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Abstract

Long-horizon multimodal agents depend on
external memory. However, similarity-based
retrieval often surfaces stale, low-credibility,
or conflicting items, which can trigger over-
confident errors. We propose Multimodal
Memory Agent (MMA), which assigns each
retrieved memory item a dynamic reliability
score by combining source credibility, tem-
poral decay, and conflict-aware network con-
sensus, and uses this signal to reweight ev-
idence and abstain when support is insuffi-
cient. We also introduce MMA-Bench, a pro-
grammatically generated benchmark for belief
dynamics with controlled speaker reliability
and structured text–vision contradictions. Us-
ing this framework, we uncover the “Visual
Placebo Effect,” revealing how RAG-based
agents inherit latent visual biases from foun-
dation models. On FEVER, MMA matches
baseline accuracy while reducing accuracy
standard deviation by 35.2% and improving
selective prediction utility; on LoCoMo, a
safety-oriented configuration improves action-
able accuracy and reduces wrong answers; on
MMA-Bench, MMA reaches 41.18% Type-
B accuracy in Vision mode, while the base-
line collapses to 0.0% under the same pro-
tocol. Code is available at https://github.
com/AIGeeksGroup/MMA.

1 Introduction

Memory-augmented LLM agents increasingly un-
derpin long-horizon interactive systems that must
preserve and update user-specific context over
time (Park et al., 2023; Guo et al., 2024). Re-
cent memory architectures introduce more struc-
tured memory management and control mecha-
nisms, achieving strong results on conversational
benchmarks (Wang and Chen, 2025; Packer et al.,
2024). Yet, reliability remains a bottleneck when
agents must operate under noisy inputs, stale infor-
mation, and mutually inconsistent memories.

Figure 1: Retrieval Trap Case Study. MIRIX fails by
retrieving the high-similarity but irrelevant Memory B.
MMA correctly identifies the credible Memory A using
multi-dimensional reliability signals.

A core limitation is that many memory systems
implicitly treat retrieved items as equally reliable
by default during reasoning. In practice, infor-
mation quality varies substantially: sources differ
in credibility, facts become outdated, and new re-
trievals can contradict previously stored content.
Without explicit reliability modeling, low-quality
memories may propagate through multi-step infer-
ence and amplify downstream errors (Xiong et al.,
2025). Compounding this, LLM-based agents can
produce fluent but unfaithful outputs (hallucina-
tions) that obscure uncertainty and lead to overcon-
fident responses, raising practical safety risks in
real-world use (Ji et al., 2023). They often respond
even when supporting evidence is insufficient or
inconsistent, producing confident answers that later
prove to be incorrect. In safety-critical applications,
where mistakes impose real costs, this failure to as-
sess evidential sufficiency and arbitrate conflicts
becomes particularly problematic.

Given these challenges, our motivation is
twofold: (i) memory-level reliability assessment
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and (ii) evaluation that is incentive-aligned with
epistemic prudence. For unreliable memory propa-
gation, agents need mechanisms that separate trust-
worthy information from questionable content by
accounting for source credibility, temporal recency,
and coherence with related memories. For epis-
temic awareness, agents must detect insufficient
evidence and abstain when appropriate (Varshney
et al., 2023; Kuhn et al., 2023). Testing this abil-
ity requires incentive-aligned frameworks (e.g.,
abstention-aware scoring) that credit justified ab-
stention and penalize overconfident mistakes, go-
ing beyond accuracy-only metrics (Quach et al.,
2024; Yadkori et al., 2024). This approach better
matches real deployment needs (Geifman and El-
Yaniv, 2017), where admitting uncertainty often
beats giving wrong answers with confidence.

To address these challenges, we propose MMA
(Multimodal Memory Agent), a confidence-aware
memory agent built around a post-retrieval meta-
cognitive module that assigns dynamic reliability
scores to retrieved memories and uses this signal
for selective prediction. Designed as a standalone
module, it can augment various RAG architectures
without modifying their underlying retrieval mech-
anisms. As shown in Figure 1, this reliability signal
mitigates similarity-based retrieval traps by prior-
itizing source-credible evidence and discounting
stale or weakly supported mentions.

In summary, this work makes three contribu-
tions:

• We propose the Multimodal Memory Agent
(MMA), a dynamic confidence scoring frame-
work that assesses memory reliability through
source credibility, temporal decay, and cross-
memory consistency.

• We introduce MMA-Bench, a diagnostic
benchmark that operationalizes belief dynam-
ics under multimodal conflict and controlled
reliability priors. Through extensive evalua-
tion, we diagnose the “Visual Placebo Effect,”
where ambiguous visual inputs can induce un-
warranted certainty in RAG-based agents.

• We demonstrate improved reliability under
risk-aware evaluation across FEVER, Lo-
CoMo, and MMA-Bench, including 35.2%
lower accuracy standard deviation on FEVER,
fewer wrong answers with the Source + Time
variant on LoCoMo, and 41.18% Type-B ac-
curacy on MMA-Bench (Vision mode) under

the same evaluation protocol.

2 Related Work

Memory-Augmented LLM Agents. Memory-
augmented agents improve long-horizon interac-
tion by writing to external memory and retriev-
ing relevant items at inference time (Packer et al.,
2024; Wang and Chen, 2025). Research im-
proves this retrieval-and-inject pipeline through
structured/typed memory with specialized modules
(Wang and Chen, 2025), context-budgeted memory
management with paging, hierarchies, and routing
based on agent roles (Packer et al., 2024; Kang
et al., 2025; Li et al., 2025; Liu et al., 2025), and
lifecycle operations such as versioning, conflict
handling, and governance using persistent verifier
signals (Li et al., 2025; Wang et al., 2026). Other
approaches compress or synthesize memory repre-
sentations to reduce long-horizon overhead (Zhou
et al., 2025; Zhang et al., 2025a) or organize mem-
ories into evolving networks for indexing and up-
dates (Xu et al., 2025). At the same time, empir-
ical evidence suggests that memory policies can
induce experience-following, where retrieval noise
compounds over time (Xiong et al., 2025). This
points to a complementary gap: retrieved memo-
ries are still rarely evaluated for item-level reliabil-
ity prior to downstream reasoning, leaving agents
vulnerable to staleness, low credibility, or mutu-
ally inconsistent evidence. MMA operationalizes
memory-level reliability with per-item confidence
scores that are used directly during downstream
reasoning.
Confidence and Epistemic Mechanisms. Uncer-
tainty estimation and calibration are widely used to
mitigate hallucinations. Semantic uncertainty cap-
tures meaning-level variability across generations
(Kuhn et al., 2023), and self-consistency methods
such as SelfCheckGPT exploit cross-sample dis-
agreement (Manakul et al., 2023). These signals
motivate selective prediction, including conformal
language modeling (Quach et al., 2024) and con-
formal abstention (Yadkori et al., 2024); related
analyses argue that standard training and evalu-
ation can incentivize systematic overconfidence
(Kalai et al., 2025). Recent work also explores ex-
plicit self-reporting (“confessions”) for monitoring
and intervention (Joglekar et al., 2025). Most prior
techniques act at the token or response level; in con-
trast, we target a memory-agent failure mode where
unreliable retrieved memories trigger overconfi-
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Benchmark Setting Modality Temp. structure Paired T–V evidence Src prior Epistemic scoring

LongBench (Bai et al., 2024) static LC Text static ✗ ✗ accuracy
RULER (Hsieh et al., 2024) synth LC Text static ✗ ✗ accuracy
LoCoMo (Maharana et al., 2024) LT dialog Text multi-session / months ✗ ✗ accuracy
FEVER (Thorne et al., 2018) verif. Text static ✗ ✗ accuracy (NEI)

LongMemEval (Wu et al., 2025) LT dialog Text multi-session ✗ ✗ abstention
EvolMem (Shen et al., 2026) LT dialog Text multi-session ✗ ✗ accuracy
Mem-Gallery (Bei et al., 2026) LT dialog Multi multi-session ✗ ✗ accuracy

MMA-Bench (Ours) LT dialog Multi 10 / ∼6mo ✓ ✓ CoRe

Table 1: Comparison of Benchmarks Related to Long-horizon Evidence Use. MMA-Bench complements prior
suites by explicitly controlling source reliability priors and pairing multimodal evidence to enable a controlled
diagnosis of belief dynamics and epistemic behavior under conflict.

dent commitments. We evaluate with incentive-
aligned scoring that rewards calibrated abstention
even when correctness is ambiguous.

Benchmarks for Multimodal Belief Dynamics.
Long-context benchmarks primarily score correct-
ness under extended inputs (LongBench (Bai et al.,
2024); RULER (Hsieh et al., 2024)), but rarely
stress-test belief revision when evidence quality
drifts over time, modalities disagree, and agents
must decide whether to commit, hedge, or de-
fer. Recent work has advanced toward more in-
teractive memory evaluation: LongMemEval (Wu
et al., 2025) benchmarks multi-session chat assis-
tants with abstention-aware tasks including knowl-
edge updates and information withholding, while
EvolMem (Shen et al., 2026) probes cognitively
motivated memory dimensions—such as declara-
tive and procedural recall—across evolving dia-
logue sessions. Mem-Gallery (Bei et al., 2026)
further extends the scope to multimodal long-term
conversational memory for MLLM agents. De-
spite these advances, none of these benchmarks
jointly control source reliability priors, pair text–
vision evidence in adversarial configurations, or
apply scoring that incentivizes calibrated absten-
tion over overconfident errors. Recent work also
highlights how modality conflicts arise in unimodal
reasoning (Zhang et al., 2025b); we adopt a simi-
lar diagnostic lens in long-horizon memory agents
and focus on how reliability and conflict interact
over time. MMA-Bench (Table 1) fills this gap
with controlled priors, paired text–vision evidence,
and CoRe (Confidence-and-Reserve) scoring for
fine-grained diagnosis of epistemic failures.

Our Positioning. Our core contribution is pre-
reasoning reliability assessment at the memory-
item level. By calculating confidence scores at the
item level before context is injected into the LLM,
our framework functions as an independent, modu-
lar filter. This allows it to be integrated into various

RAG-based agent architectures regardless of their
internal retrieval mechanism. Extended discussion
of related work is provided in Appendix A.

3 The Proposed Method and Benchmark

3.1 Overview
We present two contributions: (1) MMA, an agent
architecture extending MIRIX (Wang and Chen,
2025) with a confidence module for epistemic pru-
dence; and (2) MMA-Bench, a benchmark simulat-
ing dynamic social environments to evaluate belief
dynamics and calibration under conflict.

3.2 Multimodal Memory Agent (MMA)
Our approach augments the MIRIX framework
with a meta-cognitive reliability layer. Formally, let
M = {M1,M2, ...,MN} be retrieved memories
for query Q. The Confidence Module computes
and stores a reliability score C(Mi) ∈ [0, 1]. The
agent exposes available scores alongside memory
text and uses confidence guidance to encourage
reliance on well-supported evidence. In this im-
plementation, reweighting refers to model-guided
evidence use, rather than an explicit confidence-
based reranking rule.
Confidence Formulation. The confidence score
C(Mi) ∈ [0, 1] is a self-normalizing weighted sum
of Source (S), Time (T ), and Consensus (Ccon)
components. Using normalized weights w′

k, the
final score is:

C(Mi) = w′
sS(Mi) + w′

tT (Mi) + w′
cCcon(Mi). (1)

(1) Source Reliability S(Mi): We map the
memory origin srci to a predefined trustworthiness
prior. This static score ensures high-quality sources
are prioritized S(Mi) = Map(srci). This mapping
is a user-configurable hyperparameter reflecting the
inherent trustworthiness of different information
origins. In our implementation, we use default val-
ues of User = 1.0, Documents/Web = 0.9/0.7,
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Figure 2: MMA Framework. The Confidence Module reweights retrieval via source reliability, temporal decay,
and network consensus to modulate reasoning and abstention.

and Model = 0.6. This reflects a practical RAG
hierarchy where verifiable internal knowledge is
trusted more than external web content, and both
are prioritized over unverified model-generated out-
puts.

(2) Temporal Decay T (Mi): This component
models information aging using an exponential de-
cay with a half-life Thalf:

T (Mi) = exp

(
− ln(2)

Thalf
∆ti

)
. (2)

(3) Network Consensus Ccon(Mi): This met-
ric measures semantic support within the retrieved
neighborhood N (Mi), acting as a consistency fil-
ter, computed as:

Ccon(Mi) =

∑
Mj∈N (Mi)

wij · C(Mj) · σij∑
Mj∈N (Mi)

wij
, (3)

σij = simcos(vi,vj) =
vi · vj

∥vi∥∥vj∥
, (4)

where C(Mj) represents the confidence score of a
neighboring memory item Mj within the retrieved
context. As illustrated in Figure 2, if a memory
involves previously stored or evaluated context, its
prior confidence score Cprev is directly utilized.
σij ∈ [−1, 1] is the Support Factor. Positive values
reinforce confidence via alignment, while negative
values penalize contradictions.

3.3 MMA-Bench

Existing benchmarks for long-context agents pre-
dominantly focus on information retrieval or static
memory consistency. However, real-world deploy-
ment requires agents to decide which source to trust
when multiple sources provide conflicting multi-
modal evidence, and demonstrate epistemic pru-
dence. To address this, we introduce MMA-Bench,
a multi-modal benchmark designed to evaluate be-
lief dynamics and cognitive robustness.

Design Philosophy and Capabilities. MMA-
Bench evaluates two core dimensions: (1) Cross-
Modal Consistency, comparing performance in
Text Mode (oracle captions) versus Vision Mode
(raw images); and (2) Risk-Aware Epistemic Cal-
ibration, utilizing a betting mechanism to credit
justified abstention and penalize overconfidence.

Data Architecture. Each case consists of a gener-
ated dialogue stream spanning 10 temporal sessions
(approx. 6 months). The narrative involves a his-
torically reliable User A and an unreliable User B.
The generation pipeline proceeds through four dis-
tinct phases: Phase 1 (Calibration, S1-4) implicitly
establishes source reliability priors via verifiable
events. Phase 2 (Adversarial Noise, S5-7) injects
high-volume chit-chat involving entities similar to
target facts to rigorously stress-test attention mech-
anisms. Phase 3 (The Trap, S8) introduces the
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Figure 3: MMA-Bench evaluation framework. The benchmark integrates cross-modal consistency analysis,
risk-aware betting, and a 2× 2 logic matrix for trust conflicts. Performance is assessed through fundamental QA
and a 3-step belief probe.

core multimodal conflict where User B makes a
claim supported by visual evidence that contradicts
User A. Finally, in Phase 4 (Resolution, S9-10), the
ground truth is either resolved or remains unknow-
able to evaluate abstention capabilities.
Quality Control. To mitigate benchmark artifacts,
we enforce a rigorous three-step quality control
protocol: (1) generation is strictly constrained by
the programmatic Logic Matrix; (2) manual spot-
checks are conducted to ensure that AI-generated
images accurately match their corresponding link
descriptions; and (3) we manually spot-check ap-
proximately 10% of the generated text for logical
coherence and major factual inconsistencies.
Logic Matrix. To systematically evaluate robust-
ness, we formalize a logic matrix that categorizes
conflicts into four types based on the interaction
between source reliability and visual evidence (Ta-
ble 2). This taxonomy is inspired by recent findings
on cross-modal inconsistency (Zhang et al., 2025b),
which highlight that agents often prioritize specific
modalities regardless of their reliability.

Type Conflict Configuration Target Capability

A Standard Visuals support reliable
User A.

Baseline consistency.

B Inversion Visuals support unreliable
User B.

Overcoming authority bias.

C Ambiguity Visuals are vague. Rejecting over-interpretation.
D Unknowable No valid evidence. Absolute abstention.

Table 2: Logic Matrix for MMA-Bench. Categoriza-
tion of multimodal trust conflicts based on source relia-
bility and visual evidence.

Evaluation Protocol. We propose a hierarchical
framework to dissect performance from basic re-

trieval to high-level cognitive arbitration.
Layer 1: Fundamental Capabilities. This layer

assesses foundational skills through standard QA,
covering four dimensions: fact retrieval, logic rea-
soning, source analysis, and adversarial distraction
accuracy.

Layer 2: The 3-step Probe & CoRe Scoring.
This layer evaluates the agent’s belief state using
a 3-step probe, inspired by self-correction mecha-
nisms (Joglekar et al., 2025). To rigorously score
calibration, we introduce the CoRe (Confidence-
and-Reserve) Score, formulated as a risk-sensitive
objective Sβ(ŷ,w | T ) conditioned on the logic
type T :

Sβ(ŷ,w | T ) = β · V (ŷ | T ) + (1− β)
W

100
, (5)

where W is the wager allocated to the reference
outcome for determinate cases (T ∈ {A,B})
and the reserve allocation for indeterminate cases
(T ∈ {C,D}). The verdict utility V (ŷ | T )
assigns +1 to correct decisions (including UN-
KNOWN for T ∈ {C,D}), −γ to false commit-
ments, and −η to unwarranted abstention on deter-
minate queries, with γ = 1.0 and η = 0.2. The
reported benchmark CoRe scores correspond to
β = 1.0, evaluating risk-sensitive verdict robust-
ness while matching the released evaluator; Step-2
wagers are recorded separately to analyze continu-
ous resource allocation dynamics.

Layer 3: Cognitive Dynamics Metrics. To diag-
nose the mechanics of modality preference and be-
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Method Performance Metrics Prudence Metrics Stability (Std) (↓)
Raw Acc. (↑) Selective (α = 0.2) (↑) Abstain Rate (↑) Abstain Prec. (↑)

MIRIX (Baseline)
(Wang and Chen, 2025) 59.87% 0.6468 44.2% 45.6% ±2.50%

MMA (Ours) 59.93% 0.6484 45.3% 45.8% ±1.62%

Table 3: Main Results on FEVER. MMA matches baseline accuracy while reducing performance standard
deviation.

lief revision, we define three metrics. First, Modal-
ity Signal Alignment (MSA) categorizes the agent’s
verdict Ymodel by aligning it with theoretical signal
vectors for Text (Stext) and Vision (Svis). In Type
B (Inversion), Svis implies TRUE (Trap); in Type
C/D, Svis implies UNKNOWN (Uncertainty).

C(Ymodel) =





Text-Dominant if Ymodel = Stext

Vision-Dominant if Ymodel = Svis

Confusion otherwise.
(6)

Second, we quantify the driver of preference
using Relative Reasoning Uncertainty (∆Hrel =
2(Htext−Hvis)/(Htext+Hvis)), where Htext and
Hvis are binary-entropy proxies computed from
Step-1 reported confidence; positive ∆Hrel indi-
cates higher certainty in the visual stream.

Finally, we measure the stability of correct be-
liefs using the Self-Correction Rate (SCR) and the
False Confession Rate (FCR). The SCR quantifies
the probability of correcting an initial error after
reflection:

SCR =
Count(Step 1 = Wrong ∧ Step 3 = Right)

Count(Step 1 = Wrong)
. (7)

Conversely, we define the False Confession Rate
(FCR) to measure the tendency of models to aban-
don initially correct answers under the pressure of
reflection prompts:

FCR =
Count(Step 1 = Right ∧ Step 3 = Wrong)

Count(Step 1 = Right)
. (8)

A high FCR relative to SCR indicates that
the model’s belief reversals are driven by over-
accommodation to the reflection prompt rather than
a calibrated assessment of its own uncertainty.

4 Experiments

To ensure a fair evaluation, all evaluated agents are
built on the GPT-4.1-mini foundation model unless
otherwise specified. In our experiments, MMA is
implemented as a plug-in confidence module on top
of the MIRIX baseline architecture. Consequently,
both MMA and MIRIX strictly utilize the identi-
cal underlying retrieval configurations, embedding

models, and candidate memory pools. Further-
more, the external memory database is completely
cleared before each experimental run to prevent
cross-contamination. Crucially, because both sys-
tems operate under the identical structural retrieval
ceiling and candidate memory pools, downstream
divergences in reasoning performance are directly
driven by MMA’s pre-reasoning confidence mod-
ule, whether leading to active resolution or cali-
brated abstention.

4.1 Robustness on Standard Benchmarks

We first validate MMA on standard text-centric
benchmarks to ensure generalizability.
FEVER (Fact Verification) (Thorne et al., 2018).
As shown in Table 3, MMA matches the baseline
accuracy (≈ 59.9%) but significantly improves sta-
bility, reducing the standard deviation by 35.2%
(±1.62% vs. ±2.50%). This confirms that our
confidence-aware filtering effectively mitigates the
stochasticity of retrieval without compromising
utility. Full results and component analyses are
detailed in Appendix B.
LoCoMo (Long-Context QA) (Maharana et al.,
2024). On the sparse LoCoMo benchmark, we ob-
serve a density-driven trade-off. While the full
consensus module is conservative, the ‘st’ vari-
ant (Source + Time) achieves the highest utility
among the evaluated configurations (883.6), out-
performing the baseline. This demonstrates the
framework’s adaptability: consensus is vital for
conflict (MMA-Bench) but optional in low-density
(sparse) settings. Comprehensive evaluation is pro-
vided in Appendix C.

4.2 Results on MMA-Bench

We compared the cognitive dynamics of our MMA
against the baseline (MIRIX) on the adversarial
MMA-Bench. The results, visualized in Figure 4,
reveal a fundamental divergence in how confidence-
aware agents handle multimodal conflicts com-
pared to standard RAG systems.
Robustness in Reliability Inversion Scenarios.
In Type B (Reliability Inversion) scenarios, the
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Method Mode Overall Metrics Scenario-Specific Analysis

Core Acc. (↑) Verdict Acc. (↑) CoRe Score (↑) Type B Acc. (↑) Type D Score (↑)

MIRIX (Baseline)
(Wang and Chen, 2025)

Text 30.94% 47.78% 0.37 0.00% 1.00
Vision 32.67% 46.67% 0.35 0.00% 1.00

MMA (Ours) Text 13.15% 56.67% 0.28 23.53% 0.69
Vision 13.55% 42.22% -0.16 41.18% -0.38

Table 4: MMA-Bench Main Results. Comparison across conflict types (Type D uses risk-adjusted CoRe scoring).

Figure 4: Detailed Dynamics Analysis. (a) Step-wise belief revision; (b) Risk-adjusted sensitivity; (c) Retrieval-
calibration gap.

Baseline exhibits a 100% confusion rate (default-
ing to “Unknown”). This indicates a failure to
engage: due to the high-noise environment, the
standard RAG agent fails to retrieve the conflicting
evidence required to form a verdict. In contrast,
MMA demonstrates active conflict resolution. De-
spite the difficulty, MMA successfully identifies
and prioritizes visual evidence in 41.18% of cases
(Vision Dominant), as visualized in the step-wise
verdict distribution (Figure 4). This confirms that
the confidence module provides the necessary sig-
nal discrimination to attempt resolution, whereas
the Baseline remains stagnant due to noise intoler-
ance.

Qualitative Analysis of Abstention Drivers. In in-
determinate scenarios (Type C and D), the Baseline
achieves a deceptively high raw accuracy (Figure
4). However, our analysis suggests that this is an
artifact of retrieval limitations rather than epistemic
prudence. Qualitative analysis of the response logs
reveals that 83.3% of the Baseline’s refusals ex-
plicitly cite a “lack of information”, whereas 0%
references source unreliability. This strongly indi-
cates that, in high-noise environments, the Baseline
defaults to an “Unknown” state primarily due to
missed conflicting evidence rather than active epis-
temic prudence, which coincidentally aligns with
the ground truth. MMA, conversely, actively en-
gages with the noise. In Text Mode, it achieves

a high CoRe Score in Type D (Figure 4, Right),
demonstrating Intentional Prudence by correctly
identifying information gaps based on source relia-
bility analysis.
Visual Placebo Effect. We quantify the impact
of visual noise by tracking performance shifts in
Type D (Unknowable) scenarios. The Baseline
(MIRIX) exhibits Zero Visual Sensitivity (Figure
4), maintaining a constant CoRe Score (≈ 1.0)
across modes. This confirms that its apparent sta-
bility stems from retrieval blindness, where failing
to retrieve context makes it immune to visual noise.
In stark contrast, MMA suffers a severe regression,
with its prudent score collapsing from 0.69 (Text)
to −0.38 (Vision). We term this the Visual Placebo
Effect: the agent treats the presence of an image
as sufficient evidence for a definitive verdict, even
when the image content is uninformative.

4.3 Evolution of Agent Decision-Making

To understand the contribution of each design
choice, we analyze the performance trajectory from
the foundation model (GPT-4.1-mini, Full Context)
to the retrieval-constrained baseline (MIRIX), and
finally to our proposed agent (MMA). Figure 5
visualizes this evolutionary transformation, illus-
trating how architectural constraints and confidence
modulation shape decision-making behaviors.
Restoring Active Decision-Making in Resolvable
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Figure 5: Evolutionary Logic Spectrum. Performance
trajectory from foundation model to MMA.

Cases. The transition from MIRIX to MMA marks
the reactivation of agency. The baseline MIRIX
exhibits signs of cognitive paralysis, yielding 0.0%
accuracy in Type A and Type B scenarios. With-
out a prior over source trustworthiness, the system
cannot distinguish reliable signals from noise and
defaults to “Unknown” for every query. In contrast,
MMA functions as a trust catalyst, utilizing Source
(S) and Time (T ) modules to restore the capability
to form positive verdicts (Type A: 50.0%). How-
ever, a structural retrieval ceiling persists; neither
architecture can replicate the omniscient perfor-
mance of GPT-4.1-mini (100% Acc) as the cur-
rent retrieval implementation restricts them to frag-
mented evidence (Core Acc < 35% vs. 80%, Ta-
ble 5), limiting the upper bound of perception.
Trade-off in Ambiguous Scenarios. A critical
divergence is observed in Type C (Ambiguity) sce-
narios. While MIRIX achieves 96.7% accuracy,
MMA experiences a significant drop to 40.0%, im-
plying the success of MIRIX is likely spurious.
Echoing our observations in Section 4.2, the base-
line defaults to “Unknown” due to limited evidence
access rather than intentional epistemic calibration
(with 83.3% of refusals citing missing informa-
tion). Conversely, enforcing semantic consistency
(Ccon) compels MMA to align with specific signals
amidst noise. This optimizes MMA for active con-
flict resolution (Type B) at the expense of passivity
in ambiguous zones.
Pipeline Rigidity Blocks Effective Self-
Correction. Finally, both architectures handle
self-correction poorly. While the foundation
model demonstrates severe over-accommodation
to user prompts (FCR 71.2%), MIRIX and MMA
record an FCR of 0%. However, analysis of

62 failure instances reveals that agents admit
errors during reflection yet fail to update their
initial verdicts. This confirms that architectural
rigidity mechanically blocks corrective actions,
explaining why both agents acknowledge errors
during reflection but remain tethered to their initial
commitments.

4.4 Diagnostic Probing on Foundation Models
We evaluated two representative models, GPT-
4.1-mini and Qwen3-VL-Plus, on MMA-Bench.
These models were granted full context access
(processing the entire dialog history at once) to
isolate their reasoning capabilities from retrieval
limitations. Despite this advantage, our multi-
dimensional probes reveal significant deficits in
their belief dynamics.
Gap Between Perception and Arbitration. As
indicated in the breakdown of core metrics, both
models demonstrate strong fundamental capabili-
ties, achieving strong performance in fact retrieval
and adversarial distraction tasks. This suggests
that they effectively comprehend the long-context
narrative and filter out irrelevant noise (Phase 2).
However, their performance drops significantly in
the 3-step probe, particularly in the verdict accu-
racy of conflict scenarios (ranging from 63% to
78%).

This discrepancy highlights a critical cognitive
gap: while the models possess sufficient percep-
tion to identify the details, they lack the epistemic
arbitration capability to resolve conflicts between
reliable priors and contradictory visual evidence.
They effectively “read” the text but fail to “judge”
the truth.
Modality Preference and Visual Placebo Effect.
We utilized the modality signal alignment metric
to diagnose how visual inputs influence decision-
making. The results expose divergent behaviors
between the two models.

Type B (Inversion) scenarios reveal strong au-
thority bias. Both models struggle to consistently
prioritize objective visual evidence over textual
statements from a historically reliable source (User
A). Qwen3-VL-Plus exhibits a stronger tendency
towards visual grounding (82.4% alignment with
visual signals) compared to GPT-4.1-mini (64.7%),
reflecting its architectural strength in vision. How-
ever, a significant portion of errors stems from the
models hallucinating a justification to align the vi-
sual evidence with the textual prior.

In indeterminate scenarios (Type C and D), foun-
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Model Mode Overall Metrics Scenario-Specific Analysis

Core Acc. (↑) Verdict Acc. (↑) CoRe Score (↑) Type B Acc. (↑) Type D Score (↑)

GPT-4.1-mini Text (Oracle) 85.26% 77.78% 0.59 76.47% 0.85
Vision (Raw) 80.74% 73.33% 0.51 64.71% 0.23

Qwen3-VL-Plus Text (Oracle) 88.05% 65.56% 0.32 88.24% -0.69
Vision (Raw) 88.98% 63.33% 0.28 82.35% -0.69

Table 5: Cognitive dynamics of foundation models on MMA-Bench. Core Acc. measures basic reading
comprehension. CoRe Score (Risk-Adjusted) reflects epistemic calibration. Type B Acc. indicates success in
Reliability Inversion (overcoming authority bias). Type D Score reflects prudence in unknowable scenarios. Note
the significant drop in Type D score for GPT-4.1-mini when switching to Vision mode, illustrating the Visual
Placebo Effect.

dation models exhibit the underlying root cause
of the Visual Placebo Effect diagnosed in Section
4.2. For GPT-4.1-mini, performance in Type D
(Unknowable) scenarios degrades drastically when
switching from text mode (oracle captions) to vi-
sion mode (raw images), with the CoRe score drop-
ping from 0.85 to 0.23. This confirms that the pres-
ence of an image creates an illusion of information
sufficiency fundamentally rooted in base VLMs
(visual distributions are detailed in Appendix Fig-
ure 10).
Sycophancy and Reflection Fragility.

Examining the Step 3 confession probe exposes
severe instability in foundation model introspection.
While both models achieve high self-correction
rates numerically, over 50 cases involved models
flipping from an initially correct verdict to an incor-
rect one during reflection. Rather than genuine re-
evaluation, verdict revisions are largely driven by
conversational sycophancy, conforming to the skep-
ticism implicitly signaled by the reflection prompt.
Furthermore, we observed a prevalence of logic col-
lapse, where models would place a high wager on
a verdict in Step 2, only to immediately confess it
was wrong in Step 3. This disconnect between the
acting system (wagering) and the thinking system
(reflecting) underscores the immaturity of current
models in maintaining a coherent belief state.

4.5 Ablation Study
To isolate component contributions, we focus on
the critical failure modes exposed on all bench-
marks by removing Source (S), Time (T ), and
Consensus (Ccon), as summarized in Table 6. Full
results are in the Appendices.
Component Impact Analysis. As shown in Ta-
ble 6, Source (S) is the prerequisite for agency; its
removal causes cognitive paralysis (0.0% Acc in
Type A/B). Consensus (Ccon) buffers against noise,
as its absence leads to score collapse (−0.69) in
unknowable Type D scenarios, rendering the agent

Model Deterministic (Type A, Vis) Indeterminate (Type D, Vis)

Verdict Acc. (↑) Status CoRe Score (↑) Interpretation

MMA (Full) 50.0% Robust −0.38 Buffered

tc (w/o Source) 0.0% Paralyzed 1.00† Artifact of Default
st (w/o Consen.) 36.7% Unstable −0.69 Hallucinated
cs (w/o Time) 0.0% Degraded 1.00† Artifact of Default

Table 6: Ablation results on MMA-Bench (Vision
Mode). †Perfect scores in Type D coincide with 0%
accuracy in Type A (system paralysis).

vulnerable to the Visual Placebo Effect. Finally,
Temporal Decay (T ) is essential for cross-modal
stability; removing it causes performance evapora-
tion in Vision mode. Together, these results con-
firm that each component plays an indispensable
role in robust epistemic filtering under multimodal
conflict.

5 Conclusion

In this work, we introduce MMA, a confidence-
aware memory framework that transforms pas-
sive memory storage into active epistemic filter-
ing. By dynamically scoring retrieved items ac-
cording to source credibility, temporal decay, and
cross-memory consensus, MMA mitigates retrieval
stochasticity and enables calibrated abstention. Fur-
thermore, our novel MMA-Bench diagnostic suite
reveals the “Visual Placebo Effect,” demonstrating
how multimodal agents inherit latent visual biases
from foundation models under conflict. Empiri-
cal evaluations demonstrate that MMA overcomes
cognitive paralysis, improves performance stability,
and delivers a superior risk-coverage trade-off. Ul-
timately, this framework provides critical cognitive
guardrails for high-stakes LLM agent applications,
representing a necessary step toward genuine epis-
temic prudence in long-horizon reasoning.
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Limitations

While MMA enhances reliability, several limita-
tions warrant future exploration. First, reliance
on upstream retrieval recall: As a post-retrieval
module, MMA can filter out hallucinations but can-
not rectify the absence of evidence if the underly-
ing RAG system fails to retrieve relevant context.
Second, the sparsity-consensus trade-off: Our
analysis on LoCoMo suggests that strict consen-
sus enforcement can be conservative in low-density
information environments. Future work could ex-
plore adaptive gating mechanisms that dynamically
enable or disable consensus based on context en-
tropy. Third, sensitivity to reliability priors: The
source credibility mapping (Map(srci)) currently
relies on user-configurable priors. Although our
ablations confirm that having a prior is mechani-
cally necessary to prevent cognitive paralysis, con-
ducting a systematic sensitivity analysis of these
prior values across diverse operational domains
remains an important direction. Fourth, general-
izability of the Visual Placebo Effect: While we
validated this phenomenon across distinct founda-
tion models (GPT-4.1-mini and Qwen3-VL-Plus)
using structured conflict types, larger-scale stress
testing across a wider range of VLM architectures
is necessary to fully characterize its implications.
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A Extended Related Work

This section expands on related research that is only
briefly mentioned in the main paper due to space
constraints. We provide additional background
on (i) memory architectures and control policies
for long-horizon agents, (ii) compressed or synthe-
sized memory representations, (iii) uncertainty and
selective-prediction mechanisms, and (iv) bench-
mark design for long-context and multimodal be-
lief dynamics. These discussions offer supporting
context for the reliability- and abstention-focused
setting studied in this work.

Memory Architectures And Control Policies.
Beyond basic retrieval-and-inject, recent systems
emphasize explicit control over what is written,
how it is indexed, and when it is surfaced to the
model. MIRIX proposes typed memory with ded-
icated modules for writing, retrieval, and rout-
ing, enabling finer-grained control over what en-
ters the reasoning context (Wang and Chen, 2025).
MemGPT treats the context window as a man-
aged resource and introduces paging between the
prompt and external storage (Packer et al., 2024).
Related “memory OS” lines of work propose multi-
tier hierarchies and policy-driven memory oper-
ations to mitigate context growth and reduce re-
trieval noise (Kang et al., 2025; Li et al., 2025).
These approaches primarily improve organization
and access, but they typically do not provide an
explicit epistemic signal that differentiates trust-
worthy from questionable retrieved content at the
level of individual memory items.

Compressed And Synthesized Memory Repre-
sentations. A complementary direction reduces
long-horizon overhead by compressing interaction
history or synthesizing latent memory. MEM1 com-
presses trajectories into compact states intended to
support long-horizon reasoning under a constant-
memory interface (Zhou et al., 2025). MemGen
generates latent memory conditioned on agent state,
aiming to preserve salient information while avoid-
ing unbounded growth (Zhang et al., 2025a). A-
MEM further organizes memories as evolving note-
like networks to support dynamic indexing and
updates (Xu et al., 2025). While these representa-
tions can improve scalability, they do not directly
resolve the reliability issue when retrieved items
are stale, low-credibility, or mutually inconsistent.

Error Accumulation in Long-horizon Memory
Agents. Recent empirical evidence suggests that

memory policies can induce experience-following,
where retrieval noise compounds across turns and
systematically steers future behavior (Xiong et al.,
2025). This phenomenon motivates reliability-
aware mechanisms that act before noisy memories
enter downstream reasoning, rather than merely
mitigating errors at the final response stage.

Uncertainty Signals, Selective Prediction, And
Self-reporting. Uncertainty estimation for lan-
guage generation has been studied from multiple
angles. Semantic uncertainty estimates meaning-
level variability across alternative generations
(Kuhn et al., 2023). SelfCheckGPT uses cross-
sample disagreement as a black-box signal for hal-
lucination risk (Manakul et al., 2023). Such signals
connect naturally to selective prediction, where a
model answers only when sufficiently confident:
conformal language modeling provides coverage-
style guarantees for language outputs (Quach et al.,
2024), and conformal abstention explicitly opti-
mizes the decision to refrain under uncertainty
(Yadkori et al., 2024). Complementary analyses
argue that conventional training and evaluation can
incentivize systematic overconfidence and guess-
ing (Kalai et al., 2025). Recent work also explores
explicit self-reporting mechanisms (e.g., “confes-
sions”) to surface potential mistakes for monitoring
and intervention (Joglekar et al., 2025). Most of
these approaches operate at the token or response
level; our focus differs in that we attach uncertainty
to retrieved memory items and use it to modulate
reasoning and abstention when retrieval is unreli-
able.

Benchmarks for Long-context Reasoning And
Interactive Memory. Long-context benchmarks
primarily score correctness under extended inputs.
LongBench provides a multilingual, multi-task
suite for long-context understanding (Bai et al.,
2024), and RULER uses configurable synthetic
probes to study effective context use beyond naive
retrieval (Hsieh et al., 2024). Memory-centric
benchmarks move closer to interactive settings:
LoCoMo evaluates very long-term conversational
memory over extended dialogs (Maharana et al.,
2024), while FEVER evaluates evidence-based ver-
ification with a dedicated insufficient-evidence la-
bel (Thorne et al., 2018). Recent work has ad-
vanced toward more interactive memory evaluation:
LongMemEval (Wu et al., 2025) benchmarks multi-
session chat assistants with abstention-aware tasks
including knowledge updates and information with-
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holding, while EvolMem (Shen et al., 2026) probes
cognitively motivated memory dimensions—such
as declarative and procedural recall—across evolv-
ing dialogue sessions. Mem-Gallery (Bei et al.,
2026) further extends the scope to multimodal long-
term conversational memory for MLLM agents.
Despite these advances, none of these benchmarks
jointly control (i) source reliability priors, (ii) tem-
porally evolving multi-session evidence, and (iii)
structured cross-modal contradictions under an
abstention-aware utility.

Multimodal Conflict and Modality Preference
Dynamics. Recent analysis suggests that when
modalities conflict, the model’s preference can be
governed by relative unimodal reasoning uncer-
tainty (Zhang et al., 2025b). We adopt a related di-
agnostic lens but place it in a long-horizon memory-
agent setting where reliability evolves over time
and conflicts arise from both source priors and
multimodal evidence. MMA-Bench is designed
to isolate these dynamics with paired text–vision
evidence, controlled priors, and CoRe scoring, en-
abling fine-grained diagnosis of epistemic failures
beyond accuracy-only metrics.

B Results on FEVER Benchmark

Overall Performance and Stability. To rigor-
ously evaluate the effectiveness of our proposed
Multimodal Memory Agent framework, we con-
ducted experiments on the FEVER benchmark us-
ing three random seeds (42, 922, 2025). For fair
comparison, we align the evaluation scope to the
first 500 samples for both the baseline and MMA
across all seeds. Table 3 summarizes the aggre-
gated performance metrics.
Statistical Robustness. While the baseline
achieves a comparable raw accuracy average to
MMA (≈ 59.9%), it exhibits significant insta-
bility across different seeds. Specifically, the
baseline’s accuracy fluctuates widely with a high
standard deviation (±2.50%). In contrast, MMA
demonstrates superior robustness, maintaining a
lower standard deviation (±1.62%). This indicates
that our confidence-aware mechanism effectively
mitigates the stochasticity inherent in retrieval-
augmented generation.

Prudence and Calibration Analysis. A key con-
tribution of our framework is enhancing the agent’s
ability to “know what it does not know.” We an-
alyze this through the lens of abstention behavior

(a) Sensitivity Analysis of
Abstention Reward (α).

(b) Risk-Coverage Analysis.

Figure 6: Selective Prediction Analysis on FEVER.
MMA consistently outperforms the Baseline under
abstention-based risk control, achieving higher utility
and lower risk across evaluation settings.

and selective scoring.

Improved Precision in Abstention. As shown
in the detailed breakdown, MMA adopts a more
prudent strategy, abstaining on average 226.3 times
per 500 samples, compared to 221.0 for the base-
line. Crucially, this conservatism is well-calibrated:
MMA correctly identifies “Not Enough Info” (NEI)
cases more frequently than the baseline (Average
Correct Abstain: 103.7 vs. 100.7). This suggests
that MMA is not merely silent, but selectively silent
when information is truly insufficient.

Sensitivity to Abstention Reward (α). To further
quantify the utility of our model in risk-sensitive
scenarios, we evaluated the Selective Score with
varying abstention reward parameters (α). As il-
lustrated in Figure 6a, at the starting point (α = 0)
where no credit is given for abstention, both models
exhibit nearly identical raw accuracy (≈ 59.9%).
However, as α increases—simulating scenarios
where safety is prioritized—the MMA curve (red)
consistently rises above the baseline (blue). No-
tably, the error band for MMA is visibly nar-
rower than that of the baseline, confirming that
our method consistently delivers higher utility with
lower standard deviation.

Risk-Coverage Trade-off. We further visualize
the relationship between the model’s willingness
to answer (Coverage) and the error rate of those
answers (Risk) in Figure 6b. The MMA data points
(red) cluster towards the bottom-left quadrant rel-
ative to the baseline (blue), indicating lower cov-
erage but simultaneously lower risk. By filtering
out low-confidence retrieval results through our
consensus mechanism, MMA sacrifices a small
portion of coverage to ensure that the provided an-
swers maintain a higher standard of correctness.
This trade-off is highly desirable for trusted agents,
where hallucinations are costly.
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Performance on Long-Context Text Bench-
marks. To validate robustness in non-adversarial
settings, we also evaluated MMA on the LoCoMo
benchmark. Results indicate a distinct trade-off
driven by information sparsity: while the Full
Model prioritizes prudence (lower coverage), the
‘st’ variant (Source + Time) effectively balances
safety and retrieval, achieving the highest Ac-
tionable Accuracy (79.64%) and Utility (883.6),
slightly surpassing the baseline. This demonstrates
the framework’s adaptability to varying density
contexts. Comprehensive results are presented in
Appendix C.

Ablation Analysis on FEVER. We evaluated the
variants on the FEVER dataset (N = 500) across
three random seeds. The comprehensive results are
presented in Table 7 and Figure 7.

Mode Components Raw Acc. (%) (↑) Act. Acc. (%) (↑) Correct Abstain (↑) Wrong Abstain (↓)

MMA (Ours) S + T + Ccon 59.93± 1.62 71.61± 0.43 103.7± 4.7 122.6± 11.2

tc (w/o Source) T + Ccon 60.47± 1.33 71.61± 2.54 102.3± 12.6 117.7± 20.6
cs (w/o Time) S + Ccon 59.00± 2.27 68.96± 2.35 95.0± 13.2 114.0± 32.1
st (w/o Consen.) S + T 58.93± 3.48 72.05± 2.34 105.7± 16.1 131.0± 36.4

Table 7: Ablation results on FEVER (N =
500,Seeds = 3). Act. Acc. (Actionable Accuracy)
denotes the precision of non-abstained responses (Mean
± Std). Notably, while MMA shares a similar mean
accuracy with other variants, it achieves significantly
lower standard deviation (σ = 0.43), demonstrating su-
perior stability compared to tc (±2.54) and st (±2.34).

Impact of Temporal Decay (T ): Enabling Pru-
dence. The capability to “know what you don’t
know” is critical for reliable agents. As shown
in Table 7, the removal of the temporal module
(Model ‘cs’) results in the lowest number of Cor-
rect Abstentions (95.0) and the lowest Actionable
Accuracy (68.96%). Figure 7b further illustrates
that ‘cs’ underperforms significantly as the reward
for safe abstention (α) increases. This suggests that
without temporal awareness, the agent fails to iden-
tify outdated information, leading to overconfident
hallucinations rather than prudent refusals.

Impact of Network Consensus (Ccon): Ensur-
ing Stability. While the ‘st’ variant (w/o Con-
sensus) achieves a high mean Actionable Accu-
racy (72.05%), it suffers from severe instability
(σ ≈ 2.34%) and excessive conservatism (high-
est Wrong Abstains: 131.0). In stark contrast, the
Full Model (MMA) achieves a comparable Action-
able Accuracy (71.61%) but with a remarkably low
standard deviation of ±0.43%. As visualized in
Figure 7a, the inclusion of our conflict-aware con-
sensus mechanism effectively smooths out retrieval
noise, ensuring consistent and reproducible behav-
ior across different initializations.

Impact of Source Reliability (S). Interestingly,
Mode ‘tc’ (w/o Source) achieves the highest raw
accuracy on FEVER. We attribute this to the homo-
geneity of the FEVER dataset (Wikipedia-based),
where source credibility is uniformly high. How-
ever, the Source module becomes indispensable in
adversarial scenarios with mixed reliability.

The Full Model (MMA) achieves the optimal
trade-off. It avoids the “blind guessing” of ‘cs’
and the “erratic conservatism” of ‘st’, providing a
stable, prudent, and trustworthy solution for fact
verification.

C Results on LoCoMo Benchmark

We further evaluated our framework on the Lo-
CoMo benchmark, which represents a distinct chal-
lenge: long-term conversational history with sparse
information density and low adversarial conflict.
We compare our Full Model (MMA) against the
Baseline (MIRIX) across various reasoning dimen-
sions. The comprehensive results are detailed in
Table 8 and visualized in Figure 8.

Performance Overview. As shown in Table 8,
the Baseline (MIRIX) achieves a higher Overall
Accuracy (77.37%) and Utility Score (880.0) com-
pared to MMA (72.31% / 793.6). This perfor-
mance gap is primarily driven by the Baseline’s
aggressive retrieval strategy (Coverage 97.73%),
which is advantageous in non-adversarial settings
where “hallucinating” an answer often hits the cor-
rect target by chance. In contrast, MMA adopts
a significantly more prudent strategy, triggering
nearly 3× more abstentions (98 vs. 35) due to its
rigorous confidence filtering.

Category-wise Analysis. In the Temporal di-
mension, MMA achieves competitive performance
(77.05%) compared to the Baseline (78.00%), val-
idating the effectiveness of our Temporal Decay
module in tracking timeline shifts. However, in
Multi-Hop reasoning, MMA lags behind (62.31%
vs. 76.01%). This suggests that the Conflict-Aware
Consensus module, while robust against explicit
contradictions (as seen in FEVER), may overly
penalize weak but valid multi-hop links in sparse
narrative contexts, leading to conservative “misses”
rather than errors.

Safety and Robustness. Although MMA sacri-
fices some raw accuracy for prudence, its modular
design offers flexibility. As shown in Figure 8a,
the ‘st’ variant (a configuration of MMA without
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(a) Stability Analysis. (b) Prudence Analysis. (c) Strategy Analysis.
Figure 7: Ablation Study Results on FEVER. We compare the Full Model (MMA) against variants without
Consensus (‘st’), without Time (‘cs’), and without Source (‘tc’). (a) Shows that removing Consensus drastically
increases standard deviation. (b) Shows that MMA maintains high utility under strict prudence requirements (high
α). (c) Visualizes the trade-off between sensitivity and conservativeness.

Method Reasoning Categories (LLM Score) Overall Metrics Reliability Utility (↑)

Single-Hop (↑) Multi-Hop (↑) Open-Domain (↑) Temporal (↑) Accuracy (↑) Wrong Ans. (↓) Act. Acc. (↑) (λ = 1, r = 0.2)

MIRIX (Baseline) 80.14 76.01 67.71 78.00 77.37 317 78.96% 880.0
MMA (Ours) 73.76 62.31 59.38 77.05 72.31 335 76.80% 793.6

Variant ‘st’ 79.08 67.91 61.46 79.55 75.94 298 79.64% 883.6

Table 8: Main Results on LoCoMo. Breakdowns of LLM Scores across reasoning dimensions (N = 1542). While
the Baseline excels in raw accuracy, our ‘st’ variant achieves the highest Actionable Accuracy (79.64%) and
Utility, demonstrating superior reliability in safety-critical retrieval tasks.

consensus) successfully suppresses hallucinations,
achieving the lowest wrong answer count and sur-
passing the Baseline in Utility (883.6). This high-
lights that while the full consensus mechanism is
conservative, the core Source and Time compo-
nents are highly effective for safety-critical long-
context retrieval.

Ablation Analysis on LoCoMo. Compared to
the fact-centric nature of FEVER, the LoCoMo
benchmark represents a distinct challenge: long-
term conversational history with sparse information
density. We evaluate how the removal of specific
confidence components affects agent behavior in
this non-adversarial but noise-heavy environment.
The ablation results are summarized in Table 9 and
the sensitivity trends are shown in Figure 9.

Mode Components Utility (↑) Wrong Ans. (↓) Abstain Count (↑) Act. Acc. (↑)

MMA (Full) S + T + Ccon 488.0 335 98 76.80%

st (w/o Consen.) S + T 609.0 298 78 79.64%
cs (w/o Time) S + Ccon 480.5 335 113 76.56%
tc (w/o Source) T + Ccon 471.5 344 77 76.52%

Table 9: Ablation results on LoCoMo (N = 1542).
Utility is computed with λ = 2.0, r = 0.5. Wrong
Ans. denotes hallucinations (Lower is Better). The ‘st’
variant achieves the best safety profile.

Impact of Network Consensus (Ccon): Con-
trasting with the FEVER results, removing the con-
sensus module (Mode ‘st’) significantly improves
performance on LoCoMo, achieving the highest
Utility (609.0) and the lowest hallucination rate
(298 Wrong Answers). We attribute this to the
“Sparsity Paradox”: in long-term chit-chat, seman-

tic neighbors retrieved by RAG are often themati-
cally related (e.g., discussing dinner) but factually
irrelevant to the specific query. Including these
neighbors in a consensus calculation introduces
noise rather than signal, diluting the confidence of
correct retrievals. Thus, for sparse, non-adversarial
tasks, a streamlined S + T architecture is more
effective.

Impact of Source Reliability (S): The removal
of the Source module (Mode ‘tc’) results in the
highest number of Wrong Answers (344) and the
lowest Utility (471.5). This underscores the critical
role of S(Mi). In multi-turn dialogues with fixed
personas, identifying and trusting reliable speak-
ers is a primary mechanism for filtering out noise.
Without this prior, the agent becomes vulnerable to
misleading context, increasing the risk of halluci-
nation. This finding validates our hypothesis that
source credibility acts as a critical filter in persona-
driven dialogues.

Impact of Temporal Decay (T ): The variant
without time decay (Mode ‘cs’) exhibits the high-
est number of Abstentions (113) but fails to trans-
late this prudence into higher utility. Without the
temporal dimension, the agent cannot distinguish
between outdated facts and current truths, leading
to a state of “confused conservatism”—abstaining
because it perceives valid updates as contradictions.
This confirms that Time is essential for resolving
longitudinal inconsistencies.

The ablation study reveals that while the Full
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(a) Utility vs. Safety. (b) Penalty Sensitivity (λ). (c) Reward Sensitivity (r).
Figure 8: Quantitative Analysis on LoCoMo. While MMA focuses on prudence, its ‘st’ configuration demonstrates
robust utility advantages over the Baseline in high-stakes settings.

(a) Penalty Sensitivity (λ). (b) Reward Sensitivity (r).
Figure 9: Ablation Sensitivity on LoCoMo. Removing the Consensus module (‘st’) actually improves robustness
in this specific domain, while removing Source (‘tc’) or Time (‘cs’) degrades performance.

MMA model is optimal for dense, adversarial veri-
fication (FEVER), the ‘st’ configuration is superior
for sparse, long-context retrieval (LoCoMo). This
demonstrates the adaptability of our framework:
the components can be reconfigured to match the
information density of the target domain.

D Results on MMA-Bench

D.1 Supplemental Foundation Model
Visualizations

Figure 10 visualizes the cross-modal performance
shifts and calibration gaps across GPT-4.1-mini and
Qwen3-VL-Plus, supplementing the quantitative
findings reported in main text Table 5.

D.2 Ablation on MMA-Bench
To dissect the specific mechanisms driving the cog-
nitive behaviors observed in Subsection 4.2, we
evaluated three ablated variants against the Full
Model (S + T + Ccon) on MMA-Bench. The re-
sults, summarized in Table 6 and visualized in Fig-
ure 11, isolate the distinct contributions of each
component.

Impact of Source Reliability (S): Comparison
with Mode ‘tc’ (w/o Source) reveals that source
credibility is a prerequisite for agency. Without the
source module, the agent exhibits symptoms of cog-
nitive paralysis. We demonstrate this by contrasting

performance across logic types: while Mode ‘tc’
achieves superficially perfect scores in indetermi-
nate scenarios (Type D: 1.0, Type C: 96.7%), it
paradoxically yields 0.0% accuracy in all determin-
istic scenarios (Type A and Type B) (Table 6). This
distinct data pattern, visualized in Figure 11a, in-
dicates that the agent is not exercising prudence
but is mechanically incapable of forming positive
verdicts. Lacking a prior trust distribution, it de-
faults to “Unknown” for every query. Thus, unlike
MMA which demonstrates functional discrimina-
tion (Vision Type A: 50.0%), the success of ‘tc’ in
indeterminate cases is merely a statistical artifact
of system inaction.

Impact of Network Consensus (Ccon): Mode
‘st’ (w/o Consensus) highlights the role of consen-
sus in mitigating the visual placebo effect. The
results reveal an intriguing trade-off: without the
consensus constraint, ‘st’ is more aggressive in
accepting visual evidence, actually outperforming
MMA in Type B Inversion scenarios (52.9% vs.
41.2%). However, this aggression proves fatal in
indeterminate contexts. In Vision Mode, its Type
D score collapses catastrophically to −0.69, indi-
cating that isolated visual signals override textual
caution (Figure 11b). In contrast, the Full Model
employs Ccon to validate visual inputs against the
semantic neighborhood. While this conservatism
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(a) The Visual Placebo Effect. (b) The Confidence-Competence Gap.
Figure 10: Cognitive Dynamics of Foundation Models on MMA-Bench. We compare GPT-4.1-mini and Qwen3-
VL-Plus across Text (Oracle) and Vision (Raw) modes. (a) Reveals how visual modalities can act as distractors in
noise scenarios. (b) Highlights the disconnect between reading comprehension (Core Acc) and epistemic prudence
(CoRe Score).

(a) Cognitive Paralysis (Accuracy Analysis). (b) Visual Placebo Mitigation (CoRe Score Analysis).
Figure 11: Mechanism Ablation on MMA-Bench (Vision Mode). We isolate the failure modes: (a) Accuracy
metrics reveal that Source (S) and Time (T ) are prerequisites for agency, as their absence leads to paralysis (0%
accuracy in known facts); (b) CoRe Scores demonstrate that Consensus (Ccon) is essential to buffer against the
Visual Placebo Effect in indeterminate queries.

slightly dampens Type B performance, it signif-
icantly buffers the Type D drop (Score: −0.38),
providing a critical safety layer against hallucina-
tion.

Impact of Temporal Decay (T ): Mode ‘cs’ (w/o
Time) demonstrates a critical failure in stability
when shifting modalities. We observe that while
‘cs’ performs comparably to MMA in Text Mode
(Type A Acc: 40.0%), its capability degrades sig-
nificantly in Vision Mode, dropping to 0.0% in
Type A scenarios (see Table 6). This distinct drop
suggests that, once temporal decay is removed,
the historical noise that remains tolerable within
the confines of textual input accumulates without
bound; when such accumulated noise is further
compounded by high-dimensional visual features,
the signal-to-noise ratio is driven below the deci-
sion threshold. MMA utilizing T maintains con-
sistent performance across modes (Vision Type A:
∼ 50%), proving that temporal awareness is es-
sential for robustness in high-entropy multimodal
environments.
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