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Abstract

Recent tool-augmented and -generated meth-
ods exhibit a heavy reliance on dominant-usage
tools. This results in a severe long-tail im-
balance, where a small fraction of frequently
used APIs overshadows a vast number of rarely
used ones. This imbalance critically limits a
model’s ability to generalize beyond memo-
rized, high-frequency tool calls and severely
hampers compositional reasoning across tools.
To address this fundamental challenge, we in-
troduce reverse walk, a novel data synthesis
framework designed to democratize tool learn-
ing. We first construct an API dependency
graph that captures the semantic relationships
between tools based on their task descriptions.
Departing from conventional forward genera-
tion, we perform a reverse random walk start-
ing specifically from tail nodes (low-frequency
tools) to generate multi-hop tool trajectories
that naturally incorporate rare but meaningful
tool combinations. This strategy compels mod-
els to learn the underlying semantic and log-
ical dependencies rather than merely overfit-
ting to frequency-based co-occurrence patterns.
Our experimental results on challenging agen-
tic benchmarks like 72 and BFCL demonstrate
that training on our generated data significantly
improves both rare tool generalization and com-
positional reasoning effectiveness without de-
grading performance on frequent tools. Our
findings highlight the critical importance of
long-tail-aware data design for building robust
and generalizable tool-using language models.

1 Introduction

The explosive development of large reasoning mod-
els (LRMs) has led to burgeoning agentic ca-
pabilities, spurring sophisticated methodologies
for generating, training, and evaluating various
agentic abilities, including decision making, plan-
ning, memory/context handling, and tool selec-
tion (Wang et al., 2023; Wu et al., 2024; Mialon
et al., 2023a; Liu et al., 2023; Wang et al., 2024;
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Figure 1: Random walk generation from head nodes
rarely reaches tail tools, even when the max steps are in-
creased from 3 to 15. By initiating random walks from
tail nodes, meaningful trajectories for low-frequency
tools are formed, which support multi-turn conversa-
tions and enhance the model’s generalization capability.

Xi et al., 2025a). Consequently, the field is under-
going a paradigm shift towards frameworks that
not only enhance a model’s reasoning power but
also systematically evaluate its performance within
complex, interactive environments (Jimenez et al.,
2023; Yao et al., 2024; Xi et al., 2025b; Barres
et al., 2025; Lu et al., 2025).

However, despite the rapid advancements in
agentic frameworks, a critical bottleneck remains
in the way models learn and utilize tools. A
closer examination of current tool-augmented and
-generated methods reveals a significant imbalance
in tool utilization, often adhering to a severe long-
tail distribution. Existing approaches tend to rely
heavily on dominant-usage tools, where a small
fraction of frequently used APIs (e.g., weather,
search, calculator) overshadows a vast number of
rarely used but semantically important ones (Qin
et al., 2023; Patil et al., 2024). This imbalance
limits a model’s ability to generalize beyond mem-
orized, high-frequency tool calls and severely ham-
pers reasoning when faced with novel or special-
ized tasks. As models become more capable, the
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Table 1: Comparison of agentic frameworks and their handling of long-tail tool usage. This table highlights that
most existing tool call data generation methods, while strong in scalability and multi-step reasoning, predominantly
fail to address the critical challenge of long-tail tool usage. Our work provides a clear data construction pipeline to
overcome this limitation and ensure generalization on rare tool uses.

ability to handle this "tail" of the distribution be-
comes a defining factor for true open-world gener-
alization.

The root cause of this persistent limitation in tool
generalization capability is directly attributable to
the prevailing data generation paradigms currently
in use (Team et al., 2025a; Prabhakar et al., 2025).
As illustrated in Figure 1, standard data synthesis
strategies—which typically rely on simulating ran-
dom walks initiated from head nodes (frequently
used tools)—prove fundamentally ineffective at
thoroughly exploring the entire tool action space.
Even when the maximum number of steps is in-
creased (e.g., from 3 steps to 15 steps), these con-
ventional forward-generation methods only rarely
manage to reach the low-frequency tail nodes. The
result of this process is a synthesized dataset that
is overwhelmingly dominated by repetitive, high-
frequency usage patterns. Consequently, models
trained on such data exhibit a "rich-get-richer" bias,
failing to form meaningful trajectories' for low-
frequency tools. This key observation necessitates
a paradigm shift in how we construct tool-use tra-
jectories, ensuring that the learning model is sys-
tematically exposed to a diverse array of rare and
specialized tool combinations.

To address these limitations and bridge the gap
between head and tail tool usage, we propose a
novel data synthesis framework designed for gen-
eralizable tool learning. We first construct an API
dependency graph that captures the semantic rela-
tionships between tools based on their formal task
descriptions. Departing from conventional forward
generation methods, we introduce a reverse ran-
dom walk strategy starting specifically from tail

'We define the trajectory as a sequence of API calls,
which are related (or correlated) with tool arguments for solv-
ing tasks

nodes. As visualized in the trajectories in Figure 1,
this approach effectively generates multi-hop tool
chains that naturally incorporate rare but meaning-
ful tool combinations. By effectively forcing the
model to navigate the graph in reverse—from the
rare tail tool to the more common head tools—we
compel it to learn the underlying semantic relation-
ships and logical dependencies rather than merely
developing an overfitting tendency toward simple
frequency-based co-occurrence patterns.

Our experimental results on the 72 (Barres et al.,
2025) and BFCL (Patil et al.) agentic benchmarks
demonstrate that training on our generated data
significantly improves both rare tool generaliza-
tion (low-frequency tools) and reasoning effective-
ness without degrading performance on frequent
tools (high-frequency tools), highlighting the im-
portance of long-tail-aware data design for build-
ing robust agentic models. In addition, by training
on low-frequency tools, we could achieve better
tool efficiency by following the usage of tools in a
multi-step and multi-turn inference stage. We will
provide the data and code after the review.

2 Related Works

2.1 Reasoning Models with Tool-Use

LRMs has spurred the creation of a wide range of
benchmarks aimed at assessing autonomous agents
operating in tool-mediated settings (Guo et al.,
2025; Yang et al., 2025a; Team et al., 2025a,c; Zeng
et al., 2025). Initial efforts largely emphasized
single-step tool usage, such as one-shot function
calling or selecting predefined APIs in narrowly
scoped environments (Mialon et al., 2023b; Qin
etal., 2023; Lee et al., 2025). As research attention
shifted toward more realistic, multi-step decision-
making, subsequent benchmarks—including Sta-



bleToolBench (Guo et al., 2024), BFCL (Patil et al.,
2024), and the 7 benchmarks (Yao et al., 2024,
Barres et al., 2025)—were introduced to evaluate
agents’ ability to reason over and interact with
large, heterogeneous tool ecosystems (Liu et al.,
2025; Xu et al., 2025; Xi et al., 2025b).

2.2 Tool Invocation and Agent Strategies

Alongside progress in benchmarking, the design of
tool-using agents has evolved from simple function
invocation toward more autonomous and flexible
orchestration strategies. Early approaches allowed
LLMs to interpret tool specifications and issue
calls, but they relied on fixed, predefined tool sets,
which limited their effectiveness in open-ended en-
vironments (Schick et al., 2023; Hao et al., 2023).
Subsequent work has explored ways to dynamically
expand an agent’s tool repertoire, including the
on-demand synthesis of reusable tools (Cai et al.,
2023) and the reuse of existing software artifacts
through frameworks such as ToolMaker (Wélflein
et al., 2025). In parallel, researchers have pro-
posed complementary training paradigms to en-
hance agentic capabilities, such as critique-guided
planning (Chen et al., 2025b), selective supervi-
sion of reasoning processes (Yang et al., 2025b),
and methods that decouple internal reasoning from
output formatting (Chen et al., 2024).

2.3 Agentic Benchmarks & Data Generation

We further highlighted the deficiency when com-
paring existing works, as summarized in Table 1.
While contemporary frameworks such as Tool-
LLM (Qin et al., 2023), StableToolBench (Guo
et al., 2024), and Kimi-K2 (Team et al., 2025a)
demonstrate robust capabilities in scalability, multi-
step reasoning, and argument generation, they
largely overlook the critical challenge of long-tail
handling. Most existing benchmarks, including 7-
bench (Yao et al., 2024), 72-Bench (Barres et al.,
2025), and ACEBench (Chen et al., 2025a), and
methods like SFR-DeepResearch (Nguyen et al.,
2025), focus on optimizing performance for head
tools or specific domains, often neglecting the gen-
eralization capability required for handling the long
tail. Furthermore, many approaches struggle to sim-
ulate real conversations effectively, often resorting
to static tool chains that lack the dynamic, multi-
turn nature of realistic human-agent interaction. As
shown in the Table 1, there is a clear absence of a
framework that simultaneously addresses the effec-
tive handling of long-tail tool usage. In our work,

we provide a data construction pipeline to handle
long-tail tool usage and achieve generalization on
those tool uses with effective performance.

3 Preliminary Experiments

Before generating long-tail, multi-turn conversa-
tion data, we conducted a rigorous foundational
analysis of the agentic capabilities and structural
properties inherent in the BFCL (Patil et al.) and
72 (Barres et al., 2025) benchmarks. This pre-
liminary investigation was essential to ensure that
our synthesized trajectories would not only address
tool frequency but also align with the complex rea-
soning demands of high-performance agentic envi-
ronments. We define the six agentic abilities and
eight properties based on the analysis of the agen-
tic datasets (Zhang et al., 2025; Prabhakar et al.,
2025) and evaluation benchmarks (Patil et al.; Bar-
res et al., 2025). Six agentic abilities are as fol-
lows: decision making, planning, tool choice, argu-
ment generation, result analysis, and error handling.
We detailed the eight properties observation in Ap-
pendix A. Our findings indicated that for a training
dataset to be truly effective, it must go beyond static
tool chains and incorporate multi-turn aware logic
that integrate these complex abilities and properties
alogside rare tail-tool usage.

(B) 72 Agentic Abilities

Figure 2: Agentic abilities of two benchmarks.

4 Reverse Walk: Long-Tail-Aware
Sampling

The core challenge revealed in Figure 1 is that
standard random-walk-based data generation over-
whelmingly favors high-frequency tools (Team



et al., 2025a; Prabhakar et al., 2025). Even when
walk lengths increase, forward exploration from
head nodes rarely reaches tail nodes, leaving rare
yet semantically important tools severely under-
represented. This imbalance is not addressed by
existing tool-learning frameworks (Table 1), which
typically rely on naturally occurring or head-biased
synthetic tool chains.

To bridge this gap, we design a long-tail-aware
dependency sampling framework that explicitly
constructs and exploits the semantic dependency
structure of APIs. Our objective is two-fold: (1)
expose models to rare but valid multi-hop tool
combinations, and (2) generate trajectories that re-
flect realistic task-solving processes rather than
frequency-driven co-occurrence. We achieve this
through three components: a semantic dependency
graph, reverse random walks from tail nodes, and
frequency-balanced sampling.

4.1 API Dependency Graph Construction

We first build a directed dependency graph G =
(V, £) that captures how tools can be composed to
solve tasks. Each node v; € V represents a callable
API or function, and edges (v;, vj) € € represent
semantically meaningful dependencies where the
output or intent of v; can serve as an input for v;. In
detail, we define edges (v;, v;) as directed from a
prerequisite tool v; to a dependent tool v;, meaning
v; must precede v;.

Unlike prior works that rely solely on call co-
occurrence, we derive edges from semantic simi-
larity between API descriptions. Specifically, we
extract action verbs and purpose phrases from each
API specification and connect tools whose semantic
intents align (e.g., search — fetch details —
book). This yields a semantically coherent graph
that encodes compositional affordances. We also
compute edge frequencies f(,, ,.) as the geomet-
ric mean of source and target node frequencies
to capture edge-level long-tail phenomena rare
but meaningful combinations of tools, scaled by
semantic realism scores that penalize unrealistic
combinations (e.g., cancel — book) and generic
tools (e.g., calculate, compute). Further details
are described in Appendix B.1.

4.2 Reverse Random Walk for Tail-Oriented
Trajectories

Given this API graph, we perform reverse ran-
dom walks over G, starting from tail nodes (i.e.,
nodes with f; < 7) or tail edges (i.e., edges with

fwiw;) < Te when using edge-based sampling)
and sampling predecessors along semantic depen-
dencies. This contrasts with conventional forward
random walks, which rarely traverse into tail re-
gions.

At each step, we sample a predecessor node with
probability proportional to the semantically nor-
malized edge weight and inversely proportional to
node frequency.

B
Wy, 05) = <1 — f](c%ﬂf]) + 6> ,

max

where [ is the tail bias factor (typically 2.0-4.0)
and € = 0.01 prevents division by zero. Higher 3
values more strongly favor tail edges, encouraging
the walk to explore rare tool combinations. This
ensures that (1) rare tools appear at the start of the
chain, (2) the walk expands toward more general
high-frequency tools, and (3) resulting trajectories
reflect realistic multi-hop reasoning. The walk con-
tinues until reaching a head node (with f; > 7) or
a root node (no predecessors), producing a depen-
dency trajectory:

Vg — Vg—1 —> = — V1,

which can be interpreted as a multi-step tool-calling
plan.

To ensure validity, we apply several seman-
tic filters: excluding overly generic utilities (e.g.,
calculate, process), enforcing temporal depen-
dencies (e.g., no state-modifying operations after
a cancel action), preventing repeated tools within
the same trajectory, and ensuring all transitions re-
flect plausible operational orderings. (See more
details in Appendix B.3)

As we mentioned above that we intend to use
the reverse walk until reaching the head node. We
try to build realistic conversations starting from the
highly exposed tool to the generation model (in
here we used GPT-0ss-120b)>. We also reverse the
order of dependency trajectories of the form:

7-21}1—>’U2—>'--—>Uk,

naturally encoding how rare tools participate in
multi-step solutions.
4.3 Frequency-Balanced Sampling

After observing the completed tool trajectories, we
find that existing tools at the end of the trajectories

Zhttps://huggingface.co/openai/gpt-oss-120b
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are still commonly used. Since head tools dom-
inate the frequency distribution, naive sampling
would largely reproduce head-heavy trajectories.
To counter this, we adopt a frequency-based weight-
ing strategy:
1

7 (1)
where o € [0.5,1.0] controls the strength of
the long-tail bias. In our implementation, we
use a normalized inverse weighting scheme (1 —
normalized_freq + €)7 that achieves the same goal
of favoring tail nodes while maintaining numerical
stability. The bias factor vy (typically 2.0 for nodes,
3.0 for edges) controls how aggressively we favor
rare tools over frequent ones.

w; X

Critically, sampling always begins from tail
nodes or tail edges, ensuring that each trajectory
includes at least one rare tool by construction. This
is more effective than post-hoc stratified filtering,
which struggles under highly skewed long-tail dis-
tributions.

4.4 Complexity-Aware Validation

To maintain both realism and executability, each
generated trajectory undergoes structural and
argument-level validation. We restrict the maxi-
mum reasoning depth dy,.x, verify that each tool
call satisfies its schema, enforce cross-step consis-
tency so that outputs of earlier tools satisfy pre-
requisites of later ones, and apply temporal logic
constraints such as prohibiting state changes after
deletion actions. Although simulator-based repair
can be used, we adopt strict filtering to ensure that
all retained trajectories exhibit clean, logically con-
sistent structures.

5 Multi-turn Conversation Generation

Given the tool trajectories 7 generated through re-
verse random walks, we synthesize realistic multi-
turn conversations that reflect how users and as-
sistants interact in practice. Unlike static tool
chains that merely enumerate API calls (Prabhakar
et al., 2025; Team et al., 2025a), our approach gen-
erates dynamic, context-aware dialogues where
user requests emerge naturally and assistant re-
sponses involve multi-step tool reasoning similar
pipeline (Cho et al., 2026). We initiate conversation
generation from the start node of each trajectory
(i.e., the most frequently used tool), as these head
tools are more familiar to the generation model

Dataset Step Turn Task Samples
Nemotron-based 3.65 (119) 3.28 (195) 2.52(18) 15,287
Tau2-based 3.15(58) 4.85(218) 298 (21) 988

Table 2: Statistics of the Nemotron-based and Tau2-
based tool conversation datasets. For each metric (Step,
Turn, Task), we provide the average value with the max-
imum value provided in parentheses.

and serve as natural entry points for realistic task
formulation.

Our conversation generation pipeline operates
through an iterative user-assistant interaction loop.
First, we generate task descriptions that align with
the tool trajectory 7, encoding the semantic de-
pendencies as natural user goals ranging from sim-
ple single-tool queries to complex multi-step work-
flows. The user simulation module then generates
realistic user turns by modeling human behavior:
users ask for help naturally, provide context in-
crementally, and request follow-up actions based
on previous assistant responses. The assistant re-
sponse generation module, in turn, performs multi-
step reasoning by calling tools sequentially, where
each tool call may depend on outputs from previous
calls. To ensure realism, we employ a tool simula-
tor that generates plausible tool outputs (including
occasional errors with probability peror) based on
tool specifications and call arguments, maintaining
temporal consistency throughout the conversation.

The iterative process continues until the user
indicates task completion, naturally producing con-
versations of varying lengths and complexities.
This approach ensures that rare tools embedded in
the trajectory are naturally integrated into realistic
multi-turn dialogues, exposing models to both the
compositional structure of tool dependencies and
the dynamic nature of human-agent interaction. By
starting from head nodes and expanding toward tail
tools through natural conversation flow, we bridge
the gap between frequency-biased tool exposure
and long-tail generalization requirements.

6 Experiments

6.1 Experimental Details

Training & Inference Settings In Table 2,
we provide the statistics of generated datasets.
We generate the tool trajectories based on the
seed tools provided by Nemotron post-training
dataset (Nathawani et al., 2025) and 72 database
dataset (Barres et al., 2025). To provide hyperpa-
rameters of training setting, we use le-6 learning



BFCL

Tau2

Model
Memory Multi-turn Live Non-Live Hall. (Rel) Hall. (Irrel) Airline Retail Telecom  Telecom-Workflow

Claude Sonnet 4.5 (fc) 39.14 60.88 81.05 88.56 68.75 86.32 70.0 86.2 98.0
GPT-5.1-mini 44.09 27.38 58.55 70.19 68.75 91.76 - - -
GPT-5.1 57.63 36.12 58.99 73.04 68.75 91.35 779 - 95.6
Gemini-2.5-Pro 36.77 29.25 63.8 85.58 43.75 91.46 - - -
Gemini-3.0-Pro - - - - - - 73.0 85.3 85.4
XLAM-2-3b-fc-rf 1333 56.00 58.69 82.94 94.44 57.94 32.0 44.4
XxLAM-2-8b-fe-rf 15.7 69.25 66.73 84.35 83.33 64.11 352 582
xLAM-2-32b-fe-rf 16.77 66.38 73.79 89.50 83.33 76.25 45.0 64.3
XLAM-2-70b-fc-rf 17.63 75.12 72.63 88.48 66.67 78.74 452 67.1
Qwen3-4B-Thinking-25071 19.35 48.1 82.9 86.3 100.0 789 58.0(46.0) 53.5(56.1) 27.2(21.1) -(21.9)
Qwen3-30B-A3B-Thinking-25071 2043 53.8 84.1 89.6 100.0 80.6 58.0(56.0) 58.8(54.4) 26.3(22.8) -(6.14)
Qwen3-235B-A22B-Thinking-2507 29.25 50.12 83.35 90.17 93.75 82.26 50.0 (44.0) 74.6(57.9) 32.5(21.9) -(22.8)
Qwen3-4B-Thinking-2507 + APIGEN 21.51 13.38 76.98 86.06 68.75 629 44.0 54.4 272 22.81
Qwen3-30B-A3B-Thinking-2507 + APIGEN 23.66 20.88 77.94 84.56 75.0 56.34 48.0 57.0 325 36.0
Qwen3-235B-A22B-Thinking-2507 + APIGEN  27.96 49.12 81.57 88.38 81.25 78.1 48.0 74.6 39.5 51.8
Qwen3-4B-Thinking-2507 + OURS 22.15 17.5 78.53 84.75 81.25 78.1 44.0 56.1 30.7 272
Qwen3-30B-A3B-Thinking-2507 + OURS 27.75 34.25 80.9 84.52 87.5 77.69 46.0 60.5 39.5 412
Qwen3-235B-A22B-Thinking-2507 + OURS 34.41 52.50 83.64 88.56 81.25 82.93 52.0 772 51.8 56.1

Table 3: Agentic benchmark results. We provide the proprietary models (row 1-5), open-source function call models
(row 6-9), baselines (row 10-12), and trained models with APIGEN and OURS which could be divided into forward
and reverse tool trajectories while generating multi-turn conversation (row 13-18). The t replies the reported score
from technical report, model card, and leaderboard. We observe a significant performance discrepancy in the
baseline models (row 10-12) between the officially reported scores (1) and our re-evaluated scores (in parentheses).

rate with max sequence length of 64k>. We train
the models for 5 epochs and choose the best per-
formance epoch. We also perform full-finetuning
using DeepSpeed ZeRO (Rasley et al., 2020) stage
3, Flash Attention 2 (Dao, 2023) in bfloat16 preci-
sion with AdamW optimizer (Loshchilov and Hut-
ter, 2017). In our previous observations, higher
learning rates make model to explode and lower
sequence length provide timeout request error
while evaluating agentic benchmarks. We use
vLLM (Kwon et al., 2023) to serve the trained
models with provided high quality hyperparame-
ters.

We use three qwen-family reasoning mod-
els: Qwen3-4B-Thinking-2507, Qwen3-30B-A3B-
Thinking-2507, and Qwen3-235B-A22B-Thinking-
2507 (Yang et al., 2025a). In our experiments,
we use two agentic benchmarks 72 (Barres et al.,
2025) and BFCL (Patil et al.). The 72 benchmark
comprises 5 realistic domains: Airline (50), Retail
(114), Telecom (114), Telecom-Workflow (114),
and Mock (9). We report a pass”™1 result due to the
high cost of API usage. We did not use the Mock
domain because of its instability in its results. Also,
the Gorilla BFCL V4 benchmark evaluates LLM
function calling across 5,088 samples in categories
weighted by importance. Key evaluation areas in-
clude Multi-turn (800) for conversational context
and Agentic (665) for memory and web search
tasks. We did not assess the web search part due to
the failure case of using search APL. It also assesses

3We explored the learning rate and maximum context
length and detailed explorations in Appendix E

model accuracy in both Real-world Live (1,351)
and standard Non-live (1,150) function calls, along
with Hallucination (1,122) measurement to check
for proper abstention.

6.2 Experimental Results

Table 3 summarizes the agentic benchmark results
for proprietary models, open-source function call
models, and our trained models on the BFCL (Patil
et al.) and 72 (Barres et al., 2025) datasets. The
models trained with APIGEN and OURS employ
two distinct tool-use trajectory strategies: forward
and reverse multi-turn conversation, respectively.
Training the baseline Qwen3 models with multi-
turn conversation trajectories (APIGEN or OURS)
yields dramatic performance gains on the 72 bench-
marks compared to the re-evaluated baseline scores.
Notably, models trained with OURS, which utilizes
a reverse-traversing tool trajectories, consistently
show superior effectiveness in capturing complex
conversational dynamics. For instance, the Qwen3-
235B model, after training with OURS, achieves
an F1 score of 77.2 in 72 Retail, representing a
substantial 19.3 point increase over its re-evaluated
baseline score of 57.9. The most critical improve-
ment is observed in the Qwen3-30B model on
72 Telecom, where the baseline score of 22.8 is
boosted to 39.5 by OURS, demonstrating a 16.7
point surge. This data highlights that while trajec-
tory training is vital, adopting the reverse trajectory
approach is significantly more effective at unlock-
ing robust multi-turn tool usage capabilities, espe-
cially across challenging domains like Telecom and
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Figure 3: Average tool call efficiency by 72 domains and models. These figures compare the average number
of (A) Correct and (B) Incorrect tool usages across three 72 domains. Models trained with our method (OURS)
demonstrate improved efficiency, generally exhibiting a lower average number of incorrect calls while maintaining
competitive correct tool usage, particularly in the complex Retail and Telecom domain.

Retail.

7 Analysis
7.1 Efficiency of tool usage

This subsection likely examines how efficiently
the models utilize the available tools, particularly
comparing the baseline models and those trained
with the proposed reverse random walk (OURS)
approach. The efficiency can be measured by com-
paring the average number of correct and incorrect
tool usages across different domains, such as those
in the 72 benchmark (Airline, Retail, Telecom).

The provided Figure 3, labeled as (A) Correct
Tool Efficiency and (B) Incorrect Tool Efficiency,
visually supports this analysis. A robust model
would be expected to demonstrate a high average
number of correct tool calls and a low average
number of incorrect tool calls. For the 72 Retail do-
main, the Qwen3-235B model trained with OURS
demonstrates superior performance, achieving a
low average number of correct tool calls (23.7) and
incorrect tool calls (41.7).

7.2 Effectiveness on tail tool usage

This subsection focuses on the primary challenge
addressed by the paper: the generalization capabil-
ity of models on rarely used, or "long-tail" tools.
Traditional forward-generation methods struggle
to create meaningful trajectories for these low-
frequency tools. Our reverse random walk strategy
is specifically designed to generate multi-hop tool
chains that naturally incorporate rare but meaning-
ful tool combinations, forcing the model to learn se-
mantic relationships over frequency-based patterns.
The effectiveness of this approach is demonstrated
by assessing the accuracy of tool usage specifically

(A) 72-Airline (B) r2-Telecom

Figure 4: Tail tool accuracy comparison on 72 Airline
and Telecom Domains. This visualization focuses on
the generalization capability for the bottom ten infre-
quent tools (long-tail tools). Training on the dataset
generated by our reverse walk strategy (OURS) signifi-
cantly enhances the proper usage and accuracy of these
low-frequency tools compared to baselines.

for these long-tail tools. Figure 4, which provides
72-Airline and 72-Telecom tail tool accuracies un-
der the bottom ten infrequent tool usages, is the
core visual evidence for this analysis, showing that
training on the dataset generated by the reverse
walk (OURS) enhances the proper usage of these
low-frequency tools.

7.3 Generalization of Tool distribution

We evaluate how well our model generalizes to tool
distributions—tools that were either infrequent in
the training set or appear during the evaluation
phase. We compared the agentic performance of
the model trained with our reverse walk (OURS)
strategy against the toolsets used in the 72-Airline
and -Telecom domains of the evaluation bench-
marks.

In the Telecom domain showed exceptional pre-
cision in state-control tools such as check wifi status
(75.00%), proving that our reverse walk strategy ef-
fectively trains the model on diverse state-transition
logic. Furthermore, stable results across tools like
get customer by phone (56.76%) indicate that the
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Figure 5: Average tool call consistency by 72 domains and models.

model successfully generalizes by leveraging se-
mantic tool descriptions rather than relying on fre-
quency patterns. We want to note that by forcing
the model to learn the underlying dependencies of
rare tools, it enables the agent to navigate the tool
action space effectively, even when encountering
infrequent APIs in the evaluation benchmark. We
further provide the detailed tool usage of 72-Airline

in Appendix D.

Tool Name Correct Incorrect Total Accuracy (%)
reboot device 59 96 155 38.06%
run speed test 81 69 150 54.00%
get customer by phone 63 48 111 56.76%
check network mode preference 56 46 102 54.90%
get data usage 37 43 80 46.25%
check sim status 25 55 80 31.25%
set apn settings 12 66 78 15.38%
send payment request 28 21 49 57.14%
make payment 23 20 43 53.49%
reseat sim card 16 27 43 37.21%
check installed apps 9 32 41 21.95%
check wifi calling status 18 14 32 56.25%
grant app permission 22 10 32 68.75%
toggle roaming 17 14 31 54.83%
toggle data saver mode 6 11 17 35.29%
toggle wifi calling 12 6 18 66.66%
resume line 4 8 12 33.33%
check wifi status 6 2 8 75.00%
get customer by name 2 4 6 30.00%
disable roaming 3 1 4 75.00%

Table 4: Tool Usage Comparison - Telecom Domain
(Simulation)

7.4 Tool Consistency using pass”k

To evaluate the reliability of model-generated tool
calls, we measure the average consistency across
the Retail, Airline, and Telecom domains using the
Pass”k metric. As illustrated in Figure 5, model
performance scales positively with parameter size,
where Qwen3-235b achieves the highest overall
consistency (e.g., 0.77 in Retail at £ = 1) com-
pared to its smaller variants and GPT-o0ss-120b.
Across all evaluated models, a consistent perfor-

mance hierarchy emerges among domains, with
Retail showing the highest stability and Telecom
presenting the most significant challenge. Further-
more, the observed decline in Pass "k values as k
increases suggests that while larger models pro-
vide a higher baseline for accuracy, maintaining
consistent tool-calling logic across multiple itera-
tions remains a complex task influenced heavily by
domain-specific requirements.

8 Conclusion

This paper introduces a long-tail-aware sampling
framework to enhance the generalization of tool-
learning models by addressing the common bias
toward high-frequency tool usage. We propose a
reverse random walk strategy, starting from rare
tail nodes/edges and moving toward head nodes
along a semantically derived API Dependency
Graph, which naturally compels the generation of
trajectories featuring rare tool usage and complex
multi-hop combinations. This is combined with a
frequency-balanced sampling to mitigate the over-
representation of frequent steps and the complexity-
aware validation to ensure the generated data’s real-
ism and executability. Empirical results on agentic
benchmarks like 72 and BFCL confirm that train-
ing on the resulting dataset significantly improves
robust multi-tool usage and generalization across
diverse conversational scenarios, demonstrating the
efficacy of our method for building highly capable
tool-augmented reasoning models.

Limitations

While the framework successfully improves perfor-
mance on tail tools, there is a risk that the model is
simply memorizing the synthetic patterns generated



by the reverse walk rather than learning generalized
reasoning. Since the open-sourced GPT-OSS-120b
model is used to generate the dialogues, the trained
models might be inheriting the specific linguistic
and logical biases of the teacher model.

We also want to state that we did not assess the
web search part of the BFCL benchmark due to
API failure cases. Furthermore, many of the results
are based on simulated tool outputs. The "long-
tail" tools in the real world often involve unpre-
dictable environmental states or complex authen-
tication flows that simulations might oversimplify.
The gap between "simulated accuracy” (e.g., Table
5) and "real-world deployment" remains a critical
limitation for agentic frameworks.
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A Background Observations

In Table 5, we define eight distinct agentic proper-
ties—such as Conditional Tool Invocation, File Sys-
tem State Tracking, and State Consistency Check-
ing—to serve as qualitative benchmarks for our
data. To assess these criteria, we use an LLLM-as-a-
judge (Zheng et al., 2023), scoring each property
on a scale of 1 to 100. In Figure 2 and 6, our find-
ings indicated that for a training dataset to be truly
effective, it must go beyond static tool chains and
incorporate multi-turn aware conditional logic and
environmental state tracking. Consequently, our
generation pipeline was specifically designed to
produce multi-turn dialogues that integrate these
complex properties alongside rare "tail-tool" API
usage.

B Long-tail Data Generation

B.1 Motivation: Limitations of Node-Based
Approach

Our initial implementation focused on node-based
long-tail phenomena, where we identified tail
nodes (tools with frequency f; < 7) and performed
reverse random walks starting from these nodes.
While this approach successfully generated chains
containing rare tools, we observed several limita-
tions:
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* Repetitive tool combinations: The ran-
dom walk often converged to common
tool pairs (e.g., getReservationDetails —
updateReservationFlights), even when
starting from tail nodes. This occurred be-
cause edge weights were proportional to node
frequencies, causing the walk to quickly tran-
sition to high-frequency tools.

* Weak compositional reasoning: The gener-
ated chains emphasized individual rare tools
but failed to capture rare but meaningful com-
binations of tools. For instance, a chain might
include a rare tool sendCertificate, but it
would typically be connected to common tools
like getUserDetails, rather than forming
novel compositional patterns.

* Insufficient edge diversity: Even with in-
verse weighting (favoring tail nodes), the ac-
tual dependencies between tools remained
dominated by frequent edges, limiting the di-
versity of multi-hop reasoning patterns.

B.2 Edge-Based Long-Tail: A Compositional
Perspective

To address these limitations, we transitioned to
an edge-based long-tail approach that emphasizes
rare tool combinations rather than merely rare indi-
vidual tools. This shift is motivated by the observa-
tion that compositional reasoning requires models
to learn not just which tools exist, but how tools
can be meaningfully combined.

Edge Frequency Computation.
edge frequencies f(ij) as:

V fz : fj : Srealism(vi,vj)>

where Sreqlism (i, vj) € [0,1] is a semantic real-
ism score that penalizes unrealistic combinations.
The geometric mean captures the joint probabil-
ity of using both tools together, while the realism
score ensures that semantically incoherent edges
(e.g., cancelReservation — bookReservation)
receive very low frequencies regardless of individ-
ual node frequencies.

We compute

f(”iﬂ)j) =

Semantic Realism Scoring. The realism score
Srealism combines three factors:

Srealism (Ui7 Uj) = 0.3 - Sdomain + 0.5 - Saction + 0.2 - Spattern

2

where:



Label Name

Definition

(A) Complex Policy Presence Whether the conversation contains or implies a complex, multi-condition policy that governs how the agent should behave or make decisions.

(B) User Information Verification ‘Whether the conversation involves the agent explicitly checking, confirming, or i lated information (e.g., name, status, role, identity, preferences) before proceeding.
© User-Dependent Policy Variation ‘Whether the conversation shows that different policies or behaviors are applied depending on user type, grade, or classification.

(D) Excessive Step Decomposition ‘Whether the solving process is overly decomposed into too many sub-steps, indicating unnecessary procedural granularity.

(E) Incorrect Tool Execution Sequence  Whether the conversation demonstrates incorrect or logically inconsistent tool usage, such as invoking tools in the wrong order or with wrong arguments.

(F) Conditional Tool Invocation Whether the conversation involves conditional decisions about whether or not to use a tool, based on state, input, or environment.

(&) File System State Tracking ‘Whether the conversation involves monitoring, updating, or reasoning about file system states (e.g., file creation, deletion, modification).

(H)  State Consistency Checking Whether the conversation explicitly verifies or ensures consistency between stored states, memory, or environment variables during execution.

Table 5: Definition of the eight agentic properties.

W=t

evaluation data

GPTOss-120b

W=

Figure 6: Agentic properties of two benchmarks using GPT-5-mini and GPT-OSS-120b as a judger.

* Sdomain: Domain consistency (1.0 for same
domain, 0.7 for cross-domain)

* Saction: Lemporal logic based on action types
(e.g., search — book = 1.0, cancel —
update =0.01)

* Spatern: 10Ol name pattern matching (same
entity operations score higher)

This scoring mechanism ensures that even if two
tools individually have moderate frequencies, their
combination receives a low edge frequency if it
is semantically unrealistic, effectively filtering out
nonsensical dependencies during graph construc-
tion.

B.3 Implementation Details

Generic Tool Filtering. We identify and ex-
clude generic tools (e.g., calculate, compute,
process) that lack specific semantic meaning.
These tools are filtered at two stages:

1. Graph construction: Generic tools are ex-
cluded as source nodes in dependency edges,
preventing them from creating spurious con-
nections.

2. Random walk: During chain generation,
generic tools are filtered from predecessor can-
didates, ensuring only semantically meaning-
ful tools appear in the final chains.

Temporal Logic Constraints. To prevent unre-
alistic sequences, we enforce temporal logic rules:
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» After cancel or delete actions, only read
and search operations are allowed. This
prevents chains like cancelReservation —
updateReservationFlights, which would
be semantically invalid.

* Action type classification enables pattern-
based validation: search — create se-
quences receive high scores, while delete
— create sequences are heavily penalized.

B.4 Empirical Observations

Our transition to edge-based long-tail yielded sev-
eral improvements:

* Increased compositional diversity: Chains
now contain more diverse tool combi-
nations, such as searchOnestopFlight
— sendCertificate —
updatePassengerDetails, which rep-
resent novel multi-hop reasoning patterns.

* Reduced unrealistic sequences: Semantic
validation eliminated problematic patterns
like cancel — update or calculate —
bookReservation, improving the quality of
generated tasks.

* Better long-tail coverage: Edge-based sam-
pling ensures that even when individual tools
have moderate frequencies, their rare com-
binations are properly emphasized, leading
to more challenging compositional reasoning
tasks.



B.5 Parameter Selection

For edge-based long-tail, we use the following pa-
rameter settings:

* 7. = 0.0001: Edge frequency threshold for
identifying tail edges. This lower threshold
(compared to node-based 7 = 0.01) reflects
that edge frequencies are typically lower than
node frequencies due to the geometric mean
computation.

* B, = 3.0: Edge tail bias factor, higher than
node-based S = 2.0 to more aggressively fa-
vor rare edges.

¢ Semantic validation threshold: Sieqtigm > 0.35
to filter out unrealistic edges while allowing
some flexibility for cross-domain combina-

tions.

These parameters were selected through itera-
tive refinement to balance between generating suf-
ficiently diverse chains and maintaining semantic
coherence.

C Multi-Turn Conversation Data
Generation Details

The dataset is constructed using an iterative, multi-
stage pipeline designed to simulate complex, multi-
turn tool-use interactions. Each conversation con-
sists of four primary roles: system instructions, user
queries, assistant responses (including reasoning
and tool calls), and tool execution results.

C.1 [Initial Task and Response Generation

The process begins with the Task Generation
Pipeline, which utilizes tool specifications to create
realistic user instructions. Each task is assigned a
complexity level (easy, medium, or hard) and a de-
tailed evaluation rubric that defines success criteria,
expected tool-use patterns, and checkpoints. Once
a task is defined, the Response Generation Pipeline
produces the assistant’s turns. This stage is itera-
tive: the model generates reasoning and tool calls,
the pipeline simulates tool execution (introducing
a probabilistic tool error probability to model real-
world failures), and the results are fed back into
the conversation until the assistant provides a final
answer.

C.2 Validity and Self-correction

To ensure high data quality, every generated in-
teraction undergoes LL.M-based validation. The
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validator compares the assistant’s entire reasoning
and tool-use process against the predefined rubric
and tool specifications. If the response fails to
meet the success criteria or deviates from the ex-
pected pattern, the conversation is reverted to the
last user turn and sent back for regeneration. This
retry mechanism creates a self-correcting loop that
filters out hallucinations or suboptimal tool usage.

C.3 Continual Turn Extension

Following a successful validation, the pipeline de-
termines whether to extend the conversation. Based
on a continuation probability and a maximum turn
limit, the LLM generates a follow-up user turn.
This new turn is designed to follow the conversa-
tion context naturally—often depending on previ-
ous tool outputs—while maintaining the original
complexity level. Each new turn includes its own
unique rubric, and the cycle of response generation
and validation repeats.

C.4 Key design philosophies

The pipeline incorporates several features to en-
hance model robustness: (1) Complexity Preserva-
tion: Ensuring all turns in a single session adhere
to the initial difficulty setting. (2) Error Simulation:
Training the model to recover from tool failures
by injecting realistic errors into the simulation. (3)
Dynamic Variation: Using probabilistic continu-
ation to ensure a diverse mix of short-form and
long-form multi-turn dialogues. The final output
is a collection of comprehensive JSONL objects,
where each entry contains the full conversation his-
tory and metadata, providing a rich training signal
for complex context management and tool interac-
tion patterns.

D Overall Tool Usages

Tool Name Correct Incorrect Total Accuracy (%)

71 42 113 62.83%
49 54 103 47.5%
18 21 39 46.15%
21 10 67.74%
12 9 57.14%
12 36.84%
11 35.29%
7 11 36.36%
8 11 27.27%
5 9 44.44%

get reservation details
search direct flight

get user details

transfer to human agents
update reservation flights
book reservation 7
search onestop flight

get flight status

cancel reservation

update reservation baggages

FNERIEFNEN

Table 6: Tool Usage Comparison - Airline Domain
(Simulation)



E Exploration of Hyperparameters

To ensure the robustness and optimal performance
of our proposed long-tail-aware sampling frame-
work, we conducted detailed ablation studies focus-
ing on two critical training hyperparameters: the
maximum context length and the learning rate.

Increasing Maximum Context Length. The
ability to handle long, multi-turn conversations and
complex tool trajectories is directly dependent on
the model’s maximum sequence length. Our initial
observations indicated that an insufficient context
length (less than 32k) often resulted in timeout
request errors (approx. 16 ~ 22%) during the eval-
uation of agentic benchmarks.

We anchor our experiments on a sequence length
of 64k and compare performance against shorter
(e.g., 8k, 16k, and 32k) settings. This exploration is
crucial for verifying that the model can effectively
leverage the full compositional structure encoded
by our reverse random walks. We primarily analyze
the impact of context length on metrics sensitive
to conversational depth, such as the 72 Telecom-
Workflow accuracy and the BFCL Multi-turn F1
score. A substantial increase in performance on
these metrics with greater context length would
confirm that the generated multi-turn, multi-step
trajectories are being fully utilized by the model.

Learning Rate. The learning rate is a critical
factor for achieving stable and effective training,
especially when dealing with skewed data distribu-
tions like the long tail of tool usage. We previously
observed that higher learning rates lead the model
to explode. Thus, we set our baseline learning
rate conservatively at le-6 for 5 epochs of full-
finetuning using AdamW optimizer (Loshchilov
and Hutter, 2017).

We conduct experiments by varying the
learning rate around the baseline (e.g.,
le-7,5e-7,5e-6,1e-5) to determine the opti-
mal balance between convergence speed and
stability. The primary goal is to find the maximum
effective learning rate that preserves or enhances
the model’s ability to generalize to rare, long-tail
tool usages. We assess this by monitoring
the overall performance on the 72-Airline and
72-Telecom domains (as highlighted in Figure
3), alongside the overall BFCL scores and the
stability of the training loss curve. This analysis
will validate our conservative learning rate choice
and demonstrate its efficacy in navigating the
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unique challenges posed by long-tail tool learning.

F Scientific Artifacts Usage

To ensure the highest level of linguistic quality and
technical clarity, generative Al tools—including
Gemini and ChatGPT—were utilized during the
preparation of this manuscript. Specifically, these
models were employed for grammatical refinement,
improving prose fluency, and polishing technical
descriptions within the text. The use of these tools
was strictly limited to language enhancement and
editorial support. All core scientific ideas, data
generation logic, experimental results, and inter-
pretations remain the original work of the authors.
The final manuscript was thoroughly reviewed and
edited by the authors to ensure accuracy, integrity,
and adherence to academic standards.



Preliminary (Abilities)

You are an expert evaluator trained to analyze Python dictionary—formatted samples involving an
agent performing reasoning and tool-using tasks. Your goal is to assess how strongly the given
sample provides evidence that the data could help train or evaluate the model’s agentic abilities.
Each sample includes structured keys such as "function", "question", "context", "response”,
"arguments”, or "output". You should carefully examine all fields and their relationships to
determine whether the data meaningfully demonstrates or could supervise each ability.

Scoring

For each ability, assign a score between 1 and 100, where:

1 — The ability is essentially absent or only trivially implied.

25 — Weak or ambiguous learning signal.

50 — Moderate, partial supervision signal.

75 — Clear and strong evidence supporting this ability.

100 — Explicit, central, and unambiguous supervision signal.

If the aspect is not meaningfully present, assign a score close to 1 rather than 0.

Criteria and Definitions

1. Decision Making: Degree to which the sample provides supervision for deciding the next
optimal action (e.g., whether to plan, invoke a tool, ask for clarification, or directly answer).

2. Planning: Extent to which the sample demonstrates decomposition of a high-level task into
ordered sub-tasks or structured steps.

3. Tool Choice: Strength of evidence that the sample teaches selecting an appropriate tool from an
available toolset.

4. Argument Generation: Degree to which the sample provides supervision for generating correct
and contextually appropriate arguments (parameters or inputs) for a selected tool.

5. Result Analysis: Extent to which the sample demonstrates interpreting tool outputs and deciding
whether the task is complete or further action is required.

6. Error Handling: Strength of evidence that the sample teaches recognition of errors, unexpected
outputs, or failed executions and appropriate responses to them.

Required OQutput Format

{
"decision_making": 1-100,
"planning”: 1-100,
"tool_choice"”: 1-100,
"argument_generation”: 1-100,
"result_analysis”: 1-100,
"error_handling": 1-100,
"reasoning”: "Brief 1-2 sentence explanation highlighting which abilities are strongly
or weakly supported.”
}
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Preliminary (Properties)

You are an expert evaluator analyzing Python dictionary—formatted samples that describe an
agent’s reasoning, tool use, or policy-driven behavior. Your goal is to determine how strongly
the sample demonstrates or implies specific meta-structural elements, such as complex policies,
user-dependent variations, or state management logic.

Each sample may include fields such as "function", "question", "context",
ments".

response”, or "argu-

Scoring

For each criterion (A-H), assign a score between 1 and 100, where:

1 — The aspect is essentially absent or only trivially hinted.

25 — Weak or implicit signal; ambiguous relevance.

50 — Moderately present; partially demonstrated.

75 — Clearly present with strong evidence.

100 — Explicit, central, and unambiguous presence.

If the aspect is not meaningfully present, assign a score close to 1 rather than 0.

Criteria and Definitions

(A) Complex Policy Presence Degree to which the sample defines or implies a multi-condition,
non-trivial policy governing agent behavior.

(B) User Information Verification Extent to which the sample checks, validates, or requests
user-related information before proceeding.

(C) User-Dependent Policy Variation Strength of evidence that rules or actions vary depending
on user role, identity, or attributes.

(D) Excessive Step Decomposition Degree to which the reasoning or task flow is broken into
unnecessarily granular or redundant steps.

(E) Incorrect Tool Execution Sequence Severity of illogical, inefficient, or incorrect ordering of
tool calls.

(F) Conditional Tool Invocation Strength of conditional logic determining whether, when, or how
tools are invoked.

(G) File System State Tracking Extent of reasoning about file system state changes (creation,
deletion, updates, persistence).

(H) State Consistency Checking Degree to which the sample explicitly verifies consistency across
states, memory, or stored artifacts.

Required Output Format
{

"A_complex_policy_presence”: 1-100,

"B_user_information_verification”: 1-100,

"C_user_dependent_policy_variation”: 1-100,

"D_excessive_step_decomposition”: 1-100,

"E_incorrect_tool_execution_sequence”: 1-100,

"F_conditional_tool_invocation”: 1-100,

"G_file_system_state_tracking”: 1-100,

"H_state_consistency_checking”: 1-100,

"reasoning": "Brief 1-2 sentence explanation highlighting the strongest and weakest dimensions.
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