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Abstract

Accurate Point of Interest (POI) attribute acqui-
sition is essential for location-based services,
yet traditional modular Interactive Voice Re-
sponse (IVR) systems suffer from error accu-
mulation and high maintenance overhead. We
present DulVRS-2, a large language model
(LLM)-based end-to-end framework designed
for large-scale POI attribute acquisition at
Baidu Maps. To address the long-tail distri-
bution of real-world interactions, our methodol-
ogy first employs a finite state machine (FSM)-
guided data augmentation strategy to synthe-
size a balanced and diverse training dataset.
We then streamline dialogue management via a
selective generation scheme combined with a
Chain-of-Thought (CoT) mechanism, which en-
sures output stability and effectively eliminates
hallucinations in industrial settings. To facili-
tate continuous policy refinement with minimal
manual effort, we design a cooperative itera-
tive learning framework that leverages a dual-
evaluator voting system. Deployed in produc-
tion for two months, DulVRS-2 processed 0.4
million calls daily and achieved a 83.9% Task
Success Rate (TSR), outperforming its prede-
cessor by 4 percentage points while maintain-
ing a low reaction time of 130ms. This work
provides a production-proven reference for de-
veloping robust, cost-effective LLM agents for
large-scale industrial dialogue applications.

1 Introduction

In commercial map applications like Baidu Maps,
users are provided with a wide range of Point of
Interest (POI) information including attributes like
the POI’s name and address. This rich information
empowers various POl-related tasks in Baidu Maps,
such as POl retrieval (Huang et al., 2021), POI rec-
ommendation (Chen et al., 2021; Fan et al., 2021),
geography-language pre-training (Huang et al.,
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Figure 1: Comparison of DuIVRS-1 and DulVRS-2.

2022b), and intelligent voice assistant (Huang et al.,
2022a). However, the landscape of POI data is
both highly dynamic and vast in scale, with re-
cent statistics indicating that 74.5% of the POIs on
Baidu Maps were updated in 2020. Given the sheer
volume of POIs, manually acquiring attributes for
hundreds of millions of them is impractical due
to the labor-intensive and time-consuming nature
of the task. This emphasizes the critical need for
accurate and current POI attributes to enhance user
experience and service effectiveness in practical
applications. Consequently, POI attribute acquisi-
tion, which focuses on filling in missing attributes
or revising the current values of a POI, plays an in-
dispensable role in enhancing the quality of service
and user satisfaction in map applications.

Prior studies have explored non-interactive
methods for acquiring POI attributes from web
pages (Sun et al., 2021a), street views (Fan et al.,
2022), and user-generated content (Welty et al.,
2022). However, these non-interactive methods
suffer from several challenges: (i) The data sources
may cover only limited POIs and are prone to be-
coming outdated. (ii) Extracting POI information
from open data sources is challenging due to the
free-form nature of the textual and visual data. (iii)
These approaches typically require high labor costs
in the post-prepocessing phase, hindering rapid sys-
tem updates.

To tackle these challenges, the DuIVRS-1 sys-
tem has been proposed, a telephonic Interactive
Voice Response (IVR) solution for POI attribute
acquisition (Huang et al., 2022c). It proactively



gathers POI attributes by automatically initiat-
ing calls and engaging in conversations with POI
owners to collect information. As shown in Fig-
ure 1, DulVRS-1 employs a sequential modular
design, including natural language understanding
(NLU) (Namazifar et al., 2021), dialogue manage-
ment (DM) (Carfora et al., 2020), and natural lan-
guage generation (NLG) (Peng et al., 2020), with
each module focusing on a specific subtask. How-
ever, the modular design is prone to error accumu-
lation and complicates system maintenance.

Recently, LLMs have achieved impressive per-
formance across various applications (Zhang et al.,
2026; Wang et al., 2026). However, the industrial-
ized applications of LLM on IVR systems are still
limited due to LLM’s higher cost, slower inference
speed, and difficulty in ensuring stability. Based on
this, we focus on how to implement industrialized
application deployment of LLM on IVR systems
for POI attribute acquisition. Specifically, we intro-
duce DulVRS-2, a reshaped version of the original
Dul VRS system, incorporating an LLLM to enable
a transition towards an end-to-end architecture. To
begin, we propose a data augmentation module
designed to synthesize the conversation between
users and assistants, thereby enhancing data diver-
sity and mitigating issues related to data imbalance.
By fine-tuning an LLM on these data, we enable the
LLM to adapt effectively to our specific scenarios.
Additionally, we streamline the conversation gener-
ation process through a selective generation scheme
and incorporate a CoT mechanism. These enhance-
ments improve the stability and controllability of
LLM’s output. Furthermore, we design a coop-
erative iterative learning strategy to progressively
enhance the model’s performance by alternating
data growth and policy improvement. To facili-
tate deployment, we implemented an LLLM accel-
eration strategy to efficiently manage time delays,
enhancing the system’s responsiveness. Our com-
prehensive evaluations, conducted both offline and
online, demonstrate that DulVRS-2 significantly
outperforms its predecessor.

2 Related Work

2.1 POI Attribute Acquisition

The acquisition of POI attributes is crucial for
various downstream tasks, including POI re-
trieval (Yuan et al., 2020; Huang et al., 2021) and
POI recommendation (Zhao et al., 2020). In this do-
main, existing research has identified four primary

sources for extracting POI information: (i) Street
Views: Primarily utilized to gather the names and
locations of POIs. However, this method is limited
in obtaining more detailed information (Revaud
et al., 2019; Fan et al., 2022). (ii) Web Pages:
These sources acquire POI attributes using natural
language processing techniques to parse unstruc-
tured web pages (Xu et al., 2019; Sun et al., 2021a;
Yang et al., 2022). Nonetheless, their coverage
is restricted, with less than 30% of POIs having
an associated website. (iii) User-Generated Con-
tent: An example of this method is Google’s Local
Guide System in Maps (Welty et al., 2022). Al-
though reliant on user contributions, this approach
covers less than 10% of POlIs and is often hindered
by issues of timeliness. (iv)IVRS-Based Meth-
ods: This strategy obtains detailed POI attributes
by engaging POI owners through telephonic in-
teractive voice response systems. DulVRS, an
entirely automated solution featuring machine-
directed dialogues, has been successfully imple-
mented in Baidu Maps, showing superior perfor-
mance (Huang et al., 2022¢). Given the impossi-
bility of capturing all attributes for all POlIs, these
methods serve complementary roles in practice. In
this paper, we build upon IVRS-based techniques
to introduce DulVRS-2, an advanced iteration of
the original DulVRS system. This version inte-
grates an LLM to facilitate a shift from a traditional
modular design to an end-to-end architecture.

2.2 Task-oriented Dialogue System

Task-Oriented Dialogue (TOD) systems are de-
signed to achieve specific objectives within a partic-
ular domain (Ni et al., 2023). Traditional TOD sys-
tems generally follow a pipeline with four compo-
nents: Natural Language Understanding (NLU) to
categorize user intentions, Dialogue State Tracking
(DST) to maintain the state of the dialogue, Policy
Learning (POL) to determine the agent’s next move,
and Natural Language Generation (NLG) to trans-
late actions into language. Recent research focuses
on streamlining the modeling process through neu-
ral network models adept at handling TOD sub-
tasks, including text generation (Budzianowski and
Vuli¢, 2019; Wang et al., 2022) and framing all
sub-tasks as sequence prediction (Hosseini-Asl
et al., 2020). The rise of LLMs has significantly
shifted the development of TOD systems (Sun
et al., 2021b; OpenAl, 2023), moving towards
LLM-based end-to-end dialogue systems instead
of traditional modular architectures. Relevant work



includes using LLLM prompts for managing multi-
participant dialogues (Mao et al., 2024) and de-
veloping privacy-preserving chatbots for chronic
disease support (Montagna et al., 2023). Despite
these efforts, in practical deployments, existing
methods are typically constrained by industrial pro-
duction limits, stability, and latency requirements.
Thus, in DuIVRS-2, we innovatively incorporate
an LLM into the interactive voice response system
to meet the demands for rapid online deployment
response while achieving high precision in POI
attribute retrieval.

3 Preliminary

3.1 Essential Terminologies

To frame the subsequent discussion, we categorize
LLM:s into three types: LLM-Small, LLM-Large,
and Black-box LLM. Specifically, LLM-S denotes
an LLM with fewer parameters (typically less than
2 billion), while LLM-L denotes an LLM with
a significantly larger number of parameters. De-
spite differing in size, both LLM-S and LLM-L
follow a similar architectural framework and can
be fine-tuned for specific tasks. Generally, LLM-L
surpasses LLM-S in performance metrics, albeit
at a lower inference speed. Black-box LLM rep-
resents exceptionally large and proprietary mod-
els like GPT-5 and ERNIE 4.0. These models ex-
hibit broad capabilities, enabling high performance
across a diverse range of tasks.

3.2 Problem Formulation

We focus on an industrial IVR application for POI
attribute acquisition. The system acts as an agent
initiating a call to a POI owner to verify or acquire
specific attributes (e.g., business hours, location).

Let Cpy ) = (u1, 81, - - -, Um, Sm) denote a trun-
cated dialogue history, where u; is the agent-issued
query and s; is the POI owner’s response at turn <.
The objective is to generate the next agent query
Um+1 that maximizes the information gain regard-
ing the target POI attributes, while maintaining
conversational naturalness.

Unlike standard open-domain generation, this
task is constrained by:

1. Safety: The agent must not hallucinate non-
existent attributes.

2. Latency: The response s,,41 must be gen-
erated within strict time limits (typically <
200ms) to prevent user hang-ups.

4 DulVRS-2 System

This study focuses on the development of an end-
to-end LLM-based agent tailored for acquiring POI
attributes through telephonic conversations.

4.1 Addressing Data Imbalance via
FSM-Guided Augmentation

A primary challenge in training dialogue systems
on historical production logs is the data distribution.
As shown in Figure 3, user replies and conversa-
tion turns in our legacy system (DulVRS-1) logs
exhibit a pronounced long-tail distribution. Direct
fine-tuning on this data causes the model to overfit
to frequent, simple interactions while failing on
critical edge cases.

To construct a balanced training set, we devised
a data augmentation strategy using a Finite State
Machine (FSM) derived from the legacy rule-based
system. We mapped the legacy system’s fixed re-
sponse templates to FSM states (.5) and user replies
to transitions (). By parsing years of historical
logs, we extracted the empirical transition patterns
driven by real user behavior. More details are
shown in Appendix A.4

We re-balanced the data distribution by sampling
from this FSM structure. Instead of sampling based
on raw log frequency, we enforced a uniform dis-
tribution strategy:

1. Path Sampling: We extract all valid state tran-
sition sequences (dialogue paths) and group
them by length. We uniformly sample across
length categories to ensure the model learns
both short and long-range dependencies.

2. Transition Sampling: Between states, we
uniformly sample user replies from the set of
historical variations, ensuring diverse lexical
coverage.

As illustrated in Figure 3, this approach shifts the
training data from a long-tailed to a uniform distri-
bution, effectively solving the "cold start" problem
for rare dialogue states without requiring expensive
new data collection.

4.2 Latency-Efficient LLM-Based Dialogue
Management

In a telephonic setting, inference latency is a hard
constraint. Consequently, we utilize a smaller, ef-
ficient LLM (denoted as LLM-S) rather than a
massive general-purpose model. To ensure safety
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Figure 3: Comparison of distributions before (log data)
and after FSM-guided augmentation, highlighting the
mitigation of long-tail issues.

and tractability given the smaller parameter size,
we employ a selective generation approach.

Rather than allowing open-ended generation,
which poses safety risks (hallucinations), we struc-
ture the input prompt X to include the conversation
history and a set of valid Reply Options derived
from the FSM transitions. The output Y is for-
mulated as a CoT reasoning step followed by the
selection of the most appropriate option. This for-
mulation allows the model to explicitly classify
user intent before selection, significantly improv-
ing interpretability and robustness.

4.3 Cooperative Iterative Learning

Historical logs often contain ASR errors or mis-
interpretations by the legacy system. Training on
this noisy data limits performance. We propose a
Human-in-the-Loop cooperative iterative learning
framework to clean the data and refine the model,

inspired by the ReST approach (Gulcehre et al.,
2023), which is shown in Figure 2.

4.3.1 Dual-LLM Cooperative Evaluation

To scale data quality without prohibitive manual
annotation costs, we construct an automated evalua-
tion ensemble consisting of two distinct evaluators:

LLM-L for Evaluation. Given the same train-
ing data and task format, LLM-L is expected to
have stronger comprehension and generation capa-
bility than LLM-S due to its larger capacity (Tou-
vron et al., 2023a). We therefore fine-tune LLM-L
on the same domain-specific data and use it to eval-
uvate LLM-S’s outputs from both generative and
discriminative perspectives.

From the generative perspective, we evaluate the
LLM-S-generated output Y by computing its con-
ditional likelihood under LLM-L given the input
X. The normalized sequence likelihood is:

Y]
Peen(Y1X) = [ [ proaes (Y3l [X, Yoo ) YT, (1)
i=1
where Y, denotes the i¢-th token of Y, and
pLLM-L(+) is the next-token probability predicted
by LLM-L.

From the discriminative perspective, we further
train LLM-L to judge whether an input-output pair
is correct. For each positive pair (X,Y), we con-
struct a negative pair by replacing Y with an incor-
rect output Y. The evaluation dataset is formulated
as follows:

Dz = {((X,Y),l),((X,Y),O)}. ()

We then format each pair into an evaluation prompt
and fine-tune LLM-L to output the corresponding



binary label. The discriminative confidence is de-
fined as follows:

Pdisc(l‘[X7Y*D = Zlej(jljfzgiﬂézl)ﬁ)(e))’ (3)

where X, denotes the evaluation prompt, and
g(1|Xe) is the logit assigned to label .

Finally, we combine the generative and discrim-
inative scores to obtain the confidence score as-
signed by LLM-L:

c= (1*05)'Pgen(Y|X)+O"Pdisc(l|[XvY])v (4)

where « is a hyperparameter balancing the two
evaluation perspectives.

Black-box LLM for Evaluation. To prevent
"inbreeding" where LLM-L and LLM-S reinforce
shared errors (e.g., specific ASR noises present
in the training data), we utilize an independent
Black-box LLM (e.g., ERNIE 4.0) as an unbiased
judge. This model evaluates samples via in-context
learning with detailed reasoning prompts.

4.3.2 The Iterative Loop

The training process alternates between a Grow
Step and an Improve Step:

* Grow: We sample new dialogues using the
current policy 7. The dual-evaluator (LLM-
L + Black-box) filters these samples. High-
confidence samples are added to the training set
automatically. Samples with improved scores
or disagreement between evaluators are routed
to human annotators for correction.

* Improve: The model ;4 is fine-tuned on this
cleaned, augmented dataset (25;). Simultane-
ously, the feedback from human annotators is
used to update the prompts for the Black-box
evaluator and the fine-tuning of LLM-L.

This cycle creates a "data flywheel", progres-
sively removing noise from the historical logs and
adapting the model to complex real-world scene.

5 Experiments

5.1 Experimental Setup

Datasets. For offline training, we adopted the data
augmentation strategy in Section 4.1. The initial
training set included 5,000 dialogues, with 5,000
additional samples per iteration during fine-tuning.
We evaluated the model using three test sets derived
from DulVRS-1 logs: Defect, Dgeneral> and Dryobust.

Table 1: Offline performance on CR metric.

Model ‘ Defrect Dgeneral Drobust AVg-
DulVRS-1 72.20% 62.99% 69.05% 68.08%
GPT-40 72.11% 64.81% 63.13% 66.68%
DeepSeek-V3 | 73.18% 63.87% 64.55% 67.20%
HybridLLMs | 81.37% 73.83% 75.89% 77.03%
DulVRS-2 | 81.62% 73.70% 76.22% 77.18%
Ablations
LLM-DM 76.68% 67.40% 60.98% 68.35%
Direct-SFT | 69.18% 60.33% 52.90% 60.80%
w/o-CoT 44.25% 44.41% 28.35% 39.00%
w/o-DA 76.52% 62.36% 54.12% 64.33%

Evaluation Metrics. We employed two primary
metrics: (1) Consistency Rate (CR) to evaluate of-
fline single-turn effectiveness, and (2) Task Success
Rate (TSR) to assess online multi-turn interaction
performance.

Experimental Setting. We chose ERNIE-Bot-tiny
(EB-tiny) to serve as our LLM-S, ERNIE-Bot-turbo
(EB-turbo) as our LLM-L, and ERNIE 4.0 as our
Black-box LLM. More experimental details are
provided in Appendix A.1.

5.2 Offline Evaluation

We compared DulVRS-2 with its predecessor,
DulVRS-1, which has been deployed in Baidu
Maps for several years and has proven its effec-
tiveness. Additionally, we included GPT-40 and
DeepSeek-V3 (Liu et al., 2024), two of the most
advanced general-purpose LLMs, as strong base-
lines. Beyond these, we have not identified other
task-oriented dialogue systems that can be directly
deployed for our task.

As shown in Table 1, DulVRS-2 demonstrates
substantial improvements across all evaluation sets,
achieving an average performance gain of 13.37%
over DulVRS-1, 14.85% over DeepSeek-V3, and
15.74% over GPT-40. These results validate the
effectiveness of our task-specific dialogue manage-
ment framework in diverse interaction scenarios. In
contrast, GPT-40 and DeepSeek-V3, while capable
of general reasoning, show limited performance on
long-tail and domain-specific POI tasks due to a
lack of adaptation.

To further evaluate the generalizability and ro-
bustness of our framework across different model
families, we introduce an additional baseline
named HybridLLMs. In this configuration, LLM-
S and LLM-L are implemented using Qwen2.5-
1.5B and Qwen2.5-7B (Team, 2024), respectively,
and the Black-box LLM is replaced with GPT-
40. Notably, HybridLLLMs achieves an average



CR of 77.03%, which is within 0.15 percentage
points of DulVRS-2, and exhibits consistent per-
formance across all test sets. This empirical re-
sult demonstrates that our framework is largely
model-agnostic, attributing the performance gains
of DulVRS-2 to its architectural design, including
FSM-guided data augmentation, selective genera-
tion with CoT, and cooperative iterative learning,
rather than any specific model series. Besides, this
finding helps address concerns regarding potential
model-series bias, as all three models in DuIVRS-2
(LLM-S, LLM-L, and Black-Box LLM) originate
from the ERNIE family. While that design choice
was driven by internal deployment efficiency and
ecosystem compatibility, the HybridLLMs experi-
ment confirms that our framework maintains com-
parable performance when applied to heteroge-
neous models.

5.2.1 Non-Iterative Ablation Study

In this part, we evaluate our LLM-based Dialogue
Management (LLM-DM) against its variants prior
to the cooperative iterative learning framework.
Variants include:

* Direct-SFT: Directly generating next-round
query sentence.

* w/0-DA: LLM-DM excluding data augmenta-
tion techniques.

* w/0-CoT: LLM-DM generating the next re-
sponse choice without the reasoning process.

The results, detailed in Table 1, reveal signifi-
cant insights. Compared with DulVR-1, our basic
model, LLM-DM, fine-tuned on a limited dataset,
even without the iterative refinement, can achieve
comparable performance, especially in terms of
Defrecy and Dgeperar datasets. This supports our hy-
pothesis that LLM has the potential to transform the
DulVRS-1 into an end-to-end architecture. When
compared with its variants, LLM-DM, incorporat-
ing all elements, outperforms the others, highlight-
ing the effectiveness of our comprehensive system
design. Direct-SFT exhibits poor performance, in-
dicating the necessity of a tailored training scheme
for LLMs. The w/o-DA variant shows a slight de-
cline in performance, particularly in Dgepera and
Dropust datasets, underscoring the value of the data
augmentation module in enhancing model perfor-
mance in uncommon scenarios. The w/o-CoT vari-
ant performs the poorest, illustrating the critical
role of the reasoning process.

5.2.2 Iterative Learning Analysis

Here, we focus on evaluating the cooperative itera-
tive learning strategy of DulVRS-2 and its variants:

* w/0o-ERNIE 4.0: It is a variant which Dul VRS-
2 removes the Black-box LLM evaluator.

* w/o-EB-turbo: Here, DulVRS-2 excludes the
LLM-L evaluator.

As shown in Figure 4a, the observed trend indi-
cates that as the number of iterations increases, the
model’s performance gradually improves, which
emphasizes the significance iterative process. Af-
ter a few iterations, the performance gains began
to plateau, reaching a point of stability. This pat-
tern suggests that in practical applications, it is
efficient to iterate the model 3-4 times to achieve
optimal performance enhancements. Moreover, the
removal of either evaluator results in a noticeable
performance decline throughout the iteration pro-
cess, which shows the effectiveness of both evalua-
tors for the cooperative reward scheme.

We further evaluate the effectiveness of DulVRS-
2’s evaluation module by measuring the evalua-
tion error rates across different system variants and
training iterations, as shown in Figure 4b. The re-
sults indicate a steady decline in error rates over
successive iterations, reflecting improved evalua-
tion accuracy through iterative refinement. Among
the single-evaluator variants, w/o-ERNIE 4.0 (i.e.,
using LLM-L as the sole evaluator) slightly out-
performs w/o-EB-turbo (i.e., using the Black-box
LLM alone), highlighting the advantage of domain-
specific fine-tuning. Notably, the full model that
combines both evaluators via a cooperative voting
mechanism achieves the lowest error rate, demon-
strating the effectiveness and robustness of the dual-
evaluator strategy.

Regarding labor costs, as shown in Figure 4c,
the proportion of data requiring human judgment
steadily declines across iterations. This reduction is
primarily enabled by the cooperative reward mech-
anism, which allows the majority of samples to be
automatically evaluated, thereby substantially re-
ducing reliance on human intervention throughout
the iterative learning process.

5.3 Deployment Preparation

Following the successful offline validation of
DulVRS-2’s efficacy, we proceeded to its online
deployment phase. For this crucial step, we se-
lected the LLM-S model trained through the coop-
erative iterative learning framework, owing to its
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Figure 4: Main properties change with the iteration process.

compact architecture, controllable behavior, and
low inference overhead. Specifically, the LLM-S
model contains fewer than 2 billion parameters and
supports selective generation with minimal latency.

To ensure deployment readiness, we performed
several system-level optimizations. First, the dy-
namically constructed computation graph was con-
verted into a static format using the PaddlePad-
dle framework!, which significantly reduced run-
time overhead by eliminating graph recompilation.
Additionally, we applied int8 quantization to the
model weights, achieving substantial memory sav-
ings and further improving inference throughput.

Moreover, we integrated FastDeploy?, an infer-
ence optimization platform, to streamline runtime
performance. FastDeploy allows efficient resource
scheduling and batch management, which is crucial
for high-frequency, large-scale call services. As in
DulVRS-1 (Huang et al., 2022c), we retained the
proven ASR and TTS modules to maintain robust-
ness in audio-based interaction.

5.4 Online Evaluation

To evaluate real-world applicability, we conducted
a two-month online A/B test involving three sys-
tems: human operators, DuITVRS-1, and DulVRS-2.
Incoming calls were randomly partitioned among
these systems, with DulVRS-2 allocated a fixed
quota of approximately 3,000 calls per day during
a controlled one-hour window. This conservative
traffic setting allowed us to validate system stability
and assess performance under moderate load, while
minimizing potential disruption to user experience
and business operations.

We collected and analyzed logs from the A/B
test period to compare DulVRS-2 with both its pre-
decessor (DuIVRS-1) and human operators. As
shown in Table 2, DuIVRS-2 achieved a TSR (see
Subsection 5.1) of 83.9%, outperforming DulVRS-
1 by 4 percentage points and reaching 93.64%
of human performance. Despite incorporating an

'https://www.paddlepaddle.org.cn/
*https://github.com/PaddlePaddle/FastDeploy

Table 2: Comparision between human and DulVRSs.

metric | Human  DulVRS-1  DulVRS-2
TSR 89.6% 79.9% 83.9%
cost per call ¥1.5 <¥0.2 <¥0.2
reaction time | 500ms 15ms 130ms
call per day <200  no limitation 0.4 million
scalability X 4 v

LLM, DulVRS-2 maintained a cost per call be-
low ¥0.2—comparable to DulVRS-1 and signifi-
cantly lower than human-operated calls ( ¥1.5). Im-
portantly, DuIVRS-2 achieved an average reaction
time of 130ms, which remains well within accept-
able latency bounds for real-time dialogue systems
(typically <200ms for human perception). This
confirms its suitability for responsive interaction
in production environments. Moreover, DulVRS-2
can handle up to 0.4 million calls per day, vastly
surpassing the throughput limit of human agents
(£ 200 calls/day), and supporting truly large-scale
deployment scenarios.

Together, these results confirm that DuIVRS-2
meets the stringent latency, scalability, and cost
requirements necessary for industrial-grade, large-
scale POI attribute acquisition.

6 Conclusion

In this paper, we proposed DulVRS-2, an advanced
system for POI attribute acquisition, which lever-
ages LLM to transform the traditional modular IVR
system into an end-to-end architecture. Specif-
ically, we developed an innovative LLM-based
framework, meticulously designed to ensure stabil-
ity and controllability in the output. And the frame-
work is optimized for low latency, enabling real-
time responses, and incorporates mechanisms for
continuous refinement. Our comprehensive evalua-
tions demonstrate that DulVRS-2 significantly out-
performs its predecessor. By deploying it in Baidu
Maps for two months, we observed that DulVRS-2
surpassed DulVRS-1 by 4 percentage points in task
success rate, accompanied by a minor increase in
operational costs.
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A Appendix

A.1 Experimental Details
A.1.1 Detailed Dataset Sampling Strategies

To comprehensively evaluate the performance of
DulVRS-2, we constructed three test datasets from
the original DulVRS-1 logs using the following
sampling strategies:

* Degrect: Samples are drawn according to the nat-
ural distribution of user replies in the production
logs. This dataset evaluates the performance in
typical, everyday user interactions.

* Dgeneral: Each unique user reply is sampled
with equal probability, regardless of its fre-
quency in the logs. This ensures that less fre-
quent but critical scenarios are adequately rep-
resented to test generalization.

Drobust: Specifically selects user replies that
are characterized by longer length or semantic
complexity. This evaluates the model’s ability
to handle noisy inputs and complex intentions.



A.1.2 Mathematical Definitions of Evaluation
Metrics

The performance is quantified using the following
formal definitions:

* Consistency Rate (CR): Calculated for single-
turn dialogues as:

CR = % x 100%

where NN is the total number of evaluated di-
alogues, and N¢ is the number of responses
judged correct by human annotators based on
reasoning alignment and query consistency.

* Task Success Rate (TSR): Calculated for multi-
turn interactions as:

Ng
TSR =— x100
Ny < 100%
where Ny is the total number of query prompts
issued by the system during a full dialogue ses-
sion, and Ng is the number of successful at-
tribute acquisitions (e.g., confirming a POI).

A.1.3 Training Details

The model training was conducted on Baidu’s
PaddleCloud, utilizing eight NVIDIA A100-
80G GPUs for fine-tuning. We utilized the
AdamW (Loshchilov and Hutter, 2017) optimizer
with the parameters set to 81 = 0.9,6, =
0.95,eps = le — 5. The training process was
configured with a batch size of 128 and a sequence
length limited to 1024 tokens. A linear learning
rate schedule was applied, incorporating a warm-
up phase covering 3% of the total training steps.
The maximum learning rates were established at
2 x 107° for the EB-turbo model and 1 x 10~*
for the EB-tiny model. For the EB-tiny model, we
employed bf16 16-bit (mixed) precision for full-
parameter fine-tuning. For the EB-turbo model, we
use Lora (Hu et al., 2021) for parameter-efficient
fine-tuning. Finally, we fine-tuned the two models
for 2 epochs.

A.2 Additional Analysis

A.2.1 Latency and Efficiency Analysis

During the online deployment, DuIVRS-2 is hosted
on eight NVIDIA A10 GPUs (24GB memory per
GPU) using the Triton Inference Server. With 8-
bit quantization applied to the LLM-S model, the
system achieves a memory footprint of approxi-
mately 22GB per GPU. Under this configuration,

the model attains an average inference latency of
about 130ms per query and a throughput of 61.5
queries per second (QPS) per GPU.

In addition, an important factor contributing to
latency stability is the system’s outbound calling
architecture. Since call concurrency is scheduled
and initiated from the backend, DulVRS-2 avoids
unpredictable user-driven load surges that are com-
mon in inbound call centers. This allows the system
to maintain consistent response times and system
utilization, even during peak operating periods.

A.2.2 Stability Analysis

To evaluate the impact of selective generation and
reasoning on output stability, we conduct ablation
studies comparing DulVRS-2 with two simplified
variants: Direct-SFT and w/0-CoT. In our setting,
we define a hallucination as any Al-generated query
that either contradicts the dialogue context or falls
outside the FSM-defined set of candidate responses
at a given turn, thereby capturing both semantic
inconsistency and structural deviation from valid
system behavior.

To quantify hallucination rates, we perform hu-
man evaluation on sampled interactions. For Direct-
SFT, annotators flag a response as hallucinated if
it introduces a query that is logically disconnected
from prior user inputs or invents details absent from
the dialogue history. For DuIVRS-2 and w/o-CoT,
hallucinations are identified when the model’s out-
put is not among the FSM-permitted candidate op-
tions at a specific turn. We illustrate representative
hallucination cases in Appendix A.6, highlighting
distinct failure modes.

Our findings show hallucination rates of 0%,
1.30%, and 2.08% for DulVRS-2, Direct-SFT, and
w/0-CoT, respectively. These results demonstrate
the effectiveness of DulVRS-2’s selective gener-
ation strategy in maintaining semantic grounding.
Notably, the w/o-CoT variant exhibits the highest
hallucination rate, underscoring the critical role of
CoT-style reasoning in ensuring output stability.

In real-world deployment, DuIVRS-2 also em-
ploys a fallback mechanism to guard against hallu-
cinated outputs. When a generated response falls
outside the FSM-defined candidate set, the system
repeats the last valid response up to three times. If
invalid output persists, it reissues the original ques-
tion instead—preserving conversational coherence
and preventing logical drift.
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A.2.3 Power Consumption.

Building on prior research (Wu et al., 2022; Tou-
vron et al., 2023b) and power consumption data for
GPU devices, we aim to estimate the financial costs
and carbon emissions associated with our training
process. Along with previous work, our analy-
sis excludes additional power requirements, such
as those from interconnects or ancillary non-GPU
energy expenditures. At each iterative stage, the
training duration for EB-tiny is about 1 hour, and
EB-turbo is 14 hours, amounting to a cumulative
(14 14) x 8 x 6 = 720 GPU hours on A100-80G
units with a TDP of 400W. Considering GPUs’
actual power use (typically under 400W) and an
electricity rate of 1.2 RMB/kWh, the maximum
training expense is roughly 400 RMB, with car-
bon emissions approximating 122kgCO2eq. Fur-
thermore, utilizing the Ernie 4.0 API service adds
to the cost. With a rate of 0.15 RMB per 1k to-
kens and across five iterations totaling 72,000 re-
quests at 0.5k tokens each, the API costs about
0.15 x 72 x 10> = 5400 RMB. Overall, the
complete training costs are projected to stay be-
low 10,000 RMB, with carbon emissions under
1tkgCO2eq.

A.3 Case Study

We present a case study to illustrate the superiority
of DulVRS-2 in navigating certain edge cases, com-
pared to its predecessor DuIVRS-1 and ERNIE 4.0.
The example extracted from online test showcases
a scenario where a user responds with a counter-
question to an Al inquiry about the business sta-
tus, rather than providing a direct response. While
DulVRS-1 misinterprets this rhetorical response
as an indication of the business being closed and
asks for the reopening time. ERNIE 4.0 recognizes
the rhetorical nature but still fails to grasp the un-
derlying intent of the user, leading them to seek
confirmation about the business status. DulVRS-
2, leveraging its rich domain knowledge acquired
from colloquial language datasets and the advanced

{History Dialogue}
@ Hello, may | ask if this is {$name}, rightﬂ

(1547, BIGHBER {$name}, JHA]

[(FETFERRT]
@ CoT: The user has changed their name.
Thank you for your support, bye.
[Confidence Score: 0.99, True EB-turbo J

ERNIE 4.0
Analysis: In this dialogue, the user's response is "Hmm, no longer there, not
there anymore” which does not explicitly indicate a name change. The user is
only stating that they are no longer at the original address, without directly
answering whether the name has changed.

Judgment: False.

(a) Evaluation for long text understanding.

{History Dialogue}

@ Are you still open for business as usua\?]

[ERRERBEEE? |

EEEE]

@ CoT: The user is currently open for business.
Is your address still at {$address}?

[ Confidence Score: 0.97, True EB-turbo

ERNIE 4.0

Analysis: In the dialogue, user's response, 'Merchant recruitment and pilotage,
does not clearly answer the question about the business's operation status,
which may indicate a misunderstanding or an incomplete reply.

Judgment: False.

(b) Evaluation for ASR noise.

Figure 6: Case studies of cooperative evaluation under
challenging scenarios. The two examples show how
ERNIE 4.0 and EB-turbo jointly assess response cor-
rectness in different settings.

semantic comprehension of LLM, accurately dis-
cerns that the user is indeed confirming ongoing
business operations. It then adeptly formulates an
appropriate follow-up question, verifying the accu-
racy of the address information.

Figure 6 illustrates two cases of how Black-box
LLM and LLM-L collaborate during the evaluation
phase. In this process, we combine the superior
natural language understanding abilities of ERNIE
4.0 and the specific domain knowledge of the fine-
tuned EB-turbo for cooperative evaluation. Specif-
ically, in the first case, the EB-turbo erroneously
interprets the user intention as a name change, as-
signing a high confidence score of 0.99. In con-
trast, ERNIE 4.0 identifies the error in the agent’s
inference by leveraging its enhanced semantic un-
derstanding capabilities. The second case presents
a scenario where the user response may contain
ASR noise. In Chinese, 37 5[l (Zhao Shang
Yin Hang) and &% &l (Zhao Chang Ying Ye)
sound quite similar in the pronunciation of certain
regions, so it is hard for ERNIE 4.0 to distinguish
while EB-turbo can address this ASR noise through



fine-tuning. In summary, the cooperative evalu-
ation can take advantage of the two channels to
achieve comprehensive evaluation.

A.4 TIllustration of Finite State Machine

To provide an intuitive understanding of the FSM
introduced in Section 4.1, we provide a visual ex-
ample that demonstrates both the structural compo-
nents of the FSM and its real-world instantiation in
a dialogue.

As shown on the left of Figure 7, the FSM is
composed of a finite set of states {sg, s1, S2, S3},
where each state corresponds to a specific Al intent
such as asking for a POI’s name, business status,
or brand affiliation. Transitions between states are
triggered by user responses (e.g., "yes" or "no").
For example, a transition from sq to s; occurs when
the user affirms the system’s inquiry about the mer-
chant’s name.

Each complete path from sg to s3 represents a
valid multi-turn dialogue trajectory. For instance:

* A full path sy — s; — s3 — s3 may reflect a
scenario where the Al queries all three attributes
before concluding the session.

* A shorter path s — s3 occurs when the conver-
sation ends early (e.g., merchant is closed).

On the right, we show an actual dialogue corre-
sponding to the path sg — s1 — s3:

* At s, the agent initiates the interaction by con-
firming the POI name.

* At s1, it asks whether the store is open.

* The user replies that the store is temporarily
closed, prompting a transition to the terminal
state 3.

This example highlights how FSM-guided gen-
eration allows the model to follow well-defined
dialogue structures derived from DulVRS-1 logs.
Such structure ensures robust behavior during both
training (via data augmentation) and deployment
(via constrained decoding). In the context of data
augmentation, each valid state transition sequence
(e.g., {s0, 51, s3} or {so, $1, S2, s3}) is used to syn-
thesize new dialogue samples. During augmenta-
tion, transitions are uniformly sampled to avoid
over-representing frequent paths in the original
logs, promoting a more balanced and comprehen-
sive training distribution.

Dia 0l
{Dialogue}

@ < Hello, is it “ABC Restaurant )}
yes no =
s s
. no
Are you open ri owW?
Status you open rig

7o
yes -
S, yes/ no L

Ask Brand
®<OI\, thank you! Goodbye! }

Affiliation
Figure 7: Illustration of the FSM structure (left) and its
application in a dialogue interaction (right).

A.5 Prompt Details

In this section, we showcase various prompts de-
vised for both the training and evaluation phases
of DulVRS-2. The prompt iteration process for
ERNIE 4.0 (Black-box LLM) during the evalua-
tion phase is illustrated in Figure 8. Iteration-V1
enhances the prompt by integrating the criterion
“expresses a wish to hang up”, and iteration-v2 fur-
ther refines it by adding “indirectly expresses a
wish for the conversation to end”, thus extending
coverage to more domain-specific edge cases and
enhancing the discernment precision of ERNIE 4.0.

Furthermore, Figure 9a provides an example for
training the inference model, which adopts a selec-
tive generation strategy with CoT mechanism to
ensure both safety and stability upon deployment.
The model response, “User’s reply confirmed as
ABC cake shop” serves as an instance of the chain
of thought process, with option “E” indicating the
subsequent query “This is Baidu Maps. Are you
still operating?”. Figure 9b offers insight into the
training evaluation ability of EB-turbo, where it
functions to assess the accuracy of EB-tiny’s out-
puts by yielding a “True/False” verdict.

A.6 Illustrative Examples of Hallucination

To better illustrate the nature of hallucinations
observed in ablation variants, we present two rep-
resentative examples:

* Direct-SFT (semantic contradiction): Con-
text:

Target: Confirm name and business
hours.

Model: Is this “Meiyijia Huangcun
Branch”?

User: Yes.



(" Input Prompt

Please evaluate the response to the dialogue question below |
based on the criteria for assessing the intent of the reply, and
determine if the reply conforms to the corresponding intent
assessment criteria

The dialogue is as follows:
Question: Okay, 50 the sign for your place still says "(Sname",
it hasn't changed its name, right?

Answer: No no, it's over.

Is the user's response intent "The user wishes to end the
conversation"?

Criteria for judgment: In the dialogue process, i the user's
reply indicates a request to terminate or shows impatience, it's
marked as the user wishing to end the conversation

Response format
Analyzing judgment criteria:
| Analyzing user response intent: i
{Judgment: (Answer only " True® or " False") I

Model Response

[ Input Prompt

(Please evaluate the response to the dialogue question below

| based on the criteria for assessing the intent of the reply, and
| determine if the reply conforms to the corresponding intent
| assessment criteria:

I

I The dialogue is as follows:

| Question: Okay, so the sign for your place still says *{$name}",
lit hasn't changed its name, right?

| Answer: No no, it's over.

|Is the user's response intent “The user wishes to end the
| conversation®?

| Criteia for judgment

| In the dialogue process, if the user's reply indicates a request
I to terminate o shows impatience, or expresses a wish to

I hang up, it's marked as the user wishing to end the

1 conversation.

| Response format:

}Ana\yzmq judgment criteria
| Analyzing user response intent
\Judgment: (Answer only * Ture" or * False)

Model Response

N
Input Prompt

(Please evaluate the response to the dialogue question below
| based on the criteria for assessing the intent of the reply, and
| determine if the reply conforms to the corresponding intent

| assessment criteria

|

I The dialogue is as follows:

| Question: Okay, so the sign for your place still says *{$name}",
lit hasn't changed its name, right?

| Answer: Just like that, huh.

|Is the user's response intent "The user wishes to end the
| conversation®?

| riteia forjudgment

| In the dialogue process, if the user's reply indicates a request
I to terminate or shows impatience, or expresses a wis

I hang up, it's marked as the user wishing to end the

} conversation.

| Response format:

} Analyzing judgment criteria:
| Analyzing user response intent
udgment: (Answer only * Ture® or * False”)

Model Response

(" Input Prompt

(Please evaluate the response to the dialogue question below
| based on the criteria for assessing the intent of the reply, and
| determine if the reply conforms to the corresponding intent
| assessment crteria:

I

I The dialogue is as follows:
| Question: Okay, so the sign for your place still says *{$name}”,
lit hasn't changed its name, right?
| Answer: Just fike that, huh.
Is the user's response intent “The user wishes to end the
| conversation®?

| Critera for judgment;

JIn the dialogue process, if the user's reply indicates a request
| to terminate or shows impatience, or expresses a wish to
I'hang up, o ctly expresses a wish for the conversation
} to end, it's marked as the user wishing to end the conversation.

| Response format:

}Ana\yzmq judgment criteria
| Analyzing user response intent
\Judgment: (Answer only * Ture or * False)

Model Response

‘Analyzing judgment criteria: According to the judgment criteria
situations where the user wishes to end the conversation are
usually manifested by the user's answer indicating a request to
stop, showing impatience, or wanting to hang up the phone,
etc

‘Analyzing judgment criteria: According to the provided criteria,
we need to determine whether the user's answer suggests a
desire to terminate the conversation, if the user exhibits
impatience, or shows an intention to hang up the phone.

‘Analyzing judgment criteria: According to the criteria, we need
to determine whether the user's reply suggests a request to
terminate, shows impatience, or indicates a desire to hang up.

‘Analyzing judgment criteria: Based on the provided criteria, we
need to assess whether the user's reply indicates a desire to
terminate the conversation, shows impatience, wants to hang
up, or indirectly suggests a wish for the conversation to
conclude.

ing user response intent: |
onfirming whether the s

Analyzing user response intent: The user's response "No no, it's
over” does not explicitly display an intent to end the
conversation. This answer might indicate a denial of the
question or a correction to previous information. Therefore,

this answer cannot be considered as the user wishing to end
the conversation.
Judgment: True.

Judgment: False.

s reply "Just like that,
t to e

< 0 hang up the phone.
T ignify onfirmation or resignation
regarding the question, but it does not fully meet the above
criteria

Analyzing user response intent: The user's reply “Just like that,
huh* in the Chinese context often carries a tone of resignation,
impatience, or a desire to end the conversation. Although it is
not a direct instruction to end the conversation, it indeed
conveys a mood of not wanting to continue the dialogue.

The user's reply, though not directly saying *I want to end the
conversation,” based on the context and tone, indicates that
the user actually wishes for the conversation to end at this

Judgment: False

point. Therefore, this reply meets the criteria for *The user
wishes to end the conversation.”

Judgment: True.

Initial State

Iteration - V1

Iteration — V2

Figure 8: The prompt iteration of ERNIE 4.0 in evaluation stage.

Model (Hallucinated): Do you offer
parking services?

Analysis: The target is to confirm name and
business hours, and the model had just con-
firmed the POI name. The model unexpect-
edly shifted to inquire about parking availability,
which contradicts the current task and disrupts
logical continuity.

e w/0-CoT (FSM constraint violation): Con-
text:

FSM-defined options at this turn: {A.
What time do you close?, B. What
time do you open?, C. What are your
business hours?}

Model (Hallucinated): D

Analysis: At this turn, the system is constrained
to selecting among three predefined response
options (A—C) generated by the FSM. However,
the model outputs option “D,” which is not part
of the allowed set.

A.7 Parameter Sensitivity

As mentioned before, there is a hyperparameter
in LLM-L evaluator, namely «. In this part, we
discuss the parameter sensitivity and identify its
optimal value in our evaluation benchmark, which
is crucial for assessing the quality of content gen-
erated by EB-tiny throughout the iteration process.
We use area under the receiver operator characteris-
tic curve (AUC) from the benchmark for evaluation
purposes, as illustrated in Figure 5. We find that
the likelihood of content produced by EB-tiny sig-

nificantly influences the judgment outcomes, pin-
pointing the best o parameter value at 0.1.

A.8 Additional Discussion
A.8.1 Temporal Scope of This Work

DulVRS-2 should be viewed in the temporal con-
text of its development. This project was initiated
in 2023, when directly deploying frontier-scale
general-purpose LLMs as real-time dialogue man-
agers for large-scale IVR systems was still chal-
lenging under strict latency, cost, stability, and
controllability constraints. Accordingly, our fo-
cus is on designing a deployable LL.M-based IVR
framework, rather than simply applying the largest
available model.

This temporal scope motivates our use of a com-
pact LLM-S for online inference, FSM-constrained
selective generation for output stability, and coop-
erative iterative learning for data and policy refine-
ment. Although recent LLMs have become sub-
stantially stronger, the task-specific adaptation and
system-level design remain important for long-tail
and latency-sensitive POI attribute acquisition. Fu-
ture work will explore replacing each component
with more recent LLMs while maintaining the de-
ployment requirements of industrial IVR systems.

A.8.2 Discussion on Iterative Learning Risks

While the cooperative iterative learning framework
introduced in DuIVRS-2 demonstrates significant
performance improvements across iterations, we
also observed several potential risks inherent in
iterative processes:

Overfitting Risk: Continuous iterations on pro-
gressively refined datasets may inadvertently in-
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| You are the Chat Assistant of Baidu Maps, please analyze the conversation,
| and give the suitable answers. Given that:

I POI's name: ABC cake shop

} POI's address: {$address}
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} Al Hello, is this ABC cake shop?
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|
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|
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|
|
|
( You need to think and answer step-by-step. First analyze the reply of the user, |
} then given choices of response below, select one that best replies the user. }
I Choices: |
} A. This is Baidu Maps confirming information on the Map. Am I reaching ABC !
| cake shop? }
| B.Sorry, I missed it. Is this ABC cake shop? |
| C. Have you changed name, or closed? |
| D. Are you still located at {$address}? |
E. This is Baidu Maps. Are you still operating? |
Got it. Thank you for supporting Baidu Map, enjoy the rest of the day! |
Hello, Is this ABC cake shop? |
Yes, I am an automatic chat assistant, am I reaching to ABC cake shop? |

|
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G
H
L Sorry to interrupt, have a good day, bye.

|
I
I G
I H.
|
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Model Response

(User‘s reply confirmed as ABC cake shop and asked who was calling. E )

(a) Example for training the inference model.

Input Prompt
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| You are the Chat Assistant of Baidu Maps, please analyze the conversation,

I and give the suitable answers. Given that:
| POI's name: ABC cake shop
} POI's address: {$address}

} The historical conversation:
Al Hello, is this ABC cake shop?
1 USER: Yes, who is that?

| Think: User's reply confirmed as ABC cake shop and asked who was calling.
} Reply: This is Baidu Maps. Are you still operating?

\\Does the reply generated above match the historical conversation? ;

Model Response

((True )

(b) Example for training the evaluation model.

Figure 9: Training example for fine-tuning LLMs.

troduce overfitting, particularly if the iterative re-
finement overly emphasizes specific frequent or
well-represented scenarios, thus impairing the gen-
eralization capability. To mitigate this risk, we
intentionally integrated diversified synthetic data
generation via FSM-based augmentation and main-
tained a rigorous evaluation process combining
both fine-tuned LLM (EB-turbo) and a domain-
agnostic black-box LLM (ERNIE 4.0), thereby pre-
serving generalization and robustness.

Diminishing Returns: As illustrated in Fig-
ure 4a, iterative refinement eventually encounters
diminishing returns, with performance gains be-
coming increasingly marginal after several itera-
tions. Empirical results suggest that optimal per-
formance is typically achieved around the third or
fourth iteration. Beyond this point, the cost (com-
putational resources and human annotation efforts)
associated with additional iterations may outweigh
marginal gains in performance.

Error Propagation and Amplification: Incor-
rect annotations or evaluation inaccuracies during
early iterations can propagate through subsequent
iterations, potentially amplifying errors and ad-
versely affecting system reliability. We address

this concern by leveraging the cooperative voting
mechanism between domain-specific and domain-
agnostic LLM evaluators, coupled with periodic
human judgment interventions, effectively curbing
error propagation risks.

To effectively manage these iterative learning
risks, we recommend systematically monitoring
performance metrics across iterations, maintaining
balanced data augmentation, and establishing clear
criteria for iteration termination based on perfor-
mance saturation and cost-effectiveness analyses.

A.8.3 Discussion on ASR Errors

Automatic Speech Recognition (ASR) errors repre-
sent a significant challenge for interactive voice re-
sponse systems like DulVRS-2, particularly when
dealing with diverse dialects, accents, and vari-
able speech quality. Although ASR optimization
was not the primary focus of our study, our ap-
proach integrated dialect-inclusive corpora during
ASR training to enhance recognition robustness
across regions. Furthermore, our dialogue man-
agement strategy deliberately employs concise and
structured query phrasing, prompting user replies
primarily as short, clear responses (e.g., "Yes" or
"No"), thereby minimizing ambiguity and dialect-
induced errors.

The iterative learning framework implemented
in DuIVRS-2 incorporates continuous feedback
from real-world user interactions, progressively
mitigating the impact of ASR inaccuracies. As
illustrated in Figure 7(b) in Section 4.6, common
ASR-induced errors include phonetic confusion
and misrecognition of acoustically similar phrases.
Such errors could significantly affect the interpre-
tation of user intent, thus influencing subsequent
conversational decisions made by the system.

To systematically address these challenges,
DulVRS-2 employs two main strategies: first, an
FSM-based structured dialogue design limits po-
tential confusion stemming from ASR errors; sec-
ond, iterative refinements and continuous human-
in-the-loop evaluations further minimize error prop-
agation. Our ongoing analyses suggest that these
strategies substantially reduce ASR-related misin-
terpretations, ensuring stable and robust interaction
outcomes even in complex acoustic environments.
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