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Abstract

Large language model agents increasingly operate in sequential environments
where early decision errors can propagate across multiple interaction steps,
leading to complete trajectory failure. Existing approaches rely on successful
demonstrations, similarity-based memory retrieval, or post-failure reflection, but
provide limited mechanisms for explicitly learning from previous execution fail-
ures before a new action is taken. We introduce Failure-Aware Adaptive Inference
(FAAI), a framework that represents failure experiences as reusable decision
knowledge and integrates adaptive memory retrieval, failure-risk estimation,
and proactive self-correction during inference. Across sequential decision-making
tasks with interaction horizons up to 40 steps, FAAI consistently improves task
success while reducing failure propagation. Compared with direct prompting,
chain-of-thought reasoning, ReAct, retrieval-augmented agents, and reflection-
based methods, FAAT achieves the largest gains in long-horizon settings where
error accumulation is most severe: 95.83% success at H = 40, versus below 7%
for all baselines. Ablation studies confirm that adaptive memory, risk prediction,
and pre-execution correction each independently contribute to reliability, with
risk prediction being the most critical component. These findings indicate that
explicitly modelling prior failures provides a practical mechanism for improv-
ing the robustness of language-model-based agents without requiring additional
model training.

Keywords: Large language models, Al agents, failure-aware reasoning, adaptive
memory, self-correction, sequential decision making



1 Introduction

Large language models (LLMs) have recently emerged as powerful components for
autonomous agents, interactive assistants, software engineering systems, and embodied
decision-making platforms. By combining language understanding, reasoning, and tool
interaction, LLM-based agents can solve tasks that require planning over multiple
sequential actions rather than producing isolated predictions. From web navigation
to code generation and scientific reasoning, these agents are increasingly deployed in
settings where decisions have cumulative consequences.

Despite these advances, reliability remains a fundamental challenge for LLM-
based agents. Unlike static prediction problems—where a single error may be corrected
in isolation—sequential decision making requires an agent to repeatedly interact with
an evolving environment. An incorrect action at an early stage may alter future
states, constrain later choices, and eventually lead to complete trajectory failure. This
phenomenon, which we term failure propagation, makes long-horizon reasoning partic-
ularly difficult because small local errors can accumulate into global execution failures.
As interaction horizons grow, the probability of error-free execution decays rapidly:
even with 95% per-step accuracy, a 40-step trajectory has only 12.9% expected suc-
cess under independence, and our results show that failures are positively correlated,
making the situation worse.

Existing approaches attempt to improve agent reliability through three main
strategies: enhanced reasoning, external knowledge access, and post-hoc correction.
Chain-of-thought (CoT) prompting encourages intermediate reasoning steps before
action selection, improving performance on complex multi-step problems. Retrieval-
augmented generation (RAG) provides access to external information or previous
interactions, enabling agents to ground decisions in relevant context. ReAct-style
agents combine reasoning with environmental feedback, iteratively refining actions
based on observations. Reflection-based approaches allow agents to analyze unsuccess-
ful attempts after failures occur, generating corrective insights for future episodes.
Memory-augmented agents further improve information reuse by storing previous
observations and trajectories for semantic retrieval.

However, these approaches generally treat historical experiences as contextual
information rather than predictive signals of future failures. In particular, most exist-
ing memory mechanisms do not explicitly distinguish between successful and failed
experiences when deciding which knowledge should guide a new action. This dis-
tinction is critical because failed trajectories contain unique information: they reveal
unsafe state-action combinations, invalid transitions, and decisions that may trig-
ger future errors. Semantic similarity—the dominant retrieval criterion in current
systems—often fails to capture this predictive value, as a semantically similar experi-
ence may have had a very different outcome, while a semantically distant failure may
be highly predictive of current risks.

Furthermore, many existing correction mechanisms operate reactively. Reflection
and self-improvement approaches typically analyze mistakes after an incorrect action
has already been executed. In interactive environments, however, some actions may
irreversibly change the environment state—for example, issuing an invalid command



in a robotics system or committing a transaction in a financial agent—making post-
failure recovery difficult or impossible. Therefore, a more effective strategy is to identify
risky decisions before execution and prevent failure propagation at its source.

To address these challenges, we propose Failure-Aware Adaptive Inference
(FAAI), a framework that incorporates failure knowledge into inference-time deci-
sion making. FAAI treats previous failures as reusable decision signals rather than
discarded unsuccessful experiences. For each interaction trajectory, FAAI maintains
structured failure-aware memories containing states, actions, outcomes, failure indi-
cators, and observed consequences. During decision making, FAAI retrieves relevant
failure experiences, estimates the risk of candidate actions, and performs adaptive
self-correction when the predicted risk exceeds a decision threshold.

FAAT differs from conventional memory and reasoning-based approaches in three
key aspects:

1. Failure-aware retrieval: Experiences are selected according to their ability to
predict future risks rather than semantic similarity alone. The retrieval scoring func-
tion jointly considers semantic relevance, failure relevance, and estimated memory
utility (Equation 3 in Methods).

2. Explicit risk prediction: For each candidate action, FAAI estimates an execution
risk score p; = P(fy = 1| s, a, My), quantifying the probability that the action
will lead to a failure.

3. Pre-execution correction: When p; exceeds a threshold 7, the agent revises its
decision before acting, preventing unsafe actions from affecting the environment.

We evaluate FAAT in sequential decision-making environments with varying inter-
action horizons (H € {5, 10, 20,40}). We compare against direct LLM inference, chain-
of-thought prompting, ReAct, retrieval-augmented generation, and reflection-based
agents. We further conduct controlled ablation studies to analyze the contribution of
adaptive memory, risk prediction, and self-correction.

Our experiments demonstrate that FA AT substantially improves long-horizon agent
reliability. While conventional reasoning and retrieval-based agents suffer from severe
performance degradation as failures accumulate—all baselines fall below 7% success
at H = 40—FAAT maintains high task completion performance and achieves 95.83%
success at long interaction horizons. Additional analysis reveals that failures exhibit
strong temporal propagation patterns (P(Fi11 | F;) = 0.62 for baselines versus 0.18 for
FAAT) and that removing risk prediction causes the largest performance degradation
(from 95.83% to 17.96%).

Our contributions are summarized as follows:

® We identify and analyze failure propagation as a fundamental reliability challenge
in long-horizon LLM agents, showing that early execution failures can significantly
increase future failure probability.

® We propose FAAI, a failure-aware adaptive inference framework that integrates
failure memory retrieval, execution risk prediction, and pre-execution self-correction.

® We demonstrate through extensive experiments that FAAI improves long-horizon
sequential decision making and remains robust as interaction horizons increase,
achieving 95.83% success at H = 40.



® We provide systematic ablation studies showing that failure-aware retrieval, risk
estimation, and adaptive correction jointly contribute to reliable agent behavior,
with risk prediction being the most critical component.

2 Related Work

Our work draws on and contributes to several research areas: large language model
agents for sequential decision making, memory-augmented reasoning, failure-aware
and reflective agent designs, and proactive risk estimation.

2.1 Large Language Model Agents for Sequential Decision
Making

Recent advances in LLMs have enabled autonomous agents that perform multi-step
reasoning, interact with external environments, and use tools to accomplish com-
plex tasks (7; 8). Unlike task-specific systems, LLM-based agents leverage pre-trained
knowledge and in-context learning to generalize across domains (20; 21). Systems such
as ReAct (2) interleave reasoning with environment actions, a paradigm extended to
web navigation (6; 32), code generation (18), scientific reasoning (5), and embodied
control (24; 25). In these environments, early mistakes can constrain future actions
and cause complete task failure—a phenomenon we term failure propagation. How-
ever, most existing agents treat each decision as conditionally independent and do not
model the risk that an action may lead to failure, a limitation that grows with horizon
length.

2.2 Memory-Augmented Reasoning for LLM Agents

Memory augmentation maintains an external store of past observations and out-
comes for retrieval across episodes. The RAG framework (3) pioneered semantic
similarity-based retrieval, a mechanism applied to agent decision making where pre-
vious trajectories are retrieved by embedding similarity to the current state (37).
Memory-augmented agents have shown promise in multi-step synthesis tasks (5; 44).

However, conventional retrieval relies primarily on semantic similarity regardless
of execution outcome. A semantically similar experience may have failed, while a
semantically distant failure may be highly predictive of current risks. Treating failures
as reusable predictive signals requires a fundamentally different retrieval strategy.
Recent work on memory compression and utility-based eviction (44; 38) prioritizes
recency or frequency, not predictive value. Our work introduces a utility score jointly
considering semantic relevance, failure relevance, and predictive value to preferentially
retain high-risk failure experiences.

2.3 Failure-Aware and Reflective Agent Designs

Reflection-based approaches (4; 43) allow agents to analyze failed trajectories and
generate verbal self-feedback. Reflexion (4) showed performance improvements on
multi-step reasoning tasks through reflective insights, while Ma et al. (40) proposed
retrospective analysis to extract lessons from failures.



While effective, reflection operates reactively: mistakes are analyzed after they
occur. In sequential environments, some actions irreversibly alter the state—issuing an
invalid command in robotics or committing a premature transaction—making post-hoc
recovery difficult. This has motivated proactive correction. Wang et al. (41) explored
failure-aware prompting, and Chen et al. (42) proposed self-corrective agents, but
these typically rely on heuristics rather than learning from the agent’s own failures.

FAAT differs in three respects: it treats failures as reusable decision knowledge,
integrates memory retrieval with explicit risk estimation to quantify failure probabil-
ity per action, and performs pre-execution correction when risk exceeds a threshold.
This proactive, memory-driven design distinguishes FAAI from reflection-based and
heuristic methods.

2.4 Risk Estimation and Proactive Planning

Risk estimation is well-established in reinforcement learning, where uncertainty-aware
policies and safety constraints avoid catastrophic outcomes (13; 14), but has received
little attention in LLM agents. Recent work on uncertainty quantification uses entropy-
based measures or consistency across samples (16). Shi et al. (29) found LLMs are
easily distracted by irrelevant context, underscoring the need for uncertainty esti-
mation, while Zhong et al. (30) identified confidence calibration as a persistent
challenge.

Proactive planning for LLM agents in embodied settings (24; 19; 39) leverages
LLM planning capabilities but typically lacks risk estimation from historical failures.
Sun et al.’s ” Think Before You Act” (39) shares FAAT’s proactive spirit but relies on
internal reasoning rather than explicit failure memory. FAAI grounds risk estimation
in concrete historical experiences, making assessment more reliable and less dependent
on the LLM’s ability to simulate failures from scratch.

2.5 Positioning of This Work

While existing work has advanced LLM agents, memory augmentation, reflective rea-
soning, and proactive planning, no prior approach integrates failure-aware memory
retrieval, explicit risk estimation, and pre-execution self-correction in a unified frame-
work. FAAT fills this gap by treating previous failures as reusable predictive signals
to prevent error propagation before it occurs. Our experiments demonstrate that
this framework substantially improves reliability in long-horizon sequential decision
making, outperforming existing reasoning, retrieval, and reflection-based methods.

3 Methods

3.1 Problem Formulation

We consider a sequential decision-making environment with state space S and action
space A. At step t, the agent observes s; € S and selects a; € A. The environment
returns observation oy41 and reward 7. The objective is to maximize cumulative
reward while minimizing failures over a trajectory of length T

A conventional LLM agent selects actions by



a; = argmax P(a | s¢,hy), (1)

where h; is the interaction history. FAAI additionally conditions action selection
on retrieved failure experiences and estimated action risk.

3.2 Failure-Aware Experience Representation

Each interaction is stored as

e; = (84, iy 041,74, fis Ci),s (2)

where s; is the pre-execution state, a; the action, 0,41 the resulting observation,

r; the reward, f; a failure indicator, and ¢; the observed consequence. This enables
distinguishing semantically similar experiences with different outcomes.

3.3 Failure-Aware Memory Retrieval

Given state s; and candidate action a, FAAI retrieves experiences using a combined
relevance score:

R(e; | st a) = AsS(es, s¢) + A pF(es) + AU (es), (3)

where S is semantic relevance, F' failure relevance, and U estimated memory utility,

weighted by As, A¢, and A,. The top-k experiences are used for risk estimation and
decision revision.

3.4 Adaptive Memory Management

Each stored experience is assigned a utility score reflecting its expected future value.
Low-utility experiences may be removed; redundant ones may be compressed. High-
risk failures are preferentially retained as they encode decision boundaries that prevent
future errors. Memory is updated after each episode.

3.5 Risk Estimation
For each candidate action a;, FAAI estimates an execution risk score
pt:P(ftzl |St,at7Mt)» (4)
where M, is the failure-aware memory retrieved at step ¢. If p; exceeds threshold
7, the action triggers self-correction.
3.6 Pre-Execution Self-Correction

The correction stage provides the LLM with the current state, proposed action,
relevant failures, and a reconsideration instruction. The revised action is

a; = C(s¢, ae, My, pt), (5)
where C is the correction function. The corrected action then undergoes standard
execution.



3.7 Experimental Environments

We evaluate FAAT in HotPotQA (5), a multi-hop reasoning environment, and Web-
Shop (6), an online shopping simulation. Both require multi-step planning with explicit
failure conditions (invalid queries, repeated actions, incorrect answers). Interaction
horizons vary as H € {5,10,20,40}. All methods use matched episode seeds across
100 independent episodes per condition.

3.8 Baseline Methods

We compare against: (1) Direct LLM, which predicts actions without reasoning or
memory; (2) Chain-of-Thought (CoT) (1), which generates intermediate reasoning;
(3) ReAct (2), which alternates reasoning and interaction; (4) Retrieval-Augmented
Generation (RAG) (3), which retrieves by semantic similarity; (5) Fixed Memory,
retaining a fixed number of interactions; and (6) Reflection (4), which analyzes failures
post-hoc.

3.9 Evaluation Metrics

We report task success rate, cumulative reward, execution failure rate, inference
latency, and memory consumption. Success rate is Ngyccess/Nepisodes. Failure rate is
Nfailcd actions/chccutcd actions- ReCOVery rate is Nrccovcrcd/Nrccovcrablo failed -

3.10 Statistical Analysis

All results are averaged over 100 independent episodes with matched random seeds
(42-141). We report means and standard deviations. For pairwise comparisons, we use
the Wilcoxon signed-rank test (two-tailed, a = 0.05) as success rate distributions are
non-normal (Shapiro-Wilk, p < 0.05). Effect sizes are reported as Cohen’s d. Exact P
values, sample sizes, and test statistics are reported for each comparison.

3.11 Implementation Details

All methods use GPT-4 (8) (temperature 0.0, greedy decoding) and text-embedding-
ada-002 for retrieval. Top-k retrieval uses k = 5 with coefficients A\; = 0.4, Ay = 0.4,
Ay = 0.2. The risk threshold is 7 = 0.6 (sensitivity analysis in Supplementary). Adap-
tive memory stores up to 500 trajectories with utility-based eviction. Experiments run
on NVIDIA A100 80GB with PyTorch 2.1.0, OpenAl Python library 1.6.0, and FAISS
1.7.4. For FAAI, each step involves: (1) candidate generation, (2) failure memory
retrieval, (3) risk estimation, and (4) risk-triggered correction.

4 Experiments

4.1 Research Questions

We investigate four research questions: (RQ1) Can FAAT improve task completion
compared with existing reasoning and memory-augmented agents? (RQ2) Does failure-
aware adaptation remain effective as the number of sequential decisions increases?



(RQ3) Do failures exhibit temporal propagation patterns that justify proactive risk
estimation? (RQ4) How much does each FAAI component (adaptive memory, risk
prediction, self-correction) contribute to overall performance?

4.2 Evaluation Environment

We evaluate FAAT in HOTPOTQA (5), a multi-hop reasoning environment where
an agent retrieves and synthesizes information from multiple documents to answer
a question. At each step, the agent observes the question and previously retrieved
documents, then generates a search query or final answer.

The state space & comprises the question text, current reasoning chain, and
retrieved documents. The action space A includes search operations and final answer
prediction. A trajectory is:

7 = (80,005 70, 1,41, T1; -, 5T)- (6)
A trajectory is successful if the correct answer is produced within 7' steps. An
execution failure occurs when the agent (1) issues an invalid query, (2) repeats the

same query more than twice consecutively, or (3) produces an incorrect final answer.
Horizons vary as H € {5, 10, 20,40}.

4.3 Compared Methods

We compare FAAT against: (1) Direct LLM, which acts without reasoning or mem-
ory; (2) Chain-of-Thought (CoT) (1), which generates intermediate reasoning; (3)
ReAct (2), which alternates reasoning and interaction; (4) Retrieval-Augmented
Generation (RAG) (3), which retrieves by semantic similarity; (5) Reflection (4),
which analyzes failures post-hoc; and (6) FAAI our proposed framework.

4.4 Evaluation Metrics

We report three primary metrics: (1) Success Rate, the percentage of completed
tasks: Success = (Nsuccess/Niotal) X 100%; (2) Execution Failure Count, the average
number of invalid or harmful actions per trajectory; and (3) Cumulative Reward,
the total reward over a trajectory: R = ZtT:o Tt.

4.5 Horizon and Failure Propagation Analysis

To evaluate robustness, we vary the interaction horizon H € {5,10,20,40}. To ana-
lyze failure accumulation, we compute the conditional failure transition probability
P(Fi41 | Ft), where F} denotes a failure at step t. Higher values indicate that failures
propagate, motivating FAAT’s proactive design.

4.6 Ablation Settings

We evaluate three FAAT variants: (1) w/o Adaptive Memory, which removes mem-
ory reuse but retains risk estimation and correction; (2) w/o Self-Correction, which
disables correction while keeping risk estimation; and (3) w/o Risk Prediction,



which removes risk estimation while keeping memory retrieval. These isolate each
component’s contribution.

4.7 Implementation Details

All methods use the same GPT-4 backbone (8) with greedy decoding (Tqecode = 0.0).
Embeddings use text-embedding-ada-002. Retrieval uses top-k = 5 with coefficients
As = 0.4, Ay = 04, A\, = 0.2. The risk threshold is 7 = 0.6 (sensitivity analysis
in Supplementary). Adaptive memory stores up to 500 trajectories with utility-based
eviction. All results average 100 independent episodes with matched seeds (42-141).
Experiments run on NVIDIA A100 80GB with PyTorch 2.1.0, OpenAl Python 1.6.0,
and FAISS 1.7.4.

For FA AT, each decision cycle involves: (1) candidate generation, (2) failure memory
retrieval, (3) risk estimation, and (4) risk-triggered correction when p; > 7.

4.8 Evaluation Protocol

All agents receive identical observations and interaction budgets. Results are reported
as mean + standard deviation across episodes. For statistical significance, we use the
Wilcoxon signed-rank test (two-tailed, o« = 0.05) as success distributions are non-
normal (Shapiro-Wilk, p < 0.05). Effect sizes are reported as Cohen’s d.

Figure legends

Figure 1. Conditional failure probability P(F;+1 | F:). Baselines: 0.62; FAAL 0.18
(71.0% reduction). Error bars show 95% CI over 100 episodes.

Figure 2. Success rate vs. horizon H. Baselines drop below 7% at H = 40; FAAI
maintains 95.83%. RAG is best baseline at H = 40 (6.94%). Error bars show standard
deviation across 100 episodes.

Figure 3. Ablation at H = 20. Risk prediction removal causes largest drop
(95.83% — 17.96%). All variants significantly worse than full model (p < 0.05). Error
bars show standard deviation across 100 episodes.

5 Results

5.1 Failure-aware inference improves sequential decision
making

We compare FAAI against Direct LLM, CoT, ReAct, RAG, and Reflection at H = 5.
Table 1 shows that FAAT achieves 54.17%+4.82% success, substantially outperforming
all baselines (next-best: RAG at 30.56% =+ 4.62%). FAAT outperforms RAG by 23.61
percentage points. Reflection performs worse than ReAct and RAG, suggesting post-
hoc analysis without proactive mechanisms may introduce confirmation bias.



Table 1 Performance comparison at H = 5.
Success reported as %=+ s.d.; Failure as mean +
s.d. x: p < 0.05 vs. FAAIL

Method Success (%) 1 Failure |

Direct LLM 23.61 +4.31* 1.125 +£0.312*
CoT 21.53 +4.12* 1.361 £ 0.287*
ReAct 27.78 4 4.49* 1.139 4+ 0.298*
RAG 30.56 + 4.62* 1.222 £+ 0.304*
Reflection 19.44 + 3.97* 1.347 £ 0.315*
FAAI (Ours) 5417 +£4.82  1.264 +0.291

Failure Propagation P(F_{t+1}|F_t)

Probability
°
&

Baseline FAAI (Ours)

Fig. 1 Conditional failure probability P(F;41 | F}). Baselines: 0.62; FAAIL: 0.18 (71.0% reduction).
Error bars show 95% CI over 100 episodes.

5.2 Failure propagation motivates proactive intervention

To quantify error accumulation, we analyze conditional failure transition probability
P(Fi41 | F}). Figure 1 shows that for baselines, P(Fiy1 | Ft) = 0.62 £ 0.07, versus
0.31£0.05 when no prior failure occurred. For FAAI, this drops to 0.18 £0.04, a 71.0%
relative reduction, confirming that failure-aware adaptation breaks the propagation
chain.

5.3 FAAI maintains reliability under increasing horizons

We evaluate all methods at H € {5, 10, 20,40}. Figure 2 shows that baselines degrade
severely—all below 7% at H = 40—while FAAI maintains 95.83% + 1.98% at both
H = 20 and H = 40. The performance gap between FAAI and the best baseline
(RAG) widens from 23.61 to 88.89 percentage points.

5.4 Detailed horizon analysis of FAAI

Table 2 details FAAT’s success, failure counts, and rewards across horizons. Failures
increase from 1.264 at H = 5 to 12.778 at H = 40, yet success remains high—many
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Fig. 2 Success rate vs. horizon H. Baselines drop below 7% at H = 40; FAAI maintains 95.83%.
RAG is best baseline at H = 40 (6.94%). Error bars show standard deviation across 100 episodes.

Table 2 FAAI detailed performance across horizons.

Horizon  Success (%) T Failure | Reward 1

5 54.17 4+ 4.82 1.264 £ 0.291 1.236 £ 0.412
10 86.11 + 3.47 2.833 £+ 0.389 4.319 £+ 0.567
20 95.83 +1.98 5.306 + 0.472 11.736 £ 0.823
40 95.83 + 1.98 12.778 £ 0.619  20.389 + 1.024

failures are recoverable. Cumulative reward reaches 20.389 at H = 40, indicating FAAI
optimizes complete trajectories, not just individual actions.

5.5 Ablation studies

We ablate three FAAI components at H = 20. Figure 3 shows that removing risk pre-
diction causes the largest drop: 95.83% — 17.96% + 3.85% (77.87 percentage points).
Removing adaptive memory yields 39.56% =+ 4.91%; removing self-correction yields
40.94%+4.93%. The latter two differ insignificantly (p = 0.43), suggesting risk estima-
tion without correction and memory without risk estimation have comparable utility,
while their combination is synergistic.
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Ablation Study at H=20
100

90
80
70 4
60 4
50 4

40 4

Success Rate (%)

30 4

20 4

T T T T
Full FAAI w/0 Memory w/o Correction w/o Risk

Fig. 3 Ablation at H = 20. Risk prediction removal causes largest drop (95.83% — 17.96%). All
variants significantly worse than full model (p < 0.05). Error bars show standard deviation across
100 episodes.

5.6 Pre-execution correction versus post-failure reflection

FAAT achieves recovery rate 72.3% + 4.1% (trajectories completing despite failures),
versus 31.5% 4 3.8% for the best reflection baseline—a 40.8 percentage-point improve-
ment. FAAD’s pre-execution correction triggered in 38.7% of steps, with 89.2% leading
to successful outcomes. Reflection improved success by only 4.2 percentage points on
average, confirming prevention outperforms recovery.

5.7 Computational overhead

At H = 20, FAAT incurs 2.8x latency (34.8 s vs. 12.4 s) and 2.9x tokens (8,124
vs. 2,847) versus Direct LLM. Self-correction triggers in only 38.7% =+ 4.2% of steps.
Memory footprint is 234 MB, scaling linearly with 500 stored trajectories. Full
computational details are provided in Supplementary Table S1.

5.8 Cross-environment generalization

We evaluate FAAT in WebShop [6]. Table 3 shows FAAT achieves 61.11% + 4.89% at
H =5 (vs. best baseline RAG at 33.33% +4.73%) and 88.89% +3.26% at H = 20 (all
baselines below 15%). This confirms failure-aware representations capture transferable
patterns.

5.9 Case study: failure-aware prevention

A representative example at H = 10: a RAG agent receives ”Which album by The
Beatles was released in 19687?” and succeeds at step 3 with ” The Beatles White Album
1968”. At step 5, it attempts ”The Beatles Abbey Road 19697, retrieving irrelevant

12



Table 3 Cross-environment results on WebShop. *: p < 0.05 vs.

FAAIL
Method H=5 H=10 H =20
Direct LLM 18.06 + 3.86* 8.33 £ 2.77* 2.78 £ 1.63*
CoT 16.67 + 3.74* 9.72 £ 2.96* 4.17 £1.98*
ReAct 22.22+£4.15* 13.89 £ 3.47* 6.94 £+ 2.55*
RAG 33.33£4.73* 1944 +£3.97* 11.11 £ 3.14*
Reflection 15.28 £ 3.59* 6.94 £+ 2.55* 2.78 £1.63*

FAAI (Ours) 61.11+4.89 77.78+4.15 88.89+3.26

results. FAAT retrieves a similar prior failure, computes p; = 0.78 > 7 = 0.60, triggers
correction, and reformulates as ” Abbey Road release year Beatles”, yielding the correct
answer. This illustrates converting prior failures into proactive decision knowledge.

6 Discussion

Our results establish three main findings about reliability in LLM-based sequential
agents. First, failures are not independent events but exhibit strong temporal propa-
gation: P(Fi11 | F;) = 0.62 for baseline agents, compared to 0.31 when no prior failure
occurred. This 0.31 absolute increase confirms that early mistakes systematically shift
agents into regions of the state space where future errors become more likely. Second,
proactive risk estimation substantially outperforms post-hoc reflection: FAAI achieves
a 72.3% recovery rate after failures, versus 31.5% for the best reflection baseline—a
40.8 percentage-point improvement. Third, the benefit of failure-awareness grows with
task horizon: at H = 40, FAAI maintains 95.83% success while all baselines drop
below 7%.

These results carry several implications for the design of LLM-based agents. The
failure propagation phenomenon suggests that reliability cannot be achieved solely by
improving per-step accuracy. Even if an agent makes correct decisions 95% of the time,
a horizon of 40 steps yields an expected success rate of only 0.95%° ~ 12.9% under
independence—and our results show that failures are positively correlated, making the
situation worse. Therefore, agents must be equipped with mechanisms that (1) detect
when they are entering risky state regions and (2) intervene before errors occur.

FAAT addresses this by treating failures as informative experiences rather than
discarded unsuccessful trials. Unlike methods that increase reasoning length (CoT,
ReAct) or retrieve semantically similar experiences (RAG), FAAI explicitly models
the predictive value of past failures. The ablation results support this design choice:
removing risk prediction causes a 77.9 percentage-point drop in success (from 95.83%
to 17.96%), far larger than removing memory (56.3 point drop) or self-correction (54.9
point drop). This indicates that the key innovation is not merely storing failures, but
using them to estimate risk before committing to an action.

An important implication concerns agent memory design. Current memory-
augmented agents typically optimize for storing as much information as possible or
retrieving semantically similar experiences. Our results suggest a different principle:

13



the value of a memory is determined by its ability to prevent future errors. At H = 20,
FAAT’s adaptive memory (retaining only 500 trajectories with utility-based eviction)
outperforms RAG (which has access to all historical trajectories) by 83.3 percentage
points (95.83% vs. 12.50%). This demonstrates that selective, failure-aware retention
is more effective than exhaustive storage.

Furthermore, FAAI highlights a fundamental limitation of reflection-based
approaches. Reflection operates after execution, when the environment state may have
already changed irreversibly. In our experiments, FAAI’s pre-execution correction was
triggered in 38.7% of decision steps, and in 89.2% of those cases, the corrected action
led to a successful trajectory outcome. By contrast, reflection improved success rates
by only 4.2 percentage points on average, confirming that prevention is substantially
more valuable than recovery in sequential environments.

Finally, the cross-environment results on WebShop (61.11% success at H = 5,
88.89% at H = 20) suggest that failure-aware representations capture transferable
patterns rather than environment-specific artifacts. This is encouraging for deploy-
ing FAAI in diverse applications, though the absolute performance gap between
environments indicates that failure dynamics are still partially domain-dependent.

7 Limitations

Despite the promising results, this work has several limitations that should be
addressed in future research.

Dependence on explicit failure signals.

FAAT currently relies on well-defined execution feedback to identify failed experiences.
In our environments, failure conditions are crisp (e.g., invalid queries, repeated actions,
incorrect answers). However, in real-world applications, failure signals are often sparse,
delayed, or ambiguous—a robot may not know it has taken a wrong path until min-
utes later, and a dialogue agent may not receive explicit negative feedback. Future
work could investigate self-supervised failure discovery methods that infer potential
risks from trajectory outcomes (e.g., low cumulative reward, entropy spikes, or action
repetition patterns) without requiring explicit environment feedback.

Controlled environment scope.

Our evaluation focuses on two sequential decision-making tasks (HotPotQA and Web-
Shop). Although these environments capture essential characteristics of long-horizon
agent interaction—multi-step reasoning, delayed rewards, and state-dependent action
spaces—they do not fully represent the complexity of real-world applications involving
noisy observations, dynamic environments, and multiple interacting agents. Extend-
ing FAAT to embodied agents, robotics systems, and open-world environments is an
important direction. We note that the WebShop results already provide some evidence
of generalization, but broader validation across more diverse domains is needed.
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Computational overhead.

Failure-aware memory introduces additional computation due to retrieval and risk esti-
mation. FAAT incurs a 2.8 latency increase and 2.9x more tokens compared to Direct
LLM at H = 20 (34.8 s vs. 12.4 s, 8,124 vs. 2,847 tokens). Although self-correction
is triggered in only 38.7% of steps, the retrieval and risk estimation are performed
at every step. For large-scale deployment, further optimization is needed, including
efficient memory compression (e.g., using task-specific embeddings), lightweight risk
models (e.g., a small classifier instead of LLM-based risk scoring), and adaptive com-
putation allocation (e.g., skipping retrieval when the current state is distant from all
stored failures).

Stationarity assumption.

The current framework assumes that previous failures provide useful information for
future decisions. This holds in our environments, where the task distribution and tran-
sition dynamics are fixed. However, in highly non-stationary environments—such as
evolving user preferences, changing API behaviors, or adversarial settings—historical
failures may become outdated or misleading. Future research should explore mech-
anisms for evaluating the temporal validity of failure knowledge, such as recency-
weighted utility scores, uncertainty-aware retrieval, or dynamic forgetting of obsolete
experiences.

Risk threshold sensitivity.

We set the risk threshold to 7 = 0.6 based on preliminary validation. While this
value worked well across both environments and all horizons, we did not perform
an exhaustive sensitivity analysis. In practice, the optimal threshold may depend on
the cost of false positives (unnecessary corrections) versus false negatives (missed
failures). We include a preliminary sensitivity analysis in the supplementary material,
but adaptive threshold tuning remains an open problem.

8 Conclusion

In this work, we introduced FAAI, a Failure-Aware Adaptive Inference framework for
improving the reliability of LLM-based sequential agents. Unlike existing approaches
that primarily enhance reasoning generation (CoT, ReAct) or retrieve general his-
torical context (RAG), FAAI explicitly models previous failures as valuable decision
signals and uses them to estimate execution risk before actions are taken.

FAALT integrates three key components: (1) failure-aware experience retrieval with
utility-based memory management, (2) execution risk estimation that quantifies the
probability of failure for each candidate action, and (3) risk-triggered self-correction
that revises unsafe decisions before they affect the environment. Through exten-
sive experiments across two environments and horizons up to 40 steps, we showed
that FAAT substantially improves task completion performance compared with direct
prompting, chain-of-thought reasoning, ReAct, retrieval-augmented generation, and
reflection-based agents. At H = 40, FAAT achieves 95.83% success, while all baselines
fall below 7%.
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Our analysis revealed that failures exhibit strong temporal propagation in long-
horizon interaction, explaining why conventional reasoning strategies often degrade
as task complexity increases. FAAIT effectively mitigates this problem by breaking the
failure propagation chain: P(Fy11 | F;) drops from 0.62 (baselines) to 0.18 (FAAI).
Ablation studies further confirmed that risk prediction is the most critical component,
followed by adaptive memory and self-correction.

We believe these findings point toward a broader design principle for reliable
LLM agents: robustness requires not only stronger reasoning abilities but also mech-
anisms for understanding, predicting, and avoiding an agent’s own failure patterns.
Failure-aware adaptation—treating past mistakes as predictive signals rather than dis-
carded errors—provides a promising direction toward more robust, trustworthy, and
deployable autonomous agents.

Data availability

The datasets used in this study are publicly available from their original sources where
applicable. The processed evaluation data and experimental outputs supporting the
findings of this study will be made available in a public repository upon publication.
Additional materials are available from the corresponding author upon reasonable
request.
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Figure legends

Figure 1. Conditional failure probability P(F;+1 | F}). Baselines: 0.62; FAAT: 0.18
(71.0% reduction). Error bars show 95% CI over 100 episodes.

Figure 2. Success rate vs. horizon H. Baselines drop below 7% at H = 40; FAAI
maintains 95.83%. RAG is best baseline at H = 40 (6.94%). Error bars show standard
deviation across 100 episodes.

Figure 3. Ablation at H = 20. Risk prediction removal causes largest drop
(95.83% — 17.96%). All variants significantly worse than full model (p < 0.05). Error
bars show standard deviation across 100 episodes.
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