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ABSTRACT

Large language model (LLM) agents often rely on long sequences of low-level
textual actions, resulting in large effective decision horizons and high inference
cost. While prior work has focused on improving inference efficiency through
system-level optimizations or prompt engineering, we argue that a key bottleneck
lies in the representation of the action space itself. We propose Latent Action
Reparameterization (LAR), a framework that learns a compact latent action space
in which each latent action corresponds to a multi-step semantic behavior. By
reparameterizing agent actions into latent units, LAR enables decision making
over a shorter effective horizon while preserving the expressiveness of the original
action space. Unlike hand-crafted macros or hierarchical controllers, latent actions
are learned from agent trajectories and integrated directly into the model, allowing
both planning and execution to operate over abstract action representations. Across
arange of LLM-based agent benchmarks, LAR significantly reduces the effective
action horizon and improves inference efficiency under fixed compute budgets.
As a consequence, our approach achieves substantial reductions in action tokens
and corresponding wall-clock inference time, while maintaining or improving task
success rates. These results suggest that action representation learning is a critical
and underexplored factor in scaling efficient LLM agent inference, complementary
to advances in model architecture and hardware. Source code is attached here

1 INTRODUCTION

Large language model (LLM) agents have emerged as a powerful paradigm for solving complex
tasks involving multi-step reasoning, tool use, and interaction with external environments (Wang
et al.,[2024)). By repeatedly generating actions conditioned on intermediate observations, modern
LLM agents can perform search, planning, and decision making across diverse domains (Liu et al.|
2023;; |Gioacchini et al.,|2024). However, as these agents are applied to increasingly complex tasks,
inference efficiency has become a critical bottleneck (Liu et al.|, 2025). Agent execution often requires
long sequences of decisions, leading to high inference latency and prohibitive computational cost,
which in turn limits scalability, deployment, and real-time interaction (Gonzalez-Pumariega et al.,
2025).

Prior work has primarily addressed agent inference efficiency through improvements in model
architecture, hardware acceleration, system-level optimizations, or prompt engineering (Cai et al.,
2025} (Chen et al.| [2024b; [Debnath et al.| |2025; Wan et al.| 2023)). These approaches reduce the cost of
individual inference steps or improve throughput, but they largely operate orthogonally to the structure
of the agent’s decision process itself (Zhou et al.|[2024)). In particular, while per-token generation may
become faster (Gim et al.| 2024; |Cai et al.} 2025), the number of decision steps required to complete
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a task often remains unchanged. As a result, the overall inference cost continues to scale poorly with
task horizon, especially in settings that require multi-step reasoning or search (Chen et al., 2025).

In this work, we argue that inference efficiency in LLM agents is fundamentally constrained by the
representation of the action space, particularly in sequential decision-making settings. In current
agent systems, actions are typically realized as low-level textual outputs, where each generated token
constitutes an explicit decision that conditions subsequent computation, planning, or interaction
with the environment (Kim et al.| 2025)). Such token-level action representations induce excessively
fine-grained decision making, resulting in unnecessarily large effective decision horizons even for
semantically simple behaviors (Zhai et al., 2025} |Chen et al., 2024a). Consequently, inference scaling
is dominated not by model size alone, but by the granularity at which agent actions are represented
and composed over time (Zheng et al., 2024} Yang et al.| [2025b). We therefore posit that action
representation should be treated as a first-class modeling choice in LLM-based agents, on par with
model architecture and system-level design.

Motivated by this observation, we propose Latent Action Reparameterization (LAR), a framework
that learns a compact latent action space for LLM agents. In LAR, each latent action corresponds
to a multi-step semantic behavior that would otherwise be realized through a sequence of low-level
textual actions. By reparameterizing agent decisions into these latent units, planning and execution
can operate over a substantially shorter effective horizon while preserving the expressiveness of the
original action space. Unlike hand-crafted macros or hierarchical controllers (Al-Emran,|2015; /Amato
et al., 2019; Bacon et al.}2017), latent actions in LAR are learned directly from agent trajectories and
integrated into the model, enabling end-to-end decision making over abstract yet executable action
representations.

A key challenge in action abstraction for LLM agents lies in balancing representational abstraction
with action executability (Yao et al.,|2022; |Schick et al., [2023)). Fully implicit latent representations
are effective for internal reasoning and credit assignment, but they are insufficient for agent systems
that must interact with external tools or environments through explicit, protocol-constrained inter-
faces (Schick et al.| [2023; |[Hafner et al., [2023)). In such settings, actions must remain decodable,
interpretable, and executable by downstream systems. LAR addresses this challenge by explicitly
modeling the latent—explicit boundary: latent actions provide higher-level abstraction while remaining
directly realizable as concrete, executable action sequences. Specifically, our framework compresses
low-entropy, structurally recurring patterns including system prompts, tool invocation syntax, and
recurring configurations into latent units, while strictly preserving high-entropy, parameter-rich inputs
(e.g., specific search queries or numerical entities) in the explicit output space. This design reflects a
broader principle in agent modeling: increased abstraction is not always beneficial, as executability
fundamentally constrains useful action representations (Yao et al.|[2022).

Our main contributions are summarized as follows:

« Significant Efficiency Gains: We demonstrate that LAR significantly reduces the effec-
tive action horizon, leading to substantial reductions in action tokens and corresponding
improvements in inference efficiency across diverse LLM agent benchmarks.

* Preserved Task Performance: Despite operating over a compressed latent action space,
our approach maintains or improves task success rates compared to baselines using raw
textual actions, proving that efficiency need not come at the cost of performance.

* Analysis of Abstraction Limits: We identify a distinct performance collapse threshold,
empirically delineating the boundary between compressible structural redundancy and
essential semantic content.

* New Perspective on Scaling: Our results highlight action representation learning as a critical
and underexplored factor in scaling efficient LLM agent inference, offering a complementary
path to advances in model architecture and hardware.

2 RELATED WORK

A large body of prior work improves the efficiency of LLM-based agents by modifying different
stages of the agent pipeline, including how inputs are conditioned, how tokens are generated, and how
interaction histories are maintained. Prompting and Input-Level Control: Prompting and input-level



Published as a MemAgents Workshop paper at ICLR 2026

I )\
Env -ﬁ- Agent ]———P[ Raw Action Trajectory ]

A a=(Xp g - xt’/at/)
f O, R; Ay ") R R R L LD
00000 000 1000 *t.: “o o Xt jat1) Xt jat) |
e SEEN R N N ' : 3 3 3 ~N
080 e Ry " A b33 8 eparamenised fcfion fTmedry,
DDDD D D D fhen Xt g s o Xt jat-1] Xt jat)
\_ Latent Action Space ewer Tokens! s

Figure 1: Overview of Latent Action Reparameterization (LAR). LAR reformulates agent decision
making by collapsing recurrent, transition-equivalent action segments into executable latent actions,
thereby reducing the effective decision horizon. Low-entropy structural components are abstracted
into latent actions, while high-entropy, parameter-binding content remains explicit to preserve
executability.

methods improve efficiency by shaping the conditioning signal before or during inference (Debnath
et al, 2025). Techniques such as Chain-of-Thought elicit intermediate reasoning that improves
accuracy but often increases generation length and latency (Wei et al., 2022; [Wang et al., [2022).
Subsequent prompt engineering constrains reasoning formats to reduce verbosity while preserving
answer quality (Zhou et al.,[2022; |Li et al., 2023). Token-Level Generation Control and Inference-
Time Interventions: Another line of work regulates token emission during inference to reduce
redundant generation (Leviathan et al.| |2023; Kim et al., 2023} |Shridhar et al.| |2023)). Representative
approaches include in-generation guidance that encourages shorter reasoning traces (e.g., ConciseHint-
style methods (Tang et al., 2025)) and token scoring or pruning mechanisms that skip low-utility
tokens (e.g., TokenSkip (Xia et al.||2025)). These methods optimize efficiency within the original
token-level generation process. Context and Memory Optimization for Agents: For interactive
and tool-using agents, efficiency bottlenecks often stem from long interaction histories carried as
context (Shinn et al.| 2023} [Park et al.,[2023; [Packer et al.,[2023} [Zhang et al., |2025)). Context and
memory optimization methods reduce conditioning costs by compressing or summarizing histories.
ACON is the representative optimizing the agent’s memory representation via history and observation
compression (Kang et al., 2025).

Collectively, the above approaches improve efficiency while leaving the decision interface funda-
mentally unchanged: the agent still reasons and acts at the level of token emissions, and efficiency
gains arise from modifying inputs, regulating token generation, or compressing memory (Wan et al.|
2023). As a result, the effective decision horizon remains dictated by token-level granularity. In
contrast, our work challenges this assumption and targets inefficiency at its source by redefining
the unit of decision-making itself. LAR reparameterizes the action space by collapsing multi-step
action segments that induce transition-equivalent behaviors into single latent actions, thereby directly
reducing the effective decision horizon. Crucially, reparameterization is constrained by executability:
parameter-binding actions that determine environment-facing semantics are preserved explicitly, while
only stable, context-invariant scaffolds are abstracted. This reframes efficiency not as a byproduct of
shorter text, but as a consequence of operating over a more appropriate decision representation.

3 METHODOLOGY

3.1 ACTION DEFINITION AND PROBLEM SETUP

We consider an LLM-based agent operating in a sequential decision-making setting. An agent—
environment interaction is represented as a trajectory 7 = (01, a1, 09, as, . ..,or,ar), where o;
denotes the observation at step ¢ and a; denotes the action produced by the agent at that step.
Observations may include textual context, intermediate reasoning states, tool outputs, or environment
feedback.
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In contemporary LLM agents, actions are instantiated as explicit textual outputs. Each action a; is a
sequence of generated tokens a; = (x1,. .. ,xmm), with z; ; drawn from the model vocabulary.
We treat all generated tokens that condition subsequent computation or interaction as action decisions,
including system-level configurations and interaction scaffolds.

We define the effective action horizon of a trajectory as Heg(7) = 3., |a¢|, which measures the
total number of explicit generation decisions and directly determines inference cost. Our objective
is to reduce this horizon by altering action representation, without modifying agent behavior or
executability.

3.2 LATENT ACTION REPARAMETERIZATION

We propose Latent Action Reparameterization (LAR), which reformulates agent decision making over
a compact action space as shown in Fig. |l Instead of operating over token-level action primitives,
LAR enables the agent to reason over higher-level action units that correspond to multi-step semantic
behaviors.

Let Z denote the latent action space, and let z; € Z denote the latent action instantiated at step ¢.
Each latent action represents a semantic decision unit that subsumes a sequence of low-level actions.
Under this representation, the effective horizon becomes Hia (7) = >, |2¢|, where each latent action
is treated as a single decision step.

LAR aims to preserve the functional behavior induced by original trajectories while eliminating
redundant decision steps caused by overly fine-grained action representations. Planning and execution
therefore operate directly over latent actions rather than token-level primitives.

3.3 LEARNING LATENT ACTIONS FROM TRAJECTORIES

Latent actions are learned directly from agent trajectories by identifying recurrent multi-step behaviors
that function as stable decision units. Rather than treating each action a; as atomic, we consider
action segments, which may span multiple decision steps or structured sub-sequences within a single
action. Such segments capture extended behaviors that recur across trajectories.

We characterize behavioral recurrence using transition equivalence. Let 7 denote the transition
dynamics induced jointly by the agent and environment. Two trajectory segments a and a’ are
said to be transition-equivalent if, for any preceding action history h, the induced transitions satisfy
T(hoa) = T(hoa'), where o denotes sequence concatenation and & denotes equivalence up to
task-relevant outcomes. In practice, this equivalence is not enforced universally but is approximated
on the empirical trajectory distribution induced by the agent.

A latent action z € Z is defined as an equivalence class of trajectory segments under this relation.
To integrate latent actions into the agent, each z is parameterized with a compact representation
consumable by the language model during inference; in our implementation, this is realized via
dedicated vocabulary symbols, though the modeling abstraction does not depend on this choice.

To preserve behavioral consistency, we align the model’s predictive distributions conditioned on
latent actions with those conditioned on their corresponding trajectory segments using trajectory-level
distillation. This alignment ensures that latent actions faithfully represent the decision semantics of
the original agent.

3.4 EXECUTABLE LATENT ACTIONS

Not all latent actions are executable. In our framework, executability subsumes both syntactic validity
under external interfaces and semantic correctness with respect to agent environment interaction.
Specifically, while actions must remain decodable and interpretable by downstream systems, true
executability further requires that replacing concrete trajectory segments with a latent action does not
alter the induced transition behavior.

Formally, a latent action z is executable if all trajectory segments belonging to z are transition-
equivalent. That is, for any two realizations a,a’ € z and any preceding history h, executability
requires that 7 (h o a) = T (h o a’). This condition ensures that replacing a concrete trajectory
segment with the corresponding latent action does not change downstream behavior.
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This executability condition defines a semantic constraint on the latent action space. Latent actions
that satisfy this constraint correspond to behaviors whose effects are invariant across contexts, whereas
actions whose effects depend on task-specific parameters or contextual bindings violate transition
equivalence and cannot be safely abstracted.

3.5 APPLICABILITY AND FAILURE MODES

LAR is effective when the agent’s action space contains a substantial subset of executable latent
actions. In such settings, multiple explicit action segments correspond to the same transition behavior,
allowing action abstraction to reduce the effective decision horizon without affecting task execution.

Failure arises when abstraction merges action segments that are not transition-equivalent. In this
case, a latent action no longer represents a single, well-defined behavior, and replacing concrete
actions with the latent action alters the induced transitions. This leads to incorrect agent—environment
interaction and results in sharp degradation in task performance.

Accordingly, LAR operates by restricting abstraction to latent actions that satisfy the executability
condition. The method does not seek maximal compression, but instead identifies the largest subset of
executable latent actions that preserves transition behavior, ensuring reliable decision making under a
compressed action representation.

4 EXPERIMENTAL SETUP

Agent Models: We evaluate LAR on two widely used instruction-tuned LLMs: Meta-Llama-3.1-8B-
Instruct (Dubey et al.,|2024) and Qwen3-8B (Yang et al., [2025a)). These models differ in pretraining
data, alignment procedures, and architectural choices, allowing us to assess whether action space
reparameterization generalizes across model families. For each model, latent actions are learned
exclusively from its own rollout trajectories.

Benchmarks: We consider a diverse set of LLM agent benchmarks covering different interaction
patterns and action structures. TriviaQA (Joshi et al.,[2017) represents multi-step reasoning tasks;
HumanEval (Chen, 2021), MBPP (Austin et al., 2021}, and KodCode (Xu et al., [2025) represent
code-generation tasks with highly structured action patterns; and Mind2Web (Deng et al., 2023)
represents web-based, tool-using tasks with rich interaction scaffolds. For code benchmarks, latent
actions are learned jointly across datasets to evaluate cross-task generalization within a shared action
style.

Baselines: We compare LAR against vanilla LLM agents and ReAct-style agents, as well as
representative efficiency-oriented methods operating at different stages of the agent pipeline, including
token-level generation control (TokenSkip (Xia et al.|, [2025)), ConciseHint (Tang et al.,|2025))) and
context/memory optimization (ACON (Kang et al., 2025))).

Evaluation Metrics: We report task-specific performance metrics (e.g., accuracy or success rate)
and the relative reduction in action token counts compared to the original (Vanilla) trajectories.
All methods are evaluated using identical decoding settings and hardware configurations. More
experimental information is detailed in Appendix

5 RESULTS AND ANALYSIS

5.1 MAIN RESULTS: PERFORMANCE AND EFFICIENCY ANALYSIS

Table [T] reports task performance alongside the relative reduction in action tokens (in parentheses,
compared to the original Vanilla trajectories). We analyze the results from three perspectives: the
accuracy—efficiency trade-off, robustness across interaction regimes and backbones, and overall
comparison with baselines.

Accuracy-Efficiency Trade-off under Action Reparameterization: As shown in Table[I} LAR
consistently achieves favorable accuracy—efficiency trade-offs across backbones and benchmarks. In
most settings, LAR reduces the effective decision horizon, reflected in fewer action tokens, while
preserving or improving task success rates. For instance, on TriviaQA with Qwen3-8B, LAR attains
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Table 1: Main results on three representative LLM agent benchmarks. We compare Latent Action
Reparameterization (LAR) with general prompting baselines (Vanilla, CoT, ReAct) and efficiency-
oriented methods operating at the token or context level (TokenSkip, ACON, ConciseHint), across
two backbone models. Numbers report task performance, with parentheses indicating the relative
change in action tokens. The best performance for each backbone and benchmark is highlighted in
bold.

Backbone  Method TriviaQA KodCode Mind2Web
Vanilla 67.40 34.44 36.73
COT 69.43 35.10 34.15
ReAct 78.67 58.94 ;
Qwen3-8B “roienSkip  57.02 (-28.66%) 29.80 (-28.44%) 31.13 (-16.57%)
ACON 5533 (-27.9%)  28.67(-22.5%)  30.77 (-17.7%)
ConciseHint  68.69 (-12.7%) 2847 (-12.5%)  35.33 (+11.9%)
LAR 80.09 (-27.06%) 5828 (-92%)  39.84 (-2.9%)
Vanilla 73.63 31.13 24.40
COT 75.50 22.52 13.85
Llamaa  ReAct 59.88 33.11 ;
8B-Instruct TokenSkip  68.87 (-11.98%) 26.03 (-5.79%)  14.27 (-1.87%)
ACON 57.14 (-254%)  24.67(-23.1%)  15.63 (-16.7%)
ConciseHint 6732 (-13.5%)  25.83 (-12%)  17.33 (-13%)
LAR 7126 (-23.3%)  33.11(-9.8%)  28.30 (-20.81%)

80.09 accuracy while reducing tokens by 27.06%, outperforming Vanilla and CoT and slightly
exceeding ReAct. On Mind2Web, LAR achieves the highest accuracy (39.84) despite a shorter
decision horizon. These results suggest that LAR primarily eliminates redundant decision steps rather
than semantically critical ones.

Unlike TokenSkip, ACON, and ConciseHint, which intervene at the token generation or conditioning
stage and may destabilize decision semantics, LAR reparameterizes the action space itself into
executable latent units, preserving task-relevant transition behavior. The results also reveal abstraction
boundaries. On TriviaQA with Llama-3.1-8B-Instruct, LAR achieves a 23.3% token reduction but
incurs a slight accuracy drop versus Vanilla and CoT, suggesting that when structurally redundant
action segments are limited, further abstraction approaches the boundary of semantic decision-making
rather than indicating instability. Overall, LAR occupies a more favorable region in accuracy—
efficiency space, supporting the conclusion that the effective decision horizon, rather than token count
alone, is the dominant factor governing LLM agent efficiency.

Robustness across Heterogeneous Interaction Regimes and Backbone Behaviors: Table|I] fur-
ther shows that LAR generalizes robustly across benchmarks with distinct interaction structures:
reasoning-intensive tasks (TriviaQA), highly structured code generation (KodCode), and tool-using
web interaction (Mind2Web). These tasks differ in the relative proportions of structural redundancy
and parameter-binding semantic content. TriviaQA combines multi-step reasoning with external
retrieval calls; KodCode exhibits stable syntactic and semantic scaffolds; and Mind2Web interleaves
protocol-constrained tool invocations, textual reasoning, and parameter specification.

On KodCode, LAR matches or closely approaches the strongest baselines across both backbones
while reducing the decision horizon by approximately 9 to 10%, suggesting that code-generation tasks
contain substantial executable structural redundancy that can be safely abstracted. On Mind2Web,
the effect is more strongly modulated by backbone behavior: with Qwen3-8B, LAR achieves the
highest accuracy with a modest token reduction, while with Llama-3.1-8B-Instruct, it delivers both
a substantial accuracy improvement and a large reduction in decision horizon. This discrepancy
reflects differences in generation style, as the amount of intermediate text produced by the backbone
determines the fraction of action content that can be safely abstracted.

Overall, LAR demonstrates stable benefits across heterogeneous interaction regimes, with its effec-
tiveness jointly determined by task-level action structure and backbone-specific generation behavior,
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indicating that action representation learning serves as a general mechanism complementary to model-
and system-level optimizations for efficient LLM agent inference.

Overall Performance Comparison: Across all benchmarks and backbones, LAR consistently
achieves the best or near-best task performance among efficiency-oriented methods, while substan-
tially outperforming TokenSkip, ACON, and ConciseHint. These baselines reduce inference cost by
pruning token generation or compressing context, but frequently incur severe performance degrada-
tion on structured or interactive tasks such as KodCode and Mind2Web, highlighting a fundamental
limitation of efficiency methods that do not preserve environment-facing transition semantics.

In contrast, LAR maintains strong task performance while operating over a reparameterized latent
action space. On Qwen3-8B, LAR achieves the highest accuracy on TriviaQA and Mind2Web,
and matches ReAct on KodCode, all under a significantly reduced effective decision horizon. This
suggests that LAR gains arise from reparameterizing the unit of decision making rather than from
token- or context-level compression. A similar trend holds on Llama-3.1-8B-Instruct: LAR remains
competitive with the strongest prompting baselines and consistently outperforms efficiency methods
lacking executability constraints. Even where LAR does not strictly exceed the best baseline, such as
KodCode on Qwen3-8B, it achieves comparable task success while operating over a more compact
decision space.

Overall, these results support our central claim that preserving transition semantics is critical for
favorable efficiency—performance trade-offs. By constructing latent actions under an executability
constraint, LAR eliminates structural redundancy in agent behavior while preserving environment-
facing transition behavior, enabling efficient inference without sacrificing task success.

5.2 CROSS-BENCHMARK GENERALIZATION OF LATENT ACTIONS WITHIN THE CODE
GENERATION DOMAIN

This experiment evaluates whether latent actions learned by LAR capture reusable decision structure
or merely encode dataset-specific artifacts. Specifically, we train latent actions using trajectories
collected on KodCode and directly apply the resulting action reparameterization to other code-
generation benchmarks, HumanEval and MBPP, without any retraining or adaptation. ReAct is used
as the baseline under its standard prompting-based, multi-step interaction setting. This setup directly
tests the core assumption underlying LAR’s design.

If latent actions correspond to transition-equivalent and executable decision units (Section [3), they
should generalize across benchmarks that share a common action domain even when surface distribu-
tions differ. Conversely, if they merely overfit to dataset-specific patterns, their effectiveness should
deteriorate when transferred to unseen benchmarks.

As shown in Table 2} LAR demonstrates strong cross-benchmark generalization across both back-
bones. When trained on KodCode and evaluated on HumanEval and MBPP, LAR consistently
matches or outperforms ReAct without task-specific retraining or prompt engineering, despite not
being trained or tuned on these target benchmarks. This behavior indicates that LAR learns domain-
level action abstractions for code generation, rather than benchmark-specific heuristics. In particular,
the latent actions appear to encode stable structural behaviors such as code scaffolding and formatting
patterns that remain valid across datasets.

Notably, this generalization is achieved without task-specific retraining or prompt engineering. While
ReAct relies solely on prompting and interaction at test time, LAR reuses a fixed latent action space
learned from KodCode trajectories. The fact that this learned representation remains effective on
HumanEval and MBPP suggests that LAR’s inductive bias arises from action reparameterization
itself rather than from dataset alignment or tuning effects.

The magnitude of cross-benchmark gains also reflects differences in structural regularity across
benchmarks. HumanEval and MBPP exhibit more standardized code patterns and shorter generation
horizons than KodCode, which contains more diverse and complex interactions. Consistent with the
executability constraint in LAR, benchmarks with higher structural regularity provide a larger subset
of transition-invariant action segments that can be safely abstracted, leading to clearer performance
improvements after transfer.
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Table 2: Cross-benchmark generalization within the code generation domain. Latent actions are
learned from KodCode trajectories and directly evaluated on HumanEval and MBPP without retraining
or adaptation. LAR is compared against ReAct under identical backbone settings.

Backbone Method HumanEval MBPP KodCode

Owen3.gp  ReAct 89.63 7417  58.94
Wen3-eB 1 AR 91.46 7550  58.28
Llama-3.1 ReAct 56.71 4840  33.11
8B-Instruct LAR 60.37 46.60  33.11

At the same time, performance on KodCode remains stable, with LAR closely matching ReAct
across both backbones. This parity indicates that LAR does not trade in-domain performance for
cross-benchmark generalization. Instead, it preserves task-level behavior on the training benchmark
while improving robustness and transferability elsewhere.

Overall, these results provide strong empirical evidence that latent actions learned by LAR are neither
task-specific hacks nor benchmark-bound templates. Rather, they constitute reusable, executable
decision abstractions that generalize across datasets within a shared action domain, validating the
trajectory-based learning and executability assumptions central to the LAR framework.

5.3 PROGRESSIVE ABSTRACTION ABLATION AND THE BOUNDARY OF EXECUTABLE LATENT
ACTIONS

This experiment investigates the question: where the abstraction boundary lies for latent action
reparameterization, through a structured ablation over abstraction strength. While previous results
show that moderate abstraction can improve efficiency without harming performance, we conduct
a progressive abstraction ablation to characterize both the beneficial regime and the failure mode
of LAR by gradually increasing the reparameterization rate and observing when task performance
begins to degrade. This analysis directly corresponds to the failure modes discussed in Section [3.5]

Experimental Design (Progressive Abstraction Ablation): We perform a controlled ablation by
progressively increasing the reparameterization rate, defined as the proportion of action segments
replaced by latent actions, while keeping the backbone model and decoding settings fixed. This
ablation systematically varies the degree of abstraction applied to the agent’s action space, allowing
us to trace how performance evolves as abstraction moves from low-entropy structural components
toward high-entropy parameterized components.

Phase I: Moderate Abstraction (Ablation Regime): In the low-to-moderate abstraction regime
of this ablation, performance consistently improves alongside inference efficiency. This regime
corresponds to selectively abstracting low-entropy structural components, such as recurring scaffolds,
protocol formats, and stable interaction patterns. Removing these redundant decision steps shortens
the effective decision horizon and reduces inference cost, while preserving task-relevant semantics.
The observed performance gains in this ablation regime indicate that moderate abstraction removes
redundant or noisy action fragments rather than eliminating essential decisions. This trend is
visually illustrated in Fig.|2| which shows a consistent performance increase as low-entropy structural
components are progressively abstracted.

Phase I1: Abstraction Boundary: As the reparameterization rate continues to increase, performance
reaches a peak marking the abstraction boundary. At this point, most transition-invariant, executable
components have been safely abstracted and further abstraction yields no additional benefit. This
peak empirically delineates the maximal scope of abstraction that preserves transition equivalence
and executability.

Phase III: Performance Collapse: Beyond the abstraction boundary, performance degrades sharply.
This collapse occurs when the ablation begins to include high-entropy parameterized components,
such as queries, entity references, or task-specific arguments. Abstracting these components violates
the executability condition, as latent actions no longer correspond to transition-equivalent behaviors
across contexts. Notably, the degradation is abrupt rather than gradual, reflecting a semantic failure
mode caused by broken environment-facing transitions rather than insufficient modeling capacity.
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Figure 2: Progressive abstraction ablation results. Task performance as a function of the reparameteri-
zation rate for two representative settings. Moderate abstraction improves performance by eliminating
low-entropy structural redundancy, while excessive abstraction leads to a sharp performance collapse
once high-entropy, parameterized components are abstracted.

Cross-Task Consistency: The three-phase behavior along the abstraction ablation axis—performance
improvement, peak, and collapse—appears consistently across both Mind2Web and TriviaQA. While
the exact location of the abstraction boundary varies with task and backbone, the qualitative trend is
shared across domains, suggesting that the abstraction boundary is a structural property of action
reparameterization rather than an artifact of a specific task.

Method-Level Takeaway: This ablation provides direct empirical support for LAR’s design choice
to restrict abstraction to executable latent actions. Rather than aiming for maximal compression,
LAR identifies the largest subset of low-entropy, transition-invariant action segments that can be
safely abstracted. The observed performance collapse beyond the abstraction boundary validates this
restriction and highlights why executability fundamentally constrains useful action representations.

6 CASE ANALYSIS

We conduct a case analysis on a multi-step reasoning instance from TriviaQA to illustrate how LAR
reshapes the agent’s action structure. As shown in Fig.[3] the vanilla agent generates a long sequence
of fine-grained textual actions for information retrieval and answer construction, many of which
correspond to recurrent structural scaffolds such as reasoning templates and tool invocation formats,
rather than task-critical semantic decisions.

Under LAR, this trajectory is reformulated into two classes of actions: executable latent actions
and explicit high-entropy parameterized components. Low-entropy, recurrent structural patterns are
abstracted into latent actions representing transition-equivalent behaviors, while parameter-binding
elements that determine task semantics, including the concrete search query and final answer, remain
explicit to ensure executability.

This case study highlights that LAR shortens the effective decision horizon by abstracting transition-
invariant structure, while preserving correct interaction with external tools by retaining parameter-rich
components. Together, these effects illustrate how selective action reparameterization improves
inference efficiency without compromising semantic correctness or executability.

7 CONCLUSION

We introduced Latent Action Reparameterization (LAR), a principled framework that improves
LLM-agent efficiency by treating action representation as a first-class modeling choice. By learning
executable latent actions that compress recurrent low-entropy structures while preserving high-
entropy, parameter-binding content, LAR redefines the unit of decision making and directly addresses
the inefficiency caused by overly fine-grained action interfaces, achieving favorable performance—
efficiency trade-offs across diverse tasks and backbone models.
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IMPACT STATEMENT

This paper introduces Latent Action Reparameterization (LAR), a general framework for improving
the efficiency of LLM-based agents by learning executable latent action representations from trajec-
tories. By reducing the effective decision horizon while preserving environment-facing semantics,
LAR can lower inference cost and latency for agent systems in practical applications such as infor-
mation retrieval, code generation, and tool-based workflows, potentially improving scalability and
accessibility. We release our code to support reproducibility and independent assessment.
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A DETAILED EXPERIMENTAL SETUP AND DESIGN RATIONALE

A.1 AGENT MODELS AND TRAINING PROTOCOL

We conduct experiments using Meta-Llama-3.1-8B-Instruct and Qwen3-8B to ensure that observed
efficiency gains are not model-specific. No architectural modifications or additional fine-tuning are
applied to the base models. Latent action vocabularies are constructed separately for each model
using trajectories generated by the same model, ensuring that reparameterization does not rely on
cross-model transfer.

A.2 BENCHMARK SELECTION AND TASK CATEGORIZATION

Benchmarks are selected to span distinct agent behaviors and action structures. TriviaQA emphasizes
multi-step reasoning with relatively low structural repetition. Code benchmarks (HumanEval, MBPP,
KodCode) exhibit strong syntactic regularities and recurring generation patterns, making them
suitable for studying reusable semantic action units. Mind2Web involves complex tool interactions
with extensive protocol-level scaffolds and repeated system-level configurations, providing a setting
where executable action abstraction is particularly impactful.

A.3 JOINT LATENT ACTION LEARNING FOR CODE TASKS

For code-generation benchmarks, we learn a shared latent action space across HumanEval, MBPP,
and KodCode. This design reflects the observation that these tasks share similar action scaffolds
(e.g., function definitions, formatting conventions, and control structures). Joint learning enables us
to test whether latent actions capture task-agnostic semantic behaviors rather than dataset-specific
artifacts, and to evaluate generalization across code tasks.

A.4 BASELINE METHODS
Baselines are chosen to represent distinct efficiency paradigms:

* Vanilla LLM agents, which operate directly over token-level actions;

* ReAct-style agents, which interleave reasoning and acting;

* Token-level efficiency methods, which regulate generation dynamics (TokenSkip, Concise-
Hint);

e Context and memory optimization methods, which compress interaction histories
(ACON).

All baselines preserve the original decision interface and do not alter the action space representation.

A.5 BASELINE EVALUATION

* Vanilla LLM agents, which operate directly over token-level actions;
* ReAct-style agents, which interleave reasoning and acting;

» TokenSKip is adapted to the COT prompt template of ours, and the cutoff lengths for LoORA
adapter training are set to 4096 for TriviaQA and Mind2Web, and 8192 for KodCode; the
compression ratio is set to 0.7, while the other settings are left unchanged.

* ACON was modified to use Qwen3-8B as both the compressor and generator, where we set
the maximum generated tokens to 8192, and we tested n cases for the benchmarks.

* Context and memory optimization methods, which compress interaction histories
(ACON).

A.6 METRICS AND EVALUATION PROTOCOL

In addition to task performance, we measure efficiency at both the decision and system levels. The
effective decision horizon is defined as the total number of explicit generation decisions, aligning
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Table 3: The experimental results for the three Mind2Web sub-test sets.

Backbone Method Cross-Task Cross-Website Cross-Domain

Vanilla 39.56 17.58 30.69
Qwen3-8B
LAR 45.05 26.37 35.64
Llama-3.1 Vanilla 22.76 8.13 22.44
8B-Instruct LAR 27.64 11.38 26.69
( —————————————————————————————————————————————————————————— ~
. @ System prompt 1
1
! @ [compress] assistant. TOOL SPECIFICATION: To use [compress] tags: <search> query </search> ... OUTPUT |
1 FORMAT: [compress]: 1. <think> [reasoning about [compress] </think> 2. ... Wait for <observation> ... I
: CONSTRAINTS: [compress]. .. 1
1
1 9 Question - rely solely on internal knowledge 1
I H
1 Who was the next British Prime Minister after Arthur Balfour? :
N o e e e e e e e e e
$TTIIIIIIIIIIIISIIIIIICIIIIIIIIIIIIIIIIIIIIICIISIIIIIZIIIIC 2

<think> [compress] who the next British Prime Minister was after Arthur Balfour. Let [compress]
British Prime Ministers..., [compress]. Wait, maybe it was someone else. Let me check. Wait, after
ml Balfour, the next PM was Henry Campbell-Bannerman, right? He was from the Liberal Party. But I
should verify the dates. Balfour left in 1905, and Campbell-Bannerman took over... So the immediate
successor to Balfour would be Campbell-Bannerman. [compress] this. Let me [compress] make sure.
</think>

<search>Next British Prime Minister after Arthur Balfour</search> use the search tool to

,_— Doc 1(Title: "Arthur Balfour") Freedom of the City/Freedom of the Borough of
Arthur Balfour Arthur James Balfour, ...
Doc 2(Title: "Arthur Balfour") Arthur Balfour Arthur James Balfour...
Doc 3(Title: "David Lloyd George") David Lloyd George David Lloyd George...

: The user is asking who

<think> Okay, let‘s see. [[compress] was the next British Prime Minister after Arthur Balfour. From
l the previous search results... [compress] that his Conservative government fell in December 1905,
ml and then the Liberals under Henry Campbell-Bannerman formed a government... [compress] any
conflicting info, but the third document clearly states that the Liberals under Campbell-Bannerman
formed the government after Balfour's fall. Therefore, the next PM is Henry Campbell-Bannerman.
</think>

<answer>Henry Campbell-Bannerman</answer>

Figure 3: Case analysis of LAR on a TriviaQA example. LAR abstracts low-entropy structural
components into executable latent actions while preserving high-entropy parameterized content (e.g.,
the search query), reducing the effective decision horizon without altering task execution.

with the formal definition in Section Bl Wall-clock inference time is measured under identical
hardware, decoding parameters, and maximum context lengths for all methods. Token reduction is
reported as an outcome of action reparameterization rather than an explicit optimization objective.

A.7 REPRODUCIBILITY AND IMPLEMENTATION DETAILS
All models and baselines are trained and tested on servers with 8 x H200 140GB cards. For LAR

training, we set batch_size = 16, epochs = 3, learning rate = le-4. We use vLLM and set
temperature = 0 for deterministic decoding. All experiments are conducted with fixed random seeds.

A.8 DETAILED EXPERIMENTAL RESULT OF MIND2WEB
Mind2Web provides a unique opportunity to evaluate generalizability at three different levels: cross
domains, cross websites, and cross tasks. The experimental result is shown in TableEL which shows

that LAR can effectively compress redundant HTML context and help LLM-based agents generate
more precise actions.

A.9 DETAILED CASE ANALYSIS AND TRAJECTORY EXAMPLE

Figure 3] displays a complete trajectory on a TriviaQA task. The task requires the agent to identify a
famous person based on a description. The Vanilla agent follows a standard ReAct-style approach,
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generating a sequence of thoughts, tool actions, and a final answer. This process involves generating
a large number of tokens, many of which are structural and serve only to format the interaction.

LAR reparameterizes this trajectory by identifying and abstracting these recurrent structural patterns
into latent actions. As shown in the figure, the lengthy sequence of tokens corresponding to the search
action is compressed into a single latent token. Crucially, the high-entropy content, the search query
“Next British Prime Minister after Arthur Balfour”, is preserved explicitly to maintain executability.

This transformation results in a significantly shorter effective decision horizon. The Vanilla trajectory
requires many steps to express the intent, whereas the LAR trajectory expresses the same high-level
decisions in far fewer steps. By operating over these latent actions, the agent can plan and execute
at a higher level of abstraction, reducing computational cost while preserving the integrity of the
interaction with the environment and the final output. This example highlights how LAR selectively
compresses structural redundancy while maintaining the necessary granularity for effective task
performance.
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