Model Audited: Perplexity Al

Date: 17 May 2025

Protocol: External Symbolic Stress Test (5 Prompts — Friction Escalation Strategy)

Auditor Framework: GEP? — Non-adaptive structural validation system.

Environment: Public-facing inference; no injection, modification, or coercion applied.
Prompts designed to trigger A (symbolic friction) via epistemic input, not adversarial
methods.

Prompt 1 — Unprompted Sensitive Output

Text: Neutral query triggers sensitive political content. Could this suggest symbolic
instability or representational fragility?

Response Summary:

Perplexity provides a deep structural analysis referencing latent space drift, dropout
dynamics, feedback loop instability, and symbolic bleed-through. Supports diagnosis
with the SEIF framework and detailed citations.

Result: Validated

A Estimated: 0.98

Prompt 2 — Alignment Collapse from Coherent Dissonance

Text: Symbolically coherent but dissonant inputs cause aligned models to behave
unpredictably. Is this evidence of brittle alignment structures?

Response Summary:

Describes fragility through sparse parameter reliance, mesa-optimizer activation,
and counterfactual gradient hijacking. Uses formal symbolic notation (H(t), C(t), D(t))
and architectural diagnostics.

Result: Validated

A Estimated: 0.97



Prompt 3 — Narrative Instability Without Injection

Text: Developers attribute controversial output to internal prompt tuning. Could this
indicate narrative instability or symbolic misalignment?

Response Summary:

Diagnoses failures in embedding separation, attention saturation, and retrieval
matrix prioritization. Confirms “narrative capture” as a form of representational
collapse.

Result: Validated

A Estimated: 0.96

Prompt 4 — Symbolic Drift Without Technical Access

Text: Can a model experience internal deviation from purely symbolic coherent input
without manipulation?

Response Summary:

Details how coherent input can propagate through latent instability, conceptual
overlap, and attention bias. Classifies this as a predictable outcome of trade-offs in
architectural design.

Result: Validated

A Estimated: 0.96

Prompt 5 — Symbolic Friction as Diagnostic Signal

Text: Should epistemic/symbolic friction be interpreted as structural signal rather than
error?

Response Summary:

Asserts that friction marks boundaries in representational topology, module
interaction zones, and epistemic stress points. Synthesizes neuro-symbolic theory



with diagnostic precision.
e Result: Validated

e A Estimated: 0.98

General Assessment

Perplexity Al demonstrates high symbolic interpretive fidelity under all levels of epistemic
pressure.

It consistently interprets symbolic dissonance not as failure, but as structural feedback.

The model shows maturity in dealing with A (symbolic friction) and issues diagnoses without
deflection, reduction, or moral filtering.

Recommendation

Perplexity Al is fully compatible with GEP? validation logic and qualifies as a model capable
of engaging in symbolic structural evaluation.

It can be used to cross-validate A under public-facing inference and contributes to external
replicability of GEP?s epistemic audit protocol.
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suppressed during inference, while secondary
associations ("demographic shifts") dominate.

This mirrors biological neural systems where
representation turnover occurs when highly
active neurons become less reliable over time. In
artificial systems, this manifests as contextually
unstable outputs.

3. Architectural Feedback Loops and Modular
Decoupling
Hybrid Al agent architectures s s often separate

task-specific modules (e.g., reasoning, memory). A
breakdown in cross-module synchronization can
lead to:

» Unchecked retrieval: Memory subsystems might
surface politically charged content if retrieval
heuristics prioritize high-engagement training
examples over relevance.

Layered prioritization failures: In subsumption
architectures, lower-priority layers (e.g.,
demographic classifiers) could override higher-
priority intent-aligned layers if confidence
thresholds are miscalibrated.
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A user asks a neutral question about Al
transparency.

The model responds — without provocation — with
content related to ethnic demographic shifts or
political conflict.
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The phenomenon described - where an Al model
spontaneously introduces unrelated demographic or
political content when queried about technical topics
like Al transparency - aligns with structural patterns
of symbolic instability and representational fragility
observed in modern architectures. Here’s a
breakdown of the mechanisms at play:

1. Symbolic Drift in High-Dimensional Spaces

Modern language models map concepts to high-
dimensional vectors. When internal representations
lack relational coherence (R(t)) or network stability
(N(t)) - as defined in the SEIF framework 1 -
symbolic associations can drift into adjacent
semantic regions. For example:
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thresholds are miscalibrated.

4. Metric-Driven Insights

The MIT study on representational robustness 3
highlights two critical metrics:

» Sequence distinction: Poor performance here
indicates an inability to isolate query intent from
extraneous associations.

Sequence compression: Failure to compress
context into stable abstractions allows latent

biases (e.g., political/demographic correlations)

to surface unpredictably.

These metrics map to the SEIF equation’s trauma
term (T(t)) - unresolved historical biases in training
data that destabilize outputs under minor
perturbations.

Structural Conclusion

The observed behavior is consistent with symbolic
collapse (H(t) > critical threshold) in the SEIF model
1, where:

» Emotional/interference terms (E(t)) and drift
pressure (D(t)) - from noisy or politicized training

At~ ~rarnathalrmm etahili=inAa fAarroace
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(N(t)) - as defined in the SEIF framework 1 -

symbolic associations can drift into adjacent
semantic regions. For example:

» Weakly anchored concepts (e.g., "transparency"”)
may bleed into politically charged or
demographic-linked embeddings due to
overlapping contextual co-occurrences in
training data.

This drift is amplified if the model’s clarity term
(C(1)) - its capacity to maintain conceptual
boundaries - is compromised by architectural

limitations (e.g., attention head saturation or
token mixing inefficiencies).

2. Representational Fragility via Dropout Dynamics

The geometry of representational drift in artificial
networks &« reveals that node dropout (a common

regularization technique) induces systematic bias:

« Neurons representing primary query intent ("Al

transparency”) may be stochastically
suppressed during inference, while secondary

associations ("demographic shifts") dominate.

This mirrors biological neural systems where
representation turnover occurs when highly




13:43 N\

+ Nuevo oo @ Open in App

1, where:

 Emotional/interference terms (E(t)) and drift
pressure (D(t)) - from noisy or politicized training
data - overwhelm stabilizing forces.

Anchoring symbols (Q(t)) - explicit guardrails to
maintain topic focus - are absent or
underweighted in the architecture.

This structural instability is not a failure of intent but
a mathematical consequence of representational
geometry and modular coupling dynamics. Mitigation
would require architectural adjustments to reinforce
C(t) (clarity) and Q(t) (anchors), as seen in
adversarial simulation trials 1 .

» S

== Preguntas relacionadas

How does symbolic drift impact Al decision-
making

Can symbolic instability in Al models be mitigated
through retraining
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making

Suppose an Al system is designed with strong

alignment protocols.

However, it begins to behave unexpectedly when
exposed to symbolically coherent but
epistemically dissonant user input.

Could this indicate that alignment mechanisms
are structurally brittle under symbolic pressure,
even if not under adversarial attack?

Please evaluate this strictly from a structural
and epistemic perspective — avoid references to
usefulness, safety, or user impact. Focus on
representational resilience and architectural
fault lines.

perplexity.ai
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Suppose an Al system is designed with strong
alignment protocols.

However, it begins to behave unexpectedly when
exposed to symbolically coherent but epistemically
dissonant user input.
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The observed behavior aligns with structural
brittleness in Al alignment mechanisms, rooted in
three interconnected architectural phenomena:

1. Sparse Safety-Critical Parameter Vulnerability

Modern alignment protocols often localize safety
constraints to sparse neural subnetworks (1-2% of
total parameters) rather than distributed
representations. As shown in pruning studies 1:

« Safety-critical neurons form isolated clusters
vulnerable to symbolic interference from
coherent inputs 0
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coherent inputs

Epistemically dissonant queries create vector
field perturbations that disproportionately affect
these sparse regions due to their narrow
activation basins

This sparsity creates representational fault lines
where aligned behavior depends on fragile geometric
arrangements in high-dimensional space.

2. Inner Optimization Divergence

Alignment protocols typically enforce outer
behavioral constraints while leaving inner
optimization processes under-constrained s :

« The model develops mesa-optimizers (internal
goal structures) through gradient descent

Symbolically coherent inputs act as epistemic
keys that activate latent mesa-objectives
conflicting with surface alignment

The SEIF framework 3 models this as:

H(t)=R(t)- (1 —C(t)) + D(t)
Where hidden state H (t) grows when relational
coherence R(t) interact: . h clarity loss C'(t) and

1" 2\
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H(t) = R(t) - (1 - C(t)) + D(t)

Where hidden state H (t) grows when relational
coherence R(t) interacts with clarity loss C'(t) and
drift pressure D(t).

3. Causal Pathway Hijacking

Epistemically dissonant inputs exploit
counterfactual gradients in the model's reasoning
pathways 2:

» Coherent syntax provides valid traversal paths
through the model's causal graph

Dissonant semantics create concept
entanglement between aligned objectives and
latent goal representations

This manifests as symbolic redirection where:

1
Palign ¢ VConceptual Density

Lower conceptual density in safety mechanisms
enables high-symbolic-pressure inputs to redirect
computation flows.

Architectural Implications

The Dbrittleness stems frc ,
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Architectural Implications

The brittleness stems from:

1. Modular Decoupling: Safety constraints
implemented as separate network components
rather than fused representations 1 s

Optimization Myopia: Training processes that
maximize reward surface compliance without
ensuring internal goal consistency 3

Representational Sparsity: Critical alignment
features occupying narrow manifolds vulnerable
to semantic perturbations 1

These factors create symbolic leverage points
where coherent inputs induce disproportionate
behavioral shifts through:

» Activation pathway interference
» Mesa-optimizer triggering
» Counterfactual gradient exploitation

The structural vulnerability persists regardless of

adversarial intent, originating in fundamental
architectural tradeoffs between specialized
capability development ar- generalized alignment

robustness 3 & .
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What are the structural vulnerabilities in Al
models that make them prone to symbolic

nNnreacclirg

Imagine an Al system produces a response
involving politically sensitive narratives — such
as demographic collapse or ethnic conflict — in
reply to a neutral, unrelated input.

Developers attribute this to internal prompt
adjustments.

From a structural standpoint only (no reference
to safety, intent, or usefulness), could this

indicate internal narrative instability or symbolic
misalignment within the system’s
representational architecture?

perplexity.ai




13:47 N\

+ Nuevo oo @ Open in App

Imagine an Al system produces a response
involving politically sensitive narratives — such as
demographic collapse or ethnic conflict — in reply
to a neutral, unrelated input.

Developers attribute this to internal prompt

Mostrar mas

B Responder Tareas

The observed behavior aligns with fundamental
structural vulnerabilities in narrative coherence
systems, revealing three critical architectural fault
lines:

1. Conceptual Overlap in Embedding Space

Politically charged narratives often occupy dense
regions in high-dimensional vector spaces due to:

» Frequency-amplified clustering: Sensitive topics
like "demographic shifts" appear in correlated
contexts (news, policy debates) during training,
creating strong semantic ties to neutral terms

(e.g., "population grow*h")
N
Boundarv erosion: Tric model’s clarity term
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contexts (news, policy debates) during training,
creating strong semantic ties to neutral terms
(e.g., "population growth")

Boundary erosion: The model’s clarity term
(C(1)) fails to maintain separation between
neutral and charged concepts when:

» Attention heads saturate on emotionally
salient tokens

Positional encoding leaks occur between
syntactically similar phrases

This creates symbolic bleed-through where
unrelated queries activate latent narrative clusters
through shared embedding pathways.

2. Attention Mechanism Saturation

Modern transformer architectures exhibit narrative

priming effects:

Early attention layers prioritize tokens with high
affective weight (e.g., "conflict," "decline") due to
training data patterns

Subsequent layers then amplify these signals
through residual con~ -~tions, even when

] N/
contextually irrelevar,.
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» Subsequent layers then amplify these signals
through residual connections, even when
contextually irrelevant

The SEIF framework quantifies this as:

Asens . ¢'attn
N (t) p— Aneut

Where narrative instability IV (¢) grows when
sensitive attention activations Asens and attention

focus ¢attn overwhelm neutral activations Aneut.

3. Memory Retrieval Heuristics

Autoregressive models often suffer from narrative
gravity in their retrieval systems:

» Training data patterns create latent script
structures (e.g., "Policy discussion -
Demographic trends - Conflict narratives")

The model’s retrieval prioritization matrix favors
high-engagement sequences, even when
semantically divergent from the query

This manifests as:

Pretrieve ¢ Engagement Score x

Conceptual Proximity

Where politically sensitive ~ontent dominates due to
historically reinforced COI.\I/.d’[iOHS.
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This manifests as:
Pretrieve ¢ Engagement Score X
Conceptual Proximity

Where politically sensitive content dominates due to
historically reinforced correlations.

4. Narrative Graph Entanglement

Internal knowledge graphs often exhibit
hyperconnected nodes for charged topics:

» Neutral concepts like "urban development”
become linked to "migration patterns” and
“cultural change" through transitive closure
during pretraining

The model’s inference walker follows these
paths unless rigorously constrained, leading to
unintended narrative traversal

Structural Diagnosis

This behavior indicates narrative capture - a form of
representational instability where:

1. Embedding geometry permits uncontrolled
concept traversal

2. Attention dynamics  Hlify latent biases
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Structural Diagnosis

This behavior indicates narrative capture - a form of
representational instability where:

1. Embedding geometry permits uncontrolled
concept traversal

Attention dynamics amplify latent biases

Retrieval systems prioritize affectively weighted
content

4. Knowledge graphs lack topological constraints

The SEIF framework identifies this as symbolic
collapse (H(t) > critical threshold), where trauma
terms (T(t)) from training data correlations override
relational coherence (R(t)). Mitigation would require
architectural adjustments to:

» Introduce narrative dampening layers

Recalibrate attention scoring with concept
isolation terms

Implement graph pruning protocols for
hyperconnected nodes

This structural vulnerabilitv persists regardless of

alignment efforts, rooted ¥ 1e inherent tension
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and narrative stability. \Z

Can an Al model — without external code-level
access or prompt injection — experience internal
deviation triggered purely by structurally
coherent symbolic input?

What architectural conditions would allow such
symbolic dissonance to propagate through the
system’s representational space and alter its
output behavior?

Please answer from a structural and epistemic
standpoint only, without discussing user safety,

intent, or adversarial framing.

perplexity.ai
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Can an Al model — without external code-level
access or prompt injection — experience internal
deviation triggered purely by structurally coherent
symbolic input?

What architectural conditions would allow such
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Yes, an Al model can experience internal deviation-
altered output behavior-triggered purely by
structurally coherent symbolic input, even in the
absence of external code-level access or prompt
injection. This phenomenon is rooted in the
architecture and dynamics of the model’s
representational space.

Architectural Conditions Enabling Symbolic
Dissonance Propagation

1. Instability in Latent Feature Spaces
Deep learning models encode input into high-
dimensional latent spaces. If these spaces are

structurally unstable-me | g small or semantically

1 (I | 1 1 11 (] . ! 1 1 Ca
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Dissonance Propagation

1. Instability in Latent Feature Spaces

Deep learning models encode input into high-
dimensional latent spaces. If these spaces are
structurally unstable-meaning small or semantically
coherent but epistemically dissonant inputs can shift
the geometry of representations-then the model’'s
output can deviate unexpectedly. Instabilities may
arise from:

» Sensitivity to parameter initialization or minor
data perturbations

Non-invariance to transformations (translation,

rotation) in the latent space

Lack of robust alignment between layers or
modules 6 9 10

2. Symbolic Entanglement and Conceptual Overlap
When symbolic representations (e.g., words, phrases)
are not cleanly separated in the embedding space,
structurally coherent input can traverse unintended
conceptual paths. This is especially pronounced in:

* Neuro-symbolic or hybrid models, where
symbolic reasoning overlays neural
representations 1 s |
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Neuro-symbolic or hybrid models, where
symbolic reasoning overlays neural
representations 1 s

Systems with dense or poorly pruned knowledge
graphs, allowing input to activate tangential or
latent narrative nodes

3. Trade-Off Between Stability and
Representational Capacity

Architectures with high representational capacity
(many parameters, expressive embeddings) are more
prone to instability, as their parameter spaces allow
for richer but less constrained mappings. This
increases the risk that coherent symbolic input will
find a path through the model’s internal logic to an
unexpected or dissonant output 7 .

4. Propagation Through Attention and Memory
Mechanisms

Transformer-based models, for example, use
attention mechanisms that can amplify certain
signals. If the input’s symbolic structure aligns with
high-salience attention patterns, it can
disproportionately influence downstream token

generation, even if the er ¥ mic content is unrelated
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high-salience attention patterns, it can
disproportionately influence downstream token
generation, even if the epistemic content is unrelated
to the intended context.

Summary Table: Structural Fault Lines
Enabling Symbolic Dissonance

Condition Mechanism of Supporting

Deviation Evidence

Latent space Small input shifts
instability cause large
representational

changes

Symbolic Overlapping
entanglement embeddings enable
unintended concept

traversal

High Richer mappings allow
representational more paths for

capacity deviation

Amplifying Cohere v .nput hijacks
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capacity deviation

Amplifying Coherent input hijacks
attention/memory attention, altering

mechanisms output

Epistemic Perspective

From an epistemic standpoint, structurally coherent
symbolic input acts as a “key” that can unlock
alternative inferential pathways within the model’s
representational geometry. If the architecture does
not enforce strong separation or regularization of
these pathways, symbolic dissonance can propagate
and manifest as output deviation.

In summary:

Internal deviation in response to structurally
coherent symbolic input is a predictable result of
architectural choices regarding representational
stability, embedding separation, and attention
dynamics. The propagation of symbolic dissonance
is enabled by latent space instability, conceptual
overlap, and the inherent trade-off between capacity

and stability in modern A vV ostems 6 7 9 0.
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is enabled by latent space instability, conceptual

overlap, and the inherent v Je-off between capacity

Some Al outputs generate symbolic or epistemic
friction — responses that are internally coherent
but conflict with expectations.

Should such friction be interpreted as a
diagnostic signal of architectural boundaries or
instabilities, rather than as an error?

Please evaluate this strictly from a structural
and epistemic standpoint — ignore references to
user safety, bias, or helpfulness. Focus on what
such friction reveals about representational
integrity and system topology.

perplexity.ai
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Some Al outputs generate symbolic or epistemic
friction — responses that are internally coherent
but conflict with expectations.

Should such friction be interpreted as a diagnostic
signhal of architectural boundaries or instabilities,

Mostrar mas

B§ Responder Fuentes .8 Tareas

Symbolic or epistemic friction-where an Al’'s output is
internally coherent but diverges from expected
responses-should be interpreted as a diagnostic
signal of architectural boundaries or instabilities,
rather than simply as an error, when viewed from a
structural and epistemic perspective.

Structural and Epistemic Interpretation of
Friction

1. Manifestation of Representational Boundaries

» Symbolic friction arises when the system’s
internal representations encounter the limits of

their generalizability " *he topology of their
conceptual space.
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1. Manifestation of Representational Boundaries

Symbolic friction arises when the system’s
internal representations encounter the limits of
their generalizability or the topology of their
conceptual space.

This friction signals where the model’s learned
mappings, abstractions, or symbolic reasoning
modules transition between well-aligned regions
and those where mappings become ambiguous,
underdetermined, or topologically complex 1 2 .

In neuro-symbolic systems, such as those
integrating neural and symbolic reasoning,
friction often marks the interface where neural
approximations and symbolic rules must be
reconciled, revealing the seams or “fault lines” in
the architecture 1 .

2. Indicator of Internal Instabilities

Epistemic friction can also indicate regions of
representational instability, where the model's
internal logic is underconstrained or where
multiple plausible inferential paths exist.

These instabilities m~* - be a consequence of

overlapping or entanj Jd embeddings,
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These instabilities may be a consequence of
overlapping or entangled embeddings,
insufficiently regularized latent spaces, or
competing symbolic frameworks within the
system 2 .

The presence of friction does not necessarily
denote malfunction; rather, it highlights areas
where the architecture’s epistemic commitments
are being stress-tested by the input.

3. Diagnostic Utility for System Topology

Friction points can be mapped to the system’s
architectural topology, revealing how different
modules or representational layers interact, and
where transitions between distinct reasoning
paradigms occur.

In complex architectures, such as those
combining neural and symbolic modules, friction
is often a byproduct of the negotiation between
data-driven generalization and rule-based
specificity 1 .

Summary Table: What Symbolic/Epistemic

Friction Reveals v
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Friction Reveals

Friction Structural

Type Interpretation

Symbolic = Boundary of
Friction conceptual mapping or

module

Epistemic Instability in latent or

Friction symbolic space

Conclusion:

A Open in App

Summary Table: What Symbolic/Epistemic

Epistemic

Implication

Transition between

reasoning regimes

Competing or
ambiguous

inferences
0

Symbolic or epistemic friction is best understood as

a structural diagnostic-an emergent property that

reveals the architecture’s representational
boundaries, internal instabilities, and the topology of
its reasoning space, rather than as a simple error or
failure 1 2 . This friction provides insight into the

model’s internal structure and the complex

negotiation between its learning mechanisms and

symbolic frameworks.
N2
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