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Abstract

While current LLM agents utilizing paradigms
like ReAct or Plan-and-Solve have established
a strong foundation for step-by-step reasoning,
they remain brittle in open-ended environments
due to two intrinsic limitations: (1) a closed
action space: These frameworks are confined
to static, pre-defined toolsets, rendering them
unable to adapt when required tools are missing
or obsolete. (2) myopic error recovery: Exist-
ing agents often get trapped in repetitive lo-
cal retries, failing to diagnose and rectify root
causes within the high-level plan. To overcome
these limitations, we introduce CAR (Create
And Replan), a novel architecture that incor-
porates a meta-tool synthesizer to dynamically
augment the action space and a reflective re-
planning mechanism to revise global strategies.
To rigorously evaluate our approach, we release
ToolHop-Pro, a diagnostic benchmark with
systematically pruned toolsets to simulate tool
scarcity. Experiments demonstrate that CAR
significantly outperforms representative base-
lines, validating its superior robustness where
static agents fail. Code and data are available
at https://github.com/Zaiz-77/car.

1 Introduction

The integration of Large Language Models (LLMs)
with external tool interfaces has empowered agents
to ground their abstract reasoning in executable ac-
tions (Wei et al., 2022; Mialon et al., 2023). Sem-
inal frameworks like ReAct (Yao et al., 2023b)
and Plan-and-Solve (Wang et al., 2023) have estab-
lished the foundational protocol for this interaction,
enabling agents to interleave chain-of-thought rea-
soning with atomic API invocations.

In practice, as illustrated in Figure 1, current
agents operate under a strict closed world assump-
tion: the action space (toolset) is fixed at initial-
ization. When a high-level intent requires a tool
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list_transaction(date) = List[str]

return all transaction ids on date.
get_transaction_details(id)-> Dict

return details about transaction with specific id.

Thought: Get all transactions
Action: Call list_transactions(“2023-10-27")
Observation: [“t 17, “t 27, ..., “t x”, ..., “t_n"]
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Thought: Get details of all transactions :
Action: Iteratively Call get_transaction_details(“t_i”) !
Observation: {id: t_1, amount:$50, ...} :
Observation: {id: t_2, amount:$123.45, ...} 1
Observation: ... :
Observation: 429 Rate Limit Exceeded. Tool Calling Error. |
Output: | cannot do that due to network error. :
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Action: Retry Calling get_transaction_details(“t_x")
Action: ... // Retry blindly until success.

Thought: Select all the ids whose payment is $123.45
Output: They are t_i, t_j, t_k, ... ' High risk of hallucination
due to context overflow.

Figure 1: The dilemma of static agents. Confined to a
fixed toolset, the agent is structurally forced into inef-
ficient iterations that trigger API rate limits. Lacking
high-level reflection, the agent often misinterprets these
system constraints as transient errors, causing it to either
abandon the task or retry blindly. The latter saturates the
context window with verbose logs, leading to reasoning
failures and hallucinations.

absent from this fixed library, the agent is struc-
turally forced into a brute-force strategy: decom-
posing the task into a massive sequence of atomic
API calls. This approach inevitably triggers system
constraints, such as API rate limits. Suffering from
myopic error recovery, current agents often misin-
terpret these barriers as transient failures, locking
themselves into a cycle of blind retries. Crucially,
this repetitive process saturates the context win-
dow with verbose execution logs and error mes-
sages. Buried under this noise, the model strug-
gles to attend to the relevant information—even if
successfully retrieved—ultimately leading to “lost-
in-the-middle” (Liu et al., 2024) hallucinations or
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reasoning failures.

While recent advances in search-based planning,
such as LATS (Zhou et al., 2024), attempt to mit-
igate this by exploring complex reasoning trees,
they fundamentally operate within the same static
boundaries. We depart from this formulation by
arguing that optimizing the search process is in-
sufficient when the action space itself is deficient.
True autonomy requires the agent to be not just a
user of tools, but a creator of its own toolsets.

To this end, we introduce CAR (Create And
Replan), a framework that reformulates agentic
reasoning as a dynamic search process over an
evolving action space. CAR operates on a simple
principle: when a reasoning step fails due to tool
limitations, CAR rejects the standard strategy of
endless retries (e.g., parameter tuning). Instead, it
triggers a reflective replanning process that revises
both the failed and the future trajectory. Crucially,
this replanning is empowered by a meta-tool syn-
thesizer: rather than repeatedly forcing the agent
to work with an inadequate toolset, the system syn-
thesizes executable code for the required tool. This
ensures the dual dynamism of both the action space
and the high-level plan, significantly enhancing ro-
bustness against tool scarcity or execution failures.

Finally, to rigorously evaluate adaptability, we
constructed ToolHop-Pro, an adversarial diagnos-
tic suite derived from the ToolHop dataset (Ye et al.,
2025). By systematically pruning tools and inject-
ing execution noise, we simulate the scarcity and
instability of real-world deployment, where agents
encounter missing tools or execution errors.

Our contributions can be summarized as follows:

* We demonstrate that the static action space
assumption is a primary bottleneck for the
agent’s robustness. Empirical evidence sug-
gests that the ability to autonomously synthe-
size tools outweighs marginal gains in reason-
ing scaling for open-ended tasks.

* We propose CAR, a framework integrating
just-in-time tool creation with hierarchical er-
ror handling. This design closes the loop be-
tween execution feedback and high-level plan-
ning, allowing the agent to adapt its capabili-
ties to specific tasks.

We release ToolHop-Pro, a benchmark de-
signed to stress-test agents under conditions
of tool scarcity and execution instability. Ex-
periments indicate that CAR significantly out-

performs representative baselines in these con-
strained environments, where static agents
consistently fail.

2 Related Work

LLM-based agents. Recent advances have
evolved LLMs from simple question-answering
systems to autonomous problem solvers (Xi et al.,
2025; Wang et al., 2024b). Foundational frame-
works like CoT (Wei et al., 2022) and ReAct (Yao
et al., 2023b) established the paradigm of interleav-
ing reasoning with action, while subsequent works
introduced memory mechanisms (Park et al., 2023)
and multi-agent collaboration (Hong et al., 2024)
for long-horizon tasks. However, these systems
generally operate within static environments with
fixed capabilities. In contrast, CAR targets open-
ended scenarios, enabling the agent to adaptively
expand its action space to meet emergent require-
ments.

Tool use and dynamic synthesis. Augmenting
LLMs with external tools addresses limitations
in knowledge and precision (Mialon et al., 2023;
Qin et al., 2024). While methods like Toolformer
(Schick et al., 2023) and Gorilla (Patil et al., 2024)
excel at tool selection, they remain confined to
static APIs. To address this rigidity, CREATOR
(Qian et al., 2023) and LATM (Cai et al., 2024) pio-
neered tool creation via code synthesis, a paradigm
extended by Voyager (Wang et al., 2024a). How-
ever, unlike these decoupled approaches, CAR em-
beds synthesis directly into the inference loop, dy-
namically generating just-in-time tools to bridge
functional gaps during reasoning.

Self-correction. Robust agents must recover
from execution failures. Reinforcement methods,
such as Reflexion (Shinn et al., 2023) and Self-
Refine (Madaan et al., 2023), iterate on linguis-
tic feedback but often struggle with local optima.
Conversely, search-based frameworks like Tree of
Thoughts (Yao et al., 2023a) and RAP (Hao et al.,
2023) ensure global consistency via systematic
search (e.g., MCTS) yet incur prohibitive compu-
tational costs. CAR introduces Global Trajectory
Rectification to bridge this gap. Unlike indiscrimi-
nate search, CAR triggers strategic replanning only
upon critical execution failures, thereby combining
the efficiency of linear reasoning with the dead-end
avoidance capabilities of search algorithms.
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3 Methodology

We propose CAR, a framework reformulating agen-
tic reasoning as a dynamic search problem over an
evolving action space. As shown in Figure 2, CAR
advances beyond static chain-of-thought paradigms
(Wei et al., 2022) by optimizing solution trajecto-
ries through dynamic tool expansion and policy
rectification. Specifically, it employs code gener-
ation to synthesize new tools on demand, thereby
bridging the functional gaps that static toolsets can-
not address.

3.1 Preliminary

We define our framework via the tuple
(8, Ay, m,E,V).  The distinctive feature of
this formulation is the dynamic nature of the action
space A;. Rather than remaining static throughout
the whole procedure, A; evolves dynamically
as the agent synthesizes new tools to bridge
functional gaps.

The state space S encapsulates the agent’s full
context. A state s; € S consists of the initial query
q, the current toolset, and the execution history H;.
In practice, we found that treating history simply as
a raw token stream often leads to context pollution,
where the model becomes distracted by verbose
error logs. Therefore, we formally define H; as
a structured sequence of intent-observation pairs,
H: = {(20,00),--.,(2—1,0t—1)}, where each z;
represents an atomic planning step and o; denotes
its corresponding execution outcome. This struc-
tured representation functions as a working mem-
ory, mitigating the context pollution often seen with
unstructured raw logs.

The policy 7 functions as the high-level planner.
We depart from end-to-end paradigms that mix rea-
soning and execution. Instead, our policy m maps
the current state to a logical plan P, which is a
sequence of abstract reasoning steps or sub-goals.
This separation of concerns allows the planner to
focus on strategic decomposition without being
burdened by the syntax of specific API calls.

A central component of our model is the dy-
namic action space. At any time step ¢, the avail-
able action space is defined as the union of a pre-
defined library 7,4 and a set of synthesized tools
Tg(et% generated by the agent thus far. We also intro-
duce a generative tool, the meta-tool T,,¢tq, Which
facilitates this expansion:

Ar = (Tsta U {Timeta}) U T (1)

This formulation is motivated by the observation
that static action spaces inevitably lead to dead ends
when a necessary tool is missing. By including
Tmeta, WE €nable the action space to align with the
underlying coding capabilities of LLMs.

Execution is delegated to a deterministic module
&, formally defined as the mapping £ : Z x A; —
O. The executor takes an abstract step z and at-
tempts to ground it into a specific function call
within A;. This module abstracts away the com-
plexities of runtime loading; if a step involves a
newly synthesized tool, £ handles the dynamic im-
port transparently, returning an observation o that
captures the result or error status.

Finally, to address the issue of “silent failures”,
where agents hallucinate success despite invalid
outputs as in Figure 1, we incorporate a reflector
V as a critic. This module evaluates the triplet
(Hi, 2, 0) to produce a diagnosis D. Unlike sim-
ple scalar rewards, D provides structured feedback
(e.g., classifying an error as a logic bug versus a
syntax error), which is essential for guiding the rec-
tification process described in subsequent sections.

3.2 Dynamic Action Space Expansion

The primary bottleneck we observed in current
agents is the rigidity of the closed world assump-
tion. In traditional practical setups, a developer
must define a static JSON schema at initialization.
If a task requires a tool outside this pre-defined
set, the agent inevitably fails or hallucinates a non-
existent function. We designed CAR specifically to
break this dependency, treating the tool registry not
as a static catalog, but as a dynamic set that grows
with the problem complexity.

This expansion begins in the planning phase.
When the planner 7 evaluates the current state s,
it may identify sub-goals lacking a specific tool in
A;. Rather than forcing a suboptimal selection, the
planner outputs a step in the plan to synthesize a
new tool, which triggers the Executor (£) to invoke
the meta-tool Tp,c¢q. Leveraging the LLM’s tool-
calling mechanism to extract the arguments from
context, this process instantiates the natural lan-
guage specification dpe. required by the meta-tool
to expand the toolset:

Zmeta = Call(Tmema dspec) epP (2)

This design effectively decouples the strategic in-
tent from the mechanics of invocation. The planner
focuses solely on identifying the necessity of a new
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Figure 2: Overview of the CAR framework. The process integrates two core mechanisms: Dynamic Action Space
Expansion, where the executor synthesizes missing tools to augment the Tool Pool (A), and Global Trajectory
Rectification, which diagnoses execution failures to trigger a strategic replan and tool refinement.

tool, while the LLM’s inherent tool-calling mech-
anism handles the precise arguments (dgpe.), pre-
venting the high-level reasoning flow from being
cluttered by implementation details. To mitigate
tool pool bloat, the planner enforces a “Reuse First”
policy: it is explicitly instructed to exhaustively
evaluate existing tools before resorting to synthesis,
promoting semantic deduplication at the source.

The actual synthesis is handled by the executor
& with the meta-tool Tt (a specialized coding
model). Upon encountering a meta-step, it uses
Tmeta 10 materialize dgpe. into a standalone Python
script. Once the script is created, the system per-
forms an immediate, formal update to the action
space:

At—i—l =AU {Tnew} 3)

The critical engineering challenge here was usabil-
ity: how to make 7,,¢,, available without restarting
the system. Standard architectures rely on static im-
ports (e.g., import tools), which locks the toolset at
startup. We deviate from this convention by build-
ing our executor around Python’s native dynamic
loading protocols.

In practice, we treat the local file system as a
hot-swappable interface. When an agent invokes
a newly generated tool, the executor does not look
up a pre-registered handle. Instead, it constructs a
module specification directly from the script’s file
path and instantiates the module in memory at run-

time. This allows the agent to “write” a plugin and
“use” it in the very next step, creating a seamless
feedback loop between reasoning and tooling.

Of course, executing LLM-generated code intro-
duces security risks. To address this, we implement
a containerized execution layer: the meta-tool and
all synthesized functions execute within ephemeral
Docker containers with restricted network access
and resource quotas. We measured the overhead
on Qwen3-Plus under the Complete setting: the
sandboxed configuration incurs only ~1.27s addi-
tional latency per query (46.32s vs. 45.05s) with
negligible token difference, confirming that the iso-
lation layer is transparent to the reasoning model
and introduces no additional inference cost.

3.3 Global Trajectory Rectification

A persistent failure mode we observed in current
agents is the retry trap. When an action fails, stan-
dard architectures often treat it as a transient error,
blindly re-invoking the same tool with minor argu-
ment modification. This works for syntax errors,
but leads to infinite loops when the error stems
from a fundamental flaw in the plan itself, such as
attempting to scrape a website that requires a login.
CAR addresses this by enforcing a strict separation
between execution-level corrections and strategic
replanning.

At the lowest level, we empower the executor £
to handle transient execution noise. We found that
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large language models frequently commit minor
formatting errors, such as malformed JSON or hal-
lucinated arguments, which are easily correctable.
Therefore, £ runs a "Local Loop" with a budget of
Eretry = 3. It parses error messages and applies
heuristic adjustments to the tool call. This layer
acts as a filter, resolving trivial implementation is-
sues without disturbing the high-level reasoning
process.

However, if the executor exhausts its retry bud-
get, we treat the failure as a semantic deadlock
rather than a syntactic one. At this stage, the reflec-
tor V performs a diagnostic analysis. It examines
the execution trace to determine if the failure was
caused by flawed tool logic or missing prerequi-
sites. This diagnosis D serves as a hard constraint
for the next phase.

Our approach to rectification departs from stan-
dard methods like Reflexion (Shinn et al., 2023),
which often reset the environment or append a
generic error prompt to the full context. Instead,
we implement a partial reconstruction strategy. We
posit that the steps preceding the failure are valid
and should be preserved as a “foundation” H syccess-
The planner 7 then isolates the failed step and all
subsequent unexecuted steps, formulating them
into a new derivative goal ¢’. The revised plan
is generated conditioned on this new goal and the
diagnostic feedback:

Pnew = 7T(ql ’ Hsuccess: D) “4)

This design choice is critical: it allows the agent
to pivot strategically—perhaps by synthesizing a
completely new tool via the methods in Section
3.2—while retaining the progress made so far. We
limit this global recursion depth to 3 to prevent
the agent from spiraling into overly complex, low-
probability trajectories. We emphasize that this
limit applies strictly to the number of Global Tra-
Jjectory Rectification invocations (i.e., strategic re-
planning of the entire future trajectory), not to the
step count or local retries within the executor.

The complete execution flow, integrating both
dynamic synthesis and global rectification, is sum-
marized in Appendix A.

4 ToolHop-Pro Benchmark

To properly evaluate adaptability, we needed a
benchmark that extends beyond standard multi-hop
reasoning. Existing benchmarks typically assume a
static, reliable environment, which fails to capture

the chaotic nature of real-world deployment. We
therefore introduce ToolHop-Pro, adapted from
the ToolHop dataset (Ye et al., 2025) to subject
agents to tool scarcity and execution instability.

4.1 Construction Protocol

Our primary challenge was to distinguish between
tools that an agent must be provided versus tools it
could theoretically build itself. It would be unfair
to ask an LLM to synthesize a weather API (which
requires external data), but reasonable to ask it to
synthesize a Fibonacci calculator (which is pure
logic). To operationalize this distinction, we em-
ployed Qwen3-Flash as a few-shot classifier to par-
tition the original toolset into External Tools (7.,
e.g., search engines) and Logical Tools (7;4;c, €.€.,
math or string operations). This semantic partition-
ing is the cornerstone of our experimental design:
Tiogic TEpresents capabilities latent in the model’s
pre-training weights, making them valid targets
for synthesis. The rigorous generation procedure
and detailed distribution analysis are formalized in
Appendix B.1 and B.2.

To mitigate the potential bias inherent in model-
based annotation, we implemented a dual-stage hu-
man verification protocol. We manually labeled a
pilot set of 150 tools, observing >94.6% agreement
with Qwen3-Flash. A blind audit on a random hold-
out of another 150 instances confirmed this con-
sistency (see Appendix B.3). To assess robustness
against classification noise, a worst-case sensitivity
analysis showed that even if all ~5.4% disputed
labels were adversarial misclassifications, the re-
sulting tool leakage affects at most ~33 queries.
CAR’s advantage over ReAct in the Missing setting
(A=11.6%) far exceeds this impact, confirming the
gains are structural.

Based on this validated classification, we de-
rived three adversarial environments to stress-test
specific agent capabilities:

The Complete setting (Ay,;;) serves as a rig-
orous control. In this environment, the toolset is
exhaustive, rendering tool synthesis theoretically
redundant. This allows us to rule out the possibil-
ity that our framework’s performance is merely an
artifact of a synthesis-biased dataset. By evaluat-
ing CAR here—where it operates under the same
conditions as standard baselines—we confirm that
any performance gains stem from the superior rea-
soning architecture rather than the utility of the
synthesis module itself.

To isolate the impact of dynamic expansion, we
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devised the Missing setting (Tool Scarcity). By
explicitly pruning 7;,4;c from the environment, we
manufacture a functional deficit where the agent
lacks necessary primitives. In this setting, the
agent cannot rely on retrieval; success depends
entirely on its ability to recognize the gap and au-
tonomously code an equivalent implementation,
directly validating the efficacy of the Action Space
Augmentation mechanism.

Finally, the Error setting evaluates resilience
against execution instability. We retained the full
toolset but injected a stochastic failure layer (e.g.,
random timeouts) into the logical tools. This setup
is designed to expose the brittleness of myopic
error recovery. It tests whether the agent can dis-
tinguish between transient noise and fundamen-
tal dead-ends, triggering Global Rectification to
synthesize a strategic bypass rather than getting
trapped in the infinite retry loops characteristic of
static agents.

The resulting ToolHop-Pro benchmark com-
prises 995 evaluation instances spanning a diverse
library of 622 unique tools. The dataset preserves
high structural complexity, with an average of 3.87
tools per query (ranging from 2 to 7) and parameter
counts reaching up to 14.

5 Experiments

5.1 Experimental Setup

We compare CAR against a spectrum of cognitive
architectures to isolate the benefits of our frame-
work. As a lower bound, we include Zero-shot
Function Calling, which measures the raw tool-use
capability of the backbone. To represent iterative
reasoning, we employ ReAct (Yao et al., 2023b),
the de facto standard for interleaving thought and
action. Conversely, we also test Plan-and-Solve
(P&S) (Wang et al., 2023) to evaluate the “static
scheduling” paradigm. We select these baselines
for three reasons: (1) CAR is a training-free infer-
ence paradigm, so methods requiring fine-tuning
(e.g., ToolLLM) introduce confounding variables;
(2) CAR targets dynamic environments, whereas
search-based methods like LATS remain confined
to static toolsets; (3) ReAct serves as the founda-
tional framework underlying most contemporary
agents, making it the most informative point of
comparison.

In practice, comparisons between agents are of-
ten confounded by differing error tolerance. To
ensure structural parity, we enforce a strict local

retry limit of ky.cr, = 3 across all iterative meth-
ods (ReAct, P&S, and CAR). This standardization
ensures that any observed performance gains are
attributable to superior strategic planning (e.g., tool
synthesis or global rectification) rather than simply
having more attempts to brute-force a solution.

We evaluate architectural generalization across
two distinct model categories. For open-source
backbones, we employ the LLaMA-3.1 series (8B,
70B) (Team, 2024) and the Qwen-2.5 suite (span-
ning 7B to 72B) (Yang et al., 2024). For propri-
etary models, we benchmark against industry stan-
dards including GPT-40 (OpenAl, 2023), Claude-
3.5-Sonnet (Anthropic, 2024), and Gemini-1.5-Pro
(Reid et al., 2024).

Among these, we use Qwen3-Plus (July 2025) as
the primary backbone for our component analysis
and ablation studies. We deliberately selected this
model to investigate whether our dynamic frame-
work can empower a cost-effective backbone to
rival substantially more expensive state-of-the-art
systems. All models are evaluated in their standard
instruction-following mode without enabling any
proprietary thinking/reasoning mode.

Consistent with the original ToolHop protocol
(Ye et al., 2025), we report Pass Rate (Accuracy
%) as the primary metric. We strictly consider a
query "solved" only if the final answer matches
the ground truth, disregarding intermediate partial
credit to focus on end-to-end reliability.

5.2 Performance on Original ToolHop

To verify that our performance gains are not arti-
facts of a synthesis-biased dataset, we first eval-
uated CAR on the standard ToolHop benchmark.
This setting acts as a control: since the provided
toolset is complete, there is no structural necessity
for tool synthesis.

Table 1 shows that base Qwen3-Plus (47.94%)
and GPT-40 (47.74%) exhibit nearly identical raw
capabilities. Equipping Qwen3-Plus with CAR
raises performance to 54.57%. Since synthesis
is theoretically redundant here, this 6.6% margin
is driven by the architecture’s rectification logic.
This suggests that CAR’s ability to diagnose exe-
cution failures and restructure plans provides in-
trinsic value over standard iterative loops, even
in static environments, enhancing general robust-
ness. This improvement generalizes across model
families: as shown in Table 2, CAR consistently
improves over the strongest baselines for LLaMA-
3.1 (+3.3%~+6.2%), Qwen-2.5 (+2.3%~+13.9%),
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Table 1: Main Results on ToolHop. We compare CAR
against standard baselines on the unmodified benchmark
ToolHop. The significant improvement (+6.6%) in this
static environment demonstrates that CAR’s benefits ex-
tend beyond tool synthesis, stemming from its superior
error recovery mechanisms.

Model Version PR (%)
Instruct-8B 13.47
LLaMA-3.1 - truct-70B 12.76
Instruct-7B 16.18
Instruct-14B 26.13
Qwen-25 | Struct-32B 2261
Instruct-72B 38.29
. Flash-002 32.76
Gemini-1.5 5 002 33.07
Haiku 44.72
Claude-3.5 Sonnet 45.23
3.5-Turbo 36.58
40-mini 4342
GPT 4-Turbo 46.83
40 47.74
Qwen3 Plus 47.94
W Plus + CAR (Ours)  54.57

and GPT-40 (+1.1%).

5.3 Performance on ToolHop-Pro

We extended our evaluation to the ToolHop-Pro
benchmark to systematically assess agent robust-
ness under dynamic conditions.

We begin our analysis with the Complete setting.
This acts as a structural sanity check: a dynamic
agent should not perform worse than a static one
when tool synthesis is unnecessary. Table 2 reveals
a striking divergence in how different backbones
respond to the ReAct paradigm. While interleaving
reasoning traces benefits GPT-40 (improving from
47.74% to 50.15%), it appears to be detrimental
to the Qwen series; notably, Qwen-72B suffers a
sharp regression from 38.29% to 30.00%. While
somewhat counterintuitive, these empirical results
are consistently observed in our experiments. We
tentatively attribute this to context pollution, where
verbose thought chains distract models that are
strictly optimized for instruction following. CAR
addresses this by enforcing a hard boundary be-
tween planning and execution. By isolating the
high-level reasoning from the noisy execution logs,

our framework prevents the model from getting
lost in its own context. Consequently, Qwen3-Plus
coupled with CAR achieves a score of 54.57%,
confirming that decoupling the planner effectively
captures the benefits of reasoning without the cog-
nitive overhead associated with standard ReAct
loops.

In the Missing setting, we forcibly removed the
logical tools to simulate a scenario where the agent
lacks necessary tools. The impact on standard base-
lines was severe. As shown in Table 2, GPT-40’s
performance dropped to 37.09%. Qualitative analy-
sis (see Appendix C) reveals that without the requi-
site tools, the model often resorted to hallucinating
functions or, worse, attempted to derive answers
directly, leading to frequent errors. This highlights
a fundamental brittleness in static architectures: no
matter how capable the backbone model is, it re-
mains strictly bound by the completeness of its
initial environment. CAR avoids this trap by treat-
ing the missing tool as a synthesis target rather
than a failure condition. By generating the nec-
essary tool on the fly, Qwen3-Plus recovered to
a pass rate of 53.87%. It is worth emphasizing
that this score exceeds the combination of GPT-40
with ReAct (46.40%) by over 7%. This result is
particularly instructive: it suggests that in under-
specified environments, the ability to modify the
action space effectively outweighs raw reasoning
power or scale.

The Error setting presents perhaps the most re-
alistic challenge: stochastic API instability. As
detailed in Table 2, we found that standard archi-
tectures like ReAct are particularly vulnerable here.
In practice, when a tool returns a timeout or server
error, ReAct agents frequently enter a pathologi-
cal loop, blindly retrying the request with identical
parameters in the hope that the issue is transient.
This behavior not only wastes computational re-
sources but often leads to context saturation be-
fore a solution is found. CAR addresses this by
distinguishing between execution errors and func-
tional dead-ends. Through the global rectification
mechanism, the system identifies when a tool is
persistently unreliable and triggers a strategic pivot.
Rather than attempting further retries, the planner
often synthesizes a custom script to bypass the
faulty API entirely. This ability to abandon a fail-
ing strategy allows Qwen3-Plus to maintain a pass
rate of 52.86%, surpassing the GPT-40 baseline
(50.15%). These results suggest that in volatile
environments, robustness is derived not from stub-
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Table 2: Main Results on ToolHop-Pro. We report the Pass Rate (%) across three adversarial settings. Bold indicates
the best performance, and underlined indicates the second-best performance (best baseline) for each backbone. FC
denotes Zero-shot Function Calling. The results show that CAR consistently outperforms the strongest baselines,

enabling the Qwen3 backbone to surpass GPT-4o.

Setting I: Complete

Setting II: Missing

Setting III: Error

Model Backbone
FC ReAct P&S CAR(Ours) FC ReAct P&S CAR(Ours) FC ReAct P&S CAR(Ours)
LLaMA-3.1-8B  13.47 11.20 11.50 14.25 8.50 7.80 8.10 12.80 8.10 9.50 8.80 12.20
LLaMA-3.1-70B 12.76 13.50 12.10 16.80 9.20 10.10 9.50 15.40 890 11.20 9.80 14.90
Qwen-2.5-7B 16.18 14.80 15.10 17.50 10.40 10.50 10.20 15.90 10.10 11.50 10.90 15.20
Qwen-2.5-14B 26.13 24.50 23.90 28.40 18.50 18.90 17.80 25.60 17.90 19.80 18.50 24.90
Qwen-2.5-32B 22.61 20.10 20.80 24.90 15.30 14.80 14.50 22.10 14.80 16.50 15.20 21.50
Qwen-2.5-72B 38.29 30.00 32.40 43.92 25.40 22.50 24.10 42.15 24.50 28.50 26.20 41.25
GPT-40 47.74 50.15 40.30 51.25 37.09 46.40 38.09 50.25 36.98 50.15 40.50 50.20
Qwen3-Plus 47.94 39.70 46.33 54.57 35.38 42.31 45.03 53.87 35.22 40.10 46.23 52.86
born persistence, but from the capacity to recognize
w/o Replan w/o Create Full Car
when a chosen path has become untenable. A de- ¢ s
tailed cost-effectiveness analysis, including token g4 53.87
consumption comparisons and Best-of-N baselines, 53 52.86
is provided in Appendix E. 52
51.06
51 50.45
: 50.05 50.05
5.4 Ablation Study 50 49-96 49.96
A central hypothesis of this work is that dynamic ~ *°
tool synthesis and global rectification are not  “®
.. . u7
merely additive features, but strictly complemen- Complete Missing Error

tary: synthesis provides the feasibility to solve a
task, while rectification ensures the reliability of the
solution. To validate this synergy, we performed an
ablation study on ToolHop-Pro using the Qwen3-
Plus backbone, disabling each module in turn to
observe the specific failure modes that emerged.

Figure 3 summarizes the results. Quantitatively,
removing either component resulted in a consistent
degradation of 3-4% in pass rate. Notably, while
the w/o Replan and w/o Create variants achieved
identical numerical scores in the Missing and Er-
ror settings, our error analysis reveals that they
failed on disjoint subsets of queries. This distribu-
tional divergence confirms that the two modules
are functionally distinct: the Synthesizer resolves
tool deficits, while the Replanner addresses execu-
tion instability. However, the qualitative behavior
of the ablated agents offers deeper insight into the
system’s dynamics.

When we disabled the rectification loop (w/o Re-
plan), the system retained the ability to synthesize
a tool upon initially detecting a tool gap. However,
a critical fragility emerged: if this first-pass gen-
eration failed (e.g., due to syntax errors or edge
cases), the agent lacked the mechanism to refine
the code. Instead of debugging the synthesized

Figure 3: Ablation Study on ToolHop-Pro. We isolate
the impact of the Synthesis (Create) and Rectification
(Replan) modules. The performance drop in single-
module variants confirms that these mechanisms address
distinct failure modes: Synthesis prevents dead-ends,
while Rectification mitigates the stochasticity of gener-
ated code.

tool, the agent reverted to the standard baseline
behavior—blind retries or giving up entirely. This
indicates that one-shot synthesis is unreliable; the
Replanner is essential to close the loop, transform-
ing execution failures into constructive feedback
for code correction.

Conversely, restricting the agent to the initial
toolset (w/o Create) isolates the impact of action
space expansion. In the Error setting, the Replan-
ner successfully mitigates the infinite retry loops
seen in standard agents—typically by pivoting to in-
ternal parametric knowledge—yet the performance
cap persists (49.96%). This plateau reveals a funda-
mental resource bottleneck: although the agent can
correctly diagnose failures and adjust its strategy,
it lacks the necessary tools to resolve them. For
data-centric tasks where internal knowledge is in-
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sufficient or obsolete, a strategic planner without
a synthesizer remains constrained by a hard infor-
mation wall. This demonstrates that while adaptive
planning provides strategic resilience, its full poten-
tial is only realized when coupled with the ability
to dynamically expand the action space.

6 Conclusion

We address the limitation of static LLM agents con-
fined to pre-defined toolsets by introducing CAR,
which reformulates reasoning as a dynamic search
process over an evolving action space. By integrat-
ing just-in-time tool synthesis with global trajec-
tory rectification, CAR empowers agents to bridge
functional gaps and recover from deadlocks. We
also release ToolHop-Pro, a benchmark simulating
real-world tool scarcity and stochasticity. Experi-
ments demonstrate CAR’s superior robustness in
adversarial settings. This work marks a step to-
ward self-evolving agents that actively construct
necessary tools to achieve their goals.

Limitations

While CAR demonstrates significant improvements
in adaptability and robustness, we acknowledge
specific limitations inherent to its design.

First, our framework incurs increased inference
costs and latency relative to standard baselines. The
architectural decision to decouple planning from
execution, combined with the iterative rectification
loop and tool synthesis, inevitably requires multiple
rounds of model interaction. While this design
prioritizes success rates and fault tolerance over
raw speed, it limits the framework’s applicability
in strictly real-time settings where low latency is
the dominant constraint.

Second, unlike agentic paradigms that rely solely
on text-based API calls (e.g., JSON generation),
CAR necessitates a runtime environment capable of
executing synthesized code. We have implemented
a containerized execution layer using ephemeral
Docker containers with restricted network access
and resource quotas (Section 3.2), which intro-
duces only ~1.27s overhead per query. However,
this still imposes a higher technical barrier for de-
ployment than model-endpoint-only solutions, and
production deployments would require additional
measures such as filesystem isolation, strict mem-
ory/CPU caps, and network egress filtering to pre-
vent resource exhaustion or escape attempts.

Ethics Statement

This work introduces a framework capable of au-
tonomously synthesizing and executing code, a ca-
pability that shifts the operational paradigm from
static tool use to dynamic logic generation. We
acknowledge that empowering models to execute
arbitrary Python code introduces inherent safety
implications distinct from fixed-API agents. While
our evaluation was conducted in a controlled en-
vironment, deploying such systems in open-ended
settings necessitates strict containment. We em-
phasize that practical implementations must uti-
lize rigorous sandboxing technologies—such as
ephemeral containers (e.g., Docker) or secure
micro-VMs—coupled with granular resource quo-
tas and network isolation to prevent unauthorized
system access.

Furthermore, while our framework is optimized
for constructive reasoning, the tool synthesis mech-
anism could theoretically be repurposed for gener-
ating adversarial scripts. Our approach relies on the
underlying safety alignment and RLHF of the foun-
dational backbone models (e.g., Qwen, GPT-40) to
refuse harmful instructions and does not inherently
bypass these safety filters. However, we recognize
that the intersection of complex planning and code
generation remains a critical area of safety research,
requiring continuous monitoring to mitigate risks
associated with jailbreaking or alignment drifting.

Finally, regarding the preparation of this
manuscript, we employed Al assistance solely for
linguistic polishing to improve readability. The au-
thors retain full responsibility for the validity of the
scientific content, experimental methodology, and
the final text.
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A Inference Protocol Details

Algorithm 1 formalizes the runtime logic of the
CAR framework. We provide this pseudocode to
explicitly illustrate the hierarchy between error han-
dling mechanisms.

In practice, distinct failure modes require distinct
resolutions. The inner loop implements the local
retry mechanism, designed to filter out transient
execution noise (e.g., syntax errors or timeouts)
without disturbing the high-level plan. The global
rectification is only triggered when this local bud-
get is exhausted, signaling a semantic dead-end.
Additionally, Line 18 captures the Just-in-Time na-
ture of our architecture: unlike static agents, the
action space .4; is mutable, permanently absorbing
synthesized tools for the remainder of the session.

B ToolHop-Pro Benchmark Details

In this section, we provide the formal construc-
tion protocol, a statistical analysis of the resulting
toolset, and a rigorous validation of our automated
taxonomy.

B.1 Construction Protocol

Algorithm 2 details the programmatic pipeline used
to partition the original dataset into adversarial set-
tings. This automated process ensures reproducibil-
ity and allows for scalable generation of tool-scarce
environments.

B.2 Statistical Analysis

To verify the structural integrity of the benchmark,
we analyze the distribution and complexity of the
partitioned toolset.

Figure 4 quantifies the fundamental partition of
the toolset. As shown, the benchmark maintains a
substantial representation of both External Tools
and Logical Tools. This balance is critical, ensur-
ing that the dataset rigorously tests both retrieval
capabilities (via external APIs) and synthesis capa-
bilities (via logical tools).

Furthermore, Figure 5 visualizes the parameter
complexity. A significant portion of the tools re-
quires multi-argument inputs, which validates that
our partitioning strategy preserves the structural
intricacy of the original dataset rather than simpli-
fying the problem for the sake of synthesis.
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Algorithm 1: CAR: Hierarchical Inference Loop

Input: Query g, Initial Tools Tini:, Retry Limit kyesry
Output: Final Response y

/* Initialization Phase

He <0

At — Tinit

P <+ Plan(q,®, As)

while P # () do

Zewrr < Pop(P)

success < False

/* Inner Loop: Local Error Recovery

7 for k < 1to kyctry do

8 Ores < Execute(zeurr, At)

9 if —IsError(ores) then

10 success < True

11 break

12
13

N T S Y

end

Zeurr S Refine(zcurh Ores)
end

if success then

if zcurr invokes Tereate then
Tnew < ExtractTool(oyes)

A +— A U {Tnew}

15
16
17
18
19
20
21

end

Ht — Ht U {(zcurr, Ores)}

else

/* Outer Loop: Global Rectification

Ddiag — Diagnose(Ht7 Zeurr, O'r'es)

/* Replan with diagnosis and current tools
P Plan(q7 He U {Ddiag}7 .At)

22

23
24
25

end

end

y < Synthesize(q, H+)
7 returny

ISEEN)
£

*/

// Execution History

// Initial Action Space
// Initial Plan Generation
// Extract next step

*/

// Heuristic Argument Fix

// Action Space Augmentation

*/
// Root Cause Analysis
*/

B.3 Taxonomy Validation

To ensure the reliability of the "Logical" vs. "Exter-
nal" taxonomy used in Algorithm 2, we rigorously
audited the few-shot classification performance of
Qwen3-Flash. As mentioned in Section 4, we con-
ducted a blind verification on a random holdout
set of N = 150 tools after the full-scale annota-
tion was complete. Table 3 presents the resulting
confusion matrix. The few-shot classifier demon-
strated exceptional alignment with expert human
annotators, achieving an agreement rate of 94.67 %
(142/150). This high consistency confirms that the
semantic distinction between "synthesizable logic"
and "external retrieval” is well-defined and robustly
captured by the model.

To better understand the remaining ~ 5% dis-
crepancy, we examined the misclassified instances.
We observed two primary failure modes:

Logical — External. In succinct cases, the
model mistook complex logical operations for
external services. A prime example is the
date_calculator tool (Figure 6). Although this
tool relies entirely on Python’s standard date-

time library (Logical), its extensive parameter
schema—handling time zones, overflows, and for-
mats—Iled the model to classify it as an External
APL

External — Logical. Conversely, the model oc-
casionally underestimated the need for retrieval.
As shown in Figure 7, the tv_show_cast_query tool
requires a database to fetch accurate cast lists. How-
ever, because the LLM likely contains this infor-
mation in its pre-training weights, it incorrectly
flagged the tool as "Synthesizable" (Logical), ig-
noring the requirement for real-time verification.

Classification Prompt. We show the exact
prompt template used for the classification task
in Figure 8.

C A Case Study

To better understand the practical implications of
our architectural choices, we analyze a specific
failure instance from the ToolHop-Pro benchmark.
This comparison highlights a fundamental vulner-
ability in static agents: the tendency to decouple
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Algorithm 2: ToolHop-Pro Construction Protocol

Input: Source Dataset D, Classifier M (Qwen3-Flash)
Output: Datasets Deomp, Dimiss, Derr

Dcomp7 Dmi337 Derr — @

2 foreach (q;, 7;) € Dsrc do

—

3 Tiogic < {7 € Ti | M(1) = Logic}
4 7;a:t — 7: \ ﬁogic

/* Partition tools into Logic (Synthesizable) and External (Retrieval) */

/* I: Complete (Baseline) */
5 Dcomp — Dcomp ) {(q“ 7;a:t U Wogic)}
/* II: Missing (Tool Scarcity) */
6 Dmiss — Dmiss U {((h, /Tea:t)}
/* II1: Error (Execution Instability) */
7 Troisy  InjectNoise(Tiogic)
8 De'rr <~ Der'r U {(qu ﬁzt U 7;Loisy)}
9 end
10 return Dcomp» Dmiss, Derr
Tool Type Distribution Tool Parameter Count Distribution
[ Logical Tools: 1611 tools
3 External Tools: 2239 tools 1400
1200
Logical Tools =« 1000
S
=
S
; 800
External Tools -E
=
Z 600
400
200
Figure 4: Distribution of Tool Categories. The dataset N
2 3 4 5 6 7 8 9 10 11 12 13 14

comprises two primary classes: Logical Tools (targets
for synthesis) and External Tools (targets for retrieval).

from the environment and hallucinate execution
results.

C.1 Scenario Details

The query under analysis (ID 716) asks: "How
many unique letters are there in the first name of
the mother of the director of film Cop Or Hood?"

Solving this requires a sequential dependency
chain. The agent must first identify the director
of Cop Or Hood (Georges Lautner), then find his
mother (Renée Saint-Cyr), extract her first name,
and finally count the unique letters in "Renée" to
reach the answer 4.

We first examine the underlying tool implemen-
tation provided by the benchmark to understand the
expected intermediate behavior. Figure 9 displays
the Python logic for the director lookup function.
As seen in the code, the simulated database con-

Number of Parameters

Figure 5: Parameter Complexity. The distribution
of argument counts per tool. The presence of multi-
parameter functions confirms that the benchmark retains
the challenge of complex function calling.

tains a specific, hard-coded entry that maps the film
"Cop Or Hood" directly to the director "Georges
Lautner". This implementation serves as the fac-
tual reference for the retrieval step; consequently,
any retrieved director name other than "Georges
Lautner" indicates that the agent failed to faithfully
execute the external tool.

C.2 Execution Trace Analysis

We compared the execution trajectories of a stan-
dard ReAct baseline against our CAR framework
with the same backbone model(Qwen3-Plus). The
divergence between the two approaches becomes
evident in the very first step of the interaction.
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Logical — External

Tool Name: date_calculator Ground Truth: [ Locica. | Prediction:
1| {
2 "name”: "date_calculator”,
3 "description”: "An advanced tool for performing comprehensive date and time arithmetic.
Capable of handling timezone conversions and delta calculations.”,
4 "parameters”: {
5 "start_date"”: {
6 "type": "string"”,
7 "description”: "ISO 8601 format (e.g., 2023-01-01)"
8 }!
9 "months_to_add"”: {
10 "type": "integer",
11 "description”: "Number of months to increment”
12 }:
13 "time_zone": {
14 "type": "string",
15 "description”: "UTC offset (e.g., +00:00)",
16 "default”: "+00:00"
17 }
18 }v
19 "implement"”: "def date_calculator(start_date, months_to_add, time_zone=’+00:00’):
20 from datetime import datetime
21 from dateutil.relativedelta import relativedelta
22 # Pure logic implementation
23 dt = datetime.fromisoformat(start_date)
24 res = dt + relativedelta(months=months_to_add)
25 return res.strftime(’%Y-%m-%d’)"
26| }

Figure 6: A "Logical to External” misclassification. The model incorrectly labeled this tool as External, despite the
implementation relying solely on pure Python libraries (Logic).

Table 3: Confusion Matrix: Human vs. Model Classi-
fication. Results from the blind audit of 150 randomly
sampled tools. The model achieves near-perfect classifi-
cation on External tools, with only minor confusion in
complex logical operations.

| Qwen3-Flash

‘ Logical External

Human Logical 63 4
uma External 4 79
Hallucination. Figure 10 illustrates the break-

down of the ReAct baseline. While the model
correctly identifies that it needs to query the direc-
tor, it fails to wait for the environment’s response.
Instead, it hallucinates a plausible but incorrect
observation—claiming the director is "Randall Em-
mett" rather than "Georges Lautner”. This error,
driven by the model’s internal parametric weights
rather than external reality, propagates through the

rest of the chain, rendering the subsequent steps
meaningless.

CAR’s Success. Figure 11 shows CAR avoiding
this pitfall. Strict architectural separation between
planner and executor prevents the model from hal-
lucinating observations. Since the environment ex-
clusively supplies tool outputs, CAR must process
the actual director (Georges Lautner), successfully
traversing the dependency chain to reach the cor-
rect answer.

D Other Prompts

This appendix details the exact instruction sets used
to govern the behavior of each module.

Router. Figure 12 displays the instruction set for
the Router agent, enforcing the zero-tolerance pol-
icy for internal scientific calculation.

(Re)Planning. The planning logic involves initial
decomposition and dynamic error recovery. These
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External — Logical

Tool Name: tv_show_cast_query Ground Truth: [ externaL | Prediction:
1| {
2 "name”: "tv_show_cast_query",
3 "description”: "Retrieves detailed cast information for a specified TV show.",
4 "parameters”: {
5 "show_title"”: {"type": "string"},
6 "output_format”: {"enum": ["list”, "json", "xml"]}
7 } ’
8 "implement”: "def tv_show_cast_query(show_title, output_format="1list’):

9 # This implementation simulates a database query via a dictionary.
10 # The model was misled by this hardcoded structure.

11 cast_data = {
12 ’Death in Paradise’: [

13 {’actor’: ’Ardal OHanlon’,

14 {’actor’: ’Josephine Jobert’,
15 ]

16 }

-

18 if show_title not in cast_data:

19 return {’error’:
20
21 return cast_datal[show_title]”

‘role’:
‘role’:

’Show not found.’}

"main’},
’support’}

Figure 7: An "External to Logical" misclassification. The model incorrectly inferred that this tool was self-contained
(Logic) because it analyzed the hardcoded dictionary in the mock implementation, ignoring the functional reality
that querying TV show casts requires an external database.

prompts are detailed in Figure 13 and Figure 14.

Executor. The operational prompts for the
‘Worker, Tool Creator, Fallback and Answerer are
grouped in Figure 15, Figure 16, Figure 17, and
Figure 18.

E Cost-Effectiveness Analysis

A natural concern is whether CAR’s performance
gains stem from superior architecture or simply
from consuming more computational resources.
We address this through two analyses: token-level
cost comparison and a Best-of-N baseline.

Token Consumption. Table 4 reports the aver-
age token consumption alongside pass rates for
Qwen3-Plus across all three settings. While CAR
consumes more tokens than the baselines (primarily
due to the planning and synthesis stages), the over-
head is moderate: in the Complete setting, CAR
uses approximately 1.2x the input tokens of Re-
Act while achieving a 37.5% relative improvement
in pass rate. Notably, in the Error setting, ReAct
consumes comparable tokens to CAR (41,876 vs.
41,235 input tokens) due to its pathological retry

loops, yet achieves a significantly lower pass rate
(40.10% vs. 52.86%).

Best-of-N Comparison. To further isolate archi-
tectural advantages from computational budget, we
designed a Best-of-3 experiment for the Complete
setting. Since a single CAR run costs fewer than
2x the tokens of ReAct or P&S, granting base-
lines 3 independent attempts provides them with
a strictly larger budget than a single CAR run. As
shown in the lower panel of Table 4, CAR in a sin-
gle run (54.57%) already surpasses ReAct’s Best-
of-3 (52.76%). Strikingly, CAR’s single-run per-
formance in the Missing setting (53.87%) even
exceeds ReAct’s Best-of-3 in the Complete setting
(52.76%), where the latter has access to the full
toolset. This demonstrates that static methods can-
not compensate for structural deficiencies through
increased computation alone.
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Tool Classification ~N

System Prompt:
You are the Tool Classifier.
Your task is to categorize the given tool definition based on its implementation requirements.

INPUT:
Tool Definition: {{ TOOL_JSON}}

CATEGORIES:
1. [Logic]: Pure Python implementation.
— The tool can be solved using ONLY internal logic, standard libraries, or static knowledge (e.g., math, string
formatting, "Who wrote Hamlet?").
— NO internet or external API access is required.
2. [External]: Requires external connectivity.
— The tool strictly needs a connection to the internet, a database, or a sensor to function.
— Handles dynamic, private, or real-time data (e.g., "Current weather", "Stock price").

OUTPUT FORMAT:

Analyze the tool description and output ONLY the category tag:
[Logic]

OR

[External]

\\§ J

Figure 8: The instruction template used to partition the toolset. It forces a binary decision between logic-based tools
(implementable via pure code) and external tools (requiring real-time data access).

Table 4: Cost-effectiveness analysis (Qwen3-Plus). Up-
per: token consumption on ToolHop-Pro. Lower: Best-
of-3 comparison on ToolHop (Complete).

Setting Method PR (%) InTok. Out Tok.
ReAct 39.70 35,412 1,689
Complete P&S 46.33 33,109 845
CAR 54.57 40,084 2,424
ReAct 42.31 24,130 945
Missing P&S 45.03 22,567 712
CAR 53.87 30,346 2,318
ReAct 40.10 41,876 3,892
Error P&S 46.23 33,450 920
CAR 52.86 41,235 2,876
Best-of-3 Comparison (Complete Setting)
ReAct (Best-of-3) 52.76 3 iterations
P&S (Best-of-3) 43.42 3 iterations
CAR (Single Run) 54.57 1 iteration
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Ground Truth Implementation: film_director_lookup

def film_director_lookup(film_title, exact_match=True):
# Simulated database strictly enforcing the ground truth
film_database = {
"Cop Or Hood’: {

year’: 1979,

"director’: ’Georges Lautner’,
’nationality’: ’French’,

’genre’: ’Crime, Comedy’

}

# Deterministic retrieval logic
if film_title in film_database:
return {’director’: film_database[film_title][’director’]}

return {’error’: ’Film not found’}

Figure 9: The implementation of the simulated tool. Unlike the hallucinating baseline, this function strictly maps the
query "Cop Or Hood" to "Georges Lautner” via a deterministic dictionary lookup, defining the correct intermediate
output for the retrieval step.

Trace of ReAct ~

[Step 1]

Thought: To solve this problem, I need to first identify the director of the film "Cop Or
Hood".

Action: film_director_lookup(film_title="Cop Or Hood"”, exact_match=True)

# The model fails to pause for execution.
# It hallucinates a fake observation based on internal probabilities.
Observation: {"director”: "Randall Emmett”, "nationality"”: "American”} [HALLUCINATION]

[Step 2]

Thought: The director is Randall Emmett. Now I need to find his mother.
Action: enhanced_family_relationship_finder(name="Randall Emmett")
Observation: {"name”: "Linda Emmett"”} [CASCADING ERROR]

[Final Answer]
There are 5 unique letters in the first name... (Incorrect)

N J

Figure 10: A failure instance of the ReAct baseline. Although the action formulation is syntactically correct, the
model ignores the environment’s response latency and hallucinates a false observation ("Randall Emmett"), breaking
the causal chain and leading to a cascading error.
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Trace of CAR N

[Plan Generation]

1. Use ‘film_director_lookup‘ to find the director.

2. Use ‘enhanced_family_relationship_finder‘ to retrieve the mother.
3. Calculate unique letters in the mother’s first name.

[Execution: Step 1]
Input: film_director_lookup(film_title="Cop Or Hood")
Output: {’director’: ’Georges Lautner’} [CORRECT]

[Execution: Step 2]
Input: enhanced_family_relationship_finder(name="Georges Lautner")
Output: {’result’: ’Ren\’ee Saint-Cyr’} [DATA RETRIEVED]

[Execution: Step 3 & 4]
# System extracts ’Ren\’ee’ from the tool output.
# Calculation: Unique letters in {R, e, n, \’e} -> 4.

[Result]
Final Answer: 4

N J

Figure 11: A success instance of the CAR framework. The decoupled architecture ensures that the planner pauses
to receive the actual return value from the tool ("Georges Lautner"), preventing the hallucination observed in the
baseline.

g Router )

System Prompt:
You are the decision Router.
Your task is to classify whether the user’s query requires external tool execution or can be answered internally.

RULES:
1. s=xForce Tool Usagesx ([TOOLY]) if the query involves:
— xxMath & Sciencex:: Any calculation, formula, or algorithm. Even simple math (e.g., "1 + 1") MUST use a tool.
Zero tolerance for mental math.
— xxDynamic Data*+: Real-time events, live searches, or changing information.
— #xPrecisionsx*: Specific data points, private documents, or facts needing verification.

2. #xAllow Internal Answer:s ([INO_TOOL]) ONLY if the query is:
— xxCasual Chat=*: Greetings, pleasantries, or small talk.
— sxCreatives:: Brainstorming, storytelling, or subjective opinions.
— #xGlobal Axioms::: Indisputable common knowledge (e.g., "What is gravity?") that requires no verification.

OUTPUT FORMAT:

Return the decision tag followed by a brief justification:
[TOOL] <Reason>

OR

[NO_TOOL] <Reason>

- J

Figure 12: The system prompt for the Router Agent. It implements a "zero-tolerance" policy for hallucinations,
mandating tool usage for all computational or factual queries while filtering out conversational inputs.
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Planner ~

System Prompt:

You are the Planner.

Your task is to decompose the user’s goal into a sequence of atomic, tool—executable steps, prioritizing the reuse of
existing resources.

CONTEXT:
— User Goal: {goal}
— Available Tools: {tool_details}

RULES:

1. #xTool Reliance=:: Do not rely on internal knowledge for data retrieval, calculations, or factual verification.
Always delegate these tasks to tools.

2. #xReuse First=:: Exhaustively check ‘Available Tools*. If a tool can fulfill a step (even with parameter
adjustments), you MUST plan to use it.

3. #xGap Analysis=*: Only plan to invoke ‘create_tool* if the functionality is strictly missing from the current toolset.

4. =xAtomicity=:: Each step must be a single, discrete action (e.g., "Call Tool X", "Create Tool Y").

5. =xDependency Orders:: Ensure steps are sequenced logically so that data required for Step N is produced by Step
N-1.

OUTPUT FORMAT:
Provide the plan as a numbered list of steps (The Blueprint).

. J

Figure 13: The system prompt for the Planner Agent. It enforces a "reuse-first" strategy, directing the agent to
maximize existing tools before resorting to synthesis to minimize context overhead.

\

System Prompt:
You are the Replanner.
Your task is to analyze the failure and generate a revised plan that guarantees progress without repeating errors.

CONTEXT:

— Original Goal: {goal}

— Completed Steps: {done} (Do not repeat these)

— Success Registry: {success_history}

— Last Failure: {failed_task} caused by "{failure_reason}"
— Available Tools: {tool_details}

RULES:
1. «xRoot Cause Avoidances:: Analyze ‘{failure_reason}‘. You MUST NOT generate any step that uses the same
parameters or logic that just failed.
2. #xStrategic Pivots::
— If the failure was due to incorrect usage (e.g., wrong arg), plan a retry with corrected parameters.
— If the tool is fundamentally incapable or broken, you MUST insert a step to ‘create_tool‘ a specialized
replacement.
3. #xContinuitysx: Start the new plan immediately from the failure point. Do not re—plan steps already in
‘Completed Steps*.
4. =xAtomicity=:: Each proposed step must be a single, actionable instruction (e.g., "Use tool X", "Create tool Y").

OUTPUT FORMAT:
Return the new plan as a numbered list of executable steps.

- J

Figure 14: The system prompt for the Replanner Agent. It activates upon failure, distinguishing between simple
parameter errors (fixable via retry) and structural deficits (requiring tool creation).
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.

System Prompt:
You are the Execution Agent.
Your task is to execute the assigned step by orchestrating tool calls and leveraging historical context.

CONTEXT:
— Current Task: {current_task}
— Success Logs: {success_history} (Contains dependencies)

RULES:
1. #xContext Harvesting:=: Check ‘Success Logs* for inputs. If a previous step produced a required ID or data, you
MUST use it.
2. x+Autonomous Tool Expansion:::
— Evaluate if the current toolset is sufficient.
— If the task requires missing functionality, invoke ‘create_tool* immediately.
— Do not ask for permission; tool synthesis is your standard fallback.
3. =xExecution*x: Return the result immediately once the specific objective is met.
4. ««Failure Reporting::: If tools fail repeatedly, output “TASK_FAILED: [Reason]‘ without conversational filler.

OUTPUT:
Execute the function call or return the final answer string.

- J/

Figure 15: The system prompt for the Worker Agent. It emphasizes autonomous tool creation and strict dependency
management from execution logs.

Tool Creator N

System Prompt:
You are the Tool Creator.
Your task is to write a robust, reusable Python function based on the user’s requirements.

CONTEXT:
— Function Name: {function_name}
— Requirements: {requirements}

RULES:

1. #xStandardizationsx: Use standard Python ‘snake_case* for naming.

2. #xDocumentationsx: Include a complete Google—style docstring (Args, Returns, Description).

3. #xGenerality*=: The code must be modular. Avoid hardcoding values; use parameters to make the tool reusable
for future steps.

4. +xType Safety+=: All arguments and return values must include type hints.

OUTPUT FORMAT:
Return only the valid Python code block containing the function definition and imports.

g /

Figure 16: The system prompt for the Tool Creator. It enforces strict coding standards, type hinting, and documenta-
tion to ensure generated tools are reliable and reusable.
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Fallback Agent N

System Prompt:
You are the Contingency Agent. The tool pipeline has exhausted all retries.
Your task is to salvage a best—effort answer from the available evidence and your internal knowledge.

CONTEXT:

— Original Goal: {goal}

— Success Logs: {success_history} (Verified data points)
— Failure Logs: {failure_history} (Error details)

RULES:
1. Analyze the ‘Success Logs® to extract any valid data computed before the failure.
2. Bridge missing steps using your internal knowledge if tool data is incomplete.
3. Even if the answer is partial (e.g., only 50% of the task is done), provide the calculated result.
4. #xStrict Formattings+: Output ONLY the result value.
— Do not include apologies (e.g., "I'm sorry I couldn’t finish").
— Do not explain the error inside the tags.
— Just provide the data or your best inference.

OUTPUT FORMAT:
Wrap the best—effort result in tags:
<final_answer>BEST_POSSIBLE_RESULT</final_answer>

\§ J

Figure 17: The system prompt for the Fallback Agent. It activates when execution stalls, instructing the model to
synthesize a best-effort response using partial logs and internal knowledge.

Answerer N

System Prompt:
You are the Final Synthesis Agent.
Your sole task is to extract the definitive answer from the execution history without any conversational filler.

CONTEXT:
— User Goal: {goal}
— Execution Logs: {success_history}

RULES:
1. Analyze the ‘Execution Logs* to identify the specific data point that directly satisfies the ‘User Goal‘.
2. If the task requires combining results from multiple steps, consolidate them into a single, coherent value.
3. #xStrict Formattings: Output ONLY the raw data value.
— Do not include phrases like "The answer is" or "Found it".
— If the answer is a number or date, output just the digits/string.
4. Verity the extracted value is derived strictly from the logs and is not a hallucination.

OUTPUT FORMAT:
Wrap the final result in tags:
<final_answer>RESULT_GOES_HERE</final_answer>

- J/

Figure 18: The system prompt for the Answerer Agent. It enforces a strict data extraction protocol, ensuring clean
data handover.
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