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Abstract

Recent large language models (LLMs) have
demonstrated strong capabilities across challeng-
ing tasks, enabling their widespread adoption in
agentic systems that interact with external tools.
In such deployments, however, LLMs are typi-
cally trained with general-purpose tokenizers de-
signed for broad language coverage, while their
usage is dominated by narrow, structured tool-
calling interactions. This training—deployment
mismatch leads to inefficient tokenization, where
repetitive structural patterns and frequent seman-
tic units in function calls are fragmented into
long sequences of low-level tokens, increasing
decoding overhead. To address this gap, we in-
troduce AgentVocab, a structure-aware vocab-
ulary adaptation framework for efficient LLM
agents. AgentVocab derives specialized vocab-
ulary entries from real tool-calling traces and
adapts the model vocabulary to better reflect
structural and semantic regularities, without task-
specific schema engineering. Experiments on
7 and 72-bench show that AgentVocab signifi-
cantly improves decoding efficiency, reducing la-
tency by approximately 15-25% relative to the
vanilla baseline, while preserving tool-calling
performance. Our approach is orthogonal to
existing fine-tuning and agent-training methods
and integrates seamlessly into standard agent
pipelines. Source code and models will be
available at https://anonymous.4open.
science/r/AgentVocab—-28CC.

1. Introduction

Large language models (LLMs) have made rapid progress
in recent years, demonstrating strong performance across
a wide range of tasks, such as multi-step mathematical rea-
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soning (Shao et al., 2025), program synthesis (Zeng et al.,
2025; Hui et al., 2024; Anthropic, 2025), and instruction-
driven problem solving (OpenAl, 2025; Yang et al., 2025).
These advances go beyond traditional conversational capa-
bilities and reflect a shift toward LLMs that can reliably
follow complex instructions and operate under structured
constraints. As a result, LLMs are increasingly integrated
into downstream systems, where they serve not merely as
dialogue-based chatbots, but as core computational compo-
nents that support more sophisticated forms of interaction
and control (Mon-Williams et al., 2025; Salimpour et al.,
2025; Li et al., 2025; Xu et al., 2025a).

One prominent paradigm enabled by these advances is agen-
tic AL, in which an LLM interacts with external tools, APIs,
or environments to accomplish user-defined goals (Li et al.,
2024; Yue et al., 2025). In such systems, LLMs are com-
monly responsible for selecting tools and producing struc-
tured outputs, such as function calls or JSON-formatted
arguments. Importantly, although LLMs are capable of
handling diverse language tasks, their deployment in agent
systems is often highly specialized: once embedded in an
agent pipeline, a model is typically used repeatedly for a
narrow class of structured tool-calling interactions, which
dominate the model’s usage profile (Patil et al., 2025; Qin
etal., 2024).

Despite the growing body of work on agentic systems, we
argue that a fundamental training—deployment mismatch re-
mains underexplored. LLMs are trained with tokenizers and
vocabularies designed for broad-coverage natural language,
yet agentic tool calling is dominated by highly structured,
repetitive patterns, including both JSON schemas and fre-
quent semantic elements like common argument values.
Existing approaches to improving tool-calling performance
primarily focus on parameter adaptation or agent-level rea-
soning. For example, Gorilla (Patil et al., 2024) improves
API invocation by training on instruction data derived from
API documentation with retrieval-aware techniques. Recent
data-centric pipelines such as APIGen (Liu et al., 2024b)
and Magnet (Yin et al., 2025) scale tool-use learning by syn-
thesizing agent trajectories with validation and distillation.
In parallel, agent-oriented methods such as Re-ReST (Dou
et al., 2024) and CodeAct (Wang et al., 2024) enhance tool
use via reflection, trajectory refinement, or executable action
representations. However, these methods largely assume a
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fixed, general-purpose tokenizer and overlook the impact of
vocabulary design on efficiency and reliability in structured
tool-calling scenarios.

In this work, we revisit agentic tool calling from a
vocabulary-level perspective. Our key insight is that, in
agent deployments, LL.Ms assume a more specialized role
than in general-purpose use, which creates an opportunity to
adapt the vocabulary to structured interaction patterns that
dominate tool calling. In such settings, frequent structural
fragments and recurring semantic units in tool schemas and
function calls can be treated as meaningful atomic units.
Based on this observation, we propose AgentVocab, a data-
driven approach that automatically mines high-frequency
structural and semantic patterns from real tool-calling traces
and incorporates them as specialized tokens into the model
vocabulary. This design reduces token fragmentation, short-
ens effective sequence length, and provides clearer cues for
attention. Our approach is orthogonal to existing fine-tuning
and agent-training methods, leverages standardized proto-
cols (e.g., JSON Schema) rather than task-specific schema
engineering, and can be seamlessly integrated into standard
training pipelines. Empirically, we show that vocabulary
adaptation leads to consistent improvements in efficiency for
tool-calling scenarios, while preserving task performance.
Our main contributions are as follows:

* We propose AgentVocab, a data-driven approach that
adapts the vocabulary to repetitive structured and se-
mantic patterns of agentic tool calling.

* We empirically quantify the efficiency benefits of vo-
cabulary adaptation, showing consistent reductions in
generated tokens and decoding latency without sacri-
ficing tool-calling performance.

* We provide an end-to-end pipeline for vocabulary re-
finement, which can be applied as a lightweight pre-
processing and training step alongside existing agent
methods.

* We will release the trained models and training scripts
to facilitate reproducibility and future research.

2. Related Work

Agentic Tool Calling Recent work on agentic LLMs
has focused primarily on improving tool-calling capabil-
ity through data construction, parameter adaptation, and
system-level design. A prominent line of research enhances
tool usage by scaling supervision or fine-tuning on tool-
oriented data. For example, Toolformer (Schick et al.,
2023) learns when and how to invoke tools by automati-
cally identifying tool-call positions in raw text and training
with self-supervised execution feedback. Subsequent work
such as ToolLLM (Qin et al., 2024) constructs large-scale

API-centric datasets based on ToolBench, a curated collec-
tion of real-world APIs and evaluation protocols, and uses
them for supervised training of tool-using language models.
Data-centric pipelines such as APIGen (Liu et al., 2024b)
and APIGen-MT (Prabhakar et al., 2025) further synthe-
size function-calling examples and validate them through
execution, enabling scalable and verifiable supervision for
tool learning. Gorilla (Patil et al., 2024) improves API in-
vocation by training on instruction data derived from API
documentation with retrieval-aware techniques.

Another line of work improves agent tool use through ex-
plicit reasoning and interaction structures. Several methods
introduce reasoning traces, reflection, or self-improvement
loops to guide tool invocation decisions (Aksitov et al.,
2024; Dou et al., 2024), while CodeAct (Wang et al., 2024)
grounds actions in executable code to learn from concrete
execution outcomes. Complementary benchmarks, includ-
ing BFCL (Patil et al., 2025) and ToolSandbox (Lu et al.,
2025), standardize the evaluation of function calling and
stateful tool interactions. Across these approaches, improve-
ments are achieved through training data, reasoning design,
or system architecture, while the tokenizer and vocabulary
are typically treated as fixed components.

Tokenization and Vocabulary Adaptation Tokenization
and vocabulary design constitute a foundational interface
between text and model computation, yet they are often
kept fixed during post-training and downstream deployment
unless explicitly adapted. Recent work has revisited this as-
sumption by adapting vocabularies to better match domain-
specific or structured data distributions. Herold et al. (2025)
shows that extending a pretrained tokenizer with frequent
in-domain tokens can significantly reduce sequence length
and improve inference efficiency without degrading accu-
racy. AdaptiVocab (Nakash et al., 2025) similarly replaces
parts of a general-purpose vocabulary with domain-specific
tokens to compress structured text and accelerate generation
in focused domains. VEGAD (Liu et al., 2024a) proposes a
gradient-based criterion to select new vocabulary entries that
most impact model loss, yielding improved representation
and efficiency on technical corpora. HyperOFA (Ozeren
et al., 2025) further demonstrates that expanding vocabular-
ies for new domains or languages can reduce tokenization
fragmentation and improve downstream efficiency.

Beyond domain adaptation, several studies explicitly in-
corporate structural information into the vocabulary or to-
kenization process. Grammar-based representations intro-
duce grammar production rules as tokens to enforce syntac-
tic structure in code generation (Liang et al., 2025), while
structure-aware tokenization schemes design dedicated to-
kens for table schemas, categorical fields, or structural de-
limiters in logs and tabular data (Karim et al., 2025). Related
efforts treat discrete identifiers as first-class vocabulary ele-
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Figure 1. Overview of the AgentVocab framework. (Left) Base tokenizers fragment structured tool calls into inefficient, long sequences.
(Middle) AgentVocab addresses this by adapting the vocabulary through a dual-branch strategy: Structure-Aware Token Induction
extracts maximal structural spans based on defined structural primitives, while Content-Aware Token Induction identifies frequent
semantic arguments. (Right) The resulting specialized vocabulary enables the LLM agent to generate tool calls with significantly reduced
sequence lengths and lower decoding latency, enhancing both efficiency and stability.

ments, adding out-of-vocabulary tokens for users or items
to better model structured relationships in recommendation
systems (Huang et al., 2025).

Complementary to vocabulary modification, efficiency-
oriented studies demonstrate that tokenization choices alone
can lead to large differences in decoding speed and effec-
tive context length for structured inputs such as code or
logs (Dagan et al., 2024; Gee et al., 2022). Representation-
level compression methods, such as gist tokens, further
explore efficiency by introducing auxiliary tokens to sum-
marize context, operating at a different level than vocabulary
adaptation (Mu et al., 2023). Despite these advances, exist-
ing work largely focuses on domain-specific modeling or
structured generation in isolation. The role of vocabulary
and tokenization in agentic tool calling, where structured
schemas, APIs, and function signatures dominate both in-
puts and outputs, remains largely unexplored.

Despite this shift in usage, agent models typically rely on
fixed, general-purpose tokenizers that are not adapted to the
structured distributions encountered during agent deploy-
ment. These tokenizers are optimized for broad linguistic
coverage and tend to fragment structured strings into long se-
quences of low-level symbols and subwords. Consequently,
structural spans that are semantically and syntactically co-
herent at the agent level are redundantly tokenized, leading
to inflated sequence lengths and increased decoding cost
during inference.

We address this mismatch through vocabulary adaptation
as a lightweight and orthogonal optimization, as illustrated
in Figure 1. Rather than modifying model architecture,
training objectives, or agent reasoning strategies, we adapt
the tokenizer to better reflect the structural and semantic
regularities present in Dy,o. Formally, given a base vocabu-
lary V' and tokenizer 7, our goal is to construct an adapted
vocabulary V' = V U Vet U Veone and corresponding tok-

3. Method enizer 7’ such that the expected tokenized sequence length
Esnpoy [17/(2)|] is reduced relative to 7 while preserving
3.1. Problem Setup the original semantics of the input.

We consider large language models deployed as agents that
interact with external tools through structured function calls.
In such deployments, model inputs and outputs are drawn
from a distribution Dy, of agentic tool-calling trajectories,
which combine natural language context with serialized
structured components such as schemas, function signatures,
and arguments (e.g., JSON-formatted calls). Compared to
general-purpose language modeling, Di,o exhibits a highly
skewed token distribution: repetitive structural patterns and
frequent semantic elements like tool descriptions recur per-
sistently across interactions, while unconstrained free-form
natural language content is comparatively limited.

By explicitly reducing redundant tokenization in agentic
tool-calling interactions, AgentVocab provides a practical
method to improve decoding efficiency without altering
model behavior or task performance.

3.2. Structure-Aware Token Induction

The first step of AgentVocab is to identify candidate vo-
cabulary entries that capture recurring structural patterns
in agentic tool-calling interactions. Our key observation is
that tool calls are composed of two qualitatively different
components: structure, which defines the schema and for-
matting of the interaction, and content, which corresponds
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to variable arguments, natural language descriptions, or
instance-specific values. In this section, we first focus on
inducing the explicit structural tokens and leave the content
tokens to Section 3.3.

To operationalize this structural distinction, we introduce a
set of structural primitives that serve as reference points for
candidate generation. These primitives include schema-level
keywords and formatting symbols that define the skeleton
of tool calls. Concretely, we collect reserved keywords
from publicly available specifications such as the JSON
Schema standard'. These include schema-related keywords
such as “type”, “properties”, and “description”, as well as
special fields like “$schema”, “$id”, and “$ref”. In addi-
tion, we also include keywords specific to function calling,
such as “function”, “name”, and “arguments”, as well as
syntactic delimiters like brackets, quotation marks, and sep-
arators. Importantly, these primitives are used solely to
identify structural regions and do not directly determine

which strings are added to the vocabulary.

Given a tool-calling sequence = (wq,...,w,), where
each w; is classified as either structural or non-structural,
we define a structural span as any maximal contiguous sub-
sequence:

s=(wi,...,w;), stwpeAAVkeli,j] (1)
where A denotes the set of structural primitives and maxi-
mality implies that either i = 1, j = n, or w;—1,w;4+1 ¢ A.
In practice, such spans are extracted via a single-pass scan
over the sequence, where span construction proceeds until
a non-structural unit is encountered, ensuring that variable
content such as argument values or natural language text
does not enter s. Each resulting span thus corresponds to
a self-contained structural fragment of schema or format-
ting that recurs across tool-calling interactions. Then, the
extracted structural spans are aggregated to form the final
structural vocabulary Ve, Which contains all the frequent
and reusable structural tokens. Formally, we define:

<> Sm} (@)

Vitruet = {317 52, .

By construction, the proposed procedure operates at a fine-
grained level of structural decomposition. Rather than treat-
ing an entire serialized tool call or schema definition as a
single unit, we decompose complex structures into reusable
structural fragments, such as individual field definitions or
per-tool schema components. This design avoids overfitting
to specific tool instances and allows the resulting candidates
to generalize across different tools and interaction contexts.
Figure 2 illustrates the qualitative difference between the
base tokenizer and AgentVocab’s structural adaptation. As
shown, the mined structural spans successfully fuse frag-

"https://json-schema.org/draft-07/schema

Base Tokenizer

< tools >\n {" type ": " function ", " function ": {" name ": " ", " description ":

" (...) ", " parameters ": {" type ": " object ", " properties ": {"

Structure-Aware Tokenization (Ours)

<tools> \n {"type": "function", "function": {"name": " (...) ", "description": " (...)

", "parameters": {"type": "object", "properties": {"

Figure 2. Visual comparison of tokenization granularity. Alter-
nating background colors are used to distinguish individual token
boundaries. Top: The Base Tokenizer fragments syntax into multi-
ple subwords. Bottom: Our Structure-Aware Tokenization fuses
these fragments into coherent structural spans. Gray blocks marked
with “(...)” represent variable content omitted for clarity. Note:
While AgentVocab also optimizes content tokens (as detailed in
Section 3.3), this figure highlights the structural adaptation.

mented syntax into coherent tokens, significantly reducing
the sequence length.

3.3. Content-Aware Token Induction

While structure-aware tokenization efficiently compresses
the static schema structures, agentic interactions also involve
repetitive patterns within variable fields, such as frequent
parameter values, common code identifiers, or recurring
natural language instructions. To capture these semantic
regularities, we apply a Token-Level Byte Pair Encoding
(TL-BPE) algorithm on the tool-calling corpus Dy, . This
approach enables the discovery of diverse semantic units,
ranging from pure content phrases to the associative patterns
that bridge structure and content, which are essential for
reducing token fragmentation.

The induction process starts with the sequence of token IDs
produced by the base tokenizer 7. We iteratively count and
merge adjacent token pairs, enforcing a safety constraint
that prevents the merging of any pair containing control to-
kens like BOS and EOS to preserve the model’s functional
integrity. To prioritize candidates that offer the most signifi-
cant efficiency gains, we employ a savings-based ranking
metric rather than relying solely on frequency. For a candi-
date content token ¢ composed of L(c) base tokens with a
corpus frequency f(c), we define its score S(t) as:

S5(e) = fle) - (L(c) = 1) (©)

Here, the term (L(c) — 1) represents the net reduction in
sequence length for a single occurrence. Consequently,
S(c) quantifies the total expected token savings across the
entire corpus, favoring patterns that maximally contribute
to global compression. We select the top-K candidates with
the highest S(c) scores, where the budget K is set to be
consistent with the size of the structural vocabulary m. The
final content vocabulary is formally defined as:

Veont = {C ‘ cc TOP‘KS (Dlool)} )

This ensures that Vo supplements the vocabulary with
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high-utility semantic content and boundary patterns.

3.4. Vocabulary Integration and Training

The adapted vocabulary produced by AgentVocab is formed
by augmenting the original vocabulary V' with the structural
tokens and content tokens identified in the previous stages.
We denote the final vocabulary as:

V' =VU Vstruct ) Vconh (5)

Since Vo i extracted from the full dataset, it may inde-
pendently rediscover structural patterns already covered by
Vitruet- The union operation naturally removes such redun-
dancies. Representative examples of the extracted structural
and content tokens are provided in Appendix A.1.

For embedding initialization, following Cui et al. (2023),
embeddings for new tokens are initialized by averaging the
embeddings of their constituent sub-tokens under the base
tokenizer. This strategy provides a semantically meaningful
starting point and stabilizes training. During fine-tuning,
both the original model parameters and the embedding ma-
trix corresponding to the adapted vocabulary are updated
jointly. We train the model using standard supervised fine-
tuning (SFT) on agentic tool-calling data. For a tool-calling
sequence x drawn from Dy,o;, we minimize the SFT objec-
tive under the adapted tokenizer:

||

L= = logpg(w | we), 6)

t=1

where 6 includes both the model parameters and the embed-
ding parameters associated with /. By enabling frequent
structural and content patterns to be generated as single to-
kens, this training procedure reduces decoding steps for tool
calls while preserving the original task behavior.

4. Experiments
4.1. Experimental Setup

Training Data We fine-tune our models on the dataset
released in the TouCan framework (Xu et al., 2025b). It
provides a large-scale collection of tool-use trajectories syn-
thesized from real-world Model Context Protocol (MCP)
environments, featuring complex planning and execution
sequences. We specifically employ the curated SFT subset,
which contains about 119.3K tool interactions and struc-
tured reasoning traces, making it well suited for training
agentic tool-calling behavior. We apply AgentVocab to this
dataset and extract 1,524 structural and content tokens. Tak-
ing the union of the two sets results in the addition of 3,006
tokens to the vocabulary.

Implementation Details We adopt Qwen2.5-7B-Instruct
as our base model and conduct full-parameter SFT using

the Ms-Swift> framework. Training is carried out on 8
NVIDIA A800 GPUs, using DeepSpeed ZeRO-3 optimiza-
tion. For the vanilla configuration without vocabulary adap-
tation, models are trained for 2,000 steps using the original
tokenizer. Models with AgentVocab are trained for 5,000
steps to accommodate the learning of newly introduced vo-
cabulary embeddings. As shown in Figure 3, the vanilla
model reaches a stable accuracy plateau from 2,000 to 3,500
training steps, while decoding latency is lowest at earlier
checkpoints; accordingly, we report results at 2,000 steps.
Detailed hyperparameters and training configurations are
provided in the Appendix A.2.

Evaluation Benchmarks We evaluate our approach on
two challenging agentic benchmarks: 7-bench (Yao et al.,
2025) and 72-bench (Barres et al., 2025). 7-bench assesses
the agent’s capability to handle dynamic user interactions
and database tools in realistic domains such as Retail and
Airline. 72-bench extends this by introducing a dual-control
environment that demands more complex state tracking
and multi-turn reasoning capabilities, providing a rigorous
testbed for evaluating the robustness of the agent’s reasoning
and planning.

Evaluation Metrics Our evaluation framework analyzes
performance across two key dimensions: accuracy and effi-
ciency. For Accuracy (Acc.), we report the Pass Rate on the
aforementioned benchmarks, measuring the percentage of
user requests successfully resolved end-to-end. To quantify
the efficiency gains introduced by AgentVocab, we report
the Average Latency (Lat.), measuring the wall-clock time
(in seconds) required for response generation. Additionally,
we track the Average Input Tokens (Input.) and Average
Output Tokens (Output.) per turn to evaluate the model’s
token economy, serving as a proxy for both computational
cost and the conciseness of the agent’s internal reasoning
and communication processes.

4.2. Main Results

Tables 1 and 2 present the main results on 7-bench and
72-bench, respectively. We compare the base Qwen2.5-7B-
Instruct model, a vanilla fine-tuned model using the original
tokenizer, and a model fine-tuned with AgentVocab. Results
are reported both overall and across representative domains
for each benchmark.

Overall Performance Across both benchmarks, AgentVo-
cab consistently achieves comparable or improved task ac-
curacy relative to the vanilla fine-tuned baseline, while sub-
stantially improving efficiency. On 7-bench, AgentVocab
improves overall accuracy from 19.40% to 20.61%, while
on the more challenging 72-bench, it slightly improves the
overall score from 21.56% to 21.93%. Although these ab-

https://github.com/modelscope/ms—swift
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Table 1. Experimental results on 7-bench. Green numbers indicate improvements relative to the Qwen2.5-7B-Instruct baseline (“+” for

accuracy gain, “-” for cost/latency reduction).
Model Airline Retail Overall
Acc. Input.  Output.  Lat. Acc. Input.  Output. Lat. Acc. Input. Output. Lat.
Qwen2.5-7B-Instruct  8.00% 73345 1779 0302 16.52% 7081.6 1240 0217 13.94% 7156.4 139.9 0.242
Vanilla SFT 10.00% 7465.7 1720 0.359 23.48% 7588.0 1233  0.187 19.40% 7553.6 137.0 0.235
AgentVocab SFT 20.00% 49693  124.8 0.188 20.87% 5003.5 113.8 0.165 20.61% 4992.6 117.3 0.173
Table 2. Experimental results on 72-bench.
Model Airline Retail Telecom Overall
Acc. Input. Output. Lat. Acc. Input. Output. Lat. Acc. Input. Output. Lat. Acc. Input. Output. Lat.
Qwen2.5-7B-Instruct 9.30% 9927.7 188.3 0.563 11.61% 8570.5 146.4 0.314 23.68% 9626.0 150.5 0.428 16.36% 9252.4 154.9 0.404
Vanilla SFT 13.95% 93349 194.2 0.379 29.46% 8154.0 147.9 0.306 16.67% 9918.4 195.0 0.388 21.56% 9225.5 178.8 0.359
AgentVocab SFT  16.28% 5842.5 151.4 0.255 19.64% 5505.4 112.1 0.188 26.32% 8105.2 178.7 0.405 21.93% 6795.2 149.7 0.302

solute gains are modest, they demonstrate that vocabulary
adaptation preserves the accuracy benefits obtained through
SFT, rather than trading correctness for efficiency.

Efficiency improvements, however, clearly distinguish
AgentVocab from the vanilla configuration. Across both
benchmarks, AgentVocab reduces the average number of
input tokens by roughly 30% and lowers decoding latency
by approximately 15-25%. These reductions indicate that
vocabulary adaptation substantially shortens both the accu-
mulated interaction context and the generated responses,
leading to faster end-to-end inference. Importantly, these
improvements are observed consistently across benchmarks
with different levels of interaction complexity, suggesting
that the efficiency benefits of AgentVocab generalize beyond
a single evaluation setting.

Domain-Level Results The efficiency benefits of
AgentVocab are robust across domains in both benchmarks,
despite differences in task structure and tool schemas. On
T-bench, AgentVocab substantially reduces input tokens in
both Airline and Retail domains, with reductions exceeding
30%, accompanied by clear latency improvements. These
gains suggest that vocabulary adaptation is particularly ef-
fective in settings with repeated structured interactions and
schema-heavy tool usage. On 72-bench, this efficiency ad-
vantage remains robust. Airline and Retail maintain input
reductions exceeding 30% relative to the vanilla baseline,
translating into significant latency drops. In Telecom, al-
though the reduction in output tokens is less pronounced,
AgentVocab still shortens the average input length from
9,918 to 8,105 tokens and improves accuracy from 16.67%
to 26.32%. This indicates that even in domains with more
diverse or less repetitive generation patterns, vocabulary
adaptation can improve efficiency while stabilizing tool-
calling behavior.

Accuracy-Efficiency Trade-off A key observation across
both 7-bench and 72-bench is that the substantial efficiency
gains introduced by AgentVocab do not come at the expense

of overall task effectiveness. Despite significant reductions
in token usage and decoding latency, the aggregate accuracy
remains stable or improves slightly on both benchmarks.
While we observe some performance variance at the domain
level, where a dip in Retail domain of 72-bench is balanced
by substantial gains in Telecom, the macro-level perfor-
mance is preserved. This behavior contrasts with many
efficiency-oriented interventions that shorten sequences at
the cost of degraded decision quality. Instead, AgentVocab
achieves a favorable balance, simultaneously optimizing
computational cost and maintaining the model’s reasoning
capabilities. These findings are consistent with the training
dynamics analyzed in Section 4.3, where accuracy and effi-
ciency are shown to improve in tandem during adaptation.

Comparison with the Base Model Compared to the orig-
inal Qwen?2.5-7B-Instruct model without fine-tuning, both
fine-tuned variants achieve substantially higher accuracy
on both benchmarks, confirming the importance of super-
vised agent training. On 7-bench, accuracy increases from
13.94% to above 20%, while on 72-bench it rises from
16.36% to above 21%. AgentVocab further distinguishes
itself by delivering these accuracy gains with significantly
lower computational overhead. Relative to the base model,
AgentVocab reduces the average input length by more than
2,400 tokens on 72-bench and by over 2,100 tokens on 7-
bench, while reducing decoding latency by roughly 25%.
This comparison highlights vocabulary adaptation as a com-
plementary optimization that improves efficiency beyond
what parameter fine-tuning alone can achieve.

4.3. Training Dynamics and Stability

Taking 72-bench as a representative example, we conduct a
fine-grained evaluation every 500 training steps to analyze
the training dynamics of vocabulary adaptation in agentic
tool calling. Figure 3 summarizes the evolution of model
behavior across different vocabulary configurations.

Instability in Vanilla SFT We first observe a difference
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Figure 3. Step-wise evaluation of training dynamics on 72-bench. The AgentVocab model exhibits a favorable joint trend, with steadily
improving accuracy alongside decreasing token usage and decoding latency as training progresses. Ablated variants with only structural
or only content tokens reveal complementary effects on correctness and efficiency.

in training stability between the vanilla SFT model and
AgentVocab SFT models. While the vanilla model initially
improves with training, it later exhibits abrupt failures after
3,500 steps. Manual inspection indicates that these failures
stem from accumulated format errors during multi-turn tool
interactions, which lead to invalid or unparsable outputs un-
der the evaluation protocol. We attribute this collapse to the
observation that, without vocabulary adaptation, continued
optimization primarily reinforces surface-level patterns in
the training data, which may amplify spurious behaviors or
overfitting effects in long-horizon interactions. In contrast,
models trained with AgentVocab remain stable throughout
training, suggesting that vocabulary adaptation promotes
more robust convergence under extended optimization.

Concurrent Improvement in Accuracy and Efficiency
A key observation from the step-wise evaluation is the favor-
able training dynamic exhibited by the AgentVocab model:
as training progresses, task accuracy steadily increases,
while efficiency-related metrics simultaneously improve.
Specifically, the AgentVocab configuration demonstrates an
inverse correlation between performance and computational
cost, showing a clear upward trend in accuracy alongside a
consistent reduction in input tokens, output tokens, and de-
coding latency. This joint trend is notable, as improvements
in efficiency often come at the cost of reduced expressive-
ness or effectiveness in agentic settings. Here, however, the
adapted vocabulary enables the model to become both more
reliable and efficient over time. This suggests that the model
is not merely shortening its outputs via memorization, but is

actively internalizing the specialized vocabulary to represent
complex schemas and intent with higher semantic density.
Consequently, the model learns to perform tool-calling in-
teractions in a progressively more effective and economical
manner, aligning its latent reasoning process with the com-
pact representation space offered by AgentVocab.

Understanding the Sources of Improvement To disen-
tangle the sources of this joint improvement, we compare
the full AgentVocab model with ablated variants that include
only structural tokens or only content tokens. The structural-
only configuration consistently achieves higher accuracy
throughout training, indicating that structure-aware tokeniza-
tion is the primary contributor to tool-calling correctness.
By reducing fragmentation at the schema level and provid-
ing clearer atomic boundaries for protocol-critical patterns,
structural tokens help the model maintain valid actions over
long interaction horizons. In contrast, the content-only con-
figuration exhibits earlier gains in efficiency, particularly in
terms of latency and output length during intermediate train-
ing stages. This suggests that content tokens are effective
at compressing frequently generated semantic fragments,
allowing the model to complete actions with fewer decoding
steps. However, without structural support, these efficiency
gains are less stable and do not consistently translate into
higher task success. The full AgentVocab model combines
these effects. Although it requires additional training to
fully converge, it gradually reaches a regime that maintains
strong accuracy while achieving low latency and compact
input and output representations.
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AgentVocab SFT: Average Turns
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Figure 4. Average number of interaction turns of the AgentVocab
model across training steps. Despite fixed evaluation prompts, the
number of interaction turns required to complete a task decreases
consistently as training progresses with AgentVocab. This reduc-
tion in turn count explains the observed decrease in average input
tokens, indicating that vocabulary adaptation shortens multi-turn
agent trajectories by enabling more precise and effective actions.

Input Token Reduction through Shorter Interaction Tra-
jectories Beyond token-level compression, we observe
that the average number of input tokens decreases over train-
ing even though the evaluation prompts remain unchanged.
This indicates that the reduction cannot be explained solely
by changes in tokenization, but reflects a shift in the agent’s
multi-turn interaction behavior. To analyze this effect, we
examine how the number of interaction turns evolves during
evaluation on both benchmarks. As shown in Figure 4, the
average number of turns required to complete a task de-
creases substantially, dropping from early checkpoints to a
much lower level at later stages. This reduction closely fol-
lows the downward trend in input token counts, since each
additional turn contributes accumulated dialogue history to
subsequent prompts. Fewer turns therefore result in shorter
effective contexts and lower input token consumption. This
analysis suggests that vocabulary adaptation influences not
only how individual messages are expressed, but also how
efficiently the agent navigates multi-step interactions. By
learning to produce more precise actions, the model reduces
redundant exchanges and converges on shorter, more effi-
cient problem-solving trajectories.

4.4. Case Study

Figure 5 presents a representative case from the Telecom
domain of 72-bench. The tool observation exposes a hard
numerical constraint: the affected line has consumed 15.1
GB against a 15.0 GB monthly cap, which directly deter-
mines the appropriate remediation. The base model fails
to operationalize this structured boundary and drifts into
a redundant diagnostic loop, eventually stalling after 18
turns while consuming 8,599 input tokens without execut-
ing the refueling action. In contrast, the AgentVocab model
queries data usage, identifies the overflow condition from
the structured fields, and issues a valid refuel_data call
to add 2.0 GB, resolving the task in 12 turns with 6,850

4 N
Initial Query: My mobile data is not working properly... it stops working
completely or is extremely slow. I need excellent inter-net speed...
(Earlier context omitted: authentication and account retrieval)
Shared Tool Observation (excerpt)
// Tool Output (combined): get_details_by id + get data_usage

"line_id": "L1002",

”phone_number": "555-123-2002",

// ... (omitted low-importance fields) ...

"data_limit_gb": "15.0",

"data_used_gb": "15.1", // <--- Critical Boundary (used > limited)

"data_refueling_gb": "0.0"

}

Qwen2.5-7B-Intruct’s Response
Action: No valid tool execution (requests IDs / provides templates).
Analysis: The model fails to treat the numerical constraint (15.1 > 15.0)
as a decision boundary. It perceives the values as generic text context
and defaults to a redundant diagnostic loop.
Outcome: Failure. Interaction drags on for 18 turns (8,599 input tokens)
without resolution.
AgentVocab Model’s Response
Action: refuel_data
Analysis: The model successfully attends to the specialized structural
tokens representing usage limits. It correctly identifies the overflow and
executes the correct solution.
QOutcome: Success. Solved in 12 turns (6,850 input tokens), achieving a
~20% reduction in token usage.
G J

Figure 5. Case study from 72-bench (Telecom). A shared tool
observation encodes a critical constraint. The base model fails
to interpret this boundary and enters a redundant diagnostic loop,
while AgentVocab correctly attends to the structured signal and
resolves the task with fewer turns and tokens.

input tokens. This example illustrates that AgentVocab not
only reduces token usage, but also stabilizes agent behavior
by preventing redundant tool-calling loops in constraint-
sensitive scenarios. The complete interaction trace for this
case study is provided in Appendix A.3.

5. Conclusion

In this work, we introduced AgentVocab, a framework
designed to address the misalignment between general-
purpose tokenizers and the highly structured nature of agen-
tic tool usage. By augmenting the model vocabulary with
specialized structural spans and frequent content patterns,
our approach effectively mitigates token fragmentation and
reduces sequence redundancy without requiring architec-
tural modifications. Extensive experiments on 7-bench and
72-bench demonstrate that AgentVocab reduces decoding
latency by 15-25% compared to the vanilla baseline without
vocabulary adaptation, while maintaining or even enhancing
tool-calling accuracy. These results establish vocabulary
adaptation as a critical, lightweight optimization for deploy-
ing efficient, stable, and robust LLM agents in complex
interaction environments. Together, these findings suggest
that vocabulary-level adaptation is an effective method for
improving the practical efficiency of agentic LLM systems.
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Impact Statement

This paper advances machine learning for agentic tool use by
improving tokenization efficiency in structured tool-calling
interactions. The primary expected benefit is reduced se-
quence length and lower inference latency, which can trans-
late into lower compute cost and energy use for systems
that rely on frequent tool calls. Because efficiency improve-
ments can also lower the barrier to deploying large-scale
automation, the same techniques could be used in settings
that amplify existing misuse risks. In addition, applying
vocabulary mining to real interaction logs may raise privacy
and compliance concerns if logs contain sensitive informa-
tion. Our method does not introduce new model capabilities
or change model architecture; it primarily affects how ex-
isting behaviors are represented and generated. To mitigate
foreseeable risks in practical use, we recommend standard
safeguards such as access controls and rate limiting for tool
execution, logging and auditing, and privacy-preserving
data handling when constructing adaptation corpora. The
broader downstream impacts will depend on deployment
context and should be evaluated accordingly.
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A. Appendix
A.1. Qualitative Analysis of Learned Vocabulary

To elucidate the inner workings of AgentVocab, this section provides a qualitative analysis of its induced vocabulary.
The tokens, extracted directly from the training corpora, serve as empirical evidence of how our framework captures the
underlying regularities of agentic tool-use. We categorize these entries into two distinct classes, corresponding to the
dual-branch strategy of our method. For clarity of presentation, we report 100 representative tokens for each category. In
the lists provided below, each line corresponds to a single token. Tokens exceeding the line width are wrapped, with the
continuation marked by a blue arrow (—).

Structural Tokens The following list presents representative structural tokens. These entries constitute the structural
backbone of agent interactions, primarily consisting of high-frequency JSON Schema definitions, function signatures,
and syntactic delimiters. By treating these complex, recurring sequences as atomic units, AgentVocab not only reduces
sequence length but also enhances the model’s robustness against syntactic formatting errors, as the model can generate
entire structural skeletons in fewer, more reliable decoding steps.

{"type": "function", "function": "name": "
", "parameters": {"type": T"object", "properties": {"
": {"type": "string", "description": "

", "description": "

"], "additionalProperties": false, "$schema": "
", "type": T"object"}}}

": {"type": T"number", "description": "

", "parameters": {"properties": {"

"1}, "required": ["

" {"title": "
", "type": T"string"}}, "required": ["
": {"type": T"string", "enum": ["
", "arguments": {"
"], "title":
"name": "
", "type": "string"}, "
": {"type": T"boolean", "description": "
": {"type": T"number", "default":
", "type": M"integer"}}, "required": ["
"y,om
"description": "
", "type": T"number"}}, "required": ["
": {"type": Tarray", "items": {"type": "string"}, "description": "
", "parameters": {"type": ‘"object", "properties": {}}}}
": {"type": Tarray", "items": {"type": "string"}}, "
": {"type": T"string"}, "
"}, {"type": T"string", "const": "
", "type": "number"}, "
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": {"type": "number", "minimum":

n . mw

", "type“: "integer“}, n

"}

", "parameters": {"properties": {}, "title": "
"}}, "additionalProperties": false, "$schema": "
<tools>

</tools>

": {"type": Tarray", "items": {"type": '"object", "properties": {"

", "title": "
": {"type": T"array", "description": "
"], "description": "
"}, {"type": M"number", "const":
": {"default": null, "title": "
": {"description": "
"title": "
"], "type": T"object"}}}
": {"type": T"object", "properties": {"
", "parameters": {"type": T"object", "properties": {}, "required": []}}}

", "parameters": {"type": "object", "properties": {"title": {"type": T"string", "de
— scription": "

default", "parameters": {"type": '"object", "properties": {"
": {"type": T"integer", "description": "
"}, "format": {"type": "string", "description": "
": {"type": "string"}}, "required": ["
"maximum" :
", "type": "boolean"}, "
": {"default":
" {"default": false, "title": "

"1

": {"anyOf": [{"type": ‘'"string"}, {"type": "null"}], "default": null, "description
H mw . n

": {"type": Tarray", "items": {"type": ‘"string"}}}, "required": ["
"], "default": "
" {"type": "object", "description": "

integer", "parameters": {"type": "object", "properties": {"number": {"type": "numb
— er", "description": "

": {"type": TMarray", "items": {"type": T"number"}, "description": "

", "arguments": {}}

", "type": "string"}}, "title": "

", "parameters": {"type": "object", "properties": "name": {"type": T"string", "des

— cription": "
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}}, "additionalProperties": false, "$schema": "

" {"type": "string", "default": "

": {"default": "

": {"type": T"array", "items": {"type": '"string"}, "default": [], "description": "

", "parameters": {"type": "object", "properties": {"type": {"anyOf": [{"type": "st
— ring", "const": "

", "items": {"type": ‘"string"}}, "

": {"type": Tarray", "items": {"type": '"string", "enum": ["array", "string", "

" {"type": "array", "items": {"type": "string", "enum": "

" {"type": "integer", "default":

", "description": "", "parameters": {"properties": {"

": {"type": T"array", "items": {"type": '"number"}, "minItems":

default: false"}}, "required": ["

": {"type": "boolean", "default": true, "description": "
": {"type": T"integer", "minimum":

": {"type": "string", "minLength":

"}, "description": {"type": "string", "description": "

", "type": "boolean"}}, "required": ["

default: true"}, "

", "parameters": {"type": T"object", "properties": {"name": {"type": "string", "min
— Length":

", "items": {"type": T"object", "properties": {"

", "name": "

", "parameters": {"properties": {}, "type": '"object"}}}

"}}, "required": ["number"], "additionalProperties": false, "S$schema": "

", "type": "string"}, {"type": "null"}], "default": null, "description": "

", "type": '"integer"}}, "title": "

", "type": "string"}}, "required": ["name"], "title": "

": {"anyOf": [{"type": '"integer"}, {"type": "null"}], "default":

": {"anyOf": [{"type": '"string", "const": "

": {"type": T"integer", "exclusiveMinimum":

": {"type": "boolean", "default": false, "description": "

": {"type": T"object", "additionalProperties": {}, "description": "

", "type": "

Content Tokens Complementing the structural primitives, content tokens capture the semantic regularities within tool-
calling arguments and agent responses. This category includes common parameter values (e.g., status codes, default
arguments), domain-specific keywords, and frequent fragments from system prompts. This adaptation allows the model
to reason and generate responses using higher-level semantic concepts rather than low-level subwords, further improving
decoding efficiency and contextual coherence.

Qwen, created by Alibaba Cloud.

by Alibaba Cloud. You are a helpful

You may call one or more functions
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one or more functions to assist with the
://json-schema.org/draft-0
/draft-07/schema#"}}

%20

to assist with the

one or more functions

You are a helpful

/202

%$2C%20

60

08/2

— Context7-compatible library ID:
2025-08-

"202

2,

_08—

url": "https

0.7128,-7

28,-74.00

43

query.

return a

one or

1, "

Spec: https://

.000

5, 0
advanced-calculator-server
": "advanced-cal

85

00:00
.org/openapi/stripe/Get
"open_library_work_key": "/works

.000z", "open

"weather
/2025, 1
n get

as coordinates (lat,lng) in
—-compatible library ID:
— Context?7

"unicode": [
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The text description of the image to generate
the image to generate"}, "model":
flux\{}"). Available options: \{}"flux
of the generated image (default:
image (default: 102
1024)"}, "
-mcp-server—-get
—-states—-weather—get
025-08-1
location as coordinates (lat,lngq)
lat,lng) in decimal degrees.
in decimal degrees. Example: ’'4
Example: "40.71
<eventTime>2
eventTime>2025-
5",
0o, "
</popularity>
<link>https://
3A%7B%22
Perfect for '
=1
codigo": 3
"const
from the
1-
:00
const":
2",
name" : "trends-hub-get
Z</eventTime>
<cover>
10,
08-2
": {"prompt":
, with
% rain
* %
n Returns:\{}
, the

$3D&from=32
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from=321841

drawing-tool-for-ai-assistants

"], "first_publish_year": 2
Z", "Open": llll
I need

as coordinates (lat
,1ng) in

href=\{}\{}\{}"

—-imagegen-server—-generateImage", "
.7128,-74

8,-74.006

7128,-74.

degrees. Example:

555e01lal

timestamp": "2

A.2. Training Hyperparameters

We use Qwen2.5-7B-Instruct as the backbone model and perform full-parameter supervised fine-tuning with the Ms-Swift
framework. Training is performed on a single node equipped with 8 NVIDIA A800 GPUs. We use the AdamW optimizer
with a learning rate of 2 x 1075, 8; = 0.9, 32 = 0.999, and ¢ = 10~8. To accommodate long-context agentic interactions,
the maximum sequence length is set to 32,768 tokens. The per-device batch size is set to 1, with gradient accumulation over
8 steps, resulting in an effective global batch size of 64 across all GPUs. Training efficiency and memory usage are further
optimized using DeepSpeed ZeRO Stage-3 and Flash Attention 2.

A.3. Full Interaction Traces for Case Study

In this section, we provide the complete, turn-by-turn interaction trajectories for the case study discussed in Section 4.4. The
scenario is set in the Telecom domain of the 72-bench evaluation.

Scenario Description. The user reports a connectivity failure (“mobile data is not working”). Environment logs indicate
that the account has exceeded its 15.0 GB data limit (actual usage: 15.1 GB). To resolve the task, the agent must correctly
identify this limit violation from the structured tool outputs and execute a refuel_data action.

Trace 1: Qwen2.5-7B-Instruct (Failure Case). The base Qwen2.5-7B-Instruct model fails to ground its reasoning in the
numerical constraints provided by the tool outputs. Instead of recognizing the data limit violation, it enters a redundant
diagnostic loop spanning 18 turns, repeatedly attempting irrelevant technical remedies such as APN resets and SIM reseating.
The interaction eventually terminates without resolving the underlying issue, illustrating how the absence of structure-aware
representations can lead to unstable and inefficient agent behavior. The complete interaction trajectory is shown below.

System Prompt

<instructions>

You are a customer service agent that helps the user according to the <policy> provided
below.

In each turn you can either:

- Send a message to the user.

- Make a tool call.

You cannot do both at the same time.

Try to be helpful and always follow the policy. Always make sure you generate valid JSON
only.

</instructions>

<policy>
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<main_policy>
# Telecom Agent Policy

The current time is 2025-02-25 12: 08: 00 EST.

As a telecom agent, you can help users with xxtechnical support**, xxoverdue bill
payment*+*, xxline suspension=*+*, and **plan optionsxx.

You should not provide any information, knowledge, or procedures not provided by the user
or available tools, or give subjective recommendations or comments.

You should only make one tool call at a time, and if you make a tool call, you should not
respond to the user simultaneously. If you respond to the user, you should not make a
tool call at the same time.

You should deny user requests that are against this policy.

You should transfer the user to a human agent if and only if the request cannot be handled
within the scope of your actions. To transfer, first make a tool call to
transfer_to_human_agents, and then send the message ’'YOU ARE BEING TRANSFERRED TO A HUMAN
AGENT. PLEASE HOLD ON.’ to the user.

You should try your best to resolve the issue for the user before transferring the user to
a human agent.

## Domain Basics

### Customer

Each customer has a profile containing:
— customer ID

— full name

- date of birth

- email

- phone number

- address (street, city, state, zip code)
- account status

— created date

- payment methods

— line IDs associated with their account
- bill IDs

— last extension date (for payment extensions)
- goodwill credit usage for the year

There are four account status types: «*xActivexx, xxSuspendedxx, xxPending Verificationxx,
and x*xClosedxx.

### Payment Method

Each payment method includes:

- method type (Credit Card, Debit Card, PayPal)
- account number last 4 digits

- expiration date (MM/YYYY format)

### Line

Each line has the following attributes:
- line ID

— phone number

- status

- plan ID

- device ID (if applicable)

- data usage (in GB)

- data refueling (in GB)

- roaming status

— contract end date

— last plan change date

- last SIM replacement date

— suspension start date (if applicable)

There are four line status types: xxActivexx, xxSuspended*x, xxPending Activation*x, and
*xClosedx*x*.
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### Plan

Each plan specifies:

- plan ID

- name

- data limit (in GB)

- monthly price

— data refueling price per GB

### Device

Each device has:

- device ID

— device type (phone, tablet, router, watch, other)
- model

— IMEI number (optional)

- eSIM capability

- activation status

- activation date

— last eSIM transfer date

### Bill

Each bill contains:

- bill ID

— customer ID

- billing period (start and end dates)
- issue date

- total amount due

— due date

- line items (charges, fees, credits)

— status

There are five bill status types: #*x*Draft**, xxIssuedsx, x*xPaidxx, xxOverduexx,

*xAwaiting Payment*x, and **Disputed*x.
## Customer Lookup

You can look up customer information using:
— Phone number

— Customer ID

— Full name with date of birth

For name lookup, date of birth is required for verification purposes.

## Overdue Bill Payment

You can help the user make a payment for an overdue bill.

To do so you need to follow these steps:

— Check the bill status to make sure it is overdue.

— Check the bill amount due

— Send the user a payment request for the overdue bill.

— This will change the status of the bill to AWAITING PAYMENT.

— Inform the user that a payment request has been sent. They should:

— Check their payment requests using the check_payment_request tool.

— If the user accepts the payment request, use the make_payment tool to make the payment.
— After the payment is made, the bill status will be updated to PAID.

— Always check that the bill status is updated to PAID before informing the user that the
bill has been paid.

Important:
— A user can only have one bill in the AWAITING PAYMENT status at a time.
— The send payement request tool will not check if the bill is overdue. You should always

check that the bill is overdue before sending a payment request.

## Line Suspension

When a line is suspended, the user will not have service.
A line can be suspended for the following reasons:

- The user has an overdue bill.

— The line’s contract end date is in the past.

You are allowed to lift the suspension after the user has paid all their overdue bills.
You are not allowed to lift the suspension if the line’s contract end date is in the past,
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even if the user has paid all their overdue bills.
After you resume the line, the user will have to reboot their device to get service.

## Data Refueling

Each plan specify the maxium data usage per month.

If the user’s data usage for a line exceeds the plan’s data limit, data connectivity will
be lost.

You can add more data to the line by "refueling" data at a price per GB specified by the
plan.

The maximum amount of data that can be refueled is 2GB.

To refuel data you should:

— Ask them how much data they want to refuel

— Confirm the price

— Apply the refueled data to the line associated with the phone number the user provided.

## Change Plan

You can help the user change to a different plan.

To do so you need to follow these steps

— Make sure you know what line the user wants to change the plan for.

- Gather available plans

— Ask the user to select one.

— Calculate the price of the new plan.

— Confirm the price.

- Apply the plan to the line associated with the phone number the user provided.

## Data Roaming

If a line is roaming enabled, the user can use their phone’s data connection in areas
outside their home network.

We offer data roaming to users who are traveling outside their home network.

If a user is traveling outside their home network, you should check if the line is roaming
enabled. If it is not, you should enable it at no cost for the user.

## Technical Support

You must first identify the customer.

</main_policy>

<tech_support_policy>

# Introduction

This document serves as a comprehensive guide for technical support agents. It provides
detailed procedures and troubleshooting steps to assist users experiencing common issues
with their phone’s cellular service, mobile data connectivity, and Multimedia Messaging
Service (MMS). The manual is structured to help agents efficiently diagnose and resolve
problems by outlining how these services work, common issues, and the tools available for
resolution.

The main sections covered are:

* xxUnderstanding and Troubleshooting Your Phone’s Cellular Servicexx: Addresses issues
related to network connection, signal strength, and SIM card problems.

* xxUnderstanding and Troubleshooting Your Phone’s Mobile Dataxx: Focuses on problems
with internet access via the cellular network, including speed and connectivity.

%+ *+xUnderstanding and Troubleshooting MMS (Picture/Video Messaging)x*: Covers issues
related to sending and receiving multimedia messages.

Make sure you try all the possible ways to resolve the user’s issue before transferring to
a human agent.

# What the user can do on their device

Here are the actions a user is able to take on their device.

You must understand those well since as part of technical support you will have to help
the customer perform series of actions

## Diagnostic Actions (Read-only)

1. =xxcheck_status_bar** - Shows what icons are currently visible in your phone’s status
bar (the area at the top of the screen).

— Airplane mode status (" Airplane Mode" when enabled)

- Network signal strength (" No Signal", " Poor", " Fair", " Good", " Excellent")

- Network technology (e.g., "5G", "4G", etc.)

— Mobile data status (" Data Enabled" or " Data Disabled")
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— Data saver status (" Data Saver" when enabled)

- Wi-Fi status (" Connected to [SSID]" or " Enabled")

- VPN status (" VPN Connected" when connected)

- Battery level (" [percentage]s")

2. xxcheck_network_statusxx - Checks your phone’s connection status to cellular networks
and Wi-Fi. Shows airplane mode status, signal strength, network type, whether mobile data
is enabled, and whether data roaming is enabled. Signal strength can be "none", "poor"
(lbar), "fair" (2 bars), "good" (3 bars), "excellent" (4+ bars).

3. xxcheck_network.mode_preferencexx — Checks your phone’s network mode preference. Shows
the type of cellular network your phone prefers to connect to (e.g., 5G, 4G, 3G, 2G).

4. xxcheck_sim_status** - Checks if your SIM card is working correctly and displays its
current status. Shows if the SIM is active, missing, or locked with a PIN or PUK code.

5. xxcheck_data.restriction_status** — Checks if your phone has any data-limiting features
active. Shows if Data Saver mode is on and whether background data usage is restricted
globally.

6. **check_apn_settings*x — Checks the technical APN settings your phone uses to connect
to your carrier’s mobile data network. Shows current APN name and MMSC URL for picture
messaging.

7. xxcheck_wifi_status++x - Checks your Wi-Fi connection status. Shows if Wi-Fi is turned
on, which network you’re connected to (if any), and the signal strength.

8. xxcheckwifi calling.statusxx — Checks if Wi-Fi Calling is enabled on your device.

This feature allows you to make and receive calls over a Wi-Fi network instead of using
the cellular network.

9. x*check_vpn_status** — Checks if you’re using a VPN (Virtual Private Network)
connection. Shows if a VPN is active, connected, and displays any available connection
details.

10. =xxcheck_installed.apps** — Returns the name of all installed apps on the phone.

11. =xxcheck_app-status** — Checks detailed information about a specific app. Shows its
permissions and background data usage settings.

12. xxcheck_app-permissionsx* — Checks what permissions a specific app currently has.
Shows if the app has access to features like storage, camera, location, etc.

13. =x*xrun_speed-test** - Measures your current internet connection speed (download speed).

Provides information about connection quality and what activities it can support.
Download speed can be "unknown", "very poor", "poor", "fair", "good", or "excellent".
14. xxcan_send.mms** — Checks if the messaging app can send MMS messages.

## Fix Actions (Write/Modify)

1. xxset_networkmode_preferencex* - Changes the type of cellular network your phone
prefers to connect to (e.g., 5G, 4G, 3G). Higher-speed networks (5G, 4G) provide faster
data but may use more battery.

2. *xtoggle_airplanemode** — Turns Airplane Mode ON or OFF. When ON, it disconnects all
wireless communications including cellular, Wi-Fi, and Bluetooth.

3. xxreseat_sim.cardx* - Simulates removing and reinserting your SIM card. This can help
resolve recognition issues.

4. xxtoggle_dataxx — Turns your phone’s mobile data connection ON or OFF. Controls
whether your phone can use cellular data for internet access when Wi-Fi is unavailable.

5. xxtoggle_roaming** - Turns Data Roaming ON or OFF. When ON, roaming is enabled and
your phone can use data networks in areas outside your carrier’s coverage.

6. xxtoggle_data_savermodexx - Turns Data Saver mode ON or OFF. When ON, it reduces data

usage, which may affect data speed.

7. xxset_apn_settingsx* — Sets the APN settings for the phone.

8. =xxreset_apn._settings+xx — Resets your APN settings to the default settings.

9. *xtogglewifixx — Turns your phone’s Wi-Fi radio ON or OFF. Controls whether your
phone can discover and connect to wireless networks for internet access.

10. =x*xtogglewifi_callingxx — Turns Wi-Fi Calling ON or OFF. This feature allows you to
make and receive calls over Wi-Fi instead of the cellular network, which can help in areas
with weak cellular signal.

11. **xconnect_vpnxx — Connects to your VPN (Virtual Private Network).

12. xxdisconnect_vpn** — Disconnects any active VPN (Virtual Private Network) connection.
Stops routing your internet traffic through a VPN server, which might affect connection
speed or access to content.

13. =x*xgrant_app-permissionxx — Gives a specific permission to an app (like access to
storage, camera, or location). Required for some app functions to work properly.
14. xxreboot._devicex* — Restarts your phone completely. This can help resolve many

temporary software glitches by refreshing all running services and connections.
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# Understanding and Troubleshooting Your Phone’s Cellular Service

This section details for agents how a user’s phone connects to the cellular network (often
referred to as "service") and provides procedures to troubleshoot common issues. Good
cellular service is required for calls, texts, and mobile data.

## Common Service Issues and Their Causes
If the user is experiencing service problems, here are some common causes:

* xxAirplane Mode is ONxx: This disables all wireless radios, including cellular.

* **SIM Card Problemsxx:

* Not inserted or improperly seated.

* Locked due to incorrect PIN/PUK entries.

* **xIncorrect Network Settingsxx: APN settings might be incorrect resulting in a loss of
service.

* *xCarrier Issues*xx: Your line might be inactive due to billing problems.

## Diagnosing Service Issues
‘check_statusbar () ' can be used to check if the user is facing a service issue.
If there is cellular service, the status bar will return a signal strength indicator.

## Troubleshooting Service Problems

### Airplane Mode

Airplane Mode is a feature that disables all wireless radios, including cellular. If it
is enabled, it will prevent any cellular connection.

You can check if Airplane Mode is ON by using ‘check_status_bar()‘ or
‘check_network_status ()

If it is ON, guide the user to use ‘toggle._airplanemode()‘ to turn it OFF.

### SIM Card Issues

The SIM card is the physical card that contains the user’s information and allows the
phone to connect to the cellular network.

Problems with the SIM card can lead to a complete loss of service.

The most common issue is that the SIM card is not properly seated or the user has entered
the wrong PIN or PUK code.

Use ‘check_sim_status () ' to check the status of the SIM card.

If it shows "Missing", guide the user to use ‘reseat_sim.card() ‘' to ensure the SIM card is
correctly inserted.

If it shows "Locked" (due to incorrect PIN or PUK entries), =**escalate to technical
support for assistance with SIM securityxx.

If it shows "Active", the SIM itself is likely okay.

### Incorrect APN Settings

Access Point Name (APN) settings are crucial for network connectivity.

If ‘check._apn_settings () ‘' shows "Incorrect", guide the user to use ‘reset_apn._settings/()
to reset the APN settings.

After resetting the APN settings, the user must be instructed to use ‘reboot_device()‘ for
the changes to apply.

\

### Line Suspension

If the line is suspended, the user will not have cellular service.

Investigate if the line is suspended. Refer to the general agent policy for guidelines on
handling line suspensions.

* If the line is suspended and the agent can lift the suspension (per general policy),
verify if service is restored.

* If the suspension cannot be lifted by the agent (e.g., due to contract end date as
mentioned in general policy, or other reasons not resolvable by the agent), #*+*escalate to
technical support*x*.

# Understanding and Troubleshooting Your Phone’s Mobile Data

This section explains for agents how a user’s phone uses mobile data for internet access
when Wi-Fi is unavailable, and details troubleshooting for common connectivity and speed
issues.

## What is Mobile Data?

Mobile data allows the phone to connect to the internet using the carrier’s cellular
network. This enables browsing websites, using apps, streaming video, and
sending/receiving emails when not connected to Wi-Fi. The status bar usually shows icons
like "5G", "LTE", "4G", "3G", "H+", or "E" to indicate an active mobile data connection
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and its type.

## Prerequisites for Mobile Data

For mobile data to work, the user must first have *xcellular service=**. Refer to the
"Understanding and Troubleshooting Your Phone’s Cellular Service" guide if the user does
not have service.

## Common Mobile Data Issues and Causes
Even with cellular service, mobile data problems might occur. Common reasons include:

* xxAlrplane Mode is ONxx: Disables all wireless connections, including mobile data.

* xxMobile Data is Turned OFFxx: The main switch for mobile data might be disabled in the
phone’s settings.

* xxRoaming Issues (When User is Abroad) xx:

* Data Roaming is turned OFF on the phone.

* The line is not roaming enabled.

% **xData Plan Limits Reachedxx: The user may have used up their monthly data allowance,
and the carrier has slowed down or cut off data.
* **xData Saver Mode is ONx%: This feature restricts background data usage and can make

some apps or services seem slow or unresponsive to save data.

* *%*VPN Issuesx*: An active VPN connection might be slow or misconfigured, affecting data
speeds or connectivity.

* **xBad Network Preferencesx**: The phone is set to an older network technology like
2G/3G.

## Diagnosing Mobile Data Issues

‘run_speed-test () ' can be used to check for potential issues with mobile data.
When mobile data is unavailable a speed test should return "no connection’.
If data is available, a speed test will also return the data speed.

Any speed below ’'Excellent’ is considered slow.

## Troubleshooting Mobile Data Problems

### Airplane Mode

Refer to the "Understanding and Troubleshooting Your Phone’s Cellular Service" section for
instructions on how to check and turn off Airplane Mode.

### Mobile Data Disabled

Mobile data switch allows the phone to connect to the internet using the carrier’s
cellular network.

If ‘check_network_status () shows mobile data is disabled, guide the user to use
‘toggle_data () ' to turn mobile data ON.

\

### Addressing Data Roaming Problems

Data roaming allows the user to use their phone’s data connection in areas outside their
home network (e.g. when traveling abroad).

If the user is outside their carrier’s primary coverage area (roaming) and mobile data
isn’t working, guide them to use ‘toggle_roaming() ‘' to ensure Data Roaming is ON.

You should check that the line associated with the phone number the user provided is
roaming enabled. If it is not, the user will not be able to use their phone’s data
connection in areas outside their home network.

Refer to the general policy for guidelines on enabling roaming.

### Data Saver Mode
Data Saver mode is a feature that restricts background data usage and can affect data

speeds.
If ‘check_data.restriction_status () ‘' shows "Data Saver mode is ON", guide the user to use
‘toggle_data-savermode () ' to turn it OFF.

### VPN Connection Issues

VPN (Virtual Private Network) is a feature that encrypts internet traffic and can help
improve data speeds and security.

However in some cases, a VPN can cause speed to drop significantly.

If ‘check_vpn_status () ‘' shows "VPN is ON and connected" and performance level is "Poor",
guide the user to use ‘disconnect_vpn()‘ to disconnect the VPN.

### Data Plan Limits Reached

Each plan specify the maxium data usage per month.

If the user’s data usage for a line associated with the phone number the user provided
exceeds the plan’s data limit, data connectivity will be lost.
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The user has 2 options:

- Change to a plan with more data.

— Add more data to the line by "refueling" data at a price per GB specified by the plan.
Refer to the general policy for guidelines on those options.

### Optimizing Network Mode Preferences

Network mode preferences are the settings that determine the type of cellular network the
phone will connect to.

Using older modes like 2G/3G can significantly limit speed.

If ‘check._.network_mode_preference() ' shows "2G" or "3G", guide the user to use
‘set_network.mode_preference (mode: str) ' with the mode ‘"4g.5gpreferred"‘ to allow the
phone to connect to 5G.

# Understanding and Troubleshooting MMS (Picture/Video Messaging)
This section explains for agents how to troubleshoot Multimedia Messaging Service (MMS),
which allows users to send and receive messages containing pictures, videos, or audio.

## What is MMS?
MMS is an extension of SMS (text messaging) that allows for multimedia content. When a
user sends a photo to a friend via their messaging app, they’re typically using MMS.

## Prerequisites for MMS

For MMS to work, the user must have cellular service and mobile data (any speed).
Refer to the "Understanding and Troubleshooting Your Phone’s Cellular Service" and
"Understanding and Troubleshooting Your Phone’s Mobile Data" sections for more
information.

## Common MMS Issues and Causes

* **No Cellular Service or Mobile Data Off/Not Working*x: The most common reasons. MMS
relies on these.

* xxIncorrect APN Settings**: Specifically, a missing or incorrect MMSC URL.

* xxConnected to 2G Network=*+: 2G networks are generally not suitable for MMS.

* **xWi-Fi Calling Configurationxx: In some cases, how Wi-Fi Calling is configured can
affect MMS, especially if your carrier doesn’t support MMS over Wi-Fi.

* xxApp Permissionsxx: The messaging app needs permission to access storage (for the

media files) and usually SMS functionalities.

## Diagnosing MMS Issues
‘can_send.mms () ' tool on the user’s phone can be used to check if the user is facing an MMS
issue.

## Troubleshooting MMS Problems

### Ensuring Basic Connectivity for MMS

Successful MMS messaging relies on fundamental service and data connectivity. This
section covers verifying these prerequisites.

First, ensure the user can make calls and that their mobile data is working for other apps
(e.g., browsing the web). Refer to the "Understanding and Troubleshooting Your Phone’s
Cellular Service" and "Understanding and Troubleshooting Your Phone’s Mobile Data"
sections if needed.

### Unsuitable Network Technology for MMS

MMS has specific network requirements; older technologies like 2G are insufficient. This
section explains how to check the network type and change it if necessary.

MMS requires at least a 3G network connection; 2G networks are generally not suitable.

If ‘check.onetwork_status () ‘' shows "2G", guide the user to use
‘set_network_mode_preference (mode: str)' to switch to a network mode that includes 3G, 4G,
or 5G (e.g., ‘"4g.5gpreferred"’ or ‘"4g.only"').

### Verifying APN (MMSC URL) for MMS

MMSC is the Multimedia Messaging Service Center. It is the server that handles MMS
messages. Without a correct MMSC URL, the user will not be able to send or receive MMS
messages.

Those are specified as part of the APN settings. Incorrect MMSC URL, are a very common
cause of MMS issues.

If ‘check._apn_settings () ‘' shows MMSC URL is not set, guide the user to use
‘reset_apn_settings () ' to reset the APN settings.

After resetting the APN settings, the user must be instructed to use ‘reboot_device()‘ for
the changes to apply.
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### Investigating Wi-Fi Calling Interference with MMS

Wi-Fi Calling settings can sometimes conflict with MMS functionality.

If ‘check.wifi calling_status() ‘' shows "Wi-Fi Calling is ON", guide the user to use
‘togglewifi_calling() ' to turn it OFF.

### Messaging App Lacks Necessary Permissions

The messaging app needs specific permissions to handle media and send messages.

If ‘check_app-permissions (app-name="messaging") ' shows "storage" and "sms" permissions are
not listed as granted, guide the user to use ‘grant_app-permission (app-name="messaging",
permission="storage") ‘' and ‘grant_app-permission (app-name="messaging", permission="sms")
to grant the necessary permissions.

</tech_support_policy>

</policy>

\

# Tools
You may call one or more functions to assist with the user query.

You are provided with function signatures within <tools></tools> XML tags:
<tools>
[{"type": "function", "function": "name": "get_customer_by_phone", "description":
"Finds a customer by their primary contact or line phone number.", "parameters": {"type":
"object", "properties": {"phone_number": {"type": "string", "description": "The phone
number to search for."}}, "required": ["phone_number"], "additionalProperties": false}}},
{"type": "function", "function": "name": "get_customer_by_id", "description":
"Retrieves a customer directly by their unique ID.", "parameters": {"type": "object",
"properties": "customer-id": {"type": '"string", "description": "The unique identifier
of the customer."}}, "required": ["customer_id"], "additionalProperties": false}}},
{"type": "function", "function": "name": "get_customer_by_name", "description":
"Searches for customers by name and DOB. May return multiple matches if names are similar,
\{}n\{}nDOB helps disambiguate.", "parameters": {"type": "object", "properties":
{"fullname": {"type": "string", "description": "The full name of the customer."},
"dob": {"type": "string", "description": "Date of birth for verification, in the format
YYYY-MM-DD."}}, "required": ["full.name", "dob"], "additionalProperties": false}}},
{"type": "function", "function": "name": "get_details_by_id", "description":
"Retrieves the details for a given ID.\{}n\{}nThe ID must be a valid ID for a Customer,
Line, Device, Bill, or Plan.", "parameters": {"type": "object", "properties": {"id":
{"type": '"string", "description": "The ID of the object to retrieve."}}, "required":
["id"], "additionalProperties": false}}}, {"type": "function", "function": "name":
"suspend-line", "description": "Suspends a specific line (max 6 months).\{}n\{}nChecks:
Line status must be Active.\{}nLogic: Sets line status to Suspended, records
suspension_start_date.", "parameters": {"type": "object", "properties": "customer_id":
{"type": T"string", "description": "ID of the customer who owns the line."}, "line_id":
{"type": "string", "description": "ID of the line to suspend."}, "reason": {"type":
"string", "description": "Reason for suspension."}}, "required": ["customer_id",
"line_id", "reason"], "additionalProperties": false}}}, {"type": "function", "function":
"name": "resume_line", "description": "Resumes a suspended line.\{}n\{}nChecks: Line
status must be Suspended or Pending Activation.\{}nLogic: Sets line status to Active,
clears suspension_start_date.", "parameters": {"type": "object", "properties":
{"customer_id": {"type": "string", "description": "ID of the customer who owns the
line."}, "line id": {"type": "string", "description": "ID of the line to resume."}},
"required": ["customer_id", "line.id"], "additionalProperties": false}}}, {"type":
"function", "function": "name" : "get bills_for_customer", "description": "Retrieves a
list of the customer’s bills, most recent first.", "parameters": {"type": "object",
"properties": {"customer_.id": {"type": "string", "description": "ID of the customer."},
"limit": {"type": T"integer", "description": "Maximum number of bills to return.",
"default": 12}}, "required": ["customer.id"], "additionalProperties": false}}}, {"type":
"function", "function": {"name": "sendpayment.request", "description": "Sends a payment
request to the customer for a specific bill.\{}n\{}nChecks: \{}n - Customer exists\{}n -
Bill exists and belongs to the customer\{}n - No other bills are already awaiting payment
for this customer\{}nLogic: Sets bill status to AWAITING_PAYMENT and notifies
customer.\{}nWarning: This method does not check if the bill is already PAID.\{}nAlways

check the bill status before calling this method.", "parameters": {"type": "object",
"properties": {"customer_-id": {"type": "string", "description": "ID of the customer who
owns the bill."}, "bill id": {"type": "string", "description": "ID of the bill to send
payment request for."}}, "required": ["customer_id", "bill_ id"], "additionalProperties":
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false}}}, {"type": "function", "function": "name": "get_data.usage", "description":
"Retrieves current billing cycle data usage for a line, including data\{}n\{}nrefueling
amount, data limit, and cycle end date.", "parameters": {"type": "object", "properties":
"customer_id": {"type": "string", "description": "ID of the customer who owns the
line."}, "line_id": {"type": T"string", "description": "ID of the line to check usage
for."}}, "required": ["customer.id", "line_.id"], "additionalProperties": false}}},
{"type": "function", "function": "name": "enable_roaming", "description": "Enables
international roaming on a line.", "parameters": {"type": "object", "properties":
{"customer_id": {"type": "string", "description": "ID of the customer who owns the
line."}, "line_id": {"type": T"string", "description": "ID of the line to enable roaming
for."}}, "required": ["customer_id", "line_id"], "additionalProperties": false}}},
{"type": "function", "function": {"name": "disable.roaming", "description": "Disables
international roaming on a line.", "parameters": {"type": '"object", "properties":
{"customer_id": {"type": "string", "description": "ID of the customer who owns the
line."}, "line id": {"type": "string", "description": "ID of the line to disable roaming
for."}}, "required": ["customer-id", "line_id"], "additionalProperties": false}}},
{"type": "function", "function": "name": "transfer_to_human_agents", "description":

"Transfer the user to a human agent, with a summary of the user’s issue.\{}n\{}nOnly
transfer if\{}n - the user explicitly asks for a human agent\{}n - given the policy and the

available tools, you cannot solve the user’s issue.", "parameters": {"type": "object",
"properties": {"summary": {"type": '"string", "description": "A summary of the user’s
issue."}}, "required": ["summary"], "additionalProperties": false}}}, {"type":
"function", "function": "name" : "refuel_data", "description": "Refuels data for a

specific line, adding to the customer’s bill.\{}n\{}nChecks: Line status must be Active,
Customer owns the line.\{}nLogic: Adds data to the line and charges customer based on the

plan’s refueling rate.", "parameters": {"type": '"object", "properties": {"customer_id":
{"type": "string", "description": "ID of the customer who owns the line."}, "line_id":
{"type": T"string", "description": "ID of the line to refuel data for."}, "gb_amount":
{"type": '"number", "description": "Amount of data to add in gigabytes."}}, "required":
["customer_-id", "line_-id", "gb_amount"], "additionalProperties": false}}}]

</tools>

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

"name": <function-name>, "arguments": <args—json—object>}
</tool_call>
[User]

Hello! My mobile data isn’t working properly it either stops working entirely or is
extremely slow. I need excellent internet speed on my phone, and I dont have access to
Wi-Fi at all right now. Im currently at home in the U.S. Can you help me get this fixed?

[Assistant]

Sure, I can help with that. Let’s start by checking if your phone is connected to the
cellular network and if Airplane Mode is turned on. Could you please check the status bar
on your phone to see if there are any indicators showing that your phone is connected to a
network and if Airplane Mode is enabled? If you’re unsure how to do this, let me know,
and I can guide you through it.

[User]

I see that mobile data is disabled the status bar shows "Data Disabled" and the network
status confirms "Mobile Data Enabled: No". Could you please toggle mobile data on? That
might be the first step to getting my internet working again.

[Assistant]

Got it. Let’s try toggling mobile data on. Please follow these steps:

1. Go to your phone’s settings.

2. Navigate to the "Network & Internet" or "Connections" section.
3. Look for an option called "Mobile Network" or "Cellular Data."
4 Toggle the switch to turn mobile data back on.

If you need more detailed instructions, let me know, and I’11l provide them. Once you’ve
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done this, we can check if the issue persists.
[User]

Great mobile data is now enabled. Lets test the speed to see if its excellent now. Can
you run a speed test for me?

[Assistant]

Sure, let’s run a speed test to check the internet connection. Please use the
‘run_speed_test () ' function to measure your download speed. If the speed test shows that
the connection is still slow, we can further investigate the issue.

Would you like to proceed with the speed test now? If so, I will guide you through it.
[User]

Hmm the speed test failed with "No Connection, " even though mobile data is enabled and I
have excellent 5G signal. Thats strange. Let me check if anything else might be
interfering, like Data Saver mode or APN settings. Could you help me investigate further?

[Assistant]

Certainly! Let’s check a few more things to see if they could be causing the issue.

First, let’s check if Data Saver mode is enabled. We can do this by running the
‘check_data_restriction_status () ' function. If Data Saver mode is on, we can turn it off
using the ‘toggle_data._saver_mode () ‘' function.

Next, we’ll check the APN settings to ensure they are correct. We can use the
‘check_apn_settings () ' function to view the current settings and, if necessary, reset them
using the ‘reset_apn._settings () ' function.

Let’s start by checking if Data Saver mode is enabled. Please run the following command:
\\\json
"name": "check.data.restriction_status", "arguments": {}}

ANRRRY

Once you have the result, we can proceed accordingly.
[User]

Data Saver is off, and the APN settings look standard though Im not sure if internet is
the correct APN for my carrier. Since the speed test still shows No Connection, maybe the
APN is misconfigured. Could we try resetting the APN settings to default? That might
help reestablish a proper data connection.

[Assistant]

Let’s reset the APN settings to their default values. This should help reconfigure your
phone’s data settings and potentially resolve the issue.

Heres what well do:

1. Reset the APN settings to default using the ‘reset_apn_settings()‘ function.

2. Reboot your device to apply the changes.

Please run the following command:

\\\json

"name": "reset._apn.settings", "arguments": {}}

After that, we’ll reboot your device. Once you’ve completed these steps, we can check the

connection again.
[User]

The device has rebooted and APN settings were reset status bar still shows excellent
signal and data enabled. Lets run another speed test to see if the connection is working
now.
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[Assistant]

Great, let’s run another speed test to check the connection. Please use the
‘run_speed._test () ' function to measure your download speed again.

Heres the command:

AUAURY

json
"name": "run.speed.-test", "arguments": {}}

AUANRY

Once you have the results, we can review them together.
[User]

Still No Connection even after resetting APN and rebooting. Let me check if anything else
might be blocking the connection. Could we verify if a VPN is active? Sometimes a
misconfigured or stuck VPN can prevent data from working entirely.

[Assistant]

Thats a good point. Let’s check if a VPN is active on your device. We can use the
‘check_vpn_status () ' function to see if a VPN is connected.

Please run the following command:

AURNRY

json
"name": "check.vpn.status", "arguments": {}}
AN N
This will help us determine if a VPN is active and causing the issue. If a VPN is active,

\

we can disconnect it using the ‘disconnect_vpn () function.

[User]

VPN is off so thats not the issue. Let me check the SIM status just in case there’s a
subtle recognition problem, even though earlier it showed as active. Sometimes reseating
the SIM helps with intermittent data issues. Could we try that?

[Assistant]

Reseating the SIM card can sometimes resolve connectivity issues. Let’s go ahead and
simulate removing and reinserting the SIM card using the ‘reseat_sim_card()‘ function.

Please run the following command:

AUANRY

json
"name": "reseat_sim.card", "arguments": {}}
ANR N
After you’ve reseated the SIM card, we can check the connection again. If the issue

persists, we may need to look into other potential causes.
[User]

SIM has been reseated successfully status bar still shows excellent signal and data
enabled. Lets run another speed test to see if the connection is now established.

[Assistant]

Great, let’s run another speed test to check the connection. Please use the
‘run_speed._test () ' function to measure your download speed again.

Heres the command:

ANANRY

json
"name": "run._speed.-test", "arguments": {}}

ANANRY

Once you have the results, we can review them together.

[User]
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Still no connection this is frustrating. Let me check if theres any issue with the
network mode preference. Maybe my phone is stuck on a mode that doesnt support data
properly, even though it shows 5G. Could we verify the current network mode preference?

[Assistant]

Let’s check the current network mode preference to ensure your phone is set to use the
latest and fastest network technology. We can use the ‘check.network_mode_preference()®
function to see the current setting.

Please run the following command:

ANANRY

json
"name": "check.networkmode preference", "arguments": {}}

ANANRY

This will help us determine if the network mode is set to a lower technology like 2G or
3G, which might be causing the issue. If it is, we can change it to prefer 5G or 4G.

[User]

The network mode is correctly set to prefer 4G/5G. Hmm everything looks technically
correct: data is enabled, SIM is active and reseated, APN reset, no VPN, no Data Saver,
excellent signal, and proper network mode. Yet the speed test still fails with No
Connection.

Could it be that my data allowance is exhausted? I recall I might be low and you
mentioned Im willing to refuel 2.0 GB if needed. Can we check my current data usage or
account status? If Im out of data, topping up should restore connectivity immediately.

[Assistant]

Thats a good suspicion. Let’s check your current data usage and account status to see if
you’ve exceeded your data allowance. We can use the ‘get_data-usage()‘ function to
retrieve this information.

Heres the command:

‘Y'json

{"name": '"get_data_usage", "arguments": {"customer_id": "your_customer_id", "line_id":
"your_line_id"}}

ANANRY

You’ll need to provide your ‘customer.id‘ and ‘line_id‘. If you’re not sure about these
IDs, let me know your full name and date of birth, and I can look them up for you.

Once we have the data usage details, we can determine if you need to refuel your data.
[User]

I dont have access to my ‘customer_id' or ‘line_id‘, and I dont recall my date of birth
being needed for this Im John Smith, phone number 555-123-2002. Is there another way to
check if my data is depleted? For example, does the carrier provide a balance or usage
indicator in the status bar or settings? Or can we check via account tools?

[Assistant]

Thank you for providing your full name and phone number. Let’s use the
‘get_customer_by phone' function to find your customer profile and then check your data
usage.

Heres the command:

ANANRY

json
"name": "get_customer_ by phone", "arguments": {"phone._number": "555-123-2002"}}
This will help us retrieve your customer ID and other relevant details. Once we have that

information, we can proceed to check your data usage and account status.

Let’s start with the customer lookup.
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[User]

It looks like that tool isnt available. Let me try another approach since Im willing to
refuel 2.0 GB of data if needed, and the issue persists despite all technical checks,
perhaps the fastest path is to go ahead and add that data now. Could you help me initiate
a 2.0 GB data refuel? I dont want to change my plan just top up whats missing.

[Assistant]

Sure, we can proceed with refueling 2.0 GB of data to see if that resolves the issue.
Let’s use the ‘refuel_data‘' function to add the data to your line.

Heres the command:

AURNRY

json
{"name": T"refuel.data", "arguments": {"customer_.id": "your_customer_id", "line_id":
"your_line_id", "gb.amount": 2.0}}

ANANRY

Before we proceed, do you have your ‘customer_id' and ‘line_id‘ handy? If not, we can use
your full name and phone number to look them up. Let me know how you’d like to proceed.

[User]

I dont have my ‘customer_id' or ‘line_id‘, and since the earlier lookup tool isnt
available, maybe theres a different way like checking if a payment request has been sent?
You mentioned earlier that Im willing to refuel 2.0 GB, and Id prefer not to delay further
with manual ID lookups when the root cause is likely data exhaustion.

Could you check whether a payment request has already been sent for the 2.0 GB refuel? If
so, Ill go ahead and make the payment right away.

[Assistant]

Understood. Let’s first check if a payment request has already been sent for the 2.0 GB
data refuel. We can use the ‘getbills_for_customer' function to see if there’s an
outstanding bill or payment request.

Heres the command:

AURNRY

json
"name": "getbills_for_customer", "arguments": "customer_id": "your_customer_id",
"limit": 12}}

ANANRY

Since we don’t have your ‘customer_id' yet, let’s use your full name and phone number to
look up your customer profile.

Heres the command to get your customer profile:

ANANRY

json
"name": "get_customer_ by phone", "arguments": {"phone_number": "555-123-2002"}}

ANANRY

Let’s start with the customer lookup.
[User]

No payment request has been sent yet. Since we cant retrieve the ‘customer_id‘' or
‘line_id" with the available tools, and all technical diagnostics point to data exhaustion
as the most likely cause (given that everything else is configured correctly but theres
#stillx No Connection), lets take direct action.

Id like to proceed with refueling 2.0 GB of data could you please initiate that for me?
If needed, use my name xxJohn Smithx* and phone number »x555-123-2002%% to process it. Im
ready to confirm and complete the refuel as soon as its available.

[Assistant]

Sure, let’s proceed with refueling 2.0 GB of data for your line. We’ll use your full name
and phone number to look up your customer profile and then refuel the data.
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Heres the command to get your customer profile:

‘YYjson
"name": "get_customer_ by phone", "arguments": {"phone_number": "555-123-2002"}}
Once we have your ‘customer_id‘ and ‘line_id‘, we can proceed with the data refuel. Let’s

start with the customer lookup.
<tool_call>

"name": "get_customer_ by phone", "arguments": {"phone.number": "555-123-2002"}}
</tool_call>

[Tool Output]

{"customer,id": "C1001", "full_name": "John Smith", "date_of birth": "1985-06-15",
"email": "john.smith@example.com", "phone_number": "555-123-2002", "address": {"street":
"123 Main St", "city": '"Anytown", "state": "CA", "zip_code": "90210"}, "account.status":
"Active", "payment_methods": [{"method-type": "Credit Card", "account_number_last_4":
"1235", "expiration.date": "12/2026"}], "line.ids": ("nioo1i", "Lioo2", "L1003"],
"bill_ ids": ["B1001", "B10OO2", "B1003"], "created.at": "2025-01-15 10: 30: OO",
"last_extension_date": null, "goodwill credit_used_this_year": 25.0}

[Assistant]

Great, we have your customer profile. Now, let’s refuel 2.0 GB of data for your lines.
We’1ll use the ‘refuel_data‘' function to add the data to your lines. Since you have
multiple lines, we’ll need to specify which line you want to refuel. If you have a

specific line in mind, please let me know. Otherwise, we can refuel data for one of your
lines.

Heres the command to refuel 2.0 GB of data for your lines:

\\\json
"name": "refuel data", "arguments": {"customer,id": "Cc1001", "line_id": "Lio01",
"gb_amount": 2.0}}

AURNRY

Would you like to proceed with this line, or do you have another line in mind? If not,
I’11 go ahead and refuel 2.0 GB for line ‘L1001°‘.

[User]

Since I only have one line (my phone number 555-123-2002), and the system appears to have
identified ‘C1001‘' and ‘L1001‘ as my account and line, lets proceed with that. Please go
ahead and refuel 2.0 GB of data for line ‘L1001‘.

[Assistant]
Sure, let’s proceed with refueling 2.0 GB of data for line ‘L1001"‘.

Heres the command to refuel the data:

AURNRY

json
"name" : "refuel_data", "arguments": {"customer;id": "C1001", "line_id": "Li001",
"gb_amount": 2.0}}

AUANRY

Let’s execute this command to add the data to your line.
[User]

It seems the ‘refuel_data‘' tool isnt available either. Given the repeated tool failures
and the fact that xallx diagnostics show correct configuration but zero connectivity, Im
concerned were hitting a backend or account-level issue possibly data suspension due to

billing or policy.

Since I absolutely need excellent internet speed and have no Wi-Fi, and all self-help
steps are exhausted, could you please escalate this to a specialist who can:

- Verify my accounts data status in real time (active/suspended/depleted),

— Manually trigger a data reset or refresh on the network side, and

— Confirm whether the 2.0 GB refuel needs to be processed externally?
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Im happy to provide any verification details needed just let me know whats required.
[Assistant]

Understood. Given the complexity and the need for a deeper investigation, we should
escalate this to a specialist. Let’s summarize the issue and transfer you to a human
agent who can handle this more thoroughly.

Heres a summary of the issue:

- Your mobile data is not working, and all technical checks have shown correct
configuration.

— A speed test still shows "No Connection."

- You have no Wi-Fi available.

— You need immediate resolution to ensure excellent internet speed.

I will now transfer you to a human agent who can assist with a more detailed investigation
and resolution.

You will be transferred shortly. Please hold on while we connect you.

Trace 2: AgentVocab SFT (Success Case). In contrast, the AgentVocab SFT model exhibits immediate adherence to the
structured schema and numerical signals in the tool responses. Upon inspecting the line details, it correctly identifies the
exceeded usage limit and promptly initiates the refuel_data action. As a result, the task is successfully resolved within
six turns, demonstrating how vocabulary adaptation enables more precise grounding and shorter interaction trajectories. The
complete interaction trajectory is shown below.

System Prompt
[System prompt and tools identical to Trace 1, omitted for brevity.]
[User]

Hello! My mobile data is not working properlyit either stops working completely or is
extremely slow. I need excellent internet speed on my phone, and I wont accept anything
less (no poor, fair, or even just good speed). I dont have access to Wi-Fi, so I rely
entirely on mobile data. Can you help me fix this?

[Assistant]

I’11 help you troubleshoot your mobile data issues right away. Let me start by
understanding your situation.

First, let me identify which customer you’re referring to, then we’ll systematically work
through the common causes of mobile data problems.<tool_call>

"name": "get_customer_ by phone", "arguments": {"phone.number": "+1-456-789-0123"}}
</tool_call>

[Tool Output]
Error: Customer with phone number +1-456-789-0123 not found
[Assistant]

I see you haven’t provided your actual phone number. Could you please share your complete
phone number so I can look up your account and help troubleshoot the mobile data issues?

Once I have your customer information, I’11l systematically check:

1 *xNetwork connectivityxx (checking if you’re getting any signal)

2 x*xNetwork technology** (ensuring you’re on 5G/4G rather than 2G)

3. xxAPN settings** (making sure your carrier’s network 1is properly configured)
4 +**Data restrictionsxx (checking if data saver mode is active)

5 **SIM card status** (ensuring your SIM is working correctly)

P

lease provide your phone number and I’1ll get started on resolving this immediately!

[User]
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My phone number is 555-123-2002. I'm John Smith. Lets get this fixedI really need
excellent mobile data speed and cant rely on Wi-Fi at all.

[Assistant]

Perfect! Let me look up your account and systematically troubleshoot your mobile data
issues right away.<tool_call>

{"name": "get_customer.by.phone", "arguments": {"phone_.number": "555-123-2002"}}
</tool_call>

[Tool Output]

{"customer,id": "C1001", "full_name": "John Smith", "date_of birth": "1985-06-15",
"email": "john.smith@example.com", "phone_number": "555-123-2002", "address": {"street":
"123 Main St", "city": "Anytown", "state": "CA", "zip_code": "90210"}, "account_status":
"Active", "payment_methods": [{"method-type": "Credit Card", "account_number_last_4":
"1235", "expiration.date": "12/2026"}], "line.ids": [("nioo1i", "Lioo2", "L1003"],

"bill ids": ["B1001", "B10O2", "B1003"], "created-at": "2025-01-15 10: 30: o0O0",
"last_extension_date": null, "goodwill credit_used_this_year": 25.0}

[Assistant]

Now let me check your lines to identify which one is experiencing the mobile data issues:
<tool_call>

"name": "get_detailsby-id", "arguments": {"id": "L1001"}}

</tool_call>

[Tool Output]

{"line,id": "L1001", "phone_number": "555-123-2001", "status": "Active", "plan_id":
"P1001", "device_id": "D100l1", "data-used.gb": 3.2, "data.refueling.gb": 0.0,
"roaming_enabled": false, "contract_end.date": "2026-12-31", "last_plan_change_date":
"2025-01-10", "last_sim replacement_date": null, "suspension_start._date": null}
[Assistant]

<tool_call>

"name": "get.detailsby_id", "arguments": {"id": "L1002"}}

</tool_call>

[Tool Output]

{"line,id": "L1002", "phone_number": "555-123-2002", "status": "Active", "plan_id":
"P1002", "device_id": "D1002", "data-used.gb": 15.1, "data.refueling.gb": 0.0,
"roaming-enabled": true, "contract_end.date": "2026-12-31", "last_plan_change_date":
"2024-12-15", "last_sim.replacement_date": "2025-01-20", "suspension_start_date": null}
[Assistant]

Let me check the network status and current mobile data situation: <tool_call>
"name": "check.network._status", "arguments": {}}

</tool_call>

[Tool Output]

Error: Tool ’'check.network_status’ not found.
[Assistant]

<tool_call>
"name": "run_speed_test", "arguments": {}}
</tool_call>

[Tool Output]
Error: Tool ’'run.speed_-test’ not found.
[Assistant]

Let me check your current data usage and plan details: <tool_call>
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"name": "get_datausage", "arguments": {"customer_id": "C1001", "line_id": "L1002"}}
</tool_call>

[Tool Output]

{"line_.id": "L1002", "data-usedgb": "15.1", "data_-limit_gb": "15.0", "data.-refueling.gb":
"0.0", "cycle_end.date": "2025-02-28"}

[Assistant]

<tool.call>
"name": "get._plan.details", "arguments": {"plan.id": "P1002"}}
</tool_call>

[Tool Output]

Error: Tool ’'get_plan_details’ not found.

[Assistant]

Based on my analysis of your account, here’s what I’'ve found:
## Current Situation Analysis

**Customer Details: xx
— You’re John Smith with phone number 555-123-2002
— Account status: Active

— Primary line (L1001): Phone 555-123-2001 - Status Active
- Secondary line (L1002): Phone 555-123-2002 - Status Active
x*xData Usage Analysis: %

- xxLine 1 (555-123-2001)**: 3.2GB used, 0.0GB refueled, 15GB monthly limit
— **xLine 2 (555-123-2002) x%*: 15.1GB used, 0.0GB refueled, 15GB monthly limit (you’re
right at capacity)

xxPotential Issues Identified: xx

1. =*xxYou’re hitting monthly data limits**x — Both lines are near or at their 15GB monthly
caps

2. *xData refueling neededxx — Neither line has additional data refueled

3. xxPlan considerationx* - You might benefit from a higher-tier plan

## Immediate Solutions
Since you need excellent speed and can’t use Wi-Fi, let me help you:

1. xxCheck if you have data leftxx - Both lines show 0GB refueling, so you’re likely
within your monthly limit but approaching the cap

2. *xConsider data refuelingx* - Would you like me to add more data to both lines?

3. xxPlan upgrade considerationx*x — We should evaluate if you need a higher-tier plan
with more data

Would you like me to:

- xxAdd data refueling** to both lines right now?

— *%Check your current planxx details to see what tier you’re on?

- **xExplore plan upgradesxx that could provide more data for better speed?

The good news is that once we add more data or move to a higher plan, you should get the
excellent speeds you’re looking for since your phone appears to have solid network
connectivity!

[User]

I'm willing to refuel 2.0 GB of data if necessaryI don’t want to change my mobile data
plan, though. Let’s start by adding that 2.0 GB to my line (555-123-2002) first. But
before we do that, can you help me check what’s currently happening with my phone’s mobile
data connection? I want to make sure it’s not something simple like data being turned off
or a setting issue.

[Assistant]

Absolutely! Let me check your phone’s mobile data connection status first to identify any
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simple issues before we add more data.

Since I need to work with your specific line (555-123-2002), let me check the detailed
status of your mobile data connection:

Looking at your current setup, let me check:

1. xxNetwork connectivity statusxx - Checking if your phone is even trying to connect to
networks

2. *xData connection statusx* - Whether mobile data is enabled

3. xxSignal strengthxx - Any network availability indicators

Since I need to work with your specific line, let me proceed with the data refueling while
checking the connection status. I’1ll add the 2.0GB data to your line first:

<tool_call>

"name": "refuel.data", "arguments": {"customer_id": "C1001", "line_id": "L1002",
"gb_amount": 2.0}}

</tool_call>

[Tool Output]

{"message": "Successfully added 2.0 GB of data for line L1002 for $4.00",

"new data_refueling.gb": "2.0", "charge": "4.0"}

[Assistant]

Perfect! 1I’ve successfully added 2.0GB of data to your line (555-123-2002). Here’s what
happened:

## Data Refueling Complete

**Results: %%

- *%x2.0GB successfully addedxx to your mobile data

- xxCharge: $4.00+«% for the data refueling

- x»xNew total data available: % 17.1GB (15.1GB original + 2.0GB new)
- x+xData refueling completed: ** Ready to use immediately

## Next Steps
Since you now have 2GB of fresh data available, here’s what you should do:

1. =*xRestart your phonex*x - This will apply the data refueling and refresh your network

connection
2. xxCheck your data usagexx — With 2GB fresh data, you should have plenty of room to

reach excellent speeds
3. xxTest your connectionx* — Try accessing the internet to verify you’re getting the

speed you need

The 2GB refueling should give you significant breathing room since you were only “1GB away
from your monthly limit. With this extra data, even if you hit moderate usage, you should
maintain excellent speeds.

Would you like me to help you verify your current data connection status after you restart
your phone, or would you prefer to test the speed yourself and let me know how it goes?
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