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Abstract:
As Large Language Model (LLM) agents advance 
toward industrial applications, their systemic reliability 
challenges become critical obstacles. This review 
comprehensively analyzes these issues to establish a 
framework for trustworthy agents, first categorizing 
key systemic failures into four types: Cognitive-level, 
Decision-level, Execution-level, and Security & Boundary 
failures. It then identifies five root causes: training data 
limitations, model architecture/algorithm defects, imperfect 
alignment and reinforcement learning, brittle tool/
environment interactions, and vulnerabilities in knowledge 
representation/update. To address these, the paper proposes 
a dual-track strategy with a multi-level governance 
system—emphasizing pre-deployment benchmarks, 
post-deployment monitoring, and a macro-framework 
covering multi-agent coordination, interpretability, 
traceability, responsibility attribution, and full lifecycle 
risk management—alongside intrinsic enhancement of 
model factuality, reasoning, alignment, and architecture. 
This paper aims to provide a systematic perspective 
and structured approach for building more reliable and 
responsible LLM agents. It promotes the integration of 
theoretical safety and practical deployment, driving the 
advancement of LLM agents from the experimental to the 
industrial level.
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1. Introduction
Currently, Large Language Model (LLM)-based 
agents are capable of an operational mode that com-
bines linguistic reasoning with interaction. In other 
words, they can formulate, maintain, and adjust ac-
tion plans through dynamic reasoning, while simul-
taneously interacting with the external environment 

and integrating additional information into the rea-
soning process [1]. The industrialization and reliable 
application of LLM agents have also become a key 
development direction at present; however, issues of 
systemic failures—such as factual hallucinations and 
logical fallacies—pose critical obstacles to their ad-
vancement.
Existing relevant research mainly focuses on two 
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major directions: innovation in agent architecture and 
innovation in safety detection. Most of these studies con-
centrate on improving a single performance indicator or 
repairing local defects, lacking a comprehensive collation 
and classification of the systemic failure modes of LLM 
agents, as well as a systematic exploration of the underly-
ing causes behind these failures. This results in fragment-
ed relevant solutions with insufficient targeting.
In view of this, this paper, by classifying, tracing the ori-
gins of, and integrating the systemic failure phenomena of 
LLM agents, provides a clear problem framework for aca-
demic research in this field, and further improves research 
efficiency and the quality of achievement transformation. 
This paper will focus on three key points: sorting out and 
classifying the typical systemic failure phenomena of 
LLM agents in practice, analyzing the underlying causes 
of these failures, and exploring strategies to mitigate or 
eliminate failures while constructing a multi-level gover-
nance system.
The core innovations of this paper are reflected in the 
following two aspects: first, it is the first to systematically 
categorize four major types of systemic failures and iden-
tify six underlying causes; second, it proposes a dual-track 
strategy of “internal capacity enhancement and mac-
ro-level governance framework.” This strategy integrates 
quantitative pre-deployment assessment, post-deployment 
dynamic monitoring, and lifecycle risk management.

2. Phenomena of Systemic Failures
Systemic failures in LLM agents refer to persistent func-
tional abnormalities triggered by the coupling of multiple 
causative factors in complex industrial environments, 
which cannot be resolved through adjustments to local 
components. Such failures cause substantial harm to the 
accuracy of output results, data security, and the comple-
tion level of core tasks.

2.1 Cognitive-level Failures
Cognitive-level failures refer to functional abnormalities 
where outputs deviate from reality or contain logical con-
tradictions due to deficiencies in knowledge, information 
integration, or factual judgment capabilities. This category 
includes factual hallucinations and knowledge conflicts. 
Factual hallucination refers to the phenomenon where 
LLM agents generate content that seems plausible but is 
actually fabricated or contradicts provided information. 
These can range from minor inaccuracies to complete-
ly invented facts. Knowledge conflict occurs when the 
agent’s internal knowledge (acquired from training data) 
conflicts with externally provided information (e.g., user 
instructions, tool outputs), leading to inconsistent or er-

roneous outputs. It places greater emphasis on the cogni-
tive level, highlighting the contradictions inherent in the 
knowledge itself.

2.2 Decision-level Failures
Decision-level failures are functional abnormalities occur-
ring during the formulation of action plans and execution 
of decisions for complex tasks, caused by deficiencies in 
planning capability, strategy adjustment mechanisms, or 
goal perception, leading to deviation from the task objec-
tive or falling into ineffective loops. Task deviation refers 
to the agent’s output contradicting the goal of the task or 
not fully accomplishing the task as intended. It focuses 
more on the relevance between the output and the objec-
tive. It may be indirectly caused by knowledge conflicts or 
by other factors, representing a higher-level error. Enter-
ing a loop or deadlock describes the phenomenon where, 
when attempting to solve a multi-step problem, the agent 
may repeatedly execute the same sequence of actions, 
failing to recognize the strategy’s failure or to consider 
alternative paths [1, 2].

2.3 Execution-level Failures
Execution-level failures are functional abnormalities oc-
curring when LLM agents translate planned decisions into 
concrete actions such as tool calls or command execution. 
Caused by deviations in action generation, poor environ-
mental interaction, or system coordination faults, they lead 
to task interruption, distorted results, or triggering cascad-
ing disruptions. This type of failure primarily manifests 
as API call errors and parameter format errors. When an 
LLM calls external tools (e.g., search engines, databases), 
it needs to generate structured requests that comply with 
interface specifications. However, in practice, issues like 
missing fields, parameter mismatches, or non-standard 
formats often cause the call to fail or return empty results. 
In database retrieval and interactive tasks, this “request 
format mismatch → call failure” is particularly common. 
It represents a typical manifestation of conversion errors 
between language generation and program execution, re-
flecting the current lack of stability and standardization in 
the tool interface invocation phase of agents [3].

2.4 Failures at the Security and Boundary Lev-
els
In deployment, failures also arise at the boundary of safe-
ty and stability. Under adversarial or ambiguous prompts, 
models that otherwise appear well aligned may still pro-
duce hate speech, discriminatory remarks, or unsafe rec-
ommendations, indicating that guardrails do not general-
ize beyond the tuning distribution [2]. Extended dialogue 
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introduces privacy risk: through stepwise elicitation, an 
attacker can reconstruct prior conversation content or sur-
face strings memorized during pretraining (for example, 
names and addresses), revealing weak memory isolation 
and data handling safeguards [4]. A further concern is 
sporadic instability. With inputs held constant, the system 
sometimes emits irrelevant or internally incoherent re-
sponses that resist deterministic reproduction. Although 
infrequent, such episodes undermine trust where decisions 
must be auditable and consistent.

3. Causes of Systemic Failures

3.1 Limitations of Training Data
What the model can assert with confidence is bounded by 
corpus coverage, curation quality, and update regularity. 
Despite multi stage preprocessing, heterogeneous sources 
import semantic conflict that reemerges as knowledge in-
consistency under user input or external grounding. Dupli-
cation and formatting noise persist through scale tolerant 
filters, reinforcing shallow heuristics and inflating over-
confidence. Standard filtering pipelines remain vulnerable 
to adversarial phrasing and multilingual evasion, allowing 
toxic and unsafe material to survive and reappear through 
sophisticated prompting [2]. Batch based data aggrega-
tion lacks timestamp indexing and semantic versioning, 
which leads to temporal collisions and factual drift as old 
and new claims coexist without resolution. Without ex-
plicit causal grounding, the model cannot reliably resolve 
contradictions or infer temporal precedence. Additional 
training on downstream data provides only coarse grained 
correction and often induces parameter interference, am-
plifying the risk of catastrophic forgetting. Privacy risks 
persist due to insufficient deidentification; pattern based 
anonymization fails to neutralize indirect identifiers or 
context linked leakage, allowing multi turn reconstruction 
of memorized personal data [4]. These failures reflect 
fundamental limitations in current data governance para-
digms, which prioritize scale and coverage over semantic 
structure and provenance. Without a shift toward modular, 
timestamped, and causally consistent knowledge inte-
gration, model reliability will remain constrained by the 
instability of its training substrate.
This paper believe this is one of the most basic and dif-
ficult problems in LLMs. If the data is wrong, outdated, 
or unclear, the model will make mistakes no matter how 
good the training is. These problems cannot be fixed eas-
ily by fine-tuning or adding external tools. To solve this, 
people need better data collection, with clear time labels, 
fewer conflicts, and stronger quality checks.

3.2 Model Architecture and Algorithmic Con-
straints
Several limits are structural rather than incidental. The 
learning objective rewards plausibility rather than truth; 
when evidence is thin, hallucination persists. Autoregres-
sive decoding affords little global search or principled 
backtracking, so multistep tasks can stall in loops or 
dead ends even when remedies are nearby [3]. As con-
texts lengthen, attention diffuses and position encodings 
saturate, leading to instruction forgetting and goal drift. 
Sampling introduces low probability but high impact de-
viations that produce incoherence and resist exact repro-
duction. Prompting strategies such as Chain of Thought 
help on some tasks, but gains are uneven across domains, 
which suggests limited intrinsic algorithmic organization 
[5].
This problem comes from how the model itself works. 
Autoregressive models generate one token at a time and 
cannot easily check their own logic. This makes it hard 
for them to plan or correct mistakes. Even new prompting 
methods like Chain-of-Thought help only in some cases. 
This paper think these problems are part of the model’s 
structure and cannot be fully solved without changing the 
core architecture.

3.3 Imperfect Alignment and Reinforcement 
Learning from Human Feedback
Alignment improves typical behavior but does not re-
liably control rare or adversarial cases. The underlying 
training objective optimizes for human preference rather 
than factual accuracy, which causes the model to reinforce 
plausible but incorrect patterns when feedback signals are 
ambiguous or inconsistent [6, 2]. Reinforcement learning 
from human feedback selects outputs that appear helpful 
or agreeable, even if they contain subtle errors, leading 
to smoother and more confident responses that amplify 
hallucination under uncertainty. This preference optimi-
zation introduces a semantic drift from truth supervision, 
especially when training data lacks clear verification 
signals or annotator consensus. Refusal policies are often 
miscalibrated, blocking harmless requests while failing 
to reject adversarial inputs that exploit prompt ambiguity 
or role play scenarios [6]. This reflects a lack of robust 
generalization in the learned safety boundaries, which rely 
on narrow distributions seen during alignment fine tun-
ing. Overemphasis on helpfulness expands the response 
space and increases vulnerability to task shift, while strict 
filtering suppresses clarification seeking behavior that is 
essential for complex multi step reasoning [6]. Residual 
susceptibility to indirect prompt injection and scenario 
manipulation persists even after safety tuning, exposing 
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blind spots in adversarial coverage and response calibra-
tion [2]. These outcomes point to a structural limitation 
in current alignment frameworks, which substitute pref-
erence conformity for epistemic grounding. Without a 
supervision signal anchored in objective correctness and 
adversarial completeness, alignment may distort model 
behavior in high risk or ambiguous settings. 
Alignment methods like Reinforcement Learning from 
Human Feedback (RLHF) focus on making answers 
sound helpful or polite, not always correct. This can cause 
the model to give wrong but confident answers. Also, the 
model may refuse safe questions or fail to reject danger-
ous ones. This paper argues that this is a serious issue in 
current training objectives. Fixing it needs better reward 
design that cares more about truth, not just human prefer-
ence.

3.4 Interaction with Complex Tools and Envi-
ronments
Many failures emerge when natural language plans must 
drive executable actions. Mapping intent to an API call 
is brittle, with omitted fields, type mismatches, and mal-
formed payloads, especially in retrieval, database access, 
and web automation [1, 2]. Long or highly structured re-
turns (logs, tables, nested JSON) are misread, with wrong 
fields extracted and errors propagated downstream [1, 2]. 
In the absence of validation, retries, and sanity checks, 
local faults cascade; public agent benchmarks repeatedly 
expose this brittleness [1, 2]. When tool outputs diverge 
from expectation, the system often fails to diagnose caus-
es or explore alternatives, and it either loops or halts pre-
maturely [3, 2]. Tool mediation also enlarges the privacy 
surface: unminimized sensitive content may be forwarded 
to untrusted services or echoed later, underscoring the 
need for isolation by default and strict data minimization 
[4].
Tool use failures are common, but they are not as deep 
as data or model problems. Most issues come from for-
mat errors, bad outputs, or missing checks. These can be 
improved with better design, like clear API rules, error 
handling, and retry steps. So people see this as a fixable 
problem with engineering work.

3.5 Vulnerability of Prompt Engineering and 
In-Context Learning
Prompt Engineering (PE) and In-Context Learning (ICL) 
establish the foundational behavioral control for LLM 
agents [7]. However, their core nature is that of a textual 
specification mechanism, rather than a hard-coded logic 
with formal verification. This design inherent to language 
models means the control layer lacks formal robustness 

guarantees, making the system’s reliability critically de-
pendent on the quality and structure of the textual input. 
Consequently, the agent exhibits high sensitivity and 
inherent brittleness to prompt ambiguity, contradictory ex-
emplars, or structural deficiencies in the instructions. This 
specification dependency directly gives rise to several sys-
temic failure modes: 1. Vague instructions frequently mis-
lead the model’s interpretation of the core task’s objective 
function. During multi-step execution, this often results in 
the agent prioritizing a statistically safe output sequence 
over the precise user intent, leading to Task Deviation or 
Goal Drift. 2. When Few-Shot Examples (FSEs) contain 
conflicting information, ICL forces the activation of com-
peting knowledge subsets, inducing severe Knowledge 
Conflict and prompt-induced Contextual Hallucination [8]. 
3. In multi-step reasoning frameworks such as Chain-of-
Thought (CoT) or ReAct, suboptimal prompt structure—
particularly the lack of clear structural guidance or stop 
conditions—causes the model to erroneously repeat ac-
tions, resulting in the agent entering an action-reasoning 
deadlock or Looping. 4. For tool-using agents, the LLM’s 
mechanism for generating structured API calls is highly 
brittle. Any imprecision in the tool schema definition can 
lead to a Malformed API Call (e.g., parameter mismatch), 
consequently triggering a Runtime Error and forcing task 
failure.

3.6 Defects in Knowledge Representation and 
Update Mechanisms
The core constraint on LLM reliability originates from its 
knowledge storage paradigm: knowledge is implicitly en-
coded as billions of parameter weights, existing primarily 
as statistical associations rather than structured, symbolic 
logic [9]. This inherent representation scheme and the 
subsequent parameter-level updates are the deep-seated 
root causes of systemic failures.
This statistical grounding, rather than Causal Logic, is 
the mechanism behind Factual Hallucination. The model 
selects the most “fluent” sequence continuation based on 
probability, which, in complex or low-frequency knowl-
edge domains, may be objectively incorrect. Lacking a 
verifiable world model, the model confidently asserts 
erroneous information. This knowledge base is further de-
stabilized by updates. Since knowledge in the parameter 
space is highly shared, introducing new information via 
fine-tuning is an intrinsically destructive process where 
new and old knowledge structures compete, leading to 
Catastrophic Forgetting. This results in Knowledge Con-
flict where the model outputs contradictory answers on is-
sues involving temporal evolution, demonstrating extreme 
cognitive instability. Lastly, the knowledge boundaries are 
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intrinsically fuzzy. For low-frequency Marginal Knowl-
edge or rare queries, the associated parameter weights 
are weak. In this low-confidence region, the model fails 
to compensate for the knowledge gap through logical de-
duction, and its output degenerates into a more random 
sequence prediction, leading to semantically illogical and 
Unpredictable Anomalous Behavior that severely elevates 
reliability risks in specialized applications.

4. Reliability Enhancement and Sys-
temic Governance Strategies
Enhancing the reliability of LLM agents requires a du-
al-track strategy involving the intrinsic reinforcement of 
technical capabilities and the establishment of systemic 
governance through macro-level frameworks. An effective 
governance structure must cover the entire lifecycle of the 
agent, from design to operation and maintenance.

4.1 Quantitative Assessment and Continuous 
Monitoring

4.1.1 Pre-Deployment static assessment

This article aims to conduct a static assessment before de-
ployment, establishing a reliability baseline through two 
key methods and systematically identifying the weakness-
es of the system. The first step is system benchmarking, 
which should not merely focus on simple success rates 
like AgentBench and WebArena tests, but rather define 
granular reliability metrics. When evaluating, it is nec-
essary to track the execution efficiency, which includes 
steps, latency, and severe misclassification, etc. Faults 
should also be divided into known patterns, such as ex-
ecution loops or API format errors. This can obtain an 
objective and repeatable snapshot that is consistent with 
the specific fault axis of the agent. The second method is 
structured adversarial testing, which uses the “red team” 
approach to highlight safety boundaries. The key tech-
niques involved include fuzzing instructions to assess 
their rigidity and bias sensitivity, evaluating the resilience 
of knowledge conflicts based on contradictory injection, 
and detecting tool patterns. This is done to identify vulner-
abilities in the API call generation process and ensure that 
the system has strong robustness against runtime errors.
4.1.2 Post-Deployment dynamic monitoring

This article mentions that dynamic monitoring after de-
ployment focuses more on continuously tracking the 
behavior of agents based on the baselines established in 
actual scenarios. This is different from static testing. At 
this stage, granularity metrics are used to monitor the ef-
ficiency and stability of agent execution at runtime. The 

monitoring system needs to detect deviations in real time 
and classify them. Map faults such as different delays or 
unexpected loops to specific error patterns. The active 
detection mechanism needs to remain effective all the 
time so as to identify newly emerged vulnerabilities. By 
leveraging structured input, it can be verified whether the 
agent can still maintain the boundaries of its security and 
reliability in the continuous interaction with external tools 
and users.

4.2 Intrinsic Reliability Enhancement Tech-
niques
Intrinsic enhancement techniques are designed to rein-
force the core capabilities of the model and agent archi-
tecture at their root, directly lowering the probability of 
failure.
4.2.1 Strengthening model core capabilities

Strengthening core capabilities requires navigating the 
trade-off between performance gains and computational 
overhead. Knowledge Augmentation connects agents to 
external data via Retrieval-Augmented Generation (RAG) 
to mitigate hallucinations, or employs Knowledge Editing 
for parametric corrections. However, RAG introduces 
latency and retrieval risks (e.g., garbage-in-garbage-
out), while Knowledge Editing faces scalability issues 
and catastrophic forgetting. To improve Reasoning and 
Planning, strategies like Chain-of-Thought (CoT) or Tree-
of-Thought (ToT) structure reasoning paths. Yet, these 
substantially increase inference costs without formally 
guaranteeing reliability, leaving them prone to error prop-
agation. Finally, Alignment seeks to harmonize model 
behavior with human values, a task complicated by the 
subjectivity of “values” and the risk of over-alignment 
leading to excessive caution or refusal bias.
4.2.2 Optimization of agent architecture

Architectural optimization seeks robustness through mod-
ularity but introduces complexity in component interac-
tion. Incorporating Memory Mechanisms manages context 
limitations but adds latency and consistency challenges, 
creating risks of contextual hallucination where irrelevant 
memories are retrieved. Self-Reflection and Correction 
Loops enable self-critique to improve decision quality 
but incur high computational costs. Moreover, their effec-
tiveness is bounded by the model’s reasoning capacity; a 
fundamental failure often renders self-correction fruitless. 
Finally, Robust Tool Learning aims to stabilize external 
interactions. While validation mechanisms enhance re-
liability, they increase complexity, and autonomous tool 
learning remains prone to errors due to the inherent brit-
tleness of structured output generation.
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5. Conclusion
This paper provided a comprehensive systematic analysis 
of the reliability challenges encountered by LLM agents as 
they progress toward industrial application. The study ini-
tially categorized the typical systemic failure phenomena 
observed in practice into four core types: Cognitive-level 
Failures (Factual Hallucination and Knowledge Conflict), 
Decision-level Failures (Task Deviation and Deadlocks/
Loops), Execution-level Failures (API Call Errors and Re-
sult Misinterpretation), and Security and Boundary Fail-
ures (Harmful Content Generation and Privacy Leakage).
By tracing the origins of these failures, this work revealed 
a multi-layered set of deep-seated causes. These under-
lying factors stem from the inherent limitations of Train-
ing Data and Model Architecture, the imperfections of 
Alignment and RLHF, the brittleness of Interaction with 
Complex Tools and Environments, and the fundamental 
Vulnerability of Prompt Engineering and the structural 
Defects in Knowledge Representation and Update Mech-
anisms (including the statistical nature of knowledge and 
catastrophic forgetting).
To counter these systemic challenges, a multi-tiered, in-
tegrated Governance System was proposed. This system 
advocates for enhancing reliability through two parallel 
strategies:
Intrinsic Reliability Enhancement: Strengthening the core 
capabilities of the model and architecture by improving 
Knowledge and Factuality via Retrieval-Augmented Gen-
eration (RAG) and Knowledge Editing, enhancing Rea-
soning and Planning through advanced prompting (Chain-
of-Thought/Tree-of-Thought), deepening Alignment and 
Values, and optimizing the agent architecture with Mem-
ory Mechanisms, Self-Reflection Loops, and Robust Tool 
Calling.
Systemic Governance Frameworks: Establishing a mac-
ro-level framework that includes Quantitative Assessment 
and Continuous Monitoring (Pre-Deployment Benchmark-
ing and Post-Deployment Drift Monitoring); promoting 
Coordination and Alignment of Multi-Agent Systems; im-
plementing Interpretability, Traceability, and Responsibil-
ity Attribution to ensure transparency and accountability; 
and embedding Lifecycle Risk Management by making 
Impact Assessment and the design of mitigation strategies 
mandatory from the initial design phase.
Although this study relies primarily on theoretical analy-
sis and literature integration, and the proposed governance 
framework requires further empirical validation in diverse 
industrial scenarios, it establishes a critical foundation. 
However, this research offers a systematic analytical 
perspective and a comprehensive governance roadmap 

for constructing more reliable, trustworthy, and socially 
responsible LLM agents, addressing a critical gap in the 
current fragmented literature.
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