
Proceedings of the 64th Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pages 36819–36829
July 2-7, 2026 ©2026 Association for Computational Linguistics

ARCHITECT: Uncertainty-Aware Dynamic Tool Learning
via Causal Intervention for Open-World Agents

Wang zhangyi1, JIEXIANG XU1, Bingnan Yu2, Li Zongze1,†

1Nanyang Technological University, 2Columbia University
Correspondence: zhangyi001@ntu.edu.sg, JIEXIANG003@e.ntu.edu.sg, by2387@columbia.edu, li0005ze@e.ntu.edu.sg

Abstract

Dynamic tool generation empowers Large Lan-
guage Model (LLM) agents to synthesize tools
on demand, yet a critical challenge remains:
32.4% of generated tools fail on first invocation.
We present Causal Tool Diagnosis (CTD), a
principled framework that moves beyond black-
box reliability prediction to interpretable fail-
ure attribution. CTD constructs a Structural
Causal Model (SCM) capturing how specifica-
tion quality, code characteristics, and execution
environment jointly determine tool outcomes.
Uniquely leveraging code’s intervenability, we
conduct controlled sandbox experiments to es-
timate causal effects—an advantage unavail-
able in pure text generation. CTD jointly
predicts confidence (Spearman rank correla-
tion coefficient ρ=0.90) and root cause attribu-
tion (78% accuracy), with attributions directly
guiding targeted repairs (+9.6% success rate
over error-type classification). Our ARCHI-
TECT framework, integrating CTD throughout
the tool lifecycle, achieves state-of-the-art on
four benchmarks including StableToolBench
(+3.8%), MINT (+4.6%), T-Eval (+3.7%), and
SWE-bench Lite (+2.4%), with consistent im-
provements across all settings.

1 Introduction

Dynamic tool generation (Xi et al., 2025; Chen
et al., 2024a) marks a paradigm shift in LLM agent
capabilities: rather than being constrained to pre-
defined tool inventories, agents can now synthe-
size tools tailored to novel tasks. This flexibility
is transformative—but introduces a fundamental
tension that existing work has overlooked: dynami-
cally generated tools are inherently untrustworthy.

The Reliability Crisis. We conducted an em-
pirical study on 1,247 dynamically generated tools
and uncovered a striking finding: 32.4% fail on
their first invocation (Figure 1). More troubling,
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failed tools exhibit systematically lower code qual-
ity metrics than successful ones (p < 0.001), yet
current methods (Qian et al., 2023; Liu et al., 2024;
Zou et al., 2025) treat all generated tools as equally
trustworthy—a “blind trust” assumption that is un-
tenable for reliable agent deployment.

This raises two intertwined questions: (1) Can
we predict whether a tool will succeed before de-
ployment? (2) When failures occur, can we explain
why to enable targeted repair? Existing uncertainty
quantification (UQ) methods (Kuhn et al., 2023;
Xiong et al., 2023) address only the first question,
treating reliability as a scalar prediction problem.
We argue this is insufficient: knowing that a tool
might fail is far less actionable than understand-
ing why—the latter directly prescribes the repair
strategy.

A Causal Perspective. We reframe tool relia-
bility through causal inference. Tool failures arise
from identifiable factors (specification ambiguity,
code defects, environmental issues) propagating
along causal pathways. The key insight is that
identifying the root cause is more valuable than
predicting the outcome: a specification-induced
failure demands documentation enrichment; a code
defect calls for local patching; an environmental
issue suggests API replacement.

This motivates Causal Tool Diagnosis (CTD),
our core contribution. CTD constructs a Struc-
tural Causal Model (SCM) for tool failures, dis-
tinguishing direct effects (e.g., specification am-
biguity directly causing functional errors) from
indirect effects (e.g., specification → code →
failure). A key innovation is exploiting code’s
unique intervenability: unlike pure text generation,
we can conduct controlled experiments in sand-
boxed environments—injecting faults, mutating
code, varying API responses—to estimate causal
effects empirically rather than relying solely on
observational correlations.

Contributions. We introduce the uncertainty-
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Figure 1: The reliability crisis in dynamic tool generation. (a) 32.4% of tools fail on first use; (b) failed tools
show significantly degraded code quality; (c) code features correlate with success: guard completeness (Pearson
correlation coefficient r=0.42), type safety (r=0.37), documentation coverage (r=0.23), complexity (r=-0.28).

aware tool learning paradigm and the ARCHITECT
framework:

• Causal Modeling for Tool Reliability (core
contribution): We are the first to apply
causal inference to dynamic tool learning,
constructing an SCM with both chain and
direct edges, validated by expert agreement
(Fleiss’ kappa coefficient κ=0.74) and show-
ing 76–81% edge overlap with graphs recov-
ered by Peter–Clark (PC), Fast Causal Infer-
ence (FCI), and Linear Non-Gaussian Acyclic
Model (LiNGAM) algorithms. Sandbox inter-
vention experiments contribute +0.06 Spear-
man ρ over observation-only baselines.

• Joint Confidence and Attribution: CTD simul-
taneously outputs confidence c(f) ∈ [0, 1]
and root cause attribution r(f) ∈ R3 over
specification, code, and environment factors,
enabling interpretable reliability assessment.
Attribution-guided repair achieves 81.2% suc-
cess rate versus 71.6% for error-type classifi-
cation (+9.6%).

• Comprehensive Validation: Ablations iso-
late contributions of each component: causal
graph structure (+4.5% attribution accuracy),
intervention experiments (+0.06 ρ), root cause
guidance (+8.2% repair rate over confidence-
only). ARCHITECT achieves SOTA on four
diverse benchmarks.

2 Related Work

Tool Learning for LLM Agents. The tool learn-
ing landscape has evolved from static tool in-
vocation (Schick et al., 2023; Qin et al., 2023;
Li et al., 2023; Tang et al., 2023) to dynamic

tool synthesis. ToolLLM (Qin et al., 2023) and
StableToolBench (Guo et al., 2024) established
large-scale benchmarks; CodeAct (Wang et al.,
2024) demonstrated executable code as a uni-
fied action space; multi-agent frameworks like
MetaGPT (Hong et al., 2023) and AgentBench (Liu
et al., 2023b) further advanced agent capabilities.
Recent work—Evolving Tools (Chen et al., 2024a),
CREATOR (Qian et al., 2023), ToolACE (Liu et al.,
2024), AutoTool (Zou et al., 2025)—enables on-
demand tool creation but lacks reliability quantifi-
cation. Our work addresses this gap with principled
uncertainty estimation and causal attribution.

Uncertainty Quantification in LLMs. Verbal-
ized Confidence (Xiong et al., 2023) elicits self-
reported uncertainty; Semantic Uncertainty (Kuhn
et al., 2023) measures output variation under para-
phrasing; Conformal Prediction (Angelopoulos and
Bates, 2023) provides distribution-free coverage
guarantees; recent surveys (Shorinwa et al., 2025)
and methods (Lin et al., 2023) further advance this
area. These methods predict whether outputs are re-
liable but cannot explain why failures occur. A key
distinction: existing methods treat tool generation
as deterministic, while we model it as probabilistic
inference. Code executability provides objective
verification signals unavailable in pure text genera-
tion, enabling more precise confidence estimation.

Causal Inference in ML. Causal methods have
advanced fairness (Kusner et al., 2017) and inter-
pretability (Pearl, 2019). Wong et al. (Wong et al.,
2016) applied causal reasoning to bug localization—
but this targets traditional programs, not LLM-
generated tools. Our work leverages sandbox con-
trollability for intervention experiments targeting
the unique failure modes of dynamically generated
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Figure 2: ARCHITECT framework overview. (a) End-to-end pipeline from task to validated tool; (b) CTD
architecture for joint confidence and attribution prediction; (c) Causally-guided repair strategy selection.

tools.
Self-Correction in LLMs. Self-Refine (Madaan

et al., 2023) and Reflexion (Shinn et al., 2023)
pioneered iterative refinement, yet Kamoi et
al. (Kamoi et al., 2024) showed self-correction
without external feedback often fails. Our approach
provides objective signals through sandbox valida-
tion, enabling error-type-aware correction rather
than blind regeneration.

3 The ARCHITECT Framework

ARCHITECT integrates uncertainty quantification
throughout the tool learning lifecycle (Figure 2).
We first describe the overall pipeline (§3.1), then
detail our core contribution—Causal Tool Diagno-
sis (§3.2)—followed by adaptive correction (§3.3)
and tool evolution (§3.4).

3.1 Dynamic Tool Discovery and Validation

Given task T , ARCHITECT first queries a
semantically-indexed tool library. If a suitable tool
exists (cosine similarity ≥ 0.7), it is reused with
confidence-weighted priority. Otherwise, dynamic
generation proceeds:

(1) Context Retrieval. Retrieval-Augmented
Generation (RAG) retrieves relevant API documen-
tation from ToolBench’s 12,847 official docs, sup-
plemented by real-time web search for emerging
APIs.

(2) Code Generation. The LLM synthesizes tool
code given the task description and retrieved con-
text.

(3) Sandbox Validation. Generated code exe-
cutes in a Docker sandbox with three-stage verifi-
cation: syntax checking, LLM-generated test case
execution, and output format validation. This pro-
vides objective feedback signals unavailable in pure
text generation—the foundation for our causal in-
tervention approach.

3.2 Causal Tool Diagnosis (CTD)

Existing reliability prediction treats tool success
as a black-box classification target. We argue this
formulation is fundamentally limited: it answers
“will this tool work?” but not “why might it fail?”
or “how should we fix it?” CTD addresses all three
through causal modeling.

3.2.1 Structural Causal Model for Tool
Failures

Based on systematic analysis of 1,247 tools (404
failures, annotated by 3 experts, Fleiss’ κ=0.69),
we identify three primary failure factors and con-
struct the following SCM, represented as a causal
graph G:

G :XS → XC → XE → Y ;

XS → XE ; XS → Y
(1)

where:

• XS (Specification): API documentation com-
pleteness, requirement clarity

• XC (Code): Guard completeness, type safety,
error handling
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• XE (Execution): API response codes, runtime
exceptions, timeouts observed during sandbox
validation (not final deployment outcomes)

• Y (Outcome): Success or failure

Critically, we model direct edges XS → Y and
XS → XE beyond the chain structure. The direct
edge XS → Y captures cases where specification
ambiguity causes functional errors even with cor-
rect code (e.g., misunderstanding API semantics).
The edge XS → XE captures specification errors
leading to wrong API calls.

Causal Graph Validation. We validate G
through five complementary approaches:

1. Expert agreement: 3 domain experts indepen-
dently constructed causal graphs; inter-rater
agreement κ=0.74.

2. Ablation: Removing direct edges degrades
attribution accuracy by 4.5%.

3. Conditional independence: XS → Y remains
significant given XC (r=0.26, p<0.01), con-
firming the direct effect.

4. Causal discovery algorithms: PC and FCI al-
gorithms recover 81% and 78% of edges re-
spectively.

5. LiNGAM: Data-driven discovery achieves
76% edge overlap with expert SCM.

Robustness checks: E-value (VanderWeele and
Ding, 2017)=2.1 indicates strong unmeasured con-
founding would be needed to nullify observed
effects. Bootstrap resampling (1,000 iterations)
shows core edges stable in 91% of samples. Con-
founding control: A potential confounder for
XS → Y is task complexity U . Stratified analysis
controlling for task complexity confirms XS → Y
significance across simple/medium/complex sub-
sets (regression coefficient β=0.17/0.23/0.28, all
p<0.05). Mediation analysis confirms significant
direct effect of XS → Y (β=0.22, p<0.01); coun-
terfactual validation (n=109) shows 61.5% of failed
cases become successful after supplementing docu-
mentation.

3.2.2 Causal Effect Estimation via
Intervention

A key insight is that code domains offer a unique
advantage over pure text: intervenability. We can
conduct controlled experiments in sandboxed envi-
ronments to estimate causal effects, moving beyond
observational correlations.

XE Intervention (Environment). We fix the gen-
erated code and use a Mock Server to systemati-
cally vary API responses (HTTP 200/400/500/time-
out). This isolates the causal effect of execution
environment on outcomes. While Mock responses
abstract away fine-grained error semantics (e.g.,
400 may stem from parameter errors, authentica-
tion issues, or rate limits), our goal is measuring
the aggregate environmental effect on tool success,
not diagnosing specific API failures—the latter is
handled by rE attribution during repair. Measured
ACE (Average Causal Effect, XE → Y ) = 0.67.

XC Intervention (Code). We fix the environment
and apply semantics-preserving code mutations—
specifically, removing guard code (try-catch blocks,
type checks) while preserving core logic. AST
(Abstract Syntax Tree) analysis ensures mutations
target only exception handling; output consistency
on normal inputs reaches 97.6% pre/post mutation.
Measured ACE(XC → Y ) = 0.51.
XS Intervention (Specification). We regener-

ate tools using different documentation versions
of the same API (complete vs. partial). Note
that this intervention naturally affects downstream
XC (code characteristics) through the causal chain
XS → XC ; the measured ACE(XS → Y ) =
0.38 captures the total effect including both direct
(XS → Y ) and indirect (XS → XC → Y ) path-
ways. Mediation analysis (reported above) isolates
the direct effect (β=0.22). ACE(XS → XE) =
0.33, confirming that documentation gaps cause
incorrect API calls.

These intervention-derived effects serve as su-
pervision signals for CTDNet training, contributing
+0.06 Spearman ρ over observation-only baselines.
We note that the three intervention strategies differ
in nature and strength; the reported ACE values
serve as training signals within each causal path-
way rather than strictly comparable effect sizes
across factors.

Intervention cost analysis: Average 4.3 interven-
tions/tool. Cost-benefit curve: 1/2/4/8 interven-
tions yield ρ of 0.79/0.86/0.90/0.91; 4 is optimal
(diminishing returns). For new tools, reusing inter-
vention results from similar tools (cosine similarity
>0.9) reduces interventions by 61% with only 0.04
ρ drop.

3.2.3 CTDNet: Joint Prediction Architecture
CTDNet takes multimodal inputs encoding each
causal factor:

• xS : Sentence-BERT embedding of specifica-
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tion (384d)
• xC : CodeBERT embedding of generated code

(768d)
• xE : One-hot encoding of status codes and

exception types (64d)

We employ a 2-layer Graph Attention Network
(GAT) with 8 attention heads and hidden dimen-
sion 128. Architecture choice: We selected GAT
over alternatives including Graph Convolutional
Network (GCN), Graph Sample and Aggregate
(GraphSAGE), and Graph Isomorphism Network
(GIN) because attention weights provide inter-
pretable edge importance aligned with causal effect
magnitudes—GCN’s fixed aggregation and GIN’s
sum pooling lack this property. Empirically, GAT
achieves ρ=0.90 vs. GCN 0.86, GraphSAGE 0.87,
GIN 0.84. Crucially, the adjacency matrix is con-
strained by G: message passing follows causal edge
directions only, with reverse edges masked. This
architectural choice improved attribution accuracy
by 9% over unconstrained attention.

Depth selection: We evaluated 1–4 layer GATs,
achieving ρ of 0.85/0.90/0.88/0.86. Two lay-
ers proved optimal; deeper networks suffer over-
smoothing given the 3-node graph.

The aggregated representation hagg is computed
as:

hagg = MeanPool
(
[h

(2)
S ;h

(2)
C ;h

(2)
E ]

)
∈ R128 (2)

where h
(2)
S , h(2)

C , h(2)
E are the second-layer GAT

hidden states for the specification, code, and en-
vironment nodes respectively. It feeds two output
heads for a given tool f :

c(f) = σ(Wchagg),

r(f) = softmax(Wrhagg)
(3)

where c(f) = σ(·) (sigmoid) ∈ [0, 1] is predicted
confidence and r(f) = [rS , rC , rE ] is the root
cause attribution probability vector (

∑
i ri = 1).

Wc and Wr are learnable projection matrices. rS
indicates specification issues (API documentation
gaps, requirement ambiguity), rC indicates code
defects (missing guards, type errors), and rE indi-
cates execution environment issues (API unavail-
ability, timeouts).

Training. CTDNet is trained to jointly optimize
confidence calibration and root cause attribution.
The multi-task loss is defined as:

L = LBCE(c) + λLCE(r) (4)

with loss balancing coefficient λ=0.5 (grid-
searched; Figure 3a shows stability in [0.4, 0.6]),
where LBCE denotes Binary Cross-Entropy loss
for confidence and LCE denotes Cross-Entropy
loss for attribution. Data: 1,247 tools from Sta-
bleToolBench I1-I2, split 7:1.5:1.5 (873/187/187).
Three annotators vote on root cause (Fleiss’
κ=0.69). Adam optimizer, lr=5e-4, batch size 32,
early stopping at epoch 45 (patience 10).

Protocol extension: Currently supports
HTTP REST. For WebSocket: intervene on
connection states (open/close/error) and mes-
sage latency. For gRPC: map status codes
(OK/CANCELLED/DEADLINE_EXCEEDED)
to HTTP equivalents. Core causal framework
unchanged; only protocol adaptation layers
needed.

Generalization: Zero-shot transfer to MINT/T-
Eval shows <3% degradation in CTD calibra-
tion (ρ). We further validated on specialized do-
mains: financial APIs (Alpha Vantage, 47 tools,
ρ=0.80) and geographic APIs (OpenStreetMap,
38 tools, ρ=0.83). Performance drops stem from
domain-specific error patterns (e.g., trading time
restrictions, coordinate formats), recoverable to
ρ=0.85/0.86 via 20-sample online adaptation.

3.3 Adaptive Correction Strategy Selection

A key advantage of causal attribution over scalar
confidence is actionability: the root cause directly
prescribes the repair strategy.

Causally-Guided Repair. Based on CTD’s attri-
bution r(f):

• rS dominant → Supplement API documenta-
tion or generate clarifying questions

• rC dominant → Local code repair or parame-
ter adjustment

• rE dominant → API replacement or retry with
exponential backoff

Table 1 demonstrates the advantage; Table 2 de-
tails error-type-specific effectiveness.

Method Success Rounds

Fixed (regenerate) 58.5% 2.4
Error-type classif. 71.6% 1.8
Causal (ours) 81.2% 1.4

Table 1: Repair effectiveness. Causal attribution outper-
forms fixed strategies and error-type classification.
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Figure 3: Sensitivity and generalization analysis. (a) Loss weight λ stable in [0.4, 0.6]; (b) Cross-dataset zero-shot
transfer: CTD calibration (ρ) with minimal degradation.

Err. Type Strategy Adpt Fix Freq

Syntax Loc. repair 93.5 72.4 28%
API param Param adj. 81.7 57.5 35%
Auth/perm API repl. 54.2 33.6 22%
Logic Regen. 59.8 48.1 15%

Table 2: Error-type-specific repair effectiveness (%).

The improvement stems from three factors: (1)
root causes are more stable than surface symptoms,
enabling better cross-domain transfer (5% vs 10%
degradation); (2) attributions are interpretable, sup-
porting human oversight; (3) CTD can identify
multi-factor interactions (e.g., specification ambi-
guity compounded by missing guards).

Correction Pipeline. The repair process fol-
lows: sandbox error → rule matching/neural classi-
fication → execute repair → re-validate → update
confidence. Maximum correction rounds Rmax=3
(the maximum number of iterative repair attempts
per tool).

Online Adaptation. The causal graph structure
remains fixed; only CTDNet parameters adapt. We
trigger fine-tuning after accumulating 20 domain-
specific samples (sensitivity analysis: 10/20/50
samples yield 73.6%/76.1%/75.8% attribution ac-
curacy). For automatic threshold adjustment across
domains, we propose entropy-based adaptation:

Nadapt = 20× (1 +Herr/Hmax) (5)

where Nadapt denotes the number of online adap-
tation samples, Herr is the error-type distribution
entropy, and Hmax is its theoretical maximum for
normalization. Validated on 5 held-out domains
(financial, geographic, social media, weather, e-

commerce APIs; 38–67 tools each), this achieves a
Mean Absolute Error (MAE) of 3.1 samples with
standard deviation (std) of 1.4.

3.4 Tool Reuse and Evolution
Inspired by Voyager (Wang et al., 2023a) and
GITM (Zhu et al., 2023), we maintain a
semantically-indexed tool library. Retrieval
combines embedding similarity with confidence-
weighted historical success rate. Tools with success
rate <0.8 or exhibiting repeated error patterns trig-
ger automatic evolution: CTD identifies the dom-
inant failure cause, and the corresponding repair
strategy is applied.

4 Experiments

4.1 Experimental Setup
Benchmarks. We evaluate on four diverse bench-
marks: (1) StableToolBench (Guo et al., 2024):
6 subsets covering tool invocation scenarios; (2)
MINT (Wang et al., 2023b): multi-turn tool in-
teraction; (3) T-Eval (Chen et al., 2024b): fine-
grained tool utilization evaluation; (4) SWE-bench
Lite (Jimenez et al., 2023): real-world software en-
gineering tasks. We also reference code generation
benchmarks (Chen et al., 2021; Liu et al., 2023a)
for context.

Baselines. We compare against: (1) General
agents: ReAct (Yao et al., 2022), CodeAct (Wang
et al., 2024); (2) Dynamic tool generation: Evolv-
ing Tools (Chen et al., 2024a), CREATOR (Qian
et al., 2023), ToolACE (Liu et al., 2024), Auto-
Tool (Zou et al., 2025); (3) UQ methods: Verbal-
ized Confidence (Xiong et al., 2023), Semantic
Uncertainty (Kuhn et al., 2023), Conformal Predic-
tion (Angelopoulos and Bates, 2023).
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Configuration. Default backbone: GPT-4o
(temperature 0.0 for reproducibility); additional
experiments with Claude-3.5-Sonnet and Llama-
3-70B. Each task is evaluated once following of-
ficial benchmark protocols. Sandbox validation
overhead: 3.2s/tool (1.7s test generation + 1.1s
execution, CPU only).

Metrics. Task success rate (primary); confi-
dence calibration via Spearman ρ between pre-
dicted confidence and actual success; attribution
accuracy against human annotations.

4.2 Main Results

Table 3 shows ARCHITECT achieves state-of-the-
art across all benchmarks: StableToolBench +3.8%,
MINT +4.6%, T-Eval +3.7%, SWE-bench Lite
+2.4%.

Method STB MINT T-Eval SWE

ReAct 49.3 41.3 64.3 –
CodeAct 57.6 49.5 71.8 20.7
CREATOR 55.1 50.9 73.4 22.7
ToolACE 59.8 50.2 70.6 24.3
Evol. Tools 58.3 52.4 74.1 –
AutoTool 61.4 53.6 75.9 25.3

ARCHITECT 65.2 58.2 79.6 27.7

Table 3: Main results (GPT-4o). Task success rate (%).

SWE-bench Analysis. The modest +2.4% over-
all improvement reflects ARCHITECT’s applicabil-
ity boundary: the majority of SWE-bench failures
stem from code localization rather than tool issues.
On the tool-related subset (89 samples), improve-
ment reaches +6.7%. Breakdown by task type: API
integration +11.8% (n=34), data processing +6.5%
(n=31), configuration +4.2% (n=24)—validating
CTD’s advantage on tool-intensive tasks. CTD is
orthogonally composable with code understanding
methods.

Cross-Model Generalization. Table 4 demon-
strates consistent +2.9 to +3.8% improvements
across LLM backends, confirming method inde-
pendence from specific model capabilities.

4.3 Ablation Studies

Table 5 isolates component contributions:
Intervention experiments (+0.06 ρ): Removing

sandbox interventions and relying solely on obser-
vational data degrades calibration from 0.90 to 0.84,
validating the value of controlled experiments.

Method GPT-4o Claude Llama

AutoTool 61.4 56.9 46.2
ARCHITECT 65.2 60.4 49.1

Table 4: Cross-model generalization on StableTool-
Bench. Claude: Claude-3.5-Sonnet; Llama: Llama-
3-70B.

Config STB MINT ρ Attr Rep

Full 65.2 58.2 .90 78.0 81.2
−Interv. 62.1 55.4 .84 72.0 76.0
−Dir. edges 63.4 56.1 .87 73.5 77.0
−Graph str. 61.8 55.0 .85 69.0 74.0
−Root cause 63.7 56.3 .88 – 73.0

Verbalized 58.6 51.7 .42 – 56.4
Semantic 59.3 52.4 .48 – 57.0

+same feat 61.0 54.2 .72 – 62.0
Conformal 60.1 53.0 .55 – 59.0

Table 5: Ablation (top) and UQ comparison (bottom).
Attr/Rep in %.

Direct edges (+4.5% attribution): Simplifying G
to a pure chain structure (XS → XC → XE → Y )
reduces attribution accuracy, confirming the impor-
tance of modeling direct specification-to-outcome
effects.

Graph structure (+9% attribution): Replacing
the causally-constrained GAT with unconstrained
attention degrades attribution from 78% to 69%,
demonstrating that architectural inductive bias mat-
ters.

Root cause attribution (+8.2% repair): Remov-
ing attribution and using confidence-only guidance
reduces repair success.

Fair UQ comparison: To isolate causal mod-
eling’s contribution from feature engineering, we
augment Semantic Uncertainty with identical fea-
tures (xS , xC , xE). Even with matched features,
CTD achieves +0.18 ρ improvement (0.90 vs 0.72),
confirming the independent value of causal struc-
ture.

4.4 Analysis and Discussion

Attribution Accuracy by Path. On the 1,247-tool
dataset, CTD achieves 76.8% per-path weighted
attribution accuracy, with variation across causal
paths: rC (code defects) 83.4%, rE (environment)
76.1%, rS (specification) 68.7%. The higher 78%
reported in Table 5 reflects attribution accuracy on

36825



benchmark tasks. The lower rS accuracy reflects
the inherent difficulty of semantic understanding—
a bottleneck we address through dual-tool compari-
son for low-confidence cases (Table 6).

Fail. Mode Freq Conf Acc Avoid

Syntax/fmt 28% 87.3% 78.5%
API param 35% 80.6% 71.2%
Semantic 22% 49.1% 32.7%
External 15% 67.5% 53.6%

Table 6: Failure mode analysis. Semantic mismatches
are hardest to detect.

Intervention Effectiveness. Controlled experi-
ments reveal strong causal effects: (1) XE interven-
tion (Mock Server returning 500) increases failure
rate from 14.7% to 86.3%; (2) XC intervention (re-
moving try-catch) increases failure rate from 8.2%
to 63.8%. The gap between intervention-based
(ρ=0.90) and observation-only (ρ=0.84) calibration
validates the value of sandbox controllability.

Mock vs Real API Validation: We compared
Mock intervention effects against 50 accessible
real APIs, achieving Spearman ρ=0.84. The re-
maining discrepancy stems from: rate limiting
(46%), network latency (34%), API updates (20%).
Mock slightly overestimates XE effect (+0.07), but
root cause ranking consistency reaches 88%. End-
to-end validation on 23 stable ToolBench APIs
shows ρ=0.80. Deployment calibration: For XE-
dominant attributions, we apply a decay factor of
0.93 (fitted on validation set) to reduce systematic
bias, recovering ρ=0.86.

Specialized Domain Validation. We validated
on financial APIs (Alpha Vantage, 47 tools, ρ=0.80)
and geographic APIs (OpenStreetMap, 38 tools,
ρ=0.83). Performance drops stem from domain-
specific patterns (trading time restrictions, coordi-
nate formats), recoverable to ρ=0.85/0.86 via 20-
sample online adaptation.

Cross-Dataset Generalization. Weights
learned on StableToolBench I1-I2 transfer well:
(1) STB G1-G3 subsets show no degradation; (2)
MINT/T-Eval show only 2%/3% CTD calibration
(ρ) drop (Figure 3b). Table 7 further details the task
success rate changes across adaptation settings.

Semantic Error Mitigation. The rS path rep-
resents the core bottleneck (68.7% accuracy, 51%
miss rate). We employ dual-tool comparison: for
tools with c(f) < 0.6, generate a second imple-
mentation and compare outputs. This reduces miss

Config STB MINT T-Eval

No adapt. 65.2 52.0 72.8
Online (20) 65.2 55.3 76.1
Full (in-domain) 65.2 58.2 79.6

Table 7: Domain adaptation. No adaptation degrades
MINT/T-Eval by 10%/9%; 20-sample adaptation re-
duces this to 5%/4%. STB serves as in-domain baseline.

rate to 37% with only +6.7% overhead (25% of
tools trigger). Remaining errors stem from: (1)
requirement ambiguity causing both implementa-
tions to fail consistently (56%); (2) API behavior
diverging from documentation (28%); (3) other
factors including edge cases and multi-factor inter-
actions (16%). Contract-based validation: Writing
pre/post-condition assertions for 47 high-frequency
APIs reduces miss rate to 23%. LLM-assisted asser-
tion generation achieves 66% coverage with 26%
miss rate, offering a scalable alternative. Integra-
tion with formal methods: CTD’s root cause attri-
bution can guide formal verification focus—high
rS prioritizes input constraint verification, high
rC triggers type safety checks, avoiding full-path
symbolic execution overhead. Static analysis in-
tegration: We explored augmenting XC features
with static analysis (type checking, null pointer de-
tection), improving attribution accuracy by 1.6%,
demonstrating effective complementarity between
CTD and traditional program analysis.

Test Case Generation. We prompt LLMs with
tool signatures and documentation to generate
boundary cases. Mutation filtering retains tests dis-
tinguishing mutants (mutation score >0.6). Thresh-
old sensitivity: 0.4/0.5/0.6/0.7 yield miss rates of
15%/11%/8%/10%; 0.6 balances quality and effi-
ciency. Compared to manual tests: 84% coverage,
11% miss rate.

Computational Overhead. Sandbox validation
adds 3.2s/tool (8.4% of end-to-end time). AR-
CHITECT 38.1s/task vs. AutoTool 34.2s/task
(+11.4%). The additional overhead is offset by
higher success rates, which reduce the need for
costly failed retries. The tool library uses FAISS
indexing with <50ms retrieval.

Scalability Analysis. For large-scale deploy-
ment, we combine active learning with intervention
result reuse (61% reduction for similar tools). With
4 interventions per tool as optimal, ARCHITECT
is practical for production environments.
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5 Conclusion

We introduced Causal Tool Diagnosis (CTD), a
principled framework for understanding and im-
proving dynamic tool reliability. The key in-
sight is that code’s intervenability—the ability
to conduct controlled experiments in sandboxed
environments—enables causal effect estimation un-
available in pure text generation. This represents a
fundamental shift from treating tool generation as a
deterministic process to modeling it as probabilistic
inference with objective verification signals.

CTD jointly predicts confidence (ρ=0.90) and
root cause attribution (78% accuracy), with attri-
butions directly guiding repair strategies (+9.6%
over error-type classification). Ablations validate
each component’s independent contribution. AR-
CHITECT achieves state-of-the-art on four bench-
marks.

6 Limitations

Semantic Attribution Bottleneck. The rS path
achieves only 68.7% accuracy with 37% miss rate
after mitigation. Contract-based validation reduces
this to 23% but requires domain expertise. LLM-
assisted assertion generation (66% coverage, 26%
miss rate) offers a scalable alternative, but fully
automated semantic verification remains an open
challenge. Integration with formal methods (e.g.,
symbolic execution guided by CTD attributions) is
a promising direction.

Causal Graph Validation. While we employ
multiple validation approaches (expert agreement
κ=0.74, ablation, conditional independence tests,
PC/FCI/LiNGAM algorithms with 76–81% edge
overlap, E-value=2.1, Bootstrap stability in 91%
of samples), the 1,247-sample foundation has in-
herent limitations. Larger-scale validation and
stricter identification strategies (e.g., instrumental
variables) remain valuable future directions.

Protocol and Domain Coverage. ARCHITECT
currently focuses on HTTP REST APIs. Web-
Socket and gRPC are supported through proto-
col adaptation layers but with limited validation.
High-stakes domains (healthcare, finance) require
specialized validation procedures—our financial
API validation (ρ=0.80) suggests feasibility but de-
mands more rigorous safety guarantees beyond our
current scope.
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