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Abstract

Large language models (LLMs) are increasingly deployed as agents that leverage external tools to
resolve complex tasks, transcending the limitations of static parametric knowledge. However, tool-
using LLM agents often rely on extended context, multi-step reasoning, and frequent tool interactions,
incurring substantial computational and financial resources. As a result, efficient tool-using LLM
agents that could reduce one or more forms of resource consumption while maintaining comparable
task performance have attracted growing research attention. Nevertheless, existing efforts remain
fragmented across different stages and resource dimensions. To address this gap, this survey presents
a comprehensive review and a unified taxonomy of efficient tool-using LLM agents . We categorize
efficiency techniques along four stages of the agent loop: (i) Efficient Tool Context, (ii) Efficient Tool
Calling, (iii) Efficient Tool Reasoning, and (iv) Efficient Tool Execution. By analyzing these methods,
we reveal their shared mechanisms and limitations, identify critical open challenges, and highlight
promising directions for future research. This survey provides a foundational roadmap to accelerate
the development of efficient tool-using LLM agents.

Keywords: LLM agents; tool-using agents; efficient agents

1. Introduction

Large language models (LLMs) are increasingly used as tool-using LLM agents that act through
external tools rather than rely on parametric knowledge alone (Yao et al. 2022; Schick et al. 2023; Patil
et al. 2024). By invoking search engines, databases, and domain-specific APIs, these systems can access
fresh information, execute exact computation, and complete multi-step tasks that are difficult to solve
by text generation alone (Nakano et al. 2021; Karpas et al. 2022; Gao et al. 2023).

However, tool use also introduces substantial resource overhead. A typical tool-using LLM agent
maintains tool definitions and interaction traces in context while reasoning about tool use, which can
drive up token usage, tool-call volume, latency, and monetary cost (Lu et al. 2025; Wang et al. 2025;
Patil et al. 2025; Xu et al. 2025; Vigel et al. 2025; Ghoshal and Al-Bustami 2026). For example, one action
space can exceed 147k tokens across more than 550 tools, while tool execution alone can account for up
to 53.7% of end-to-end latency (Lei et al. 2025; Du et al. 2024; Bian et al. 2025; Huang et al. 2025). These
costs have made efficiency a critical concern for tool-using LLM agents, motivating increasing research.
However, existing methods remain scattered, creating a clear need for a comprehensive review.

To structure this emerging literature, we review methods that reduce one or more forms of resource
consumption while maintaining comparable task performance. Then, as illustrated in Figure 1, we
present a taxonomy that organizes 111 existing works around four stages of the agent loop: (i) Efficient
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Tool Context concerns how tool-related context is selected and represented under limited budgets. (ii)
Efficient Tool Calling studies whether and when tools should be invoked to avoid unnecessary or
costly calls. (iii) Efficient Tool Reasoning focuses on improving multi-step trajectories and reusing
past reasoning to reduce redundant computation. (iv) Efficient Tool Execution examines runtime
techniques for reducing end-to-end latency once requests arrive. This provides a unified view of how
efficiency can be improved throughout the life cycle of agents. We further position this survey with
respect to previous reviews in Appendix A.
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Figure 1. An overview of efficient tool-using LLM agent. The life cycle of agents is partitioned into four stages
addressing specific efficiency bottlenecks, with each subsection pairing certain efficiency problems (left) with their
respective technical solutions (right).

2. Preliminaries

Tool-using LLM Agent. Let 7 = {f,...,t)} denote a tool library. Each tool t € T is specified by a
schema s; (e.g., name and description). Given a request g, at step k the agent conditions on a working
context ¢ = (g, Tx, Hr_1), where T C T is the visible tool subset and #j_1 is the interaction history.
The agent then produces a step-level output a; which may include reasoning, a tool call, or a textual
response. If a tool is invoked, the environment returns an observation o. Repeating this for K steps
yields a trajectory T = {(cy, a, 0x) }X_;.

Efficiency Objective. Let U4(g) denote the performance of agent A on request g, and let R =
(Niok, Neanr, L, M) denote its resource profile, comprising token consumption, tool-call count, end-to-
end latency, and monetary cost. Efficient tool-using agents seek a Pareto improvement between U4 (9)
and R. However, to operationalize the survey scope across studies that target different dimensions,
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we adopt a relaxed inclusion criterion that papers whose agent A* satisfies the following conditions
relative to baseline A (with € > 0 as small tolerance) are included:

Ua-(q) = Ualq) — ¢,
IreR: ra(q) <ralq).

The ideal definition of efficient tool-using LLM agents is provided in Appendix B. The collection
protocol and statistics are provided in Appendix C.

Dimensions in R are coupled rather than independent. Shared factors such as the visible tool
set |Tx|, history length |#{;_1|, and reasoning steps K can affect multiple resource dimensions
simultaneously. In particular, reducing K lowers reasoning overhead, reduces tool invocation, and

shortens execution.

3. Taxonomy of Efficiency Techniques
3.1. Efficient Tool Context
Efficient tool context focuses on minimizing ¢x = (g, Tx, Hx_1)- Methods in this section primarily
target token consumption N, mainly by optimizing the visible tool subset Ty, the schema collection
{st}teT;, and the interaction history Hy_.
Graph-of-Skills (Liu et al. 2026), SkillSight (Xiao et al. 2026),
NTILC (Krikorian et al. 2026), AutoTool (Jia and Li 2026), SING (Xiao et al. 2026),
Tool Set Compression (§3.1.1) ]— SkillLens (Miao et al. 2026), Dynamic ReAct (Gaurav et al. 2025), ToolSEE (Vadlapati 2025),

DTDR (Patel et al. 2025), Less-is-More (Paramanayakam et al. 2025), ATS (Robert et al. 2024),
GEAR (Lu et al. 2024), GeckOpt (Fore et al. 2024)

Shemla et al. (2026), LatentSkill (Yu et al. 2026), SKILLO (Lu et al. 2026),
—[ Tool Context (§3.1) Tool Desc. Compression (§3.1.2)]— SkillReducer (Gao et al. 2026), EASYTOOL (Yuan et al. 2025), Vijayvargiya and Lokesh (2025),
Xu et al. (2024), Anthropic (2024)

AGORA (Zhang and Sun 2026), TokenPilot (Xu et al. 2026), Self-GC (Hao et al. 2026),
ContextBudget (Wu et al. 2026), AdaCoM (Yi et al. 2026), Slipstream (Chen et al. 2026),
History Compression (§3.1.3) ContextWeaver (Wu et al. 2026), Xie et al. (2026), Memex (Wang et al. 2026),

PEEK (Gu et al. 2026), MemTool (Lumer et al. 2025), MemAct (Zhang et al. 2025),
AgentFold (Ye et al. 2025), ACON (Kang et al. 2025), Smurfs (Chen et al. 2024)

Probe&Prefill (Sun et al. 2026), SMART (Qian et al. 2025), MeCo (Li et al. 2025),
Eligibility-Aware Calling (§3.2.1) SKT-Tool (Vigel et al. 2025), When2Call (Ross et al. 2025), KBA (Trombino et al. 2025),
SMARTCAL (Shen et al. 2024), DEER (Gui et al. 2024)

Tool Calling (§3.2)
AdaTIR (Fang and Sun 2026), LQM-ContextRoute (Chu et al. 2026), INTENT (Liu et al. 2026),

Cost-Aware Calling (§3.2.2) ]— Wang (2026), AutoTIR (Wei et al. 2025), OTC-PO (WANG et al. 2025),
Xu et al. (2025), BATS (Liu et al. 2025), MASH (Gul et al. 2026), BTP (Zheng et al. 2024)

TZAgent (Cui et al. 2026), ToolTree (Yang et al. 2026), BAVT (Li et al. 2026),
EGB (Wei et al. 2026), Agent JIT Compilation (Winston et al. 2026), AgentStop (Pham et al. 2026),
. P Ruan et al. (2026), ET-Agent (Chen et al. 2026), Ares (Yang et al. 2026),
 Trajectory Optimization (§33.1) |— 1\ & (Ma et al. 2025), CodeTool (Lu et al. 2025), Wu et al. (2025,
ToolPlanner (Wu et al. 2024), ToolPrefer-LLaMA (Chen et al. 2024),

in* e .
Tool Reasoning (§3.3) ToolChain* (Zhuang et al. 2023), Tree-Planner (Hu et al. 2023)

AgenticCache (Kim et al. 2026), SemanticALLI (Chillara et al. 2026), SkillMigrator (He et al. 2026),

A EvoSOP (Ding et al. 2026), Tool-Making (Kujanpaa et al. 2026), AgentReuse (Guopeng et al. 2024),
~{ Reasoning Reuse (§33.2) APC (Zhang ct al. 2025), Agent Distillation (Kang et al. 2025), ODIA (Zhang et al. 2025),
AgentDistill (Qiu et al. 2025), TinyAgent (Erdogan et al. 2024)

[ Efficient Tool-Using LLM Agents ]

ToolCaching (Zhai et al. 2026), Cortex (Ruan et al. 2026), DSG (Boateng et al. 2026),
—[ Results Caching (§3.4.1) TVCache (Kumar et al. 2026), FAME (Kulkarni et al. 2026), Merchant et al. (2026),
Tool Cache Agent (Kwon 2025), LLM-dCache (Singh et al. 2024), GPTCache (Bang 2023)

ToolSpec (Xia et al. 2026), AsyncFC (Feng et al. 2026), IdleSpec (Choi et al. 2026),
Sutradhara (Biswas et al. 2026), RETO (Zhe et al. 2026), W&D (CodeAnt Al 2026),
: Parallel E . 240 CoA (Gao et al. 2025), GhostShell (Gong et al. 2025), LLMOrch (Liu et al. 2025),
+{__ Parallel Exceution (§3.42) CATP-LLM (Wu et al. 2025a), GAP (Wu et al. 2025b), DTA-Llama (Zhu et al. 2025),
FLASH-SEARCHER (Qin et al. 2025), Conveyor (Xu et al. 2024), AsyncLM (Gim et al. 2024),
LLMCompiler (Kim et al. 2024)

Speculate with Memory (Li et al. 2026), SPORK (Bai et al. 2026),
. N Speculative Interaction Agents (Hooper et al. 2026), Skim (Wong et al. 2026),
—[ Spestlive heariom (EF42) ]_ Speculative Actions (Ye et al. 2025), SPAgent (Huang et al. 2025), SpecCache (Bian et al. 2025),
Nichols et al. (2025), Curtis (2025), GetStream.io (2025), Stream RAG (Arora et al. 2025)

Figure 2. Taxonomy tree of efficient tool-using LLM agents. Table A1 offers a compact cross-method comparison.

3.1.1. Tool Set Compression

Tool set compression aims to optimize the visible subset 7y, as a larger tool library inflates prompt
length, causing extra computation burden. By filtering for task-relevant tools, agents can operate
within a cleaner context, leading to more efficient and accurate tool selection.

Distributed under a Creative Commons CC BY license.
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Retrieval-Based Compression. These methods treat the tool library as an external database, retrieving
with queries to build a tool subset. Dynamic ReAct (Gaurav et al. 2025) searches and loads only a query-
relevant subset from a large registry instead of binding all tools upfront. ToolSEE (Vadlapati 2025)
follows the same principle with a lightweight retrieval layer that returns a compact top-k candidate
set and expands only when needed. DTDR (Patel et al. 2025) and Graph-of-Skills (Liu et al. 2026)
incorporate structural dependencies into retrieval. SkillSight (Xiao et al. 2026) accelerates retrieval by
downweighting generic content across descriptions.

Selector-Based Compression. These methods use lightweight models to directly predict a relevant tool
subset. ATS (Robert et al. 2024) uses a small tool selector to predict likely tools and a fallback module to
recover missed tools. Similarly, GEAR (Lu et al. 2024) and NTILC (Krikorian et al. 2026) use lightweight
models to score candidate tools based on semantic and functional compatibility. AutoTool (Jia and Li
2026) exploits historical tool-using inertia to construct a graph-based selector that predicts the likely
next tools from prior trajectories.

Hierarchical Compression. These methods compress the tool library in a coarse-to-fine manner.
GeckOpt (Fore et al. 2024) and SING (Xiao et al. 2026) use intent-based selection to restrict the tool space,
after which standard tool use proceeds within the reduced subset. Less-is-More (Paramanayakam et al.
2025) and SkillLens (Miao et al. 2026) retain a smaller task-relevant subset through multi-level search
and selection.

3.1.2. Tool Description Compression

Tool description compression focuses on optimizing the schema representation s; of each visible
tool t in Ty, preserving context capacity for reasoning and state tracking.
Textual Compression. These methods compress the textual form of each tool schema, while pre-
serving the critical invocation components. EASYTOOL (Yuan et al. 2025) converts lengthy and
heterogeneous schemas into concise and unified instructions. More directly, Xu et al. (2024) selectively
compress schema blocks while preserving critical fields for execution. Beyond, Shemla et al. (2026),
LatentSkill (Yu et al. 2026), and SKILLO (Lu et al. 2026) internalize textual tool knowledge into model
parameters.
Deferred Schema Exposure. These methods optimize the representation of the tool schema by
deferring when its full contents are presented. Vijayvargiya and Lokesh (2025) and SkillReducer (Gao
et al. 2026) initially provide compact descriptions and expose detailed content only when needed.
Anthropic (2024) similarly shifts part of the tool interaction to a code-execution environment, reducing
the repeated injection of schema and history.

3.1.3. History Compression

Accumulating long interaction histories can also saturate the finite context budget of c;. History
compression addresses this by replacing the raw prefix with a more compact H_1, retaining the most
useful information while keeping the working context manageable.

Trajectory Curation. These methods improve context efficiency by determining which parts of the
trajectory should be preserved, discarded, or updated in the memory. Smurfs (Chen et al. 2024) and
AGORA (Zhang and Sun 2026) filter the history in each step rather than passing the full history. Mem-
Tool (Lumer et al. 2025), TokenPilot (Xu et al. 2026), and Self-GC (Hao et al. 2026) prune the working
context as stored information becomes obsolete. MemAct (Zhang et al. 2025), ContextBudget (Wu et al.
2026), and AdaCoM (Yi et al. 2026) go further by incorporating history management into the agent
policy.

State Extraction. These methods reduce context overhead by rewriting interaction information into
denser state representations. AgentFold (Ye et al. 2025), Slipstream (Chen et al. 2026), and Contex-
tWeaver (Wu et al. 2026) condense sequential interactions into textual summaries. Beyond such
summarization, Xie et al. (2026), ACON (Kang et al. 2025), Memex (Wang et al. 2026), and PEEK (Gu
et al. 2026) encode growing context as structured working states.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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4 Rethink. Context compression is fundamentally an information-density optimization problem
under limited capacity. However, most existing methods are training-free and rely on generic
relevance signals. As a result, they may miss latent task—context associations and prematurely
discard useful components. Such omissions may later require re-clarification or recovery, which in
turn offsets the effective savings in Ni,y.

3.2. Efficient Tool Calling

Context-optimized tools can still incur substantial overhead when invoked excessively or indis-
criminately. Consequently, efficient tool calling primarily targets the tool call count N, by optimizing
ay, especially the decision whether a tool should be invoked at step k.

3.2.1. Eligibility-Aware Calling

Eligibility-aware calling determines whether a tool call is warranted under the request g4 and
whether it is feasible under the available context cj.
Necessity Assessment. These methods assess whether the request can be resolved from the agent’s own
knowledge rather than requiring an external tool call. SMARTCAL (Shen et al. 2024) calibrates overcon-
fident selfjudgments that lead to tool overuse. SMART (Qian et al. 2025) and Probe&Prefill (Sun et al.
2026) directly predict tool necessity through supervised models. Other methods infer the necessity
from model competence: MeCo (Li et al. 2025) uses internal representations, while SKT-Tool (Vigel
et al. 2025) relies on performance in related questions.
Availability Assessment. These methods consider whether a tool call is feasible, since a suitable tool
may be unavailable or its arguments may not be groundable from the context. DEER (Gui et al. 2024)
turns availability assessment into a multi-branch supervised problem, while When2Call (Ross et al.
2025) further refines this formulation into a choice among tool calling, follow-up questioning, and
inability to answer, and also uses it for preference-based training. KBA (Trombino et al. 2025) focuses
on multi-agent systems, where feasibility also depends on routing the request to the agent with the
most relevant private knowledge base.

3.2.2. Cost-Aware Calling

Cost-aware tool calling views each tool call as a trade-off between task utility U4 (q) and resource
cost in R. Specifically, these methods regulate tool use with explicit budgets or cost signals over one or
more dimensions of R, rather than treating all useful calls equally.

Reward-Driven Optimization. These methods treat tool usage as a reward optimization problem,
discouraging low-return, high-cost tool calls. AutoTIR (Wei et al. 2025) first characterizes this objective
by measuring the trade-off between answer quality and tool-call frequency. At the policy level, OTC-
PO (WANG et al. 2025) incorporates tool-use cost into reinforcement learning rewards, while Xu et al.
(2025) models the calling decision as a confidence-calibrated continuum. Finally, AdaTIR (Fang and
Sun 2026) and LQM-ContextRoute (Chu et al. 2026) adapt the cost—quality trade-off to each decision
context.

Budget-Driven Optimization. These methods treat tool use as a constrained decision problem under
explicit budgets. BTP (Zheng et al. 2024) and the Stackelberg framework (Wang 2026) cast budget
allocation as explicit optimization problems. At runtime, BATS (Liu et al. 2025) makes remaining
resources explicit, allowing the agent to adapt its search strategy. MASH (Gul et al. 2026) then
incorporates this signal into a pay-per-search objective, encouraging fewer searches and calibrated
abstention. INTENT (Liu et al. 2026) makes budget management forward-looking through intention-
level planning, anticipating future spending and feasibility before costly actions.
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4 Rethink. Efficient tool calling essentially performs boundary calibration, aiming to improve the
agent’s awareness of its operating state and environment. However, in practice such calibration
may also expose the agent to the risk of becoming conservative, leading it to underuse tools even
when they are warranted. Moreover, existing methods are mainly conducted in relatively static
conditions, whereas real-world deployments often involve fluctuating budgets, rate limits, or
server loads, which can make these strategies brittle.

3.3. Efficient Tool Reasoning

Efficient tool reasoning concerns how the agent constructs the trajectory T = {(ck, ax, 0x) }X_,
efficiently. Accordingly, methods in this section mainly aim to reduce the overall trajectory length K,
and the reasoning content and generation cost involved in producing each ay.

3.3.1. Trajectory Optimization

Trajectory optimization aims to improve the quality of the constructed trajectory T while reducing
both the overall number of steps K and the reasoning cost associated with each action ay.
Structured Exploration. These methods impose explicit structure on trajectory generation, directing
inference-time compute toward promising alternatives. Early work uses heuristic search or explicit
plan representations: ToolChain* (Zhuang et al. 2023) applies A* search, while Tree-Planner (Hu et al.
2023) and ToolPlanner (Wu et al. 2024) organize actions into trees. More recent methods allocate search
adaptively. T?Agent (Cui et al. 2026) and ToolTree (Yang et al. 2026) use Monte Carlo tree search to
guide tool-use trajectories. BAVT (Li et al. 2026) and Entropy-Guided Branching (Wei et al. 2026) further
focus limited search on high-value or uncertain decisions. Agent JIT Compilation (Winston et al. 2026)
selects low-cost plans and optimizes their parallel schedules through Monte Carlo cost estimation.
AgentStop (Pham et al. 2026) and Ruan et al. (2026) terminate the predicted failure trajectories.
Policy Refinement. These methods improve trajectory-generation behavior through supervision,
feedback, or learned control. ToolPrefer-LLaMA (Chen et al. 2024), Tool-MVR (Ma et al. 2025), and
ET-Agent (Chen et al. 2026) refine tool-use policies from execution trajectories and feedback. At the
step level, CodeTool (Lu et al. 2025) and Ares (Yang et al. 2026) provide learned control over tool-use
reasoning. Wu et al. (2025) jointly optimize agent prompts and tool descriptions.

3.3.2. Reasoning Reuse

Beyond optimizing one single trajectory 7, a similar request g may still trigger a repeated reasoning
process. Reasoning reuse addresses this by transferring procedural knowledge from prior trajectories
or stronger models to agents, lowering the cost of generating each ay.

Plan Caching. These methods cache planning knowledge from past trajectories, so similar requests
need not rebuild the same procedure from scratch. AgentReuse (Guopeng et al. 2024) and Agentic-
Cache (Kim et al. 2026) directly reuse cached planning to avoid repeated LLM calls. Beyond direct
reuse, APC (Zhang et al. 2025) caches generalized plan templates from completed runs, while Se-
manticALLI (Chillara et al. 2026) caches intermediate artifacts produced at stable pipeline stages.
SkillMigrator (He et al. 2026) and EvoSOP (Ding et al. 2026) further abstract recurring action patterns
into reusable skills or SOPs. Tool-Making (Kujanpéé et al. 2026) compiles repeated SOP steps into
validated and versioned tools for reliable deployment.

Reasoning Distillation. These methods distill tool-use strategies and reasoning patterns from stronger
teacher models into smaller student agents. Beyond CoT distillation, Agent Distillation (Kang et al.
2025) transfers holistic task-solving behaviors to small models through thought prefixes. TinyAgent (Er-
dogan et al. 2024) and ODIA (Zhang et al. 2025) distill practical tool-use capabilities into small models
for real edge environments. In contrast, AgentDistill (Qiu et al. 2025) is training-free. It encapsulates
teacher logic in modular MCP boxes that student agents can directly reuse, avoiding costly fine-tuning.
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4 Rethink. As the focus shifts from individual tool management to the logical tool coordination,
efficient reasoning increasingly depends on the agent’s structural awareness and integrative ability
to capture higher-level trajectories and recurring patterns. When such capabilities are insufficient,
errors can accumulate over long horizons, causing reasoning collapse and reducing quality of
reusable traces or distillation signals.

3.4. Efficient Tool Execution

Efficient tool execution studies how tool calls are committed, executed, and returned as observa-
tions during the incremental expansion of a trajectory T = {(ct, ax, 0x) }X_; rather than changing the
trajectory. It mainly targets end-to-end latency L during the runtime.

3.4.1. Results Caching

Repeated execution of similar tool interactions can create extra overhead along the trajectory.
Different from plan caching that reuses trajectory-level procedures, results caching reuses concrete
outputs and execution state, avoiding repeated execution and state reconstruction.

Tool-Level Caching. These methods reuse previous observations for semantically equivalent tool-
calling actions, avoiding redundant tool executions. Early work like GPTCache (Bang 2023) introduces
semantic retrieval-based caching for LLM systems. LLM-dCache (Singh et al. 2024) makes caching an
explicit part by exposing cache operations as callable APIs. Tool Cache Agent (Kwon 2025) identifies
cacheable tool calls and generates expiration and dependency-aware invalidation policies. Tool-
Caching (Zhai et al. 2026) adaptively manages cache admission and eviction, while Cortex (Ruan et al.
2026) validates semantic cache hits with a lightweight LLM. For search-intensive agents, DSG (Boateng
et al. 2026) externalizes search grounding through an MCP-compatible gateway with exact and seman-
tic caching.

System-Level Caching. These methods go beyond reusing isolated (ay, 0x) pairs, caching execution
state and intermediate artifacts across the trajectory. TVCache (Kumar et al. 2026) reuses tool results
across post-training rollouts. FAME (Kulkarni et al. 2026) integrates persistent memory and tool-output
caching into serverless MCP workflows. Merchant et al. (2026) also combines temporal semantic
caching with MCP workflow optimizations.

3.4.2. Parallel Execution

In practical execution, tool calls need not wait for a reasoning step to finish, nor are all interactions
in T linearly dependent. Parallel execution therefore exposes concurrency that would otherwise be
serialized, reducing end-to-end latency L.

Decoding-Tool Parallelism. These methods allow tool execution and decoding to proceed concurrently,
thereby overlapping action or plan generation with the retrieval of tool observations. CoA (Gao et al.
2025) generates placeholder-based reasoning chains, allowing tool filling to overlap with decoding
across examples. Conveyor (Xu et al. 2024) brings this overlap into serving through streaming parsing
and partial tool execution. ToolSpec (Xia et al. 2026) complements execution parallelism by accelerating
structured tool-call decoding with schema-aware and retrieval-augmented drafts. AsyncLM (Gim
et al. 2024) and AsyncFC (Feng et al. 2026) further decouple decoding from tool execution through
asynchronous handling of pending tool results. IdleSpec (Choi et al. 2026) instead uses tool-waiting
time to generate and aggregate candidate plans. At the system level, Sutradhara (Biswas et al. 2026)
and GhostShell (Gong et al. 2025) combine streaming tool dispatch with coordinated scheduling for
concurrent execution.

Inter-Tool Parallelism. These methods exploit dependencies among tool calls within a series of
reasoning steps, parallelizing independent calls and serializing only dependent ones. Early work
such as LLMCompiler (Kim et al. 2024) introduces DAG-based planning to identify parallelizable
function calls. This direction is further refined by LLM-Tool Compiler (Singh et al. 2024), which
fuses parallel function calls to reuse tokens, and LLMOrch (Liu et al. 2025), which models data
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and control relations to coordinate execution across available processors. Shifting focus to dynamic
scheduling, CATP-LLM (Wu et al. 2025a) and GAP (Wu et al. 2025b) optimize multi-branch tool plans
by parallelizing independent calls while preserving sequential dependencies. DTA-Llama (Zhu et al.
2025) and FLASH-SEARCHER (Qin et al. 2025) instantiate this paradigm through DAG-structured
decomposition and coordination of parallel subtasks, while RETO (Zhe et al. 2026) enhances this
framework with a robustness layer for layered execution and reflective local correction.

3.4.3. Speculative Execution

Speculative execution reduces end-to-end latency L by pre-executing candidate future interactions
before they are committed to the trajectory T, retaining the results only if subsequent reasoning
validates these predicted actions.

Action-Level Speculation. These methods predict future actions and execute them in parallel with
ongoing reasoning. Speculative Actions (Ye et al. 2025) and Speculate with Memory (Li et al. 2026)
follow a predict—execute—verify pipeline, committing actions only after validation. SPORK (Bai et al.
2026) and Speculative Interaction Agents (Hooper et al. 2026) dispatch predicted tool calls from
partial context, overlapping execution with ongoing reasoning or interaction. For multi-step search,
SPAgent (Huang et al. 2025) adapts verification across reasoning stages.

System-Level Speculation. System-level speculation embeds the same principle into the inference or
runtime stack, prefetching likely external requests, retrieved content, or execution results before they
are formally needed. At the serving layer, Nichols et al. (2025) speculates tool calls inside the inference
stack to reduce execution overhead. In web interactive settings, SpecCache (Bian et al. 2025) and
Skim (Wong et al. 2026) reduce latency by speculatively executing likely interaction paths before full
agent processing. Stream RAG (Arora et al. 2025) extends speculation to spoken dialogue by predicting
retrieval queries from partial audio streams and overlapping tool use with the conversational flow.
Recent industry reports suggest that such speculative patterns are becoming increasingly practical in
deployed agent systems, especially for chatbot and voice applications (Curtis 2025; GetStream.io 2025).

4 Rethink. Current methods often assume that tool interactions are predictable and free of
harmful side effects. In practice, however, speculative execution can be risky when future actions
cannot be validated reliably, potentially causing irreversible changes, while stale cached results
may also hurt correctness. Moreover, aggressive speculation and complex parallel execution
can introduce enough extra system overhead to increase monetary cost and offset the intended
efficiency gains.

4. Discussion

In Section 3, we have introduced each stage of the agent loop and reflected on the characteristic
mechanisms along with potential risks of each method category. Building on these observations, in this
section, we move to a more system-level perspective, examining the key challenges of efficient tool-
using LLM agents and then presenting relevant future directions. Appendix D provides a comparative
analysis across stages, methods, and implementations, while Appendix E summarizes the main
efficiency drivers and bottlenecks.

4.1. Challenges

O Coupled Constraints. Current methods often optimize token usage, tool-call count, or latency
in limited dimensions, overlooking the coupling across resources. In practice, apparent resource
savings in a single dimension may not translate into end-to-end efficiency. For instance, speculative
execution can reduce waiting time, but may introduce extra tool calls and redundant execution.
Moreover, as the four stages are also tightly coupled in the agent loop, efficiency gains in an earlier
stage may constrain subsequent actions and cause mid-task failures. An example is that overly explicit
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or specialized trajectories may reduce the chance of matching reusable plans or cached results. Overall,
efficiency gains at one stage can be offset, or even reversed, by overhead elsewhere.

0 Deficient Cross-Scenario Robustness. Existing methods are often effective only under the
specific environmental settings for which they are designed. As previously discussed, these myopic
policies can lead to performance degradation across broader scenarios. For instance, retrieval-based
compression methods are beneficial in large open tool spaces, while the advantage may become
marginal in constrained, static tool sets, as retrieval over such a limited candidate space may introduce
unnecessary latency compared with direct processing. Consequently, the robustness of these efficiency
gains under changing or multiple scenarios still remains an open challenge.

® Limited Traceback and Evaluation Ability. Efficiency optimization is inherently a process of
approximation and often lossy. Specifically, many efficiency-oriented methods rely on compressed
representations, reduced computation, or partial information retention, which may increase the risk
of error propagation across stages and even costly recomputation. However, current evaluation in
tool-using agents remains a weak proxy of efficiency and provides limited traceability into how such
errors are introduced, amplified, and accumulated throughout the trajectory. This limitation is further
reflected in existing benchmarks, which pay limited attention to error localization, side effects, and
decomposed resource usage. A more detailed discussion is provided in Appendix F.

4.2. Future Directions

© Global and Adaptive Awareness. As discussed above, efficiency gains achieved by optimizing
an isolated resource or a single stage could be offset in the view of the overall agent loop. Consequently,
future work should develop global awareness that explicitly accounts for both interactions among
resources and dependencies across pipeline stages. Moreover, in real-world deployments, since both
the interaction environment and the agents’ operating conditions can fluctuate over time, the agents
should also be adaptively responsive to temporal variations and long-term dynamics.

® Strategic Experience Reuse. Existing reuse methods mainly operate on factual or instance-
bound artifacts, including history records, trajectories, and reasoning templates. Although these
forms of reuse can reduce repeated computation, they often remain tightly coupled to particular
tasks or scenarios. A more scalable direction is to transform reuse from memorizing past records into
abstracting higher-level experience and strategies, such as structured reasoning flows and reflective
patterns. In this way, reuse may move beyond task-specific toward model-agnostic or even scenario-
agnostic efficiency knowledge.

® Incremental Self-Evaluation. In long-horizon settings, agents typically execute multi-stage
trajectories, where errors introduced at early stages can propagate across subsequent steps. Therefore,
incremental verification and self-evaluation should be applied at high-risk decision points rather
than deferred to the end of the trajectory, enabling iterative correction and reducing restarts. This
direction also highlights the need for more informative benchmarks, with stage-level traces and failure
annotations.

Moreover, recent industrial deployments also point toward complementary directions. For in-
stance, OpenClaw' exemplifies a system-level path toward more state-aware and holistically optimized
agent infrastructure, whereas HyperAgents (Zhang et al. 2026) highlights a path toward more adaptive
agent operation over time.

5. Conclusion

This survey provides a unified view of the emerging landscape of efficient tool-using LLM agents.
Specifically, we categorize existing methods into four pivotal stages of the agentic pipeline: (i) Tool
Context, (ii) Tool Calling, (iii) Tool Reasoning, and (iv) Tool Execution. Methods across these stages
improve efficiency by reducing resource consumption throughout the pipeline. Moreover, our analysis
highlights that agent efficiency is a multi-dimensional optimization problem, requiring careful trade-

1 https://github.com/openclaw /openclaw
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offs between task performance and resource overhead. While substantial progress has been made
in individual components, several challenges remain. Future research should move beyond isolated
optimizations toward holistic, system-level designs that are robust to dynamic environments and
capable of adaptive, resource-aware decision making across the full agent pipeline. Evaluations should
also jointly measure these trade-offs.

Limitations

This survey has several limitations. First, despite our broad literature collection process, this fast-
moving literature and its diverse terminology make complete coverage difficult; relevant concurrent
or non-archival work may be missed, and our review only covers work available through July 2026.
Second, the proposed four-stage taxonomy is an analytical abstraction. Some methods optimize
multiple stages simultaneously, and we categorize them by their primary target; thus, the boundaries
should not be interpreted as mutually exclusive. Third, we synthesize reported findings rather than
conduct a quantitative meta-analysis because the reviewed studies use heterogeneous models, tool
environments, hardware, pricing schemes, and efficiency metrics. Their reported gains are therefore
not directly comparable and should not be read as a universal ranking. Finally, our scope focuses on
agent-level overhead induced by tool interaction and excludes generic LLM inference, compression,
and serving optimizations, which may nevertheless interact with the techniques reviewed here in real
deployments.

Appendix A. Related Work

Table Al. Summary of works on efficient tool-using LLM agents.

Optimized Resource

Name Venue -_— Learning Method Structure Scenario Source
Nk L Nem M
Dynamic ReAct (Gaurav et al. 2025) Preprint 2025 v - - - Training-free - General -
ToolSEE (Vadlapati 2025) Preprint 2025 v 4 - v Training-free - General © Link
DTDR (Patel et al. 2025) IZ\EJI;LR @AAAL v 4 - - Training-free/SFT DAG General -
GEAR (Lu et al. 2024) EACL 2024 - v - v Training-free - General QLink
AutoTool (Jia and Li 2026) AAAIL 2026 v v - v Training-free DAG General OLink
GeckOpt (Fore et al. 2024) GLSVLSI 2024 v - - 4 Training-free - General -
Less-is-More (Paramanayakam et al. 2025) DATE 2025 4 v - 4 Training-free - General -
EASYTOOL (Yuan et al. 2025) NAACL 2025 v - N N Training-free - General OLink
Xu et al. (2024) ACL 2024 Findings v v - Contln.u.ed - General -
Pre-training
Vijayvargiya and Lokesh (2025) Preprint 2025 v - - SFT - Edge Devices -
- Smurfs (Chen et al. 2024) NAACL 2025 v - - - Training-free - General OLink
§ MemTool (Lumer et al. 2025) ECIR 2026 v - - Training-free - General -
g MemAct (Zhang et al. 2025) Preprint 2025 v - - SFT + DCPO - Web QA ) Link
o AgentFold (Ye et al. 2025) ICLR 2026 v - - - SFT - Web QA OLink
E ining-
& ACON (Kang etal. 2025) LLA @ICLR 2026 v - - Training-free - User Assistance OLink
< Distillation
g Graph-of-Skills (Liu et al. 2026) Preprint 2026 v v - - Training-free Graph General ) Link
g SkillSight (Xiao et al. 2026) Preprint 2026 v v - Training-free - General O Link
& .
H NTILC (Krikorian et al. 2026) Preprint 2026 v v - - Contrastive - General OLink
Learning
SING (Xiao et al. 2026) Preprint 2026 v - - = Training-free Graph General -
. . . - . . Coding &
al. 202¢ - - - N -
SkillLens (Miao et al. 2026) Preprint 2026 v Training-free Hierarchical Graph Embodied Tasks
LatentSkill (Yu et al. 2026) Preprint 2026 v B - Pre-training + SFT - Emb"‘;;’::;““‘ks & OLink
Shemla et al. (2026) Preprint 2026 v - - - SFT - Asset Operations -
SKILLO (Lu et al. 2026) Preprint 2026 v - - - GRPO - Emb"‘;:‘i;”ks & oLk
SkillReducer (Gao et al. 2026) Preprint 2026 v - - v Training-free Hierarchical Coding -
ContextBudget (Wu et al. 2026) Preprint 2026 v - - - GRPO - Search -
- . . L Embodied Tasks & .
AGORA (Zhang and Sun 2026) Preprint 2026 v - - - Auxiliary Training - Web Shopping OLink
TokenPilot (Xu et al. 2026) Preprint 2026 v - - v Training-free - General © Link
Self-GC (Hao et al. 2026) Preprint 2026 v - - - Training-free - General -
AdaCoM (Yi et al. 2026) Preprint 2026 4 - - = SET + PPO - Search
Xie et al. (2026) Preprint 2026 v - - - SFT + GRPO - General -
Slipstream (Chen et al. 2026) Preprint 2026 v v - - Training-free - Search & Coding QLink
Memex (Wang et al. 2026) Preprint 2026 v - - - SFT + GRPO - Embodied Tasks © Link
ContextWeaver (Wu et al. 2026) Preprint 2026 v - - - Training-free DAG Coding -
PEEK (Gu et al. 2026) Preprint 2026 v - - v Training-free - General OLink

CC BY license.



https://github.com/Pro-GenAI/Tool-SEE
https://github.com/yining610/GEAR
https://github.com/jiajingyyyyyy/AutoTool
https://github.com/microsoft/JARVIS/tree/main/easytool
https://github.com/FreedomIntelligence/Smurfs
https://github.com/ADaM-BJTU/MemAct
https://github.com/Alibaba-NLP/DeepResearch
https://github.com/microsoft/acon
https://github.com/davidliuk/graph-of-skills
https://github.com/xiaojinying/SkillSight
https://github.com/andykr1k/NTILC
https://github.com/yuaofan0-oss/LatentSkill
https://github.com/ZJU-REAL/SkillZero
https://github.com/ranranrannervous/agoracompression
https://github.com/zjunlp/LightMem2
https://github.com/chenzhuofu/slipstream
https://github.com/Accenture/MemexRL
https://github.com/zhuohangu/peek
https://doi.org/10.20944/preprints202608.0365.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 6 August 2026 0i:10.20944/preprints202608.0365.v1

11 0f23
Table A1. Cont.
Optimized Resource
Name Venue B — Learning Method Structure Scenario Source
Ntok L Neall M
SMARTCAL (Shen et al. 2024) EMNLP 2024 - v v v Training-free - General QLink
SMART (Qian et al. 2025) ACL 2025 v o v v SFT - General OlLink
Findings
MeCo (Li et al. 2025) ACL 2025 - v 4 v SFT - General -
. Insights @ ACL .
Ed SKT-Tool (Vigel et al. 2025) 2025 - - v v Training-free - General -
:F: DEER (Gui et al. 2024) Preprint 2024 - - v SFT Decision Tree General QLink
C When2Call (Ross et al. 2025) NAACL 2025 = - 4 - PPO - General OLink
E KBA . . . Multi-Agent
] (Trombino et al. 2025) Preprint 2025 - - - v Training-free DAG S -
- ystem
‘5 AutoTIR (Wei et al. 2025) Preprint 2025 - - v GRPO - General OLink
£ OTCPO(WANG etal. 2025) LA @NeurlPS v v/ PPO+GRPO Linear Search -
Xu et al. (2025) EMNLP 2025 - v v v SFT - General -
AdaTIR (Fang and Sun 2026) Preprint 2026 - - 4 v SFT + GRPO - Math & Code -
BTP (Zheng et al. 2024) ACL 2024 - v v Awdliary - General OLink
g etak Findings Training
BATS (Liu et al. 2025) Preprint 2025 v - v v Training-free Tree Search -
INTENT (Liu et al. 2026) Preprint 2026 - v v SFT - General -
MASH (Gul et al. 2026) Preprint 2025 - - v v SFT + GRPO Hierarchical/MCTS QA O Link
Probeg&Prefill (Sun et al. 2026) Preprint 2026 - v - fuiliary - General OLink
raining
LQM-ContextRoute (Chu et al. 2026) Preprint 2026 - v - - Co};‘; :é?:al - General -
Wang (2026) Preprint 2026 v - v - GAIL + PPO - General -
ToolChain*(Zhuang et al. 2023) ICLR 2024 - v - - Training-free Action Tree General -
Tree-Planner (Hu et al. 2023) ICLR 2024 v - - v Training-free Action Tree Embodied Tasks © Link
ToolPlanner (Wau et al. 2024) EMNLP 2024 - - v - SFT + RRHF Hler_l‘:‘rr:e}“cal User Assistants OLink
T2 Agent (Cui et al. 2026) AAAIL 2026 - - - v Training-free MCTS Tree Misinformation Q) Link
ToolTree (Yang et al. 2026) ICLR 2026 v v - - Training-free MCTS Tree General OLink
ToolPrefer-LLaMA (Chen et al. 2024) NeurlPS 2024 - - v - SFT + DPO DES Tree General -
CodeTool (Lu et al. 2025) ACL 2025 v - - - Process MCTS/DFS Tree Coding O Link
o0 Supervision
& -
‘2 Tool-MVR (Ma et al. 2025) KDD 2025 - v v v Reflection - General OLink
2 Learning
g ET-Agent (Chen et al. 2026) ACL 2026 - - v - RFT + ARPO - General OLink
o} - Prompt .
= (Wu et al. 2025) ACL 2025 - v v - Obtimizati - General OLink
3 ptimization
t AgentReuse (Guopeng et al. 2024) JCRD 2024 v v v v Training-free DAG User Assistants -
'§ APC (Zhang et al. 2025) NeurlIPS 2025 4 v - v Training-free - General -
5 . .
€ SemanticALLI(Chillara ctal. 2026) Preprint 2026 v v - v Training-free H;:e';:zl“,‘:la] Marketing -
Agent Distillation (Kang et al. 2025) NeurlIPS 2025 v - v - Distillation - Math & QA OLink
TinyAgent (Erdogan et al. 2024) EMNLP 2024 - v 4 v SFT DAG Edge Devices O Link
- . Online .
ODIA (Zhang et al. 2025) Preprint 2025 v v 4 - Distillation = Music -
- S . Training-free Biomedical & .
AgentDistill (Qiu et al. 2025) Preprint 2025 - 4 v v Distillation - Math O Link
- . . Web
Agent JIT Compilation (Winston et al. 2026) ICML 2026 - v v - Training-free CFG Automation -
N Auxiliary Embodied Tasks
Ruan et al. (2026) Preprint 2026 v - - - Training - & Web Shopping -
BAVT (Li et al. 2026) Preprint 2026 v - v v Training-free Tree Multi-hop QA -
Ares (Yang et al. 2026) Preprint 2026 v - - - SFT + GRPO - General © Link
AgentStop (Pham et al. 2026) CAIS 2026 v v - - Auxiliary - Edge Devices OLink
Training
EGB (Wei et al. 2026) Preprint 2026 v - v - Training-free Tree E-commerce -
N . Distillation + . Industrial
Tool-Making (Kujanpaa et al. 2026) Preprint 2026 v v v - SFT Decision Tree Operations -
EvoSOP (Ding et al. 2026) Preprint 2026 - v - Training-free Hierarchical General -
AgenticCache (Kim et al. 2026) MLSys 2026 v v v Training-free - Embodied Tasks O Link
SkillMigrator (He et al. 2026) Preprint 2026 - v - Training-free A“?rsfe‘:‘h‘y Web Navigation -
GPTCache (Bang 2023) NLP-OSS 2023 v v v v Training-free N General OLink
LLM-dCache (Singh et al. 2024) ICECS 2024 - v - - Training-free - Geospatial -
Sensing
ToolCaching (Zhai et al. 2026) Preprint 2026 - v - - Training-free - General -
Tool Cache Agent (Kwon 2025) Preprint 2025 - v - - Training-free - General -
Cortex (Ruan et al. 2026) NSDI 2026 - v v v Training-free - Search & Coding -
TVCache (Kumar et al. 2026) Preprint 2026 - v - Training-free Tree Agex?t . © Link
Post-Training
FAME (Kulkarni et al. 2026) Preprint 2026 v v - v Training-free - Paper -
Summarization
. CoA(Gaoetal 2025) COLING 2025 - v - - SFT - M‘“}‘Q&;W‘k‘ OLink
2 Conveyor (Xu et al. 2024) Preprint 2024 - v - - Training-free - LLM Serving © Link
§ AsyncLM (Gim et al. 2024) Preprint 2024 - v - - - General -
& Sutradhara (Biswas et al. 2026) ASPLOS 2026 = v N - Training-free = General -
s - - . L Embodied .
S o - - - - -
8 GhostShell (Gong et al. 2025) Preprint 2025 v Training-free Programming © Link
] LLMCompiler (Kim et al. 2024) ICML 2024 - v - v Training-free DAG General O Link
-g LLMOrch (Liu et al. 2025) IEEE TSE 2026 - v - - Training-free - General -
E CATP-LLM (Wu et al. 2025a) ICCV 2025 - v - v Offline RL Graph General QOLink
NORA @ .
GAP (Wu et al. 2025b) NeurIPS 2025 4 v - - SFT + RL Graph QA OLink
DTA-Llama (Zhu et al. 2025) ACL 2025 v v - - SFT DAG General ) Link
FLASH-SEARCHER (Qin et al. 2025) ICLR 2026 v v - v SFT DAG Search OLink
RETO (Zhe et al. 2026) Preprint 2026 v - - - SFT - General -
Speculative Actions (Ye et al. 2025) ICLR 2026 - v - - Training-free - General © Link
SPAgent (Huang et al. 2025) Preprint 2025 - v - - Training-free - Search -
SpecCache (Bian et al. 2025) 2(];:21; @NeurlP$ v - - Training-free - Web QA O Link
Stream RAG (Arora et al. 2025) Preprint 2025 - v - - SFT - Voice Assistant -
(Merchant et al. 2026) Preprint 2026 - v v - Training-free DAG Asset -
Operations
DSG (Boateng et al. 2026) Preprint 2026 - v v v Training-free MCP Search & -
E-commerce
AsyncFC (Feng et al. 2026) Preprint 2026 - v - - Training-free DAG General -
Speculative Interaction Agents (Hooper et al. 2026) Preprint 2026 - v - - TralnlSanT-fl‘eE / DAG Voice Assistants -
ToolSpec (Xia et al. 2026) Preprint 2026 - v - - Training-free - General QLink
SPORK (Bai et al. 2026) Preprint 2026 - v - - Training-free - General QOLink
IdleSpec (Choi et al. 2026) Preprint 2026 - v - - Training-free - General -
Speculate with Memory (Li et al. 2026) Preprint 2026 - v - - Training-free - General -
Skim (Wong et al. 2026) Preprint 2026 - v v v Training-free - Web Navigation -
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Table A2. Comparison of related work across efficiency, tool-using, pipeline-stage, and cross-metric analysis. We
mark a work as “Yes” when the dimension is a primary organizing principle, “Partial” when it is discussed but
not structured, and “No” otherwise.

Work Main scope Efficiency Tool-using Pipeline-stage Cross-metric
Wang et al. (2024) General agents No Partial No No
Guo et al. (2024) Multi-agents No No No No

Luo et al. (2025) General agents No Partial No No

Qu et al. (2025) Tool learning Partial Yes Yes Partial
Yehudai et al. (2025) Evaluation of agents Partial Partial No Partial
Du et al. (2026) Optimization of agents Partial Partial No No

Xu et al. (2025) Efficient tool calling Yes Yes Partial Yes
Yang et al. (2026) Efficient agents Yes Partial Partial Partial
Ours Efficient tool-using agents Yes Yes Yes Yes

Existing surveys have studied LLM-based systems from several complementary perspectives,
but they generally prioritize functional breadth over resource efficiency. Early overviews categorize
general agents and multi-agent systems through agent construction, coordination, and communication
patterns (Wang et al. 2024; Guo et al. 2024), while subsequent surveys review agent methodologies
(Luo et al. 2025), tool learning paradigms (Qu et al. 2025), and evaluation protocols (Yehudai et al. 2025).
Although these studies discusstask effectiveness and agent capabilities, they pay limited attention to
the efficiency implications of tool-augmented workflows. Accordingly, key overhead sources such as
context expansion, redundant tool invocations, and execution latency remain underexplored, especially
in terms of their effects on tool-use efficiency and trade-offs.

More recent work has moved toward efficiency-aware perspectives. For example, Xu et al.
(2025) represents a significant advancement toward efficiency-aware tool use by explicitly reducing
redundant invocations, although its primary focus remains tool-calling decisions rather than pipeline-
stage analysis of the broader pipeline. Yang et al. (2026) surveys efficient agents from a broader
optimization perspective, covering memory, tool learning, and planning. While highly relevant, its
scope is not centered specifically on tool-using agents, and therefore it offers less fine-grained analysis
of the stage specific costs and trade-offs that arise in tool-augmented workflows. Consequently, there
remains a critical gap for a comprehensive study that analyzes efficiency across pipeline stages in
tool-using agents.

As summarized in Table A2, previous surveys typically cover only a subset of the four dimensions
considered in this review: efficiency, tool using, pipeline-stage analysis, and cross-metric trade-offs. In
contrast, our survey focuses specifically on efficient tool-using agents from a stage-oriented perspective.
Rather than treating tool use as a single monolithic capability, we decompose the tool use pipeline
into multiple stages and review the optimization objectives, representative methods, and evaluation
metrics associated with each stage. This perspective helps clarify how different forms of cost and
inefficiency arise across the pipeline and provides a more operational view for analyzing, designing,
and evaluating efficient tool-use systems.

Appendix B. Ideal Definition of Efficient Tool-Using LLM Agents

Using the notation in Section 2, an agent A* is ideally efficient relative to baseline A when it
preserves task performance while improving resource use without worsening any resource dimension.
This corresponds to a Pareto improvement:

Ua-(q) = Ua(q),
VreR: ra(q) <ra
dreR: TA*(q)<1’A

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202608.0365.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 6 August 2026 d0i:10.20944/preprints202608.0365.v1

13 of 23

This ideal definition is stricter than our literature inclusion criterion in Section 2. Because studies
often report only a subset of R, the criterion allows a small performance tolerance and requires
improvement in at least one reported resource dimension.

Appendix C. Literature Overview
Appendix C.1. Literature Collection Protocol

To ensure a structured and transparent literature collection process, we establish a formal review
protocol, covering work available through July 2026:

105 B Observed counts (2026 through Jul.) 105
3 Projected 2026 total |

|
Logistic trend :
I

901

#= Preprint (62, 55.9%)
Otbhers (15, 13.5%)
m ACL (9, 8.1%)

ICLR (7, 6.3%)

NeurlIPS (6, 5.4%)
EMNLP (4, 3.6%)
NAACL (3, 2.7%)

AAAI (3, 2.7%)
= ICML (2, 1.8%)

751

61
60 1

45

Number of surveyed works

30 1

154

2023 2024 2025 2026
Year

(a) Venue distribution. (b) Temporal distribution.

Figure A1. Literature overview of surveyed works (as of July 2026). Left: venue distribution, where venues with
fewer than two papers are grouped into Others. Right: temporal distribution, where the year is the venue year or
otherwise the preprint year.

Search Sources.

We specify the searched sources, including Google Scholar, Semantic Scholar, arXiv, ACL Anthol-
ogy, OpenReview, ACM/IEEE libraries, and major NLP/ML conference websites.

Queries.

We list representative keywords, including “tool-using LLM agent”, "tool learning”, "function

" on " on " on " on

calling”, "tool invocation”, "tool retrieval”, "tool context compression”, "tool calling efficiency”, "trajectory

" o

optimization”, "agent caching”, and “parallel/speculative tool execution”.
Eligibility.

We retain works that satisfy the survey scope in Section 2: the method must operate in a tool-using
setting and explicitly reduce at least one resource dimension while maintaining task performance. We
exclude tool-using papers that focus only on capability without an efficiency objective or analysis. We

also exclude works whose efficiency gains are not tied to tool use, including general LLM inference
acceleration, model compression, serving optimization, and generic system scheduling.

Screening.

We clarify that papers are screened first by title and abstract, and then by introduction text.
Duplicate versions of the same work, such as arXiv and conference versions, are merged, with the
latest or archival version retained.

Quality Appraisal.

To account for source quality, we prioritize peer-reviewed conference and journal papers, while
considering relevant preprints and workshop papers for taxonomy construction, with venue reported
in Table A1l. Industrial blogs are treated only as supporting evidence.
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Appendix C.2. Publication Statistics

In total, our survey includes 111 works. This count excludes industrial blogs, which are used only
as supporting evidence. For a work first released as a preprint and later published at a venue, both the
venue and temporal statistics use the venue publication year rather than the initial preprint year. The
left panel of Figure A1 shows their venue distribution. Two patterns are worth noting. First, Preprint
alone accounts for 55.9%, which suggests that the area is moving faster than the archival publication
cycle and that many methods are disseminated through arXiv or other non-archival channels. Second,
the remaining works are concentrated in mainstream NLP or ML venues, especially ACL (9), ICLR
(7), and NeurIPS (6), indicating that efficient tool-using LLM agents are receiving attention from both
communities.

The right panel of Figure Al presents the temporal distribution of the surveyed works. We
observe a clear acceleration over time: the number of works rises from 1 in 2023 to 16 in 2024 and 33 in
2025. The count reaches 61 by July 2026; extrapolating the observed rate yields a projected total of 105,
further indicating rapid growth.

Appendix D. Comparative Analysis
Appendix D.1. Stage-Level

We compare the four stages by their primary resource targets, suitable scenarios, and key risks,
as summarized in Table A3. The comparison shows that each stage addresses a distinct bottleneck,
although its gains depend on the operating setting and associated risks.

Table A3. Stage-level comparative analysis of efficient tool-using agents.

Stage Mainly optimized resource  Suitable scenarios Key risks

Compression may remove
latent tool dependencies,
execution-critical schema
constraints, or historical
evidence needed for later
grounding and recovery.
Conservative policies may
under-call, abstain
unnecessarily, or fail when tool
availability, budgets, or
parameter grounding change.

enterprise API hubs, MCP
Context Token consumption (Ny) servers, long-history web QA,
and on-device assistants.

search-based QA, coding/math
agents with optional execution,
pay-per-search systems, and
multi-agent routing.

Calling Tool-call count (Ng,) and
monetary cost (M)

travel planning,
coding/debugging, embodied
Reasoning Reasoning tokens (N;ok), tool planning, misinformation
calls (Ngg11), and trajectory detection, and recurring
length (K) workflows.

Shortened or reused trajectories
may prune corrective branches,
accumulate reasoning errors, or
mismatch subtle task changes.

Cached, parallel, or speculative
execution may introduce stale
observations, dependency
violations, redundant work, or
costly rollback.

web search agents, voice
assistants, booking workflows,
and repeated retrieval of tool
outputs.

Execution  End-to-end latency (L)

Appendix D.2. Method-Level

We further compare the settings in which the principal method families within each stage are
most applicable.

e  Efficient Tool Context. Tool Set Compression fits large or noisy tool libraries, where the priority is
reducing visible tools while keeping relevant ones accessible. Tool Description Compression fits
manageable tool sets with verbose or repeated schemas, where token savings depend on preserv-
ing invocation-critical fields. History Compression fits long-horizon or multi-turn tasks, where
compact states must retain enough past observations and reasoning traces for later grounding.
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e  Efficient Tool Calling. Eligibility-Aware Calling fits cases where the main decision is whether
a tool is needed or feasible, such as answerable requests, unavailable tools, or under-specified
parameters. Cost-Aware Calling fits settings where useful tools are expensive, especially under
budgets, rate limits, or heterogeneous tool costs, and calls should be allocated to higher-value
actions.

e  Efficient Tool Reasoning. Trajectory Optimization fits complex, instance-specific tasks requiring
search, decomposition, pruning, or backtracking, where flexibility is important for solving novel
problems. Reasoning Reuse fits recurrent or structurally similar tasks, where past plans, templates,
or distilled strategies can amortize reasoning cost across repeated patterns.

¢  Efficient Tool Execution. Results Caching fits stable and recurring tool outputs, where reuse
can avoid repeated execution. Parallel Execution fits independent or graph-structured tool calls
in decomposable tasks, where overlap can shorten runtime. Speculative Execution fits settings
where future calls can be predicted with high confidence, allowing execution to start before formal
commitment.

Appendix D.3. Implementation-Level

We compare competing implementations within each method family and summarize the condi-

tions favoring each alternative in Table A4. The results indicate that no implementation dominates

universally, and the appropriate choice depends on the task and deployment setting.

Table A4. Implementation-level comparative analysis of efficient tool-use methods.

Method

Implementation

Favor the former when...

Favor the latter when...

Tool Set Compression

Tool Set Compression

Tool Description
Compression

History Compression

Eligibility-Aware
Calling

Cost-Aware Calling
Trajectory
Optimization
Reasoning Reuse

Results Caching

Parallel Execution

Speculative Execution

Retrieval-Based vs.
Selector-Based

Hierarchical vs.
Retrieval-/Selector-Based

Textual vs. Deferred Schema
Exposure

Trajectory Curation vs. State
Extraction

Necessity Assessment vs.
Availability Assessment

Reward-Driven Optimization vs.
Budget-Driven Optimization
Structured Exploration vs. Policy

Refinement

Plan Caching vs. Reasoning
Distillation

Tool-Level Caching vs.
System-Level Caching
Decoding-Tool Parallelism vs.

Inter-Tool Parallelism

Action-Level Speculation vs.
System-Level Speculation

The tool library is large, dynamic, or
long-tailed, and query /history signals
generalize well.

Tools have clear domain, intent, or
API-library hierarchy for reliable
coarse-to-fine filtering.

Planning requires visible names,
parameters, and constraints throughout
reasoning.

Later steps need exact observations,
actions, or provenance for grounding
and rollback.

The main issue is tool overuse on queries
solvable from internal knowledge or
context.

The goal is a soft quality-cost preference
without hard inference-time limits.

Tasks are novel, long-horizon, or require
backtracking and branch comparison.

Similar workflows recur and cached
plans can be adapted with low mismatch
risk.

Calls are isolated, stateless, semantically
equivalent, and fresh within a validity
window.

The bottleneck is waiting between
generation and tool response.

The agent can predict and validate
near-future actions before commitment.

The tool space is stable, usage patterns
are predictable, and retrieval overhead is
undesirable.

Tool relations are flat or cross-domain, so
early coarse pruning may discard useful
tools.

Tool choice can be made from short
descriptions, with full schemas loaded
only when needed.

The horizon is long and completed
subtasks can be safely abstracted into
compact state.

The main issue is infeasible calls caused
by missing tools, inactive APIs, or
ungroundable arguments.

Deployment has strict API budgets,
quotas, rate limits, or pay-per-use
constraints.

Tasks are stable and efficient behavior
can be learned from high-quality traces.

Small or edge agents need internalized
strategies without relying on external
caches.

Workflows depend on persistent state,
intermediate artifacts, or cross-tool
orchestration.

The task has independent tool calls that
can safely run in parallel.

The infrastructure can prefetch likely
APIs or results, and wasted work is
acceptable.

Appendix E. Drivers and Bottlenecks
Appendix E.1. Main Efficiency Drivers

Efficiency in tool-using agents is fundamentally driven by task-conditioned resource allocation.

Such resource allocation depends on the agent’s understanding of four key aspects.

Task Objective.

The agent needs to distinguish hard requirements from flexible preferences. Without a clear task

understanding, it may over-search, overuse tools, or follow an incorrect plan.
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Environment State.

The agent needs to track the environment and identify when external information requires tool-
based updates. For dynamic information such as prices, availability, or real-time web content, skipping
tool use may lead to outdated or incorrect decisions.

Tool Affordances and States.

The agent needs to understand each tool’s capabilities, required arguments, invocation cost, and
relevant side effects.

Capability Boundary.

Efficiency requires calibrated awareness of the agent’s own capability boundary. An overconfident
agent may skip necessary tools and produce unsupported answers, while an overly conservative agent
may invoke tools unnecessarily or prolong the trajectory with redundant checks.

Appendix E.2. Main Efficiency Bottlenecks

Four bottlenecks make task-conditioned resource allocation difficult in practice.

Local-Global Tension.

There is an inherent tension between local information minimization and global task completion.
An agent may adopt a greedy strategy that minimizes the current context, skips a tool call, or shortens
the current reasoning step, but such local savings may later return as a much higher recovery cost.

State Opacity.

Tool-using agents face substantial opacity in task state, environment state, tool state, and self-
state. User requests are often incomplete, requiring the agent to infer task boundaries. External
environments are also partially observable and dynamic. Moreover, LLMs often lack stable self-
uncertainty calibration. They may be overconfident and skip necessary tool use, or overly conservative
and invoke tools even when the task can be solved directly.

Dynamic Deployment Conditions.

Many efficiency policies are learned or evaluated in static and controlled environments, whereas
real-world deployments involve dynamic tool systems and changing external states. A policy learned
on a fixed benchmark or static tool library may therefore become unreliable when the environment
changes. Efficient agents need to continuously monitor tool availability, data freshness, cost changes,
and deployment constraints.

Task and Deployment Dependence.

Efficiency strategies are highly task- and deployment-conditioned. Different tasks have different
dominant sources of inefficiency. Some are bottlenecked by large tool libraries, while others are
constrained by costly external calls. Consequently, no single efficiency policy is likely to work across all
settings. A strategy that removes redundancy in one task regime may remove necessary information
or introduce extra overhead in another.

Appendix F. Evaluation and Benchmarks

Efficiency evaluation should jointly measure task utility and the coupled resource profile R =
(Niok, Neanr, L, M). Yet accuracy-centric benchmarks vary across tool environments, agent architectures,
and operating conditions, limiting comparison. We organize them by benchmark paradigm, evaluation
dimension, and reporting practice.
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Appendix F.1. Benchmark Paradigms
Task-Oriented Benchmarks.
AgentBench and GAIA assess end-to-end capability across diverse tasks, while environment-

based benchmarks such as WebArena, ALFWorld, and ScienceWorld test interactive planning and
long-horizon execution. However, they rarely isolate tool-use overhead.

Table A5. Unified macro-level empirical evaluation dimensions for efficient tool-using agents.

Dimension Evaluation Settings Metrics Evaluation Target
QA, Math Reasoning, API Accuracy, Exact Match, F1, Preserving end-to-end task
Task Quality ~ Chains, Web-Search, Pass@k, Task Completion success while applying
Long-Horizon Tasks Rate efficiency strategies.
Tool-necessity, Function Selection Accuracy, Routing Making correct tool-use
.. . . . Accuracy, Parameter .. .
Decision Calling, Multi-agent Routing ) decisions and generating
. Accuracy, Execution Success .
Quality Benchmarks Rate valid parameter schemas.
Large Tool lera.rles, MCP Tool Calls, Token Reduction, Minimizing unnecessary
. . Tool Pools, Multi-turn . . .
Efficiency . Compression Ratio, context, tool calls, reasoning
Contexts, Streaming API . R .
. Speedup, Cache Hit Rate steps, or execution time.
Settings
Budget-constrained Tasks, Token Cost, Tool Cost, Reducing monetary,
Resource Edge Settings, FaaS Memory Usage, Energy computational, and
Efficiency Workflows Consumption, Throughput operational costs.
Out-of-Distribution (OOD)  Tool Hallucination Rate, Maintaining stable efficiency
Robustness Tools, Incomplete Schema, Failed-call Rate, Stale-cache =~ behavior under dynamic

Long-horizon Environments

Error, OOD Success Rate

noisy tool conditions.

Tool-Using Benchmarks.

Tool-using benchmarks such as ToolBench and API-Bank isolate external invocation decisions
by assessing tool selection, argument generation, and execution correctness. BEFCL extends coverage
to serial, parallel, abstention, and stateful calls. ToolSandbox adds persistent state and implicit
dependencies, while MCP Verse covers large executable tool inventories with time-sensitive outcome-
based evaluation (Lu et al. 2025; Patil et al. 2025; Lei et al. 2025; Qin et al. 2023).

Efficiency-Oriented Evaluation.

A smaller body of work examines whether resource reductions preserve task quality across
large tool libraries, long contexts, caching, and streaming interactions. Calibration and accuracy—cost
analyses further expose these trade-offs (Shen et al. 2024; Wei et al. 2025). However, no common
protocol spans these settings.

Appendix F.2. Evaluation Dimensions

We group existing evaluation settings, metrics, and objectives into task quality, decision quality,
efficiency, resource efficiency, and robustness, as summarized in Table A5.

Appendix F.3. Evaluation Gaps and Reporting Guidance

Current evaluations rarely report task utility together with all four resource dimensions. They
also under-measure retries, stale observations, rate limits, tool failures, side effects, and budget
depletion, despite progress in stateful benchmarks (Lu et al. 2025; Patil et al. 2025). Live APIs and
mutable backends introduce further drift, while inconsistent hardware, network conditions, and tool
availability limit reproducibility (Lei et al. 2025; Qin et al. 2023).

Future studies should report task performance alongside Niox, Nean, L, and M, document operat-
ing conditions, and analyze failure sources. Such joint reporting helps distinguish genuine efficiency
gains from improvements obtained by sacrificing reliability.
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