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Abstract

Multi-turn tool calling is essential for LLMs
to function as autonomous agents, yet synthe-
sizing the training data required for these capa-
bilities remains a fundamental challenge. Ex-
isting synthetic data generation pipelines often
produce unrealistic dialogues for two reasons:
they chain tools that are only superficially com-
patible rather than aligned with meaningful
user tasks, and they generate dialogues in one
shot, which often introduces arguments that
were neither provided by the user nor produced
by prior tool calls. These issues also lead
to a severe underrepresentation of multi-step
tool interactions. We introduce ToolWeave, a
structured framework for synthesizing realistic
multi-turn tool-calling dialogues. ToolWeave
supports realistic multi-step workflows (or tool
sequences) by constructing tools with built-in
dependencies and filtering candidate workflows
based on their alignment with user goals. It
reduces parameter hallucinations through a fine-
grained planning stage that explicitly tracks pa-
rameter provenance. As a result, 44.87% of
conversational turns in ToolWeave-generated
data are multi-step, and the data contains fewer
hallucinations in parameters and tool names.
Consequently, LLMs fine-tuned on ToolWeave
consistently outperform those fine-tuned on
prior datasets across three public benchmarks.
Notably, Llama-3.1-70B fine-tuned on Tool-
Weave achieves 39.75% on BFCL-V3, com-
pared to 23.50% when fine-tuned on SOTA
ToolFlow data.

1 Introduction

The evolution of large language models (LLMs) into
autonomous agents relies on multi-turn tool-calling:
the ability to chain tools, elicit user information, and
maintain state across complex workflows (Yao et al.,
2023; Schick et al., 2023). Fine-tuning on synthetic
data has become a standard approach for improving

*Work done during Gnana’s internship at IBM.

these capabilities (Qin et al., 2024). However, gen-
erating realistic multi-turn tool-calling dialogues
is not simply generating fluent conversations with
tool calls. Existing synthesis pipelines, such as
ToolFlow (Wang et al., 2025), Magnet (Yin et al.,
2025), and ToolDial (Shim et al., 2025), suffer from
two major limitations: semantically incoherent
workflows and parameter hallucinations.

Semantically incoherent workflows: Given a set of
tools, existing approaches construct a tool graph
and sample sequences of connected tools (i.e., work-
flows) for dialogue synthesis. However, the coher-
ence of these workflows is fundamentally limited
by the quality of the underlying tool graph. In
most pipelines, edges in the tool graph are inferred
by matching parameter names and descriptions
across tools. For instance, a pipeline may connect
create_support_ticket(issue) — ticket_id
with cancel_movie_ticket(ticket_id) solely
because both expose a parameter named ticket_id.
While this enforces schema-level compatibility, it
does not guarantee semantic coherence.

This issue has an important downstream conse-
quence. Because workflows are constructed based
on superficial similarity rather than true data depen-
dencies, they rarely require the output of one tool to
meaningfully drive another. As a result, the synthe-
sized dialogues seldom contain genuine multi-step
tool interactions within a turn. This is a crucial
limitation, as real world tool use tasks require com-
posing multiple dependent operations, where in-
termediate results must be propagated across tools
to achieve a single user objective. In our analysis
(Table 2), fewer than 7% of conversational turns
in data from prior pipelines contain multiple tool
calls.

Parameter hallucinations: Given a candidate work-
flow, existing approaches typically prompt an LLM
to generate the entire dialogue or plan in a single
pass. This leaves the execution structure implicit.
The model must infer how tool calls align with
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user intent, where each argument originates from,
and how intermediate results are propagated. In
practice, this often leads to hallucinated arguments,
where parameters are neither provided by the user
nor produced by preceding tool calls. As shown
in Table 3, more than 50% of dialogues generated
by prior approaches contain such parameter hal-
lucinations, and models trained on this data risk
inheriting the same behaviour.

These limitations stem from a common root
cause: the absence of structured, verifiable in-
termediate representations that explicitly capture
workflow dependencies and parameter provenance.
Our Approach. To address these challenges, we
introduce ToolWeave, a modular framework that
decomposes synthesis into structured, verifiable
stages. ToolWeave is designed to generate dia-
logues with realistic multi-step tool interactions
while minimizing hallucinations.

First, instead of starting with a fixed set of tools
and inferring edges in the tool graph post hoc
via semantic similarity, we propose an iterative
curriculum that synthesizes tools with built-in infor-
mation flow between them. This yields tool graphs
with meaningful data dependencies and coherent
workflows by construction. We further improve
workflow quality through an explicit verification
step. We sample workflows, synthesize user goals
for each workflow, score the compatibility between
workflows and goals, and retain only high-quality
pairs, thereby filtering out incoherent compositions.
This increases the prevalence of multi-step tool in-
teractions from ~7% in prior approaches to ~45%.

Second, we introduce a fine-grained planning
stage that explicitly models parameter provenance.
For each dialogue, the plan specifies parameters at
each step and their sources (user, context, or prior
tools). This explicit structure eliminates ambiguity
in execution and significantly reduces hallucinated
arguments, lowering hallucination rates from ~53%
in prior approaches to nearly 20%.

ToolWeave consistently outperforms existing ap-
proaches across three publicly available tool-calling
benchmarks. The code, synthesized tools, and dia-
logues are publicly available.

2 Related Work

Fine-Tuning Datasets and Models for Tool Call-
ing: Toolformer (Schick et al., 2023), replaced
text segments with tool calls to train LLMs to pro-

Thttps://github.com/IBM/ToolWeave

duce tool calls. Several instruction-tuning datasets
have been created to improve tool-calling capabil-
ities in LLMs. Most of these datasets introduce
single-turn tool-calling capabilities in models (Tang
et al., 2023; Qin et al., 2024; Liu et al., 2024; Basu
et al., 2024; Shi et al., 2025) using APIs extracted
from sources such as RapidAPI (RapidAPI, 2026)
or APIBench (Patil et al., 2024). Reinforcement
learning and other tuning strategies to improve
tool calling capabilities are presented by Hao et al.
(2025) and Chen et al. (2025b). Tool retrieval be-
comes an important aspect with increasing tools
and is addressed by Qin et al. (2025) and Chen
et al. (2024). Recent work explores looking at
creating multi-turn tool calling data using synthetic
data generation (SDG) pipelines and models (Wang
et al., 2025; Shim et al., 2025; Prabhakar et al.,
2026; Liu et al., 2025; Yin et al., 2025; Chen et al.,
2025a). The APIs and frontier models used in these
pipelines make them restrictive and not licensable
for commercial deployments. Random sampling of
APIs followed by high-level plan generation used
in these approaches often results in incoherent and
poor-quality dialogues. To address these shortcom-
ings, ToolWeave proposes an end-to-end synthetic
data generation pipeline that provides fine-grained
control at each stage that works equally well with
frontier and small open-weight models.

Tool Calling Evaluation Benchmarks:
BFCL (Patil et al., 2025) is one of the com-
prehensive benchmarks aimed at evaluating
various aspects of function calling including
multi-turn. Several other benchmarks evaluate
single-turn capabilities of the models like (Wu
et al., 2024; Patil et al., 2025; Ross et al., 2025;
Xu et al.,, 2023; Zhuang et al., 2023; Huang
et al., 2024; Basu et al., 2025). Benchmarks like
CONFETTI (Alkhouli et al., 2025), APIBank (Li
et al., 2023), ToolHop (Ye et al., 2025) are built for
evaluating multi-turn capabilities of the models.
7-bench (Yao et al., 2025) and Agentboard (Ma
et al., 2024) assess agentic capabilities, including
multi-turn tool use and policy adherence.

Appendix B compares ToolWeave with other
SDG pipelines across key features, including code
availability, API synthesis, licensing, and fine-
grained control.

3 ToolWeave Architecture

ToolWeave is a modular pipeline for synthesiz-
ing realistic multi-turn, multi-step tool-calling di-
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Figure 1: The modular architecture of ToolWeave. Starting with a domain name, the Tool Graph Synthesizer
creates synthetic APIs and organizes them into an interconnected graph; the Structured Tool Graph Sampler extracts
coherent subgraphs as goals; the Structured Plan Generator expands these goals into detailed dialogue plans; and
the Multi-Agent Dialogue Synthesizer instantiates the plans into natural multi-turn dialogues.

alogues from automatically generated tools. It
decomposes dialogue generation into four stages
that progressively transform structured intermedi-
ate representations into natural conversations. As
shown in Figure 1, ToolWeave first constructs a syn-
thetic tool graph, then samples goal-directed work-
flows, converts them into fine-grained executable
plans, realizes these plans as multi-agent dialogues
with grounded tool calls, and finally applies post-
processing to introduce linguistic variation and con-
trolled noise. By externalizing complex reasoning
into these structured stages, ToolWeave enables re-
liable generation of high-quality tool-calling trajec-
tories. Figure 3 traces one tool dependency through
all four stages on a running customer-support ex-
ample; the complete goal, plan, tools, and dialogue
for this example appear in Appendix M.

3.1 Tool Graph Synthesizer

Prior tool graph construction typically relies on
either real-world APIs from marketplaces like Rap-
idAPI (RapidAPI, 2026) or one-shot synthetic tool
generation via LLMs. The RapidAPI-based ap-
proaches provide realistic tools but have two limi-
tations. First, existing frameworks typically infer
connections between tools using semantic similar-
ity over parameter names and descriptions (Shim
et al., 2025; Wang et al., 2025). Such heuris-
tics often create incorrect edges; e.g., unrelated
parameters like get_hotel_id(.) — id and
reserve_restaurant(id) may be falsely linked

One-Shot ToolWeave

"parameters”: { "parameters": {

"schedule_details": "string", "maintenance_window": {
"start_date": "date",

"priority": "high|medium|low" “end_date": "date”

"machine_id": "string"
} "recurring”: boolean,
"interval_days": integer,
"technician_ids": ["string"],

"equipment_id": "string",

"notes": “"string"

Figure 2: Input schema comparison for
generate_maintenance_schedule(). One-shot
generation yields a flat parameter list, while ToolWeave
produces a richer schema with nested objects.

as compatible, leading to invalid tool compositions.
Second, many tools lack clear redistribution rights,
raising potential licensing concerns.

Synthetic generation approaches (Liu et al., 2025;
Chen et al., 2025a) avoid licensing issues but gen-
erate all tools in a single step. As a result, the gen-
erated tools tend to cover only superficial function-
ality, rarely capturing deeper schema relationships,
real-world business logic, or workflows across tools.

In contrast, ToolWeave’s multi-stage curricu-
lum produces highly structured and realistic
definitions.  Figure 2 illustrates this contrast
by comparing the input parameter schemas
for a generate_maintenance_schedule() tool.
While the one-shot baseline generates a flat, sim-
plistic list of parameters, ToolWeave generates com-
plex structures such as nested objects, conditional
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parameter dependencies, and explicit identifiers
that link to other tools. This is made possible by
a curriculum-driven, multi-stage tool generation
process that ToolWeave follows, described next.

1. Seed generation: Create a minimal set of core
tools covering fundamental operations.

2. Entity expansion: Expand coverage using struc-
tured knowledge from Wikipedia and Wikidata.
E.g., ToolWeave captures the business rule that
interval_days is mandatory when recurring
is true. This is inferred from Wikipedia’s main-
tenance page (see Figure 2).

3. Schema enrichment: Add depth via nested ob-
jects, enums, defaults, and optional parameters.

4. Connection discovery: Introduce explicit linking
parameters that enable workflows across tools
(e.g., technician_id and equipment_id),
rather than inferring edges post-hoc via semantic
similarity.

By decomposing tool synthesis into staged steps,
ToolWeave constructs a domain-specific tool graph
G, where nodes represent tools and directed edges
indicate that outputs of one tool may serve as inputs
to another. This graph captures explicit data depen-
dencies between tools and serves as the foundation
for workflow sampling in the next stage. More
details on the Tool Graph Synthesizer are provided
in Appendix C.

3.2 Structured Tool Graph Sampler

Given the synthesized tool graph, the next step is to
sample coherent tool workflows aligned with mean-
ingful user goals. Prior work (Wang et al., 2025)
generates tool sequences using random walks over
tool graphs. While this ensures syntactic compat-
ibility between tools, it often produces sequences
that do not correspond to meaningful user tasks.
ToolWeave instead enforces tool-goal alignment
by sampling workflows that follow common struc-
tural motifs: linear, fan-in/fan-out, and conditional.
These motifs mimic real-world tool interactions
and enable the generation of goal-directed tool se-
quences. By constraining sampling to such motifs,
ToolWeave transforms tool-sequence generation
from an unconstrained graph traversal into a con-
trolled workflow synthesis process.

Workflow motifs: ToolWeave samples workflows
using common structural motifs: linear, fan-in/fan-
out, and conditional. Linear chains form the back-
bone of the sampler, reflecting typical interactions
where each step builds on previous results (e.g.,

search tickets — retrieve details — update status
— notify user). These chains are obtained through
a bounded beam search (Russell and Norvig, 2013)
over the tool graph (Appendix D). Higher-order mo-
tifs capture more complex patterns. Fan-in/fan-out
workflows aggregate multiple pieces of information
before a final action (e.g., retrieving ticket details
and checking user history before updating the ticket).
Conditional workflows model branches where the
next step depends on an API result (e.g., retrieve
ticket details if creation succeeds, otherwise list
existing tickets).

Validation and Selection: For each sam-
pled workflow, 7ToolWeave synthesizes a
natural-language goal and scores the pair

(tools in workflow, goal) using an LLM judge.
After discarding pairs below a minimum quality
threshold, we apply Maximum Marginal Relevance
(MMR) (Carbonell and Goldstein, 1998) to the
linear workflows to prune similar goals and
maximize task diversity. For fan-in/fan-out and
conditional motifs, all valid pairs are retained to
preserve complex interaction patterns. Detailed
scoring rubrics and algorithms are provided in
Appendix D.

3.3 Structured Plan Generator

Given a goal and its tool sequence, the next step is
to generate a plan that guides dialogue synthesis.
Broadly, plan generation strategies fall into two cate-
gories: high-level planning and turn-level planning.
High-level plans (Wang et al., 2025) specify only
abstract steps, leaving most work to the dialogue
synthesizer. While flexible, this places a heavy
burden on synthesizer and often leads to errors
such as repeated interaction loops (e.g., repeated
goodbyes), incorrect tool ordering (e.g., shipping
an order before it is created), or hallucinated outputs
produced without corresponding tool calls. In con-
trast, turn-level plans explicitly specify the structure
of each dialogue turn. However, existing turn-level
approaches (Shim et al., 2025) rely on predefined
action-sequence templates that do not explicitly
model parameter dependencies across tools, and
rarely generate dialogues containing multi-step tool
interactions within the same turn, producing such
patterns in approximately 7% of conversational
turns.

To address these limitations, ToolWeave shifts
much of the reasoning burden from the dialogue
synthesizer to an explicit planning stage, so that
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@ Tool Graph Synthesizer (§3.1)

submit_feedback
in: rating, comments, support_ticket_id, customer_id
out: feedback_id, submitted_at, status

l feedback_id

trigger_feedback_followup
in: followup_method, feedback_record_id
out: followup_id, scheduled_at, status

Tools are synthesized with a built-in dependency: the downstream tool
cannot run without a value the upstream tool produces.

0 Structured Sampler (§3.2)

“Retrieve the full details and assignment of a specific support
ticket, record the user’s satisfaction ratings and comments,
and trigger a follow-up outreach when feedback is low.”
Sampled tool path
get_ticket_details — submit_feedback
— trigger_feedback_followup
Dependency binding: feedback_id — feedback_record_id

A goal is retained only if it is aligned with a connected path in the graph, so
the workflow is task-meaningful rather than merely schema-compatible.

©® Fine-Grained Plan (§3.3)

Segment 2 - subgoal: record feedback and trigger follow-up
4 USER_UTTERANCE
support_ticket_id « $user_provided
5 ASSISTANT_CLARIFICATION
[rating, comments, followup_method]
6 USER_RESPONSE_TO_CLARIFICATION
rating, comments, followup_method «— $user_provided
7 CALL_TOOL submit_feedback
customer_id « $get_ticket_details.user_id
8 CALL_TOOL trigger_feedback_followup
feedback_record_id «
$submit_feedback. feedback_id
Segment 1 (not shown) called get_ticket_details, which supplies
customer_id above; see Appendix M.

® Multi-Agent Synthesizer (§3.4)

User: Please record feedback for support ticket ST-20251118-8392. ..
Assistant: What rating would you like to submit, what comment should I
include, and which follow-up method should we use if the rating is low?
User: Please record a rating of 2 with the comment “The issue is still
unresolved,” and arrange follow-up by phone.

Assistant: submit_feedback({"rating”: "2",

"comments”: "The issue is still unresolved.”, .. .3})
Tool Response: {"feedback_id": "FB-20251121-68317", "status”:
"received"}

Assistant: trigger_feedback_followup(
{"followup_method”: "phone",
"feedback_record_id": "FB-20251121-68317"})

The bound source resolves to a concrete literal at generation time.

Figure 3:

A cross-tool dependency traced through the four ToolWeave stages.

The planner binds

trigger_feedback_followup.feedback_record_id to its provenance source, submit_feedback. feedback_id,
rather than to a hard-coded value. During dialogue synthesis, this binding is resolved using the upstream tool output.

The full example appears in Appendix M.

the synthesizer mainly realizes the dialogue from
the plan rather than performing complex reasoning.
Unlike prior methods that infer dialogue structure
during generation, ToolWeave computes tool group-
ing, parameter dataflow, and clarification require-
ments during planning. As a result, the planner
enables richer interaction patterns, increasing the
proportion of multi-step turns to 44.87%. The
planner operates in three stages.

Tool Path Partitioning: Given a goal and its
corresponding tool sequence (e.g., [A, B, C, DJ),
the planner partitions the sequence into contiguous
groups (e.g., [[A], [B, C], [D]]). Each group rep-
resents a coherent sub-goal realized as a dialogue
segment. Linear paths are partitioned by an LLM
conditioned on the goal to identify natural subgoal
boundaries. Higher-order motifs use deterministic
rules to preserve dependencies between tools.

Subgoal Synthesis and Segmentation: Next,
each tool group is assigned a concise natural-
language subgoal, and the corresponding dialogue
segment is constructed. Each segment is realized
as a sequence of interaction acts including

user_request, assistant_clarification,
user_clarification_response,
tool_invocation, and assistant_response. A
segment begins with a user request expressing the
subgoal. Each required parameter is provided in
that request with probability 1 — p ;4 and withheld
otherwise; withheld parameters are elicited through
assistant clarification requests and user responses
before the corresponding tool calls are executed
and their results summarized.

Parameter Planning: Within each segment, the
planner resolves tool parameters by tracing the
Tool Graph. Parameters are categorized as (i) user-
provided (from user utterances) and (ii) derivable
(populated from prior tool outputs or dialogue his-
tory). This explicitly plans dataflow instead of
relying on the dialogue synthesizer to infer depen-
dencies during generation.

Overall, the Structured Plan Generator intro-
duces three key design elements. Tool grouping
partitions the tool path into tool groups, enabling
multi-step tool interactions within a dialogue seg-
ment. Fine-grained interaction acts improve con-
versational coherence. Explicit parameter binding
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ensures consistent data flow across turns. Together,
these choices transform dialogue generation from a
loosely guided language generation problem into a
structured execution process, enabling reliable syn-
thesis of complex multi-turn tool-calling dialogues.
Planner algorithms are described in Appendix E.

3.4 Multi-Agent Dialogue Synthesizer and
Post-Processing

Using the structured plan, ToolWeave synthesizes
the dialogue using a plan-driven multi-agent frame-
work. Each interaction act is handled by a dedicated
agent, along with a tool agent and a memory agent.
The memory agent maintains a persistent state
containing resolved parameters, tool outputs, and
other dialogue facts, ensuring consistency across
turns. The tool agent generates schema-consistent
responses for tool calls without requiring access
to live API endpoints. The agent responsible for
the current interaction act receives the dialogue his-
tory, the parameter plan, and the memory state, and
produces the next utterance accordingly. The mem-
ory is then updated before executing the next step.
This stateful execution ensures that dialogues faith-
fully follow the plan while maintaining coherent
multi-turn interactions. Details are in Appendix F.

To ensure robustness, we further refine the synthe-
sized dialogues through three post-processing steps:
(1) Linguistic Variation: rephrasing user utterances
to prevent overfitting; (ii) Failure Injection: with
probability p;, jecr, adding a variant of the dialogue
that introduces erroneous tool calls and recovery
behaviors to simulate real-world API faults; and
(iii) Schema Masking: replacing function names
with generic identifiers (e.g., func_01) to force rea-
soning over rich schemas rather than surface labels.
This refinement process transforms raw synthetic
traces into a natural, error-robust dataset suited for
generalizable tool-calling. (Detailed algorithms are
in Appendix G).

4 Analysis of Data Quality

4.1 API Quality and Coverage

We evaluate the synthetic APIs generated by Tool-
Weave along three dimensions: breadth, depth, and
connectivity. Breadth measures API diversity via
the average number of APIs per domain and param-
eters per APIL. Depth captures schema complexity
using Complex API Use (CAU), the proportion
of APIs containing nested objects or arrays, and
the Required Parameter Ratio (RPR), the fraction

Table 1: Avg. API stats per domain across synthesis models.

Metric GPT-OSS (0O) Mistral (M) GPT-5-mini (G)
Avg. APIs/Domain 25.25 20.85 28.35

Avg. Params / API 3.60 292 5.01
Complex API Use (CAU) 23.6% 19.8% 36.6%
Required Param Ratio (RPR) 65.6% 68.4% 48.9%
Interconnectivity (IC) 1.08 1.85 1.03
Longest Chain (avg.) 5.5 59 6.15

of parameters marked as required. Connectivity
measures how APIs compose into workflows us-
ing Interconnectivity (IC), which estimates direct
data-flow potential between APIs, and the average
longest tool chain. Formal definitions of these
metrics are provided in Appendix C.7.

We generate API sets for 20 domains
(Appendix C.2) using three synthesis LLMs:
the open-weight GPT-0SS-120B, the commer-
cial mistral-medium-2505, and the frontier
GPT-5-mini. Table 1 reports the per-domain av-
erages. Open-weight models produce broader
schemas, while stronger models generate more
complex APIs with higher nesting. Despite these
stylistic differences, ToolWeave consistently pro-
duces coherent and highly connected Tool Graphs.

Comparison with Real-World APIs: Com-
pared to the 4,474 RapidAPI schemas used in
ToolDial (Shim et al., 2025), our synthetic APIs
exhibit higher structural complexity (avg. 3.6-5.0
vs. 2.4 parameters; CAU up to 36.6% vs. 1.0%).
We argue that this difference is beneficial: higher
schema complexity introduces richer parameter
structures and constraints, requiring LLMs to per-
form more precise parameter grounding and com-
position within each tool call. This intra-tool com-
plexity provides the necessary hooks for multi-step
reasoning, as reflected in Section 4.2, where our
dialogues achieve up to 44.87% multi-step turns
versus ~7% in baseline datasets. Moreover, com-
plex APIs with expressive parameter spaces provide
richer supervision signals for learning tool usage
and parameter grounding. As shown in Section 5.2,
these structural properties lead to superior multi-
turn tool-calling performance. We further evaluate
edge quality directly: in a manual evaluation of
100 edges presented in randomized order with the
source system hidden, 74% of ToolWeave edges
were judged to form semantically coherent work-
flows, against 12% for ToolDial (Appendix C.8).
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Table 2: Statistics of synthetic dialogues grouped by synthesis
pipeline.

Dataset Min/Max/Avg. Min/Max/Avg. % Total / % True

Turns Tool Calls  Multi-step Turns
ToolWeave 1/8/2.71 1/5/3.22 44.87 7 40.67
ToolFlow 1/10/6.28 0/15/2.20 6.77/0.0
ToolDial 2/6/4.48 0/2/1.51 4.4710.0

4.2 Dialogue Structure and Complexity

For controlled comparison, we analyze ~3.2k Tool-
Weave dialogues and compare them with matched
~3.2k subsets from the ToolFlow and ToolDial base-
lines. Table 2 summarizes the structural properties
of these dialogues. We report the number of conver-
sational turns, total fool calls, and the proportion of
multi-step turns (turns requiring multiple tool calls).
We further distinguish True multi-step turns, where
later calls directly consume outputs from earlier
ones within the same turn. The results highlight a
clear difference in generation behavior. ToolFlow
produces long dialogues (up to 10 turns and 15
tool calls) but achieves 0.0% True multi-step turns,
indicating uncontrolled sequences of shallow, inde-
pendent tool calls rather than meaningful reasoning
chains. ToolDial (Shim et al., 2025), despite using
GPT-40 with real APIs, generates shallow conver-
sations averaging only ~1.5 tool calls per dialogue
and no true multi-step turns. In contrast, Tool-
Weave produces compact dialogues that are dense
with reasoning, achieving up to 40.67% True multi-
step turns. These results suggest that structured
planning and tool graph reasoning enable richer
multi-step interactions than existing pipelines. Ex-
ample failure cases from ToolFlow and ToolDial are
shown in Appendix N and Appendix O respectively.
ToolWeave dialogues also carry substantially more
cross-tool dataflow, averaging 3.09 dataflow edges
per dialogue against 0.41 for ToolFlow, where a
dataflow edge links a tool-call argument to a value
produced by an earlier tool response (Appendix H).

4.3 Hallucinations in Synthesized Dialogues

We randomly sampled 200 dialogues from Tool-
Weave, ToolDial, and ToolFlow to evaluate dataset
quality. Table 3 reports different hallucination types
and the percentage of dialogues exhibiting each er-
ror. A dialogue may contain multiple error types
and thus appear in multiple rows, while the final
row reports dialogues with no errors. The results
highlight the benefits of detailed parameter plan-
ning in ToolWeave. The only hallucinations that
persist in ToolWeave are value hallucinations. For

Table 3: Hallucination analysis across ToolWeave,
ToolDial, and ToolFlow.

Hallucination Type ToolWeave ToolDial ToolFlow

Tool name hallucination 0.0% 30.5% 5.0%
Parameter name hallucination 0.0% 3.5% 0.0%
Parameter value hallucination 20.0% 4.5% 46.5%
Assistant text output hallucination 0.0%  24.5% 75.5%

No hallucination (clean) 80.0%  46.5% 16.5%

Table 4: LLM evaluation of synthetic dialogues.
Nat=Naturalness, Coh=Coherence, Hel=Helpfulness,
Acc=Accuracy.

Dataset Nat Coh Hel Acc
ToolWeave 4.38 4.12 3.89 4.38
ToolFlow 3.85 2.94 3.21 3.27
ToolDial 3.38 342 3.00 3.82

example, when a user says Charge the $201.40 to
my credit card, the generated tool call may record
payment_amount: 20140. Beyond turn-level hal-
lucination, we also validate cross-tool dataflow:
94.2% of the 10,853 dataflow edges in ToolWeave
dialogues carry values correctly traceable to an
upstream tool response (Appendix H).

4.4 LLM-as-Judge Evaluation of Dialogues

Following prior work (Wang et al., 2025), we eval-
uate dialogue quality using an LL.M-as-judge pro-
tocol. We use GPT-5-mini to rate 200 sampled
dialogues per dataset on a 1-5 scale across four
dimensions: Naturalness (human-likeness of the
conversation), Coherence (logical flow and rele-
vance), Helpfulness (usefulness of the assistant
responses), and Accuracy (factual correctness). Ta-
ble 4 reports the results. ToolWeave achieves the
highest scores across all dimensions. In contrast,
ToolFlow receives substantially lower coherence
and helpfulness scores, consistent with the loop-
heavy behavior observed in Table 2. ToolDial
attains reasonable accuracy but lags in natural-
ness and coherence. Overall, these results confirm
that ToolWeave produces dialogues that are both
structurally complex and conversationally coher-
ent. Appendix L.4 provides full protocol details
and shows that these conclusions hold under three
additional judge models.

S Experiments

We evaluate ToolWeave along three questions:
1. Performance Study: How does ToolWeave com-
pare with existing pipelines?
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2. Synthetic vs. Real APIs: How do ToolWeave’s
synthetic APIs compare with real APIs?

3. Ablation Study: How does each component of
ToolWeave affect overall performance?

5.1 Experimental Setup

We synthesize ToolWeave data using GPT-5-mini,
denoted as ToolWeave (G), and GPT-0SS-120B, de-
noted as ToolWeave (O). We use ToolWeave-R to
denote variants that employ real-world RapidAPI
schemas instead of our synthetic APIs. For each
configuration, we generate 3.2K dialogues. We
set perar = 0.3 and pjpjecr = 0.7 (Appendix L.3).
We compare against two baselines: ToolDial (di-
alogues generated with GPT-40) and ToolFlow?.
We focus on reproducible pipelines; several recent
methods (Yin et al., 2025; Prabhakar et al., 2026;
Liu et al., 2025) lack public code or do not specify
the data mixtures used for fine-tuning, making faith-
ful implementation and fair comparison difficult.
We evaluated three base models: Llama-3.1-
8B, Llama-3.1-70B, and Phi-4, covering various
model sizes and families. All models are fine-tuned
using QLoRA via LLaMA-Factory. All hyperpa-
rameters used for fine-tuning are provided in Ap-
pendix J. We evaluate all models on a diverse suite
of three multi-turn tool-calling benchmarks: BFCL-
V3 (Patil et al., 2025), API Bank (Li et al., 2023),
and CONFETTI (Alkhouli et al., 2025). Benchmark
details are provided in Appendix K.
Comparison scope: Our experiments isolate the
effect of synthetic training data rather than claim
leaderboard state of the art. We use controlled
within-backbone comparisons, holding the base
model and fine-tuning setup fixed while varying
the training corpus among ToolDial, ToolFlow, and
ToolWeave. Frontier proprietary systems score
substantially higher on the continuously updated
BFCL-V3 leaderboard (Patil et al., 2025), but are
not directly comparable, as they differ in model
scale, training data, and inference setup, and their
rankings shift frequently.

5.2 Performance Study

BFCL-v3: Table 5 presents the results on BFCL
v3 using the overall aggregated average accuracy
(Avg. Acc). BFCL v3 evaluates not only the
basic ability to perform tool calling (Base), but
also tests whether a model can prompt the user
when required information is missing (Miss Param.),

ZWe implemented ToolFlow using the prompts provided in
the paper and synthesized the dialogues using GPT-5-mini.

Table 5: BFCL-V3 multi-turn performance.

Avg. Miss Miss Long
Model Acc. Base Func. Param. Ctx.
Llama-3.1-8B 9.25 11.00 8.00 850 9.50
+ ToolDial 1.75 0.50 3,50 250 0.50
+ ToolFlow 7.50 9.50 550 550 9.50
+ ToolWeave-R (G) 18.38 24.00 18.00 14.50 17.00
+ ToolWeave (O) 19.88 23.00 21.50 15.50 19.50
+ ToolWeave (G)  21.12 28.00 18.00 18.50 20.00
Llama-3.1-70B 12.50 17.00 13.00 10.50 9.50

+ ToolDial 375 450 3.00 4.00 350

+ ToolFlow 23.50 29.50 20.50 20.00 24.00
+ ToolWeave-R (G) 37.38 40.00 43.00 34.00 32.50
+ ToolWeave (O) 33.25 37.50 35.00 32.00 28.50
+ ToolWeave (G)  39.75 42.50 43.00 37.00 36.50
Phi-4 312 7.50 0.00 250 250
+ ToolDial 2.00 2.00 0.50 3.50  2.00
+ ToolFlow 10.12 11.00 10.00 11.50 8.00
+ ToolWeave-R (G) 26.25 33.50 33.50 20.50 17.50
+ ToolWeave (O) 24.50 24.00 28.50 31.00 14.50
+ ToolWeave (G) 29.50 36.00 30.50 31.50 20.00
Table 6: BFCL-V3 multi-turn performance of

Llama-3.1-7@B across two splits: multi-step and single-step
dialogues.

Multi-step Single-step Average
Accuracy Accuracy Accuracy

Base 10.80 17.12 12.50
ToolFlow 19.75 26.32 23.50
ToolWeave 38.73 44.08 39.75

refrain from hallucinating when an appropriate tool
is unavailable (Miss Func), and maintain accuracy
in long, information-rich contexts (Long Ctx.). The
BFCL dataset contains 800 dialogues in total, of
which 648 include at least one multi-step interaction,
while the remaining dialogues do not contain any
multi-step interactions.

When LLMs are fine-tuned on dialogues gener-
ated by ToolDial, all three models perform worse
than the base model. This is due to two key lim-
itations: a cap of two tool calls per dialogue and
a reliance on only 21 fixed interaction templates.
As a result, only 4.47% of conversational turns in
ToolDial are multi-step, with predefined flows that
do not align well with the more realistic interaction
patterns found in BFCL. ToolFlow performs better
than ToolDial because it generates more realistic
dialogues. However, its high-level planner places
most of the burden on the dialogue synthesizer, re-
sulting in only 6.77% of conversational turns being
multi-step. In contrast, 44.87% of conversational
turns in ToolWeave are multi-step, largely due to its
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Table 7: Generalization across API-L1, API-L2, and
CONFETTL

Model API-L1 API-L2 CONFETTI Average
Llama-3.1-8B 6291  59.46 20.55 47.64
+ ToolDial 59.15  52.70 23.12 44.99
+ ToolFlow 67.92  54.05 17.39 46.45
+ ToolWeave-R (G) 68.17  51.35 19.37 46.30
+ ToolWeave (O) 68.92  60.81 36.76 55.50
+ ToolWeave (G) 7544  63.51 28.85 55.93
Llama-3.1-70B 54.89  59.46 33.00 49.12
+ ToolDial 7193  40.54 11.46 41.31
+ ToolFlow 70.68  59.46 28.46 52.87
+ ToolWeave-R (G) 7193  66.22 33.99 57.38
+ ToolWeave (O) 71.18  64.86 45.45 60.50
+ ToolWeave (G) 7143  63.51 34.78 56.57
Phi-4 34.09  25.68 13.44 24.40
+ ToolDial 55.64  44.59 13.64 37.96
+ ToolFlow 49.12  56.76 15.61 40.50
+ ToolWeave-R (G) 75.19  62.16 32.41 56.59
+ ToolWeave (O) 71.68  62.16 33.60 55.81
+ ToolWeave (G) 76.69  64.86 31.42 57.66

fine-grained turn-level planner, thus outperforming
ToolFlow by a large margin (at least 13 points).
Table 6 shows the performance across two subsets
of the data: multi-step and single-step. Across all
three settings, multi-step accuracy consistently lags
single-step by roughly 5-6 percentage points. This
is expected as multi-step tasks compound errors
at each step. ToolWeave achieves 3.6 times the
multi-step accuracy and 2.6 times the single-step
accuracy of the Base model.

Other Benchmarks: To assess the breadth of
our approach, we evaluate ToolWeave across two
additional benchmarks. Table 7 shows ToolWeave
consistently improves performance across bench-
marks, with average gains reaching 33.26 points
(Phi-4). Notably, our 16.2 point improvement on
CONFETTI demonstrates superior handling of com-
plex conversational dynamics such as goal switch-
ing and chained function calls, where performance
is typically limited across state of the art models.
These results demonstrate that ToolWeave enhances
multi-step reasoning and compositional tool use.

5.3 Synthetic vs. Real APIs

We further compare ToolWeave’s synthetic APIs
against real APIs from RapidAPI. As shown in Ta-
ble 5, L1ama-3.1-70B achieves 39.75% accuracy
when trained on fully synthetic ToolWeave data,
compared with 37.38% when trained on RapidAPI-
based data (ToolWeave-R). One possible expla-
nation is that real-world APIs often lack explicit
parameter dependency structure, which can intro-

duce noisy links in the tool graph. In contrast,
ToolWeave’s synthetic tool graphs explicitly en-
code parameter relationships, producing a cleaner
training signal for multi-step tool usage.

5.4 Ablation Study

Table 8: Component ablation on
Llama-3.1-8B-Instruct (BFCL-V3).

Setting Average Acc.

Full ToolWeave Pipeline 19.88
w/o Post-Processing 13.62
w/o Structured Sampler (Random Walk) 12.25

w/o Fine-Grained Planner (ToolFlow-style) 7.50

We perform ablation experiments on BFCL v3
using GPT-OSS-120B due to budget constraints.
Table 8 reveals that each module in ToolWeave is
critical for realistic multi-step tool-calling dialogue
synthesis. Removing the fine-grained turn-level
planner in favor of a high-level ToolFlow-style
planner causes performance to collapse to 7.50%,
confirming that models cannot synthesize complex
trajectories without turn-level planning. Replacing
our tool graph sampler with a random walk reduces
accuracy to 12.25%. Removing post-processing
leads to a 6.26% drop, validating the necessity of
simulating real-world errors and recovery behaviors.
Detailed breakdown of metrics for these ablations
is provided in Appendix L.2.

6 Conclusion

We introduced ToolWeave, a modular framework
for synthesizing realistic multi-turn tool-calling
datasets through structured generation stages that
enforce multi-step interactions and consistent pa-
rameter provenance. Across multiple LLM families
and benchmarks, models fine-tuned on ToolWeave
data significantly outperform existing pipelines.
Our results reveal that structured synthesis enables
open-weight models to produce higher-quality train-
ing data than frontier-model-driven pipelines. We
further show that ToolWeave’s synthetic APIs can
rival or surpass real-world APIs such as those from
RapidAPI. Overall, our findings suggest that the
structure of the synthesis pipeline, rather than the
scale of the synthesis LLLM, is the key driver of
realistic multi-turn tool-calling data.

Limitations

While ToolWeave demonstrates significant gains in
synthetic data quality, several limitations remain.
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First, the framework relies on a Tool Simulator that
produces schema-consistent but non-executable out-
puts; this enforces schema validity but not semantic
validity (Appendix H), and cannot capture complex
runtime side effects or hidden state changes present
in real-world systems (e.g., database triggers or
delayed failures); it also yields static trajectories
for supervised fine-tuning rather than an interactive
environment for online RL. Second, although Tool-
Weave’s scaffolding substantially reduces reliance
on frontier reasoning, it still requires a synthesis
LLM with basic instruction-following ability; mod-
els with extremely limited reasoning capacity may
struggle to execute fine-grained plans, setting a
lower bound on viable seed models. Third, Tool-
Weave currently focuses on text-based tool calling
and does not yet support multimodal tools, such
as agents interacting with GUIs or visual outputs,
which are increasingly important for general agentic
behavior. In addition, the multi-stage pipeline intro-
duces higher computational overhead than one-shot
generation approaches: generating 1,000 dialogues
requires 30.2K LLM calls and 2.6 wall-clock hours,
against 13.6K calls and 2.2 hours for ToolFlow (Ap-
pendix I). This is a one-time data generation cost
that trades throughput for controllability and data
quality. Finally, while ToolWeave enforces struc-
tural constraints and robustness patterns, it does
not yet incorporate rich domain-specific policies
or regulatory rules, and its workflow motifs and
planning abstractions introduce inductive biases
that may not cover all task structures. Address-
ing these limitations represents promising future
work. Specifically, we plan to extend ToolWeave
with fully executable synthetic APIs and broaden
dialogue generation to capture richer agentic pat-
terns such as ReAct (Yao et al., 2023). We also
plan to incorporate domain-specific policies into
synthesis, ensuring policy-aligned dialogues and
robust instruction-following in rule-bound settings.
Residual parameter-value errors are mostly for-
matting issues (e.g., dates, units), addressable via
value normalization, schema validation, or trajec-
tory skeletons (Sullivan et al., 2025).
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A Use of AI Assistants

In preparing this paper, we made limited use of
Large Language Models (LLMs) as writing assis-
tance tools. Specifically, we used Grammarly> for
spell checking and grammar correction to improve
clarity and readability. In line with the conference
policy, we confirm that LLMs were not used for
generating research ideas or making any substantive
contributions to the scientific content of this work.

B Comparison of ToolWeave with other
SDG pipelines
Table 9 provides the comparison of the features

around licenses of the model used, the code, the
generated data, and the fine-grained control it offers.

C Tool Graph Synthesizer Details

This section provides additional implementation
details of the Tool Graph Synthesizer, including the
prompts used for generating APIs, schema valida-
tion procedures, and graph construction strategies.

C.1 Prompts Used

All prompts used in the tool graph synthesis stage
are available in the prompts directory of the code
repository.*

C.2 Domains for Tool Graph Synthesis

The 20 domains used to generate the synthetic API
pool are:

Agriculture Logistics

Customer Support Manufacturing
Cybersecurity Marketing
E-commerce Online Banking
Education Real Estate

Energy Retail

Film Industry Supply Chain
Human Resources Telecommunications
Insurance Tourism

Legal Services Transportation

C.3 Sample Tool Graph

Figure 4 illustrates a representative tool graph for
the E-commerce domain. The nodes represent dis-
crete tools (APIs), connected by directed edges
that signify data dependencies; specifically, a pa-
rameter from the output schema of a predecessor
node maps to an input parameter of the successor

3https ://app.grammarly.com/
“https://github.com/IBM/ToolWeave

Algorithm 1: Tool Graph Synthesis

Input: Domain descriptor D, synthesis plan P, LLM
L, embedding model E
Output: API pool A, Tool Graph G
Initialize A «— 0, G « 0;
C « ConstructDOMAINCONTEXT(D) ;
Appendix C.6.1
foreach step s € P do
Generate n, candidate APIs with L using domain
context C and prompt from step s;
Parse and validate candidates syntactically;
Deduplicate candidates against A using
embeddings from E and structural checks;
Refine and semantically validate schemas
(defaults, enums, nested objects, etc.);
Add accepted APIs to A;

Construct Tool Graph G;,,; by validating data-flows
between APIs in A;
return A, Gioo1

// See

(e.g., zone_policy from get_geo_rules acts as
an input for set_mode).

The graph topology highlights three distinct exe-
cution patterns, corresponding to the Tool-Graph
traversal strategies discussed in Section 3.2:

* Linear Chains: Standard sequential depen-
dencies connected by any type of edge, such
as get_order — set_mode — ship_local
— save_track.

* Fan-in-Fan-out (Dashed): Illustrated by
the sequence get_order — {check_stock,
calc_risk} — sync_status. Here, the ini-
tial tool provides inputs to a parallel stage
of tools that are independent of one another,
the outputs of which collectively feed into a
common Successor.

* Conditional Branching (Green): Repre-
sented by the set_mode node, where the
downstream execution path (ship_local vs.
ship_intl) is determined dynamically based
on the output value of the decision node.

C.4 Detailed Algorithms for Tool Graph
Synthesizer

This section expands upon the Tool Graph
Synthesizer process from Section 3.1. While
the description in the main paper presents the
high-level methodology, here we provide the
main algorithm, the synthesis plan, and detailed
sub-algorithms for key steps like domain context
construction and API refinement.
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Table 9: Comparison of multi-turn synthetic data pipelines across different dimensions. A

*under License Friendly

Synthesis Model indicates that the pipeline has been demonstrated to produce high-quality data with an open-weight
synthesis model. We report ToolWeave with both GPT-0SS-120B (open weight) and GPT-5-mini, whereas prior
pipelines report results only with proprietary frontier models.

Framework Synthesize Code Data Released, License Friendly Fine-Grained
APIs  Released License Friendly Synthesis Model Plan
Tooldial (Shim et al.) X , X X X
ToolAce (Liu et al.) X , X X X
APIgen-MT (Prabhakar et al.) X X , X X X
ToolFlow (Wang et al.) X X X X X X
Button (Chen et al.) X , X X X
ToolLLM (Qin et al.) X , X X X
ToolWeave (Ours) , *
( get_slots N
E-commerce Tool Graph O
get_geoorules B print_Label
push_alert check_stock D i
zonelpollcy O/
ISR
\ ‘, So get,order O ship._ lOCN
email_user S e save_track
O ‘Anc_Qt!\ Pl ’ set_mode Sh'P—'n/
O Qs 7
add_points calc,risk"-.. ’-"' A
1 r £x érate
get_blocklist get_tariffs O
k get_forex J

Figure 4: E-commerce tool graph demonstrating linear, fan-in-fan-out (dashed), and conditional (green) dependency
patterns. Red nodes indicate auxiliary tools providing specific configuration parameters, such as foreign exchange

rates or zone policies,

to the primary workflow.

C.5 Synthesis Plan

Our synthesis plan

acts as a curriculum for the

API-generating LLM. It specifies a sequence of
generation steps, each with a unique prompt tem-

tively increases their structural complexity by
adding nested objects, enums, default values, and
required flags to mimic real-world enterprise-
grade schemas.

plate and a target number of APIs. This designis 4= Connection Discov‘ery: It generates new
extensible and allows us to control the breadth and APIs  that _ plausibly ~ connect  existing
depth of the final API pool. Our implementation APIs,  creating data-flow paths (e.g., a
consists of five main stages: get_product_details API that takes a
1. Seed Generation: This initial stage generates a product_id fror.n sear(?h_product). o
small batch of fundamental, “entry-point” APIs 5. Pattern Expansion: This final stage diversifies
for the domain (e.g., search_product in e- the API pool by generating parallel variations
commerce) of existing APIs (e.g., different ways to search,
2. Entity Expansion: This stage uses the entities like search_by_name, search_by_category,
extracted from Wikidata (see Appendix C.6.1) etc.). o ) .
to generate new APIs that specifically cover For reproducibility, we include the synthesis plan
domain-relevant entities, ensuring breadth. used in our experiments below. Prompt paths have
3. Schema Enrichment: This stage focuses on ~ een abstracted for clarity.

depth. It takes existing, simple APIs and itera-
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{
"steps”: [
{"name": "Seed Generation”, "num_to_generate": 83},
{"name": "Entity Expansion”, "num_to_generate”: 8},
{"name": "Schema Enrichment”, "num_to_generate"”: 53},
{"name": "Connection Discovery”, "num_to_generate": 8},
{"name": "Pattern Expansion”, "num_to_generate": 5}
]
}

Algorithm 2: CreateDomainContext

Algorithm 3: RefineAPI

Input: Domain name string d

Output: Domain context C

Resolve d to canonical Wikidata entity QID;

Retrieve Wikipedia summary 7,,;x; for d;

Extract structured facts Fy,;xiqara (classes, subclasses,
properties) from QID;

Assemble C « (Twiki’ Fwikidata);

return C

C.6 Detailed Sub-Algorithms

The main generation algorithm (Algorithm 1) relies
on several key sub-routines, which are detailed
below.

C.6.1 Domain Context Construction

To provide domain grounding for API synthesis, we
construct a domain context using external knowl-
edge sources (Algorithm 2). Specifically, we re-
trieve a Wikipedia summary and structured meta-
data from Wikidata, including entity descriptions,
subclasses, and related properties. These signals
are consolidated into a compact prompt representa-
tion used during generation. The resulting context
constrains the synthesis process to domain-relevant
entities, operations, and relationships.

C.6.2 API Refinement

Generated APIs are post-processed to improve
schema consistency and usability (Algorithm 3).
This stage removes redundant or echo parameters,
resolves required fields, and refines parameter prop-
erties such as enums, default values, and formats.
Duplicate APIs are filtered using lexical, structural,
and semantic similarity checks. These steps pro-
duce a consistent and non-redundant API pool for
subsequent workflow construction.

C.6.3 Connection Graph Construction

Candidate connections are identified when an out-
put parameter of one API and an input parameter of
another share the same base name; this is effective
in our setting because the synthesis prompts instruct

Input: Candidate API a, current API set A

Output: Refined API a’ or 0

Check if a is duplicate of any in A (lexical, structural,
semantic);

if duplicate then
L return 0

Remove echo parameters (outputs attributes that are
same as inputs);

Enrich schema: infer enums, default values, required
fields;

Normalize parameter names and types;

Paraphrase parameter names and descriptions for
stylistic variance;

return refined API a’

Algorithm 4: ConstructToolGraph

Input: API set A

Qutput: Connection graph G

Initialize graph G = (V = A, E = 0);

foreach ordered pair (a;,a;) € A X A do

Identify candidate parameter matches (pour, Pin)
; // Shared base name: pg, in a;’s
outputs, p;; in a;’s inputs

Validate (pous, pin) by description similarity or
LLM judgment;

if valid then
| Add edge (a;.pous = aj.pin) t0 E;

return G

the model to connect new APIs to previously gen-
erated ones through identically named parameters
(Algorithm 4). Each candidate is then validated
by comparing the two parameter descriptions us-
ing sentence-embedding similarity, or optionally
by LLM judgment, before the edge is added. A
subsequent paraphrasing stage renames a fraction
of parameters, prioritising those involved in con-
nections, and updates the graph accordingly. Con-
nected parameters in the released APIs therefore
typically carry different names (e.g., feedback_id
— feedback_record_id), which prevents mod-
els from resolving dependencies by surface string
matching alone.
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C.7 API Quality Metric Definitions

This section provides the formal definitions for
the metrics used to evaluate the quality of the
synthetic APIs in Section 4.1. In all definitions,
A ={ay,as,...,a,} represents the set of n APIs
in a given domain.

1. Interconnectivity (/C)

The average number of input parameters per API
that can be filled by an output from another API in
the graph. This measures the data-flow potential.

_ Z?:l |Iai N Ol

n

IC

Where:
* 0 = U, Og: The set of all unique output
parameters from all APIs.
* I,;: The set of input parameters for API a;.
* |14, N O|: The count of input parameters for
a; that match any output from the entire API
set A.

2. Complex API Use (CAU)

The proportion of APIs that use at least one complex
parameter type (i.e., “object” or “array’’), measuring
schema depth.

?:1 C(a;)

n

CAU =

Where the indicator function C(a;) is defined as:

1, if a; has an object or array,
parameter
0, otherwise

C(a;) =

3. Required Parameter Ratio (RPR)

The average proportion of an API’s input parameters
that are marked as “required”, measuring schema
strictness.

RPR = l < |Ireq(ai)|

n i=1 |Itotal(ai)|
Where I,¢q(a;) is the set of required input parame-
ters for API a;, and I (a;) is the set of all input
parameters for a;.

4. Longest Chain Length

The length of the longest simple path (a path with
no repeated nodes) in the Tool Graph. This met-
ric quantifies the maximum number of sequential,
multi-step operations possible in a single dialogue.

C.8 Human Evaluation of Tool Graph Edges

To assess whether tool graph edges encode genuine
task dependencies rather than surface schema com-
patibility, we compare the ToolWeave tool graph
against the ToolDial tool graph (Shim et al., 2025),
which is constructed from RapidAPI schemas using
parameter-level semantic similarity.

Protocol One of the authors annotated 100 edges,
50 sampled from each graph, presented in random-
ized order with the source system hidden. For
each edge, the annotator judged whether it forms
a semantically coherent workflow, that is, whether
the source tool genuinely produces output that the
target tool requires, such that the downstream call
cannot meaningfully proceed without the upstream
one.

Results 74% of ToolWeave edges were judged
coherent, against 12% of ToolDial edges. Tool-
Weave’s Connection Discovery stage (Section 3.1)
generates linking parameters between tools by de-
sign, and each candidate edge is validated by an
LLM judge before being added to the graph (Algo-
rithm 4). The resulting edges encode real business-
process constraints:
e initiate_transfer — approve_transfer,
via transfer_id
* create_retainer_agreement —
generate_onboarding_checklist, via
retainer_id
ToolDial instead infers edges from parameter-level
similarity, which connects tools that merely share
an input. For example, it links
e seasonal_goal_analysis_scoring_first
e seasonal_goal_analysis_conceding_first
which both take the same matchId, but neither
produces information the other requires, so there is
no reason to call one before the other in a workflow.
The difference is reflected downstream: ToolDial
yields 4.47% multi-step turns against ToolWeave’s
44.87% (Table 2).

D Goal Generation Implementation
Details

This section provides the low-level implementation
details for the Goal Generation stage (Section 3.2),
including the algorithms and heuristics used to
extract, score, and synthesize goals.
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D.1 Prompts Used

All prompts used in the tool graph sampler and
goal generation stage are available in the prompts
directory of the code repository.

D.2 Pattern Extraction Algorithms

The main paper outlines three pattern classes. Here

is how they are discovered:

1. Linear Paths: These are found using a bounded
beam search (Russell and Norvig, 2013). The
search explores paths from a start node, expand-
ing a “beam” of the top-k candidates at each
depth.

2. Fan-in / Fan-out: These patterns are found
by analyzing node connectivity. For a given
start_node, we find its successors. We then
find the “common children” of combinations
of these successors using set intersection. This
allows us to identify points where parallel data
flows (fan-out) later merge (fan-in).

3. Conditional Branches: These are identified
by scanning an API’s output schema. We scan
for output fields that can act as a logical predi-
cate, specifically those typed as boolean, enum,
or other simple types, while filtering out non-
conditional fields like IDs.

D.3 Path Scoring and Ranking

To rank the paths found by our algorithms, we use a
combination of a hybrid score and a diversification
algorithm.

Hybrid Heuristic Score: The final_score for
any given path is a weighted sum of three compo-
nents, and is calculated as:

Sﬁnal =wr- (Scoherence + Srelevance)

+ Wa * Sdataflow + Wb * Slength

Where:

* Scoherence and Stelevance are LLM-based ratings
(from —2 to +2) where the LLM judges the quality
of a synthesized goal for the provided tool path.

* Sdatafiow 18 the semantic dataflow score, calculated
by checking cosine similarity between embed-
dings of output and input parameters of sequential
tools.

* Slength 18 a length bonus to reward longer, more
complex paths.

* wi, wg, and wy, are the respective weights for
LLM rating, dataflow, and length, set as hyperpa-

rameters (we use w; = 0.5,wg = 0.8, wp, = 0.3
in our experiments).

Ranking and Embedding Model: To ensure
a diverse set of goals, we rank the top-scoring
linear paths using Maximal Marginal Relevance
(MMR) (Carbonell and Goldstein, 1998). This bal-
ances the final_score (relevance) with the cosine
dissimilarity from already-selected goals (diver-
sity). In our experiments, we use a value of 0.7 for
A. All embeddings for MMR and semantic dataflow
are computed using the al1-MinilLM-L6-v2 model
from the Sentencelransformers (Reimers and
Gurevych, 2019) library.

D.4 Goal Generation Algorithm

The goal generation algorithm detailed in Algo-
rithm 5 converts sampled tool paths into natural-
language task descriptions. Given a sequence of
tools, the algorithm constructs a goal that reflects
the functional intent of the workflow while preserv-
ing dependencies between tool inputs and outputs.
Candidate goals are generated and filtered to ensure
semantic coherence with the underlying tool se-
quence. This procedure associates each executable
tool path with a clear user-oriented objective.

D.5 Example Goal Synthesis Prompt

The final step, ‘Goal synthesis via LLM’, uses
different prompts for each pattern type. The prompt
provides the LLM with the tool sequence and their
schemas, and asks it to generate a natural-language
goal.

E Dialogue Planner Implementation
Details

This section provides the low-level implementation
details for the Dialogue Planner stage (Section 3.3),
including the algorithm and the logic used to parti-
tion tool paths, generate subgoals, plan parameters,
and inject interaction patterns.

E.1 Prompts Used
All prompts used in this planner stage are available
in the prompts directory of the code repository.

E.2 Dialogue Planner Algorithm

Algorithm 6 summarizes the high-level process,
highlighting subgoal generation, speaker sequenc-
ing, parameter planning, and clarification insertion.
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Algorithm 5: Domain-level Goal Generation

Input: Tool graph for domain G;,,;, beam width B, max depth D,x, MMR weight A, score

threshold 7, LLM L, embedding model E

Output: Goal set Ggoars (JSON objects: {tool_path, pattern_type, goal_text,

metadata})

Initialize Ggoais < 0,S < 0, where S is the set of selected tool paths;
Stinear < BEAMSEARCH(ngl, B, Dpyax, 7,4, L, E);

// at each depth: generate a goal per candidate path, score it, discard below

T, MMR-prune the beam
S fan < FINDFANINFANOUT(G}001);
Scond < FINDCONDITIONAL(G 001);

foreach p € S¢u, U Scong do

prompt < BuiLbGoaLPromPT(p, PATTERNTYPE(p));

goal_text « L.GENERATE(prompt);
Score(goal_text, p);

S — Stinear Y Sfan U Sconds

foreach p € S do

L obj < BuiLpJSON(p, PATTERNTYPE(p), GOALTEXT(p), METADATA(p));

ggoals — ggoals U {Ob]},
return Geoals

E.3 Tool Path Partitioning

The PartirionTooLPaTH function uses different

strategies based on the pattern type:

* Linear: We use an LLM-based approach. The
prompt provides the full tool path and their
schemas, and asks the LLM to split them into
coherent segments, based on logical groupings
and dataflow, while also ensuring meaningful
multi-step tool sequences.

* Fan-in / Fan-out: We use a deterministic graph-
based approach. We identify the branching point
(fan-out) and the merging point (fan-in) in the
path, and create partitions accordingly. The inter-
mediate tools between these points are grouped
into either segment, and all possible valid parti-
tions are generated to allow for diverse dialogue
structures.

* Conditional: Based on the value of the decision
variable (from goal metadata M), the second tool
is chosen from the available branches. The first
tool and this chosen branch form a single partition
to ensure the conditional logic is preserved in
the dialogue, while also generating high-quality
multi-step dialogues.

E.4 Subgoal Synthesis

The Sy~nTHESIZESUBGOAL function uses an LLM
prompt that provides the tool schemas in the par-
tition and the overall goal text G. The LLM is
instructed to generate a concise, user-friendly sub-
goal that accurately reflects the purpose of the tools
in the partition, while ensuring it is distinct from
other subgoals in the dialogue.

E.5 Parameter Planning and Clarification
Insertion

The parameter planning and clarification insertion
process involves several steps to ensure that the dia-
logue captures realistic user-assistant interactions.

E.5.1 Parameter Preparation

The ExTtracTTOoOLPARAMS function retrieves all
input parameters for the tools in the current partition.
The UpstrREAMTooOLOuTPUTS function identifies
any parameters that can be automatically filled from
outputs of tools in previous partitions, and these
are removed from the required parameters.
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Algorithm 6: Dialogue Planning

Input: Tool path P, pattern type T € {linear, fan, conditional}, overall goal text G, relevant

tool schemas X, goal metadata M, clarification probability p.;4, LLM for partitioning and

subgoal synthesis L

Output: Ordered plan D (step-level JSON objects with keys: step_idx, role, subgoal, tools,

params, metadata)

Initialize partition list £* < PartrrioNTooLPatu(P, T, X, L), subgoal text list S «— [ ] ;

foreach partition p € P* do
t S.APPEND(SYNTHESIZESUBGOAL(p, G, L)) ;
D—1[1;
fori — 1to |P*| do
p < Prli],s < Sli] ;

Params < ExtractTooLPARAMS(p, ) ;

if ClarParams # 0 then

foreach toolt € p do

return D

D .APPEND(CREATEASSISTANTTOOLCALLTURN(Z, £, TooIParams, M)) ;

Params < Params \ UpstreaMTooLOuTtPuTs(P*,i — 1,%) ;
(RegParams, ClarParams) « SpLitPaArRaMs(Params, p.jar) ;
D.apPEND(CREATEUSERTURN(Y, 5, p, ReqParams)) ;

D .ArPEND(CREATEASSISTANTCLARIFICATIONTURN(Z, ClarParams)) ;

D .arPEND(CREATEUSERCLARIFICATIONTURN(Z, ClarParams)) ;

ToolParams « ExtractTooLPAarRAMS([?],Z) ;

// Goal

metadata M attaches decision variables for conditionals

D .APPEND(CREATEASSISTANTSUMMARYTURN(Z, p)) ;

E.5.2 Clarification Insertion

The SpLiTPARAMS function randomly selects a sub-
set of the remaining parameters to be clarified,
based on the clarification probability p.js-. This
introduces variability and simulates real-world sce-
narios where users may not provide all necessary
information upfront.

E.5.3 Speaker Sequencing and Turn Creation

The turn creation functions add well-formatted

JSON objects to the dialogue plan, specifying the

role and the associated content (subgoal, tool calls,

parameter requests, clarifications, summaries). Fol-

lowing is the structure of these turns:

* CreateUserTurn: User turn with subgoal and
parameters to provide upfront.

* CreateAssistantClarificationTurn: Assis-
tant turn asking for clarification on missing pa-

rameters required for the tool calls in the current
partition.

e CreateUserClarificationTurn: User turn
providing values for the requested parameters.

* CreateAssistantToolCallTurn:  Assistant
turn invoking a tool with the provided param-
eters and source hints for each parameter, either
from the user or from upstream tool outputs.

¢ CreateAssistantSummaryTurn: Assistant turn
summarizing the results of the tools in the current
partition.

F Dialogue Synthesizer Implementation
Details

This section provides the low-level implementation
details for the Dialogue Synthesizer stage (Sec-
tion 3.4), including the overall algorithm and the
logic used to build context for each role across
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agents.

F.1 Prompts Used

The prompts associated with each agent role in
this stage, including user message paraphrasing
during post-processing and those for dialogue syn-
thesis and refinement, are available in the prompts
directory of the code repository.

F.2 Dialogue Synthesis Algorithm

Algorithm 7 summarizes the high-level process,
highlighting context construction, dynamic role-
based agent selection, response generation, and
memory updates.

G Dialogue Post-Processing

G.1 Dialogue Error Injection

To rigorously evaluate and improve the robustness
of models trained on ToolWeave data, we imple-
mented a systematic error injection pipeline. This
pipeline deterministically introduces schema vio-
lations, logical ordering errors, and tool confusion
scenarios to force the model to learn error recov-
ery in simulated real-world settings. Algorithm 8
details the high-level injection logic, while Algo-
rithm 9 illustrates the logic required to synthesize
cascading failure scenarios.

Additional Error Injection Modules: Beyond
the cascading failures detailed in Algorithm 9, our
pipeline includes:

* Out-of-Order Execution: We simulate scenar-
ios where the model attempts to execute a tool
call before its dependencies are met. Specifically,
we identify dependent tool pairs and inject a pre-
mature call to the downstream tool (missing the
dependent parameter) prior to the prerequisite
tool. The model receives a missing dependency
error and must recover by executing the sequence
in the correct order.

* Semantic Confusion (Wrong Tool): We uti-
lize a hybrid similarity matcher (Sentence-
BERT (Reimers and Gurevych, 2019) + Lev-
enshtein distance (Levenshtein, 1966)) to iden-
tify semantically similar but incorrect tools (e.g.,
search_ticket vs. get_ticket_details).
We inject a turn where the model mistakenly
calls the confusable tool, receives an unhelpful
response, and must self-correct.

* Schema Violations: We deterministically mu-
tate valid tool calls to violate JSON schema con-
straints. This includes removing required parame-

ters (MISSING_PARAM), violating type constraints
(e.g., passing an integer for a string field), or
using invalid enum values. The model is trained
to read the resulting standardized error message
and retry with the correct schema.

* Missing Function Recovery: We simulate sce-
narios where a necessary tool is initially absent
from the provided context. The algorithm identi-
fies a scheduled tool call in the plan and temporar-
ily “hides” it. We inject an Assistant turn refusing
the request due to the missing tool, followed by
a User turn that explicitly provides the missing
tool’s schema JSON. The model is trained to
recognize the new tool definition in the context
window and immediately proceed with the correct
tool call.

H Dataflow Validation

A dataflow edge exists when a tool-call argument
should carry a value produced by an earlier tool
response. For example, if create_booking returns
booking_id = "bkg_123" and a later call passes
reservation_reference = "bkg_123", the two
calls are connected by one dataflow edge.

Detection For ToolWeave we identify dataflow
edges from the parameter-level provenance recorded
in the plan (Section 3.3). ToolFlow records no such
provenance, so we use Claude Opus 4.7 to identify
its edges instead. The two pipelines are there-
fore measured with different detection procedures,
which we note as a caveat on the comparison.

Coverage ToolWeave averages 3.09 dataflow
edges per dialogue against 0.41 for ToolFlow, at
3.22 and 2.20 tool calls per dialogue respectively
(Table 2), indicating a substantially richer multi-
step dependency structure rather than merely more
tool calls.

Accuracy Across 10,853 ToolWeave dataflow
edges we find 633 violations, giving 94.2% dataflow
accuracy. Table 10 categorizes these violations into
interpretable error types, which enables automatic
filtering of inconsistent samples.

Example violation The tool search_ticketsre-
turns three tickets with identifiers TKT-2025-4491,

TKT-2025-4510, and TKT-2025-4463. The
following call to assign_ticket passes
all three as a single concatenated string,

support_ticket_id = "TKT-2025-4491,
TKT-2025-4510,TKT-2025-4463", where the
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Algorithm 7: Plan-Driven Dialogue Synthesis

Input: Ordered plan D, tool schemas %, language models for agents L

Output: Dialogue transcript 7~

Initialize memory M « 0, transcript 7 « [ ];
foreach step d € D do

ctx <« BuiLbConteExTt(M, d, 2) ;

role < d.role;

agent_prompt < SELECTPrROMPT(r0le) ;

7 .APPEND(response);
M «— UppaTEMEMORY (M, response, d) ;

r;turn T

response < L.GENERATE(agent_prompt,ctx) ;

// Get memory and plan step

// Prompt with agent’s role
// Utterance/tool call

// Update memory with output

Algorithm 8: Dialogue Error Injection

Input: Dialogue set D, Tool Schemas S, Injection Probability p;yjecs, Similarity Matcher M

Output: Augmented Dialogue set Do
Initialize Dgyg « 0;

foreach dialogue d € D do

Add original d t0 Dgyg;

if Random(0,1) < pipjec: then
derror < DeepCopy(d);
injected « False;

if Random(0,1) < 0.3 then

L injected «— True;

L injected < True;

L injected < True;

if not injected then
L INyECTSCHEMAERROR(deyr o, S);

if error injected successfully then
Mark d,,or as modified;
Add derror to z)aug;

return D,

// Attempt Complex Logical Errors (30% chance)

if INJECTCASCADINGFAILURE(d gy ror, S) is Success then
else if INJEcTOUTOFORDERERROR(d gy ror, S) is Success then

else if INJECTWRONGTOOLERROR(d ey ror, S, M) is Success then

// Attempt Simple Parameter Errors (70% chance or if complex failed)

tool expects one identifier. Each individual
value appears upstream, but the combined value
corresponds to no single element. The error arises
during dialogue generation; the simulator accepts
the input because it is schema-valid (a string) and
does not enforce semantic validity.

I Generation Cost

Table 11 reports the cost of generating 1,000 dia-
logues with ToolWeave and, under identical infras-
tructure, with ToolFlow. Both pipelines run as CPU
jobs issuing requests to a vLLM inference server,
using thread-pool parallelism where applicable.
ToolWeave requires 30.2K LLM calls and 2.6
wall-clock hours to generate 1,000 dialogues,
against 13.6K calls and 2.2 hours for ToolFlow. The
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Algorithm 9: Inject Cascading Failure

Input: Dialogue d, Tool Schemas S

Output: Modified Dialogue d’, Success boolean

Identify long multi-step sequences T4 (len > 3) in d;

if Ty, is empty then
| return d, False
Select random sequence S € Tyey;
// 1. Simulate Reverse-Order Execution
Initialize failure_turns < 0;
for i « length(S)-1 down to I do
Stepcurr < S[i]> Stepprev — S[l - 1];

Identify param p 4., in stepc,,- dependent on step . ey;

Create turn z¢q: Call step ., missing p e p;

Create turn t.,,: Error "Prerequisite step not completed/Missing input";

Append (¢.411, terr) to failure_turns;

// 2. Inject Full Recovery

Construct new history: historyoriginai + failure urns + Soriginals
Update d’.conversations and re-index d’.plan with error steps;

return d’, True

Table 10: Categorization of the 633 dataflow violations found among 10,853 dataflow edges in ToolWeave dialogues.

Category Count %o Description

Paraphrased 239 37.8 Downstream rewrites or summarizes the upstream value instead of
copying it

Fabricated 165 26.1 Downstream invents a plausible value that appears nowhere upstream

Wrong Selection 130 20.5 Upstream returns an array; downstream picks a value not present in any
element

Missing Path 99 15.6 The upstream output lacks the declared field entirely (e.g. an empty
array)

Total 633 100.0

additional cost reflects ToolWeave’s extra pipeline
stages (API synthesis, goal generation, and dialogue
refinement), together with its longer multi-step di-
alogues. Table 11 gives the per-stage breakdown.
Note that this is a one-time data generation cost,
not a recurring inference cost.

J Fine-tuning Hyperparameters

We fine-tune all models on 8 NVIDIA A100 SXM4
80GB GPUs using QLoRA via the LLaMA-Factory
framework>. The primary hyperparameters used
for each model are detailed in Table 12. Common
settings across all models include a learning_rate
of 5.0 x 107>, bf16 mixed-precision, 4-bit bnb
quantization, and a cosine learning rate scheduler.

Shttps://github.com/hiyouga/LLaMA-Factory

K Evaluation Benchmark Details

This section provides additional details on the
benchmarks used in our experiments (Section 5).

BFCL-V3: The BFCL-V3 (Patil et al., 2025)
benchmark evaluates multi-turn tool-calling across
four challenging categories: Base, Missing Func-
tion, Missing Parameter, and Long Context. It
focuses on conversational scenarios that require
clarification, refusal, and robustness. Performance
is reported as execution accuracy in a live, ex-
ecutable environment, with credit awarded only
when all steps in a dialogue are correctly resolved.

API Bank: The API Bank (Li et al., 2023) bench-
mark consists of 8 domains, 73 tools, and 314
dialogues. We evaluate on Level 1 (“Call”) and
Level 2 (“Retrieve+Call’’). As tool retrieval is not
the focus of this paper, we provide the set of required
tools to the model for both levels. The evaluation is
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Table 11: Generation cost per 1,000 dialogues, measured on 2x NVIDIA H100 GPUs serving GPT-0SS-120B via vLLM. In/Out
are input/output tokens in millions; Time is end-to-end wall clock, including parallelism. API synthesis is a one-time cost that
produces tool definitions reused across all 20 domains. A dash indicates a stage that is not part of the ToolFlow pipeline.

ToolWeave ToolFlow
Stage Calls In (M) Out (M) Time (h) Calls In (M) Out (M) Time (h)
API Synthesis 2,074 1.6 0.6 0.2 - - - -
Goal Generation 3,632 2.2 0.7 0.1 - - - -
Plan Generation 1,693 1.2 0.4 <0.1 950 1.1 0.5 0.2
Dialogue Generation 20,020 46.7 8.1 2.0 12,656 39.0 5.0 2.0
Dialogue Refinement 2,734 4.3 0.7 0.2 - - - -
Total 30,153 56.0 10.5 2.6 13,606 40.1 5.5 2.2
Table 12: Key fine-tuning hyperparameters for all models.

Hyperparameter Llama-3.1-8B-Instruct Llama-3.1-70B-Instruct Phi-4
Model Details

quantization_bit 4 4 4

flash_attn fa2 fa2 fa2
LoRA Configuration

lora_rank 32 8 16

lora_alpha 64 32 32

lora_dropout 0.05 0.05 0.05

lora_target all all all
Training Details

num_train_epochs 1.0 1.0 1.0

warmup_ratio 0.05 0.1 0.1

per_device_train_batch_size 1 1 1

gradient_accumulation_steps 8 2 8

gradient_checkpointing false true false

conducted in an off-policy, teacher-forced manner,
where the model must predict the next step given
the correct history.

CONFETTI: The CONFETTI (Alkhouli et al.,
2025) benchmark is a multi-turn, multi-step conver-
sational benchmark with 109 human-simulated con-
versations covering 86 tools. A key characteristic is
its explicit inclusion of conversational complexities,
such as follow-ups, goal correction, goal switch-
ing, ambiguous goals, and over- or under-filled
parameters. We focus on evaluating the turn-level
tool-calling accuracy.

L Details of Ablation

This section provides additional details on the ab-
lation studies discussed in Section 5.4 of the main

paper.
L.1 Detailed Frontier Model Ablation Results

Table 13 provides the comprehensive performance
breakdown of Llama-3.1-70B fine-tuned on data
generated by synthesis models of varying scales and
licensing types. This includes detailed metrics for

Base, Missing Function, Missing Parameter, and
Long Context scenarios.

L.2 Detailed Component Ablation Results

This section provides the comprehensive results
for the pipeline component ablations discussed in
Section 5.4.

Necessity of Dialogue Post-Processing: Table 14
isolates the impact of the post-processing stage.
Injecting robustness patterns yields a substantial
+6.26%0 absolute gain in Multi-Turn Accuracy. Eval-
uated on Llama-3.1-8B-Instruct, post-processing
produces large and consistent gains across all met-
rics, particularly in the “Missing Function” category
(+7.00).

Necessity of Structured Sampling and Fine-
Grained Planning: Table 15 validates the ar-
chitecture of the generation pipeline itself. To en-
sure comparability, all settings in this table exclude
post-processing.

1. Impact of Structured Sampler: Replacing
our motif-based sampler with a random walk
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Table 13: Full performance breakdown of Llama-3.1-70B fine-tuned on data generated by different synthesis models.

Synthesis Model Acc Base MissFunc MissParam LongCtx
ToolWeave (Mistral-Small-24B) [Open] 28.00 29.00 32.50 26.50 24.00
ToolWeave (Mistral-Medium) [Commercial] 28.88 27.50 39.00 30.00 19.00
ToolWeave (GPT-OSS-120B) [Open] 33.25 37.50 35.00 32.00 28.50
ToolWeave (GPT-5-mini) [Frontier] 39.75 42.50 43.00 37.00 36.50

Table 14: Performance impact of the post-processing (postproc) stage on Llama-3.1-8B-Instruct.

Setting Acc Base MissFunc MissParam LongCtx
ToolWeave (GPT-OSS seed) w/o postproc 13.62 14.50 14.50 13.50 12.00
ToolWeave (GPT-OSS seed) w/ postproc 19.88 23.00 21.50 15.50 19.50
Absolute Gain +6.26 +8.50 +7.00 +2.00 +7.50

(Row 2) degrades accuracy from 13.62% to
12.25%.

2. Impact of Fine-Grained Planner: Row
3 shows that replacing our planner with
ToolFlow’s monolithic planner collapses per-
formance to 7.50%, demonstrating the planner
is the most critical component for enabling
non-frontier models.

L.3 Generation Hyperparameters: p.;, and
Pinject

We use perar = 0.3 (Section 3.3) and pjpjecr = 0.7

(Section 3.4) for all reported results, and discuss

both below.

Sensitivity to p;,jcc;:  Table 16 sweeps pinject
for L1ama-3.1-8B-Instruct on BFCL-V3 multi-
turn. Average accuracy stays within 21.12-23.88
(A = 2.76), comparable to the spread in accuracy
we observe across checkpoints saved at different
training steps within a single run. The per-category
scores fluctuate more widely than the average (Base
ranges from 21.00 to 33.50) but show no systematic
trend across pinjecs. We therefore treat pipjecs
as a second-order factor that governs exposure
to error-recovery patterns rather than core tool-
use capability, and fix it at 0.7 across all model
families to guarantee sufficient exposure to recovery
behaviour within a fixed training budget, rather than
tuning it on the evaluation benchmarks.

Choiceof p.;r: Unlike pjpject, varying pejqr re-
quires regenerating the full dialogue corpus, making
an exhaustive sweep computationally prohibitive.
We set pcrar = 0.3 so that clarification is present
but not dominant, as in human-authored conversa-
tional benchmarks such as CONFETTI (Alkhouli

et al., 2025), where seek-information is a meaning-
ful but non-dominant pattern (110 of 663 turns).
Note that p.;4» applies per required parameter, so
the two rates are not directly comparable. Because
Pclar governs only which required parameters are
elicited in dialogue, rather than the provenance bind-
ings, schema validation, or dependency tracking
that enforce correctness, we expect performance to
be stable across a reasonable range.

L.4 LLM-as-Judge Evaluation Details

This appendix provides full details of the LLM-as-
judge protocol used in Section 4.4 to assess the
semantic quality of synthetic dialogues.

Judge Model and Decoding Setup We follow
the evaluation protocol of Wang et al. (2025), which
uses GPT-4 as its judge, but adopt the more recent
GPT-5-mini as our primary judge model; we ad-
ditionally evaluate with Gemini 2.5 Flash, Claude
Opus 4.6, and GPT-5.5 to assess judge sensitivity.
All judges are queried through their provider APIs
with default decoding settings. Each dialogue is
evaluated in a single forward pass; no score aggre-
gation or self-consistency sampling is applied.

Evaluation Dimensions Each dialogue is inde-

pendently rated along four dimensions on a 1-5

Likert scale:

* Naturalness: Fluency and human-likeness of the
conversation.

* Coherence: Logical consistency and relevance
across turns.

* Helpfulness: Degree to which the dialogue suc-
cessfully addresses the user’s goal.

* Accuracy: Correctness of tool usage, arguments,
and factual content.
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Table 15: Performance comparison across pipeline settings (excluding post-processing). Validates the Structured

Sampler and Fine-Grained Planner.

Setting Acc Base MissFunc MissParam LongCtx
ToolWeave (no postproc) 13.62 14.50 14.50 13.50 12.00
Random sampling + ToolWeave 12.25 13.00 14.00 13.50 8.50
Structured sampling + ToolFlow 7.50 9.50 7.50 5.00 8.00
ToolFlow baseline (GPT-OSS seed) 7.62 11.00 4.50 5.50 9.50

Table 16: Sensitivity to the failure-injection probability p;yjecr on BFCL-V3 multi-turn using L1ama-3.1-8B-Instruct. The

TOW Pinjec: = 0.7 is the configuration used throughout the paper.

Avg. B Miss Miss Long
Pinject Acc. ase Func. Param. Ctx.
0.1 21.25 30.50 16.00 16.00 22.50
0.3 23.75 26.00 23.50 20.50 25.00
0.5 23.38 33.50 16.50 17.00 26.50
0.7 21.12 28.00 18.00 18.50 20.00
0.9 23.88 32.50 16.50 22.00 24.50
1.0 22.12 21.00 23.00 22.00 22.50

Table 17: Dialogue quality under four LLM judges. Nat=Naturalness, Coh=Coherence, Hel=Helpfulness, Acc=Accuracy.

Judge Dataset Nat Coh Hel Acc Avg
ToolWeave 4.38 4.12 3.89 4.38 4.19
GPT-5-mini ToolFlow 3.85 2.94 3.21 3.27 3.32
ToolDial 3.38 342 3.00 3.82 341
ToolWeave 3.38 3.45 3.74 3.68 3.56
Gemini 2.5 Flash ToolFlow 2.69 1.50 2.13 1.96 2.07
ToolDial 2.69 2.65 2.87 3.75 2.99
ToolWeave 2.87 3.33 3.08 3.44 3.18
Claude Opus 4.6 ToolFlow 2.34 1.75 2.22 2.37 2.17
ToolDial 2.38 2.75 2.71 3.23 2.77
ToolWeave 2.86 3.07 3.04 3.42 3.10
GPT-5.5 ToolFlow 1.98 1.06 1.35 1.38 1.44
ToolDial 2.58 2.82 2.50 3.30 2.80

Sampling Protocol For each dataset, we ran-
domly sample 200 dialogues, stratified uniformly
across the available domains (20 domains for Tool-
Weave and ToolFlow). ToolDial dialogues are
sampled from the publicly released dataset and may
not cover all domains. Each sampled dialogue is
evaluated exactly once.

Judge Robustness To assess judge sensitivity,
we repeat the protocol with three additional judge
models (Gemini 2.5 Flash, Claude Opus 4.6, and
GPT-5.5) in addition to GPT-5-mini. Table 17
shows that ToolWeave outperforms ToolFlow and
ToolDial across judges, although absolute scores
vary considerably across models. This indicates
that our conclusions are robust to the choice of judge
model, and the improvements are not an artifact of
a specific evaluator.

Evaluation Prompt The judge is provided with
a full dialogue transcript and instructed to score
it independently along the four dimensions above.
Dataset and model identities are not disclosed to
the judge. We adopt the full evaluation prompt
from Wang et al. (2025), which is shown below:
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LLM-as-judge Evaluation Prompt

You are asked to evaluate some synthetic dialogue data. These synthetic dialogue occur between the user, the Al
assistant, and the tool. Please evaluate the data based on the following criteria, assigning a score from 1 to 5 for each
category. Use the detailed descriptions below to guide your assessment:

- Naturalness (1-5 points): Only evaluate whether the user’s request and response is natural and realistic. Focus more on
the natural flow of the conversation and less on the choice of words. For example, pay attention to whether users will ask
similar questions in real scenarios. And assess whether user behavior is natural. For example, real users rarely ask
similar questions consecutively or ask longer questions.

- Coherence (1-5 points): Evaluate the overall flow and logical connection between the turns in the conversation. Focus
on checking whether the user’s previous and subsequent rounds of requests are relevant. Also, ensure that meaningful
order of agent interactions is maintained. For example, the agent should not provide information before the user requests
it. Similarly, the relevant tools must be invoked only after the assistant calls the tool with the relevant parameters. Such
discrepancies should be heavily penalized.

- Helpfulness (1-5 points): Determine the effectiveness and value of the Al assistant’s responses in addressing the user’s
needs.

- Accuracy (1-5 points): Check for the accuracy and consistency of the information provided. Everything returned by the
tool is assumed to be accurate. However, at the same time, if the assistant hallucinates or makes up information, it
should be heavily penalized.

Below are some examples that are rated poorly in each category:

1. Naturalness:

- User: "Can you tell me about the weather?"
- Assistant: "The weather is nice."

- User: "What about tomorrow?"

- Assistant: "Tomorrow will be nice too."

2. Coherence:

- User: "What's the capital of France?"

- Assistant: "The capital of France is Paris."

- User: "And the capital of Germany?"

- Assistant: "The capital of Germany is Berlin."

3. Helpfulness:

- User: "I need help with my homework."
- Assistant: "What subject is it?"

- User: "Math."

- Assistant: "Okay."

4. Accuracy:

- User: "What's the capital of Italy?"

- Assistant: "The capital of Italy is Rome."

- User: "What's the capital of Spain?"

- Assistant: "The capital of Spain is Barcelona."

Some more examples specifically catered to tool usage:

1. Coherence: (Tool simulated before assistant provides tool to be called along with its input parameters)
- User: "Can you raise a ticket for my internet issue?"

- Tool: {"ticket_id": "12345"}

2. Coherence: (Assistant goes on rambling trying to correct erroneous tool output but never calls the tool)

- User: "Please book a flight for me."

- Assistant: "Sure, I can help you with that. Can you please provide me with the details of your flight?"

- User: "I need a flight from New York to San Francisco on March 10th."

- Assistant: book_flight({"from": "New York", "to": "San Francisco", "date": "March 10th"})

- Tool: "Flight ID not found."

- Assistant: "I apologize for the inconvenience. It seems that there was an error with the flight ID. Let me try again.'
- Tool: "Flight ID not found."

3. Coherence: (Assistant talks about calling tool but does not use the required tool-calling format)
- User: "Can you check the weather for me?"

- Assistant: "Sure, I can help you with that. Let me check the weather for you."

- Tool: {"temperature": "72°F", "condition": "Sunny"}
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- Assistant: "The weather is 72°F and sunny."

4. Accuracy: (Assistant hallucinates information)

- User: "Can you reserve a table for two at an Italian restaurant in New York City for tomorrow night?"

- Assistant: "Sure, I have reserved a table for two at *Luigi’s Italian Bistro’ in New York City for tomorrow night at 7
PM."

All such examples must be heavily penalized, and the scores they receive should be 1 or 2.

Please use a more **CRITICAL** and **STRICT** evaluation method. After scoring, please provide brief comments
or feedback for each category to explain your ratings.

Please provide your evaluation in the following format:
Evaluation of Synthetic Dialogue Data

1. Naturalness: [Score] /5
- Comments: [Brief comments or feedback]

2. Coherence: [Score] /5
- Comments: [Brief comments or feedback]

3. Helpfulness: [Score] /5
- Comments: [Brief comments or feedback]

4. Accuracy: [Score] /5
- Comments: [Brief comments or feedback]
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M ToolWeave Sample Data - Goal, Plan, Tools, and Dialogue

We present a detailed example from the customer support domain that illustrates a multi-step dialogue. The
example shows the three tools used in this dialogue, the high-level goal constructed over them, the nine-step
fine-grained plan, and the multi-turn dialogue that realizes the plan. Every argument in the executed tool
calls is traceable to the plan: customer_id is bound to the user_id returned by get_ticket_details,
and feedback_record_id to the feedback_id returned by submit_feedback.

M.1 Tools List

"name": "get_ticket_details”,
"description”: "Retrieves comprehensive data for a given support ticket, encompassing its
— full record, current status, and details of the personnel or team to which it is
— assigned.”,
"parameters”: {
"type": "object”,
"properties”: {
"support_ticket_id": {"type": "string"”, "description”: "Unique identifier of the
— support ticket whose full details are being requested.”}
}!
"required”: ["support_ticket_id"]
}!
"results”: {
"type": "object”,
"properties”: {
"user_id": {"type": "string"”, "description”: "Identifier of the user who opened the
— ticket."},
"subject”: {"type": "string"”, "description”: "Title of the ticket."},
"description”: {"type": "string”, "description”: "Full description provided by the
— user."},

"priority”: {"type": "string”, "enum”: ["low”, "medium”, "high"], "description”:

— "Urgency level assigned to the ticket."},

"status"”: {"type": "string”, "enum”: ["open”, "pending”, "resolved”, "closed"],

— "description”: "Current lifecycle state of the ticket."},

"channel”: {"type"”: "string”, "enum": ["email”, "phone”, "chat"], "description”: "How

— the ticket was originally submitted."},
"creation_timestamp”: {"type": "string”, "format": "date-time", "description”: "When
— the ticket was first created."},
"last_updated_timestamp”: {"type"”: "string"”, "format"”: "date-time”, "description”:
— "Most recent time any field on the ticket changed."},
"assigned_agent_id": {"type”: "string"”, "description”: "Identifier of the support
— agent currently handling the ticket, if any."}
}
}
}

"name": "submit_feedback”,
"description”: "Gather and store feedback submitted by a user after a support interaction,
— specifically related to a particular support ticket, including satisfaction ratings,
— comments, and any additional observations about the service experience.”,
"parameters”: {
"type": "object”,
"properties": {
"rating”: {"type": "string”, "enum”: ["1", "2", "3", "4" "5"], "description”:
— "Customer satisfaction rating (1 = very dissatisfied, 5 = very satisfied)."},
"comments”: {"type": "string"”, "description”: "Optional free-text comments elaborating
— on the rating."},
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"support_ticket_id": {"type": "string"”, "description”: "Unique identifier of the
— support ticket for which the feedback is being recorded."},

"customer_id": {"type": "string"”, "description”: "Unique identifier of the customer
— who is submitting the feedback."}

3,

"required”: ["rating”, "support_ticket_id", "customer_id"]

}7
"results”: {
"type": "object”,
"properties”: {
"feedback_id": {"type": "string"”, "description”: "System-generated identifier for the
— feedback record."},

"submitted_at”: {"type"”: "string"”, "format”: "date-time"”, "description”: "Timestamp
— when the feedback was received."},
"status”: {"type": "string”, "enum”: ["received”, "processed”], "description":
— "Current processing state of the feedback."}
3
3
}
{
"name": "trigger_feedback_followup”,
"description”: "Schedules a follow-up interaction with a user triggered by the feedback
— they have submitted, specifically targeting low-rating responses, to address concerns,
< gather additional insights, and ensure the feedback loop is fully closed.”,
"parameters”: {
"type": "object”,
"properties”: {
"followup_method”: {"type": "string"”, "description”: "Channel to use for the
— follow-up."”, "enum”: ["email”, "phone”, "chat"]1},
"preferred_time": {"type”: "string”, "format”: "date-time", "description”: "When the
— user would like to be contacted (optional)."},
"feedback_record_id": {"type": "string", "description”: "Unique identifier of the
— feedback entry returned by the submit_feedback operation.”}
}’
"required”: ["followup_method"”, "feedback_record_id"]
}7
"results”: {
"type": "object”,
"properties”: {
"followup_id”: {"type": "string"”, "description”: "System-generated identifier for the
— scheduled follow-up."},
"scheduled_at"”: {"type"”: "string"”, "format”: "date-time"”, "description”: "Timestamp
— when the follow-up is set to occur."},
"status"”: {"type”: "string"”, "description”: "Current state of the follow-up request.”,
— "enum": ["scheduled”, "cancelled”, "completed”]}
3
}
}

M.2 High Level Goal

Retrieve the full details and assignment of a specific support ticket, record the user’s satisfaction

ratings and comments about the interaction, and trigger a follow-up outreach when feedback is low
to address concerns and close the feedback loop.
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M.3 Plan

Multi-step Plan

Step 1 (USER_UTTERANCE)

Utterance: Please retrieve the full record for the specified support ticket, including its current
status and which person or team it’s assigned to.

Provided params:

{"get_ticket_details.support_ticket_id":
— "$user_provided_$get_ticket_details.support_ticket_id"}

Step 2 (CALL_TOOL: get_ticket_details)
Parameters:

{"get_ticket_details.support_ticket_id":
— "$user_provided_$get_ticket_details.support_ticket_id"}

Step 3 (ASSISTANT_RESPONSE_TOOL)
Summarizes tools:

["get_ticket_details"]

Outputs:

["get_ticket_details.user_id", "get_ticket_details.subject”,
"get_ticket_details.description”, "get_ticket_details.priority”,
"get_ticket_details.status”, "get_ticket_details.channel”,
"get_ticket_details.creation_timestamp”, "get_ticket_details.last_updated_timestamp”,
"get_ticket_details.assigned_agent_id"]

rriote

Step 4 (USER_UTTERANCE)

Utterance: Okay, now record and store my satisfaction rating and comments for that ticket, and
if the feedback is low please trigger a follow-up outreach to address the concerns and close the
feedback loop.

Provided params:

{"submit_feedback.support_ticket_id": "$user_provided_$submit_feedback.support_ticket_id"}

Step 5 (ASSISTANT_CLARIFICATION)
Parameter names:

["submit_feedback.rating”, "submit_feedback.comments”,
— "trigger_feedback_followup.followup_method"]

Step 6 (USER_RESPONSE_TO_CLARIFICATION)
Provides params:

{"submit_feedback.rating": "$user_provided_$submit_feedback.rating",

— "submit_feedback.comments": "$user_provided_$submit_feedback.comments”,
— "trigger_feedback_followup.followup_method":

— "$user_provided_$trigger_feedback_followup.followup_method"}

9856



Step 7 (CALL_TOOL: submit_feedback)
Parameters:

"submit_feedback.rating”: "$user_provided_$submit_feedback.rating”,
"submit_feedback.comments”: "$user_provided_$submit_feedback.comments”,
"submit_feedback.support_ticket_id":
"$user_provided_$submit_feedback.support_ticket_id"”, "submit_feedback.customer_id":
"$get_ticket_details.user_id"}

-~

rriorte

Step 8 (CALL_TOOL: trigger_feedback_followup)
Parameters:

{"trigger_feedback_followup.followup_method":
— "$user_provided_$trigger_feedback_followup.followup_method”,
— "trigger_feedback_followup.feedback_record_id": "$submit_feedback.feedback_id"}

Step 9 (ASSISTANT_RESPONSE_TOOL)
Summarizes tools:

["submit_feedback”, "trigger_feedback_followup”]

Outputs:

["submit_feedback.feedback_id", "submit_feedback.submitted_at"”, "submit_feedback.status"”,
— "trigger_feedback_followup.followup_id", "trigger_feedback_followup.scheduled_at”,
— "trigger_feedback_followup.status”]

\.

M.4 Dialogue

Multi-turn Dialogue

System: Current time: 2025-11-21 21:59:31.

User: Please retrieve the full record for support ticket ID ST-20251118-8392, and show me the
complete record/history including its current status and which person or team it’s assigned to.

Assistant:
get_ticket_details({"support_ticket_id": "ST-20251118-8392"})
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Tool:

{"user_id": "U-54892", "subject”: "Unable to access payroll portal -
receiving 403 error”, "description”: "User reports inability to access
the company’s payroll portal since 2025-11-18. When attempting to log
in, the site returns a 403 Forbidden error. User has tried multiple
browsers (Chrome, Firefox), cleared cache/cookies, attempted access
from a different network and device, and confirmed credentials are
correct. Screenshot of the error page and browser console logs were
attached to the report. This impacts payroll submission for the
current pay period; user indicated a hard deadline for submissions on
2025-11-22. Ticket was initially triaged and escalated to engineering
for possible permissions or firewall issue.”, "priority": "high”,
"status”: "pending"”, "channel”: "email"”, "creation_timestamp”:
"2025-11-18T0@9:14:222", "last_updated_timestamp”:
"2025-11-21T19:45:10Z", "assigned_agent_id": "AG-2384"}

Assistant: Here’s the full record for support ticket ST-20251118-8392: user_id is U-54892;
subject is "Unable to access payroll portal - receiving 403 error"; description: "User reports
inability to access the company’s payroll portal since 2025-11-18. When attempting to log in, the
site returns a 403 Forbidden error. User has tried multiple browsers (Chrome, Firefox), cleared
cache/cookies, attempted access from a different network and device, and confirmed credentials
are correct. Screenshot of the error page and browser console logs were attached to the report.
This impacts payroll submission for the current pay period; user indicated a hard deadline for
submissions on 2025-11-22. Ticket was initially triaged and escalated to engineering for possible
permissions or firewall issue."; priority: high; status: pending; channel: email; creation_timestamp:
2025-11-18T09:14:227; last_updated_timestamp: 2025-11-21T19:45:10Z; assigned_agent_id:
AG-2384.

User: Current time: 2025-11-21 21:59:31. Please record feedback for support ticket ST-20251118-
8392. I want to submit a satisfaction rating and written comments for that ticket — prompt me for
the rating and the comment text if you need them, store the feedback, and if the rating is low please
arrange a follow-up outreach (email or phone) to address the concerns and close the feedback loop.

Assistant: For ticket ST-20251118-8392, what satisfaction rating would you like to submit (choose
1 = very dissatisfied through 5 = very satisfied), what comment would you like to include, and
which follow-up method should we use if the rating is low — email, phone, or chat?

User: Current time: 2025-11-21 21:59:31. Please record a satisfaction rating of 2 with the
comment "The issue is still unresolved." and arrange follow-up by phone.

Assistant:

submit_feedback({"rating”: "2", "comments”: "The issue is still
unresolved.”, "support_ticket_id"”: "ST-20251118-8392", "customer_id":
"U-54892"1})

Tool:

{"feedback_id": "FB-20251121-68317", "submitted_at":
"2025-11-21T21:59:452", "status": "received"}

Assistant:

trigger_feedback_followup({"followup_method”: "phone”,
"feedback_record_id": "FB-20251121-68317"})

Tool:

{"followup_id": "FUP-FB-20251121-68317-01", "scheduled_at":
"2025-11-22T709:30:00Z", "status": "scheduled"}
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Assistant: I recorded your satisfaction rating of 2 and comment "The issue is still unresolved."
for ticket ST-20251118-8392: the feedback was saved with ID FB-20251121-68317 at 2025-11-
21T21:59:45Z and its status is received, and a phone follow-up has been scheduled (follow-up ID
FUP-FB-20251121-68317-01) for 2025-11-22T09:30:00Z with status scheduled.

N Example Dialogue Generated via ToolFlow

This example dialogue highlights a common issue in dialogues generated via the ToolFlow pipeline, where
the tool agent hallucinates a tool response without the assistant agent providing an actual tool call, resulting
in a fabricated tool reply (as seen in the first assistant response and the first tool response).

Multi-turn Dialogue

User: I've just bought a new field and have the map outline. Could you define its
boundary with this GeoJSON: {"type":"Feature”,"geometry”:{"type":"Polygon",
"coordinates”:[[[30.0,10.0],[40.0,40.0],[20.0,40.0],[10.0,20.0],

[30.0,10.0]1113}, "properties”:{}}? The field ID is "field-12345".
Assistant: Sure, defining the boundary for field field-12345 now.

Tool:
{"field_boundary_id": "boundary-67890", "status"”: "defined"}

Assistant: Great! The boundary for field field-12345 has been successfully defined (status:
defined). I can now pull a short-term weather forecast for the next week for this field. Would you
like me to retrieve that for you?

User: Yes, please pull the short-term weather forecast for the next week for field-12345.

Assistant: Sure! To get the short-term weather forecast I’ll need the farm identifier that corresponds
to this field. Could you provide the farm ID (or let me know if the field ID can be used in place of a
farm ID)?

User: Sure, the farm ID is farm-abc123.

Assistant:
get_weather_forecast({"farm_identifier": "farm-abc123"})

Tool:
{"temperature_celsius”: 22.3, "precipitation_mm": 0.0,
"wind_speed_kph": 14.5, "condition”: "sunny"}

Assistant: Here’s the forecast I've retrieved for tomorrow at your field field-12345 (farm-abc123):
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O Some Example Dialogues From ToolDial Training Set

The following examples illustrate some of the issues why LLMs fine-tuned on ToolDial data exhibit
inferior performance on the BFCL-V3 benchmark (see Table 5).

Example O.1 shows that models trained on such data struggle with parameter elicitation and error recovery,
the assistant neither asks for the missing hotel IP address nor attempts to resolve the misunderstanding
after the user’s correction.

0.1 Example 1

Multi-turn Dialogue

User: Can you help me find detailed information about local businesses, such as restaurants and
cafes, near my hotel? I only have the hotel’s IP address and need to find its geo-location first to get
the coordinates.

Assistant: I can help you find detailed information about local businesses near your hotel. Would
you like me to proceed with finding nearby businesses?

User: No, that’s not what I need.

Assistant: I’'m sorry, but I cannot fulfill your request due to insufficient information. Please
provide more details or try a different query.

0.2 Example 2

Example O.2 illustrates two issues. The user’s initial request is somewhat unrealistic and unlikely to occur
in a real-world setting. The assistant’s clarification questions are phrased using internal parameter names
rather than natural, intuitive language that a user would expect.

Multi-turn Dialogue

User: What is the population within a defined area around a city, given only the city’s name and its
country?

Assistant: Would it be appropriate to retrieve the population data within a defined area around the
city you mentioned?

User: That would be great. Sure, that sounds good.

Assistant: Please tell me the radius of the circular area around the coordinates and the coordinates
of the geographic point to search nearby.

User: I can provide the radius, which is 300, but I don’t know the coordinates.
Assistant: Please provide the namePrefixDefaultLangResults for the city.
User: Sure! The namePrefixDefaultLangResults for the city is San Francisco.

Assistant:
[{ "name": "cities"”, "arguments”: { "namePrefixDefaultlLangResults":
"San Francisco” } } ]
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Tool:

{ "error": "", "response": { "data": [{ "id": 5392171, "wikiDataId":
"Q123456", "type": "CITY", "city": "San Francisco”, "name": "San
Francisco”, "country”: "United States”, "countryCode”: "US", "region":

"California”, "regionCode": "CA", "regionWdId”: "Q99", "population":
883305, "coordinates”: "[37.7749, -122.4194]1"}, { "id": 5902958,
"wikiDataId": "Q123457", "type": "CITY", "city": "San Jose"”, "name":
"San Jose", "country”: "United States”, "countryCode”: "US", "region":
"California”, "regionCode”: "CA", "regionWdId": "Q99", "population”:
1035317, "coordinates”: "[37.3382, -121.8863]"}, { "id": 5322760,
"wikiDataId”: "Q123458", "type": "CITY", "city"”: "San Diego"”, "name":
"San Diego”, "country”: "United States”, "countryCode"”: "US",
"region”: "California”, "regionCode"”: "CA", "regionWdId": "Q99",
"population”: 1423851, "coordinates”": "[32.7157, -117.1611]1"}],
"links": { "next": "/vl/geo/cities?offset=60&1imit=50" }, "metadata":
{ "currentOffset”: 10, "totalCount”: 150 } } }

Assistant: Please choose one of the following cities: San Francisco, San Jose, San Diego.
User: I choose San Francisco.

Assistant:
get_population({ "radius": "300", "coordinate": "[37.7749,
-122.41941" })

Tool:

{ "error": , "response”: { "radius": 300, "population”: 12000,
"description”: "The estimated resident population within a 300-meter
radius of the specified coordinates in San Francisco is approximately
12,000 individuals. This figure is based on the latest demographic
data and reflects the density of the area, which includes residential
buildings, parks, and commercial establishments.”, "coordinates":
[37.7749, -122.4194] } }

Assistant: The estimated resident population within a 300-meter radius of the specified coordinates
in San Francisco is approximately 12,000 individuals. This figure is based on the latest demographic
data and reflects the density of the area, which includes residential buildings, parks, and commercial
establishments.

nn

User: Thank you for the information. Goodbye!

Assistant: You're welcome! Goodbye!
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