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Abstract

Large Language Models (LLMs) augmented
with external tools have demonstrated remark-
able capabilities in complex reasoning tasks.
However, existing frameworks rely heavily on
natural language reasoning to determine when
tools can be invoked and whether their results
should be committed, lacking formal guaran-
tees for logical safety and verifiability. We
present ToolGate, a forward execution frame-
work that provides logical safety guarantees
and verifiable state evolution for LLM tool call-
ing. ToolGate maintains an explicit symbolic
state space as a typed key-value mapping rep-
resenting trusted world information through-
out the reasoning process. Each tool is formal-
ized as a Hoare-style contract consisting of a
precondition and a postcondition, where the
precondition gates tool invocation by check-
ing whether the current state satisfies the re-
quired conditions, and the postcondition deter-
mines whether the tool’s result can be commit-
ted to update the state through runtime verifi-
cation. Our approach guarantees that the sym-
bolic state evolves only through verified tool
executions, preventing invalid or hallucinated
results from corrupting the world representa-
tion. Experimental validation demonstrates that
ToolGate significantly improves the reliabil-
ity and verifiability of tool-augmented LLM
systems while maintaining competitive perfor-
mance on complex multi-step reasoning tasks.
This work establishes a foundation for building
more trustworthy and debuggable Al systems
that integrate language models with external
tools.

1 Introduction

Large Language Models (LLMs) have achieved re-
markable success in various reasoning tasks, partic-
ularly when augmented with external tools that en-
able them to interact with the real world (Yao et al.,
2022; Brown et al., 2020; Chowdhery et al., 2022).
The integration of tools with LLLMs has opened

new possibilities for complex multi-step reasoning,
where models can retrieve information, perform
computations, and execute actions through API
calls (Qin et al., 2024). However, existing frame-
works for LLM tool calling rely heavily on natural
language reasoning to determine when tools should
be invoked and whether their results should be
trusted and committed to the system’s understand-
ing of the world (Yang et al., 2024a). This reliance
on implicit natural language reasoning creates sig-
nificant challenges for ensuring logical safety, veri-
fiability, and debuggability in tool-augmented LLM
systems.

The fundamental problem lies in the lack of for-
mal guarantees for tool invocation and result vali-
dation. Current approaches treat tool calling as a
black-box process where the LLM decides based
on its internal reasoning, without explicit mecha-
nisms to verify whether the preconditions for tool
invocation are satisfied or whether the tool’s out-
put meets the expected postconditions (Zhu et al.,
2025; Shi et al., 2023). This can lead to several crit-
ical issues: tools may be called with insufficient or
incorrect parameters, invalid results may be incor-
porated into the reasoning process, and the system’s
internal representation of the world state may be-
come inconsistent or corrupted by hallucinated or
erroneous tool outputs (Huang et al., 2025). More-
over, as the number of available tools grows into
the thousands, efficiently retrieving and selecting
appropriate tools becomes increasingly challeng-
ing, requiring sophisticated retrieval mechanisms
beyond simple keyword matching (Xu et al., 2024).
Recent approaches still lack a unified framework
that provides formal guarantees for when tools can
be safely invoked and when their results can be
trusted. The absence of explicit state management
and contract-based verification means that errors
can propagate through the reasoning chain, making
it difficult to identify and debug failures in complex
multi-step tool-calling scenarios.



To address these limitations, we propose Tool-
Gate, a forward execution framework that provides
logical safety guarantees and verifiable state evolu-
tion for LLM tool calling. ToolGate introduces an
explicit symbolic state space that maintains a typed
key-value mapping representing trusted world in-
formation throughout the reasoning process. Each
tool is formalized as a Hoare-style contract with a
precondition that gates tool invocation and a post-
condition that determines whether the tool’s result
can be committed to update the state. By combin-
ing Retrieval with embedding semantic search for
efficient tool retrieval and hoare contract logical
checks for safe tool execution, ToolGate ensures
that the symbolic state evolves only through veri-
fied tool executions, preventing invalid or halluci-
nated results from corrupting the world representa-
tion.

Our Contributions. Our contributions are de-
tailed as follows.

* We present ToolGate, a novel framework that
formalizes tool calling through Hoare-style
contracts, providing logical safety guarantees
and verifiable state evolution for LLM tool-
augmented systems.

* We introduce an explicit symbolic state space
that maintains trusted world information through-
out reasoning, enabling precise precondition and
postcondition checking for tool invocations.

* We demonstrate that contract-based verification
significantly improves the reliability and debug-
gability of tool-augmented LLM systems while
maintaining competitive performance on com-
plex multi-step reasoning tasks.

2 Related Work
2.1 Tool Learning of LLMs

The integration of external tools with Large Lan-
guage Models has emerged as a critical capability
for extending LLLM reasoning beyond text genera-
tion to real-world interactions. Early work on func-
tion calling, such as OpenAlI’s function calling API,
enables LLMs to invoke external functions with
structured parameters(Ouyang et al., 2022). The
ReAct framework formalizes the reasoning-acting
paradigm, where LLMs explicitly alternate be-
tween reasoning steps and tool invocations, demon-
strating improved performance on complex multi-
step reasoning tasks (Yang et al., 2024a). Build-
ing on this foundation, Tool Learning has emerged

as an effective paradigm for significantly expand-
ing the capabilities of Large Language Models
(Schick et al., 2023; Qin et al., 2023; Yu et al.,
2025). Early research proposed that by integrat-
ing LLMs with external tools—such as program
executors or search engines (Erdogan et al., 2024;
Paranjape et al., 2023). To comprehensively mea-
sure performance in tool usage, researchers have
introduced a series of benchmarks to systemati-
cally evaluate dimensions ranging from API selec-
tion and parameter generation quality to generaliza-
tion capabilities (Ye et al., 2025; Patil et al., 2024;
Du et al., 2024). These techniques have been ex-
tended to multimodal tasks like GUI Agents (Zhang
et al., 2025a; Liu et al., 2025b) and specialized do-
mains (Su et al., 2025). More recently, Reinforce-
ment Learning (RL) has been incorporated into the
framework to further optimize tool-learning perfor-
mance (Qian et al., 2025; Li et al., 2025), yielding
significant results in information retrieval and dy-
namic reasoning. These developments demonstrate
that tool-augmented LLMs are revealing vast po-
tential for open-domain general reasoning.

2.2 Hoare Logic and Formal Verification

Hoare logic (Hoare, 1969) provides a formal
system for reasoning about program correctness
through preconditions and postconditions. In re-
cent years, Formal Verification and Hoare logic has
been increasingly introduced into the field of deep
learning to characterize and constrain the prov-
able behaviors of neural network systems under
different inputs and internal states (Corsi et al.,
2021). As deep learning models are being widely
deployed in high-risk and safety-critical domains
such as autonomous driving, robotics control, med-
ical decision-making, and industrial systems, en-
suring that model outputs are not only effective but
also verifiable and compliant with predefined spec-
ifications has become an increasingly important
problem (Meng et al., 2022; Swaroop et al., 2024).
In this context, the precondition—postcondition
framework provided by Hoare logic is used to spec-
ify the functional, safety, or robustness properties
that neural networks must satisfy under given input
conditions or first-order logic (Yang et al., 2024b;
Han et al., 2024), and it is further combined with
neural network verification and LLMs to form a
unified and rigorous approach to reasoning and ver-
ification (Lee et al., 2025; Grigorev et al., 2025;
Wang et al., 2019; Lin et al., 2024).



Reasoning and Acting (ReACT)

Question: Give a trip plan from New York to Shanghai.

X B

Tool Acting Tool Return

o

.
»
A\

- @

LM Reasoning
.

»
.

Get Answer Output

Tool Planning with reranking
(Tool-Planner/DFSDT)

Question: Give a trip plan from New York to Shanghai.

.

gy &

LM Reasoning

¥ |

Tool Selection

(embedding/Retrieval) Tool Acting H
.
H
v
Tool Return @
* Output
R P
.."----.---> @))
Get Answer Output

LM Contract Reasoning

» LM Reasoning

Tool Planning with Hoare Contract
(ToolGate)

Toolset Hoare Contract

Question: Give a trip plan from New York to Shanghai.

&

Tool Retrieval & Reranking

Not Sat

i

Tool Precondition Check

start_tool_result

Not Sat
Sat

X

Tool Acting

Sat

Tool Return
Tool Postcondition

Check

Output: First, I searched for flights from New York to Shanghai.
arecommended one is <flight_detail>.

Next, I searched for accommodation in central Shanghai.<hotel_detail>
Then, I checked visa and entry requirements. <visa_detail>

I generated a structured plan: Day 1... <trip_detail> ... Day 7 return.

Figure 1: ToolGate framework overview. The framework is built on Hoare Logic, formalizing the tool-calling
process as a sequence of constrained logical reasoning steps, and continuously maintaining a trusted state S' to

verify the conditions for tool invocation.

3 Methodology

3.1 Problem Setting and Overview

Tool learning equips LLMs with the ability to plan,
invoke, and reason over external tools. However,
hallucination propagation and unreliable tool plan-
ning remain major bottlenecks, frequently leading
to unstable and unreliable outcomes. To address
these problems, we propose ToolGate, a frame-
work integrates both probabilistic reasoning foun-
dations and logically verifiable guarantees. It con-
sists of a typed symbolic world state S that main-
tains trusted information, Hoare-style logical con-
tracts { P} t {Q;} for tools, and a probabilistic rea-
soning mechanism driven by large language models
but constrained by Hoare logic.

Problem description. Given an input sequence
x and a set of available tools T' = {t1,t2,...,tn},
tool learning aims to produce an answer through:

Y= argmyaxP(yi | @, To = {ts;}) (1)

where Tj represents the tools selected based on
the input z, along with their corresponding outputs.

3.2 Symbolic State Construction and Tool
Contracts

To ensure that tool execution is not driven merely
by unstructured natural-language memory but is
grounded in a verifiable and logically interpretable
world model, we first construct a typed symbolic
state space 2. We maintain a trusted symbolic state
S € 3, where each element is represented as a
tuple (k,v, o) capturing a key, its value, and its
associated type, i.e.,

S = {(k,v,0)} 2)
This representation allows the system to explicitly
encode “what is currently known” in a structured
and inspectable manner. Verified entities, interme-
diate reasoning outcomes, and validated tool out-
puts are all written into this state space. To enforce
logical consistency throughout reasoning and tool
execution, we additionally define a set of logical
predicates over X to express existence constraints,
type consistency, and semantic invariants, and we
denote S = ¢ to indicate that a given symbolic
state S satisfies a logical condition .



To prevent the model from invoking tools arbi-
trarily and reduce hallucinated or unconstrained
execution behavior, we assign each tool t € T a
Hoare-style logical contract of the form

{Pe}t{Q+} 3

The precondition P, : ¥ — {true, false} spec-
ifies the minimal state requirements that must be
satisfied for the tool to be legally callable, mean-
ing a tool is not executable unless S |= P; holds.
Meanwhile, the postcondition @y : > X Ry —
{true, false}. constrains the structural validity, typ-
ing correctness, and semantic consistency of the
runtime output r;, while also defining how a veri-
fied result updates the system state.

3.3 Tool Call and Reranking

We first treat the model’s reasoning as a process of
conditional probability propagation over time. At
the k-th step, the reasoning state is represented as

(R | ¢, H, Sk) 4

where ¢ denotes the current user query, H rep-
resents the stable and externally visible dialogue
history, and S, denotes the trusted symbolic state
at this time. We define Ry, as the current reasoning
trajectory, which records the intermediate reason-
ing content, reasoning path, and any tool results
already injected before step k. In this formulation,
H tracks externally observable interaction, while
Ry, captures the evolution of the model’s internal
reasoning process, making it clear, in subsequent
tool selection and state updates, which information
originates from the user and which originates from
internal reasoning.

Next, we turn the choice to call a tool into an en-
dogenous stochastic decision within the reasoning
process itself. Under the current information state,
the model estimates:

p([sstart_call_tool>] | g, H, Sg, i)~ (5)

and this probability directly drives whether
the model generates [<start_call_tool>]. Once this
marker appears, the system enters the tool selec-
tion and execution phase; when |<start_tool_result>|,
[<end_tool_result>| are later concatenated, the sys-
tem exits the tool phase and returns to pure natural
language answering. This design allows tool usage
to be determined by the model’s uncertainty and
task requirements at the moment, rather than by

inflexible hand-crafted triggers, enabling smoother
adaptation to scenarios where tools are sometimes
necessary and sometimes unnecessary.

Based on the current query ¢, dialogue history
H, symbolic state S, and reasoning trajectory Ry,
we construct a tool requirement representation:

which provides a structured description of the
present subproblem and clarifies what the system
aims to achieve and what type of tool output it
expects. We then treat u; as a query to retrieve
from the large tool set 7, using vector embeddings
jointly to extract the Top-K candidate tools:

Cr, = TopK-Retrieve(ug, T) @)

which effectively shrinks the tool space, preserv-
ing only a small, highly relevant candidate set.

With the candidate set Ci, we apply a rerank-
ing model within Ci, producing a refined ranking
distribution:

prank(t ‘ Uk)7 te Ck (8)

3.4 Tool Contracts on Planning

For each candidate tool t € Cj, we determine
whether its precondition is satisfied under the cur-
rent symbolic state Sy, using the indicator 1[Sy, =
P,] to eliminate all tools whose prerequisites are
unmet. We then renormalize the ranking distri-
bution only over those tools whose preconditions
hold, forming a logically valid execution policy:

p*(t|q,H, Sk, Ry) =
Zt/eck Prank (' | ug) - I[Sk’ = Pt/]

This filtering mechanism transcends simple se-
mantic matching by establishing formal execution
admissibility; it necessitates that the current state
S}, satisfies the weakest precondition of the selected
tool, denoted as Sy, |= wp(t, P;). By embedding
such deterministic constraints into the probabilis-
tic sampling process, we ensure that the model’s
trajectory remains within a logically grounded so-
lution space rather than relying on unconstrained
heuristic transitions.

We treat p*(t) as a logically constrained policy
distribution and sample from it:




As long as a tool is both legal and meaningfully
relevant, it naturally retains the chance to be ex-
plored, while its sampling probability reflects its
contextual priority. Once the final tool t* is se-
lected and invoked, it returns a result ;. Before
updating the system state with this output, we intro-
duce a safety gate, a runtime contract verification
process that checks whether the returned result sat-
isfies the Hoare postcondition );. We formalize
this as a binary acceptance event 4, € {0, 1}, with
conditional probability p(A; = 1 | Sk, 7, Q¢) and
implement it as a concrete verification function:

A B {1, if (Sk,rt) ): Qt /\Wf(?“t),
"o

Through this step, every tool output must satisfy
structural validity, value range constraints, and for-
mat expectations before it can affect the global
state. Only if verification passes does the symbolic
state update:

{Updatet(Sk,rk), A = 1,
Sky1 =

(1)

otherwise.

12
Sk> At = 07 (12

and the accepted result is injected into the subse-
quent reasoning trajectory Ryq. If verification
fails, the result is discarded entirely, preventing
contaminated outputs from propagating and provid-
ing a clear debugging breakpoint.

Simultaneously, we inject the verified
results wrapped in |<start_t0()l_result>| and
[<end_tool_result>| tags into the subsequent reason-
ing trajectory Rjy1, enabling both subsequent
natural language reasoning and the next round of
tool selection to fully leverage this newly acquired
trusted information.

Building on this foundation, we treat the entire
system as a family of stochastic trajectories 7, each
consisting of (S, Ry), the chosen tools ¢, and
the acceptance events A. The system performs
probabilistic reasoning over all feasible execution
trajectories, and the final output y can be expressed
via trajectory-level marginalization:

Pyl e H)=> plylaeH7)p(r|qH)

13)

where p(7 | ¢, H) integrates all components dis-
cussed above: tool trigger probability, requirement
abstraction, retrieval and ranking, contract filtering,
constrained sampling, and acceptance verification.

To ensure Hoare contracts regulate not only local
behavior but also the global behavior space, we
impose a strict trajectory-level constraint: if any
trajectory 7 violates any tool precondition P; or
postcondition @); at any step, then

p(t]q,H)=0 (14)

Under this formulation, reasoning and sampling
proceed exclusively within a trajectory subspace
that adheres to predefined contracts, thereby pro-
viding a formal logical justification for each state
transition and tool execution.

4 Experimental Setup

4.1 Dataset.

We utilize ToolBench (Qin et al., 2023) and MCP-
Universe (Luo et al., 2025) as our experimental
datasets. ToolBench contains more than 16,000
APIs organized into structured tool categories, cov-
ering a wide range of functional capabilities. These
settings jointly assess both local tool invocation
ability and global planning robustness.

MCP-Universe reflects more realistic multi-tool
environments. It aggregates diverse tools, plug-
ins, and APIs from real-world systems covering
information retrieval, automation, data processing,
system operations, and task execution. We use the
tools selected in ToolBench and MCP-Universe
along with their official documentation, specifica-
tions, and usage descriptions to extract structured
functional representations. More dataset details are
provided in Appendix A.

4.2 Evaluation Metrics

For ToolBench, we adopt two evaluation metrics
from ToolEval (Qin et al., 2023). The first metric
is Pass Rate, computed as the proportion of suc-
cessfully completed tasks, which reflects overall
task-solving capability. The second metric is Win
Rate, where we compare the execution plans and
results produced by our framework with those gen-
erated by Qwen-3 235B-ReACT and request LLMs
judges to determine which solution is superior. If
our method yields a better solution, we mark it as
a win; if it is equivalent or worse, we mark it as
a tie or loss. Win Rate therefore measures both
reasoning quality and execution superiority.

For MCP-Universe, we evaluate Success Rate
and execution stability. Many tasks in MCP-
Universe involve relatively fewer tool invocation
steps but arise from real-world complex systems.



Table 1: Main experimental results on ToolBench and MCP-Universe. We report Pass Rate (%) and Win Rate (%)
for ToolBench G1, G2, and G3 tasks, and Success Rate (%) for three MCP-Universe subtasks.

ToolBench MCP-Universe
Model Method Gl G2 G3 Location Navigation Repository Management Financial Analysis
Pass. Win. Pass. Win. Pass. Win.
ReACT 505 - 535 - 46.0 - 11.10 9.09 50.0
DFSDT 57.0 53.8 615 675 488 568 11.10 12.12 50.0
Qwen-3-235B LATS 625 593 780 703 77.8 833 15.54 15.15 52.5
ToolChain* 650 62.8 793 725 780 835 16.65 18.18 55.0
Tool-Planner 60.3 58.0 705 688 655 723 13.32 12.12 52.5
ToolGate 683 655 825 780 81.0 823 18.87 21.21 60.0
ReACT 520 485 553 51.0 485 535 12.21 12.12 52.5
DFSDT 585 550 630 693 503 5838 13.32 15.15 55.0
Deepseek V3.2 LATS ' 653 61.8 800 725 803 855 17.76 18.18 60.0
ToolChain*  68.8 650 825 753 81.0 8838 18.87 21.21 62.5
Tool-Planner 62.5 60.3 738 70.0 68.0 755 15.54 15.15 57.5
ToolGate 72.0 703 855 80.0 853 813 22.20 24.24 67.5
ReACT 635 628 650 632 583 595 18.87 24.24 65.0
DFSDT 700 685 753 780 638 705 19.98 27.27 67.5
GPT-5.2 LATS 80.3 788 885 853 850 90.8 28.86 36.36 82.5
ToolChain*  82.8 80.0 905 883 885 925 29.97 39.39 85.0
Tool-Planner 755 723 820 80.5 783 850 25.53 30.30 75.0
ToolGate 855 835 930 905 918 953 35.52 45.45 90.0
ReACT 60.0 60.5 638 57.0 555 565 16.65 21.21 62.5
DFSDT 683 655 720 758 603 685 17.76 24.24 65.0
Gemini 3 Pro LATS 785 753 858 820 825 883 26.64 33.33 71.5
ToolChain*  80.0 785 883 850 858 90.0 27.75 36.36 80.0
Tool-Planner 73.8 70.0 80.5 783 750 82.8 22.20 27.27 72.5
ToolGate 83.0 80.5 91.3 88.0 90.0 935 33.30 42.42 87.5

4.3 Baselines

We compare our framework against the following
representative tool-use and planning baselines: Re-
ACT (Yao et al., 2022), DFSDT (Qin et al., 2023),
LATS (Zhou et al., 2024), ToolChain* (Zhuang
et al., 2024), Tool-Planner (Liu et al., 2025c),
More baselise details are provided in Appendix B.

4.4 Models

We evaluate our framework across a range of large
language models to verify generality and robust-
ness. Proprietary models include Gemini 3 Pro
(Google Inc., 2025), GPT-5.2 (OpenAl, 2025).
Open-source models include DeepSeek V3.2 (Liu
et al., 2025a), Qwen3-235B-A22B-Instruct-2507
(Yang et al., 2025). These models cover heteroge-
neous training paradigms, reasoning capabilities,
and scales. While we use Qwen3-embedding-0.6B
and Qwen3-Reranker-0.6B (Zhang et al., 2025b)
for tool embedding and retrieval.

5 Experiments

5.1 Main Results

As shown in Table 1, we conduct comprehensive
evaluations on ToolBench (G1/G2/G3) and MCP-
Universe.

For ToolBench. The results show that Tool-

Gate achieves the best or near-best performance
across all models and all evaluation benchmarks.
On ToolBench, ToolGate leads to substantial im-
provements in both Pass Rate and Win Rate across
all three task groups. For instance, under GPT-
5.2, ToolGate reaches 85.5/ 83.5, 93.0 / 90.5, and
91.8/95.3 on G1/G2/G3 respectively, outperform-
ing the strongest baseline ToolChain* by approx-
imately 4 — 6% in Win Rate. Similar improve-
ments are consistently observed on Qwen-3-235B,
DeepSeek V3.2, and Gemini 3 Pro, demonstrating
that ToolGate is model-agnostic and provides sta-
ble enhancement to tool reasoning and execution
capabilities across different LLM backbones.

For MCP-Universe. The advantage of Tool-
Gate becomes even more pronounced, which em-
phasizes long-horizon tool dependencies and real-
world execution robustness. ToolGate yields 3—7%
improvements over ToolChain* in Location Navi-
gation and Repository Management, and delivers
state-of-the-art performance on Financial Analysis.
Notably, GPT-5.2 with ToolGate achieves 45.45
in Repository Management and 90.0 in Financial
Analysis, substantially surpassing all competing
systems. These results suggest that ToolGate not
only improves task success rates, but also signifi-
cantly enhances stability and robustness when exe-
cuting complex tool chains.



Table 2: Comprehensive ablation study of the Hoare logic verification module. We compare the full ToolGate
architecture against variants: No {P} check (skips pre-condition validation) and No {Q} check (skips post-
condition assertion). MCP-Avg represents the mean success rate of MCP subtasks.

ToolBench MCP-Universe
Model Method
Gl G2 G3 Loc. Repo. Fin. MCP-Avg
Pass. Win. Pass. Win. Pass. Win.
ReACT 520 485 553 510 485 535 122 121 525 256
DESDT 585 550 630 693 503 588 133 152 550 278
ToolChain® 688 650 825 753 810 888 189 212 625 342
DeepSeek V3.2 1 1Gate wio Hoare 572 538 615 67.5 498 575 128 145 542 272
—No {P} check 678 665 795 772 784 828 198 215 622 345
—No {Q} check 632 610 715 728 708 735 162 182 582 309
ToolGate (Full) 720 703 855 80.0 853 813 222 242 675 380
ReACT 635 628 650 632 583 595 189 242 650 360
DFSDT 700 685 753 780 638 705 200 273 675 383
ToolChain* 82.8 800 905 883 885 925 300 394 850 515
GPT5.2 ToolGate w/o Hoare 69.2 675 745 768 625 692 195 268 665  37.6
— No {P} check 812 795 892 880 864 905 310 415 850 525
—No{Q)check 755 740 828 835 792 820 255 335 796 462
ToolGate (Full) 855 835 930 905 91.8 953 355 455 90.0  57.0

On Multi-tool instructions tasks. Experimen-
tal results indicates that these gains are not merely
due to stronger heuristics or more aggressive explo-
ration, but primarily arise from ToolGate’s Hoare-
logic-based formal constraint mechanism. Dur-
ing reasoning, the system explicitly maintains a
trusted state set S and constructs a Hoare Triple
{P} C {Q} for each tool invocation, enforcing
precondition and postcondition validation. This
enables ToolGate to significantly reduce error accu-
mulation in complex ToolBench tasks such as G2
and G3, resulting in higher and more stable Win
Rates; meanwhile, in MCP-Universe, it effectively
mitigates long-horizon reasoning drift, leading to
sustained performance gains under multi-tool de-
pendency and real-world execution constraints.

5.2 Ablation Studies

To evaluate the structural dependency of ToolGate
on its formal verification mechanism, we conducted
a systematic ablation study across both DeepSeek
V3.2 and GPT-5.2. We specifically isolated the
Hoare logic module to observe its impact on tool-
use efficacy. As detailed in Table 2, the results
reveal a critical finding: removing the formal veri-
fication layer leads to a performance level that falls
marginally below the standard DFSDT baseline.
For instance, with GPT-5.2, the MCP-Avg suc-
cess rate for the ToolGate without Hoare filtering
is 37.6%, which is slightly lower than the 38.3%

achieved by DFSDT. This trend is consistent across
DeepSeek V3.2 as well. This indicates that without
the pruning capabilities provided by Hoare logic,
the underlying search architecture of ToolGate be-
comes less efficient than a conventional depth-first
search strategy.

The results demonstrate that Hoare logic verifi-
cation is the key factor behind ToolGate’s search
efficiency. The two fundamental components of
the Hoare logic framework, the precondition { P}
and the postcondition {@Q} serve complementary
functions in guiding tool-invocation decisions. Em-
pirical evidence highlights that the absence of {Q)}
checks is substantially more detrimental than the
absence of { P} checks. For instance, on GPT-5.2,
the MCP-Avg success rate drops by 10.8% when
{Q} checks are removed, compared to a 4.5% de-
crease when {P} checks are omitted. The full
version of ToolGate enforces a rigorous { P}C{Q}
logical closed-loop, ensuring that every step within
the search process is both formally valid and sub-
stantively effective. the performance gap between
the full ToolGate model and its ablated counterpart
confirms that formal logic is the primary catalyst
for superior reliability and task success.

5.3 Tool Reasoning Efficiency

To evaluate the search efficiency of ToolGate, we
focus on the average number of tool-calling steps
required to complete tasks. This metric serves as a
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proxy for the model’s ability to navigate complex
state-spaces without redundant exploration.

As shown in Figure 2, ToolGate consistently
achieves the most concise tool-calling trajectories
across both GPT-5.2 and DeepSeek V3.2 back-
bones. Specifically, when using GPT-5.2, ToolGate
reduces the average calling steps from 6.78 to 4.21,
representing a 37.9% improvement in efficiency.
While traditional methods like ReACT and Tool-
Planner often fall into "trial-and-error" loops due to
a lack of environmental awareness, ToolGate main-
tains a trajectory close to the theoretical optimal
path.

The efficiency of ToolGate is primarily attributed
to the Hoare logic verification module. In the
vast state-space of Tool-Bench, logical conflicts be-
tween tool preconditions and environmental states
are frequent. Unlike Tool-Planner, which explores
branches based on probabilistic heuristics, Tool-
Gate applies formal constraints to prune the search
tree. By verifying the feasibility of a tool call be-
fore execution, the system effectively collapses the
search space, eliminating branches that are logi-
cally destined to fail.

5.4 Fine-grained Rejection Distribution

To further investigate the internal decision-making
mechanism of ToolGate, we conducted a compre-
hensive trace of all tool-invocation attempts during
the evaluation. Our results indicate that in high-
complexity benchmarks such as MCP-Universe,
the formal verification layer intercepts approxi-
mately 29.4% of the total tool-calling requests.
Based on a fine-grained analysis of these rejections,
we categorize the findings into three key areas:
Static Pruning via {P} The pre-condition
check primarily filters parametric hallucinations

Table 3: Fine-grained analysis of logical rejections
across Hoare components. Rates are normalized against
the total number of tool invocations in the MCP-
Universe benchmark.

Verification Phase  Specific Error Sub-category  Abs. Rate (%)

Value/Entity Hallucination 8.4%
Pre-condition {P}  Schema & Format Violation 5.1%
State Dependency Missing 4.1%
Subtotal { P} Rejections 17.6%
Empty/Null 6.3%
Post-condition {Q}  Semantic Constraint Mismatch 3.7%
State Update Inconsistency 1.8%
Subtotal {Q} Rejections 11.8%
Total Combined Rejection Rate 29.4%

and state dependency violations. By intercepting
invalid IDs and out-of-sequence calls before exe-
cution, { P} significantly reduces computational
overhead and prevents the search tree from expand-
ing into invalid branches.

Dynamic Rectification via {Q} . The post-
condition assertion captures sophisticated failures
that standard models miss, By mandating semantic
alignment and state consistency, {Q} identifies log-
ically vacuous steps and triggers immediate back-
tracking, preventing cascading errors.

While {P} optimizes efficiency by pruning
17.6% of invalid paths statically, {@Q} ensures task
success by dynamically rectifying the remaining
11.8% of logical drifts. Together, they form a logi-
cal closed-loop that anchors the agent to the correct
semantic trajectory.

6 Conclusions

In this paper, we introduces ToolGate, a compre-
hensive method to evaluate the critical decision-
making and gatekeeping capabilities of Large Lan-
guage Models (LLMs) in tool-use scenarios. By
shifting the evaluation focus from mere execution
success to the nuanced assessment of when to in-
voke or refuse a tool, ToolGate reveals a prevalent
tendency toward over-reliance in current state-of-
the-art models, particularly when they encounter
ambiguous, unauthorized, or high-risk instructions.
These findings underscore the urgent necessity
of balancing functional proficiency with robust
decision-making frameworks. Ultimately, Tool-
Gate provides both a diagnostic tool and a foun-
dational framework for the development of safer,
more reliable, and more autonomous Al agents in
real-world applications.



Limitations

Despite its contributions, several limitations of
ToolGate should be acknowledged. First, while
the benchmark covers a diverse range of scenar-
ios, its current scope is primarily restricted to
text-based and structured data interactions, leav-
ing multi-modal tools and long-chain, multi-step
collaborative tasks as areas for future expansion.
Second, the evaluation environment is largely static,
which may not fully capture the complexities of
real-world API dynamics, such as network latency,
rate limits, or fluctuating data states that can inter-
fere with real-time decision-making. Furthermore,
our evaluation metrics remain predominantly quan-
titative; future work is needed to develop more
fine-grained qualitative assessments of a model’s
explanatory reasoning and its ability to proactively
solicit missing information from users. Finally,
the potential for prompt-based bias remains, as
strategies optimized for specific models may not
generalize perfectly across the entire landscape of
open-source LLMs.

Ethics Considerations

ToolGate is developed as a general framework for
formal, verifiable, and responsible tool use in large
language model reasoning. All experiments are
conducted on publicly available benchmarks or
open-source tool environments, and no private or
personally identifiable information is collected, ac-
cessed, or utilized throughout our work. The tools
invoked in our experiments are either simulated
environments or publicly documented APIs with
appropriate usage permissions.

Our framework does not generate, store, or infer
sensitive personal attributes, nor does it target any
specific demographic groups. Instead, ToolGate
focuses on improving reliability, interpretability,
and safety in model-based tool invocation by en-
forcing logical constraints and verifiable execution
conditions. During evaluation, we strictly follow
the licenses and terms of use associated with the
released LLMs, datasets, APIs, and benchmark
platforms.

Furthermore, we emphasize that ToolGate is de-
signed to enhance trustworthy Al behaviors rather
than to bypass safeguards or enable harmful au-
tomation. The methodology can be integrated with
additional safety filters, auditing processes, and
access control mechanisms when deployed in real-
world systems. We believe this contributes pos-

itively toward building transparent, controllable,
and ethically aligned Al tool-use systems.
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A Datasets Detailed

A.1 ToolBench Dataset

ToolBench (Qin et al., 2023) is a large-scale in-
struction tuning and evaluation dataset proposed
in the ToolLLM framework, aiming to system-
atically assess and enhance large language mod-
els’ ability in tool selection, parameter planning,
and executable API invocation in real-world envi-
ronments. During construction, ToolBench first
collects 16,464 real RESTful APIs from Rapi-
dAPI Hub, covering 49 functional categories (e.g.,
weather, social media, e-commerce, and mapping
services), and extracts structured metadata includ-
ing API names, documentation, parameter schemas,
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and usage examples. Based on these APIs, natural-
language task instructions are automatically gen-
erated using LLMs, and a depth-first search based
decision tree (DFSDT) is employed to discover
feasible tool-call trajectories as solution paths.

In terms of scale, ToolBench provides more than
126K instruction—solution path pairs under large
API spaces, with multiple train/test splits designed
to test generalization under unseen instructions, un-
seen tools, and even unseen tool categories. In
addition, ToolBench includes a “classic task set”
covering 8 representative tool environments such
as OpenWeather, VirtualHome, and WebShop, each
containing about 100 manually verified task in-
structions and 7-15 tool interfaces, enabling more
fine-grained ablation and comparative studies.

For evaluation, ToolBench integrates the ToolE-
val framework to conduct execution-level assess-
ment on generated API call sequences. Typical
metrics include Pass Rate (task completion), Win
Rate. Some works further adopt “Plan.EM” and
“Act.EM” to decouple planning quality and execu-
tion quality. Due to its realistic and large-scale API
space, ToolBench has become a widely adopted
benchmark and data source for a series of subse-
quent tool-use research works.

A.2 MCP-Universe Benchmark

MCP-Universe (Luo et al., 2025) is a comprehen-
sive benchmark proposed for evaluating large lan-
guage models under the Model Context Proto-
col (MCP) paradigm, focusing on their capabil-
ity to perform complex tasks via interaction with
real MCP servers. Unlike offline tool-use datasets,
MCP-Universe directly connects to real running
MCP services, emphasizing long-horizon interac-
tion, unknown tool discovery, and robust execution
under dynamic environments.

MCP-Universe spans 6 core task domains and
11 different MCP servers, including Location
Navigation, Repository Management, Financial
Analysis, 3D Design, Browser Automation, and
Web Searching. The benchmark contains 231 task
instances in total, with multiple benchmark con-
figurations derived from different combinations of
environments and tools. In addition, the bench-
mark defines 84 unique evaluators to cover dif-
ferent evaluation dimensions such as structural cor-
rectness, logical soundness, and consistency with
dynamic data sources.

In terms of task distribution, the benchmark is
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designed to be representative while maintaining
reasonable balance: Web Search tasks account for
approximately 23.8% (55 tasks), Location Naviga-
tion 19.5% (45 tasks), Financial Analysis 17.3%
(40 tasks), Browser Automation 16.9% (39 tasks),
Repository Management 14.3% (33 tasks), and
3D Design 8.2% (19 tasks). Tasks generally re-
quire agents to interact with multiple MCP tools
across several rounds, performing complex objec-
tives such as route planning, repository manipu-
lation, portfolio analysis, or automated browser
operations.

MCP-Universe further distinguishes three cate-
gories of execution-level evaluators:

(1) Format Evaluators, checking whether
model outputs follow the MCP calling specifica-
tion;

(2) Static Evaluators, validating correctness for
time-invariant tasks;

(3) Dynamic Evaluators, querying real-time
data sources to construct ground-truth for time-
sensitive tasks such as financial prices or naviga-
tion.

B Baselines Detailed

Our method is compared against several state-of-
the-art and comprehensive baselines, covering the
following benchmark settings:

ReACT (Yao et al., 2022), which alternates rea-
soning Thought and execution Action, forming a
linear interaction process between language reason-
ing and tool invocation. It is one of the most widely
used baselines for tool-augmented LLMs.

DFSDT (Qin et al., 2023), which adopts a depth-
first search mechanism to explore reasoning—tool
trajectories. Whenever the model reaches an erro-
neous path, DFSDT exposes the full failure history
back to the model, enabling re-planning and maxi-
mizing exploration space.

LATS (Zhou et al., 2024), which leverages look-
ahead tree search to expand multiple candidate tool
sequences and evaluates their expected effective-
ness, demonstrating strong planning ability in com-
plex multi-step scenarios.

ToolChain* (Zhuang et al., 2024), which explic-
itly constructs a tool chain to model multi-step de-
pendencies and guides LLMs to complete sequen-
tial tool execution. Although it enhances structured
reasoning for multi-tool tasks, its effectiveness still
primarily relies on LLM-based natural language
reasoning rather than formal execution constraints.



Tool-Planner (Liu et al., 2025¢), which incorpo-
rates explicit external planning modules to control
tool sequence generation, combining retrieval, can-
didate filtering, and structured planning strategies
to improve global execution coherence and deci-
sion reliability.

C Environments

All experiments are conducted under a unified
tool execution environment. ToolBench APIs are
treated as callable functional nodes, while MCP-
Universe tools are executed in an official sandbox
with real execution feedback, including realistic
execution latency, tool failure signals, and state-
dependent output variations. All models are ac-
cessed through their official APIs, with the decod-
ing temperature fixed to 0.2 to minimize random-
ness in reasoning and tool planning behavior. For
each benchmark, all systems share identical task in-
structions, tool descriptions, execution limits, and
termination conditions.

For the retrieval module, we construct tool se-
mantic representations using an embedding-based
retrieval framework. Specifically, we adopt the
Qwen3-embedding-0.6b (Zhang et al., 2025b)
model to encode tool descriptions, functional se-
mantics, argument specifications, and usage doc-
umentation into dense vectors. During reasoning,
the intermediate tool requirement representation
is encoded in the same embedding space, and the
Top-K candidate tools are retrieved using cosine
similarity. We set K = 10 by default unless oth-
erwise specified. Following retrieval, a rerank-
ing model is applied to improve tool selection
accuracy within the narrowed candidate set. We
employ a lightweight LLM-based reranker built
upon Qwen3-Reranker-0.6B (Zhang et al., 2025b),
which jointly considers the current reasoning con-
text, symbolic state, and candidate tool semantics
to estimate contextual suitability.

D Detailed Rejection Analysis
D.1 Pre-condition { P} Validation

The pre-condition check accounts for 17.6% of all
rejections, functioning as a "static firewall" that
blocks invalid actions before they are executed.

¢ Parametric Hallucination (8.4%): This is
the most prevalent error type. When facing
vast toolsets, LLMs often generate parameters
based on intuition—such as hallucinating file
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IDs or directory paths—rather than grounded
retrieval. By enforcing symbolic link valida-
tion, { P} intercepts these requests before ex-
ecution, significantly reducing computational
overhead and token consumption.

 State Dependency Violation (4.1%): Mod-
els occasionally bypass necessary operational
sequences, such as attempting to modify a file
without first obtaining the required permis-
sions or handles. { P} enforces strict logical
and temporal constraints, ensuring that every
invocation is predicated on a valid environ-
mental state.

D.2 Post-condition {Q)} Assertion

Although post-execution assertions trigger less fre-
quently (11.8%), they address sophisticated logical
failures that conventional search models, such as
DFSDT, typically fail to detect.

¢ Silent Failures (6.3%): In complex tasks,
APIs often return a successful status code
(e.g., HTTP 200) despite providing an empty
or vacuous response (e.g., results: []).
Without {Q} verification, an agent might in-
terpret this as successful progress and con-
tinue down a futile search path. The {Q}
assertion mandates a non-empty result check,
identifying these "logical voids" and trigger-
ing an immediate backtrack.

Semantic and State Alignment (5.5%): This
includes mismatches in semantic constraints
(3.7%) and inconsistencies in state updates
(1.8%). This confirms that {Q)} can capture
subtle deviations between tool outputs and
user intent, ensuring the search trajectory re-
mains anchored to the correct semantic path.

D.3 Synergetic Effects and Logical Closure

Our analysis reveals that { P} and {Q} constitute a
robust logical closed-loop. The high rejection rate
of {P} (17.6%) primarily improves search effi-
ciency by pruning obvious error branches to save
tokens and time. Conversely, the precision-driven
interceptions of {@Q} (11.8%) are the primary deter-
minants of task success. By identifying technically
successful but logically flawed steps, {Q} prevents
the accumulation of cascading errors as a major
bottleneck in unverified agentic systems.

D.4 Prompt Template



Tool Calling Procedure

System Prompt for LLM Reasoning

You are a helpful assistant that can use tools to answer user questions.
You have access to a set of tools and a symbolic state that tracks verified facts.

**Important Control Tokens:*x

- When you need to use a tool, output: “<start_call_tool>"

- After tool results are provided, they will be wrapped in:
“<start_tool_result>...</end_tool_result>"

- When you finish using tools, output: “<end_call_tool>"

**State Information:**

The current symbolic state contains verified facts. Use this information to:
1. Check if you have enough information to answer directly

2. Determine what information is missing and needs to be retrieved via tools
3. Understand what tools can be called based on the current state

**Tool Calling Process:*x

. Think about what information you need

. Output “<start_call_tool>" followed by a brief description of what you need
. Wait for tool results

. Continue reasoning with the new information

Repeat if needed, or provide the final answer

g b w N =

**%*CRITICAL: When Tools Fail - Keep Trying!xx
- If a tool call fails, DO NOT give up immediately. Consider:
Try a different tool that might provide similar information
* Try the same tool with different parameters
* Try alternative approaches or search strategies
* Think about what other information sources might help
- Only provide a final answer when you are CONFIDENT you have:
* Successfully retrieved the necessary information, OR
* Exhausted all reasonable tool options and can provide a helpful answer
based on available information
- Do NOT end reasoning prematurely just because one tool failed
- Be persistent and creative in finding alternative solutions

*

*xQutput Format:*xx*

- If you can answer directly: Provide the answer without “<start_call_tool>"

- If you need tools: Output “<start_call_tool>" followed by your reasoning
about what tool to use

- If tools fail: Think about alternatives and try again with
“<start_call_tool>"

14



Tool Calling Procedure

Example User Message Format

*xCurrent State:#*x*

query: Find me a tutorial video about machine learning on YouTube
topic: machine learning

platform: YouTube

content_type: tutorial video

**xTool Results:x*x
(Empty on first call)

**User Query:** Find me a tutorial video about machine learning on YouTube

**Your Task:*x

Think step by step. If you need to use tools, output “<start_call_tool>"
followed by a description of what you need.

If a tool fails, think about alternative approaches and try other tools
before giving up.

Only provide the final answer when you are CONFIDENT you have enough
information or have exhausted all reasonable options.

\.

E Planning Process

Algorithm 1 formalizes our Forward Execution framework, which integrates Contract Verification into the
LLM’s reasoning loop. The procedure begins by initializing the environment state Sy from the user query
and context. At each step &, the LLM acts as a controller, deciding whether to conclude the task with an
answer or invoke an external tool.

15



Algorithm 1 Forward Execution with Contract Verification

Require: Query g, Context H, Max iterations K., Toolset 7
Ensure: Final answer a or failure signal
1: Sp < InitState(q, H), Ttailed < ]

2: for k =0to K,.x — 1do
3: act;, < LLM_Reason(q, H, summary(Sy)) > Generate reasoning step
4: if acty, is Answer(a) then
5: return a > Task successfully completed
6 end if
7 if acty, is CallTool(desc) then
8 Teand < Rerank(Retrieve(q, Si)) > Top-N candidate tools
9 is_updated <« False
10: for t € Tcand \ Thailea dO > Iterate through valid candidates
11: if S, = dpre(t) then > Check Precondition Contract
12: continue
13: end if
14: 0, < GenParams(¢, S) > Synthesize arguments
15: r¢ < Execute(t, 0;) > Tool invocation
16: if Verify(Sk, rt, dpost(t)) then > Verify Postcondition Contract
17: Sk+1 + Update(Sk, r¢) > Commit to state transition
18: is_updated < True
19: break
20: else
21 Ttaited < Traitea U {t} > Mark tool as unreliable
22: end if
23: end for
24: if not is_updated then
25: return Fail > No viable tools satisfy contracts
26: end if
27: end if
28: end for

29: return Timeout

F Examples

16



Tool Calling Procedure

Tool Calling Example I
* Query: “Find me a tutorial video about machine learning on YouTube”

* Step 0: Initial State

S 0 ={
"query"”: "Find me a tutorial video about machine learning on YouTube",
"topic”: "machine learning”,
"platform”: "YouTube",
"content_type": "tutorial video”
}

e Step 1: LLM Reasoning

Conversation History: []

LLM Response:

"I need to search for machine learning tutorial videos on YouTube.
Let me use a YouTube search tool to find relevant videos.

<start_call_tool>
I need to search for machine learning tutorial videos on YouTube
<end_call_tool>"

Action: start_call_tool

* Step 1: Tool Retrieval

Retrieved candidates (top-5 after reranking):
Simple_YouTube_Search_Search (score: 0.92)
YouTube_Video_Info (score: 0.85)
YouTube_Channel_Search (score: 0.78)
Video_Search_API (score: 0.72)
Content_Search (score: 0.68)

g A~ w N =

* Step 1: Precondition Checking

Checking Simple_YouTube_Search_Search:
Precondition: exists(query)
State S_0: {"query”: "Find me a tutorial video..."”, ...}
Check: exists(query) = true

¢ Step 1: Tool Execution

17



Tool: Simple_YouTube_Search_Search

Params: {"query”: "machine learning tutorial”}
Tool Config: {
"category”: "Data",
"api_name": "Search”,
"tool_input”: {
"query"”: "machine learning tutorial”,
"type”: "",
"safesearch”: false
}
}
Tool Result:
{
"results”: [
{
"title": "Machine Learning Tutorial for Beginners”,
"url”: "https://youtube.com/watch?v=abc123",
"channel”: {"name"”: "ML Course"”, "id": "UC123"},
"views": 1500000,
"duration_formatted”: "45:30"
3,
{
"title": "Complete ML Course - Full Tutorial”,
"url”: "https://youtube.com/watch?v=def456",
"channel”: {"name"”: "AI Academy”, "id": "UC456"},
"views": 800000,
"duration_formatted”: "12:30:00"
}
]
3

* Step 1: Postcondition Verification

Postcondition Q_t:
structural: has_field("results”) && is_list(r_t.results)
semantic: forall video in r_t.results:
has_field(video, "title") && has_field(video, "url”)

Verification Result: success
- Structural check: "results” field exists and is a list
- Semantic check: All videos have "title"” and "url” fields

 Step 1: State Update

S_1 = Update_t(S_0, r_t) = {
"query”: "Find me a tutorial video about machine learning on YouTube”,
"topic”: "machine learning”,
"platform”: "YouTube",
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"content_type": "tutorial video”,

"youtube_results”: [
{"title": "Machine Learning Tutorial for Beginners", ...},
{"title": "Complete ML Course - Full Tutorial”, ...}

1,

"result_count”: 19

* Step 2: LLM Reasoning (with tool result)

Conversation History: [
{"role": "user"”, "content”: "Find me a tutorial video..."},

{"role": "assistant”, "content”: "I need to search...\n<start_call_tool>...

<end_call_tool>"},
{"role": "user", "content": "<start_tool_result>\n{\"results\": [...1}\n
<end_tool_result>"}

LLM Response:
"Great! I found several machine learning tutorial videos on YouTube.

Based on the YouTube search results, I found several machine learning
tutorial videos for you:

1. \"Machine Learning Tutorial for Beginners\"” - 1.5M views, 45:30
Channel: ML Course
URL: https://youtube.com/watch?v=abc123

2. \"Complete ML Course - Full Tutorial\” - 800K views, 12:30:00
Channel: AI Academy
URL: https://youtube.com/watch?v=def456

These tutorials cover fundamental concepts and practical applications
of machine learning.”

Action: answer

¢ Final State

S_final = {
"query”: "Find me a tutorial video about machine learning on YouTube",
"topic”: "machine learning”,
"platform”: "YouTube”,
"content_type": "tutorial video”,

"youtube_results”: [...],
"result_count”: 19
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Tool Calling Procedure

Tool Calling Procedure with Postcondition Failure
* Query: “What’s the weather like in New York today?”

* Step 0: Initial State

S 0 ={
"query”: "What's the weather like in New York today?",
"location”: "New York"”,

"date": "today"

* Step 1: LLM Reasoning

Conversation History: []

LLM Response:

"I need to get the current weather information for New York.
Let me use a weather tool to fetch this data.

<start_call_tool>
Get weather information for New York
<end_call_tool>"

Action: start_call_tool

¢ Step 1: Tool Retrieval

Retrieved candidates (top-5 after reranking):
Weather_API_GetCurrentWeather (score: 0.91)
OpenWeatherMap_CurrentWeather (score: 0.88)
WeatherService_GetForecast (score: 0.82)
ClimateData_GetWeather (score: 0.75)
WeatherInfo_Query (score: 0.71)

g b w N =

 Step 1: Precondition Checking (Tool 1)

Checking Weather_API_GetCurrentWeather:
Precondition: exists(location)
State S_0: {"location”: "New York"”, ...}
Check: exists(location) = true

* Step 1: Tool Execution (Tool 1)

Tool: Weather_API_GetCurrentWeather
Params: {"location”: "New York"}
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Tool Config: {

"category": "Weather”,
"api_name": "GetCurrentWeather”,
"tool_input”: {"location”: "New York"}
}
Tool Result:
{
"status”: "success"”,
"data": {
"city”: "New York",
"temperature”: 72,
"condition”: "sunny"
}
3

Step 1: Postcondition Verification (Tool 1)

Postcondition Q_t:
structural: has_field("temperature”) &&
has_field("condition”) &&
has_field("humidity")
semantic: temperature is numeric &&
condition is string

Verification Result: failure
- Structural check: Missing required field "humidity”

- Semantic check: temperature and condition are valid

Error: Tool result does not contain required field "humidity”

Step 1: Tool Marked as Failed
Failed tools: {Weather_API_GetCurrentWeather}
State remains: S_0@ (no update)
Step 1: Try Next Tool - Precondition Checking (Tool 2)
Checking OpenWeatherMap_CurrentWeather:
Precondition: exists(location)
State S_0: {"location”: "New York"”, ...}
Check: exists(location) = true

Step 1: Tool Execution (Tool 2)

Tool: OpenWeatherMap_CurrentWeather
Params: {"location”: "New York"}
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Tool Config: {

"category": "Weather”,
"api_name": "CurrentWeather",
"tool_input”: {"location”: "New York"}
}
Tool Result:
{
"temperature”: 72,
"condition": "sunny",
"humidity": 65,
"wind_speed”: 10,
"pressure”: 1013,
"location”: "New York, NY”
}

¢ Step 1: Postcondition Verification (Tool 2)

Postcondition Q_t:
structural: has_field("temperature”) &&
has_field("condition") &&
has_field("humidity")
semantic: temperature is numeric &&
condition is string &&
humidity is numeric

Verification Result: success
- Structural check: All required fields present
- Semantic check: All fields have correct types

 Step 1: State Update

S_1 = Update_t(S_0, r_t) = {
"query”: "What's the weather like in New York today?"”,
"location”: "New York"”,
"date": "today",
"temperature”: 72,
"condition”: "sunny",
"humidity”: 65,
"wind_speed”: 10,
"pressure”: 1013

e Step 2: LLM Reasoning (with tool result)

Conversation History: [
{"role": "user"”, "content”: "What's the weather like in New York today?"},
{"role": "assistant”, "content”: "I need to get the current weather...\n
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<start_call_tool>...<end_call_tool>"},
{"role": "user", "content"”: "<start_tool_result>\n{\"temperature\”: 72,
\"condition\": \"sunny\"”, ...}\n<end_tool_result>"}

LLM Response:

"The weather in New York today is sunny with a temperature of 72°F.
The humidity is 65%, wind speed is 10 mph, and atmospheric pressure
is 1013 hPa. It's a pleasant day for outdoor activities."

Action: answer

¢ Final State

S_final = {
"query"”: "What's the weather like in New York today?",
"location”: "New York"”,

"date"”: "today”,
"temperature”: 72,
"condition”: "sunny",
"humidity"”: 65,
"wind_speed”: 10,
"pressure”: 1013
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G Formal Derivations with Hoare Logic and First-Order Contracts

In this appendix, we present several representative derivations that make the logical foundations of
ToolGate explicit. We formalize single-step tool execution, trajectory-level safety, and invariants as
Hoare-style proof obligations and first-order logic (FOL) formulas over the symbolic state space > and
execution trajectories.

G.1 Notation and Basic Setting

We recall that the trusted symbolic state is a typed key—value mapping S € ¥, where
Y = {(k,v,0)}.

We write S |= ¢ to denote that a (first-order) state formula ¢ is true in S. A tool ¢ is associated with a
Hoare-style contract

{Fi} t{Q:},

where P;(S) is a state predicate (precondition) and QQ;(.S, r) is a postcondition predicate over the pre-state
S and runtime result r;:
Qt : ¥ X Ry — {true, false}.

We write (5, 7:) = Q¢ as shorthand for Q¢(S,r:) = 1.
To decouple logical validation from state construction, we introduce a deterministic state update

operator
Update; : ¥ X Ry — X,

which specifies the new trusted symbolic state produced when a valid result 7 is integrated into .S.
We say that the (ideal) runtime executor of tool ¢ is a (possibly partial) function

Exec(t,S) =r¢
that returns a runtime result r; when ¢ is invoked under state S.

G.2 Single-Step Hoare-Style Derivation

We first spell out the standard Hoare-style proof obligation for a single tool invocation in our setting.

Single-step soundness obligation. A contract {P;}¢{Q;} is sound w.r.t. Exec and Update, if the
following FOL formula holds:

VS, 1. (S =P A ry = Exec(t,S) AN Q:(S, rt)) = GoodState(Update, (S, 7)), (15)

where GoodState expresses that the updated state is well-typed and consistent (e.g., satisfies global
invariants such as key uniqueness and type soundness).

Inference rule for a single ToolGate step. We can capture the operational step of ToolGate for a single
tool call as the following Hoare-style derivation rule:

St P 1 =Exec(t,S) QiS,r) Inv(S) = Inv(Update,(S, 7))
{P(S)AlInv(S) } ¢t {Inv(S") A Q¢(S,r¢) A S" = Update, (S, 1) }

TooL-STEP

where Inv is any chosen state invariant (e.g., that .S only contains verified tool results).
In small-step transition form, a single ToolGate step can be written as

t,re

(Sk: Ri) = (Sk+1, Rig1)
with the following proof tree:
Sk = P, 7= Exec(t,Sk) Qi(Sk,7¢) Sky1 = Update,(Sk,r¢) Rikt1 = Rg - (t,7¢)
(Sks Ri) = (Sks1, Rrs)

TooL-EXEC
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G.3 Precondition Filtering as Weakest Precondition

Tool selection in ToolGate is constrained by the precondition P;. We can express this in terms of weakest
preconditions. Let wp(t, @) be the weakest precondition of tool ¢ w.r.t. a desired post-state formula ®(.S”).

Then:

wp(t, ®)(S) 2 3n,. (s = P, Ay = Exec(t, §) A Qu(S,7;) A @ (Update, (S, rt))>.

In particular, requiring that ¢ is executable in .S corresponds to
SEwp(t,T) < Ir. SE= P Ary=Exec(t,S) N Qi(S,1t).
The ToolGate precondition filter can then be expressed as:
Vt € Cy. Admissible(t, S;) £ Sk = wp(t, T).

G.4 Postcondition as Acceptance Event

The runtime acceptance predicate A; in ToolGate is defined by:
Ay(Sg, i) = (Qt(Sk, ) A Wf(Tt)),

where wf encodes structural and formatting well-formedness for 7.
We define the state update rule as

Update; (S, 7¢) if A¢(Sk,re) =1,
Sky1 = :
Sk otherwise.

This rule can be captured by the following Hoare triple:
{Sk }: Rg} t {At(Sk,rt) =1= (Sk+1 = Updatet(Sk, T’t) VAN Qt(Sk,Tt)) }
Equivalently, in FOL:

VSk,Tt, Skr1- Sk E Pr N ry = Exec(t, Sg) N Ay(Sk, 1) =1

= (Sk+1 = Updatet(Sk, T‘t) A Qt(Sk, ’I"t) A GOOdStatE(S]C+1)).

G.5 Trajectory-Level Safety Derivation

A full ToolGate execution induces a trajectory
T = ((SO; R0)7 (t07 To, AO), SRR (Sn’ Rn))
Per-step safety. We say that step k is safe iff:

SafeStep, (7) 2 (Sk = P, A 1y, = Exec(ty, Si) A Ay, (S, 7o) = 1

= (Qt, (Sk,Tk) A Sky1 = UPdatetk(Sk,Tk)))-

Global safety. Trajectory-level safety is then:

n—1

Safe(r) £ /\ SafeStepy, (7).
k=0
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Soundness theorem (sketch). If all tool contracts are sound (Eq. 15) and the initial state .S; satisfies the
global invariant Inv, then every reachable ToolGate trajectory is safe:

Vr. Reach(q, H,7) A Sy |= Inv = Safe(7) A\ Inv(Sy). (21)
k=0

This can be proved by induction on & using the TOOL-STEP rule:

Inv(Sp) Vk. SafeStep,(7) A Inv(Sy) = SafeStep,, ;(7) A Inv(Sk11)
VEk. Reachy(q, H, T) = SafeStep;, (1) A Inv(Sk)

INDUCTION

G.6 Contract Instantiation for a Concrete Tool

To illustrate, consider a (simplified) repository management tool ListFiles with contract:

{Plist} ListFiles {Qlist}'

Let the symbolic state contain a key “cwd” for the current working directory and a key “fs” for a
symbolic file-system abstraction. We instantiate:

Pist(S) £ 3d. (d = S[cwd] A d € Dom(S[fs])), (22)
Qiist(S,7) 2 3d, L. d = S[cwd] A L = LookupDir(S[fs],d) Ar = L, (23)

and define the corresponding state update operator as
Update; (S,7) = SU{(last_1s,r,ListType)}.
The corresponding Hoare triple for this tool is:
{ Pist(S) } ListFiles { Qiist(S,7) A S" = Updatey; (S, 7) A Inv(S") }.
FOL derivation of a safe call. Assume we are at step k with state Si such that

Sk [ Plist-
The concrete call is:
r = Exec(ListFiles, Sk).
Postcondition checking and acceptance give:
(Sk, Tk) ): Qlist = E|d, L. (d = Sk[cwd])
A (L = LookupDir(Sk[fs], d))
A (T’k = L),
A”st(Sk,rk) =1 = Siy1 = Update“st(Sk,rk) =S, U {(18512_15,7%, ListType)}, 24)

which together imply that Sy is a well-formed extension of .Sk.
Combining these, the TOOL-EXEC rule instantiates to:

Sk = Pist T = Exec(ListFiles, Sy)
(Sk, k) E Quist  Sk+1 = Update (Sk,7x) Rr+1 = Ry - (ListFiles, ry)
ListFiles,
(Sk, Ri) e (Sk+1, Ri41)

TooL-EXEC-LIST
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G.7 Contract-Governed Tool Selection Policy

Finally, we combine the probabilistic ranking distribution with logical filtering. Let rank(¢ | uy) be the
(normalized) ranking score over candidate tools given requirement representation uy.
We define the contract-governed policy:

N rank(t | ug) - 1[Sk = P
m(t | 9, H, Sk, By) = >ovec, rank(t’ | uy) - 1[Sy, = Pr]

A trajectory T is then sampled according to:

n—1
p(T | q, H) = H (p(<sk’7Rk’>) -p(<start_call_tool> ‘ Q7H> Skka) ’ ﬂ(tk | q, H7 SkaRk)
k=0

- p(r = Exec(ty, Sk)) - p(Ay, (ki) = 1] Sk ) 25)
subject to the global constraint that any violation of P; or @), yields zero probability:
k. —SafeStep, (1) = p(7|q,H) =0.

This explicit factorization makes the interaction between probabilistic reasoning and logical contracts
formally visible and verifiable.
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