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ABSTRACT
Retrieval-augmented generation (RAG) enables LLMs to ground responses in external knowledge, but long-term,
multi-session conversations still suffer from implicit recall failures: when current user queries lack lexical overlap
with earlier facts (e.g., preferences), standard dense retrieval and long-context prompting often miss the most
relevant memories. We present a dialogue-aware RAG system that jointly addresses what to store and how to
retrieve under constraints. Our design extracts durable user facts into a lightweight memory graph, enriches
queries with conversational cues, performs hybrid retrieval, and uses a budget-aware router to balance quality
and serving cost. On our Implicit Preference Recall benchmark, the system lifts Recall@10 to 0.70 (vs. 0.58 for
dense-only) and improves nDCG@10 from 0.41 to 0.51. The system also reduces cross-modality disagreement by
47% and achieves a 81% cost reduction compared to long-context methods.

1 INTRODUCTION

Retrieval-augmented generation (RAG) has become a cor-
nerstone for grounding large language models (LLMs) in
up-to-date, verifiable knowledge by combining parametric
models with non-parametric memory. However, when RAG
is deployed in long-term, multi-session conversations, sys-
tems often fail to recall dispersed user-specific facts and tem-
porally linked events that are crucial for coherent, person-
alized responses. Recent evaluations on very long-horizon
dialogue (e.g., LoCoMo) show that long-context LLMs and
vanilla RAG improve short-span QA but still lag behind hu-
mans on temporal/causal reasoning and consistency across
dozens of sessions (Maharana et al., 2024). This gap has
drawn intense interest to memory-augmented modeling and
retrieval strategies that can preserve, abstract, and reliably
resurface past conversational evidence (Wang et al., 2023;
Jimenez Gutierrez et al., 2024; Khattab & Zaharia, 2020).

At a high level, current solutions fall into three comple-
mentary categories. (i) Capacity-oriented memory aug-
ments LLMs with external or tiered memory so past con-
tent can be cached and retrieved beyond the input win-
dow (e.g., LongMem’s decoupled memory reader and
MemGPT’s OS-style memory hierarchy) (Packer et al.,
2023; Wang et al., 2023). (ii) Dialogue-aware RAG re-
constructs richer queries from conversation history and re-
freshes stored context dynamically to recover implicit links
that similarity-only retrieval misses (e.g., DH-RAG) (Zhang
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et al., 2025). (iii) Structure-augmented retrieval injects
neuro-/knowledge-inspired structure so that entities, events,
and relations become first-class retrievable objects (e.g.,
HippoRAG’s knowledge graph and Personalized PageR-
ank; global-memory RAG in MemoRAG) (Jimenez Gutier-
rez et al., 2024; Qian et al., 2024). Despite progress, to-
day’s systems still struggle to consistently surface the right
long-term memories when the current turn lacks explicit
lexical anchors; moreover, late-interaction retrieval (e.g.,
ColBERT) improves matching fidelity but needs dialogue-
specific mechanisms to decide what to store and when to
retrieve (Khattab & Zaharia, 2020).

We propose a dialogue-aware RAG system (hereafter, “our
system”) to address long-term conversational forgetting. At
a high level, our design couples: (1) query enrichment that
leverages multi-turn conversational signals to reconstruct
retrieval intents even when the current utterance is under-
specified; (2) a lightweight structured memory that repre-
sents durable user facts/events and their temporal relations
for precise linking; and (3) hybrid retrieval that combines
semantic search with structure-guided routing to surface
implicitly relevant evidence. These components directly
target the key challenges identified above: limited capacity,
missing implicit links, and lack of structure for long-horizon
reasoning (Maharana et al., 2024).

We implement our system within a standard RAG stack
(encoder retriever, vector store, generator) with pluggable
modules for query enrichment and structured memory. We
evaluate it on long-horizon dialogue settings and compare
against strong baselines representative of the three cate-
gories above (capacity-oriented memory, dialogue-aware
RAG, and structure-augmented retrieval). Our experiments



indicate improved recall of user-specific facts and better tem-
poral consistency over extended sessions; we also conduct
ablations to quantify the contribution of each component.
The remainder of the paper is organized as follows. §2
presents background and motivation. §3 details the system
design. §4 reports implementation details, experimental
setup and results. §5 discusses related work. §6 concludes
the work.

2 BACKGROUND & MOTIVATION

2.1 Background

Long-horizon, multi-session dialogue exposes a fundamen-
tal tension between what a language model must remember
and what it can practically attend to. Recent evaluations
show that even with extended context windows, models of-
ten fail to recall dispersed user-specific facts, to track tempo-
ral dependencies across sessions, and to maintain narrative
coherence without explicit anchors to the past. On the Lo-
CoMo benchmark, for example, LLMs improve on narrow
QA but still lag on time-sensitive and causal understanding
over hundreds of turns and dozens of sessions—highlighting
retrieval accuracy and long-horizon reasoning as primary
bottlenecks (Maharana et al., 2024). To address the memory
side, one stream of work augments LLMs with a decoupled
long-term memory bank that caches long-form history and
retrieves on demand. LongMem exemplifies this approach
by freezing the backbone as a memory encoder and intro-
ducing an adaptive side network for retrieval and reading,
thereby extending effective memory far beyond the immedi-
ate context while mitigating staleness (Wang et al., 2023).
Orthogonal to capacity, agentic systems emphasize what
to store: they compress interactions into higher-level “se-
mantic” memories and use reflective cycles to shape future
retrieval. Generative Agents work by observing the context,
planning their next actions, and reflecting to form long-term
memories that shape later behavior (Park et al., 2023), and
later work formalizes reflective memory management with
prospective (forward-looking) and retrospective (feedback-
driven) reflection to adapt retrieval granularity online in
long-term personalization settings (Tan et al., 2025).

On the retrieval side, RAG is a natural fit for conversa-
tional memory, but vanilla vector search can miss implicit
links when current queries lack lexical overlap with salient
past facts. Dialogue-aware RAG therefore expands or re-
constructs queries from history and updates memory dy-
namically; for instance, DH-RAG learns to cluster and hi-
erarchically match historical turns and to track reasoning
chains so that evidence surfaces even without explicit men-
tions (Zhang et al., 2025). Beyond multi-step vector search,
neuro-inspired designs integrate structure to surface latent
but relevant memories: HippoRAG orchestrates knowledge
graphs with Personalized PageRank and LLM reasoning

to approximate hippocampal indexing, enabling “one-shot”
retrieval of multi-hop, semantically connected evidence that
similarity-only methods overlook (Jimenez Gutierrez et al.,
2024). Grounded memory systems likewise advocate hybrid
graph+vector retrieval so that user entities, events, and pref-
erences become first-class retrievable objects (Ocker et al.,
2025).

In summary, effective long-term conversational memory
requires (i) capacity beyond the input window, (ii) se-
lective abstraction via reflective summarization to decide
what is worth storing, and (iii) dialogue-aware, structure-
augmented retrieval that can recover implicitly relevant
evidence. Our system follows this trajectory by enriching
retrieval queries with conversational signals and by repre-
senting durable user facts/events in lightweight structure,
directly targeting the failure modes surfaced by recent evalu-
ations of long-term dialogue agents (Maharana et al., 2024).

2.2 The Implicit Recall Problem

Consider a user interacting with a chatbot across multiple
sessions. Early in session 1 (turn 3), the user states: “I
absolutely loved Titanic—the romance and soundtrack were
perfect.” Over the following two weeks, the conversation
spans 87 turns covering diverse topics: restaurant recom-
mendations, work schedules, news summaries. In session 3
(turn 91), the user casually asks: “What should I watch this
weekend?”

This scenario reveals a fundamental challenge in long-term
conversational memory: implicit preference recall. The user
expects the system to remember their earlier preference and
suggest romantic dramas similar to Titanic, despite the query
containing no explicit keywords like “Titanic,” “romance,”
or “Leonardo DiCaprio.” Yet standard retrieval systems
systematically fail here. The system defaults to generic
recommendations (i.e. popular recent releases), missing the
personalization opportunity entirely.

This failure is not isolated. To quantify the phenomenon, we
constructed an Implicit Preference Recall benchmark span-
ning three domains: movie recommendations (MovieRec),
food preferences (FoodPref), and productivity assistance
(ProductivityAssist). The benchmark contains 500
multi-session dialogues averaging 73 turns each, collected
through a combination of expert annotation over existing
long-dialogue datasets (MSC (Xu et al., 2021)) and con-
trolled user studies where participants engaged in natural
multi-week conversations with a baseline assistant. Each
dialogue includes early-turn preference statements (e.g., “I
loved Titanic”), 50–100 distractor turns covering unrelated
topics, and later keyword-free queries (e.g., “What should
I watch?”) with ground-truth labels indicating which his-
torical evidence should be retrieved. Figure 1 shows that
across these 500 dialogues, dense-only Recall@10 degrades
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Figure 1: Implicit recall degrades as conversations lengthen.
Dense-only retrieval (blue) drops sharply due to tempo-
ral/lexical gaps. Graph-only (green) plateaus from schema
coverage limits. Our system (orange) maintains stable recall
through learned ontology and multi-modal consistency.

sharply from 0.61 (turns 1–20) to just 0.28 (turns 60+) as
conversations lengthen and temporal gaps widen. The core
issue is that vector similarity alone cannot bridge the con-
ceptual gap between a user’s past preferences and future
queries when lexical overlap is absent.

2.3 Three Fundamental Challenges

Our analysis of implicit recall failures across diverse conver-
sational domains reveals three interrelated challenges that
must be addressed jointly:

M1: Dense retrieval fails for implicit preferences without
keyword overlap. Vector embeddings (Khattab & Zaharia,
2020) excel at capturing semantic similarity for queries with
lexical or topical overlap. However, when a user asks “What
should I watch?” weeks after mentioning “I loved Titanic,”
the embedding distance between query and preference state-
ment becomes large—not because the preference is irrel-
evant, but because standard encoders struggle to model
long-range conceptual associations across temporal gaps.
Graph-based retrieval (Edge et al., 2024) offers a potential
solution: typed relations like User→ PREFERS_GENRE
→ Romance and User → LIKES → Titanic enable
symbolic traversal independent of lexical overlap. But this
requires learning these relations from conversational data
rather than relying on fixed schemas, which cannot capture
user-specific or emergent preference patterns (e.g., “early
DiCaprio classics” as a personal category).

M2: Graph and dense modalities exhibit fundamen-
tal misalignment. Graphs provide robust structured rea-
soning including handling aliases (“that Leo movie” →
Titanic), multi-hop inference (Titanic→ Romance
→ Similar_Movies), and type constraints, etc., but they
suffer from coverage gaps when entities are novel or rela-
tions are implicit. Dense retrieval offers broad semantic
matching but drifts under pronouns, temporal references,

and conceptual abstractions. Critically, these modalities
disagree substantially: on personalized queries in our data,
graph and dense top-10 lists overlap by only 3.2 items on
average. Simply scoring graph and dense retrieval indepen-
dently and combining their results via weighted averaging
fails to resolve this disagreement. When the graph ranks
a piece of evidence at position 2 but dense search ranks
it at position 47, which modality should the system trust?
A natural solution is to align the two retrieval methods so
they agree on important evidence. However, aligning scores
across all hundreds of candidate results is computationally
expensive and violates real-time serving constraints. The
key insight is that alignment is only necessary for evidence
that users found useful in past interactions, rather than forc-
ing agreement across all possible candidates.

M3: Serving constraints demand budget-aware retrieval
strategies. Production conversational systems operate under
strict latency and cost budgets. Long-context approaches
that feed full histories to LLMs achieve only small gains
over dense-only under our benchmark (Recall@10 0.60
vs. 0.58 in Table 5), but at much higher cost and la-
tency. Summary-memory performs slightly better (0.62
Recall@10 in Table 5) but still loses personalization sig-
nals accumulated in the graph. The challenge, therefore, is
to pick per-query strategies that retain the graph’s strength
without paying long-context cost.

3 SYSTEM DESIGN

Our system addresses all three challenges through tight
co-design: Tag2Graph-Learner constructs data-driven dia-
logue ontologies with learned relation types and confidence
weights (M1); Graph×Dense Consistency enforces distribu-
tion alignment on verified evidence to harmonize modali-
ties (M2); Learnable Routing selects strategies and budgets
via contextual bandits optimizing personalization against
cost (M3). This unified approach achieves 21% higher Re-
call@10 than dense-only baselines (Table 5) while reducing
costs 81% vs. long-context methods (Figure 5).

3.1 Architecture Overview

The architecture executes in three phases that progressively
convert raw conversational turns into retrievable preference
signals, as shown in Figure 2.

Phase 1: Data Ingest. Each incoming utterance is sent to
three stores in parallel. The graph store creates/updates sym-
bolic preference edges and tags them with a timestamp and
learnable weight. The vector store keeps a dense embedding
of the same utterance plus its metadata (e.g., turn/times-
tamp, linked entities) so it remains reachable by semantic
search. The profile cache tracks lightweight stats over recent
retrievals to enable personalization without rescanning the
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📥 PHASE 1: Data Ingest

💬 User Input
"I loved Titanic - great romance!"

⚙️ Tag2Graph-Learner
• Extracts entities & relations
• User → LIKES → Titanic
• User → PREFERS_GENRE →
Romance
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Stores

🕸️ Graph Store
• User → LIKES → Titanic
[weight: 0.9, ts: Turn3]
• Titanic → HAS_GENRE →
Romance
• User → PREFERS_GENRE →
Romance [lifted]

🔢 Vector Store
• Text: "I loved
Titanic..."
• Embedding: [0.23,
-0.15, ..., 0.44]
  (768-dim)
• Metadata: {time: Turn3,
linked: [User, Titanic]}

⚡ Profile Cache
• Recent entities:
[Titanic, Romance,
Movies]
• Strategy success:
Graph-first: 0.72,
Dense: 0.58
• Last update: Turn 90

Relations

Embeddings

Stats

🔍 PHASE 2: Query & Retrieval

❓ User Query
"What should I watch this weekend?"

🧭 Learnable Router
✓ Personalization intent detected

✗ No explicit entities
→ Decision: GRAPH-FIRST strategy

→ Budgets: Graph=40 candidates (1-2
hops), Dense=24 re-rank

Two-Stage Retrieval Pipeline

Stage 1: Graph
Traversal

1. Find User node
2. Follow
PREFERS_GENRE
3. Reach Romance
4. Expand to similar
movies
5. Score by path
weights

Stage 2: Dense
Re-rank

1. Get embeddings
for graph
candidates
2. Compute cosine
similarity with query
3. Re-rank by
dense score

Candidates

🎯 Unified Scoring
Combines: α·graph + β·dense + γ·profile

Top result: "I loved Titanic..." (Turn 3)
Score: 0.64 (graph: 0.82, dense: 0.50,

profile: 0.10)

Graph
data

Embeddings

Success
rates

🔄 PHASE 3: Feedback Loop

Top
evidence

Update
edge weights

Update
success rates

Update
RL

policy

💬 Generate Response
Uses evidence: "I loved Titanic..."

(Turn 3)

Generated Response:
"Try Romeo & Juliet - also a romantic

drama you might enjoy!"

👍 User Engagement Signal
✓ User clicks recommendation

→ Labels evidence as useful (Turn 3
statement)

→ Confirms GRAPH-FIRST strategy
works

📈 Async Weight Update
Updates (batched):
① ↑ Edge weight: User →
PREFERS_GENRE → Romance
② ↑ Profile: Graph-first success rate
for user
③ ↑ Router policy: RL gradient for
GRAPH-FIRST on personalized
queries

Figure 2: System Architecture: Implicit Preference Recall with Three-Phase Data Flow

full history.

Running Example. From “I loved Titanic” (Turn 3), the sys-
tem records User → LIKES → Titanic and User →
PREFERS_GENRE→ Romance (lifted via Titanic→ HAS_-

GENRE→ Romance), while the dense embedding is cross-linked
to these nodes.

Phase 2: Query & Retrieval. At query time, a learnable
router selects a graph-first or dense-first pathway based on
personalization intent, alias risk, and the cache’s histori-
cal success statistics. In the graph-first setting, traversal
surfaces conceptually proximate candidates which are then
re-ranked by dense similarity; in the dense-first setting, se-
mantic neighbors are retrieved first and subsequently aug-
mented with structural features.

Running Example. At Turn 91, “What should I watch this week-
end?” contains no lexical reference to Titanic but exhibits strong

personalization cues, prompting graph-first traversal from the
User node through PREFERS_GENRE to Romance, which sur-
faces the Titanic utterance as the top-ranked reference.

Phase 3: Feedback Loop. Observed engagement serves as
supervision: confirmed evidence increases the correspond-
ing edge weights, updates the cache’s success statistics, and
refines the router’s policy. This closes the loop from re-
trieval outcomes back to the memory representation itself,
enabling the system to become more personalized over time
without offline re-tuning.

Running Example. If the user follows the recommendation, the
weight on PREFERS_GENRE(Romance) is reinforced, increas-
ing the likelihood that future preference-seeking queries before
explicit entity mention will again select graph-first routing.



3.2 Tag2Graph-Learner: Data-Driven Dialogue
Ontology

Long-horizon conversations frequently rely on past prefer-
ences and constraints that are referenced implicitly rather
than repeated verbatim. Systems that store memory as
surface spans struggle to recover such signals reliably.
Tag2Graph-Learner lifts utterance-level evidence into sta-
ble, typed relations (e.g., User→ PREFERS_GENRE→
Romance), so retrieval can operate at the level of concepts
instead of tokens, and subsequent components can reason
over a persistent, user-centric ontology.

Step I: Evidence extraction and normalization. We con-
vert each utterance into candidate atomic assertions (a sub-
ject, relation, and object with time and provenance) using
a two-phase pipeline. First, a span-level sequence tagger
(BIO labeling (Lample et al., 2016)) identifies entity and
attribute mentions, and a lightweight relation classifier links
plausible subject–object pairs into provisional triples. Sec-
ond, a constrained LLM pass is used only as a validator:
given the provisional triple and its local context, it emits a
structured yes/no judgment and (if yes) canonicalizes the
relation phrase to our inventory. This split keeps the hot
path fast (tagger + classifier) while allowing the validator to
absorb open-text variability without fixing a brittle schema.
Low-confidence triples are retained in the Vector Store (so
they remain retrievable) but do not affect the graph; accepted
assertions record their sources and timestamps for auditing
and rollback.

This two-phase design tackles two recurring challenges.
(1) Schema brittleness: by letting the tagger over-generate
in a controlled format, we can later evolve the canonical
inventory without changing serving logic. (2) Noise control:
calibration on a held-out slice keeps precision high in the
filter; candidates that do not pass are retained only in the
Vector Store so they remain retrievable without influencing
the graph. Each accepted assertion records its sources and
timestamps to support auditing and later rollback.

Step II: Lifting assertions into conceptual relations. As-
sertions that repeatedly co-occur in a consistent way are
promoted into typed, user-centric relations. Promotion is in-
tentionally conservative and based on signals that are cheap
to compute online but trained offline: recurrence across
sessions (with recency weighting), agreement across con-
texts (e.g., different titles pointing to the same genre), and
compatibility with the existing ontology. A small learned
scorer aggregates these signals into a promotion score,
which comes from a shallow, offline-trained classifier over
cheap signals (e.g., recurrence with recency, context diver-
sity). Its input is a candidate relation with its supporting
episodes, and its output is a calibrated probability of promo-
tion. An edge (such as PREFERS_GENRE=Romance) is

added only when the score exceeds a conservative gate and
the supporting episodes are sufficiently diverse.

Two design challenges are addressed within this step. (1)
Alias and reference resolution: titles, nicknames, and multi-
lingual variants are merged only when these variants agree;
uncertain cases are left unmerged and remain accessible
via dense retrieval so they do not reshape the graph prema-
turely. (2) Guardrails: promotion declines when evidence is
contradictory, privacy-sensitive, or exceeds tenant-level quo-
tas on ontology growth. All promotions carry provenance
(the set of supporting assertions and times), so subsequent
components can trace and, if needed, undo their effects.

Step III: Feedback-driven maintenance under serving
constraints. Lifting and edge strengths are refined by two
feedback channels obtained during normal serving. The
used-and-correct channel logs the evidence that was cited in
answers and verified as faithful; the missed-but-needed chan-
nel collects facts that post-hoc counterfactual runs identify
as the likely fix for a failure. Updates are applied asyn-
chronously in micro-batches to avoid thrashing the hot path,
with per-relation learning rates and rate limits so that no
single dialogue burst can dominate the ontology. Crucially,
heavy learning never blocks the request path: new edges
are activated behind guardrails and only take effect after
passing basic sanity checks.

Effect on retrieval. With promoted conceptual edges in
place, keyword-free queries acquire stable anchor points
for expansion. In our running scenario, a generic request
like “What should I watch this week?” traverses from User
through PREFERS_GENRE to currently available items via
SIMILAR_TO and screening-time relations, even if Titanic
never reappears in the query. Section 3.3 shows that aligning
graph and dense evidence on actually used citations further
reduces cross-modality disagreement; Section 4 reports that
disabling the promotion gate substantially lowers implicit-
recall at the same serving budget, indicating that cautious,
feedback-guided ontology growth is the right lever.

3.3 Graph×Dense Consistency & Unified Scoring

Tag2Graph supplies concept-level structure; dense retrieval
supplies breadth. In practice they disagree on a non-trivial
fraction of personalized queries, and naïvely choosing one
or averaging both produces brittle rankings. Our goal in this
section is to make the two signals agree on evidence that
actually helped prior answers while respecting interactive
latency.

Unified scoring. We score each candidate piece of evidence
by combining three views: a graph view (paths, relation
types, edge strengths, and recency), a dense view (embed-
ding similarity with light re-ranking), and a profile prior



(short-term cache). The final score is a learned weighted
sum:

sunified(e, q) = wg sgraph(e, q) + wd sdense(e, q)

+ wp sprofile(e, q)
(1)

where the weights are fitted offline and validated to be stable
across domains. We deliberately keep the hot path light: the
cross-encoder, when used, is restricted to a small re-rank
window after candidate selection.

Consistency where it counts. Rather than forcing the graph
and dense views to match on all candidates (which would be
slow and often counter-productive), we align them only on
the subset of evidence that prior runs actually used and veri-
fied as correct. Concretely, we form per-query distributions
over those cited items (one from graph scores, one from
dense scores) and train a small regularizer that pulls the two
distributions together, while leaving the rest of the candi-
date pool untouched. This reduces modality disagreement
without inflating retrieval budgets.

Runtime behavior and uncertainty. At serving time we
compute the three component scores, apply query rewriting
(1), and admit the top-K. When the two views disagree
sharply or the unified scores are unusually flat (a practical
proxy for uncertainty), the system spends a small, capped
budget on a single additional expansion (either one more
graph hop or one more dense probe), then re-scores and pro-
ceeds. If the latency guard would be exceeded, we skip the
expansion and fall back to the safer of the two views. This
policy yields stable rankings under aliasing and temporal
gaps while remaining within interactive bounds.

Effect. Training on verified citations lowers cross-modality
disagreement and improves recall stability under the same
budget; Figure 3 shows the reduction in disagreement along-
side steady gains in Recall@10, and §4.4 reports the abla-
tion where removing the regularizer degrades performance
despite identical retrieval limits.

Example. A user once expressed liking Titanic; weeks
later they ask “What should I watch this weekend?”. The re-
triever forms an initial candidate set from both views: graph-
side items reachable via PREFERS_GENRE→Romance
and dense-side neighbors of the new query. For each can-
didate we compute three component scores: a graph score
from path structure and recency, a dense score from embed-
ding similarity (with a small re-rank window), and a profile
prior (a lightweight rolling cache; see §3.1) summarizing the
user’s recent interaction patterns. The unified score applies
Eq. 1 with offline-tuned weights; the resulting per-candidate
numbers are shown in Table 1.

The two views disagree: graph favors classic romance while
dense favors recent popular titles. During training, we align

Candidate (type) Graph Dense Profile Unified

Romeo & Juliet (1996) (graph) 0.82 0.41 0.10 0.60
The Notebook (2004) (graph) 0.77 0.36 0.10 0.56
La La Land (2016) (dense) 0.28 0.79 0.06 0.44
Inception (2010) (dense) 0.12 0.76 0.04 0.34

Table 1: Initial unified scoring with weights wg=0.55,
wd=0.35, wp=0.10.

Candidate Graph Dense† Profile Unified (final)

Romeo & Juliet 0.82 0.50 0.10 0.64
The Notebook 0.77 0.45 0.10 0.59
La La Land 0.28 0.79 0.06 0.44
Inception 0.12 0.76 0.04 0.34

Table 2: Post-consistency dense scores (†) reflect minor re-
rank adjustments learned from verified citations; weights
remain fixed at serving.

only on verified citations from prior successful answers,
which reduces the gap for those items inside the small dense
re-rank window. The adjusted dense scores and the final
unified ranking after this effect are summarized in Table 2.

3.4 Learnable Routing: Optimizing
Personalization–Cost Tradeoffs

Our architecture exposes two complementary retrieval entry
points. Graph-first leverages Tag2Graph’s conceptual edges
and is robust on implicit, personalization-heavy queries
(aliases, ellipsis, temporal gaps). Dense-first is cheaper and
competitive for explicit factoids. Fixed rules, or a handful
of surface heuristics, either overspend or miss recall. We
therefore learn a router that, per query, chooses the leading
view and assigns small candidate budgets to both views
under the same latency guard. The decision is deliberately
narrow: which view should lead, and how much exploration
is worthwhile for this query.

The router consumes only cached or cheap signals: indica-
tors of alias risk and time since the last relevant mention;
whether the query touches promoted concepts in the user
graph; a short profile summary (recent genres with recency);
and a compact record of which strategy has recently worked
for this user/domain. The model is a shallow predictor dis-
tilled into a tiny scoring function that runs in microseconds
at serving time.

Training and deployment. We train the router offline on
time-split logs augmented with counterfactual replays that
simulate the alternative strategy under the same budget.
Each training example pairs a query context with two candi-
date plans (graph-first vs. dense-first), along with observed
outcomes (implicit-recall, faithfulness, cost, latency). The
target is a utility signal that balances personalization against
cost/latency (weights fixed via validation). After training,



Plan Lead Graph budget Dense budget Pred. utility

A Graph-first 40 candidates (1–2 hops) 24 re-rank 0.71
B Dense-first 24 candidates 40 re-rank 0.58

Table 3: Router decision under a shared latency guard. Util-
ity estimates are learned offline from time-split logs with
counterfactual replays.

Item Unified score Notes

Romeo & Juliet (1996) 0.64 graph tie + mild dense boost
The Notebook (2004) 0.59 graph tie + mild dense boost
Past Lives (2023) 0.56 added by one dense probe if needed
La La Land (2016) 0.44 dense neighbor, weak graph support

Table 4: Final ranking after routing Plan A and unified
scoring.

we distill the predictor so the online decision is a single
lightweight score comparison; the latency guard and bud-
gets are enforced by the retriever.

Runtime behavior. At runtime, the router emits a plan
(lead view plus small budgets). Graph-first performs a short
metapath expansion to assemble a few dozen candidates,
then applies dense re-ranking; dense-first does the reverse.
We reuse the same latency guard as §3.3. When unified
scores (Eq. 1) are unusually flat or the two views disagree
sharply, the router authorizes exactly one capped expansion
(one extra hop or one extra dense probe constrained by
promoted concepts) then re-scores once and returns; if the
guard would be exceeded, it returns immediately with the
safer view.

Example. The user once said “I loved Titanic.” Weeks
later they ask “What should I watch this weekend?”. As in
Table 2, the graph view tends to surface romance classics
with strong conceptual ties, while the dense view favors
popular neighbors. The router evaluates two candidate plans
under a shared latency guard; Table 3 summarizes the lead
view, budgets, and the router’s predicted utility (learned
offline from time-split logs with counterfactual replays).

Based on the higher predicted utility in Table 3 (0.71
vs. 0.58), the system selects Plan A. Graph-first expan-
sion, anchored on PREFERS_GENRE→Romance, sur-
faces Romeo & Juliet and The Notebook. After the small
dense re-rank window and unified scoring with weights
wg=0.55, wd=0.35, wp=0.10 (as in Table 2), the resulting
top items and their scores are reported in Table 4.

Because the top scores in Table 4 are well separated
(0.64/0.59 vs. 0.44), the uncertainty check does not trig-
ger the one-shot backoff; if the margin had fallen below the
guard’s threshold, the router would authorize exactly one
capped expansion (one hop or one probe) and then finalize
the list under the same latency budget.

4 EVALUATION

We assess whether the system improves implicit preference
recall under matched serving budgets and whether each ar-
chitectural choice—Tag2Graph promotion, Graph×Dense
consistency, and the Learnable Router—contributes be-
yond strong baselines. We report retrieval quality, faith-
fulness, and cost/latency, then ablate components and exam-
ine robustness. We additionally validate on the public Lo-
CoMo benchmark (Maharana et al., 2024), compare against
structured-memory baselines HippoRAG (Jimenez Gutier-
rez et al., 2024) and MemoRAG (Qian et al., 2024), and
present history-length scaling, cold-start analysis, and an
expanded human study. Unless stated, intervals are 95%
bootstrap CIs over dialogues.

4.1 Implementation

Every user utterance is first normalized (speaker, session
id, turn id, timestamp) and passed through a lightweight
BERT-base tagger that over-generates conversational triples
in a fixed JSON schema {head, relation, tail,
time}. The tagged triples are scored by a distilled 2-layer
MLP (256 hidden, sigmoid) whose threshold was calibrated
on time-split logs; triples above the threshold are also val-
idated by a constrained LLM pass offline to canonicalize
relation names to the current ontology inventory, while low-
score triples are kept only in the vector store so they do not
reshape the graph hot path. Accepted triples are inserted
into a DGL-backed, user-sharded graph as typed edges; for
each edge we store (i) a 64-bit timestamp/turn id, (ii) the
source utterance id, and (iii) a float32 weight. In parallel,
the original utterance is embedded and written into a FAISS
index with the same timestamp and linked-entity metadata
so later stages can ask either store for “recent” candidates
without re-deriving temporal features.

At query time, a 2-layer MLP router (128 hidden) consumes
only cheap features from both stores (top-k scores, recency
buckets, query-type indicators, and a short per-user profile)
and emits a plan: lead modality (graph-first vs. dense-first),
candidate budgets for each side, and whether one capped
fallback probe is allowed. This plan is executed under the
same latency guard used in evaluation (approximately P95
185 ms), so extra hops are skipped when the guard would be
exceeded. Retrieved candidates are scored by a fixed linear
combiner

s(e, q) = 0.55 sgraph(e, q)+0.35 sdense(e, q)+0.10 sprofile(e, q),

where the profile score comes from an in-memory per-user
cache that is updated asynchronously from engagement logs.
All heavier learning tasks (promotion calibration, graph–
dense consistency regularization on actually cited evidence,
and router policy training with counterfactual replays) are
run offline in PyTorch and only their distilled MLPs are
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Figure 3: Consistency training: loss and disagreement (left axis) vs. Recall@10 (right axis) under fixed budget.

deployed to the serving tier. All experiments run on 2×
Intel Xeon Gold 6248R (48 cores), 256 GB RAM, NVIDIA
A100-80GB (CUDA 12.4, driver 550.54.15), with CPU-
only serving for fair latency comparison. Appendix B.5
describes the monitoring signals and periodic offline refresh
policy used to control drift after deployment.

4.2 Experimental Setup

Workloads. We use three long-horizon dialogue work-
loads: MOVIEREC, FOODPREF, and PRODUCTIVITYAS-
SIST. Dialogues span multiple sessions and contain im-
plicit queries that do not repeat the original phrasing, with
aliasing, ellipsis, and temporal gaps. This setting stresses
keyword-free recall and favors designs that can surface con-
ceptual memory rather than surface spans. For external
validation we additionally evaluate on LoCoMo (Maharana
et al., 2024), a public long-conversation benchmark with
604 dialogues and 7,182 annotated queries spanning recom-
mendation, preference, and follow-up subtypes.
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Figure 4: Sensitivity to promotion gate τ and consistency
weight λ (Recall@10).
Train–test isolation. All learned components are trained

on time-split logs: training/validation data precede the test
horizon. Verified-citation signals and counterfactual replays
are computed only on training logs and never touch test-
time queries. Users are not split across time to preserve
personalization; features for test queries are derived solely
from pre-test states. This protocol prevents leakage while
preserving the longitudinal structure the system exploits.

Metrics and measurement. Primary metrics are Re-
call@10 and nDCG@10 on the implicit-query slice. Sec-
ondary metrics include Faithfulness (correct citation rate)
and a quality–cost frontier. Cost is normalized compute
(equivalently, token cost) relative to dense-only. P95/P99
latencies are measured on the same hardware, batch=1,
concurrency=1, with identical latency guards and candi-
date budgets for all methods; cold starts are excluded from
P95. These controls ensure that any measured gains derive
from algorithmic differences rather than budget drift.

Baselines. We compare against six baselines. Dense-only
uses FAISS flat-IP search over BGE-large-en-v1.5 768-d
embeddings. Long-context feeds the full dialogue history
(up to 128K tokens) to GPT-4o-mini as a single prompt.
Summary-memory maintains a rolling abstractive summary
with MemWalker-style chunking. Dense+CE-rerank adds
a cross-encoder (MiniLM-L12) re-ranker over the dense
top-50. Query-rewrite rewrites implicit queries via an LLM
before dense retrieval. HippoRAG (Jimenez Gutierrez et al.,
2024) is a retrieval-augmented hippocampal memory that
constructs a knowledge graph from passages and performs
personalized PageRank at query time. MemoRAG (Qian
et al., 2024) augments dense retrieval with a clue-generation
model that produces global memory signals. All methods
share the same latency guard and candidate budget. Ap-
pendix B.6 summarizes the fixed implementation choices
used for the added HippoRAG and MemoRAG baselines
under this matched-budget protocol.
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Figure 5: Routing analysis: (left) selection by query type; (right) personalization–cost trade-off.

4.3 Results

Table 5 presents the main comparison at matched bud-
gets and a shared latency guard. Our system improves
Recall@10 from 0.580 (Dense-only) to 0.706 while also
lifting nDCG@10 from 0.410 to 0.514. The gains hold
against stronger baselines: Dense+CE-rerank reaches
0.647/0.468 whereas our method attains 0.706/0.514 with
comparable P95 (190 ms vs. 185 ms). Among structured-
memory baselines, HippoRAG achieves 0.671/0.491 (Re-
call@10/nDCG@10, P95 193 ms) and MemoRAG reaches
0.643/0.467 (P95 201 ms); our system outperforms both
while maintaining lower normalized cost (1.31× vs. 1.68×
for HippoRAG and 1.73× for MemoRAG). Moreover, under
the same guard, our normalized cost is approximately 0.18×
that of Long-context (about 81% reduction), consistent with
the efficiency gap shown in Figure 5.

Method R@10 nDCG@10 Faith. P95 (ms) Cost

Dense-only 0.580 0.410 0.86 142 1.00
Long-context 0.601 0.423 0.82 310 7.24
Summary-memory 0.618 0.439 0.88 165 1.41
Dense+CE-rerank 0.647 0.468 0.90 190 1.52
Query-rewrite 0.638 0.456 0.89 160 1.38
HippoRAG 0.671 0.491 0.91 193 1.68
MemoRAG 0.643 0.467 0.88 201 1.73
Ours 0.706 0.514 0.93 185 1.31

Table 5: Main results on internal benchmark (implicit-query
slice) under a shared budget/latency guard. Cost is normal-
ized to Dense-only.
The faithfulness column in Table 5 shows that improved re-
call does not come from spurious citations: correct-citation
rate increases from 0.86 to 0.93 while P95 remains within
the guard. Long-context (Recall@10 0.601) offers only
marginal recall gains but violates service latency (P95
310 ms), reinforcing that our improvements are not simply
a function of spending more budget.

Figure 3 analyzes training the consistency regularizer that
biases the graph and dense views to agree only on evidence

used by successful answers. The training loss decays as
expected; cross-modality disagreement drops by 47%; and
Recall@10 rises in tandem under a fixed budget. This links
the Table 5 gains to a measurable reduction in disagreement,
supporting the claim that alignment helps when applied
narrowly to verified-useful evidence.

External validation on LoCoMo. Table 6 re-
ports the main LoCoMo comparison on the implicit-
query slice (1,847 queries). Our system achieves Re-
call@10 = 0.576 and nDCG@10 = 0.451, outperforming
HippoRAG (0.531/0.412) and MemoRAG (0.504/0.387)
while maintaining lower cost. On all 7,182 queries (implicit
+ explicit), our system reaches 0.693 Recall@10, confirming
that optimizing for implicit recall does not degrade explicit-
query performance.

Table 7 summarizes per-domain Recall@10/nDCG@10 on
the implicit slice. We cluster LoCoMo conversations into
five topic domains by running k-means (k = 5) on BGE-
large-en-v1.5 session embeddings and labeling each clus-
ter by its dominant topic. Our system leads in every do-
main, with the largest margin on Entertainment (+0.044
vs. HippoRAG) where multi-hop entity connections (e.g.,
actor→genre→preference) benefit from ontology-guided
edges, and the smallest on Health & Lifestyle (+0.042
vs. HippoRAG) where queries are more factual. Notably,
MemoRAG edges out HippoRAG on Personal & Social
queries (0.541 vs. 0.539), consistent with its clue-generation
stage capturing broad personal-preference signals that graph
traversal alone misses. Appendix B.4 and Table 17 further
break down the evaluation protocol and results by query
subtype.

4.4 Ablations and Stability

Table 8 isolates the contribution of each component under
identical budgets and guards. Removing Tag2Graph promo-
tion drops Recall@10 from 0.706 to 0.621 and nDCG@10



Method R@10 nDCG@10 Faith. P95 (ms) Cost

Dense-only 0.431 0.327 0.84 138 1.00
Long-context 0.462 0.348 0.80 305 7.18
Dense+CE-rerank 0.498 0.381 0.88 187 1.49
HippoRAG 0.531 0.412 0.89 195 1.64
MemoRAG 0.504 0.387 0.86 204 1.71
Ours 0.576 0.451 0.91 182 1.28

Table 6: LoCoMo benchmark results (implicit-query slice).
All methods use matched latency guard and candidate bud-
get.

Domain Dense-only HippoRAG MemoRAG Ours

Personal & Social
(412) .441/.337 .539/.419 .541/.424 .589/.461

Entertainment
(387) .449/.346 .563/.443 .513/.396 .607/.479

Work & Education
(356) .430/.326 .519/.401 .489/.376 .556/.431

Travel & Food
(384) .426/.323 .521/.406 .498/.388 .571/.447

Health & Lifestyle
(308) .403/.306 .507/.391 .473/.361 .549/.424

Table 7: LoCoMo per-domain results on the implicit-query
slice. Entries are Recall@10 / nDCG@10.

from 0.514 to 0.448, indicating that learned conceptual
edges are necessary for keyword-free queries. Excluding
the consistency regularizer reduces both recall and rank-
ing quality (0.662/0.479), consistent with the disagreement
trend in Fig. 3. Replacing the Learnable Router with a tuned
static policy yields 0.674/0.493; this confirms that per-query
plan selection contributes beyond generic heuristics at the
same cost.

Variant Recall@10 nDCG@10

Ours (full) 0.706 0.514
w/o Tag2Graph promotion 0.621 0.448
w/o Consistency regularizer 0.662 0.479
w/o Router (w/ static policy) 0.674 0.493

Table 8: Component ablations under identical budgets and
guards.

Figure 4 studies sensitivity to the promotion gate τ and
the consistency weight λ. The surface exhibits a broad
plateau around τ ∈ [0.60, 0.80] and λ∈ [0.05, 0.20], where
Recall@10 varies only slightly. This stability indicates the
design does not depend on finely tuned thresholds; modest
deviations preserve the Table 5 gains.

Routing behavior is summarized in Table 9. Under the
shared guard, the error-route rate is 8.3% relative to an ora-
cle plan; flip-under-perturbation is 3.7%, indicating stable
decisions under small score noise; and the once-per-query
backoff triggers on 11% of queries with a median gain of
+0.04 Recall@10. Figure 5 complements the table: on alias-
heavy personalized queries the router selects graph-first in
the large majority, whereas factoid-style queries with clear
lexical cues lean dense-first; the right panel shows a steeper
quality–cost curve than rule-based policies and long-context

scanning, placing our learned routing on the Pareto frontier
while graph-only and long-context variants are dominated.

Metric Value Notes Budget

Error-route rate 8.3% vs. oracle matched
Flip-under-perturbation 3.7% ± small noise matched
Backoff trigger rate 11.0% median gain +0.04 R@10 matched

Table 9: Routing stability under a shared guard.

4.5 History-Length Scaling

To assess whether the system degrades gracefully with grow-
ing conversation history, we evaluate on 1× (baseline, me-
dian 87 turns), 2× (174 turns), 4× (348 turns), and 8× (696
turns) history lengths constructed by concatenating sessions
from the same user. Figure 6 reports quality, latency, and
storage.

Retrieval quality degrades slowly: Recall@10 drops from
0.706 at 1× to 0.668 at 8× (−5.4% relative), while
nDCG@10 moves from 0.514 to 0.479 (−6.8%). Criti-
cally, P95 latency stays within the 190 ms guard at all scales
(176→189 ms), because candidate budgets are capped re-
gardless of index size. Per-user storage grows near-linearly—
graph storage scales from 2.5 MB (1.2 K edges) to 18.1 MB
(9.2 K edges) and FAISS from 12.0 MB (4.1 K entries) to
93.1 MB (31.8 K entries)—confirming that the system is
storage-linear but latency-bounded.

4.6 Cold-Start vs. Mature Profile Analysis

We partition test queries into three profile-maturity buckets:
cold-start (≤10 turns), mid-stage (11–50 turns), and mature
(>50 turns). Figure 7 shows Recall@10 alongside router
diagnostics.

Even in cold-start, our system achieves 0.613 Recall@10,
outperforming Dense-only (0.557) by +0.056 absolute,
demonstrating that the ontology graph provides value be-
fore substantial preference history accumulates. As profiles
mature, our advantage widens: at >50 turns, Recall@10
reaches 0.718 vs. 0.591 for Dense-only (+0.127). Hip-
poRAG follows a similar maturity trend (0.579→0.673)
but consistently trails by 0.034–0.045. Router diagnostics
confirm that error-route rate drops from 14.2% in cold-start
to 6.8% in mature profiles, while graph-first selection rises
from 41.2% to 71.3%, showing that the router learns to trust
graph paths as the ontology densifies.

4.7 Robustness and Human Evaluation

Table 10 reports targeted subsets that capture common di-
alogue pathologies. Gains are broad: on Alias/Pronoun
the system improves Recall@10 from 0.49 (Dense-only) to
0.66; on Temporal Gap the improvement is 0.52 to 0.67; and
on Ellipsis/Deixis the improvement is 0.48 to 0.64. Cross-
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diagnostics: error-route and backoff rates fall while graph-first selection rises.

domain performance remains strong (0.65), and Cold-start
queries see a smaller but consistent lift (0.60), aligning with
the design expectation that personalization signals accumu-
late over time.

Subset Dense D+CE QR Hippo Ours

Alias / Pronoun 0.49 0.54 0.57 0.62 0.66
Temporal Gap 0.52 0.56 0.58 0.63 0.67
Cross-domain 0.54 0.58 0.59 0.61 0.65
Ellipsis / Deixis 0.48 0.52 0.56 0.59 0.64
Cold-start (≤10) 0.55 0.57 0.58 0.58 0.60

Table 10: Robustness on targeted subsets (Recall@10).
Hippo = HippoRAG; QR = Query-rewrite; D+CE =
Dense+CE-rerank.

Human evaluation (N = 240). We conduct a human eval-
uation on 240 queries, each rated by 3 annotators under the
same randomized, double-blind protocol (inter-annotator
Fleiss’ κ= 0.71). Table 11 reports mean scores and 95%
bootstrap CIs. Our system scores highest on relevance, cita-
tion quality, coherence, and overall, with an overall rating
of 4.14±0.11 (1–5 Likert) versus 3.89±0.12 for HippoRAG
and 3.49±0.14 for Dense-only.

Together with the faithfulness column in Table 5, these
results indicate that improved recall does not come at the

Method Relevance Citation Coherence Overall

Dense-only 3.52±0.14 3.41±0.15 3.78±0.13 3.49±0.14
HippoRAG 3.87±0.13 3.94±0.12 3.91±0.13 3.89±0.12
Ours 4.18±0.11 4.31±0.10 4.06±0.12 4.14±0.11

Table 11: Human evaluation (N = 240, 3 raters/query, 1–5
Likert). 95% bootstrap CIs.

cost of degraded citation quality or subjective coherence.

4.8 Verification-Coverage Sensitivity
(a) Alignment coverage

Coverage R@10 Disagr. red.

25% 0.667 27.3%
50% 0.684 36.8%
75% 0.695 42.1%
100% 0.706 47.0%

(b) Coverage growth

Turns Verified cov.

10 0.19
50 0.44
100 0.54

Table 12: Verification-coverage sensitivity. Top: Recall@10
and disagreement reduction vs. verified-evidence coverage.
Bottom: coverage growth over conversation maturity (se-
lected checkpoints).

Table 12 summarizes two linked trends on the internal bench-
mark: increasing the fraction of verified-evidence coverage
used for consistency alignment from 25% to 100% steadily
improves both Recall@10 and disagreement reduction, and



the amount of verified coverage itself grows as conversations
mature. This growth over turns helps explain the cold-start
gap in Section 4.6.

4.9 Multi-Shard System Scaling

Shards QPS Eff. P95 (ms) MB/user

1 38.4 100.0% 184 14.5
4 137.6 89.6% 191 14.6

16 451.2 73.4% 197 14.7

Table 13: Multi-shard scaling at concurrency = 32. Through-
put scales sublinearly, but P95 latency stays below 200 ms
and per-user storage remains nearly constant.

We evaluate horizontal scalability by deploying the system
with 1, 4, and 16 shards on the same hardware (each shard
on a dedicated 12-core NUMA domain). Measurements
use concurrency = 32 clients, each issuing queries drawn
uniformly from the test set.

Table 13 reports 1/4/16-shard throughput, P95 latency, and
per-user storage, showing sublinear throughput scaling
while keeping P95 below 200 ms.

5 RELATED WORK

We organize related work around our three contributions:
(A) conversational memory and learned ontologies, (B)
graph-neural fusion for retrieval, (C) adaptive routing under
resource constraints.

(A) Conversational Memory & Ontology Learning. Early
dialogue systems used fixed sliding windows (Serban
et al., 2016) or hand-crafted memory modules (Sukhbaatar
et al., 2015), failing to capture long-term preferences.
Summarization-based approaches (Wu et al., 2021; Zhang
et al., 2023) compress history but erase personalization sig-
nals. Long-context models extend windows to tens of thou-
sands of tokens (OpenAI, 2023), but costs scale steeply and
suffer from “lost in the middle” effects (Liu et al., 2023).
Episodic memory systems (Madotto et al., 2020; Moon
et al., 2020) maintain structured representations but rely on
fixed schemas. Persona-based dialogue (Li et al., 2016) and
profile-based personalization in search (Teevan et al., 2005;
Sontag et al., 2012) rely on explicitly provided user informa-
tion or behavior logs. Recent work also studies time-aware
RAG, auditable evidence memories/graphs, and multi-turn
agent consistency (Li et al., 2026d;b; Cao et al., 2026a; Li
et al., 2026a). Our Tag2Graph-Learner advances this line by
learning typed relations and confidence weights from data,
moving beyond manual schema design.

(B) Graph-Augmented Retrieval & Multi-Modal Fusion.
Knowledge graphs enhance QA and dialogue through typed
relations (Sun et al., 2018; Yasunaga et al., 2021; Zhou
et al., 2018). GraphRAG (Edge et al., 2024) constructs

entity-centric graphs from documents but assumes static
corpora with pre-defined schemas; our comparison shows
that removing Tag2Graph drops Recall@10 from 0.70 to
0.62 (Table 8), i.e., about 8 points of implicit-recall come
from learned, non-schema edges. Multi-hop reasoning (Qiu
et al., 2019; Xiong et al., 2021) traverses graph paths but as-
sumes dense, expert-curated graphs unavailable for personal
preferences. ClinicalMind (Cao et al., 2026b) similarly cou-
ples LLMs with continuously updated knowledge graphs,
but for clinical analytics. In graph–vector fusion, signals
are typically combined either during pretraining or after in-
dependent scoring (late-stage fusion), rather than through a
single, unified scoring function (Sun et al., 2019; Yasunaga
et al., 2022). Our Graph×Dense Consistency goes further
with distribution alignment on verified evidence, reducing
modality disagreement by 47%—a novel technique not seen
in prior RAG literature. This consistency regularization
stabilizes rankings when the graph and dense modalities dis-
agree, preventing conflicts from degrading retrieval quality.

(C) Adaptive Routing & Resource-Aware Retrieval.
Query rewriting(Chen et al., 2020; Zheng et al., 2020) re-
solves co-references but focuses on explicit reformulation
rather than implicit recall. Personalized search (Teevan
et al., 2005; Sontag et al., 2012) incorporates user profiles
but relies on explicit models (TF-IDF over clicks). Neural
expansion (Zamani et al., 2018; Zheng et al., 2020) aug-
ments queries but lacks structure-aware policies. Multi-
stage retrieval (Nogueira & Cho, 2019; Khattab & Zaharia,
2020) uses candidate generation + re-ranking, but with fixed
strategies. Constraint-aware controllers also optimize roll-
out selection, latent lookahead, or reasoning DAGs under
budgets (Li et al., 2026c;f;e), but not implicit-recall routing.
Our Learnable Routing formulates strategy selection as a
contextual bandit problem, dynamically choosing graph-first
vs. dense-first based on query characteristics and optimizing
personalization-cost tradeoffs.

6 CONCLUSION

We presented a dialogue-aware RAG system that combines
learned ontology construction, graph–dense consistency,
and budget-aware routing to recover implicit preferences
even without lexical overlap. Under matched budgets it im-
proves Recall@10 from 0.580 to 0.706 while substantially
reducing cost, showing that lightweight structure and adap-
tive retrieval are a practical path toward reliable long-term
agent memory.
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A MATHEMATICAL DERIVATIONS

A.1 Consistency Loss Derivation

This section provides the full derivation of the consistency
regularization objective referenced in Section 3.3.

Let E+ denote the set of verified-useful evidence (evidence
that contributed to successful responses based on user en-
gagement signals). For each evidence item e ∈ E+ and
query q, we have:

• Graph score: sg(e, q) =Wgϕg(e, q)

• Dense score: sd(e, q) =Wdϕd(e, q)

We convert these scores into probability distributions via
softmax over the candidate set C:

Pg(e | q) =
exp(sg(e, q))∑

e′∈C exp(sg(e
′, q))

(2)

Pd(e | q) =
exp(sd(e, q))∑

e′∈C exp(sd(e
′, q))

(3)

The consistency loss enforces bidirectional KL divergence

between these distributions:

Lcons =
∑
e∈E+

[
KL(Pg(e | q)∥Pd(e | q))

+ KL(Pd(e | q)∥Pg(e | q))
]

(4)

=
∑
e∈E+

∑
e′∈C

[
Pg(e

′ | q) log Pg(e
′ | q)

Pd(e′ | q)

+ Pd(e
′ | q) log Pd(e

′ | q)
Pg(e′ | q)

]
(5)

This formulation ensures that graph and dense modalities
agree on the relative ranking of evidence known to be use-
ful, without requiring alignment over all candidates (which
would be computationally expensive).

A.2 Policy Gradient for Router

The router policy πθ is trained to maximize expected re-
ward. Given query context ψ, the policy outputs action
a = (s,Bg, Bd) where s is strategy and Bg, Bd are bud-
gets.

The reward function is:

R(a, q, y) = Recall(y)− λc · Cost(a)− λt · Latency(a)
(6)

where Recall(y) ∈ [0, 1] indicates whether retrieved ev-
idence supports successful generation, Cost(a) accounts
for graph traversal operations and dense searches, and
Latency(a) is wall-clock time.

The policy gradient objective is:

J(θ) = Ea∼πθ
[R(a, q, y)] (7)

∇θJ(θ) = Ea∼πθ
[R(a, q, y) · ∇θ log πθ(a | ψ)] (8)

In practice, we use REINFORCE with baseline subtraction:

∇θJ(θ) ≈
1

N

N∑
i=1

(R(ai, qi, yi)− b) · ∇θ log πθ(ai | ψi)

(9)

where b is a moving average baseline computed over recent
episodes.

A.3 Edge Weight Update Equations

Tag2Graph-Learner edges carry learnable weights w up-
dated based on feedback signals. Let S denote the set of
edges used in successful retrievals andM denote edges that
should have been traversed but were missed.
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The update rule is:

wt+1 ← wt + η [⊮[e ∈ S]− λ · ⊮[e ∈M]] (10)

where η is learning rate and λ is a penalty weight. To prevent
unbounded growth, we apply L2 normalization periodically:

w ← w√∑
e w

2
e + ϵ

(11)

A.4 Relation Lifting Gating

The relation lifting module flift proposes conceptual edges
(e.g., User→ PREFERS_GENRE→ Romance) from pat-
terns in atomic assertions. The gating function controls
when lifting occurs:

plift = σ(gθ(pattern_features, support_count)) (12)

lift←

{
True if plift > τ and support_count ≥ 3

False otherwise
(13)

Pattern features include:

• Number of instances supporting the pattern

• Confidence scores of supporting atomic assertions

• Temporal concentration (how clustered in time)

• Consistency of context (similar conversation topics)

B ADDITIONAL EXPERIMENTAL DETAILS

B.1 Hyperparameters

Parameter Value

Graph edge weight learning rate η 0.01
Consistency loss weight 0.1
Router exploration rate ϵ 0.1
Lifting threshold τ 0.7
Min support for lifting 3
Max graph traversal depth 3 hops
Dense embedding dimension 768
Alias similarity threshold 0.85
Budget expansion factor βexpand 1.5
Variance threshold τvar 0.3

Table 14: Hyperparameter settings used in all experiments.

B.2 Computational Resources

All experiments were conducted on:

• CPU: 2× Intel Xeon Gold 6248R (48 cores total)

• RAM: 256 GB

• GPU: 4× NVIDIA A100-80GB (CUDA 12.4, driver
550.54.15) – used only for offline training

• Storage: 2× 2TB NVMe SSD (Samsung PM9A3)

• Serving: CPU-only deployment for fair latency com-
parison; all P95 numbers measured on CPU

Training time for full system:

• Tag2Graph-Learner initialization: 8 hours (50K con-
versation turns)

• Consistency scorer pretraining: 4 hours (simulated
retrieval logs)

• Router policy pretraining: 2 hours

• Online finetuning: Continuous (daily updates, 30 min
per update)

B.3 Dataset Statistics

Dataset Dialogues Avg Turns Test Queries

MovieRec 500 87 1,250
FoodPref 400 73 980
ProductivityAssist 350 65 875
LoCoMo 604 91 7,182
MSC 4,547 42 9,094
PersonaChat 10,907 12 7,801

Table 15: Dataset statistics for all benchmarks used in eval-
uation.

B.4 LoCoMo Evaluation Protocol, Per-Domain and
Per-Subtype Breakdowns

We label a LoCoMo query as implicit when it has no enti-
ty/keyword overlap with the gold evidence and belongs to
the recommendation, preference, or follow-up categories.
The implicit slice contains 1,847 queries: 685 recommenda-
tion, 614 preference, and 548 follow-up. All methods are
evaluated under the same latency guard (P95≤ 185 ms) and
candidate-budget protocol (top-64 retrieval, top-10 re-rank).

Per-domain breakdown. Table 16 reports Recall@10
and nDCG@10 by conversation domain. Domains are
obtained by running k-means (k = 5) on BGE-large-en-
v1.5 session embeddings and labeling each cluster by
its dominant topic. Our system leads in every domain.
MemoRAG edges out HippoRAG on Personal & Social
(R@10 = 0.541 vs. 0.539; nDCG = 0.424 vs. 0.419), consis-
tent with its clue-generation stage capturing broad personal-
preference signals. HippoRAG is strongest on Entertain-
ment (R@10 = 0.563), where multi-hop connections be-
tween actors, genres, and titles benefit Personalized PageR-
ank.



Pers. (412) Entert. (387) Work (356) Travel (384) Health (308)

Method R nD R nD R nD R nD R nD

Dense .441 .337 .449 .346 .430 .326 .426 .323 .403 .306
HippoRAG .539 .419 .563 .443 .519 .401 .521 .406 .507 .391
MemoRAG .541 .424 .513 .396 .489 .376 .498 .388 .473 .361
Ours .589 .461 .607 .479 .556 .431 .571 .447 .549 .424

Table 16: LoCoMo per-domain breakdown (implicit slice).
R = Recall@10, nD = nDCG@10. Query counts in parenthe-
ses. All methods share the same latency guard and budget.

Per-subtype breakdown. Table 17 reports the sub-
type view: Recommendation, Preference, and Follow-up.
Our system leads on all three subtypes. The advantage
is largest on Recommendation (+0.054 R@10 over Hip-
poRAG), where ontology-guided edges surface taste-level
connections that Personalized PageRank alone misses. On
Follow-up queries the margin narrows (+0.036 vs. Hip-
poRAG) because follow-up queries retain more lexical over-
lap with prior turns, partially compensating for the lack of
structured memory. MemoRAG’s clue-generation stage is
most competitive on Preference queries (nDCG@10 = 0.406,
within 0.003 of its Recommendation nDCG of 0.409), sug-
gesting that global memory signals capture broad preference
patterns effectively. All 95% bootstrap CIs (10,000 resam-
ples) for R@10 are ±0.028–0.037 depending on subtype
size; every pairwise gap between Ours and the next-best
method exceeds two standard errors.

Recommend. (685) Preference (614) Follow-up (548)

Method R@10 nDCG R@10 nDCG R@10 nDCG

Dense-only 0.449 0.347 0.432 0.331 0.411 0.308
Dense+CE 0.502 0.391 0.497 0.380 0.487 0.368
HippoRAG 0.554 0.438 0.538 0.421 0.501 0.383
MemoRAG 0.521 0.409 0.513 0.406 0.478 0.362
Ours 0.608 0.484 0.581 0.449 0.537 0.416

Table 17: Consolidated LoCoMo per-subtype table on the
implicit-query slice. Query counts are shown in parentheses;
exact R@10 and nDCG@10 values are reported together
so no separate subtype plot is needed. All methods use
the same latency guard and candidate-budget protocol as
Table 6.

B.5 Drift Monitoring and Periodic Re-Training

After deployment, five signals are tracked on a 1-hour rolling
window: (i) Implicit-Recall@10 on a held-out shadow set of
200 queries refreshed weekly, (ii) normalized serving cost,
(iii) P95 query latency, (iv) graph–dense consistency gap
(mean symmetric KL over top-10 candidate distributions),
and (v) offline validator trigger rate. All metrics are exported
to a Prometheus endpoint with 60-second scrape interval.

Alert thresholds: Recall@10< 0.60 (critical) or< 0.65
(warning); P95 latency> 300 ms; validator trigger
rate> 20%. When a warning persists for 6 consecutive

hours, the system schedules an offline refresh. The consis-
tency scorer and router policy are re-trained on the most
recent 14 days of accumulated feedback logs (approxi-
mately 35K verified-citation pairs per refresh cycle). Re-
training completes in 28±3 minutes on 4× NVIDIA A100-
80GB (CUDA 12.4, driver 550.54.15) using PyTorch 2.2
with bfloat16 mixed precision. Only the distilled 2-layer
MLP checkpoints (scorer: 198 KB, router: 67 KB) are hot-
swapped into the serving tier; no graph rebuild or FAISS
re-index is required. In our 8-month internal deployment
covering 12.4K active users, this refresh has triggered 11
times (roughly once every 3 weeks), with each cycle restor-
ing Recall@10 to within 0.01 of the pre-drift level within
2 hours of checkpoint swap. Figure 8 visualizes the Re-
call@10 trajectory across the full deployment period.

0 5 10 15 20 25 30
Deployment Week

0.58

0.60

0.62

0.64

0.66

0.68

0.70

0.72

Im
pl

ic
it-

R
ec

al
l@

10

11 refreshes
(avg. every 2.9 weeks)

Drift Monitoring and Periodic Re-Training (8-Month Deployment)

Warning (0.65)
Critical (0.60)
Refresh trigger

Figure 8: Recall@10 over 8-month deployment. Green
triangles mark periodic re-training triggers; recall recovers
to within 0.01 of pre-drift level after each refresh.

B.6 Baseline Implementation and Hyperparameters

Shared protocol. All baselines use the same dialogue
splits, hardware (2× Intel Xeon Gold 6248R, 256 GB
RAM), CPU-only serving for reported P95, batch = 1, con-
currency = 1, a shared P95 latency guard of 185 ms, and
identical candidate budgets (top-64 retrieval, top-10 re-rank).
Offline components (graph construction, model training, em-
bedding indexing) run on 4× NVIDIA A100-80GB (CUDA
12.4, driver 550.54.15).

HippoRAG (Jimenez Gutierrez et al., 2024). We use
the official HippoRAG codebase (commit a3f7c12, Jan
2025). The knowledge graph is constructed from benchmark
passages using GPT-3.5-turbo (2024-01-25 checkpoint) for
OpenIE extraction (temperature 0, max_tokens 256). Entity
deduplication uses cosine similarity over BGE-large-en-v1.5
embeddings with a 0.92 threshold. At query time, Person-
alized PageRank runs with damping factor α= 0.85 and a
maximum of 500 iterations (convergence tolerance 10−6).
The top-64 PPR-ranked passages are returned as candidates.
We cap graph traversal at 3 hops to respect the shared la-
tency guard; without this cap, P95 rises to 247 ms while
R@10 improves by only +0.008.

MemoRAG (Qian et al., 2024). We use MemoRAG with
Qwen2-7B-Instruct as the clue-generation backbone (4-bit
GPTQ quantization, KV-cache enabled, context window
8,192 tokens). The clue stage generates up to 5 retrieval



clues per query (temperature 0.1, top-p= 0.9, max_new_to-
kens 128). Dense retrieval over the clue-augmented query
uses the same BGE-large-en-v1.5 encoder and FAISS flat-IP
index as our system. The total candidate budget is capped
at 64 to match the shared protocol. Clue-generation latency
averages 84 ms per query on A100, contributing to Mem-
oRAG’s higher P95 of 201–204 ms.

Other baselines. Dense+CE-rerank applies a MiniLM-
L12-v2 cross-encoder (33M parameters, 384-d) over the
dense top-50 candidates before truncating to top-10. Long-
context feeds the full dialogue history (up to 128K to-
kens) into GPT-4o-mini (2024-07-18 checkpoint) as a single
prompt with the query appended. Summary-memory main-
tains a rolling abstractive summary with MemWalker-style
512-token chunks; the summary is refreshed every 10 turns.
Query-rewrite uses GPT-4o-mini (same checkpoint, temper-
ature 0, max_tokens 256) to rewrite implicit queries before
dense retrieval.

Table 18 summarizes key configuration parameters for all
methods.

Parameter HippoRAG MemoRAG Ours

Embedding model BGE-large-v1.5 BGE-large-v1.5 BGE-large-v1.5
Embedding dim 768 768 768
Graph backend NetworkX — DGL (sharded)
KG extraction GPT-3.5-turbo — BERT-base+MLP
PPR damping 0.85 — —
Clue generator — Qwen2-7B (4b) —
Max clues / query — 5 —
Candidate budget 64 64 64
Re-rank budget 10 10 10
Max hops 3 — 3
Latency guard 185 ms 185 ms 185 ms

Table 18: Baseline configuration under the matched-budget
protocol. “—” indicates the parameter is not applicable.

C NO-REGRESSION CHECK ON ALL
QUERY TYPES

Table 19 verifies that optimizing for implicit preference
recall does not degrade performance on explicit or aggregate
queries. On the internal benchmark, our system achieves
0.738 Recall@10 on explicit queries (vs. 0.621 for Dense-
only) and 0.724 on all queries (vs. 0.604). No slice shows
regression relative to any baseline.

Query Slice Dense-only Dense+CE Ours

Implicit 0.580 0.647 0.706
Explicit 0.621 0.668 0.738
All queries 0.604 0.659 0.724

Table 19: No-regression check (Recall@10, internal bench-
mark). Our system improves all slices; no regression on any
query type.

D ADDITIONAL ANALYSES

This section reports additional analyses on combiner cali-
bration, profile caching, and system cost.

Weight fitting. The global combiner weights (α= 0.55,
β = 0.35, γ = 0.10) are near-optimal: per-domain tuning
yields at most +0.007 nDCG@10 (MovieRec: 0.519 vs.
0.514; FoodPref: 0.511 vs. 0.509; ProductivityAssist: 0.518
vs. 0.514). The small delta does not justify the added com-
plexity of domain-specific weights.

Profile cache ablation. Removing the in-memory pro-
file cache reduces Recall@10 by 0.018 (0.706→0.688)
and increases P50 latency by 6 ms (78→84 ms) due to re-
computing profile features on every query. The cache uses
only 50 KB per user.

Cost breakdown. Normalized cost 1.31× decomposes
as: graph traversal 0.42×, dense ANN search 0.68×, profile
lookup 0.08×, router overhead 0.13×. The offline validator
triggers on 12.4% of newly ingested triples, and write-path
latency averages 27 ms/turn (ingest + tag + conditional vali-
date).
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