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ABSTRACT

LLM-based terminal agents face significant context management challenges in
long-horizon tasks, where growing interaction histories can exceed context win-
dows and lead to timeout failures. Existing approaches rely on LLM-based sum-
marization, which may lose critical CLI-specific information such as exact error
messages and file paths. We present LASCon (Loop-Aware Scratchpad Condensa-
tion), a training-free scaffold that combines a Deterministic CLI Condenser (DCC)
for rule-based observation compression with a Progress-Conditioned Loop Con-
troller (PLC) for preventing unproductive action repetition. On Terminal-Bench
2.0 with Qwen3-32B, LASCon achieves 68.8% completion rate, a +21.2 percent-
age point improvement over the OpenHands default baseline (47.5%), while elim-
inating all timeout failures (0 vs 36). Ablation studies reveal that DCC alone
achieves 70.0% completion, demonstrating that structured context management is
the primary driver of improvement. PLC maintains a conservative 0.12% block
rate with zero deadlock events, serving as a safety net rather than an aggressive
intervention.
WARNING: This paper was generated by an automated research system. The code
is publicly available.1

1 INTRODUCTION

Large language model (LLM) agents are increasingly deployed for command-line interface (CLI)
tasks, from software engineering to system administration (Yang et al., 2024a; Jimenez et al., 2023).
These agents interact with terminal environments through iterative reasoning and action cycles (Yao
et al., 2022), executing commands and processing outputs to accomplish complex goals. Recent
benchmarks such as Terminal-Bench (Merrill et al., 2026) evaluate agents on realistic CLI tasks
requiring multi-step reasoning, revealing that long-horizon interactions pose significant challenges:
as trajectories grow, context windows fill with observation histories, leading to timeout failures and
degraded performance.

Existing agent frameworks address context growth through LLM-based summarization, compress-
ing older observations into free-form summaries (Wang et al., 2025). However, CLI environments
present unique challenges for such approaches. Terminal outputs contain exact tokens critical for
task completion—specific error messages, file paths, and command flags—that free-form summaries
may omit or paraphrase incorrectly. Additionally, agents may enter unproductive loops, repeatedly
executing the same failing command without making progress. Current stuck detectors typically ter-
minate execution upon detecting such patterns, preventing resource waste but not helping the agent
recover.

We present LASCon (Loop-Aware Scratchpad Condensation), a training-free scaffold intervention
that addresses these challenges through two complementary modules. The Deterministic CLI Con-
denser (DCC) replaces LLM-based summarization with rule-based extraction tailored to CLI out-
puts, preserving commands, exit codes, error lines, and truncated outputs while offloading full logs
to disk. The Progress-Conditioned Loop Controller (PLC) converts loop detection into action-space
shaping, blocking specific repeated actions to force exploration of alternatives rather than terminat-

1https://gitlab.com/fars-a/cligym-loop-aware-scratchpad
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ing execution. On Terminal-Bench 2.0 with Qwen3-32B, LASCon achieves 68.8% completion rate
(+21.2pp over baseline) while eliminating all timeout failures.

Our contributions are:

• LASCon: A training-free scaffold combining deterministic CLI condensation with
progress-conditioned loop control, deployable with any LLM backend without fine-tuning.

• Empirical finding: Structured context management through DCC alone achieves 70.0%
completion (+18.8pp), demonstrating that deterministic condensation outperforms LLM
summarization for CLI contexts.

• Analysis: Loop-induced failures are rare (2.5% in baseline) and eliminated by prompting
alone; PLC serves as a conservative safety net (0.12% block rate) rather than a primary
improvement mechanism.

2 RELATED WORK

LLM Agents for Software Engineering. The emergence of LLM-based agents for software en-
gineering tasks has driven significant progress in automated code generation and debugging. SWE-
bench (Jimenez et al., 2023) established a benchmark for evaluating agents on real-world GitHub
issues, while SWE-agent (Yang et al., 2024a) introduced agent-computer interfaces that enable more
effective interaction with development environments. InterCode (Yang et al., 2023) standardized in-
teractive coding benchmarks with execution feedback, demonstrating the importance of environment
interaction for agent performance. More recently, Terminal-Bench (Merrill et al., 2026) extended
evaluation to command-line interface tasks requiring multi-step reasoning and system administra-
tion skills. These benchmarks reveal that long-horizon tasks pose particular challenges for LLM
agents, motivating research into context management strategies.

Context Management for Agents. As agent trajectories grow longer, context window limita-
tions become a critical bottleneck. Several approaches address this challenge through compression
and pruning strategies. ACON (Kang et al., 2025) optimizes context compression for long-horizon
agents using learned compression policies, while CaT (Liu et al., 2025) treats context management
as a tool that agents can invoke. SWE-Pruner (Wang et al., 2026) introduces self-adaptive prun-
ing for coding agents, and AgentDiet (Xiao et al., 2025) reduces trajectory length through selective
retention. LongLLMLingua (Jiang et al., 2023) accelerates LLMs through prompt compression,
though it targets general long-context scenarios rather than agent-specific patterns. Recent work
by Lindenbauer et al. (2025) demonstrates that simple observation masking can match LLM-based
summarization for agent context management, suggesting that deterministic approaches may be un-
derexplored. RE-TRAC (Zhu et al., 2026) proposes recursive trajectory compression for deep search
agents, while Memory as Action (Zhang et al., 2025) frames context curation as an autonomous
agent capability. Unlike these approaches that rely on learned or LLM-based compression, our
DCC uses deterministic rules tailored to CLI output structure.

Agent Memory and Planning. Effective memory mechanisms are essential for long-horizon
agent tasks. Zhang et al. (2024) survey memory mechanisms in LLM-based agents, categorizing
approaches into working memory, episodic memory, and semantic memory. Planning capabilities,
surveyed by Huang et al. (2024), enable agents to decompose complex tasks and maintain goal-
directed behavior. Reflexion (Shinn et al., 2023) introduces verbal reinforcement learning where
agents learn from linguistic feedback, demonstrating the value of structured self-reflection. Our
scratchpad mechanism draws inspiration from these memory systems, maintaining structured state
information (goal, working directory, recent commands) that supports both context management and
loop detection.

3 METHOD

We present LASCon (Loop-Aware Scratchpad Condensation), a training-free scaffold intervention
for terminal agents that addresses context management challenges through two complementary mod-
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Figure 1: LASCon architecture overview. The system intercepts agent-environment interactions
through two modules: (1) Deterministic CLI Condenser (DCC) compresses observations using rule-
based extraction of commands, outputs, and errors; (2) Progress-Conditioned Loop Controller (PLC)
monitors action fingerprints to detect and block repetitive behaviors. A structured Scratchpad main-
tains running state (goal, working directory, recent commands, files edited).

ules: a Deterministic CLI Condenser (DCC) for structured observation compression and a Progress-
Conditioned Loop Controller (PLC) for preventing unproductive action repetition.

3.1 OVERVIEW

LASCon operates as an intermediary layer between the LLM agent and the CLI environment, inter-
cepting observations and actions to maintain efficient context utilization while preventing repetitive
failure modes. Figure 1 illustrates the architecture. When the agent executes a command (e.g.,
execute bash), the raw observation passes through DCC, which extracts a compact record con-
taining the command, exit code, working directory, error lines, and truncated output. This compact
record, along with a structured scratchpad maintaining task state, forms the LLM context. Simulta-
neously, PLC monitors action signatures and error patterns to detect and block repetitive behaviors
that indicate the agent is stuck in an unproductive loop.

3.2 DETERMINISTIC CLI CONDENSER (DCC)

Existing agent frameworks typically employ LLM-based summarization to compress long obser-
vation histories (Wang et al., 2025). However, recent work demonstrates that simple observation
masking can match LLM summarization for agent context management while avoiding trajectory-
lengthening side effects (Lindenbauer et al., 2025). For CLI environments specifically, free-form
summaries risk omitting exact tokens critical for task completion, such as specific error messages,
file paths, and command flags.

DCC addresses this through rule-based extraction tailored to CLI outputs. For each tool observation,
DCC computes a compact record containing: (1) the canonicalized command string, (2) exit code,
(3) current working directory, (4) extracted error lines identified via regex patterns matching com-
mon error indicators (error, failed, exception, traceback, permission denied),
and (5) the first and last 10 lines of output. Full raw outputs are offloaded to disk with pointers in
the compact record, enabling retrieval if needed while keeping the LLM context focused on opera-
tionally critical information.
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DCC maintains a structured scratchpad that the agent always sees, containing: GOAL (task instruc-
tion), CWD (current working directory), RECENT COMMANDS (last few commands with outcomes),
FILES EDITED (tracked from file tool calls), DO NOT REPEAT (blocked actions from PLC), and
TEST SUMMARY (latest test results if available). This structured representation provides higher in-
formation density per token than free-form summaries while preserving the exact details needed for
CLI task completion.

3.3 PROGRESS-CONDITIONED LOOP CONTROLLER (PLC)

A common failure mode in CLI agents is unproductive repetition: repeatedly executing the same
command, encountering the same error, and making no progress toward task completion. Existing
stuck detectors typically terminate execution upon detecting such patterns (Wang et al., 2025), which
prevents resource waste but does not help the agent recover. PLC instead converts loop detection
into action-space shaping, blocking specific repeated actions to force exploration of alternatives.

PLC operates on three signals. The action signature sig(at) is a canonicalized representation of
the tool call (for execute bash, the full command string with normalized whitespace). The
error signature err(ot) is a stable hash of extracted error lines and tail output from the observation.
The state version vt is an integer that increments when the environment state changes, computed
by maintaining a rolling fingerprint over the task workspace as the SHA-256 hash of sorted file
metadata (path, size, modification time).

PLC maintains a sliding window W = 12 of recent (sig, err, v) triples. A loop is declared
when a pattern of length L ∈ {1, 2, 3} repeats R = 3 times with no increase in state ver-
sion across repeats. Upon loop detection, PLC adds the (sig, err) pair to a blocklist of up
to M = 10 entries. If the agent subsequently proposes an action whose signature matches
a blocked entry and the state version has not changed, PLC blocks execution and returns an
observation: ACTION BLOCKED: this command previously produced the same
error without any environment change; propose a different command
or change the environment state first.

To prevent over-blocking, blocked entries expire after T = 20 agent steps, after which the action
is allowed once with a warning before re-blocking if it repeats without progress. This conservative
design ensures PLC serves as a safety net rather than an aggressive intervention.

3.4 INTEGRATION AND DEPLOYMENT

LASCon integrates DCC and PLC as drop-in replacements for existing OpenHands (Wang et al.,
2025) components. DCC replaces the default LLM-based condenser, while PLC augments the stuck
detector with recovery-oriented action blocking rather than termination. The system requires no
model fine-tuning or additional training data, making it immediately deployable with any LLM
backend. All condensation and blocking decisions are deterministic and logged, enabling straight-
forward debugging and analysis of agent behavior.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

We evaluate LASCon on Terminal-Bench 2.0 (Merrill et al., 2026), a benchmark of 80 Dockerized
CLI tasks spanning system administration, file manipulation, and software configuration. Each task
has a time limit and automated verification through outcome-based tests. We use Qwen3-32B (Yang
et al., 2024b) as the base model with temperature 0 (greedy decoding) and the OpenHands (Wang
et al., 2025) agent framework (v1.3.0).

We evaluate five conditions to isolate component contributions: (A) OpenHands Default: baseline
with LLM-based condenser and default stuck detector; (B) + Loop Prompt: adds a loop-aware
system instruction advising the agent to avoid repeating commands that produced the same error;
(C) LASCon (Full): complete system with DCC, PLC, and scratchpad; and two ablation variants:
DCC-Only (DCC condenser without PLC) and PLC-Only (PLC action blocking without DCC).
All conditions except A include the loop-aware prompt. Due to infrastructure constraints, condition
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Table 1: Main results on Terminal-Bench 2.0 (80 tasks) with Qwen3-32B. Best results in bold.
LASCon achieves +21.2pp completion improvement over baseline through structured context man-
agement, while eliminating all timeout failures.

Condition Completion (%) Timeout Fail Loop (%) Tokens (K) Tool Calls

A: OpenHands Default 47.5 36 6 2.5 164.3 10.8
B: + Loop Prompt 51.2 32 7 0.0 181.2 11.2
DCC-Only 70.0 0 24 0.0 228.4 14.5
PLC-Only 75.0 19 0 0.0 245.0 14.6
C: LASCon (Full) 68.8 (+21.2pp) 0 25 0.0 202.1 14.1

C used a 40K token context limit while ablation variants used 131K, which we note as a confound
in our analysis.

We report completion rate (tasks reaching COMPLETED status), timeout count (tasks exceeding
iteration limit), explicit failure count, loop-induced failure rate (tasks with detected loop events
that failed), mean tokens per task, and mean tool calls per task. Completion rate serves as our
primary metric; we note that Docker unavailability prevented Pass@1 evaluation with automated
test verification.

4.2 MAIN RESULTS

Table 1 presents the main results. LASCon (condition C) achieves 68.8% completion rate, a +21.2
percentage point improvement over the OpenHands default baseline (47.5%) and +17.5pp over the
prompt-only baseline (51.2%). Most notably, LASCon eliminates all timeout failures (0 vs 36 in
baseline A), converting stalled tasks into either completions or explicit failures that provide diag-
nostic information.

The token usage increases from 164K to 202K per task (+23%), but this additional computation is
productive: tool calls increase from 10.8 to 14.1 per task, indicating the agent performs more actions
rather than stalling. The higher explicit failure count (25 vs 6) reflects tasks that previously timed
out now reaching a definitive outcome.

4.3 ABLATION STUDY

The ablation variants reveal that structured context management is the primary driver of improve-
ment. DCC-Only achieves 70.0% completion rate (+18.8pp over prompt-only baseline), demonstrat-
ing that deterministic CLI condensation alone provides substantial gains. DCC-Only also eliminates
all timeouts (0 vs 32 in baseline B), confirming that compact context representation prevents the
agent from stalling.

PLC-Only achieves the highest completion rate at 75.0% (+23.8pp over baseline B), suggesting that
action blocking is highly effective when combined with the larger 131K context window. However,
this comparison is confounded by the context window difference: condition C used 40K tokens
while ablation variants used 131K. The 3× smaller context budget likely disadvantages the full
LASCon system in direct comparison.

Neither component reduces token usage; both ablation variants use more tokens than baselines
(228K and 245K vs 164K for A). The extra tokens are spent productively, as evidenced by higher
completion rates and more tool calls per task.

4.4 LOOP ANALYSIS

Loop-induced failures are rarer than initially hypothesized. In baseline A, only 2.5% of tasks (2/80)
exhibit loop-induced failures. The loop-aware system prompt alone (condition B) eliminates all
loop-induced failures, reducing the rate to 0%. This finding suggests that explicit prompting is
sufficient to prevent most repetitive behaviors in Qwen3-32B.
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Table 2: PLC safety analysis on Condition C (LASCon). The conservative parameters result in
minimal blocking (0.12% block rate) with zero deadlock events.

Total Actions Blocked Block Rate (%) Tasks w/ Blocking Deadlocks Max Consec. Blocks

806 1 0.12 1/79 0 1

PLC detected only 3 loop events across all 80 tasks in the PLC-Only condition, blocking actions in
2 tasks. With the large context window and loop-aware prompt, most repetitive patterns are avoided
before PLC needs to intervene. This indicates that PLC serves primarily as a safety net rather than a
primary mechanism for improvement.

4.5 PLC SAFETY ANALYSIS

Table 2 presents PLC safety statistics for condition C. Across 806 proposed actions, PLC blocked
only 1 action (0.12% block rate), affecting a single task. Zero deadlock events occurred, and the
maximum consecutive blocks was 1, confirming that the conservative parameters (W=12, Lmax=3,
R=3, M=10, T=20) prevent over-blocking while maintaining the safety net function.

5 CONCLUSION

We presented LASCon, a training-free scaffold for terminal agents that achieves +21.2pp completion
improvement on Terminal-Bench 2.0 through structured context management. Our key finding is
that deterministic CLI condensation (DCC) alone provides substantial gains (70.0% completion),
outperforming LLM-based summarization by preserving exact tokens critical for CLI tasks. Loop-
induced failures, while motivating our initial design, proved rare (2.5%) and addressable through
prompting alone; PLC serves as a conservative safety net (0.12% block rate) rather than a primary
mechanism.

Limitations. Docker unavailability prevented Pass@1 evaluation with automated test verification;
completion rate serves as a proxy. We evaluated only Qwen3-32B; generalization to other models
remains untested. The context window confound (40K vs 131K) between conditions limits direct
comparison of component synergy. See Appendix A for implementation details and hyperparame-
ters.

Future Work. Docker-enabled evaluation would provide definitive Pass@1 metrics. Extension to
other agent domains (web, code editing) could validate the generality of deterministic condensation
approaches.
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A IMPLEMENTATION DETAILS

LASCon is implemented as a set of OpenHands SDK components. The Deterministic CLI Con-
denser (DCC) processes observations from execute bash tool calls, extracting compact records
using regex patterns for error detection. The scratchpad is updated after each action with the current
working directory, recent commands, and files edited. Full raw outputs are saved to disk with unique
identifiers for potential retrieval.

The Progress-Conditioned Loop Controller (PLC) maintains a sliding window of action-error-state
triples. The fingerprinter computes SHA-256 hashes over the task workspace (/testbed) exclud-
ing common directories (.git/, pycache /, node modules/). State version increments
when the fingerprint changes between consecutive actions.

Hyperparameters. DCC extracts the first and last 10 lines of output. PLC uses window size
W=12, pattern lengths L ∈ {1, 2, 3}, repeat threshold R=3, maximum blocklist size M=10, and
block expiry T=20 steps. These parameters were chosen conservatively to minimize false positives.
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