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Abstract

Multi-domain Dialogue State Tracking (DST)
requires discourse coherence that transcends
independent slot-filling. Most existing ap-
proaches rely on statistical regularities within
static schemas, failing to capture the seman-
tic coordination governing simultaneous slot
updates. In this paper, we propose Event-DST,
which models latent events as cognitive organiz-
ing units to dynamically coordinate slot inter-
actions. By projecting dialogue context into a
continuous semantic space, our model induces
a dynamic structural bias to enforce pragmatic
consistency. This structural guidance is inte-
grated via a dual-stream fusion strategy that
balances top-down structural constraints with
bottom-up textual precision. Experimental re-
sults on two benchmarks demonstrate the su-
periority of our framework, providing an in-
terpretable and parameter-efficient path toward
robust dialogue understanding.

1 Introduction

Task-Oriented Dialogue (TOD) systems aim to as-
sist users in accomplishing specific goals, such
as restaurant reservation and hotel booking. As a
core component of TOD, Dialogue State Tracking
(DST) extracts user goals and constraints at each
turn, maintaining a structured belief state to sup-
port policy learning and response generation (Wen
et al., 2017).

Most existing DST approaches predict each slot
independently from contextual representations (Wu
et al., 2019; Heck et al., 2020), without explicitly
modeling coordination among slot updates. While
effective for isolated turn-level predictions, this in-
dependence assumption becomes problematic in
multi-domain dialogues, where multiple slots are
often updated within the same semantic event (Kim
et al., 2021). In such cases, independently predict-
ing operation decisions (e.g., UPDATE and CAR-
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Figure 1: Comparison of tracking paradigms. (a) Slot-
independent prediction may produce uncoordinated slot
operations and cross-event inconsistencies. (b) Event-
guided modeling uses latent event semantics to coordi-
nate slot operations.

RYOVER) may result in partial updates, where
some slots are correctly revised while others incor-
rectly retain previous values. These locally incon-
sistent belief states can further introduce erroneous
constraints that propagate across subsequent turns,
as illustrated in Figure 1(a).

To map inter-slot dependencies, recent work
incorporates structured modeling techniques, in-
cluding schema graphs (Chen et al., 2020) and
graph neural networks (Lin et al., 2021; Zhang
et al., 2022). While Large Language Models
(LLMs) have introduced sophisticated state induc-
tion through function calling (Li et al., 2024) and
noetic graph reasoning (Li et al., 2025), these meth-
ods still rely on statistically induced relations, often
failing to distinguish incidental co-updates from
coherent semantic transitions (Ye et al., 2021; Liu
et al., 2022). Crucially, existing frameworks lack a
unified semantic organizing unit to dynamically co-
ordinate slot interactions as dialogue goals evolve
(Chen et al., 2020; Li et al., 2025).

In this work, we argue that dialogue is not merely
a sequence of slot-filling operations but a coherent
discourse governed by underlying semantic events.
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Figure 2: The overall architecture of our Event-DST model.

We propose that high-level event semantics provide
the missing link between unstructured context and
structured slot consistency. We define an “event”
not merely as a discrete user intent, but as a la-
tent semantic condition that dictates which slots
should interact and how. By grounding slot inter-
actions in these latent events, we can dynamically
modulate the information flow between slots, pri-
oritizing connections that are relevant to the cur-
rent dialogue state. As conceptually illustrated in
Figure 1(b), modeling latent events as unified se-
mantic conditions enables event-guided co-updates–
ensuring that multiple slots, such as bookday and
bookpeople, are updated in unison. This mecha-
nism effectively eliminates the partial updates and
local inconsistencies that frequently plague slot-
independent paradigms.

Building on this insight, we present a novel
framework: Event-guided Dialogue State Tracker
(Event-DST). Unlike previous methods that rely
on static graphs, our approach introduces a dy-
namic event-guided structural bias. Specifically,
we project dialogue contexts into a continuous
event space and use these representations to gen-
erate an adaptive bias term, which modulates the
attention mechanism between slots. Furthermore,
to balance the benefits of raw contextual under-
standing and structured reasoning, we design a
dual-stream fusion mechanism. This mechanism
processes slot representations through two paral-
lel paths—a text-driven path for precise value ex-
traction and a structure-enhanced path for consis-

tency modeling—before adaptively fusing them via
a gated integration layer.

To summarize, our contributions are three-fold:
(1) We highlight the role of dialogue-level event
semantics in coordinating slot updates for dialogue
state tracking. (2) We propose an event-guided
DST framework that dynamically regulates inter-
slot interactions by integrating contextual slot repre-
sentations with event-conditioned structural depen-
dencies. (3) Experimental results on multi-domain
benchmarks validate the effectiveness of the pro-
posed approach.

2 Related Work

2.1 Semantic Organizing Units

Mainstream Dialogue State Tracking (DST)
paradigms have largely adopted a slot-centric
formulation, treating each slot as an indepen-
dent prediction unit. Early representative ap-
proaches, such as SUMBT (Lee et al., 2019) and
BERT-DST (Chao and Lane, 2019), rely on non-
parametric slot–utterance matching or discrimina-
tive classification to estimate values directly from
the dialogue context. Although this decomposition
scales well to multi-domain settings, it ignores the
semantic connections between slots. Consequently,
these models often fail to maintain consistency
when multiple slots must be updated simultane-
ously.

To address the decision complexity of direct
value prediction, subsequent research introduced
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slot-level operations as intermediate decision units.
For instance, TRADE (Wu et al., 2019) employs
slot gates to determine update types before gen-
eration, while TripPy (Heck et al., 2020) charac-
terizes state transitions via copy mechanisms from
dialogue history or memory. Although these formu-
lations improve efficiency by filtering unchanged
slots, they remain fundamentally slot-centric: they
model how individual slots change but lack a uni-
fied semantic rationale for why specific subsets of
slots (e.g., hotel-area and hotel-price) are updated
jointly.

Beyond local slot modeling, prior research has
explored higher-level semantic abstractions to cap-
ture global dialogue dynamics. TreeDST (Cheng
et al., 2020) imposes hierarchical constraints
among dialog acts and slots, whereas latent variable
models (Min et al., 2020) introduce hidden states to
approximate implicit dialogue modes. Other works
incorporate discourse-level structures to regularize
long-horizon state evolution (Ouyang et al., 2020;
Li et al., 2024). Nevertheless, these methods often
depend on rigid schemas or weakly structured la-
tent representations, which limits their adaptability
to open-ended conversational shifts. To overcome
these constraints, a semantic organizing unit is re-
quired to provide the rationale for joint updates.
By transitioning from independent slot-filling to
event-driven inference, the model ensures that co-
occurring updates remain logically consistent with
the broader discourse goal.

2.2 Structured Slot Modeling
Complementary to the semantic unit of update is
the explicit modeling of structural dependencies
between slots. Prior graph-enhanced DST studies
have modeled domain-slot and inter-slot relations
through structured graph representations (Zhou and
Small, 2019; Lin et al., 2021). Within this line,
schema-aware approaches, such as Schema-Guided
DST (Chen et al., 2020) and CSFN (Zhang et al.,
2022), inject prior domain knowledge by construct-
ing static schema graphs. In these frameworks,
slots and domains function as nodes within a fixed
topology, employing Graph Attention Networks
(GATs) or similar propagation mechanisms to facil-
itate information flow across semantically related
slots. Although pre-computed graphs mitigate data
sparsity, their reliance on invariant adjacency matri-
ces presumes constant slot correlations. This rigid-
ity restricts the model’s ability to adapt to context-
dependent shifts in active domains.

To overcome this limitation, subsequent studies
have pivoted toward dynamic structure induction,
allowing slot dependencies to evolve alongside the
dialogue context. STAR (Ye et al., 2021) lever-
ages self-attention to learn soft slot dependencies,
while DSGFNet (Liu et al., 2022) explicitly pre-
dicts evolving graph structures conditioned on the
dialogue context. Hybrid approaches like NSR-
Graph (Li et al., 2025) further extend this by inte-
grating static schema priors with dynamically up-
dated relations. Despite the increased flexibility of
these dynamic mechanisms, the induced structures
are largely derived from statistical regularities in
the data. Consequently, they capture observable
correlations—identifying that slots often change
together—but fail to model the underlying seman-
tic coordination driven by the specific event being
executed. In contrast, anchoring structural induc-
tion in latent event semantics provides the guidance
necessary to filter spurious correlations common
in statistical modeling. Such a mechanism ensures
that inter-slot interactions are governed by precise
semantic constraints rather than surface-level co-
occurrence regularities.

3 Methodology

Our design is motivated by the linguistic obser-
vation that surface-level utterances are often am-
biguous (Kawamoto, 2026), while the underlying
communicative goal remains relatively stable. Al-
though task-oriented dialogues are often associ-
ated with coarse domain-intent labels, dialogue
state transitions can be more effectively modeled
through higher-level semantic conditions that coor-
dinate related slot updates across turns. Building
on this view, we operationalize an event as a con-
tinuous semantic representation inferred from the
dialogue context. At each turn t, this event repre-
sentation captures the current communicative con-
dition that determines which slots should interact
and how strongly they should influence each other.
Rather than relying on rigid, pre-defined schemas
that impose invariant slot relations, our event repre-
sentation induces soft, turn-specific dependencies
between slots and adapts slot interactions to the
current dialogue phase.

Based on this theoretical grounding, we present
Event-DST (as shown in Figure 2), a framework
that realizes event-guided slot interaction through
three integrated modules: (1) a context encoder
that grounds dialogue history into initial slot rep-
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resentations (§3.2); (2) a latent event-guided in-
teraction module that induces dynamic structural
constraints to modulate slot-level information flow
(§3.3); and (3) a dual-stream fusion decoder that
balances global structural coherence with local tex-
tual precision (§3.4).

3.1 Problem Formulation

We formulate Multi-Domain Dialogue State Track-
ing (DST) not merely as a static classification task,
but as a dynamic inference process of recovering
the user’s belief state from the surface discourse.
Formally, let the surface discourse at turn t be
denoted as Ht = [(U1, S1), . . . , (Ut, St)], where
U and S denote user and system utterances, re-
spectively. The objective is to infer the belief
state Bt = {(si, vt,i)}Ni=1 based on Ht, where
S = {si}Ni=1 represents the set of predefined slots.
To model the logical transitions inherent in this pro-
cess, we decompose the state update into operation
prediction and value span extraction. For each slot,
the model first predicts an operation label, such
as CARRYOVER, UPDATE, or DONTCARE. Span
extraction is applied only to slots whose operation
is UPDATE, while non-update slots either inherit
previous values or take predefined special values.

3.2 Contextual Slot Grounding

To bridge the gap between continuous linguistic
signals and discrete slot values, the Contextual
Slot Grounding module maps the raw discourse
Ht into a semantic feature space. We employ a pre-
trained encoder (BERTbase (Devlin et al., 2019)) to
map the input Ht into a sequence of contextual em-
beddings Ht = [hCLS,h1, . . . ,hL] ∈ R(L+1)×d.
Here, hCLS serves as the global context anchor,
summarizing the overall intent of the current turn.

Conditioned on these contextual embeddings, we
derive slot-specific representations through a learn-
able query-driven attention mechanism. Each slot
si is associated with a learnable query qi, which
is used to retrieve slot-relevant evidence from the
token-level representations. Specifically, we em-
ploy scaled dot-product attention (Vaswani et al.,
2017) to compute the relevance between slot si and
contextual token hj :

actxij =
(WQqi)

⊤(WKhj)√
dk

. (1)

The attention weights are normalized over all con-

textual tokens:

αij =
exp(actxij )

∑L
ℓ=1 exp(a

ctx
iℓ )

. (2)

The initial slot representation is then obtained by
aggregating token-level evidence:

r
(0)
i =

L∑

j=1

αijhj . (3)

This yields context-aware slot representations
{r(0)i }Ni=1, which capture slot-specific textual evi-
dence but do not yet model inter-slot dependencies.

3.3 Latent Event-Guided Structural
Adaptation

As discussed above, slot dependencies in multi-
domain dialogue are not fixed across turns, but
vary with the current communicative phase. We
formalize an event at turn t as a continuous seman-
tic representation et = fθ(Ht), inferred from the
dialogue history. This event representation serves
as the semantic condition for generating a turn-
specific structural bias over slots. In this way, slot
dependencies are allowed to evolve adaptively ac-
cording to the inferred event semantics rather than
being imposed by a static schema graph.

3.3.1 Semantic Event Inference
To instantiate fθ, we project the surface discourse
into a latent semantic space anchored by natural
language descriptions derived from domain-intent
metadata. These descriptions summarize the com-
municative goal and the slots typically involved
in that goal, such as “book a taxi by pickup loca-
tion, destination, departure time, and arrival time”.
They are used as semantic anchors for shaping the
event space during training, rather than as fixed
slot-slot adjacency structures.

Given the global context representation hCLS,
the model first derives an intermediate latent repre-
sentation zt:

zt = ϕ
(
W

(z)
eventhCLS + bevent

)
, (4)

where ϕ(·) = tanh(·) constrains zt ∈ RK to
(−1, 1), facilitating stable optimization. The in-
termediate representation is then projected into the
event semantic space via et = Wprojzt.

During training, et is aligned with a frozen se-
mantic prototype derived from the corresponding
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event description, as described in §3.5. During in-
ference, et is produced solely from the dialogue
context and no gold event description or intent label
is required.

3.3.2 Dynamic Structural Bias Injection
Given the inferred event representation et, we gen-
erate a Dynamic Structural Bias Bt to modulate
slot-to-slot attention. Instead of learning a static
adjacency matrix, the bias matrix is generated on-
the-fly:

Bt = reshape(Wbet) ∈ RN×N . (5)

This matrix Bt represents the event-conditioned
interaction strength between slots at turn t. We
incorporate this bias into the self-attention mecha-
nism among slots:

aslotij =
(Ws

Qr
(0)
i )⊤(Ws

Kr
(0)
j )

√
dk︸ ︷︷ ︸

Content Interaction

+ Bt,ij︸︷︷︸
Event-Guided Bias

.

(6)
By adding Bt,ij , the model explicitly promotes
information flow between semantically entangled
slots (e.g., Train-Dest and Train-Time) while sup-
pressing irrelevant connections, effectively per-
forming soft graph induction. The structure-
enhanced representation is then computed as:

rstructi =
N∑

j=1

softmaxj(a
slot
ij )Ws

V r
(0)
j . (7)

3.4 Dual-Stream Fusion and Prediction
Human language comprehension relies on the in-
terplay between bottom-up signal processing and
top-down cognitive priors. Reflecting this cognitive
synergy, we propose a Dual-Stream Fusion strat-
egy to synthesize precise local context with global
structural consistency. To this end, we maintain
two parallel processing pathways:

1. Text-Driven Path (rtexti ): This path preserves
slot-specific textual evidence for value extrac-
tion. It is computed by applying a lightweight
linear projection to the initial slot representa-
tion:

rtexti = ftext(r
(0)
i ) = Wtextr

(0)
i +btext. (8)

2. Structure-Enhanced Path (rstructi ): Output
of the event-guided interaction, focusing on
maintaining cross-slot consistency.

These streams are adaptively fused via a learnable
gate gi:

gi = σ(Wg[r
text
i ; rstructi ] + bg), (9)

rhybridi = gi ⊙ rstructi + (1− gi)⊙ rtexti . (10)

This gating mechanism allows the model to dy-
namically rely on structural priors when the text
is ambiguous, or trust the text when the value is
explicit.

Finally, the operation class is predicted via oi =
Wclsr

hybrid
i over a set of predefined actions, where

oi denotes the operation logits for slot si. For
UPDATE, the new slot value is extracted using text-
driven features [rtexti ;hj ] to preserve local context
precision. For CARRYOVER, the slot inherits the
value vt−1,i from the previous turn. For special
operations such as DONTCARE, the corresponding
values are assigned directly.

3.5 Optimization with Semantic Supervision
The model is trained end-to-end using a weighted
multi-task objective that combines the primary state
tracking task with an auxiliary semantic alignment
task:

L = Ldst + λalignLalign, (11)

where λalign is a hyperparameter balancing the
tasks.

3.5.1 Dialogue State Tracking Loss
The DST objective encompasses both operation
classification and span extraction:

Ldst =

N∑

i=1

(
λclsL(i)

cls + I[ct,i = UPDATE]L(i)
span

)
,

(12)
where ct,i ∈ C denotes the gold operation label for
slot si at turn t, and C is the predefined operation
set introduced in the prediction module. L(i)

cls is
the cross-entropy loss for operation prediction, and
L(i)
span sums the cross-entropy losses for start and

end positions.

3.5.2 Auxiliary Semantic Alignment Loss
To semantically ground the inferred event repre-
sentation, we introduce an auxiliary alignment ob-
jective. Let Devent denote the natural language de-
scription associated with the active domain-intent
event at turn t. For MultiWOZ, these descrip-
tions are constructed from the existing ontology
and domain-intent metadata without introducing
additional turn-level annotations. During training,
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active events are automatically inferred from the ex-
isting ontology and turn-level state changes, with-
out requiring additional manual event annotations.
For example, Find-Restaurant is mapped to “find
a restaurant by considering food type, price range,
area, and name”, while Book-Restaurant is mapped
to “book a restaurant with day, time, and number
of people”. When multiple domain-intent events
are active in the same turn, we average their corre-
sponding description embeddings.

We encode Devent with a frozen BERT encoder
to obtain the semantic prototype egt. Both et and
egt are represented in the same event semantic
space Rde . We align the projected event representa-
tion et, rather than the intermediate representation
zt, with this semantic prototype:

Lalign = 1− e⊤t egt
∥et∥∥egt∥

. (13)

The lower bound of Lalign is 0, achieved when et
and egt have cosine similarity 1. This objective
regularizes the event space so that the generated
structural bias Bt is grounded in semantic proto-
types rather than purely statistical co-occurrence
patterns.

4 Experiments

4.1 Experimental Settings
4.1.1 Datasets
Experiments are conducted on MultiWOZ 2.2
(Zang et al., 2020) and MultiWOZ 2.4 (Ye et al.,
2022). Both datasets follow the standard split of
8,438 training, 1,000 validation, and 1,000 test di-
alogues across five domains. We use MultiWOZ
2.2 as the main benchmark for its rectified labels
and span annotations. Additionally, we evaluate
on MultiWOZ 2.4, which cleans over 41% of the
test data but keeps the training set noisy, allow-
ing us to test model robustness against imperfect
supervision.

4.1.2 Baselines
We compare our framework against representative
baselines across multiple DST paradigms. Specif-
ically, we include sequence generation and hy-
brid copy-based approaches, such as TRADE (Wu
et al., 2019), SimpleTOD (Hosseini-Asl et al.,
2020), Seq2Seq-DU (Feng et al., 2021), AG-
DST (Tian et al., 2021), TripPy (Heck et al., 2020),
DS-DST (Zhang et al., 2020), SOM-DST (Kim
et al., 2020), and ECDG-DST (Zhu and Xu,

Table 1: JGA (%) comparison on MultiWOZ 2.2 and
MultiWOZ 2.4. For Event-DST, we report the average
results of five runs with different random seeds. ±
denotes standard deviation. Best scores are in bold.

Models MW 2.2 MW 2.4

TRADE (Wu et al., 2019) 45.40 55.05
SimpleTOD (Hosseini-Asl
et al., 2020)

56.45 –

SUMBT (Lee et al., 2019) 49.70 61.86
DS-DST (Zhang et al., 2020) 51.70 –
SOM-DST (Kim et al., 2020) – 66.78
ECDG-DST (Zhu and Xu,
2025)

51.40 –

TripPy (Heck et al., 2020) 53.50 64.75
Seq2Seq-DU (Feng et al.,
2021)

54.40 67.10

AG-DST (Tian et al., 2021) 57.26 –
UniLM (Dong et al., 2019) 54.25 –
SPACE-3 (He et al., 2022) 57.50 –
D3ST (Zhao et al., 2022) 54.20 70.80
SDP-DST (Lee et al., 2021) 57.60 –
NSR-Graph (Li et al., 2025) 52.90 –

Event-DST (Ours) 57.76 (±0.10) 71.60 (±0.13)

2025). In addition, we consider large-scale pre-
training and prompting-based methods, includ-
ing UniLM (Dong et al., 2019), SPACE-3 (He
et al., 2022), D3ST (Zhao et al., 2022), and SDP-
DST (Lee et al., 2021). Furthermore, to bench-
mark explicit dependency modeling, we incorpo-
rate structure-aware approaches that capture slot
relations via matching or graph-based reasoning,
namely SUMBT (Lee et al., 2019) and NSR-
Graph (Li et al., 2025). Together, these baselines
cover a comprehensive spectrum of paradigms,
ranging from traditional discriminative architec-
tures and explicitly structured graphs to large-scale
generative models. This diversity enables a rigor-
ous assessment of the effectiveness of our event-
guided structural modeling.

4.1.3 Evaluation
We adopt Joint Goal Accuracy (JGA) as the pri-
mary metric. JGA considers a dialogue turn correct
only if the predicted values for all tracked slots ex-
actly match the ground truth. This strict turn-level
criterion ensures that any single slot error penalizes
the entire prediction, serving as a rigorous measure
of global consistency.

4.1.4 Implementation Details
The model is implemented in PyTorch and trained
on a single NVIDIA GeForce RTX 4090D GPU
(24GB). We employ BERT-base-uncased as the
context encoder. For the auxiliary alignment task,
semantic targets egt are derived from natural lan-
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guage intent descriptions. We use manual map-
pings for MultiWOZ (e.g., Find-Restaurant →
“find a restaurant by considering food type, price
range, area, and name”) and encode them offline
using a frozen BERT instance. The resulting proto-
type embeddings have dimension de = 768, which
matches the dimension of the projected event rep-
resentation et produced by Wproj.

Hyperparameters are tuned via grid search based
on the JGA of the development set. For the co-
efficients in the training objective (Eq. 11), the
auxiliary alignment weight λalign and the operation
classification weight λcls are set to 0.02 and 0.5,
respectively. The model is optimized using Adam
with an initial learning rate of 1× 10−4, ϵ = 10−8,
and a dropout rate of 0.3.

4.2 Main Results
Table 1 presents the performance of our model and
the baselines. Overall, Event-DST achieves the
best average JGA among the compared models on
both benchmarks, with 57.76% on MultiWOZ 2.2
and 71.60% on MultiWOZ 2.4. On MultiWOZ 2.2,
Event-DST improves over the strongest baseline
SDP-DST (Lee et al., 2021) by 0.16%. On Multi-
WOZ 2.4, Event-DST improves over the strongest
baseline D3ST (Zhao et al., 2022) by 0.80%. Al-
though the improvement on MultiWOZ 2.2 is mod-
est, the consistent performance across datasets and
the reported standard deviations provide empirical
support for the effectiveness and stability of Event-
DST. Based on the comparisons in Table 1, we
make the following observations.

(1) Event-DST improves over slot-centric
methods. Compared with methods that primarily
perform slot-level prediction, Event-DST obtains
better results. On MultiWOZ 2.2, it outperforms
TripPy (Heck et al., 2020) and DS-DST (Zhang
et al., 2020) by 4.26% and 6.06%, respectively. On
MultiWOZ 2.4, it also surpasses SOM-DST (Kim
et al., 2020) and TripPy (Heck et al., 2020) by
4.82% and 6.85%, respectively. These results sug-
gest that modeling dependencies among slots is
useful for improving state tracking beyond isolated
slot-level decisions.

(2) Dynamic adaptation outperforms invari-
ant structural priors. Event-DST outperforms
structure-aware baselines on MultiWOZ 2.2, im-
proving over SUMBT (Lee et al., 2019) and NSR-
Graph (Li et al., 2025) by 8.06% and 4.86%, re-
spectively. Unlike methods that rely on fixed
schema-level relations, Event-DST generates event-

Table 2: Ablation results on MultiWOZ 2.2 and 2.4.
“w/o Semantic Alignment” removes the auxiliary event-
semantic alignment objective, while “w/o Structure”
removes the entire event-guided structural adaptation
module.

MW 2.2 MW 2.4

Model JGA ∆ JGA ∆

Full Model 57.76 – 71.60 –
w/o Semantic Alignment 56.52 ↓1.24 70.45 ↓1.15
w/o Structure 54.10 ↓3.66 69.57 ↓2.03
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Figure 3: (a) Partial Joint Accuracy (PJA) gains of the
full model over the w/o Structure baseline under in-
creasing co-update complexity on MultiWOZ 2.2 and
MultiWOZ 2.4. (b) Event-level PJA gains of the full
model over the w/o Structure baseline under increasing
co-update complexity (MultiWOZ 2.2).

conditioned structural biases on the fly, allow-
ing slot interactions to adapt to the current dia-
logue context. This suggests that dynamic, context-
dependent slot modeling is more effective than in-
variant structural priors.

4.3 Ablation Study and Analysis

To thoroughly assess the contribution of each com-
ponent in Event-DST, we conduct ablation studies
on the MultiWOZ 2.2 and MultiWOZ 2.4 test sets.
All variants share the same encoder and training
configuration.

4.3.1 Impact of Structural Components
We compare the full model against two variants to
verify the efficacy of our proposed mechanisms:

• w/o Semantic Alignment: Removes the auxil-
iary alignment loss (λalign = 0) and the event
semantic targets. The latent event zt is learned
in an unsupervised manner without explicit se-
mantic guidance.

• w/o Structure: Removes the entire event-
guided structural adaptation module. Slots
are predicted independently based on the dia-
logue context, serving as a text-only baseline.

521



As shown in Table 2, both components con-
tribute to the final performance. Removing Se-
mantic Alignment results in a drop of 1.24% on
MultiWOZ 2.2 and 1.15% on MultiWOZ 2.4, sug-
gesting that learning latent events solely from the
DST objective provides limited guidance for struc-
turing the event space. Introducing auxiliary se-
mantic alignment provides additional supervision
that helps regularize the event space and stabilize
the induced structural biases. In contrast, removing
the Structure module leads to the largest perfor-
mance degradation, with drops of 3.66% on Multi-
WOZ 2.2 and 2.03% on MultiWOZ 2.4, confirming
the importance of event-guided inter-slot depen-
dency modeling over independent slot prediction.

4.3.2 Analysis of Structural Efficacy

We analyze how the event-guided structure im-
proves tracking in complex scenarios involving
simultaneous slot updates and cross-turn consis-
tency.

Intra-Event Coordination We evaluate the ef-
fect of event-guided structural modeling on turns
requiring coordinated slot updates. A turn is con-
sidered a co-update turn if two or more slots are
updated simultaneously. Performance is measured
using Partial Joint Accuracy (PJA), which requires
all slot operations to be predicted correctly.

As shown in Figure 3(a), the advantage of event-
guided modeling increases with co-update com-
plexity. For single-slot updates, the performance
difference between the full model and the w/o Struc-
ture baseline is marginal. In contrast, for multi-
slot updates, the full model consistently outper-
forms the baseline, with the gap widening as more
slots are updated within the same turn. This trend
holds across both MultiWOZ 2.2 and 2.4, indicat-
ing that event-guided structure is particularly bene-
ficial when multiple interdependent slots must be
coordinated.

Figure 3(b) further analyzes this effect at the
event level. Events involving tightly coupled con-
straints, such as find-taxi, exhibit the largest
gains under event-guided modeling, especially
when three or more related slots are updated simul-
taneously. This indicates that the latent event rep-
resentation effectively recovers the underlying re-
lational structure of the dialogue (e.g., that a taxi’s
destination is fundamentally dependent on the ac-
tive restaurant slot), which surface-level statistical
models often treat as incidental co-occurrences.
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Figure 4: Analysis of Semantic Consistency on Multi-
WOZ 2.2. (a) Comparison of overall consistency rates
between the full model and the w/o structure baseline.
(b) Detailed breakdown of consistency improvement by
specific semantic relation types (e.g., Party Size, Area).
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Figure 5: Visualization of slot interaction patterns
for the utterance “I need a taxi to the restaurant”.
(a) w/o Structure: The model isolates domains, fail-
ing to capture dependencies between Taxi and Restau-
rant. (b) Full Model: The event mechanism activates
cross-domain attention, enabling the model to reference
Restaurant slots for Taxi updates. Note: Prefixes ‘T-’
and ‘R-’ denote Taxi and Restaurant domains.

Cross-Event Semantic Consistency. Beyond
turn-level accuracy, we assess the model’s ability to
maintain global discourse consistency—checking
if slots governed by shared constraints (e.g.,
SAME_AREA) maintain identical values. Figure 4
shows that the Full Model improves the overall
consistency rate by +6.4% absolute over the base-
line. Critically, the gain reaches +13.3% for party
size constraints, suggesting that the event mech-
anism functions as a global semantic anchor. It
propagates pragmatic constraints across disjoint
turns, ensuring that the belief state remains coher-
ent even as the conversational focus shifts across
different semantic phases.

Overall, these findings demonstrate that event-
guided structural modeling enhances coordinated
slot updates within individual events and improves
semantic consistency across related slots through-
out the dialogue, jointly accounting for the ob-
served gains in overall JGA.
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4.4 Case Study
Figure 5 visualizes how the proposed frame-
work Event-DST coordinates semantic information
across domains for the request: "I need a taxi to the
restaurant". This scenario highlights cross-domain
coreference, where the Taxi-Destination is el-
liptically referenced from an entity established in
the restaurant domain. As shown in Figure 5(a),
the w/o Structure variant fails to bridge domain
boundaries, leading to a state update failure. In
contrast, the Full Model (Figure 5(b)) detects the
latent “Restaurant-to-Taxi” event and generates a
context-dependent structural bias. This enables
pragmatic anchoring, allowing the model to lever-
age Restaurant attributes to resolve the update.
By grounding these interactions in a unified repre-
sentation, Event-DST achieves structural reason-
ing aligned with the coherent nature of human dia-
logue.

5 Conclusion

In this paper, we propose Event-DST, a framework
that reformulates dialogue tracking as an event-
guided discourse rather than a sequence of inde-
pendent operations. By modeling latent events as
cognitive units, our approach induces a dynamic
structural bias to coordinate slot interactions as con-
versational goals evolve. This is complemented by
a dual-stream strategy that synthesizes top-down
pragmatic constraints with bottom-up signals, en-
suring global belief consistency without sacrificing
local extraction precision.

Empirical results demonstrate that explicit re-
lational modeling can improve DST performance
within a parameter-efficient encoder-based frame-
work. The induced structural biases provide trans-
parent interpretability for complex cross-domain
transitions. By bridging neural learning with lin-
guistic priors, Event-DST establishes a robust, lin-
guistically plausible path for modeling communica-
tive intent in task-oriented dialogue.

Limitations

This work has several limitations. First, Event-DST
is instantiated with BERT-base as the context en-
coder, and semantic prototypes are obtained using
a frozen BERT encoder. Although the event-guided
structural bias operates on slot representations and
is conceptually independent of the encoder back-
bone, we have not systematically evaluated its gen-
erality across alternative pretrained models such as

RoBERTa, DeBERTa, T5-small, or BERT-large.
Second, Event-DST does not yet integrate re-

cent LLM-based DST paradigms, such as prompt-
ing, function calling, or structured generation. Our
current framework focuses on parameter-efficient
encoder-based modeling with explicit event-guided
structural bias. Future work could explore how
latent event representations can be incorporated
into LLM-based state tracking to guide tool use,
constrain structured generation, and provide inter-
pretable intermediate reasoning signals.
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