should be properly referenced.700

4. Experimental result reproducibility701

Question: Does the paper fully disclose all the information needed to reproduce the main ex-702

perimental results of the paper to the extent that it affects the main claims and/or conclusions703

of the paper (regardless of whether the code and data are provided or not)?704

Answer: [Yes]705

Justification: See the implementation details in Section 4 and Appendix.706

Guidelines:707

• The answer [N/A] means that the paper does not include experiments.708

• If the paper includes experiments, a [No] answer to this question will not be perceived709

well by the reviewers: Making the paper reproducible is important, regardless of whether710

the code and data are provided or not.711

• If the contribution is a dataset and/or model, the authors should describe the steps taken to712

make their results reproducible or verifiable.713

• Depending on the contribution, reproducibility can be accomplished in various ways.714

For example, if the contribution is a novel architecture, describing the architecture fully715

might suffice, or if the contribution is a specific model and empirical evaluation, it may be716

necessary to either make it possible for others to replicate the model with the same dataset,717

or provide access to the model. In general. releasing code and data is often one good718

way to accomplish this, but reproducibility can also be provided via detailed instructions719

for how to replicate the results, access to a hosted model (e.g., in the case of a large720

language model), releasing of a model checkpoint, or other means that are appropriate to721

the research performed.722

• While NeurIPS does not require releasing code, the conference does require all submis-723

sions to provide some reasonable avenue for reproducibility, which may depend on the724

nature of the contribution. For example725

(a) If the contribution is primarily a new algorithm, the paper should make it clear how to726

reproduce that algorithm.727

(b) If the contribution is primarily a new model architecture, the paper should describe728

the architecture clearly and fully.729

(c) If the contribution is a new model (e.g., a large language model), then there should730

either be a way to access this model for reproducing the results or a way to reproduce731

the model (e.g., with an open-source dataset or instructions for how to construct the732

dataset).733

(d) We recognize that reproducibility may be tricky in some cases, in which case authors734

are welcome to describe the particular way they provide for reproducibility. In the735

case of closed-source models, it may be that access to the model is limited in some736

way (e.g., to registered users), but it should be possible for other researchers to have737

some path to reproducing or verifying the results.738

5. Open access to data and code739

Question: Does the paper provide open access to the data and code, with sufficient instruc-740

tions to faithfully reproduce the main experimental results, as described in supplemental741

material?742

Answer: [Yes]743

Justification: See the Appendix H.744

Guidelines:745
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• The answer [N/A] means that paper does not include experiments requiring code.746

• Please see the NeurIPS code and data submission guidelines (https://neurips.cc/747

public/guides/CodeSubmissionPolicy) for more details.748

• While we encourage the release of code and data, we understand that this might not749

be possible, so [No] is an acceptable answer. Papers cannot be rejected simply for not750

including code, unless this is central to the contribution (e.g., for a new open-source751

benchmark).752

• The instructions should contain the exact command and environment needed to run to753

reproduce the results. See the NeurIPS code and data submission guidelines (https:754

//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.755

• The authors should provide instructions on data access and preparation, including how to756

access the raw data, preprocessed data, intermediate data, and generated data, etc.757

• The authors should provide scripts to reproduce all experimental results for the new758

proposed method and baselines. If only a subset of experiments are reproducible, they759

should state which ones are omitted from the script and why.760

• At submission time, to preserve anonymity, the authors should release anonymized ver-761

sions (if applicable).762

• Providing as much information as possible in supplemental material (appended to the763

paper) is recommended, but including URLs to data and code is permitted.764

6. Experimental setting/details765

Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-766

rameters, how they were chosen, type of optimizer) necessary to understand the results?767

Answer: [Yes]768

Justification: See the Section 4.769

Guidelines:770

• The answer [N/A] means that the paper does not include experiments.771

• The experimental setting should be presented in the core of the paper to a level of detail772

that is necessary to appreciate the results and make sense of them.773

• The full details can be provided either with the code, in appendix, or as supplemental774

material.775

7. Experiment statistical significance776

Question: Does the paper report error bars suitably and correctly defined or other appropriate777

information about the statistical significance of the experiments?778

Answer: [Yes]779

Justification: We repeated experiments and reported the average result.780

Guidelines:781

• The answer [N/A] means that the paper does not include experiments.782

• The authors should answer [Yes] if the results are accompanied by error bars, confidence783

intervals, or statistical significance tests, at least for the experiments that support the main784

claims of the paper.785

• The factors of variability that the error bars are capturing should be clearly stated (for786

example, train/test split, initialization, random drawing of some parameter, or overall run787

with given experimental conditions).788

• The method for calculating the error bars should be explained (closed form formula, call789

to a library function, bootstrap, etc.)790

• The assumptions made should be given (e.g., Normally distributed errors).791

• It should be clear whether the error bar is the standard deviation or the standard error of792

the mean.793

• It is OK to report 1-sigma error bars, but one should state it. The authors should preferably794

report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis of Normality795

of errors is not verified.796

• For asymmetric distributions, the authors should be careful not to show in tables or figures797

symmetric error bars that would yield results that are out of range (e.g., negative error798

rates).799

• If error bars are reported in tables or plots, the authors should explain in the text how they800

were calculated and reference the corresponding figures or tables in the text.801
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8. Experiments compute resources802

Question: For each experiment, does the paper provide sufficient information on the com-803

puter resources (type of compute workers, memory, time of execution) needed to reproduce804

the experiments?805

Answer: [Yes]806

Justification: See the Section 4.807

Guidelines:808

• The answer [N/A] means that the paper does not include experiments.809

• The paper should indicate the type of compute workers CPU or GPU, internal cluster, or810

cloud provider, including relevant memory and storage.811

• The paper should provide the amount of compute required for each of the individual812

experimental runs as well as estimate the total compute.813

• The paper should disclose whether the full research project required more compute than814

the experiments reported in the paper (e.g., preliminary or failed experiments that didn’t815

make it into the paper).816

9. Code of ethics817

Question: Does the research conducted in the paper conform, in every respect, with the818

NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?819

Answer: [Yes]820

Justification: We make sure to remain anonymous.821

Guidelines:822

• The answer [N/A] means that the authors have not reviewed the NeurIPS Code of Ethics.823

• If the authors answer [No], they should explain the special circumstances that require a824

deviation from the Code of Ethics.825

• The authors should make sure to preserve anonymity (e.g., if there is a special consideration826

due to laws or regulations in their jurisdiction).827

10. Broader impacts828

Question: Does the paper discuss both potential positive societal impacts and negative829

societal impacts of the work performed?830

Answer: [Yes]831

Justification: See the Section 5.832

Guidelines:833

• The answer [N/A] means that there is no societal impact of the work performed.834

• If the authors answer [N/A] or [No], they should explain why their work has no societal835

impact or why the paper does not address societal impact.836

• Examples of negative societal impacts include potential malicious or unintended uses837

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations (e.g.,838

deployment of technologies that could make decisions that unfairly impact specific groups),839

privacy considerations, and security considerations.840

• The conference expects that many papers will be foundational research and not tied to841

particular applications, let alone deployments. However, if there is a direct path to any842

negative applications, the authors should point it out. For example, it is legitimate to point843

out that an improvement in the quality of generative models could be used to generate844

Deepfakes for disinformation. On the other hand, it is not needed to point out that a845

generic algorithm for optimizing neural networks could enable people to train models that846

generate Deepfakes faster.847

• The authors should consider possible harms that could arise when the technology is being848

used as intended and functioning correctly, harms that could arise when the technology is849

being used as intended but gives incorrect results, and harms following from (intentional850

or unintentional) misuse of the technology.851

• If there are negative societal impacts, the authors could also discuss possible mitigation852

strategies (e.g., gated release of models, providing defenses in addition to attacks, mecha-853

nisms for monitoring misuse, mechanisms to monitor how a system learns from feedback854

over time, improving the efficiency and accessibility of ML).855
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11. Safeguards856

Question: Does the paper describe safeguards that have been put in place for responsible857

release of data or models that have a high risk for misuse (e.g., pre-trained language models,858

image generators, or scraped datasets)?859

Answer: [N/A]860

Justification: Our paper poses no such risks.861

Guidelines:862

• The answer [N/A] means that the paper poses no such risks.863

• Released models that have a high risk for misuse or dual-use should be released with864

necessary safeguards to allow for controlled use of the model, for example by requiring865

that users adhere to usage guidelines or restrictions to access the model or implementing866

safety filters.867

• Datasets that have been scraped from the Internet could pose safety risks. The authors868

should describe how they avoided releasing unsafe images.869

• We recognize that providing effective safeguards is challenging, and many papers do not870

require this, but we encourage authors to take this into account and make a best faith871

effort.872

12. Licenses for existing assets873

Question: Are the creators or original owners of assets (e.g., code, data, models), used in874

the paper, properly credited and are the license and terms of use explicitly mentioned and875

properly respected?876

Answer: [Yes]877

Justification: We use the CC-BY 4.0 license, and provide appropriate citations.878

Guidelines:879

• The answer [N/A] means that the paper does not use existing assets.880

• The authors should cite the original paper that produced the code package or dataset.881

• The authors should state which version of the asset is used and, if possible, include a URL.882

• The name of the license (e.g., CC-BY 4.0) should be included for each asset.883

• For scraped data from a particular source (e.g., website), the copyright and terms of service884

of that source should be provided.885

• If assets are released, the license, copyright information, and terms of use in the package886

should be provided. For popular datasets, paperswithcode.com/datasets has curated887

licenses for some datasets. Their licensing guide can help determine the license of a888

dataset.889

• For existing datasets that are re-packaged, both the original license and the license of the890

derived asset (if it has changed) should be provided.891

• If this information is not available online, the authors are encouraged to reach out to the892

asset’s creators.893

13. New assets894

Question: Are new assets introduced in the paper well documented and is the documentation895

provided alongside the assets?896

Answer: [Yes]897

Justification: We provide our code and our dataset in Appendix H.898

Guidelines:899

• The answer [N/A] means that the paper does not release new assets.900

• Researchers should communicate the details of the dataset/code/model as part of their sub-901

missions via structured templates. This includes details about training, license, limitations,902

etc.903

• The paper should discuss whether and how consent was obtained from people whose asset904

is used.905

• At submission time, remember to anonymize your assets (if applicable). You can either906

create an anonymized URL or include an anonymized zip file.907

14. Crowdsourcing and research with human subjects908
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Question: For crowdsourcing experiments and research with human subjects, does the paper909

include the full text of instructions given to participants and screenshots, if applicable, as910

well as details about compensation (if any)?911

Answer: [N/A]912

Justification: Our paper does not involve crowdsourcing nor research with human subjects.913

Guidelines:914

• The answer [N/A] means that the paper does not involve crowdsourcing nor research with915

human subjects.916

• Including this information in the supplemental material is fine, but if the main contribution917

of the paper involves human subjects, then as much detail as possible should be included918

in the main paper.919

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation, or920

other labor should be paid at least the minimum wage in the country of the data collector.921

15. Institutional review board (IRB) approvals or equivalent for research with human922

subjects923

Question: Does the paper describe potential risks incurred by study participants, whether924

such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)925

approvals (or an equivalent approval/review based on the requirements of your country or926

institution) were obtained?927

Answer: [N/A]928

Justification: Our paper does not involve crowdsourcing nor research with human subjects.929

Guidelines:930

• The answer [N/A] means that the paper does not involve crowdsourcing nor research with931

human subjects.932

• Depending on the country in which research is conducted, IRB approval (or equivalent)933

may be required for any human subjects research. If you obtained IRB approval, you934

should clearly state this in the paper.935

• We recognize that the procedures for this may vary significantly between institutions936

and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the937

guidelines for their institution.938

• For initial submissions, do not include any information that would break anonymity (if939

applicable), such as the institution conducting the review.940

16. Declaration of LLM usage941

Question: Does the paper describe the usage of LLMs if it is an important, original, or942

non-standard component of the core methods in this research? Note that if the LLM is used943

only for writing, editing, or formatting purposes and does not impact the core methodology,944

scientific rigor, or originality of the research, declaration is not required.945

Answer: [Yes]946

Justification: The LLMs are the testing object of our paper.947

Guidelines:948

• The answer [N/A] means that the core method development in this research does not949

involve LLMs as any important, original, or non-standard components.950

• Please refer to our LLM policy in the NeurIPS handbook for what should or should not be951

described.952
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