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ABSTRACT The path to higher network autonomy in 6G lies beyond the mere optimization of key
performance indicators (KPIs), requiring systems that perceive and reason over the network environment
as it is. This can be achieved through agentic AI, where large language model (LLM)-powered agents utilize
multimodal telemetry, memory, and cross-domain negotiation to achieve multi-objective goals. However,
deploying such agents introduces cognitive biases inherited from human design, which can severely
distort reasoning and actuation. This paper provides a comprehensive tutorial on well-known cognitive
biases, detailing their taxonomy, mathematical formulation, emergence in telecom systems, and tailored
mitigation strategies. We validate these concepts through two distinct use-cases in 6G management1. First,
we tackle anchoring bias in inter-slice resource negotiation. To overcome the prohibitive execution delays
of cloud-based LLMs, this use-case deploys a locally hosted 1B-parameter model on an RTX A4000
GPU, successfully achieving sub-second inference latencies compatible with near-real-time (near-RT)
operations. By replacing fixed heuristic anchors with a Truncated Weibull randomized anchor strategy, the
agents dismantle rigid biases, intelligently consume SLA slack, and dynamically double the system-wide
energy savings (peaking at 25%) without violating strict latency limits. Second, we mitigate temporal and
confirmation biases in RAN-Edge cross-domain negotiation by designing an unbiased collective memory.
By integrating semantic/temporal decay and an inflection bonus that actively highlights past negotiation
failures, agents are prevented from over-relying on recent data or repeating past mistakes. Grounding
decisions in this richer, debiased historical context yields highly robust agreements, achieving a ×5 latency
reduction and roughly 40% higher energy savings compared to memoryless baselines.

INDEX TERMS 6G, agentic AI, bias, network automation.

I. Introduction

THE landscape of telecom automation over the past 15
years can be structured along TM Forum’s maturity

levels, from Level 1 (script-based) to Level 3 (analytics-
and AI-assisted orchestration) [1], [2], with initiatives such
as 3GPP Self-Organizing Networks (SON), ETSI Zero-
Touch Service Management (ZSM) and O-RAN. While their
introduced paradigms have yielded operational efficiency,
their optimization logic remains narrowly tethered to KPIs.
However, those metrics are imperfect proxies/surrogates for
the underlying objectives of communication systems. This
reliance induces a well-documented failure mode captured by

Goodhart’s Law, which states that “when a measure becomes
a target, it ceases to be a good measure” [3]. In practice, this
manifests as metric fixation [4], where algorithmic optimiza-
tion maximizes numerical scores while neglecting harder-to-
measure essence of the telecom environment and its users. In
anticipation of 6G, overcoming this proxy-goal misalignment
necessitates a transition from metric-centric optimization
to goal-directed autonomy. This implies not only moving
towards TM Forum Levels 4 and 5, but also embedding intel-
ligence that can operate across dynamic, multi-domain, and
partially observable environments. Agentic AI provides a vi-
able paradigm: LLM-powered autonomous agents endowed
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with the ability to directly perceive through multimodal
data (without proxies), reason over historical and contextual
knowledge, plan adaptive courses of action, communicate
under diverse intents, and act through APIs or network
control functions. Crucially, such agents can negotiate across
domains (e.g., RAN, edge, and core) to reconcile competing
objectives, adapt to unforeseen conditions, and iteratively
refine strategies via explanation and feedback. In this way,
agentic AI would serve as the cognitive substrate for 6G
networks, bridging the gap between low-level signals and
high-level semantic goals. Rather than optimizing proxies,
networks can pursue objectives that more faithfully represent
the essence of telecommunication.

A. Cognitive Biases in Agentic Systems
Special attention should be paid, however, to the susceptibil-
ity of agentic systems to the so-called cognitive biases, which
are systematic deviations from rational judgment; a concept
originally rooted in human psychology that agents could
inherit in various ways and perpetuate, posing a tangible
threat to the efficiency, fairness, and reliability of next-
generation autonomous networks. Biases affect every layer
of an agent’s behavior, from initial perception and reasoning
to final decision-making and action execution. The foun-
dational work on cognitive biases in human judgment was
established by Tversky and Kahneman in their seminal paper,
”Judgment under Uncertainty: Heuristics and Biases” [5].
Their research demonstrated that humans rely on cognitive
shortcuts, or heuristics, which can lead to predictable and
systematic errors in judgment. In agentic systems, these
biases are inherited and manifested across multiple layers.
The insidious impact of biases can be observed throughout
the entire agentic system pipeline, from perception to action.
i) Prompts are a primary entry point for bias, where framing
effects or the specific wording of instructions can skew an
agent’s perception of a problem. For instance, prompting a
network agent to “maximize throughput at all costs” can
lead to a solution that ignores critical latency or fairness
metrics. ii) Biases are deeply embedded in the training
data, stemming from historical imbalances, cultural skews,
and sampling errors. A large language model trained on
data from a region with a specific network infrastructure
could, when deployed elsewhere, exhibit a bias towards that
legacy architecture, failing to optimally manage a new, more
advanced one. Furthermore, biases emerge and compound
in an agent’s internal processes, with implications for its
reasoning and tool use. iii) The agent’s reasoning paths
are susceptible to various heuristics. An agent tasked with
dynamic resource allocation could exhibit an availability
heuristic, disproportionately allocating bandwidth to a spe-
cific network slice from which it has received the most
recent or frequent requests, thereby neglecting other slices
in need. Similarly, a security agent may fall prey to a
confirmation bias, only seeking out evidence that confirms
a pre-existing threat model and overlooking a novel, unseen

attack vector. These behaviors are akin to human shortcuts,
where evidence is mis-weighted and readily accessible infor-
mation is prioritized. iv) Biases are also evident in tool use,
which includes the way memories are stored and retrieved,
and how data sources and APIs are selected. An agent’s
memory retrieval might be subject to recency/primacy biases,
causing it to favor recently processed network logs over
a more complete historical record, leading to short-sighted
decisions. Conversely, an authority bias could lead an agent
to show a strong, uncritical preference for data from a
single, authoritative source or a familiar API, even when
more suitable or diverse tools are available. The recent
work by Xie et al. [6] highlights the growing concern of
these biases, exploring their manifestation in large language
models within multi-agent systems, a structure increasingly
relevant to decentralized 6G architectures.

Note that agentic biases generally originate from com-
mon mechanisms across learning-based systems, including
skewed training data, imperfect objectives, model inductive
biases, and partial or noisy observations. In this sense, the
emergence of biases in various other areas is not funda-
mentally different from that in LLM agents envisioned for
6G networks. The main distinction lies in how these biases
manifest: in other areas, such as healthcare or finances, they
typically affect semantic reasoning and language outputs,
whereas in 6G agents they appear as systematic errors in
control or resource allocation policies derived from biased
measurements or traffic data. Therefore, the underlying
mechanisms are largely shared across domains, while the
domain-specific state, action, and evaluation spaces deter-
mine how biases are expressed and detected.

B. Related Work
Drawing parallels with well-documented human biases such
as confirmation bias, recency effects, and groupthink, recent
research examines how similar distortions can manifest both
within individual AI agents and across their interactions,
potentially affecting collective decision-making, fairness,
and safety. A comprehensive contribution in this domain is
MindScope [7], which introduces a dataset encompassing 72
human cognitive biases and leverages it to evaluate how
LLM agents display these distortions during multi-agent
dialogue. Findings indicate that even when models appear
well-aligned in isolation, their interactions can trigger latent,
higher-order biases such as anchoring effects. Mitigation
strategies—including retrieval-augmented generation (RAG),
structured debate mechanisms, and reinforcement learning
(RL)-based adjudication—have shown promise in reducing
these risks.

Expanding on this, Liu et al. [8] investigate the emergence
of conversational echo chambers in multi-agent settings.
Their work demonstrates that iterative discussions often
amplify existing biases, as agents gradually converge to-
ward consensus-seeking positions, which is an emergent
phenomenon not observed in single-agent contexts. This
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underscores that distortions can originate from interaction
dynamics themselves, rather than solely from pretrained
knowledge.

In a more structural way, the fairness in agentic AI
framework [9] examines how systemic distortions may
arise through decentralized collaboration among agents. The
framework connects ethical alignment with incentive struc-
tures and negotiation constraints, offering design tools to
mitigate emergent bias and to prevent inequitable treatment
of users or tasks embedded in implicit reward mechanisms.
Complementarily, the hidden profile benchmark [10] adapts a
classic social psychology paradigm to multi-agent LLMs, re-
vealing that agents often fail to uncover critical but unevenly
distributed information held by peers-mirroring groupthink
and informational bias in human teams. This highlights
fundamental vulnerabilities in reasoning diversity and em-
phasizes the need for diversity-aware memory structures and
communication protocols.

Having said that, a tutorial introduction to cognitive biases
in the context of agentic AI-based 6G network automation
is yet to be considered, examining their emergence, affected
agentic components, practical 6G examples and mitigation
strategies.

C. Contributions
This paper makes the following contributions:
• Presents an overview of agentic systems for telecom,

with their components, protocols and interactions as
well as reasoning and planning capabilities while also
briefly reviewing literature in this emerging area.

• Develops a systematic tutorial on cognitive biases and
their emergence, including taxonomy, impact on the
various agentic components such as reasoning, plan-
ning, memory, negotiation, tool use, and actuation, as
well as provides practical 6G examples and mitigation
approaches.

• Demonstrates the emergence and implications of these
biases in 6G management scenarios, with a focus on
RAN-Edge cross-domain orchestration and service level
agreement (SLA)-sensitive optimization.

• Illustrates the mitigation gain of some well-known
biases through two use-cases on 6G inter-slice and
cross-domain agentic negotiation. Specifically, debias-
ing mechanisms targeting negotiation as well as mem-
ory use are explored to encourage bolder decisions
and avoid anchoring, temporal and confirmation biases,
wherefore the resulting gains are assessed in terms of
latency and energy saving.

II. Agentic AI-Driven Network Automation
A. Typical Components of an Agentic System
A modern telecom agentic system is a tightly integrated,
multi-layered architecture whose components collectively
enable perception, semantic reasoning, secure negotiation,
safe actuation and continual learning as depicted in Figure 1.

The following subsections describe the canonical elements,
their responsibilities, and the integration patterns that turn a
collection of tools into a coherent agentic fabric suitable for
various technological domains.

1) LLM-empowered Agent
The core agent is an LLM-centered [11], [12] reasoning
and control entity that orchestrates the perception-reason-
plan-act loop. Beyond natural-language fluency, it imple-
ments modular capabilities: a perception front-end that
ingests latent representations, a retrieval-augmented mem-
ory interface, a symbolic/planning module that generates
candidate strategies, a negotiator that composes intentful
messages for peers, a verifier that queries a digital twin
for validation, and an executor that issues guarded net-
work API calls. Agents must support stateful dialogues,
multi-turn negotiation, and constrained action synthesis (e.g.,
produce candidate plans with cost/risk annotations). Prac-
tically, the agent exposes two main kinds of interfaces:
(i) tool invocation via an MCP-like function call seman-
tics (e.g., mcp.call("digital_twin.simulate",
scenario=..., horizon=30s)), and (ii) agent-to-
agent messages using an A2A protocol carrying structured
intents (proposal, counter-proposal, justification, commit).

2) Digital Twin and Prediction Tools
A high-fidelity digital twin (DT) functions as the agent’s
safe playground [13]: agents submit what-if scenarios, stress
tests, or short rollouts to evaluate the temporal and cross-
domain impact of candidate actions before committing them
to live infrastructure. Twins range from lightweight surro-
gate models that provide millisecond feedback to detailed
simulators for deep validation. Key responsibilities include
maintaining synchronized state with production (shadowing),
supporting rollback/canary experiments, exposing cost mod-
els and failure modes, and providing counterfactual traces
that agents use to attach confidence and expected utility
to proposals. Prediction Services [14] also allow agents to
perform farsighted decisions.

3) Memory and Experience Store
Memory enables sample-efficient reasoning and faster con-
sensus by allowing agents to recall past strategies, observed
outcomes, and negotiated compromises [15]. Architecturally,
memory comprises multiple layers: short-term (session-level)
buffers for ongoing negotiations, episodic records of full
negotiation-execution episodes, and a semantic/latent index
(vector store) for rapid similarity search. Basic retrieval
policies prioritize recent, high-reward episodes and seman-
tically matching contexts. Memory interfaces must support
semantic queries (e.g., embedding and approximate nearest
neighbor (ANN) lookup), provenance metadata, and secure
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Figure 1: Typical components of a 6G agentic system.

access controls so agents can justify decisions with human-
interpretable precedents.

4) Data Sources and Perception Stack
Robust perception aggregates heterogeneous telemetry, e.g.,
time-series KPIs, protocol traces, topology and inventory,
user-plane metrics, and multi-modal signals (e.g., maps,
logs). A preprocessing pipeline performs schema harmo-
nization, normalization, feature extraction and embedding
into latent spaces suited for LLM agents and downstream
planners. Event detection, anomaly scoring, and context
windows feed the agent’s situational awareness. Critically,
the perception stack must provide uncertainty estimates and
data-quality indicators so reasoning modules can weigh
observations correctly.

5) Network APIs and Actuation
Actuation in agentic AI for telecom networks is performed
through domain-specific APIs that expose fine-grained con-
trol over the RAN, edge services, core functions, and orches-
tration platforms. For instance, an srsRAN API may allow
adjusting scheduling parameters or PRB allocations, while a
Kubernetes (K8s) API can scale edge services or redeploy
VNFs.

To better understand the capacity and reliability of under-
lying platforms such as Kubernetes, OpenStack, and Docker,
agents must consider several key technical dimensions, in-
cluding compute and memory resource availability, network
throughput and latency, container or VM lifecycle man-
agement, orchestration and scheduling behavior, and fault
tolerance mechanisms such as replication and automated
recovery. These dimensions determine how reliably services
can scale, migrate, or recover from failures during automated
actuation.

Safety mechanisms are therefore critical. A proposed
configuration change (e.g., a new QoS profile on a 5QI

bearer or scaling of an edge service in K8s) should first
be validated in a digital twin or staged on a subset of
pods before system-wide rollout. Agents should also avoid
performing irreversible operations without a validation step,
where human approval may be required for actions such as
core network function restarts. Finally, audit logs, execution
receipts, and telemetry feedback must be systematically
captured so that the agent’s memory can be updated with
ground-truth outcomes (e.g., whether a predicted CPU scal-
ing action in K8s actually reduced latency), closing the loop
between reasoning, action, and verified system state.

6) Communication Protocols, Ontologies and Agent
Fabric
Inter-agent coordination rests on well-defined communica-
tion protocols [16] and shared ontologies. An agent-to-agent
(A2A) protocol carries structured messages with typed fields
(e.g., intent, proposals, reason). Several intents exists, e.g.,
propose, counter-propose, query, explain, confirm, reject,
commit. In practice, the so-called agent fabric provides
the runtime substrate where multiple agents are deployed,
coordinated, and scaled across distributed environments. It
offers common services such as discovery, messaging, state
sharing, and lifecycle management, enabling agents to com-
municate and operate collectively rather than in isolation.
The Model Context Protocol (MCP) or equivalent tool-
invocation channels, on the other hand, permit standardized
tool calls and return structured outputs. Semantic encodings
(ontologies, schema registries, and vocabularies) are essen-
tial so proposals and justifications are machine-interpretable
across vendors and domains. The TM Forum Intent Ontology
(TIO), for instance, provides a standardized semantic layer
for expressing intents in network and service management,
ensuring that agent messages carry domain-aware meaning.
By aligning inter-agent proposals and actions with TIO,
heterogeneous agents can interpret, decompose, and fulfill
intents consistently across RAN, edge, and core domains.
This ontology-driven alignment enhances interoperability
and automation by grounding agent reasoning in a common
industry-backed vocabulary.

B. Agentic Reasoning and Planning in 6G
We focus on LLM-powered agents that reason over multi-
modal telecom context and synthesize safe, verifiable action
plans spanning RAN, edge, and core. Reasoning treats the
network as a belief-driven stochastic environment, while
planning composes constrained, tool-grounded action se-
quences that must be validated in a digital twin (DT) before
actuation. To stay consistent with Fig. 1 and the bias taxon-
omy in Table 1, we first formalize the reasoning objective,
then connect it to how models are trained to reason, and
finally describe specialization to 6G data and interfaces.

Definition:(Reasoning in Agentic 6G) Given observa-
tions x (telemetry, logs, intents), background knowledge K
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(standards, policies, ontologies), and tools T (DT, teleme-
try services, network APIs), an agent seeks a plan � =
(a1; : : : ; aH ) from a safe action set Asafe that maximizes
a multi-objective utility U(�) 2 R m (e.g., latency, energy,
fairness, risk), under operational and chance constraints:

max
��A safe

E[U(�) j x; K] s.t. Prfg j (�; x) � 0g � 1�� j ; 8j:

1) Logical Reasoning Types in 6G Agents

Logical reasoning manifests in several complementary
forms. Deductive reasoning maps high-level intents and
policies to concrete, correctness-preserving con�gurations
(e.g., from an intent to a 5QI pro�le and scheduler set-
tings), providing compliance and safety guarantees. Inductive
reasoning [17] generalizes from historical episodes or DT
rollouts to propose candidate actions with calibrated con-
�dence, for example, inferring traf�c–latency relationships
that inform proactive scaling. Abductive or causal reasoning
explains observed degradations by positing plausible causes
and minimal interventions (e.g., distinguishing backhaul
congestion from CPU throttling as the source of latency
spikes) and selecting actions with the highest expected coun-
terfactual gain. Analogical reasoning recognizes structural
similarity between a novel context and past episodes—
such as slice mix, RF conditions, or policy constraints—
to adapt or compose previously successful strategies un-
der current constraints. Finally, counterfactual/model-based
reasoning [18] uses the DT to explore “what–if” scenarios
and compare interventions before committing changes to
live infrastructure. In practice, agents combine these modes
within a single loop: hypotheses are generated abductively,
stress-tested counterfactually, and distilled into deductively
checkable con�gurations that can be generalized inductively
or by analogy across sites and time.

2) From Pretraining to Operational Reasoning

Modern agents learn these behaviors in stages. During
broad pretraining on text, code, and quantitative material
(e.g., GSM8K maths dataset), LLMs acquire competence in
symbolic manipulation and intermediate-step �delity, which
supports the derivation and veri�cation of multi-step ratio-
nales [19]. Instruction-style �ne-tuning then aligns the model
to follow domain procedures, call tools when needed, and
expose intermediate steps transparently, rather than relying
on brittle internal shortcuts. In operation, self-consistency
sampling and external veri�cation further stabilize reasoning.
The agent generates diverse rationales, selects coherent ones,
and validates critical calculations and predictions using the
DT or specialized analyzers. This separation between “think-
ing” and “checking” reduces single-path failures and yields
uncertainty estimates that planning can consume.

3) Telecom Specialization and Domain Grounding

Specializing for 6G requires grounding the agent in domain-
structured data and APIs. Inputs and outputs are normalized
using a canonical KPI schema and shared ontologies, ensur-
ing quantities, units, and timestamps are comparable across
domains; this reduces framing effects and prevents spurious
differences caused by formatting. Supervised episodes pair
observations with concise rationales and concrete actions
(telemetry ! explanation ! API calls), curated from traces
and DT rollouts. Crucially, both successes and failures are
included to avoid survivorship bias and to teach the bound-
aries where strategies break down. Preference-style optimiza-
tion ranks plans by multi-objective utility and safety viola-
tions, encouraging Pareto-ef�cient behavior and penalizing
hallucinated tool use. Finally, uncertainty-aware generation
produces plans with explicit risk bounds, which are stress-
tested under traf�c and RF perturbations in the DT before
any limited-scope canary actuation.

4) Constrained Plan–Verify–Act Loop

The operational loop follows reason–plan–verify–act. Rea-
soning fuses live telemetry, policies, and retrieved episodes
to hypothesize causes and propose interventions, emitting
intermediate steps with calibrated uncertainty. Planning then
solves a constrained rollout over Asafe; when constraints
dominate (e.g., strict URLLC guarantees), lexicographic pri-
orities ensure safety before ef�ciency. Veri�cation executes
counterfactuals in the DT to compute cost vectors and
feasibility; plans with low con�dence or high regret are
rejected or revised. Actuation performs guarded API calls
with staging or canaries, and outcomes are written back to
episodic memory for continual improvement.

5) Bias-aware Hooks During Reasoning and Planning

Because reasoning and planning are susceptible to system-
atic distortions, we insert lightweight, auditable hooks that
align with Table 1. Counterfactual checks in the DT en-
courage consideration of discon�rming alternatives, thereby
mitigating con�rmation, availability, and anchoring effects.
Diversity-aware retrieval balances recent and older evidence,
successes and failures, and semantic variety to curb recen-
cy/primacy and survivorship. Canonical KPI representations
and neutralized prompts reduce framing and suggestion
biases by standardizing inputs before inference. Uncertainty
calibration propagates con�dence throughout the pipeline to
counter neglect of probability and automation bias. Finally,
source-oblivious tool comparison hides vendor or authority
labels during selection and demands dual-source consistency
before commit, mitigating authority and halo effects.

6) Worked Formulation

Let a 2 A safe denote a joint RAN–edge action (e.g.,
PRB split and CPU frequency). The DT returns a cost
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vector c(a) = [L(a); E(a); F (a); R(a)] for latency, energy,
fairness, and risk. A typical objective is

min
a2A safe

w > c(a)

s.t. PrfL(a) � L SLA g � 1 � �;

R(a) � R max ;

(1)

with candidates ranked by expected regret against a baseline
and by feasibility across sampled traf�c/RF scenarios. Non-
dominated plans are surfaced for negotiation or executed
via canary rollout, with post-actuation feedback to close the
loop.

C. Agentic Systems in 6G: A Review

Recent studies have explored the use of agentic AI for
autonomous network management, each advancing the �eld
from different perspectives. In [15], the authors consider
a RAN-Edge cross domain management scenario where
they introduce a new architecture of the long-term agen-
tic memory to ef�ciently retrieve relevant stored collective
agreements of the RAN and Edge LLM-powered agents and
capitalize on them, resulting in lower negotiation failures
and SLA violation as well as improved latency and energy
saving. Ferrag et al. [20] present a comprehensive survey of
agentic AI, covering approximately 60 benchmarks across
reasoning, planning, tool use, multimodal and embodied
tasks, interactive work�ows, and agent orchestration, while
also proposing a taxonomy of LLM-agent frameworks. Their
work further reviews emerging agent-to-agent communica-
tion protocols such as the Agent Communication Protocol,
Model Context Protocol, and A2A, and highlights key limita-
tions, including failure modes, security risks, and open chal-
lenges. In parallel, Chen et al. [21] introduce BlockAgents,
which integrate blockchain consensus and proof-of-thought
mechanisms into LLM-based multi-agent coordination to en-
sure Byzantine-robust role assignment, proposal evaluation,
and decision-making. Taken together, these studies re�ect
a broader convergence in the literature around three main
directions: the development of modular agent architectures
that integrate reasoning, memory, and tool use; the design of
collaborative protocols for negotiation, consensus, and hier-
archical control; and the incorporation of robustness and trust
mechanisms, such as decentralized consensus and auditing,
to safeguard against adversarial or faulty agents. On the other
hand, [22] introduce the concept of wireless multi-agent
generative AI, positioning LLM-based agents as enablers
of a transition from connected to collective intelligence in
wireless networks. They analyze decentralized cooperation
and competition through a game-theoretic lens, propose
architectural principles for deploying on-device agents, and
illustrate their vision with intent-based networking as a case
study. Besides, [23] focuses on integrating LLM agents
into 6G networks via a modular framework of perception,
grounding, and alignment, distributed across devices and
edge servers. They propose a split learning paradigm and
model caching strategies to optimize resource allocation

and coordination, enabling applications such as integrated
sensing, digital twins, and task-oriented communications.
The LINKs framework introduced in [13] constitutes one
of the �rst attempts to integrate LLMs with digital twin-
based 6G management systems, enabling agents to translate
high-level intent into control actions. However, its reasoning
capacity is still limited, and integration with real-time RAN
telemetry is underexplored. Complementarily, [24] presents
a foundational framework that conceptualizes generative AI
models as distributed agents for collaborative task planning
across network elements, emphasizing emergent communica-
tion and semantic coordination, though without concrete ties
to telecom protocols or operational data. A more modular
approach is advanced in [25], which separates cloud-based
intent parsing from edge-level policy generation to address
scalability and latency, though validation is restricted to high-
level simulations rather than real network traces. Extending
beyond telecom, [26] investigates agentic digital twins for
cyber-physical optimization using large generative models
and MCP, demonstrating orchestration capabilities primarily
in urban logistics scenarios. To enhance grounding and
mitigate hallucinations, [27] proposes a retrieval-augmented
architecture that incorporates structured network knowledge
into the agent reasoning loop, though this remains at the
conceptual stage. Finally, [28] outlines an end-to-end design
for embedding LLM agents into the O-RAN framework
to automate lifecycle management of xApps and rApps,
aligning well with modular RIC interfaces but still lacking
empirical validation and deployment studies.

D. O-RAN Components, Interfaces, and Feasibility of
Bias-Mitigation Integration

Figure 2 summarizes the Open Radio Access Network (O-
RAN) control architecture that we reference throughout
when discussing the Radio Intelligent Controller (RIC),
xApps, and the A1/E2/O1 interfaces. At the Radio Access
Network (RAN) layer, O-RAN disaggregates the base station
into the O-RAN Radio Unit (O-RU), O-RAN Distributed
Unit (O-DU), and O-RAN Central Unit (O-CU), which align
with the Third Generation Partnership Project (3GPP) New
Radio (NR) / Next Generation RAN (NG-RAN) functional
split; radio-frequency and low-PHY processing at the O-RU,
time-critical high-PHY/MAC/RLC functions at the O-DU,
and higher-layer functions at the O-CU [29], [30]. Above the
RAN, O-RAN introduces two complementary control nodes.
The Near-Real-Time Radio Intelligent Controller (Near-RT
RIC) hosts near-real-time control applications (xApps) for
closed-loop optimization (e.g., handover, interference, load
balancing, anomaly detection) and interacts with the RAN
via the E2 interface (E2), enabling telemetry subscription
and bounded control actions under tight latency constraints
[31], [32]. The Non-Real-Time Radio Intelligent Controller
(Non-RT RIC) resides within the Service Management and
Orchestration (SMO) layer, alongside Operations Support
Systems / Business Support Systems (OSS/BSS), and op-
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Figure 2: Reminder of a typical O-RAN architecture.

erates at longer timescales for policy, analytics, model gov-
ernance, and lifecycle management; it guides the Near-RT
RIC through the A1 interface (A1) [32], [33]. Orthogonally,
the O1 interface (O1) supports operations, administration,
and maintenance functions (telemetry, con�guration, alarms,
audit), providing the long-horizon evidence channel needed
for validation and accountability [32]. This architectural
separation also provides a concrete path to integrate the bias-
mitigation strategies discussed in this paper into O-RAN
without requiring non-standard interfaces. First, mitigation
must be timescale-aligned; methods that require broad con-
text or multi-episode reasoning—e.g., adversarial evaluation
loops, counterfactual stress testing with a digital twin, dataset
balancing across successes/failures to reduce survivorship
effects, or prompt/representation canonicalization to reduce
framing and suggestion bias—�t naturally in SMO/Non-
RT RIC because they can operate over minutes-to-hours
horizons and can be expressed as policies or model gov-
ernance delivered downstream via A1 [32], [33]. Second,
mitigation must be interface-compliant; evidence needed to
challenge hypotheses (con�rmation bias) or calibrate un-
certainty (neglect of probability) can be obtained via E2
telemetry and complemented by O1/OAM traces for longer-
window ground truth; conversely, near-real-time mitigation
hooks (e.g., mandatory veri�cation gates for high-blast-
radius actions to curb automation bias, con�dence thresholds
and risk buffers to curb uncertainty neglect, or cross-source
consistency checks to curb authority/halo effects) can be
implemented inside xApps while still using the standard E2
control/indication �ows [31], [32]. Third, mitigation must
be safely deployable; O-RAN already encourages staged
control through policy constraints and OAM oversight; thus a
practical plan–verify–act work�ow can be realized by having
Non-RT RIC/SMO enforce governance (what objectives,
constraints, prompts, and retrieval rules are admissible),
while Near-RT xApps execute bounded control actions only

after lightweight veri�cation using recent E2 observations
and prede�ned safety envelopes, with all decisions logged
via O1 for auditability and for closing the learning loop
in the agentic memory. Under this view, the mitigation
mechanisms proposed in our use cases map cleanly onto
the �gure; anchor randomization and negotiation protocols
can be realized as xApp-level decision logic constrained by
A1 policies; temporal/con�rmation debiasing in collective
memory is naturally hosted in SMO/Non-RT RIC as part
of analytics and experience stores fed by O1/E2 telemetry;
and �nal actuation remains standardized through E2 into the
RAN components (O-CU/O-DU/O-RU). As a result, the key
question is not whether bias mitigation can be integrated
into O-RAN, but rather how to partition it across SMO/Non-
RT versus Near-RT such that the mitigation is computation-
ally feasible, interface-aligned, and operationally safe, while
maintaining 3GPP-consistent functional splits and O-RAN-
compliant control surfaces [29]–[33].

III. Cognitive Biases in LLM-Powered 6G Agents
Autonomous decision-making in O-RAN increasingly lever-
ages LLM-powered agents for tasks such as slice orches-
tration, resource allocation, fault isolation, and multi-agent
negotiation. While LLMs provide �exible reasoning and
large-context retrieval, they also inherit - and can amplify
- well-known cognitive biases. These biases arise from (i)
how memories are retrieved and ranked, (ii) how prompts
and peer messages condition priors, and (iii) how reward or
trust signals are aggregated across episodes. In performance-
sensitive settings such as 6G RAN control, even small sys-
tematic biases can cascade into large degradations. Table 1
enumerates the well-known biases and their emergence in
6G, wherefore we provide a companion exposition that
explains each bias in greater depth: its mechanism, a compact
mathematical view, a concrete 6G example, likely impacted
agentic components, and pragmatic mitigation directions.

A. Overview of Biases, their Impact and Mitigation in 6G
1) Con�rmation Bias

An LLM agent exhibits con�rmation bias when it selectively
retrieves or interprets evidence that supports its existing hy-
pothesis, and thereby under-samples or ignores discon�rming
data. Concretely, let S(D; H) denote a selection operator that
depends on dataset D and hypothesis H. Then the posterior
obtained from the selected data becomes

p(H j S(D; H)) / p(H)
Y

x2S(D;H)

p(x j H); (2)

which biases the posterior toward H by over-weighting
supportive likelihood terms. Equivalently, if selection in-
duces a proposal sampling distribution q(x) / 1fx 2
S(D; H)gp(x), an unbiased estimator of an expectation
Ep[f (X)] requires importance weights w(x) = p(x)=q(x);
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Table 1: Taxonomy of Cognitive Biases in LLM-Powered 6G Agents

Bias Category De�nition Impacted Agentic Components Example of Mitigation

Con�rmation Bias [34], [35] Agent selectively retrieves or interprets ev-

idence supporting prior hypothesis. Exam-

ple: xApp queries only low-load cells for

PRB allocation, ignoring high-load ones.

Reasoning, Memory Queries,

Telemetry Filtering

Enforce counterfactual queries

or negotiation; cross-check

telemetry from multiple

sources before decision.

Recency / Primacy Bias [36],

[37]

Agent over-weighs recent or �rst observa-

tions. Example: Fault-recovery agent acts

only on last 10 min of RSRP measurements

or initial fault logs.

Memory Access, Planning Weighted evidence fusion; val-

idate across full telemetry

timeline before recon�gura-

tion.

Anchoring Bias [5], [37] Early proposals bias subsequent reasoning.

Example: Energy optimization agent sticks

to default power despite high SINR allowing

lower settings.

Reasoning, Planning Initialization Randomize anchor values;

simulate multiple baseline

scenarios before committing.

Availability Heuristic [37],

[38]

Agent overestimates likelihood of salien-

t/recent events. Example: Fault prediction

overreacts to 3 recent XnAP resets, ignoring

long-term failure rate.

Memory Retrieval, Risk Estimation Normalize event likelihood

using historical data; apply

Bayesian priors.

Authority Bias [37], [39] Overweighting outputs from trusted sources.

Example: RIC accepts vendor KPI reports

without cross-checking local counters.

API Trust Assignment, Reasoning Blind source evaluation; dual-

source validation before apply-

ing con�g changes.

Halo Effect [37], [40] Success in one task in�ates trust in unrelated

tasks. Example: xApp trusted in latency

tuning because it succeeded in energy op-

timization.

Peer Trust Model, Reasoning Decay trust scores across do-

mains; cross-validate with in-

dependent measurements.

Suggestion / Prompting Bias

[37], [41]

Agent in�uenced by wording in prompts

or peer proposals. Example: prompt latency

is the primary goal disregards looking for

optimal allocation.

Prompt Interpretation, API Feed-

back

Use neutral prompt templates;

validate decisions via multi-

agent cross-checks.

Groupthink / Herding [42],

[43]

Agent combines its own weak evidence

(PRB slit 1) with the signal that other agents

prefer another option (PRB split 2). As a

result, agent's posterior belief that 2 is the

best option increases.

Multi-Agent Negotiation, Consen-

sus

Prompt agents to generate

at least one challenging pro-

posal; simulate alternatives be-

fore consensus.

Framing Effect [37], [44] Equivalent inputs produce different deci-

sions. Example: PRB usage framed as 20%

free vs 80% used changes allocation.

Reasoning, Prompt Interpretation,

Memory

Canonicalize memory

representation; standardize

schemas; apply sensitivity

checks.

Sunk Cost Fallacy [37] Agent continues ineffective strategy due to

prior investment. Example: agent's mem-

ory prioritizes records that justify the past

investment in a specialized, high-capacity

Massive MIMO antenna (a gNB node up-

grade), causing it to ignore new spectral

analysis showing the node is now underuti-

lized.

Reasoning, Planning, Memory,

Veri�cation

Reset historical in�uence; in-

clude diminishing-return de-

tection; �ag persistent low-

bene�t loops.

Neglect of Probability / Uncer-

tainty [5], [45]

Agent ignores uncertainty, acting on point

estimates. Example: Self-healing xApp

treats 60% alarm as certain.

Reasoning, Planning, Veri�cation Integrate Bayesian or

ensemble-based uncertainty;

apply con�dence thresholds.

Status Quo Bias [37], [46] Agent prefers current con�guration due

to overestimated switching risks. Example:

RIC avoids updating cell con�guration de-

spite KPIs suggesting optimization.

Planning, Reasoning, Veri�cation Reduce inertia thresholds; sim-

ulate reversible changes.

Automation Bias [37] Over-reliance on automated tool outputs

without veri�cation. Example: xApp prop-

agates erroneous rApp fault detection.

Tool Use, Reasoning, Planning,

Communication

Mandatory veri�cation; con�-

dence estimation; defer risky

actions; share veri�cation sta-

tus across agents.

Survivorship Bias [37], [47] Agent learns only from successes, ignor-

ing failures. Example: a slice-scaling rApp

agent trained only on successes ignores fail-

ures.

Memory Dataset, Reasoning, Plan-

ning

Ensure balanced success/fail-

ure sampling; simulate fail-

ures; verify performance on

complete data.
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failure to apply such correction yields a biased estimate:

bE[f ] =

P
x�q f (x)

P
x�q 1

6= Ep[f (X)]:

From an information-theoretic perspective, selection skew
can be measured by the Kullback–Leibler divergence be-
tween the true posterior and the selection-conditioned pos-
terior,

KL
�
p(H j D) jj p(H j S(D; H))

�
;

which grows as selection concentrates evidence supporting
H [35], [48].

In O-RAN, for example, an xApp that diagnoses “sched-
uler congestion” may query only E2 KPIs that corrobo-
rate congestion while ignoring interfering telemetry (e.g.,
interference indicators). Consequently the agent's memory
retrieval, reasoning/planning and tool use pipelines each
amplify the �awed hypothesis: (i) retrieval will preferentially
surface supporting episodes, (ii) reasoning will prematurely
converge on a single explanation, and (iii) tool queries and
simulations will be framed to validate the hypothesis rather
than to falsify it.

Mitigation: To reduce con�rmation bias we can combine
sampling-correction, explicit falsi�cation, and exploration
regularization. In memory retrieval enforce symmetric sam-
pling across competing hypotheses by drawing samples from
both qsupportand qrefute with controlled proportions, and apply
importance weights to recover unbiased estimates:

bEp[f ] =

P
x�q support[q refute

w(x)f (x)
P

x w(x)
; w(x) =

p(x)
q(x)

:

During reasoning implement counterfactual queries that
explicitly compute alternative-likelihood ratios,

�(x) =
p(x j H alt)
p(x j H curr)

;

and preferentially surface cases with large � to challenge
H curr. In planning add an exploration regularizer (entropy or
uncertainty bonus) to the objective:

� ? = arg max
�

Ea�� [U(a)] + �H(�);

which discourages overly deterministic, belief-consistent
plans [49]. Finally, in communication adopt a challenge–
response protocol where peer agents must produce discon-
�rming evidence sampled under an alternative-policy prior
before consensus is reached. These interventions reduce the
KL shift induced by selective evidence and re-align posterior
estimates with the full data-generating process [35], [48].

2) Recency and Primacy Bias

Recency (over-weighting recent data) and primacy (over-
weighting early data) can be modeled through temporal
weighting of observations. A common weighted estimator
is

�̂ =
P

t wt x tP
t wt

; wt / e ��jT �tj ; (3)

where a large � concentrates mass around the most recent
(t � T ) or earliest (t � 0) samples, producing strong
recency or primacy effects respectively. Equivalently, an
Exponentially Weighted Moving Average (EWMA) obeys
the recursive form

�̂ t = �x t + (1 � �) �̂ t�1 ;

which is mathematically identical to a �rst-order Kalman �l-
ter under constant observation and process noise assumptions
[50]. Overly large � (equivalently large �) yields recency
bias, while very small � yields primacy-like inertia.

In practice, fault-management xApps that react to short E2
spikes or that never update thresholds illustrate these failure
modes: short-term E2 spikes dominate decisions in the
former (recency), while initial thresholds remain dominant
in the latter (primacy).

Mitigation: Balance can be achieved by multi-horizon
estimators, change-point detection, and temporal con�dence
bounds. Concretely: in memory calibrate decay functions
across horizons by maintaining parallel estimators f�̂ (h) gH

h=1
with different decay rates �h and fuse them via weighted
averaging,

�̂ fused =
HX

h=1

! h �̂ (h) ;
X

h

! h = 1:

In reasoning, detect change points by monitoring likelihood-
ratio statistics or CUSUM statistics and only adapt ag-
gressively when the change is statistically signi�cant [51].
During planning, use multi-window averaging or evidence
fusion across windows to avoid overreacting to anomalies.
Finally, veri�cation can enforce temporal con�dence bounds
(e.g., via bootstrap or Bayesian credible intervals) to prevent
recon�gurations driven by transient �uctuations [48].

3) Anchoring Bias

Anchoring occurs when an early piece of information a0

constrains subsequent optimization or negotiation; for in-
stance one can express the anchored decision as a regularized
maximization

a? = arg max
a

�
U(a) � 
 d(a; a 0)

�
; (4)

where d(�; �) is a deviation penalty and 
 controls the
anchor's strength. This formulation is closely related to
regularized empirical risk minimization where an initial
estimate acts as a strong prior.

In a resource negotiation example, initial PRB proposals
bias the negotiation path (Fig. 3). Anchoring affects (i)
memory/retrieval by biasing which historical outcomes are
retrieved (those near a0), (ii) reasoning/planning by limiting
search to neighborhoods of a0 even when simulations in-
dicate different optima, and (iii) tool use by restricting DT
validation to small perturbations around the anchor.

Mitigation: Reduce anchoring via randomized initializa-
tion, decay of anchor in�uence, and anchor-independent
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Figure 3: Anchoring bias in 6G agentic negotiation.

veri�cation. During planning initialization, randomize an-
chor values or sample several anchor candidates fa(k)

0 g to
diversify starting points. In reasoning apply a temporal decay
to the anchor penalty, e.g.,


 t = 
 0e��t ;

so the anchor in�uence wanes as new evidence accumu-
lates. Within communication, refresh shared embeddings or
priors to avoid inherited anchoring, and perform anchor-
independent veri�cation by re-evaluating decisions under
perturbed initial conditions to test robustness [5].

4) Availability Bias

Availability bias arises when the agent overestimates the
probability of salient or easily retrievable events. If retrieval
has a bias function r(x) � 0 that modulates the chance an
item x is recalled, the estimated probability of an event E
from retrieved samples becomes

p̂(E) =
P

x r(x)1[x evidences E]
P

x r(x)
: (5)

This estimator is biased away from the true event probability
p(E) unless r(x) / 1 (uniform). For rare-but-memorable
alarms, r(x) is large and p̂(E) overestimates true risk.

Availability bias thus distorts (i) memory and retrieval—
favoring high-salience episodes, (ii) reasoning and
planning—focusing on easily available scenarios rather than
base rates, and (iii) tool use—preferring quick summary
tools instead of comprehensive simulations.

Figure 4: Availability bias concept.

Mitigation: Use inverse-probability weighting and strati-
�ed sampling. In memory apply an inverse-salience reweight-
ing to retrieved items,

winv(x) /
1

r(x) + �
;

so that highly salient items are down-weighted during aggre-
gation. During reasoning, introduce salience normalization
via prompts or internal circuitry that enforces base-rate
correction (i.e., explicitly combine prior p(E) with retrieved
evidence likelihoods). In planning and communication, en-
force strati�ed sampling across event frequency bins to
ensure rare but critical events are proportionally represented
in deliberation.

5) Authority Bias

Authority bias occurs when outputs from a trusted source
are over-weighted. A simple linear fusion model is

ŷ = � sys + (1 � � s)ylocal; � s 2 [0; 1]; (6)

and authority bias corresponds to �s � 0 even when
ys con�icts with local evidence. More generally, let the
trust parameter �s be adaptively updated from observed
performance; then a principled update can be

� s;t+1 =
exp

�
� perf s;t

�

P
s0 exp

�
� perf s0;t

� ;

which is a softmax calibration of source reliabilities based
on recent accuracy or calibrated likelihoods [52].

Authority bias impacts (i) reasoning/planning, where pro-
posals from an “expert” agent are accepted without indepen-
dent validation, and (ii) tool use, where a single authoritative
API dominates decisions.

Mitigation: Implement dynamic trust calibration, cross-
validation, and redundancy. In reasoning, compute �s from
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Figure 5: Suggestion Bias shifts the agent's decision in the
multi-objective space.

an exponentially weighted accuracy track-record and con-
textual similarity metrics, and decay trust when con�icts
with local telemetry appear. During planning, perform cross-
validation of authoritative recommendations against indepen-
dent DT simulations or ensemble models (e.g., compare ys to
�y ensembleand reject if jys � �y ensemblej exceeds a threshold). In
communication, require multiple corroborating reports before
full acceptance of an authoritative recommendation [52].

6) Halo Effect

The halo effect occurs when success on one task in�ates trust
in other tasks. Let �(j)t be the trust in agent (or module) j
at time t. A simple cross-task update is

� (j)
t+1 = � (j)

t + � 1(success(i)
t ) � ij ; (7)

where �ij measures task similarity and � is a learning rate.
If � ij is overestimated the halo effect causes inappropriate
cross-domain transfer of con�dence (e.g., an xApp that
solved energy tuning being over-trusted in latency control).

Mitigation: Constrain cross-domain generalization by
maintaining domain-separated latent representations and gat-
ing cross-task in�uence. In reasoning maintain separate
knowledge partitions or embeddings for each operational
domain and only permit transfer when empirical cross-task
correlation exceeds a validated statistical threshold. During
planning, apply a cross-task in�uence gate gij 2 [0; 1] such
that effective trust becomes ~�(j) = g ij � (j) , and update gij
only when �ij is statistically validated (e.g., via hypothesis
testing). In communication, always include explicit domain
context and task-speci�c performance metrics to prevent
blind transfer of authority.

Figure 6: Groupthink emergence.

7) Suggestion / Prompting Bias

Prompt wording shifts the model's logits by an additive or
multiplicative bias. A �rst-order model is

logits  logits + � s(prompt); (8)

where s(�) encodes prompt-derived bias and � scales its
strength. For example, the prompt “latency is the primary
goal” corresponds to a score vector s that elevates latency-
optimizing actions, thereby steering the agent toward those
actions even when they may not be globally optimal.

This affects (i) memory/retrieval by seeding queries with
leading phrases that bias fetched records, (ii) reasoning/plan-
ning by introducing prior assumptions into chain-of-thought,
and (iii) tool use by constraining DT simulation ranges.

Mitigation: Normalize and track provenance of prompts,
detect distributional shifts, and perform controlled re-
prompting. In communication, canonicalize prompts to neu-
tral forms before downstream processing. In memory, store
prompt provenance metadata and include provenance-aware
de-biasing when scoring retrieved items. In reasoning, moni-
tor prompt-embedding statistics (e.g., detect mean shifts) and
trigger controlled re-evaluation under semantically equiva-
lent but neutrally phrased prompts. Additionally, run DT
validation under broadened parameter ranges rather than
the narrow ranges implied by the original prompt to guard
against framing-induced narrow search.

8) Groupthink / Herding

Groupthink or herding arises when conformity to peer agents
constrains independent reasoning. In a consensus-regularized
multi-agent objective:

min
a i

X

i

L i (ai ) + �
X

i

kai � �ak 2; (9)

a high � forces rapid consensus. Consider an agent C that
is uncertain: after observing peers favoring option X, C
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performs a Bayesian-like combination of its own signal and
the social signal. In a simple approximation,

Pr(X optimal j data; peers) / Pr(own info)�Pr(peers favor X);
(10)

which illustrates how weak private evidence can be over-
whelmed by strong social evidence [53]. This social rein-
forcement reduces diversity and can lead to brittle consensus.

Mitigation: Preserve diversity via independent rollouts,
ensemble disagreement, dissent propagation, and dynamic
consensus relaxation. In planning, require independent roll-
outs of candidate strategies before synchronization, and in
reasoning introduce an ensemble disagreement objective that
rewards hypothesis diversity, e.g.,

min
� 1 ;:::;� M

X

m

L(� m ) � 

X

m6=m0

D(� m ; � m 0);

where D is a diversity-promoting functional. In communica-
tion, adopt dissent-propagation protocols to surface minority
viewpoints, and dynamically reduce the consensus regular-
izer � t over deliberation rounds:

� t+1 = � t � �; � 2 (0; 1);

so conformity pressure relaxes as more evidence accumu-
lates.

Remarks on combining mitigations. Many of the mitiga-
tion strategies above share common building blocks from
statistical learning and decision theory: importance weight-
ing (for selection bias), multi-horizon fusion and change-
point detection (for temporal bias), entropy/uncertainty reg-
ularization (for exploration vs. exploitation), cross-validation
and softmax-based trust calibration (for authority/halo), and
ensemble/diversity objectives (for groupthink). Where ap-
propriate, these mechanisms should be deployed together in
the agentic pipeline (memory, reasoning, planning, tool use,
and communication) so that one module's counter-biasing
does not inadvertently create another bias downstream. The
short bibliography below lists accessible references for the
learning-theoretic tools and the behavioural origins of the
biases.

9) Framing Effect

Framing occurs when semantically equivalent descriptions
of the same underlying state lead to different decisions, and
thus the agent's action depends on the presentation map (or
frame). Formally, let �;  be two framing maps with �(x) �
 (x) (i.e., they convey the same informational content up to
re-encoding), yet the agent's policy a(�) satis�es

a(�(x)) 6= a( (x)):

To ground this behavior in decision theory, consider a
prospect-theory style value function v(�) and a frame-
dependent reference point r� induced by frame �. Then the

Figure 7: Framing effect concept.

framed decision can be written as the solution of a framed
utility maximization

a?
� = arg max

a
E

�
v
�
R(a) � r �

��
; (11)

where R(a) is the (random) reward of action a. In prospect-
theory parameterizations one commonly uses

v(u) =

(
u� ; u � 0;

��(�u) � ; u < 0;
�; � 2 (0; 1); � > 1;

so that changing the reference r� (a gain vs. loss fram-
ing) systematically alters the sign and curvature of the
argument to v(�) and hence the optimizer in (11) [37],
[44]. Equivalently, framing can be captured as a change
in the agent's internal prior or loss function: `� (a) 6=
`  (a), producing different minimizers arg mina E[` � (a;x)]
and arg mina E[`  (a;x)] even when �(x) �  (x).

For example, PRB usage described as “20% free” versus
“80% used” corresponds to different reference points r�

and r and therefore to different framed utilities in (11),
which changes the allocation decision (cf. Fig. 7). Con-
sequently, framing in�uences (i) memory/retrieval, because
prompts phrased to emphasize gains preferentially surface
gain-framed records; (ii) reasoning/planning, because loss-
framed descriptions induce more conservative, risk-averse
plans; and (iii) tool use, because labeled metrics (“high uti-
lization” vs. “ef�cient usage”) guide downstream validation
and recon�guration.

Mitigation: To counter framing bias we should (i) canon-
icalize internal representations so that semantically equiv-
alent inputs map to the same latent encoding, i.e. enforce
E(�(x)) � E( (x)), (ii) train for paraphrase- and reference-
invariance by augmenting training data with alternative fram-
ings and enforcing stability of the decision rule (e.g., add a
training penalty k�(�(x)) � �( (x))k 2), and (iii) implement
a veri�cation layer that performs sensitivity checks by re-
evaluating decisions under systematically rephrased inputs
and by comparing framed optima a?

� ; a?
 . These steps create

explicit invariances in both representation and objective,
thereby reducing frame-driven divergences [37], [44].
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Table 2: Theoretical and Learning-Theoretic Characterization of Cognitive Biases in LLM-Based 6G Agents

Bias Learning-Theoretic Origin Mathematical Abstraction Primary Computational

Mechanism

Related Theory and Refer-

ences

Con�rmation Biased posterior updating

and selective sampling

p(HjS(D; H)) /

p(H)
Q

x2S p(xjH)

Hypothesis-consistent

evidence �ltering

Bayesian inference, PAC-

Bayes [35], [48], [54]

Recency / Primacy Temporal discounting and

non-stationary estimation

�̂ =
P

t w t x tP
t w t

Exponential decay of histor-

ical samples

Reinforcement learning,

adaptive �ltering [49], [50]

Anchoring Regularized utility

optimization with priors

arg maxa U(a) �


d(a; a 0 )

Strong prior anchoring in

objective landscape

Bayesian priors, constrained

optimization [5], [48]

Availability Salience-weighted sampling

and retrieval bias

p̂(E) =
P

x r(x)1 EP
x r(x) Over-representation of vivid

samples

Sampling bias, heuristic in-

ference [5]

Authority Source-weighted decision

fusion

ŷ = � s ys + (1 � � s )y l Static trust over-weighting Trust modeling, opinion fu-

sion [48], [52]

Halo Effect Cross-task con�dence prop-

agation

� (j)
t+1 = � (j)

t + �� ij Unconstrained transfer

learning

Multi-task learning, transfer

bias [49]

Suggestion / Prompting Logit-space perturbation

and conditioning

logits  logits + �s Prompt-induced activation

shifts

Representation learning,

prompting theory

Groupthink / Herding Consensus regularization

and social learning

min
P

i L i + �ka i � �ak 2 Social signal ampli�cation Informational cascades,

game theory [53]

Framing Effect Utility distortion under rep-

resentation changes

a(�(x)) 6= a( (x)) Context-dependent utility

mapping

Prospect theory, invariance

learning [5]

Sunk Cost Path-dependent utility accu-

mulation

U = E[B] � C + �f (S) Irrecoverable-cost reinforce-

ment

Dynamic programming, be-

havioral economics [5]

Neglect of Uncertainty Point-estimate optimization arg maxa U(a; E[x]) Variance suppression Bayesian learning, ensemble

methods [48]

Status Quo Switching-cost

regularization

�U > c switch Inertia-dominated optimiza-

tion

Decision theory, risk aver-

sion [5]

Automation Tool-output dominance a = f(tool) Veri�cation bypass Human-in-the-loop systems

Survivorship Selection-truncated learning E[�̂jS = 1] 6= � Failure-data elimination Selection bias, empirical

risk [55]

10) Sunk Cost Fallacy

The sunk cost fallacy arises when past, irrecoverable invest-
ments S improperly affect present choices. While rational
decision theory dictates that sunk costs should not in�uence
future-optimal actions, biased agents internalize an additive
utility term dependent on S:

Ubiased(a) = E[B(a)] � C(a) + � f (S); (12)

with � > 0 and f (�) an increasing function (e.g., f (S) =
log(1 + S)). In an MDP formalism, the correct Bellman
equation for the value of state s is

V ?(s) = max
a

�
r(s; a) + 
E s0js;a V ?(s0)

�
;

and it should ignore costs that do not affect future transitions
or rewards. However, if the agent augments instantaneous
reward r(s; a) with a sunk-cost term depending on historical
investment S (so that rbiased(s; a) = r(s; a) + �f (S)), then
its learned policy �biasedsolves a different dynamic program
and therefore can be strictly suboptimal relative to the true

optimal policy � ? that correctly treats S as irrelevant to
future payoffs [46], [56].

Practically, this mechanism explains why an agent might
continue optimizing a massive MIMO gNB node—because
S (the expensive upgrade) in�ates the perceived utility of ac-
tions that defend that investment—despite spectral evidence
suggesting reallocation to backhaul optimization would be
more ef�cient. Thus sunk cost affects (i) memory/retrieval
by prioritizing supporting records, (ii) reasoning/planning by
biasing optimization loops, and (iii) tool use by focusing
simulations on marginal improvements around the sunk
asset.

Mitigation: Countermeasures include (i) periodically re-
setting historical in�uence by projecting state representations
to remove or discount historical-investment components
(e.g., replace S with~S = � SS with � S # 0 over time), (ii)
including diminishing-return detectors that monitor marginal
gains �B=�effort and trigger reallocation when these fall
below thresholds, and (iii) tagging irrecoverable expenditures
in memory so they are treated as annotated history rather
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Figure 8: Uncertainty negelect by reasoning over the mean
instead of the tail.

than continuing objectives. Importantly, treating S as an
exogenous label (and not as part of the reward) restores
correct Bellman updates and prevents the agent's dynamic
program from being misspeci�ed [37], [56].

11) Neglect of Uncertainty

Neglect of uncertainty occurs when an agent reduces rich
probabilistic beliefs to point estimates and then optimizes as
though those estimates were certain. Concretely, the biased
decision rule often takes the form

abiased = arg max
a

U
�
a; E[x]

�
; (13)

whereas the Bayes-optimal decision minimizes Bayes risk

� ? = arg min
�

E� Exj�
�
L(�; �(x))

�
; (14)

thereby integrating model uncertainty into action selection
[48], [57]. Ignoring uncertainty is equivalent to replacing
the posterior p(� j D) by a delta at a point estimatê�, which
in general increases expected loss:

E� Exj� L(�; � �̂ (x)) � E � Exj� L(�; � ?(x)): (15)

From a practical standpoint, neglect manifests when a
self-healing xApp treats a 60% con�dence alarm as if it
were certain and thus executes an all-or-nothing action. This
bias corrupts (i) memory/retrieval by storing point estimates
without variances, (ii) reasoning/planning by optimizing for
expected values without risk buffers, and (iii) tool use by
ignoring predictive error bars.

Mitigation: Remedies include (i) integrating Bayesian or
ensemble methods to propagate posterior uncertainty through
downstream decision modules (e.g., use posterior predictive
distributions in (14)), (ii) employing risk-aware objectives
such as Conditional Value-at-Risk (CVaR) or robust max-
min criteria

max
a

min
q2Q

E��q [U(a; �)]; (16)

to protect against tail risk, and (iii) enforcing con�dence
thresholds before actioning critical changes. Implementation

can rely on approximate Bayesian techniques (dropout-as-
Bayesian [58]) or explicit ensemble variance estimation [48],
[59].

12) Status Quo Bias

Status quo bias re�ects an aversion to changes whose imme-
diate cost (or perceived risk) outweighs the expected gain.
A simple threshold condition captures this:

�U = U new � U current > c switch; (17)

where cswitch is an (often overestimated) switching cost.
In a sequential decision model with discounting, adding a
switching penalty to the reward yields

r biased(s; a; s0) = r(s; a) � 1fa 6= a currentg cswitch; (18)

which produces inertia: the optimal policy will prefer
a continuation action unless the long-run gain outweighs
cswitch. Thus, even when a re-slice (e.g., 60/40) yields a long-
term 15% ef�ciency improvement as predicted by a DT, the
agent may prefer incremental 1% tweaks if it overestimates
short-term disruption.

Mitigation: To overcome status quo bias, (i) make op-
portunity costs explicit by augmenting tool outputs with
quantitative estimates of lost gain from inaction, (ii) sim-
ulate failure modes for the current con�guration to expose
hidden risks, and (iii) include planned, reversible change
experiments (A/B rollouts) that reduce perceived switching
costs and provide empirical evidence about transient losses
versus long-term gains [46].

13) Automation Bias

Automation bias is the undue deference to automated outputs
in place of independent veri�cation. Let the automated
tool produce recommendation y with reliability parameter
� � Pr(y correct). Suppose veri�cation costs cv and that
verifying reduces expected loss by �L. A rational agent
veri�es iff �L > c v . However, an automation-biased agent
skips veri�cation, effectively following

a = f(y) (19)

instead of the veri�cation-aware rule

a = f
�
y; verify(�)

�
; (20)

and hence it incurs additional expected loss when � is low
or nonstationary [60].

In networks, this explains immediate, unveri�ed cell shut-
downs following a faulty rApp alarm. The bias therefore de-
grades (i) reasoning/planning by short-circuiting independent
checks, (ii) tool use/veri�cation by bypassing corroboration,
and (iii) communication by propagating unveri�ed signals.

Mitigation: Introduce mandatory veri�cation gates for
high-impact actions, propagate veri�cation status and con-
�dence scores with every automated output, and compute
expected-value-of-information for veri�cation so that the
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