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ABSTRACT

Empirical evidence shows that RAG systems exhibit a Temporal-Semantic Mismatch,
where failures arise from multi-layer structural degradation. Knowledge Blending near
the temporal training boundary leads to mixing of outdated and recent information.[3]

Persistence of Decay shows that retrieval improves accuracy but does not eliminate
performance decline as pre-training data ages.[2] Standard architectures lack time-
aware representations.[1][4] Date Fragmentation in BPE tokenizers limits temporal
reasoning.[5] Finally, interplay conflict between parametric and contextual knowledge
leads to inconsistent use of retrieved evidence under contradiction.[6] This note argues
that RAG mitigates, but does not resolve, the dynamic knowledge problem.
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1. The Question

In high-dynamicity domains, how can a RAG system distinguish between semantically
similar but chronologically exclusive facts when its underlying architecture (flat vector
spaces and BPE tokenization) is inherently time-agnostic?[1][5] Furthermore, even when
a system retrieves explicit, relevant evidence, why does the model's internal
"parametric memory" in many cases prevail over the external evidence?[6]

2. Scope and Definitions

Temporal Training Boundary

The non-uniform limit of an LLM's pre-training data. Models often exhibit
Knowledge Blending at this boundary, inadvertently contaminating recent
reasoning with outdated parametric priors.[3]

Persistence of Decay

The continuous decline in model performance as pre-training data ages;
empirical benchmarks show this pattern persists even when the model is
augmented with retrieval.[2]

Date Fragmentation Ratio

A structural metric quantifying the extent to which BPE tokenizers split
calendar dates into meaningless fragments, creating a "physical bottleneck"
for temporal reasoning.[5]

Temporal Ambiguity

A retrieval failure where chronologically distinct but semantically similar facts
become indistinguishable within a flat vector space.[1][4]
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The Interplay Conflict

The tension between parametric and contextual knowledge, where models do
not consistently incorporate external evidence when it conflicts with internal
representations.[6]

Scope: This note focuses on RAG systems operating in knowledge-intensive, time-
sensitive domains where the validity of a system's response depends on resolving
conflicts between divergent states within their temporal context.

3. Key Findings

The Physical Layer: Date Tokenization Fragmentation. BPE tokenizers frequently
split calendar dates into meaningless fragments (e.g., "2025" into "20" and "25");
this creates a structural barrier to temporal reasoning. The fragmentation forces the
model to perform "emergent date abstraction" to stitch components back together;
this process is unreliable and correlates with accuracy drops of up to 10 points on
historical or futuristic dates.[5]

The Temporal Boundary: Knowledge Blending and Information Lag. LLMs do not
possess a "sharp" knowledge boundary; instead, they exhibit Knowledge Blending
at their temporal training limits. As the Information Lag (i.e., the duration between
the model's cutoff and the event in question) increases reasoning accuracy
degrades as the model inadvertently "contaminates" its output with outdated
parametric priors.[3]

Persistence of Decay: The RAG Floor. While RAG improves absolute prediction
accuracy, it does not alter the underlying trajectory of temporal failure. Empirical
benchmarks show that the performance degradation pattern persists as pre-
training data ages; this means RAG functions as a partial mitigation rather than a
structural fix for a stale parametric core.[2]
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The Representational Failure: Temporal-Semantic Mismatch. Standard RAG
architectures lack time-aware representations; this leads to Temporal Ambiguity. In
a flat vector space, chronologically exclusive facts (e.g., revenue from different
quarters) appear semantically redundant. Consequently, retrievers often "collide" or
fail to distinguish between evolving versions of the same entity.[1][4]

The Behavioral Barrier: Interplay Conflict between Parametric and Contextual

Knowledge. Even when the physical and representational layers are optimized,
models exhibit interplay conflict between parametric and contextual knowledge.
They do not consistently incorporate provided context when it conflicts with
internal representations, and in many cases favor parametric knowledge under
conflict.[6]

4. Technical Deep Dive: Five Compounding Failure Layers

A. The Mechanistic Failure of Date Abstraction

BPE tokenizers disrupt the internal structure of calendar dates; they force the LLM to
rely on "emergent date abstraction" to resolve time-sensitive queries. This "stitching"
of sub-tokens is inherently fragile; when dates are fragmented, models may struggle
with chronological ordering or basic arithmetic, even when the data is present in the
context.[5]

B. Dimensionality Mismatch in Vector Space

Traditional RAG maps evolving knowledge into a flat, time-agnostic vector space.
Because embeddings prioritize semantic overlap over chronological sequence,
temporally distinct states of the same entity or relation produce "Temporal Ambiguity".
This results in retrieval ambiguity where the system may fail to distinguish between
current and historical facts.[1][4]
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C. The Knowledge Blending Phenomenon

Near the "Temporal Training Boundary," models do not simply stop knowing; instead,
outputs may reflect "Knowledge Blending". Outdated parametric priors from pre-
training can influence the reasoning process; this leads to a measurable increase in
"Information Lag" as the query date moves further from the model's last exposure to
ground truth.[3]

D. The Persistence of Parametric Decay

Continuous evaluation shows that the aging of pre-training data imposes a
performance limitation; indeed, retrieval improves absolute accuracy but does not
eliminate the observed degradation over time. While retrieval shifts the accuracy floor
upward, it does not eliminate the observed degradation pattern as pre-training data
ages.[2]

E. Interplay Conflict between Parametric and Contextual Knowledge

When retrieved evidence contradicts internal representations, models exhibit interplay
conflict between parametric and contextual knowledge. Models do not consistently
incorporate retrieved evidence under conflict, and may favor parametric knowledge in
such cases.[6] This indicates that failure is not solely a retrieval limitation, but also a
limitation in reliably integrating external evidence with existing parametric knowledge.
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5. Practical Taxonomy of Temporal Failure Modes

Failure Layer Primary Mechanism Diagnostic Metric / Symptom Ref

Physical
(Encoding)

Date Fragmentation: BPE tokenizers
split years/months into meaningless
sub-tokens.

Date Fragmentation Ratio: Accuracy drops
of up to 10pts on non-standard dates.

[5]

Parametric
(Internal)

Knowledge Blending: "Contamination"
of recent reasoning with outdated
training priors.

Information Lag: Measurable accuracy
decay as query date exceeds training
boundary.

[3]

Structural
(Retrieval)

Temporal-Semantic Mismatch: Time-
agnostic embeddings cannot
distinguish time-variant facts.

Temporal Ambiguity: High-similarity
retrieval of semantically identical but
outdated facts.

[1]
[4]

Systemic
(Ceiling)

Persistence of Decay: RAG improves
precision but follows the model's
downward trajectory.

Degradation Pattern: Parallel decline in
performance for both base LLM and RAG-
LLM.

[2]

Cognitive
(Integration)

Internal Conflict: Tension between
parametric and contextual knowledge
under disagreement.

Inconsistent Utilization: Failure to reliably
incorporate retrieved evidence when it
conflicts with parametric knowledge.

[6]

6. Implications for AI System Design

Do not treat the training cutoff as a reliable knowledge boundary: Topic-specific
degradation begins at different points across training phases. Systems cannot
assume intact parametric knowledge up to the declared cutoff; indeed, Knowledge
Blending often contaminates reasoning before the official boundary is reached.

Treat temporal degradation as a persistent trend, not a threshold failure: Retrieval
augmentation does not eliminate performance decline in time-sensitive domains; it
merely shifts the absolute accuracy floor. The Persistence of Decay confirms that
the underlying downward trajectory of the model's forecasting remains structural,
necessitating ongoing temporal accuracy monitoring.
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Require explicit temporal modeling in the retrieval architecture: Standard semantic
similarity retrieval is insufficient for multi-temporal queries where entity states
evolve. To resolve Temporal Ambiguity, the retrieval layer must explicitly represent
chronological sequence rather than relying solely on flat vector embeddings.

Evaluate temporal reasoning at the token level: Date fragmentation errors are
frequently invisible to answer-level evaluations. Because the Date Fragmentation
Ratio at the tokenizer level directly compromises calendar arithmetic; model
selection for time-sensitive tasks should include an audit of the physical encoding
layer.

Treat dynamic facts as structurally high-risk: Frequently-changing facts trigger the
highest levels of Parametric-Contextual Conflict.[6] Models may fail to incorporate
retrieved evidence when it conflicts with internal representations; this reflects
interplay conflict between parametric and contextual knowledge. To ensure the
system prioritizes fresh contextual evidence over the model's preference for its
own outdated memory, specialized handling is needed.

7. Open Questions

These open questions span multiple layers of the temporal failure stack, from encoding
and representation to retrieval and integration.

Freshness estimation: Can a system estimate, at query time, whether parametric
knowledge is stale at the level of entities, relations, or topics, and trigger retrieval
accordingly?

Temporal evidence assembly: What is the minimal representation needed to retrieve
and compose evidence across multiple time periods without collapsing
chronologically incompatible facts into one semantic cluster?
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Parametric-context arbitration: In cases of knowledge conflict, how can models
reliably incorporate contextual evidence when it contradicts parametric
knowledge?

Trajectory vs mitigation: To what extent does retrieval modify observed temporal
degradation, versus primarily improving absolute accuracy while the underlying
degradation pattern persists?

Date representation: To what extent do limitations at the tokenization or encoding
level contribute to downstream temporal reasoning errors, relative to higher-level
representational or retrieval constraints?

Temporal evaluation: What metrics can isolate and quantify temporal reasoning
failures across different layers (parametric, retrieval, and integration) without relying
solely on final answer accuracy?
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This note synthesizes findings from recent research on temporal knowledge failure in
retrieval-augmented generation systems. The interpretations presented reflect the author's
reading of the current literature.
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