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Abstract. In task-oriented dialogue, conversational turns are repre-
sented as dense embedding vectors that drive the agent’s decisions. How-
ever, dialogues are sequential: the meaning of a turn depends on its accu-
mulated history, while turns are typically encoded in isolation. We study
how much of that history a turn representation should carry, compar-
ing static embeddings, a normalized cumulative state, and a calibrated
exponential moving average (EMA). Usefulness is measured by retriev-
ing past situations and scoring them with an LLM judge (MSS@10) on
held-out, cross-dialogue queries. Over a conversation-specific space (Di-
alog2Flow), even a simple average of past turns outperforms isolated
turns, and EMA (a = 0.6) improves further and generalizes to unseen
queries; over general-purpose encoders the same accumulation does not
help. The value of remembering thus depends on the base geometry, not
accumulation itself, and encoding history within the turn representa-
tion is an effective route to conversational memory when that space is
conversation-aware.

Keywords: Task-oriented dialogue, Conversational memory, Dynamic
turn representations, Dialogue embeddings, Dialog2Flow.

1 Introduction

Task-oriented dialogue systems help a user accomplish a concrete goal—booking
a hotel, requesting a ride, querying a service—by interpreting each turn, main-
taining a representation of the conversational state, and choosing an action
at every step [29,5]. Turns are commonly represented as sentence embeddings:
dense vectors from pretrained models that place semantically related utterances
nearby [20,6].

Dialogue, however, unfolds as a sequence, and many turns are uninterpretable
in isolation: elliptical answers, references, and confirmations resolve only against
the preceding turns. This is precisely why task-oriented systems track a dialogue
or belief state across turns [29,27], and why a growing body of work induces



latent representations of the conversational context rather than of the isolated
utterance [26,16,9]. An embedding computed turn by turn ignores this trajectory,
which motivates dynamic representations that fold the accumulated history into
each turn.

Turn representations can also serve as queries into a memory of past interac-
tions. Approximate nearest neighbor (ANN) search retrieves the most similar en-
tries from very large collections at low latency [11,15,10], a natural substrate for
conversational memory. By this we do not mean what the term usually denotes
for large language models—compressing or summarizing the ongoing conversa-
tion [28,17]—but an episodic store: the agent retrieves past situations similar
to its current one, typically from other conversations, as additional context to
inform—or verify—its next action [18,31]. The value of such a memory depends
on whether the representation places functionally similar situations nearby.

Concretely, we build a retrieval setting over a collection of about one mil-
lion task-oriented turns, index it with ANN structures, and use the three turn
representations—static, normalized cumulative, and EMA-calibrated—as query
encoders. We ask how much conversational history a turn representation should
carry, and assess the retrieved neighborhoods with an LLM-assisted semantic—
functional metric (MSS@10) under a cross-dialogue protocol that excludes the
query’s own conversation from the memory.”

2 Background

Task-oriented dialogue has traditionally been framed as sequential interaction,
with the agent interpreting the conversational state and selecting actions toward
a goal; classical approaches modeled this through explicit dialogue and belief
states, often as (partially observable) decision processes [29,27,5]. Neural models
then replaced hand-crafted symbols with distributed representations: embed-
dings encode words, sentences, or turns as dense vectors [2,20], and Transformer
architectures extend them toward contextualized representations [24,6]. Applied
independently to each turn, however, such embeddings capture the local content
of an utterance rather than the position of the turn within the conversational tra-
jectory. This gap has motivated work that induces latent dialogue states, actions,
or structures from data—summarizing the history in a distributed state [26] or
inducing latent structure with little supervision [16,9,13]—the line to which the
dynamic turn representations studied here belong.

Representing turns well, however, is only half the problem: to act as a mem-
ory, these vectors must be searchable at scale. Approximate nearest neighbor
(ANN) search meets this need through space partitioning, navigable graphs,
and quantization, trading accuracy for speed and memory [22,15,10,11]. The
combination of embeddings and ANN has scaled semantic search, question an-
swering, retrieval augmentation, and response selection [7,21,19]. In LLM-based
dialogue systems the same machinery underlies retrieval-augmented generation
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(RAG) [12], where retrieved evidence conditions the next response; yet the re-
trieved units are documents or candidate responses—conversational states or
situations remain comparatively unexplored.

Two elements are specific to our study. First, Dialog2Flow pretrains turn em-
beddings guided by communicative actions, organizing task-oriented utterances
into a latent space of dialogue functions [4]; it provides the conversation-aware
space over which we study accumulation. Second, because geometric fidelity to
exact neighbors does not reveal whether retrieved turns are functionally plausi-
ble, we adopt LLM-assisted evaluation, following work that uses language models
as judges of semantic quality [14,30].

These threads—dynamic conversational representations, scalable approxi-
mate retrieval, and functional evaluation—rarely meet. We integrate them: a
dialogue becomes a memory of turn representations, we ask how much history
each representation should carry, and we judge the retrieved neighborhoods not
by geometric recall but by their plausibility as conversational memory. Whether
accumulation helps, and how it should be calibrated, then becomes an empirical
question about the interplay between the base embedding space and the update
policy.

3 Methodology

This section describes the data, the turn representations we compare, and the
retrieval-based, semantic—functional protocol used to evaluate them.

3.1 Dataset

We build an experimental collection from Dialog2Flow [4], which unifies several
task-oriented dialogue corpora under a common format. We retain 101,021 com-
plete dialogues comprising 1,000,023 turns, preserving dialogue integrity: turns
are added until the one-million-vector threshold is exceeded, always after fin-
ishing the dialogue in progress. Each turn is encoded from its utterance text;
dialogue and turn identifiers preserve the conversational order.

3.2 Turn representations

Each encoder maps a turn to a vector in its own embedding space, so com-
paring encoders amounts to comparing the geometries those spaces induce. We
use three: two general-purpose Sentence-BERT checkpoints [20], all-MiniL. M-
L6-v2 [25] and all-mpnet-base-v2 [23], and one conversation-specific checkpoint,
dialog2flow-joint-bert-base [4], which produce 384-, 768-, and 768-dimensional
vectors, respectively. Evaluating across them lets us ask whether the value of
accumulation depends on the base geometry.

Formally, a dialogue is a sequence of turns uq,...,ur, and an encoder fonc
maps each turn to a vector e; = fonc(ut). The question we study is what a turn’s
representation h; should contain: only e;, or also the history ey, ..., e;—1. Figure 1



contrasts the representations we compare over each of these spaces. In the static
case (Fig. 1, top), each turn is encoded independently, e; = fonc(ut), so its vec-
tor ignores the surrounding conversation. The dynamic representations (Fig. 1,
bottom) instead fold the accumulated history into each turn: the normalized cu-
mulative state adds the running history, hy = LayerNorm(h:—1 + e;) [1] (reset
at each dialogue, hy = 0), and the FMA representation [3,8] generalizes it by
weighting history against the current turn, h{® = LayerNorm((1—a) h{”) +a e;)
with o € {0.1,...,0.9}, whose effect we examine in Section 4. All three are post-
hoc policies over frozen embeddings, not trained models, and the EMA family is
evaluated over the Dialog2Flow space. The static representation is our baseline.

Static turn embeddings €= fenc(Uy)
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Fig. 1. Turn representations over a running example: Static (top), each turn encoded
independently; Dynamic (bottom), folding accumulated history into each turn.

3.3 Retrieval and evaluation

For retrieval, the collection of turn vectors is split into a query set ) and an
index set V with Q NV =0 (|Q| = 10,000, |V| = 990,023), so a query never re-
trieves its own vector; the split is fixed across all representations. Vectors are Lo-
normalized—so inner product ranks by cosine similarity—and indexed with three
FAISS structures [11] spanning the main ANN families—inverted lists (IVF), a
navigable graph (HNSW [15]), and product quantization (IVFPQ [10])—whose
parameters are tuned to high-recall operating points; exact values are in the
public repository. Retrieval quality is reported as Recall@k against exact search
(FlatL2), alongside queries per second and memory, summarizing the accuracy—
speed—memory trade-off.

Geometric recall, however, does not reveal whether the retrieved turns are
functionally plausible as conversational memory. We therefore add an LLM-



assisted, semantic—functional evaluation: for each query ¢, a judge (gpt-4.1-mini,
temperature 0) rates every neighbor v; in the retrieved top-10 for semantic and
functional similarity to the query situation, returning an overall similarity score
score(q,v;) € {1,...,5} [14,30]. We summarize a query by its mean top-10 sim-
ilarity score (SS@10) and a configuration by the mean over the query set Q
(MSSs@10),

10
1 1
SS@10(q) = 10 E score(q, v;), MSS@10 = Ql E SS@10(q), (1)
i=1 1€Q

with |@| = 100 judged queries in the main evaluation, extended to |Q| = 500
(those 100 plus 400 held-out queries) under the cross-dialogue protocol.

Two safeguards make the comparison trustworthy. First, because the split
still allows retrieving other turns of the query’s own dialogue, a query-time
filter discards same-dialogue candidates, making retrieval strictly cross-dialogue.
Second, the 400 held-out queries are disjoint from those used to select the EMA
weight «. Variants are compared per query with the two-sided Wilcoxon signed-
rank test on paired SS@10 differences, reporting also the fraction of improving
queries.

4 Experiments and results

The experimental analysis begins with a first stage in which the performance of
the ANN indexes over static representations is evaluated. For the three consid-
ered spaces, IVF, HNSW, and IVFPQ indexes were built, using FlatL2 as the
exact reference for the computation of recall (Figure 2).

MiniLM MPNet Dialog2Flow

all@10
/
7

Recall @

ecall@100

/
7/

0 2000 4000 6000 8000 10000 0 2000 4000 6000 500 0 2000 4000 6000 8000
Queries per second (QPS) Queries per second (QPS) Queries per second (QPS)

—o— IVF  —#— HNSW IVFPQ

Fig. 2. Approximate retrieval over static embeddings: Recall@10 and Recall@100 ver-
sus QPS (FlatL2 reference), for the three spaces and IVF/HNSW/IVFPQ.



IVF reaches Recall@10 near 0.88 and Recall@100 near 0.94, HNSW sustains
comparable recall at more than 1000 queries per second, and IVFPQ compresses
the index roughly 30-60x (to about 50 MB) at a moderate recall cost. Notably,
the conversation-aware Dialog2Flow space indexes as efficiently as the general-
purpose encoders. Approximate retrieval is therefore a controlled substrate: the
differences reported below are properties of the representation, not of the index.

A faithful index, however, is not yet a useful memory. Recall guarantees
that each space returns its true nearest neighbors, but not that those neighbors
are the right ones to recall: what an agent needs from memory is a past turn
that is functionally analogous to the present one—a comparable moment in
another dialogue, where the earlier decision can inform the current one. Two
representations may be indexed equally well and still differ sharply on this, and
geometric recall, which only measures fidelity to exact search, cannot distinguish
them.

To expose that difference we turn to the semantic—functional judgment of
Section 3: for each query we take its top-10 cross-dialogue neighbors and let
an LLM judge rate how closely each matches the query situation, aggregated
per configuration as MSS@10 (Table 1). This lets us pose the central question
of the study—does folding conversational history into the turn representation
retrieve more useful memories, and does the answer depend on the underlying
embedding geometry? What we find is a clean dissociation.

Table 1. Semantic—functional evaluation: MSS@10 (mean 4+ SD over n=100 queries,
1-5 scale) for the static (baseline) and cumulative variants in each space and index.

Space Variant IVF HNSW IVFPQ
MiniLM Static 3.40+0.76 3.42+0.74 3.35£0.80
MiniLM Cumulative  3.324+0.75 3.33+0.76 3.23£0.77
MPNet Static 3.38+0.77 3.36+0.80 3.37+£0.82
MPNet Cumulative  3.31+£0.78 3.31+0.76 3.20+0.74
Dialog2Flow Static 3.294+0.80 3.29+0.77 3.30£0.74

Dialog2Flow Cumulative 3.66+0.59 3.66+0.58 3.65+0.63

Accumulation helps only in the conversation-aware space: over Dialog2Flow
the cumulative representation lifts MSS@10 from the static baseline (about 3.29)
to about 3.66 across all three indexes—the highest scores in the table—while over
the general-purpose encoders MiniLM and MPNet the same operation is flat to
slightly negative.

Two things would make this dissociation convincing: that the Dialog2Flow
gain is broad across queries rather than the work of a few, and that it tracks the
underlying geometry—that accumulation should help precisely where it leaves
the neighborhood structure intact. Table 2 evaluates both, setting the per-query



win rate of cumulative over static beside how far accumulation moves each space,
measured by cosine similarity and neighbor overlap.

Table 2. Geometry (cosine, Overlap@100 of static vs. cumulative embeddings) and
per-query win rate of cumulative over static, by space and index.

Geometry Wins over static (%)
Space cos Overlap@100 IVF HNSW IVFPQ
MiniLM 0.412 0.035 47 48 44
MPNet 0.405 0.032 48 48 41
Dialog2Flow  0.727 0.152 68 65 68

Both hold. Over Dialog2Flow, accumulation barely disturbs the neighbor-
hoods (cosine 0.73, Overlap@100 0.15) and the cumulative variant wins 65-68%
of paired queries (Wilcoxon p < 2 x 1073); over MiniLM and MPNet it over-
turns the neighborhood structure (Overlap@100 ~0.03) and the win rate falls
to parity (41-48%, none significant). Geometry and function move together:
where remembering preserves the local structure it also proves beneficial query
by query—the coupling the MSS@10 gap already hinted at.

Figure 3 examines Dialog2Flow to show what that reorganization looks like,
and two observations emerge.

(a) Approximate retrieval over Dialog2Flow

(b) UMAP projection
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Fig. 3. Exploratory view of the Dialog2Flow space. (a) Recall@100 versus QPS for IVF
and HNSW (against exact search); (b) UMAP projection of static and cumulative turn
embeddings.

First, the reshaping carries no retrieval penalty: in panel (a), the Recall@100—-
QPS curves show the cumulative representation staying as searchable as the
static one—and somewhat more so at high-recall operating points—so the func-
tional gain costs nothing in approximate-search efficiency. Second, panel (b)



makes the restructuring visible: the space genuinely rearranges under accumula-
tion, consistent with the modest neighbor overlap in Table 2. Crucially, this is the
constructive kind of reorganization: unlike in the general-purpose spaces, the re-
arrangement coincides with the semantic—functional gain rather than obscuring
it.

So far, accumulation has been uniform: every past turn contributes equally
to the running representation. But that is only one point on a spectrum—how
heavily a turn should lean on its accumulated history, rather than on its own
content, is itself a tunable quantity. The EMA update exposes it through the
weight «, which fixes how much of a representation comes from the current
turn and how much from its history: «=0.9 makes it 90% current turn and 10%
history, while a=0.5 weights both equally and recovers the uniform cumulative
baseline. We sweep « over Dialog2Flow—the only space where accumulation
proved beneficial—to ask whether a sharper balance exists (Fig. 4).
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Fig. 4. EMA weight sweep over Dialog2Flow: MSS@10 vs. « (left) and its gain A over
the cumulative baseline (right).

It does, though by a thin margin. MSS@Q10 peaks at «=0.6 and declines
on either side—small « even trails the uniform baseline. At the peak, the gain
over that baseline is +0.13, +0.12, and +0.07 MSS@10 for IVF, HNSW, and
IVFPQ, a broad win rather than an outlier (52/17/31 wins/ties/losses on IVF).
At n=100, though, the improvement is only borderline (p =~ 0.06); a stricter,
larger-scale cross-dialogue test resolves it (Table 3).

That test addresses a concrete concern: the vector-level split can still re-
turn other turns from the query’s own dialogue. Re-evaluating all three repre-
sentations on 500 queries (the original 100 plus 400 held-out), the ordering is
preserved—static & 3.35, cumulative = 3.72, EMA ~3.79—and the paired tests
confirm both effects: the static-to-cumulative gain survives with a wide margin,
and the calibrated EMA now significantly outperforms the uniform cumulative
baseline in every index, held-out queries included—the out-of-sample result that
resolves the borderline n = 100 comparison.



Table 3. Cross-dialogue MSS@10 over Dialog2Flow, paired Wilcoxon tests. A: mean
per-query difference; p: two-sided. Full: 500 queries; Held-out: 400.

IVF HNSW IVFPQ
Contrast A P A P A P
Cumulative — Static T +0.37 9x107% 40.38 2x107%° 40.35 2x10723
Held-out 40.36 1x107'° 40.36 1x107'® +0.35 6x107'®
Full ) 2x107° . 4x1074 . x107%
EMA = Cumulative Hl;ld—out 13.82 7><18‘5 188; 8><18‘4 188; El)xlg‘g
Full +0.45 2x1073 4044 1x1073* 40.42 1x10732

EMA — Stati
atie Held-out 4044 5x10°27 +0.43 2x1072° +40.43 3x10~2°

A near-duplicate control excludes one alternative reading. Task-oriented cor-
pora reuse near-identical turns across conversations, and a representation that
merely retrieved those copies would score well without capturing anything func-
tional. We measure how often each variant’s top neighbors are such cross-dialogue
near-duplicates (Table 4).

Table 4. Cross-dialogue near-duplicates over Dialog2Flow: share of top-10 and rank-1
neighbors that are near-identical turns from other dialogues.

Variant Near-dup@10  Rank-1 near-dup
Static 16.4% 43.2%
Dynamic 3.8% 20.8%
EMA («=0.6) 3.8% 20.9%

The static representation is responsible for this: near-identical turns con-
stitute 16.4% of its top-10 neighbors and are the nearest neighbor for 43% of
queries, against about 4% and 21% for the dynamic variants. Because these du-
plicates draw markedly higher judge scores (4.18 versus 3.57), they inflate the
static MSS@10—so the static-to-cumulative gap is, if anything, conservative,
while the EM A-over-cumulative contrast, sitting at the same low duplicate rate,
is untouched.

Together, these controls make the dynamic advantage difficult to dismiss: it is
significant in every index, it holds on queries withheld from tuning, and it is not
manufactured by near-duplicate retrieval. The gain from encoding history is thus
a property of the representation and its geometry, not of the evaluation—which
is exactly what a memory of past conversations should require.



5 Conclusions and future work

Our question—how much of its accumulated history a turn representation should
carry—depends less on the accumulation rule than on the space it operates in.
Folding history into the turn helps retrieve functionally relevant past situations
over a conversation-aware geometry—where a calibrated moving average helps a
little more—but not over general-purpose encoders. Remembering is beneficial,
in other words, only where the base space is already conversation-aware.

Two considerations bound the scope of these claims. First, our evidence comes
from a single conversation-aware space, Dialog2Flow; the finding that accumu-
lation helps over conversation-oriented representations is therefore established
for Dialog2Flow specifically, not for the whole class of such spaces, and con-
firming it as a class-level property would require evaluating other conversation-
aware embeddings. Second, functional plausibility is assessed by an LLM judge.
Rather than a limitation, this is what makes it feasible to scale the number of
queries and checks—paired comparisons, the cross-dialogue protocol, and held-
out replications—to a volume out of reach for human annotation. The system-
atic scoring is thus delegated to the model; human oversight was qualitative
and non-systematic, aimed at checking the coherence of the scores rather than
constituting a formal annotation study.

The representations studied here are hand-set, post-hoc policies over frozen
embeddings—a conservative, no-learning floor. The clearest next step is to learn
the update instead of fixing it: a model over turn embeddings, trained to orga-
nize situations by communicative function, of which the cumulative and EMA
policies are special cases. Further out, the fact that memory quality tracks con-
versational geometry suggests a longer-term direction—shaping representations
whose neighborhoods correspond to shared dialogue states, inducing the transi-
tion structure of a task from them, and using that structure to constrain what
an agent does next. Retrieval is the grounded first step: a memory can only guide
behavior once its neighbors are the right situations to recall.
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