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Abstract

LLM agents that use external tools can solve complex tasks,
but understanding which tools actually contributed to a re-
sponse remains a blind spot. No existing XAI methods ad-
dress tool-level explanations. We introduce AgentSHAP,
the first framework for explaining tool importance in LLM
agents. AgentSHAP is model-agnostic: it treats the agent as
a black box and works with any LLM (GPT, Claude, Llama,
etc.) without needing access to internal weights or gradients.
Using Monte Carlo Shapley values, AgentSHAP tests how
an agent responds with different tool subsets and computes
fair importance scores based on game theory. Our contribu-
tions are: (1) the first explainability method for agent tool at-
tribution, grounded in Shapley values from game theory; (2)
Monte Carlo sampling that reduces cost from O(2n) to prac-
tical levels; and (3) comprehensive experiments on API-Bank
showing that AgentSHAP produces consistent scores across
runs, correctly identifies which tools matter, and distinguishes
relevant from irrelevant tools. AgentSHAP joins TokenSHAP
(for tokens) and PixelSHAP (for image regions) to complete
a family of Shapley-based XAI tools for modern generative
AI.
Code: https://github.com/GenAISHAP/TokenSHAP.

Introduction
Large Language Model (LLM) agents can now use ex-
ternal tools calculators, databases, web search, and APIs
[12, 9]. This makes them far more capable than standalone
LLMs. An agent with access to a calculator can solve
math problems accurately. An agent with stock market APIs
can provide real-time financial information. An agent with
Wikipedia access can answer factual questions with cita-
tions.

But with this power comes a new challenge: Which tools
actually matter for a given response?

This question matters for two key reasons. First, opti-
mization: system designers need to decide which tools to in-
clude, since more tools mean higher costs and latency. Logs
show which tools were called, but not how much each tool
actually mattered for the response. A tool might be called
frequently yet contribute little. Second, understanding: de-
velopers need to verify that the right tools are contributing.
If a Calculator tool has low importance on a math query,
something is wrong with the agent’s behavior.

Figure 1: AgentSHAP shows which tools matter. Different
prompts activate different tools. For a math query, Calcula-
tor scores highest (0.72). For a weather query, Weather tool
scores highest (0.78). Red bars indicate high importance,
blue bars indicate low importance.

Current XAI methods don’t help here. They focus on in-
put tokens [3], attention patterns [17], or feature importance
for tabular data [6]. To our knowledge, no existing explain-
ability framework addresses tool-level attribution in LLM
agents.

We introduce AgentSHAP, the first framework that ex-
plains tool importance in LLM agents. A key advantage is
that AgentSHAP is model-agnostic: it treats the agent as a
black box, requiring only input-output access. This means
it works equally well with local models you run yourself
or third-party APIs, without needing internal weights, gradi-
ents, or architecture details.

The key idea is simple: run the agent with different sub-
sets of tools and see how the response changes. Tools that
cause big changes when removed are important; tools that
don’t matter get low scores. Figure 1 shows example results.

We make the following contributions:
1. AgentSHAP framework: We propose the first method

to compute tool importance scores in LLM agents using
Shapley values. The scores satisfy key game-theoretic
properties: efficiency, symmetry, and null player.

2. Efficient Monte Carlo estimation: Computing exact
Shapley values requires 2n evaluations. We use Monte
Carlo sampling to reduce this to practical levels while
maintaining accuracy.

3. Comprehensive evaluation: We test AgentSHAP on the



API-Bank benchmark with real executable tools across
four experiments: consistency, faithfulness, irrelevant
tool injection, and cross-domain attribution.

4. Open-source release: AgentSHAP is available as part of
the TokenSHAP library at https://github.com/
GenAISHAP/TokenSHAP.

Related Work
LLM Agents with Tools. The capability of LLMs to use ex-
ternal tools has been a major research focus [7, 18, 19]. Tool-
former [12] pioneered self-supervised tool learning, while
ReAct [20] introduced interleaved reasoning and acting. Go-
rilla [8] demonstrated accurate API calling, and Hugging-
GPT [14] orchestrates multiple AI models as tools. Re-
cent work on autonomous agents [15] shows agents can
learn from feedback. Benchmarks like API-Bank [4] and
ToolBench [10] provide standardized evaluation with real
executable APIs. Despite this progress, no existing work
addresses explaining which tools contributed to agent re-
sponses.

Shapley Values for Explainability. Shapley values from
cooperative game theory [13] provide a principled, ax-
iomatic approach to fair attribution. SHAP [6] popularized
this for machine learning feature importance, with exten-
sions to tree models [5]. The key challenge is computational:
exact Shapley values require O(2n) coalition evaluations.
Monte Carlo sampling [1] addresses this by estimating val-
ues through random permutations, trading exactness for ef-
ficiency.

Explainability for LLMs. Explaining LLM behavior re-
mains challenging. Attention visualization [17] shows what
tokens the model attends to, but attention doesn’t always re-
flect importance. Integrated Gradients [16] and LIME [11]
provide input attribution but require model access. Token-
SHAP [3] uses Monte Carlo Shapley values to explain which
input tokens matter for LLM outputs in a model-agnostic
way. PixelSHAP [2] extends this to vision-language models.
AgentSHAP completes this family by explaining tool impor-
tance a new dimension of explainability unique to agentic
systems.

Method
An LLM agent A has access to a set of tools T =
{t1, t2, . . . , tn}. Each tool ti has a name, description, and
executable function. Given a user prompt p, the agent pro-
duces a response r = A(p, T ) by potentially calling one or
more tools. Figure 2 illustrates the overall approach.

Our goal is to compute importance scores ϕ =
{ϕ1, ϕ2, . . . , ϕn} where ϕi quantifies how much tool ti con-
tributed to the final response. These scores should be fair
(tools that contribute equally get equal scores), complete
(accounting for all contribution), and interpretable (higher
scores mean more importance).

Shapley Values for Tools
We formulate tool attribution as a cooperative game where
the tools T = {t1, . . . , tn} are the players. A coalition is
any subset of tools S ⊆ T , and the value function v(S) =

Algorithm 1 Monte Carlo Shapley for Tools

Require: Tools T , prompt p, sampling ratio ρ
Ensure: Shapley values ϕ1, . . . , ϕn

1: Get baseline response: rbase ← A(p, T )
2: Initialize: ϕi ← 0 for all i
3: for each tool ti ∈ T do
4: Compute leave-one-out: v(T \ {ti})
5: end for
6: m← ⌊ρ · (2n − n− 1)⌋
7: for j = 1 to m do
8: Sample random subset S ⊂ T
9: Get response: rS ← A(p, S)

10: Compute similarity: v(S)← sim(rS , rbase)
11: Update marginal contributions for each tool
12: end for
13: Compute final ϕi from Equation 1
14: return ϕ1, . . . , ϕn

sim(A(p, S),A(p, T )) measures how similar the response
with only tools S is to the full response with all tools T . We
use cosine similarity on text embeddings (text-embedding-
3-large) to capture semantic meaning rather than surface-
level word overlap.

The Shapley value for tool ti is:

ϕi =
∑

S⊆T\{ti}

|S|!(n− |S| − 1)!

n!
[v(S∪{ti})−v(S)] (1)

This formula averages the marginal contribution of tool ti
across all possible orderings in which tools could be added.
The weighting ensures fairness: each ordering is equally
likely. Shapley values satisfy key axioms (efficiency, sym-
metry, null player, linearity) that make them the unique fair
attribution method [6].

Monte Carlo Estimation
Computing exact Shapley values requires evaluating 2n

coalitions, which is infeasible for agents with many tools.
We use Monte Carlo sampling to estimate values efficiently.

Our algorithm (Algorithm 1) has two phases:

1. Leave-one-out: We always test removing each tool indi-
vidually. This ensures every tool’s direct effect is mea-
sured.

2. Random sampling: We sample additional random coali-
tions to capture tool interactions and improve estimates.

With sampling ratio ρ, we evaluate approximately n+ ρ ·
(2n − n − 1) coalitions instead of 2n. For n = 8 tools and
ρ = 0.5, this means 130 evaluations instead of 256.

Experiments
We evaluate AgentSHAP on the API-Bank benchmark [4],
which provides real executable tools and ground-truth an-
notations. We use GPT-4o-mini as the LLM and text-
embedding-3-large for semantic similarity.



Figure 2: How AgentSHAP works. (1) Run the agent with all tools to get a baseline response. (2) Test the agent with different
tool subsets using Monte Carlo sampling. (3) Compute Shapley values measuring each tool’s contribution to response quality.
The value function uses semantic similarity (cosine similarity on embeddings) to compare responses.

Experimental Setup
We use 8 tools from API-Bank: Calculator for arithmetic,
QueryStock for stock prices, Wiki for Wikipedia search,
plus AddAlarm, AddReminder, PlayMusic, BookHotel, and
Translate. We use real queries from API-Bank’s level-1
test set covering math calculations, stock price queries, and
Wikipedia searches. We set sampling ratio ρ = 0.5 and run
each experiment 3 times to measure consistency. We report
Top-1 Accuracy (does the highest-SHAP tool match the ex-
pected tool), Cosine Similarity (how stable are SHAP vec-
tors across runs), Quality Drop (response quality decrease
when removing a tool), and SHAP Gap (difference between
relevant and irrelevant tool scores).

Consistency
We test whether AgentSHAP results are stable across runs
despite the stochastic nature of Monte Carlo sampling. We
run AgentSHAP 3 times on 9 prompts with 3 tools avail-
able. Figure 3 shows the results: for the math query ”Cal-
culate (5+6)*3”, Calculator consistently receives the high-
est SHAP value (0.74-0.98) across all runs, and for stock
queries, QueryStock consistently scores highest (0.79-0.84).
The mean cosine similarity between SHAP vectors across
runs is 0.945, indicating high stability, and top-1 accuracy is
100%. This confirms Monte Carlo sampling provides stable
estimates.

Faithfulness
We test whether SHAP scores reflect actual tool importance
by removing tools and measuring response quality change.
For each prompt, we remove the highest-SHAP tool and
the lowest-SHAP tool separately, then measure quality drop
(semantic similarity to original response). Figure 4 shows
the results: removing high-SHAP tools causes mean quality
drop of 0.67, while removing low-SHAP tools causes only

Figure 3: Consistency across runs. SHAP values are sta-
ble despite Monte Carlo sampling. Left: Math query consis-
tently assigns high importance to Calculator. Right: Stock
query consistently assigns high importance to QueryStock.

0.05 drop, a 13x difference. This confirms SHAP values ac-
curately reflect which tools matter.

Irrelevant Tool Injection
We test whether AgentSHAP can distinguish the actually-
used tool from irrelevant tools by adding 4 unrelated tools
(AddAlarm, AddReminder, PlayMusic, BookHotel) to the 3
core tools. Figure 5 shows the results: the expected tool (Cal-
culator for math, QueryStock for finance, Wiki for knowl-
edge) receives mean SHAP of 0.53 while irrelevant tools re-
ceive only 0.07, a 7x difference. Top-1 accuracy is 86% (6/7
prompts correctly identify the expected tool). This demon-
strates AgentSHAP can identify unnecessary tools for auto-
matic pruning.

Cross-Domain Attribution
We test whether AgentSHAP correctly attributes importance
across different query domains (Math, Finance, Knowledge)
with 6 tools available. Figure 6 shows the results as a
heatmap: Math queries assign highest score to Calculator



Figure 4: Faithfulness test. Removing high-SHAP tools
(red) causes much larger quality drops than removing low-
SHAP tools (blue). This confirms SHAP values reflect actual
tool importance.

Figure 5: Irrelevant tool injection. AgentSHAP assigns
low scores to injected irrelevant tools (gray). The expected
tool (red) receives the highest score. Left: Math query. Right:
Finance query.

(0.45), Finance queries to QueryStock (0.55), and Knowl-
edge queries to Wiki (0.57). Overall top-1 accuracy is 86%,
showing AgentSHAP correctly identifies domain-relevant
tools.

Summary of Results
Our experiments demonstrate that AgentSHAP provides re-
liable and meaningful tool importance scores. The consis-
tency experiment shows that Monte Carlo sampling pro-
duces stable results with 0.945 mean cosine similarity
between runs. The faithfulness experiment confirms that
SHAP values reflect actual importance with 13x quality dif-
ference when removing important versus unimportant tools.
The irrelevant tool injection experiment shows AgentSHAP
assigns the expected tool 7x higher scores than irrelevant
ones. The cross-domain experiment demonstrates 86% ac-
curacy across different query types. Together, these results
validate AgentSHAP as a practical tool for understanding
and optimizing LLM agent behavior.

Limitations and Future Work
AgentSHAP has several limitations that suggest directions
for future research. First, it measures individual tool con-
tributions without capturing synergies between tools. When

Figure 6: Cross-domain attribution. The heatmap shows
mean SHAP values per domain-tool pair. Each domain cor-
rectly assigns highest importance to the expected tool: Cal-
culator for Math (0.45), QueryStock for Finance (0.55),
Wiki for Knowledge (0.57).

Calculator and Wiki together produce better results than ei-
ther alone, this interaction effect is not directly measured.
Extending to pairwise or higher-order Shapley interactions
could address this. Second, AgentSHAP analyzes single
prompt-response pairs rather than multi-turn conversations
where tool importance may shift over time. Tracking im-
portance across conversation turns would provide richer in-
sights for dialogue agents. Third, when agents call multi-
ple tools in sequence, AgentSHAP attributes to the tool set
rather than the specific calling order. Incorporating causal
analysis of tool call chains could reveal ordering effects.

The main computational cost is LLM API calls, approxi-
mately n+ρ·2n calls for n tools with sampling ratio ρ. For 8
tools with ρ = 0.5, this means about 130 calls. Lower sam-
pling ratios still provide useful estimates for cost-sensitive
applications, but real-time explanations during agent execu-
tion remain challenging.

Future work could also use SHAP patterns to automati-
cally recommend adding or removing tools, integrate with
agent training pipelines for tool-aware fine-tuning, and ex-
tend to multi-agent systems where multiple agents collabo-
rate using shared tools.

Conclusion
We presented AgentSHAP, the first framework for explain-
ing tool importance in LLM agents. Using Monte Carlo
Shapley values, AgentSHAP computes fair, theoretically
grounded importance scores for each tool. Our experiments
on API-Bank demonstrate strong results: 0.945 consistency
across runs, 13x quality difference when removing impor-
tant versus unimportant tools, 7x SHAP gap between the ex-
pected tool and irrelevant tools, and 86-100% top-1 accuracy
across experiments.

AgentSHAP enables practical applications including de-
bugging agent errors, pruning unnecessary tools to reduce
costs and latency, calibrating user trust, and A/B testing new
tools. As LLM agents become ubiquitous, AgentSHAP pro-



vides the transparency needed to understand, debug, and
trust their behavior.
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