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Abstract

Real-world dialogue systems frequently en-
counter long conversations involving complex
goal updates, yet existing Dialogue State Track-
ing (DST) models struggle in these settings.
In this paper, we identify and systematically
analyze three fundamental challenges behind
this performance degradation: (1) Context
Noise, where irrelevant turns in long histories
dilute key signals; (2) State Revision, where
users modify previously defined slots; and (3)
Error Propagation, a risk inherent to recur-
sive tracking methods. To address these chal-
lenges, we advocate a paradigm shift from the
prevailing Direct Modeling approach to Re-
cursive Modeling, which effectively insulates
the model from context noise by conditioning
on the previous dialogue state. Building on
this paradigm, we propose LongDST, a novel
framework equipped with sophisticated self-
correction capabilities. LongDST incorporates
two synergistic training strategies: Progressive
State Exposure, which mitigates error prop-
agation by narrowing the training-inference
gap, and Traceability-Aware Curriculum Learn-
ing, which enhances state revision accuracy by
scheduling training samples based on revision
difficulty. Extensive experiments on bench-
mark datasets demonstrate that LongDSTsuc-
cessfully overcomes the bottlenecks of long-
context DST, consistently outperforming strong
baselines across multiple backbones. The
source code! is provided for reproducibility.

1 Introduction

Task-oriented dialogue systems serve as powerful
tools for assisting users with diverse tasks, such as
booking trains or making hotel reservations (Huang
et al., 2020). Dialogue State Tracking (DST), a
crucial component of these systems, is responsi-
ble for identifying domain-slot pairs (e.g., <Hotel-
Name>) and extracting the corresponding values
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Figure 1: Challenges in Long-context DST for the
<Hotel_Name> slot. The figure illustrates how Con-
text Noise (C1) hinders Direct Modeling, while Recur-
sive Modeling faces the challenge of Error Propagation
(C3) from incorrect prior states (e.g., “city inn”’). Both
paradigms must also address State Revision (C2).

(e.g., “Eraina”) from the conversation (Peng et al.,
2020; Lin et al., 2020; Zhang et al., 2025).

While prior DST research has primarily focused
on cross-domain generalization (Wu et al., 2023;
Finch et al., 2024; Tavares et al., 2023; Dong et al.,
2024), real-world deployment increasingly reveals
a more fundamental challenge: Long-context Dia-
logue State Tracking. As user requirements grow
in complexity, models must maintain accurate slot
values across evolving dialogue histories (see Fig-
ure 1). Our empirical analysis confirms this diffi-
culty, revealing a significant degradation in Joint
Goal Accuracy (JGA) as dialogue length increases
(see Section 2). We attribute this decline to two
inherent challenges: (C1) Context Noise: Long
conversations often contain numerous irrelevant
turns that dilute key signals, causing crucial infor-
mation to be overlooked or misinterpreted (Gao
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et al., 2024; Li et al., 2025). (C2) State Revision:
Users frequently update or modify their intents
in later turns, requiring the model to dynamically
track and overwrite previous values.

Paradigm Shift. To combat the context noise
in long histories, we advocate transitioning from
Direct Modeling—adopted by most existing meth-
ods (Lee et al., 2019; Heck et al., 2020; Hosseini-
Asl et al., 2020; Peng et al., 2020; Feng et al., 2024;
Zhang et al., 2022, 2023a), where the state relies
solely on the entire dialogue history—to Recursive
Modeling (illustrated in Figure 1). In this paradigm,
the model inputs both the current dialogue history
and the explicit state from turn ¢ — 1, which enables
the model to bypass irrelevant context and focus
purely on key information relevant to state updates.

However, recursive modeling is a double-edged
sword: it introduces the risk of (C3) Error Prop-
agation, where an incorrect prediction in an ear-
lier turn corrupts subsequent states. Consequently,
a robust model must possess sophisticated Self-
Correction capabilities—not only to handle user-
driven State Revisions (C2) but also to rectify its
own past mispredictions.

To cultivate these capabilities, we propose a
novel framework, LongDST. The framework is
built on a recursive modeling paradigm that insu-
lates the model from context noise, while incorpo-
rating two synergistic training strategies to address
error propagation and state revision.

Specifically, we introduce Progressive State Ex-
posure (PSE) to mitigate error propagation. PSE
narrows the training—inference gap by gradually
replacing ground-truth previous states with the
model’s own predictions, thereby encouraging self-
correction. In addition, we propose a Traceability-
Aware Curriculum Learning (TACL) to facilitate
state revision. TACL schedules training samples
according to state revision difficulty, quantified by
Revision Richness (the extent of state updates) and
Revision Traceability (the ease of locating revision
cues). By progressing from simple extraction to
complex revision scenarios, this curriculum enables
more effective and stable training.

To summarize, our main contributions are:

* We identify and systematically analyze three
fundamental challenges in long-context DST,
namely Context Noise, State Revision, and Er-
ror Propagation, and empirically demonstrate
their impact on tracking performance.

* We propose LongDST, a novel recursive model-
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Figure 3: Performance comparison across dialogue
turns, demonstrating that Recursive modeling consis-
tently outperforms Direct modeling.

ing framework that mitigates context noise and
equips the model with self-correction capabilities
through two synergistic training strategies.

* We introduce Progressive State Exposure and
Traceability-Aware Curriculum Learning, and
demonstrate their effectiveness across multiple
backbones and benchmark datasets for long-
context DST.

2 Analysis of Challenges in Long-Context
Dialogue State Tracking

2.1 Challenge 1: Context Noise and the Need
for Recursive Modeling

As dialogues extend over dozens of turns, the accu-
mulation of irrelevant information—referred to as
Context Noise—poses a severe challenge to under-
standing. As shown in Figure 2, the JGA of a T5-
based DST model drops sharply as dialogue length
increases, regardless of the domain, indicating a
failure to distinguish critical constraints from this
noisy background. To address this, we adopt Re-
cursive Modeling, which explicitly conditions the
input on the previous turn’s state (S;_1). Figure 3
demonstrates that providing an accurate Sy elim-
inates this performance degradation. This confirms
that S;_; serves as a compact context summary,
effectively filtering noise and enabling the model
to focus purely on information updates.
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Figure 4: Incorporating the previous turn’s ground-truth
state into the model significantly alleviates JGA degrada-
tion over dialogue turns. This indicates that without ex-
plicit correction signals, models struggle to self-correct
errors accumulated from earlier dialogue states.

2.2 Challenge 2: Error Propagation

While effective at mitigating context noise, recur-
sive modeling is inherently susceptible to Error
Propagation. Because each prediction conditions
on previous outputs, errors made in early turns
can accumulate and progressively degrade future
performance. To quantify this effect, we conduct
a controlled comparison on MultiwOZ 2.1 using
a T5-based DST model under two inference set-
tings (Figure 4): (1) Ground-Truth State Inference,
where the gold state from the previous turn is pro-
vided, simulating an error-free condition; and (2)
Dialogue-Only Inference, which reflects the realis-
tic setting where the model relies on its own pre-
dicted state. The results show a clear divergence
between the two settings. While performance un-
der Ground-Truth State Inference remains stable,
Dialogue-Only Inference exhibits a pronounced de-
cline in JGA as dialogue length increases. The
growing gap between the two curves directly iso-
lates the effect of error propagation, indicating that
without explicit correction mechanisms, the model
struggles to recover from its own past mistakes.

This analysis underscores that although recur-
sive modeling is essential for long-context DST, its
effectiveness critically depends on addressing the
error propagation bottleneck.

3 Proposed Method: LongDST

Problem Formulation A task-oriented dialogue
consists of a sequence of utterances alternat-
ing between the assistant and user, denoted as
{A41,U1,...,A;,U;}, where A and U represent

assistant and user utterances, respectively. A
predefined slot set> S = {57 }3»7:1 is provided,
where J is the total number of slots across all
domains. Given the dialogue context C; =
{(A1,U1), (A2,U2), ..., (A, Uy)} at turn ¢, the
goal of Dialogue State Tracking (DST) is to pre-
dict the dialogue state consisting of slot-value pairs
(57,V;) for all slots j. Formally, the model fq
aims to learn a mapping fq : C; @ S,ﬁj - V7,
where S}’ denotes enhanced slot descriptions and
@ represents concatenation.

Crucially, our training follows a zero-shot cross-
domain setup: the model is trained on dialogues
from a subset of domains Dy, and evaluated on
unseen domains Dyesr, Where Diygin M Diest = 0.
This setting reflects practical scenarios where new
domains arise without annotated training data. As
different domains exhibit distinct slot structures
and dialogue characteristics, the model must gener-
alize across domains to accurately predict dialogue
states in unseen domains.

Overview To address the three core challenges
of long-context DST, namely Context Noise (C1),
State Revision (C2), and Error Propagation (C3),
we propose LongDST, a framework designed for
robust long-context tracking. First, to combat Con-
text Noise (C1), we adopt a Recursive Modeling
Training paradigm, utilizing the previous state as a
recursive memory to filter irrelevant history. Sec-
ond, to mitigate the Error Propagation (C3) inher-
ent in recursive models, we introduce Progressive
State Exposure, which dynamically bridges the gap
between training and inference by mixing ground-
truth and predicted states. Finally, to master the
complex State Revision (C2) required in dynamic
dialogues, we design a Traceability-Aware Curricu-
lum. As illustrated in Figure 5, this strategy orga-
nizes training samples from Easy to Hard based on
the intensity of state revisions and the difficulty of
tracing them, progressively enhancing the model’s
ability to handle evolving user intents.

Recursive Modeling Training To tackle Context
Noise (C1), we transition from direct modeling to
a recursive paradigm. As shown in the “Block
lustration” of Figure 5, we explicitly condition
the current prediction on the previous turn’s state.

*To specify the domain to which a slot belongs, a slot is
defined as the concatenation of the domain and slot name, e.g.,
“<Restaurant_Area>".



Training Stage of LongDST — Training progresses from Easy to Hard as the proportion of prediction increases
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Figure 5: Overview training process of LongDST. Top: PSR enhances the model’s ability for long-context
understanding and self-correction by gradually replacing gold dialogue states with model-predicted ones over
training epochs. All samples use gold states during the initial warm-up epoch; in subsequent epochs, the replacement
ratio increases to introduce more training difficulty. Samples are also ordered at the data ranging period based on its
revision traceability difficulty. Bottom: Each block represents a training sample. The shape indicates the source
of the previous dialogue state (prediction or ground-truth), the color denotes the training domain, and the shade

intensity reflects revision traceability difficulty.

Given context C} up to turn ¢:
C :{(Alle)v(A2>U2)a---7(At7Ut)}7 (1)
we define the enhanced input at turn ¢ as:

X, =C Y, 2)

where Y, = {(S]_,, V. 1)}3-]:1 represents the
predicted dialogue state from the previous turn,
and @ denotes sequence-level concatenation.

The DST model f; is then trained to predict the

current slot values:
V! = fa(X.,S)), 3)

where Sf is the target slot at turn ¢, and th is the
predicted value.

Progressive State Exposure. Recursive model-
ing introduces Error Propagation (C3). To miti-
gate this, we employ Progressive State Exposure
(PSE), which gradually replaces ground-truth his-
tories with model predictions. Concretely, PSE
adopts a two-stage training strategy. In the ini-
tial warm-up phase, covering the first o fraction
of training steps, we exclusively use ground-truth
states to construct the historical input, enabling
the model to learn basic instruction-following and
state prediction without interference from noisy
histories. Afterward, we progressively reduce the

reliance on ground-truth states by linearly decaying
the state replacement rate. Let n denote the current
training step and N the total number of steps. The
replacement rate ,, decreases linearly from ~ymax
(typically 1.0) to Ymin:

1.0 ifn <alN
= {'ymax — (%) - (Ymax — Ymin)  Otherwise.
“)
At each training step n, we define a state replace-
ment ratio vy, as described above, which determines
the proportion of training samples that will use the
gold dialogue state from the previous turn. Let 5
denote the current batch and R,, C B denote the
subset of samples using the gold state. Specifically,
‘R, is formed by randomly sampling each example
in B with probability ~;,.
The model input for turn ¢ is constructed as:
O _ ) {Yt*(?, ifi € Ry
X9 =t _ 5)
Y,"4, otherwise,
where ¢ indexes the training samples in batch B,
C" denotes the dialogue context, ¥;"%) is the

ground-truth state from turn ¢—1, and f/;e(j)1 is the
model’s own prediction.

Traceability-Aware Curriculum Learning. To
handle State Revision (C2), we organize training
by difficulty. As shown in Figure 5, training pro-



gresses from Easy (high traceability) to Hard (com-
plex revisions), quantified by two metrics:

1. Revision Richness. This measures the intensity
of state update for slot s in dialogue d. We extract
the sequence of state-changing events:

(08, (15, 08), o, ()0,

Ko VK,

where each event corresponds to an assignment or
reset of the slot value. The most direct measure of
state-evolution richness is the number of changes:

Cs(d) = K. (6)
We normalize this count into [0, 1]:

Cs(d)

ReV_RiCh(d7 8) = max(d/ ") C ’(d/) '

)

2. Revision Traceability. While richness measures
the amount of key information, it does not indicate
how difficult it is for the model to retain and utilize
such information. Traceability focuses on how well
the model preserves slot-related information after
each state-changing event.

Let tr(,fgd denote the prediction turn (typically
the final turn), and let h; be the model’s hidden
representation at turn ¢. For every state-changing
event at turn tgf), we compute the representational
drift between that event and the prediction point:

Ak(d,s) =1—cos| h, hs |- )
tk tpred

The overall traceability difficulty is defined as
1
Traceability(d, s) = . ; Ag(d,s). (9

This score lies in [0, 2], and larger values indicate
greater difficulty. Combining these, the final diffi-
culty is:

Diff(d, s) = % (Rev_Rich(d, s) 4 Traceability(d, s)) .
(10
Samples with higher Diff scores (darker blocks in
Figure 5) are introduced later in training, enabling
the model to systematically master complex state
revisions.

To prevent catastrophic forgetting—where the
model loses proficiency on simpler patterns while
adapting to harder ones—we further incorporate a
Data Replay strategy. Specifically, in later training
epochs, we periodically mix in a subset of lower-
difficulty samples with a ratio of 0.2. This ensures
the model maintains robustness across all difficulty
levels throughout the curriculum.

4 Experiments

4.1 Experiment Setup

Dataset Our experiments use the MultiwOZ
2.1 (Eric et al., 2019) and MultiWOZ 2.4 (Ye et al.,
2021) datasets, widely utilized in previous cross-
domain research. MultiwWOZ 2.4 builds on Multi-
WOZ 2.1 with improved DST evaluation and rean-
notated validation and test sets. We use MultiwOZ
2.4 as a reliable dataset for testing and MultiwOZ
2.1 to assess model robustness and its ability to han-
dle annotation noise. Following prior work (Wu
et al., 2019; Lin et al., 2021a,b), we select five rep-
resentative domains to evaluate our approach. The
dataset statistics are summarized in Appendix A.

Evaluation Metrics We evaluate DST perfor-
mance using Joint Goal Accuracy (JGA) and Aver-
age Goal Accuracy (AGA), consistent with previ-
ous works (Feng et al., 2023). JGA calculates the
proportion of dialogue turns where the entire state
is accurately predicted, while AGA measures the
mean accuracy across active slots per turn. A slot
is active if its value is mentioned in the current turn
and is not inherited from previous turns.

Baselines We compare our approach against ex-
isting cross-domain zero-shot approaches. These
methods include TRADE (Wu et al., 2019), Trans-
ferQA (Lin et al., 2021a), TSDST (Lin et al.,
2021b), D3ST (Zhao et al., 2022), CAPID (Dong
et al., 2024) and LDST (Feng et al., 2023). As for
MultiWOZ 2.4, we select recent baseline models in-
cluding IC-DST (Hu et al., 2022), ParsingDST (Wu
et al., 2023), RefPyDST (King and Flanigan, 2023),
DOT (Finch et al., 2024), LDST (Feng et al., 2023)
and CAPID (Dong et al., 2024). Baseline details
are shown in Appendix C.

4.2 Training Details

We conduct experiments in a cross-domain setting,
where models are trained on four source domains
and evaluated on an unseen target domain. To re-
flect practical deployment scenarios, we empha-
size inference efficiency in our DST setup. As
DST typically serves as a sub-module in task-
oriented dialogue systems and is often deployed
in latency-sensitive environments, lightweight
models are commonly preferred to balance ac-
curacy and efficiency. Accordingly, we consider
two backbone models with different scales and ar-
chitectures: T5-small (60M) (Raffel et al., 2020)
and LLaMA2-Chat-7B (Touvron et al., 2023). To



MultiWoz 2.4

Method Backbone Params Hotel Restaurant Taxi Attraction Train Average
JGA AGA JGA AGA JGA AGA JGA AGA JGA AGA JGA AGA
Small Models (< 1B params)

CAPID T5-small 60M 38.73 77.05 2935 6792 7335 8825 47.87 7432 4788 7443 4743 76.39
LongDST  T5-small 60M 65.12 83.55 61.28 77.03 91.25 94.15 60.10 73.65 67.45 7832 69.04 81.34
Large Models (> 1B params)

IC-DST Codex 12B-185B  46.69 - 57.28 - 71.35 - 59.97 - 49.37 - 56.93 -
ParsingDST ~ Gpt-3.5-turbo  20B 46.76 - 67.67 - 80.58 - 65.63 - 62.59 - 64.65 -
RefPyDST  LLaMa2-13B  13B 51.20 - 65.60 - 67.10 - 70.90 - 69.20 - 64.70 -
DOT T5-11B 11B 32.00 - 72.30 - 50.60 - 68.10 - 55.80 - 55.70 -
DOT Llama2-13B  13B 56.40 - 78.80 - 54.70 - 76.80 - 76.10 - 68.60 -
LongDST LLaMa3-8B 8B 64.25 82.15 7458 86.40 92.10 95.12 7645 8435 7590 8528 76.66 86.66

Table 1: Overall performance on the MultiWOZ 2.4 dataset across various backbones, evaluated using JGA and
AGA. Models are categorized by parameter size: Small (<1B) and Large (> 1B).

MultiWoz 2.1

Method Backbone Params Hotel Restaurant Taxi Attraction Train Average
JGA AGA JGA AGA JGA AGA JGA AGA JGA AGA JGA AGA
Small Models (<1B params)
T5DST T5-small 60M 21.21 - 21.65 - 64.62 - 33.09 - 3543 - 35.2 -
CAPID T5-small 60M 31.10 7256 31.64 69.06 6541 83.75 40.88 6899 3426 6593 40.66 72.06
Prompter PPTOD-s ~60M  19.20 - 26.00 - 66.30 - 35.80 - 39.00 - 37.26 -
TRADE ELMo 94M 13.70 65.32 11.52 5343 60.58 7392 19.87 5553 2237 4931 2561 59.50
MA-DST ELMo 94M 16.28 - 13.56 - 59.27 - 22.46 - 22.76 - 26.87 -
TransferQA  T5-large 770M 2272 7784 2628 81.73 61.87 86.48 3125 60.62 36.72 8721 3577 78.78
D3ST T5-base 220M 21.80 - 38.20 - 78.40 - 56.40 - 37.70 - 46.5 -
LongDST  T5-small 60M 60.12 8340 61.15 7752 9045 93.82 59.10 73.05 67.58 79.55 67.68 81.47
Large Models (> 1B params)
FNCTOD LLaMa2-13B 13B 46.83 - 60.27 - 67.48 - 62.24 - 60.90 - 59.54 -
LDST LLaMa2-7B 7B 63.32 - 73.72 - 9147 - 75.61 - 75.03 - 75.83 -
NL-DST GPT-3 Small  125M 64.80 89.30 69.50 92.10 7520 9430 59.10 86.70 5540 85.20 64.80 89.52
LongDST LLaMa2-7B 7B 63.55 7587 59.04 76.62 89.14 9239 59.57 7523 68.08 7893 67.87 79.81

Table 2: Overall performance on the MultiWOZ 2.1 dataset across various backbones, evaluated using JGA and
AGA. Models are categorized by parameter size: Small (<1B) and Large (>1B).

further simulate limited supervision, we randomly
sample 5% of the training data for T5-small and
1% for LLaMA?2, which reduces computational
cost while encouraging cross-domain generaliza-
tion. More details are provided in Appendix D.

4.3 Main Results

Our LongDSTMethod Demonstrates Consis-
tent Superiority and Generalization Across
Backbones. LongDST consistently outperforms
strong baselines across two challenging datasets,
MultiwOZ 2.1 and MultiwOZ 2.4, and a wide
range of backbone models, demonstrating strong
generalization across diverse settings (Tables 2
and 1). Results marked with “~" are not reported
in the original papers, and all baseline numbers
are taken from their respective publications. No-
tably, LongDST exhibits strong adaptability in low-
resource settings. With the LLaMA2-7B back-
bone trained on only 1% of the data, it achieves a

competitive Joint Goal Accuracy of 67.87. More-
over, LongDST also performs well on smaller ar-
chitectures such as T5-small, yielding substantial
improvements over existing methods across mul-
tiple domains. For instance, on MultiwOZ 2.1,
LongDST with T5-small trained on only 10% of
the data attains an average JGA of 67.65. Notably,
our LLaMA model achieves comparable perfor-
mance to state-of-the-art baselines (e.g. NL-DST)
trained on the full dataset using only 1% of the
training samples.

LongDST Effectively Addresses Both Long-
Context Understanding Bottleneck and Error
Propagation Challenges. Figure 6 shows that
LongDST (green line) consistently outperforms the
baseline (blue line) across most domains on Mul-
tiwOZ 2.1, with the performance gap becoming
more pronounced in later dialogue turns. This trend
indicates LongDST’s stronger ability to model
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Figure 6: Turn-level comparison of JGA and AGA on MultiWOZ 2.1.

.. . hotel restaurant taxi train attraction Average
Dataset Training Paradigm
JGA AGA JGA AGA JGA AGA JGA AGA JGA AGA JGA AGA
Dial. Only 4285 80.86 34.54 7566 6354 83.00 44.64 7125 5346 7271 47.81 76.70
MultiWoz 2.1 w. PSE 59.99 8331 61.00 7740 90.50 93.00 5807 72.69 67.67 7947 6745 81.17
w. PSE & TACL 60.00 8331 61.09 77.41 90.50 93.90 59.01 7299 67.67 79.46 67.65 81.42
Dial. Only 36.52 7857 38.63 7123 57.03 80.02 59.19 7344 6339 77.59 5095 76.17
MultiWoz 2.4  w. PSE 6394 8335 6137 7694 9131 9421 60.01 73.59 6727 78.10 68.78 81.24
w. PSE & TACL 65.03 8346 6137 76.94 9132 94.23 60.01 73.59 67.34 7827 69.01 8130
Table 3: Ablation study showing effectiveness of Progressive State Exposure..
long-context dependencies and alleviate error accu- Epoch = 3; Starting at Step 90
mulation over time. Similar observations on Multi- hotel ~restaurant taxi  train attraction
WOZ 2.4 are provided in Figure 7 in the appendix. Dial. Only 1886 4030 5330 3876  54.86
w. PSE 31.00 3895 6445 3920 6230
44  Ablation Stud w.PSE& TACL 6432 6108 9110 59.98  67.05
. ion
atto udy Epoch = 5; Starting at Step 150
Effectiveness of Progressive State Exposure. hotel ~ restaurant  taxi  train  attraction
We conduct an ablation study to validate the effec- Dial. Only 4285 3454  63.54 4464 5346
. : . . w. PSE 59.99  61.00  90.50 58.07  67.67
tiveness of PSE. As shown in Table 3, integrating w PSE& TACL 60.00 6109 9050 5901  67.67

PSE into the training pipeline yields substantial
improvements over the dialogue-only baseline on
both MultiWOZ 2.1 and 2.4 datasets evaluated on
T5 model. These consistent gains across all do-
mains demonstrate PSE’s strong ability to reduce
error accumulation during long-turn dialogue mod-
eling. In addition, as illustrated in Figure 6 and Fig-
ure 7, PSE significantly improves performance on
domains with longer dialogues (e.g., taxi, train and
restaurant). This suggests that PSE enhances the
model’s robustness in handling extended context
by progressively introducing its own predictions
during training, encouraging better state tracking
under imperfect histories.

Effectiveness of Traceability-Aware Curriculum
Learning. While PSE substantially improves
long-context understanding and reduces error prop-

3

Table 4: Ablation study demonstrating the effectiveness
of Traceability-Aware Curriculum Learning.

agation, we observe that it introduces certain insta-
bility during early-stage training. This is primarily
due to the warm-up phase governed by a hyperpa-
rameter «, which determines the number of initial
steps where ground-truth states are used to help
the model learn instruction-following behavior. If
« is not set properly, the model may struggle to
converge effectively.

To investigate this, we compare performance
under two warm-up configurations: training for
3 epochs (90 warm-up steps) and 5 epochs (150
warm-up steps). As shown in Table 4, PSE without
curriculum learning (TACL) shows inconsistent



results under the 3-epoch setting—sometimes even
underperforming the dialogue-only baseline (e.g.,
on the restaurant domain). This suggests that with
insufficient warm-up, the model lacks the initial
stability needed to effectively learn from recursive
supervision signals.

However, when TACL is added, the model
achieves consistently strong performance across
all domains, even under the shorter 3-epoch setting.
This indicates that our proposed TACL not only
accelerates convergence but also stabilizes training
by organizing samples from easy to hard. Con-
sequently, TACL reduces sensitivity to warm-up
hyperparameters and helps mitigate the instability
introduced by PSE, significantly lowering the cost
of hyperparameter tuning.

5 Related Work

5.1 Dialogue State Tracking

DST is a fundamental component of TODS (Lee
et al., 2019; Heck et al., 2020; Hosseini-Asl et al.,
2020; Peng et al., 2020; Feng et al., 2024; Zhang
et al., 2022, 2023a). It extracts and maintains a
structured representation of user goals throughout
a conversation (Lu et al., 2021), including con-
straints, requests, and preferences. Accurate DST
supports downstream API calls and personalized
recommendations (Liu et al., 2022, 2024a), making
it critical for real-world dialogue systems.

Zero-shot Cross-Domain Dialogue State Track-
ing aims to generalize to unseen domains with-
out labeled training data, a setting motivated by the
high cost of dialogue annotation. The core chal-
lenge lies in handling novel slot types, values, and
dialogue patterns. Early work explored transfer
via auxiliary corpora (Su et al., 2022; Lin et al.,
2021a) or reformulated DST as question answer-
ing (Lin et al., 2021b) or summarization (Shin et al.,
2022) tasks. More recently, large language models
(LLMs) have been applied to zero-shot DST due
to their strong generalization ability. Prompt-based
and instruction-tuned methods (Feng et al., 2023,
2024; Li et al., 2024; Heck et al., 2023; Zhao et al.,
2024; Liu et al., 2024b) extract dialogue states di-
rectly from raw histories. However, empirical stud-
ies show that LLMs still struggle in cross-domain
DST (Hu et al., 2022; Bang et al., 2023; Hudecek
and Dusek, 2023; Zhang et al., 2023b; Chung et al.,
2023), especially in complex dialogues, and their
reliance on handcrafted prompts limits robustness
and interpretability.

Long-Context Dialogue State Tracking. Real-
world conversations often involve extensive con-
texts with topic shifts and revisions, exacerbating
challenges like context noise and error propagation.
However, prior research has largely overlooked
these scenarios, particularly in zero-shot settings,
often relying on performance-degrading context
truncation. While recent works (Quan and Xiong,
2020; Hudecek and Dusek, 2023) have begun to
explore this area, effective solutions remain limited.
In this work, we explicitly target long-context DST
to address key obstacles such as error propagation
and insufficient long-context understanding.

5.2 Curriculum Learning

Curriculum Learning (CL) is a training strategy in-
spired by the human learning process, where mod-
els are trained on samples organized from easy to
difficult (Bengio et al., 2009). The central idea is
that presenting simpler examples early in training
can help models converge faster and generalize bet-
ter. CL has been explored in various NLP tasks
such as machine translation (Zhang et al., 2018),
text summarization (Xu et al., 2020), and ques-
tion answering (Sachan and Xing, 2016). In the
dialogue domain, curriculum-based methods have
been adopted to improve dialogue generation (Zhao
et al., 2020; Yang and et al., 2021) and dialogue
state tracking (Feng et al., 2024), where sample dif-
ficulty can be measured by dialogue length, number
of slots, or prediction confidence. Recent work has
also proposed adaptive curricula that dynamically
adjust the training distribution based on model per-
formance (Jiang et al., 2015; Xu et al., 2020), or
incorporate external signals such as reinforcement
learning rewards (Matiisen et al., 2019).

6 Conclusion

In this work, we identify three key challenges that
hinder dialogue state tracking in long and complex
dialogues. To address these challenges, we pro-
pose LongDST, a novel framework that leverages
Progressive State Exposure and traceability-aware
curriculum learning. Together, these components
enable more reliable state transition modeling and
effective self-correction. Extensive experiments
across multiple benchmarks and backbone archi-
tectures demonstrate that LongDST consistently
improves DST performance, particularly in long-
context and cross-domain settings.



Limitations

We discuss two limitations of our work that also
suggest promising directions for future research.

First, the proposed framework introduces addi-
tional training complexity compared to standard
DST pipelines, including curriculum scheduling
and progressive state exposure, which increases the
number of hyperparameters and requires careful
tuning. Although we adopt fixed settings across
datasets and backbones in our experiments, fur-
ther simplification or automation of the scheduling
strategy remains an important direction for future
work. Second, LongDST relies on the quality of
intermediate state predictions in recursive model-
ing. In extremely noisy dialogue settings, severely
incorrect early predictions may still hinder effec-
tive recovery, despite the proposed self-correction
mechanisms. Exploring uncertainty-aware model-
ing or confidence-based revision strategies could
further enhance robustness in such cases.
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A Dataset Statistic

We present the key statistics of the MultiwOZ 2.1
and 2.4 datasets in Table 5. Both datasets span
8 domains and contain over 10K dialogues with
similar distributions in average dialogue length and
token count per turn.
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B Description of Prompt Templates

We provide two prompts in our work: the first
prompt is used for LongDST. It guides the model
to track and update the dialogue state for the cur-
rent turn based on the full dialogue history and the
previous slot state, as is shown in Figure 8. The
second prompt (shown in Figure 9) is designed for
the Progressive State Replacement training process,
where the model is asked to generate the predicted
dialogue state for the (i — 1) turn, enabling it
to learn self-correction through its own previous
predictions.

C Details of Various Baselines

To demonstrate our method’s superiority in DST,
we compare it with various baselines under the
zero-shot cross-domain setting.

* TRADE (Wu et al., 2019). It directly gen-
erates slot values using a shared-parameter
architecture across domains, and later in-
corporates continual learning techniques
(EWC/GEM) for domain adaptation.

* TransferQA (Lin et al., 2021a). It adopts a
T5-based encoder-decoder Transformer with
masked language modeling pre-training to
solve DST task.

* TSDST (Lin et al., 2021b). It uses a generative
question-answering model that incorporates
slot-type-informed descriptions for zero-shot
cross-domain dialogue state tracking.

* D3ST (Zhao et al., 2022). It leverages schema
descriptions as prefix prompts in a genera-
tive TS5 framework, enabling zero-shot cross-
domain dialogue state tracking through uni-
fied sequence generation of slots.

* ParsingDST (Wu et al., 2023). It employs
a text-to-JSON semantic parsing framework,
which converts dialogue context and system
utterances into structured JSON representa-
tions through modular updating strategies, en-
abling controllable and interpretable zero-shot
DST.

* RefPyDST (King and Flanigan, 2023). The
baseline introduces PMI scoring within
a retrieval-augmented in-context learning
framework, which re-weights language model
completions based on their a priori likelihood
conditioned on task-specific examples.



MultiwOZ 2.4 Multiw0OZ 2.1
TRAIN VAL TEST TRAIN VAL  TEST
No. of domains 8 8 8 8 8 8
No. of dialogues 8438 1000 1000 8438 1000 1000
Total no. of turns 113556 14748 14744 113556 14748 14744
Avg. turns / dialogue  13.46 1475 1474 13.46 1475 1474
Avg. tokens / turn 15.34 15.69 15.69 15.34 15.69 15.69
Table 5: Statistics of the datasets used in our experiments.
—— DST with Dialogue Only DST with PSE — DST with LongDST (PSE & TACL)
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Figure 7: Turn-level comparison of JGA and AGA on MultiWOZ 2.4.

e DOT(Finch et al., 2024). This baseline method
employs a QA-to-slot translation framework
where GPT-generated question-answer pairs
are systematically converted into structured
dialogue state slots through value-type-aware
prompts.

LDST (Feng et al., 2023). This baseline
employs LLM-driven dialogue state tracking
(LDST) framework that utilizes fine-tuned
LLaMA models with domain-slot descriptions
and value lists in fixed prompt templates.

NL-DST (Carranza and Rojas, 2025). It gen-
erates natural language state descriptions in-
stead of structured slot-value pairs, improving
robustness and interpretability.

CAPID (Dong et al., 2024). This base-
line introduces a zero-shot DST framework
combining context-aware auto-prompting and
instruction-following contrastive decoding.
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D Implementation Details

For the T5-Small model, we train for 5 epochs
with a learning rate of 3 x 10~%, using a batch size
of 16, weight decay of 0.01, and warmup steps
of 50. Evaluation and checkpointing are done ev-
ery 500 steps. For the LLaMA-2-7B model, we
apply LoRA-based fine-tuning with parameters
(r = 8, = 16,dropout = 0.05) targeting at-
tention projections (q_proj, v_proj). We use
a learning rate of 1 x 1073, batch size of 16 (with
micro-batch size 4), and train for 3 epochs. The
sequence cutoff length is set to 1536 tokens. For
PSE, we set « = 0.25 and use a scheduled teacher
forcing ratio starting from 1.0 and linearly decay-
ing to 0.5 over training steps. All experiments are
performed on a single NVIDIA A100 GPU.



Track the state of the slot <Restau-
rant_Name> in the dialogue and Return the
final slot state after this turn.

Input: You will receive the full dialogue
up to the current turn and the previous slot
state. Task: Update the slot state based on
the current turn only. If the current turn
changes a slot value, update it. If there is no
relevant change, keep the previous state as
is.

DIALOGUE: SYSTEM:Good morning,
what can I help you? USER: Can you
help me find a particular restaurant that
I’m looking for? The restaurant is called
eraina. SYSTEM:Ah yes, the Eraina. It’s
an European restaurant in the city centre.
Would you like more info? USER:I also
need a taxi.

Previous State of <Restaurant_Name> is:
NONE

So the value of the slot <Restaurant_Name>
is:

Figure 8: Prompt Template for LongDST.

Track the state of the slot <Restau-
rant_Name> in the dialogue and Return the
final slot state after this turn.

DIALOGUE: SYSTEM:Good morning,
what can I help you? USER: Can you help
me find a particular restaurant that I'm
looking for? The restaurant is called eraina.

So the value of the slot <Restaurant_Name>

1S:
\ J

Figure 9: Prompt Template for Progressive State Re-
placement. The Dialogue actually contains turn 1 to
turn (i — 1).
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