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Abstract

Previous work on goal-oriented proactive dia-
logue systems frequently failed to address the
multi-dimensional consistency issue between
generated responses and key contextual ele-
ments (e.g., user profile, dialogue history, do-
main knowledge, and subgoal). To address
this issue, we propose a novel Dynamic Multi-
dimensional Consistency Reinforcement Learn-
ing (DMCRL) framework, which adaptively
measures the impact of each consistency dimen-
sion on overall dialogue quality and provides
targeted feedback to improve response quality.
Experimental results on two datasets demon-
strate that our DMCRL significantly improves
the consistency of generated responses.

1 Introduction

Goal-oriented proactive dialogue systems (GPDS)
are designed to guide user interactions toward spe-
cific objectives by dynamically generating con-
textually relevant responses (Wang et al., 2024a,
2023a). Unlike traditional dialogue systems that
passively respond to user queries (Touvron et al.,
2023; Achiam et al., 2024), GPDS actively plan
and steer conversations along predefined paths, en-
suring smooth and coherent progression. They are
widely used in applications such as personalized
recommendations (Fu et al., 2020; Liu et al., 2020,
2021), customer support (Katragadda, 2024), and
medical consultations (Xu et al., 2024b), where it
is crucial to achieve specific results interactively.
Existing work on GPDS has primarily focused
on optimizing goal-oriented dialogue planning
(Wang et al., 2023b, 2024a,b; Zhang et al., 2024),
such as generating optimal paths to achieve spe-
cific goals. These paths are typically composed of
<Action, Topic> pairs. As illustrated in Figure 1, a
dialogue goal pathway might start from <Greetings
| NULL>, progress through a series of subgoals,
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and ultimately reach <Music Recommendations |
Housten Love>. However, the above methods of-
ten overlook the critical issue of multi-dimensional
consistency between generated responses and key
contextual elements (e.g., user profile, dialogue
history, domain knowledge, and subgoal).

Figure 1 illustrates an example of a GPDS in-
teraction, where the system needs to generate re-
sponses that are consistent with various predefined
contextual elements; otherwise, the dialogue may
become disjointed and ineffective. For example, in
response S1 (SystemResponse), the system fails
to incorporate the user profile, resulting in a lack
of personalization. In S3, the system deviates from
the target movie Crossing Hennessy in its recom-
mendation. In S5, the system ignores the user’s
previously expressed intent in the dialogue history
of not wanting to watch a movie and continues to
recommend one. Moreover, in S7, the system incor-
rectly applies a review of the song A Chinese Ghost
Story to Housten Love, resulting in factual inaccu-
racy. These inconsistencies disrupt the coherence
of the dialogue, hinder the system’s ability to guide
the user toward the intended goal, and ultimately
degrade the user experience.

Although some studies on another task, persona-
based dialogue generation (Song et al., 2021; Zhou
et al., 2023), have attempted to understand and im-
prove consistency, they typically focus on single-
dimensional consistency or assume that all consis-
tency dimensions hold equal importance through-
out the dialogue. They overlook the fact that the
significance of different consistency dimensions
varies dynamically as the conversation progresses.
As a result, they fail to effectively address the chal-
lenge of balancing multi-dimensional consistency.
Figure 1 illustrates an interaction case where all
consistency dimensions are treated as equally im-
portant (w/Static). In this case, U and U, exces-
sively apply the user profile, leading to an abrupt
mention of the user’s location and repetitive ref-
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User Profile

Name: Liu Pinglu,
Gender: Female,

Favorite Celebrity: Leslie Cheung,
Favorite Movie: Smoke and Vanish
Refusal: News

Goal-oriented Path
(Action | Topic)

Greetings
| NULL
Movie Recommendations
| Crossing Hennessy

Hennessy>
<Leslie Cheung, Biography, Legend>

<A Chinese Ghost Story, Review,
Leslic Cheung’s singing is perfectly
suited, achieving a melodic flow and a
deep poetic ambiance.>

<A Chinese Ghost Story, Review,
Leslie Cheung's rich and magnetic
baritone fully brings out the historical
depth of this piece.>

<Leslie Cheung, Singing, Housten
Love>

<Housten Love, Review, A very soft
and delicate song.>

<Leslie Cheung, Zodiac Sign, Virgo>
<Leslie Cheung, Place of Birth,
Kowloon - Hong Kong>

Music Recommendations
A Chinese Ghost Stor

Music Recommendations
Housten Love

o}
~

Jo

Jo

Do

Dialogue History

Good evening, Liu Pinglu.
Hello, cutie.
What are you doing?

Nothing much, just lying at home.
Then why not watch a movie to
pass the time? 'Crossing Hennessy'
is a great choice, a very French-

lead actor, Leslie Cheung? He is
considered a legend.

other prestigious awards.

Yes, he has achieved great success
in many fields, truly impressive.
Since he sings so beautifully, why

not listen to his song 'A Chinese
Ghost  Story'? Leslie Cheung’s
performance is perfect, achieving a
melodious tune and a deep, poetic

atmosphere.
I've already heard that one.
Then how about 'Housten Love'?

It's an incredibly soft and delicate

~

System Response

S, E51Good evening.
S, 9 What are you doing?

S, EaThen why not watch a movie to
pass the time? There are plenty of
great films to choose from,

Cheung? He’s truly a legendary

Since he sings so beautifully, why

S ot listen to his song 'A Chinese

¢ Ghost Story'? Leslie Cheung's rich

and magnetic baritone fully brings

out the historical depth of this
piece.

Then how about 'Housten Love'?
Leslie Cheung’s performance is
S, B3 E'S P

perfect, achieving a melodious tune

System Response w/ Static

U, =,Good evening, Liu Pinglu! I know
you live in Guangzhou.

U, E5iLiu Pinglu, What are you doing?
Didn’t you like

Us B3, my .
Vanish'? Leslie Cheung also gave

an  excellent performance in

Let’s talk

'Smoke and

'Crossing Hennessy'.

N style short film. depending on your mood.
Domain Knowledge I don't feel like watching a movie o about that one.
A
right now. How about we chat about Leslie
<Leslie Cheung, Lead Actor, Crossing (O enjhopgabouiiclialitabotiie s, 7 How about we chat about Leslie | j, & Cheung, the lead actor? He’s often

regarded as a legendary figure.

figure. ' ! He he Hong
<Lestie Cheung, Awards, Hong Kong He is my idol too, haha, & Eha'slg"e"“; e
; _ ong Film Awards for Best Actor
Film Awards - Best Actor> R That's great! He won the Hong S. EoThat's great! He won the Hong | y.ca . §
<Leslie Cheung, Awards, Golden Celebrity Chat ; ‘ : s : 5CFand the Golden Horse Award for

s i N Kong Film Awards for Best Actor Kong Film Awards for Best Actor. )
Horse Awards - Best Original Song> | Leslie Cheung N . h Best Original Song, among many
<Leslie Cheung, Singing, A Chinese and the Golden Horse Award for You should check out his movies. e oretisione e
other prestigious awards.

Ghost Story> Best Original Song, among many e

Leslie Cheung is a Virgo and was
born in Kowloon, Hong Kong. Not
only is he a great actor, but his

Us [singing is also deeply moving. For
example, 'A Chinese Ghost Story'
blends his deep emotions with the
cultural characteristics of Hong

Kong.

Then how about 'Housten Love'?
U, ES1t's an incredibly soft and delicate

song.

(final target) song

and a deep, poetic atmosphere.

Figure 1: An example of GPDS from DuRecDial (Liu et al., 2020), where the system responses are generated by
LLaMA3, with “w/ Static” indicating responses where all consistency dimensions are treated as equally important.

erences to the user’s name. Us forcibly links the
user’s favorite movie to the recommended movie,
even though they are unrelated. Us fails to priori-
tize the subgoal of recommending the current song
and, instead, overly focuses on maintaining consis-
tency with domain knowledge, providing excessive
and unnecessary personal information about the
singer, which leads to factual inaccuracies in the
song description. While these dialogues perform
well in terms of consistency across various dimen-
sions, the overemphasis on treating all dimensions
as equally important often disrupts the flow and
coherence of the conversation.

To address these issues, we propose a Dy-
namic Multi-dimensional Consistency Reinforce-
ment Learning (DMCRL) framework. DMCRL
dynamically adjusts the attention weights assigned
to different consistency dimensions as the dialogue
progresses, enabling the system to maintain overall
consistency while focusing on the most critical di-
mensions at each stage. Additionally, DMCRL in-
troduces a counterfactual consistency reward mech-
anism, which simulates counterfactual scenarios by
modifying predefined elements in the actual con-
text, and updates the model on its ability to generate
consistent and reasonable responses. Through this
scenario contrast learning approach, DMCRL is
able to more accurately identify multi-dimensional
consistency discrepancies. The experimental re-
sults on two datasets show that our DMCRL sig-
nificantly improves the consistency of responses

across multiple dimensions.

2 Related Work

2.1 Goal-oriented Proactive Dialogue Systems

Previous GPDS guided dialogue generation by
planning subgoal for each conversational turn, en-
suring the conversation progresses towards a spe-
cific target. Most work focused on path plan-
ning and employed various techniques, such as
CNN and biGRU-based methods (Liu et al., 2020),
transformer-based goal-driven methods (Wang
et al., 2022, 2024a), and Brownian bridge stochas-
tic processes (Wang et al., 2023b). Additionally,
they have explored unified Seq2Seq generation
paradigms and prompt-based learning strategies
(Deng et al., 2023). Graph-based models, includ-
ing graph convolutional networks (Liu et al., 2023)
and graph interaction methods (Zhang et al., 2024),
as well as goal-constrained bidirectional planning
(Wang et al., 2024b), have also been investigated.
However, these methods often overlook the po-
tential inconsistencies between the generated re-
sponses and key contextual elements, such as user
profile, dialogue history, domain knowledge, and
subgoal. Such inconsistencies can disrupt the flow
of conversation or lead to task failure.

2.2 Consistency Generation

Previous studies in other tasks have attempted to
address consistency issues in dialogue systems,
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mainly focusing on single-dimensional consistency
or treating all consistency dimensions equally.
Zhou et al. (2023) improved coherence and consis-
tency through over-sampling and post-evaluation,
while Song et al. (2021) employed two BERT de-
coders to separately model response generation
and consistency understanding. However, these
methods are primarily aimed at persona-based di-
alogue generation and struggle to generalize to
broader goal-oriented dialogue scenarios. Addi-
tionally, they overlook the fact that the importance
of different consistency dimensions changes dy-
namically throughout the dialogue. Our work em-
phasizes the dynamic nature of multi-dimensional
consistency, aiming to make the consistency opti-
mization process more controllable.

3 Task Definition

Given a dialogue D = {U, H, K, G, R}, where U,
H, K, G, and R represent the user profile, dialogue
history, domain knowledge, goal-oriented path, and
set of responses at each turn, respectively, GPDS
consists of two primary subtasks: goal-oriented
path planning and response generation.
Goal-oriented Path Planning This task aims
to predict a sequence of subgoals G =
{91,92,...,97} that guide the conversation to-
ward achieving the final objective. At each turn
t (1 <t < T), the model determines the next
subgoal g; based on the current dialogue state:

g = argmgaxP(g | U, K, H<¢, G<4; 0pian) (1)

where 0,1, represents the parameters of the plan-
ning model. In this stage, we adopt the same pre-
diction model as TPNet (Wang et al., 2024a), en-
suring effective goal progression. However, our
main objective is to enhance the consistency of the
generated responses.

Response Generation Given the user profile U,
domain knowledge K, dialogue history H<;, and
current subgoal g, the response generation model
at the ¢-th turn aims to produce a coherent and goal-
aligned response r;, forming part of the overall
response set R = {ry,ra,...,r7}, as follows:

T = argmgxP(r | U, K, H<¢, 915 0gen)  (2)

where 0,e, denotes model parameters. Our work
primarily focuses on enhancing the alignment be-
tween the generated response and predefined ele-
ments (i.e., user profile, dialogue history, domain
knowledge, and subgoal), thereby improving the
overall performance of GPDS.

4 DMCRL Framework

To address the challenge of multi-dimensional
consistency in GPDS, we propose the novel Dy-
namic Multi-dimensional Consistency Reinforce-
ment Learning (DMCRL) framework. DMCRL
dynamically balances the consistency requirements
across four key dimensions: user profile, dialogue
history, domain knowledge, and subgoal. As il-
lustrated in Figure 2, the framework consists of
two main stages: Supervised Fine-Tuning (SFT),
and Dynamic Consistency Reinforcement Learning
(DCRL) with an innovative reward function that
incorporates counterfactual consistency rewards.

4.1 Supervised Fine-Tuning

In the SFT stage (Figure 2 Left), we fine-tune an
open-source LLM on the dialogue dataset S =
{D’ i]\il, where each dialogue consists of multiple
turns. The objective is to establish a strong baseline
for response generation by minimizing the negative
log-likelihood of the ground-truth responses at each
turn as follows:

T;
Lspr = _E(U,K,Hgt,gt,rt)ws Zlog P(r | 3)
t=1

U) Ku Hgta gt; OSFT)

where T; denotes the number of turns in the i-th
dialogue, r; is the ground-truth response at the turn
t, g; is the subgoal at the turn ¢, and fspr represents
the parameters of the fine-tuned model.

4.2 Dynamic Consistency Reinforcement
Learning

In the DCRL stage (Figure 2 Middle), we opti-
mize the model to generate responses that are both
consistent and well-balanced across multiple di-
mensions. The key innovations lie in the dynamic
weight allocation and the counterfactual consis-
tency rewards.
Dynamic Weight Allocation Given that the im-
portance of consistency across dimensions (user
profile, dialogue history, domain knowledge, and
subgoal) can vary as the conversation progresses,
the system must dynamically adjust the weight of
each consistency dimension. This ensures that the
generated response maintains overall consistency
while also giving greater attention to the most rele-
vant dimensions as the conversation progresses.
Leveraging ChatGPT’s powerful annotation ca-
pability (Wang et al., 2023c; Xu et al., 2024a), we

25285



Predefined elements

User profile: Name: Lei Qifei, Gender: Female, Favorite Stars:
Dialogue history:
[USER] e
[USER] Thank you, but I currently prefer Cecilia Cheung's movies.
[BOT] Then you can check out "Star Wish," it's a classic romantic movie, very touching.
[USER] Who is the director of this movie?

"Nicholas Tse, Wang Leehom, Cecilia Cheung", Reject: News, etc.
Domain knowledge: <Star Wish, Starring, Ren Xianqi>, <Star Wish, Starring, Cecilia Cheung>, <Star Wish, Director, Ma Chucheng>, <Star Wish, Genre, Romantic Comedy>, etc.

Subgoal: action: Movie Recommendations, topic: Star Wish.
SFT DCRL
Y PPO
ReWard
o5
l l C, a-C,
+ G aCy
Response [W w, W, W :I .
u h k g Ck a- Ck'
The director of this movie
is Ren Xiangi. 3 Cg a: Cg'

U.K.H,G

Consistency calculation

w/ DMCRL
CH
Change the director of the movie
Star Wish to Nicholas Tse.
KO3
- L
LLM
Response ReSpone

5 Sene . The director of this movie is
The director of this movie 5
Ma Chucheng.

is Nicholas Tse.

Figure 2: Overview of the DMCRL framework, where DWA, CF, and PPO represent Dynamic Weight Allocation,
Counterfactual Scenario, and Proximal Policy Optimization, respectively.

automatically annotate turn-specific consistency
weights using ChatGPT. The prompt used for an-
notation is in Appendix A.1, and the reliability of
ChatGPT’s annotations, based on human evalua-
tions, is discussed in Appendix A.2. Then we train
a Dynamic Weight Allocation (DWA) model that
maps the predefined elements e, including user pro-
file (u), dialogue history (h), domain knowledge
(k), and subgoal (g), to a set of consistency weights
w = {wy, wp, Wi, wy } as follows:

w = DWA(e; 6,) 4)

where 6, represents the parameters. DWA is
trained by minimizing the mean squared er-
ror (MSE) loss between the predicted weights
and the ChatGPT-annotated target weights w =
{wu,wh,wk,wg} on the annotated dialogue
dataset S = {D'}N |, where D' denotes a dia-
logue sample with annotated consistency weights.

E e w)~g Z [wg — al|”

deD

»Cweight = (5)
where D = {u, h, k, g} represents the set of con-
sistency dimensions.

Counterfactual Consistency Reward The coun-
terfactual consistency reward C.s improves the
model’s ability and stability in identifying and opti-
mizing consistency biases by evaluating its ability
to generate consistent responses under hypothetical
scenarios and providing targeted feedback. The
core idea is to simulate potential changes in the
dialogue context and assess whether the model’s
responses remain consistent and reasonable under

these perturbations. Specifically, we modify the
predefined contextual elements e to construct a
new counterfactual context ¢, such as adjusting
the user’s preferences, altering parts of the domain
knowledge, or changing the current subgoal. Then,
the model generates a new response r; based on
¢/, and we evaluate whether it still maintains log-
ical consistency, aligns with the overall context,
and avoids introducing errors that violate global
consistency due to local information changes.

This approach is inspired by causal inference
(Pearl, 2010), where counterfactual analysis is used
to understand how changes in input conditions af-
fect outcomes. The counterfactual consistency re-
ward is computed as follows:

de Cy(e,r})

deD

(6)

where wy is the dynamically assigned weight for
each consistency dimension d, and Cy(€’, r}) de-
notes the consistency score between the generated
response 7, and the contextual element correspond-
ing to dimension d, which is detailed in Section 4.3.
Adaptive Consistency Reward The reward func-
tion C'(e, 1¢), the overall consistency score which
integrates the dynamic weight allocation and coun-
terfactual consistency evaluation, is defined as:

C(e,m) = Z wq - Cq(e,re) +a-Ce(e,ry) (7)
deD
where a = 0.3 is a scaling coefficient tuned on

the development set that controls the impact of the
counterfactual consistency score.
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4.3 Consistency Score Computation

We design the consistency scoring method for each
dimension to evaluate the system’s consistency per-
formance at different levels according to their defi-
nition, as detailed below:

User Profile The user profile consistency score
measures whether the system response correctly in-
corporates relevant user profile information while
avoiding content that the user has explicitly re-
jected. It is calculated as follows:

Zpiep 5(7’t7pz‘) _ 'aneN 5(7“t, nj)
1P| IN]

Cule,r) =

where P is the set of key user profile elements (e.(g.),
name, interests), and NN is the set of content explic-
itly rejected by the user (e.g., movies). §(ry, x) = 1
if the response r; contains z, otherwise 0. A is
a penalty factor (set to 1), allowing C, to range
within [—1, 1] so as to impose a stronger penalty
when the response violates user rejections, unlike
other scores which are bounded in [0, 1].
Dialogue History The dialogue history consistency
score measures whether the current response main-
tains semantic coherence with the previous conver-
sation, avoiding abrupt or inconsistent transitions.
We quantify the semantic coherence score using the
TF-IDF method (Sparck Jones, 1972) combined
with cosine similarity as follows:
| S h

) = ] ©
where ry is the current response text, and h is the
dialogue history.
Domain Knowledge The knowledge consistency
score measures whether the system response cor-
rectly utilizes the knowledge base. We evaluate
performance using the Knowledge F score, as de-
fined in Algorithm 1 in Appendix B.
Subgoal The subgoal consistency score evaluates
whether the system response aligns with the current
dialogue subgoal as follows:

Cyle,re) =1(t C1y) (10)

where [(+) is the indicator function, which outputs
1 if the response r; contains the current subgoal
topic t, and O otherwise.

4.4 Optimization

To effectively optimize our consistency-driven re-
ward under dynamic and potentially high-variance
conditions, we adopt Proximal Policy Optimization

(PPO) (Schulman et al., 2017) in combination with
Generalized Advantage Estimation (GAE) (Schul-
man et al., 2018), balancing stability and sample
efficiency. The objective is to maximize the ex-
pected cumulative reward as follows:

Lri = E(e,rt)fvw A(ea i) — B - KL (a1

(n(re | )lmser(ri | €))]

where A(e, ;) is the advantage estimate obtained
using GAE, 7 is the current policy, wspr is the SFT
policy, and § is a hyperparameter controlling the
KL divergence penalty.

S Experimentation

5.1 Experimental Settings

Datasets We conduct experiments on two bench-
mark datasets: DuRecDial (Liu et al., 2020) and
DuRecDial 2.0 (Liu et al., 2021). For data prepro-
cessing and partitioning, we follow the same strat-
egy as previous work (Wang et al., 2024a; Zhang
et al., 2024) to ensure a fair comparison. The de-
tails of the datasets are provided in Appendix C.
Baselines We first compare our approach with two
strong baselines: MGNN (Liu et al., 2023) effec-
tively controls the dialogue flow by constructing
a hierarchical goal graph and leveraging GCNs,
while GIGF (Zhang et al., 2024) adopts a goal in-
teraction graph framework based on heterogeneous
graph attention networks to dynamically model
multi-level goal relations. Additionally, to ensure
a fair comparison, we evaluate Supervised Fine-
Tuning baselines on five popular LLMs: LLaMA3,
Mistral, Phi-3.5, Qwen2.5 and DeepSeek. The
specific model configurations can be found in Ap-
pendix D. This allows us to validate the effective-
ness of DMCRL in a more competitive setting.
Evaluation Metrics We adopt the evaluation met-
rics used in previous work (Wang et al., 2024a).
Word-level F; (W F;) measures the exact word
overlap between the generated and reference re-
sponses, reflecting the accuracy of the response.
BLEU-2 (Papineni et al., 2002) evaluates the 2-
gram overlap between the generated and refer-
ence responses. Distinct (Dist-2) (Li et al., 2016)
measures the diversity of the generated responses.
Knowledge F; (K Fp) (Liu et al., 2020) evaluates
the ability of the model to effectively utilize do-
main knowledge. Goal Success Rate (Succ) (Wang
et al., 2024a) reflects the model’s ability to achieve
the final target action and topic within the dialogue.
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Method WF,; BLEU-2 Dist-2 KF; Succ
MGNN 43.50 0.274 0.064 45.00 -

GIGF 47.52 0.348 0.078 56.02 -
LLaMA3gp,) 48.92 0.339 0.078 57.87 75.62
LLaMA3 w/ Static 51.321?.40 0'341T0-002 0.08 1T0-003 59'21T1~34 77. 15T1-53
LLaMA3 w/ DMCRL 52°81T3.89 0.349¢0.010 0.0827\0.004 60-76T2.89 78.68¢3'06
Mistral(7g) 47.21 0.335 0.080 56.32 71.88
Mistral w/ DMCRL 50'05T2~84 0'344T0~009 0'084T0'004 59'12T2-80 75'85T3~97
Phi3.5:; gg) 46.63 0.326 0.084 55.29 73.12
Phi3.5 w/ DMCRL 50.4543 80 034340017 0.08710.003 58.1912.90 7614430
Qwen2.5(7p) 48.72 0.342 0.082 55.39 7291
QWCII2.5 w/ DMCRL 51~56T2.84 0.35011)_003 O'OSSTO-OOS 59'23T3~84 75'84T2-93
DeepSeek(i 5p) 46.26 0.331 0.084 55.47 74.03
DeepSeek w/ DMCRL 49.47’[3.21 0'342T0-011 0'085T0-001 58.66T3.19 77'13T3-10

Table 1: Experimental results on the Chinese DuRecDial. The parameter sizes of the models are annotated as

subscripts adjacent to the model names.

Method WF,; BLEU-2 Dist-2 KF; Succ
MGNN 36.75 0.194 0.073 31.32 -

GIGF 38.35 0.241 0.089 66.91 -
LLaMA3 3g) 38.42 0.233 0.092 55.21 52.14
LLaMA3 w/ Static 40'81T2-39 0'245T0-012 0.095“)_003 63~54T8.33 53'48T1-34
LLaMA3 w/ DMCRL 41'17T2-75 0.24711)_014 0.095“)_003 65~87T10.66 54~83T2.69
Mistral(7g) 39.09 0.237 0.090 58.89 50.85
Mistral w/ DMCRL 41.851@_76 0'245T0-008 0'092T0-002 66~57T7.68 53~43T2.58
Phi3.53 8B 40.64 0.245 0.094 54.56 53.47
Phi3.5 w/ DMCRL 41361072 0.25310.008 0.09544.001 6714115 55 54.1310.66
Qwen2.5(7g) 38.25 0.239 0.087 56.20 53.14
QWCH2.5 w/ DMCRL 40'97T2-72 0'249T0-010 0.088T0_001 63~85T7.65 55'77T2-63
DeepSeek(i sp) 38.11 0.237 0.091 58.38 51.03
DeepSeek w/ DMCRL 41'08T2-97 0'241T0-004 0.093“)_002 66.3777_99 54'01T2-98

Table 2: Experimental results on the English DuRecDial 2.0.

Implementation Details Appendix E for details.

5.2 Experimental Results

The experimental results on the Chinese DuRec-
Dial and English DuRecDial 2.0 are summarized
in Tables 1 and 2. The results show that DMCRL
consistently improves performance across different
model architectures, achieving significant gains in
key metrics such as W F1, BLEU-2, K Fy, and Goal
Success Rate, while maintaining competitive per-
formance on Dist-2. These findings highlight the
fact that DMCRL can enhance multi-dimensional
consistency and overall dialogue quality.

We observe that the five LLMs demonstrate com-
petitive performance compared to the SOTA base-
lines MGNN and GIGEF, benefiting from their su-
perior language understanding and generation ca-
pabilities. Although they are already capable of
capturing the complex patterns of dialogues, our
targeted consistency-enhancing method, DMCRL,
can still further improve their performance.

Specifically, the improvements in W F; and
BLEU-2 indicate that DMCRL can generate re-
sponses that better match reference responses in
terms of lexical overlap and semantic relevance.
The substantial gains in K F; highlight DMCRL’s
ability to enhance factual accuracy by reinforcing
domain knowledge consistency. Furthermore, the
increase in Goal Success Rate shows DMCR can
guide the model toward achieving dialogue goals
by addressing inconsistencies between responses
and subgoals. Although the improvements in Dist-
2 are relatively modest, they indicate that DMCRL
maintains response diversity while enhancing con-
sistency, ensuring that generated responses remain
engaging and contextually appropriate.

To validate the idea that the importance of con-
sistency across dimensions needs to be dynami-
cally adjusted as the conversation progresses, we
introduced a version of DMCRL without DWA,
where all consistency dimensions are treated with
equal importance, as a static consistency correction
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Method WF; BLEU-2 Dist2 KF; Succ
DMCRL 52.81 0.349 0.082 60.76 78.68
w/o UP 52.47 0.344 0.081 60.23 78.05
w/o DH 52.13 0.342 0.082 59.92 77.57
w/o DK 51.23 0.341 0.081 58.48 76.95
wlo SG 51.72 0.342 0.080 59.89 75.64
w/o CF 50.37 0.344 0.081 59.31 77.17
w/o DWA 51.32 0.341 0.081 59.21 77.15

Table 3: Ablation results using LLaMA3 on DuRecDial,
where UP, DH, DK, SG, CF, and DWA refer to User
Profile, Dialogue History, Domain Knowledge, Subgoal,
Counterfactual Reward, and Dynamic Weight Alloca-
tion, respectively.

method (w/Static) for comparison. The results
for LLaMA3 show that, compared to w/Static,
the full DMCRL outperforms across all metrics.
This indicates that dynamically adjusting the im-
portance weights of consistency dimensions helps
the model adapt more flexibly to different conversa-
tional contexts, leading to more effective response
generation. Similar trends are also observed on
other models in Appendix F.

5.3 Ablation Study

We conducted an ablation study on DuRecDial to
assess the contribution of different components to
model performance and the results using LLaMA3
as backbone are shown in Table 3. Overall, the
removal of any components led to a significant
decrease in performance, indicating the critical im-
portance of each consistency module.
Specifically, removing User Profile (w/o UP)
and Dialogue History (w/o DH) both led to a de-
cline, suggesting that ensuring generated responses
align with the user’s historical dialogue and prefer-
ences helps the model better understand user needs
and generate appropriate responses. Additionally,
removing Domain Knowledge (w/o DK) caused
a significant drop in Knowledge F;, highlighting
the crucial role of enhancing domain knowledge
consistency for factual accuracy in generated re-
sponses. Removing Subgoal (w/o SG) also led to a
noticeable reduction in Goal Success Rate, imply-
ing that improving subgoal consistency can help
the model make step-by-step progress in complex
tasks and better achieve dialogue objectives.
Moreover, removing the counterfactual reward
(w/o CF) led to a decline in all metrics, indicat-
ing that counterfactual scenarios help the model
better identify and optimize consistency biases
through contrastive learning. Finally, removing
Dynamic Weight Allocation (w/o DWA) also re-

DMCRL Static Base
UP - 52.2% 35.0% 12.8%
DH . 56.0% 32.4% 11.6%
DK - 65.6% 258%  8.6%
SG 4 71.2% 226% 63%
0 20 40 60 80 100

Percentage(%)

Figure 3: Three-way evaluation results for LLaMA3 w/
DMCRL vs. LLaMA3 w/ Static vs. LLaMA3

sulted in performance degradation, which supports
the idea that the importance of consistency across
dimensions dynamically changes as the conversa-
tion progresses. Additionally, it can be observed
that the change in the Distinct metric is relatively
minor, reflecting that DMCRL can enhance con-
sistency without compromising the diversity of the
generated content.

5.4 Human Evaluation on Consistency

To evaluate the effectiveness of DMCRL in enhanc-
ing multi-dimensional consistency, we conducted
a human evaluation on DuRecDial using a three-
way comparison. Specifically, we compared the
consistency of responses generated by the baseline,
a model with static consistency correction, and a
model with DMCRL (dynamic consistency correc-
tion), focusing on their alignment with predefined
elements such as user profile, dialogue history, do-
main knowledge, and subgoal. A total of 500 sets
of responses were randomly selected for evalua-
tion, with the constraint that the three responses in
each set were mutually distinct. Annotators were
instructed to choose the best response among the
three anonymous options. The human evaluation
criteria can be found in Appendix G. The evalua-
tion results on LLLaMA3 are shown in Figure 3.
The results show that the baseline still achieves
a certain level of win rate, indicating it already
shows a reasonable degree of consistency and can
generate appropriate responses in some scenarios.
However, the models with static consistency correc-
tion and DMCRL outperform the baseline across
all dimensions, with DMCRL achieving the highest
win rates. The evaluation results for other LLMs
are shown in Appendix G, where similar trends
are observed. This suggests that DMCRL, by im-
posing stronger dynamic consistency constraints,
significantly improves response quality while main-
taining dialogue coherence, enabling the model to
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Figure 4: Subgoal failure rates on DuRecDial.

generate responses that better align with user needs
and dialogue goals.

5.5 SubGoals Failure Analysis

A core requirement of GPDS is to progressively
guide the conversation toward the final target by
accomplishing intermediate subgoals. To evaluate
whether the model exhibits strong subgoal consis-
tency and guiding ability, we analyze its perfor-
mance in subgoal completion. As shown in Fig-
ure 4, the results demonstrate that models without
DMCRL often overlook key information related to
the current subgoal. This lack of consistency may
lead to fragmented dialogue flow, reducing task
completion efficiency and degrading user experi-
ence. Although w/Static improves consistency
to some extent, its overall performance still lags
behind the full DMCRL. In contrast, DMCRL dy-
namically adjusts consistency, allowing the model
to more flexibly adapt to the goal requirements at
different stages of the dialogue, significantly en-
hancing subgoal consistency and promoting the
step-by-step achievement of the dialogue objective.
Similar improvements are observed on DuRecDial
2.0, with details provided in Appendix H.

5.6 Case Study

To further analyze the impact of DMCRL on dia-
logue consistency, we conducted a case study com-
paring system responses before and after applying
DMCRL. As shown in Table 4, DMCRL signifi-
cantly enhances response consistency across multi-
ple dimensions.

In terms of consistency with user profile
(Samplel), the response without DMCRL lacks
personalization, whereas DMCRL correctly incor-
porates the user’s name, demonstrating a stronger
awareness of user attributes. Regarding consistency
with dialogue history (Sample2), the model with-
out DMCRL overlooks the user’s previously stated
preference of not wanting to watch a movie. In con-
trast, DMCRL generates a response that aligns with
the user’s intent, ensuring contextual coherence and

Type System Response
Sample 1: Consistency with the user profile
w/o DMCRL Good evening.
w/ DMCRL Good evening, Liu Pinglu.
Sample 2: Consistency with the dialogue history
That’s great! He won the Hong Kong Film
w/o DMCRL Awards for Best Actor. You should check out
his movies.
That’s amazing! He received the Hong Kong
Film Awards for Best Actor and the Golden
w/DMCRL Horse Award for Best Original Song, along
with numerous other prestigious honors.
Sample 3: Consistency with the domain knowledge
Then how about Housten Love? Leslie
w/o DMCRL Cheung’s performance is perfect, achieving a
melodious tune and a deep, poetic atmosphere.
Then how about Housten Love? It’s a very soft
and delicate song.
Sample 4: Consistency with the subgoal
Then why not watch a movie to pass the time?
w/o DMCRL There are plenty of great films to choose from,
depending on your mood.
Then why not watch a movie to pass the time?
You could check out Crossing Hennessy, a
beautifully crafted short film with a touch of
French style.

w/ DMCRL

w/ DMCRL

Table 4: A case generated by LLAMa3.

avoiding contradictions. For consistency with do-
main knowledge (Sample3), the response without
DMCRL mistakenly applies a review of a different
song to the current recommendation. After ap-
plying DMCRL, the model correctly retrieves and
utilizes factual knowledge specific to the recom-
mended song. In terms of consistency with subgoal
(Sampled), the model without DMCRL provides a
generic suggestion without explicitly recommend-
ing Crossing Hennessy, whereas DMCRL gener-
ates a more precise recommendation, effectively
guiding the user toward the intended goal.

The appendix I provides a comparative case
study with the static consistency correction method,
further illustrating the advantages of DMCRL’s dy-
namic consistency correction.

6 Conclusion

In this paper, we propose a Dynamic Multi-
dimensional Consistency Reinforcement Learn-
ing framework DMCRL. By introducing dynamic
weight allocation and counterfactual consistency
verification mechanisms, DMCRL effectively im-
proves and balances consistency across various di-
mensions. Extensive experiments on DuRecDial
and DuRecDial 2.0 demonstrate that DMCRL sig-
nificantly enhances response quality, factual accu-
racy, and goal success rate.
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Limitations

Our proposed DMCRL framework has two primary
limitations. First, relying on ChatGPT-based auto-
matic annotation for consistency weight allocation
may introduce potential biases inherent to large lan-
guage models. Although we have demonstrated a
high level of agreement between ChatGPT and hu-
man annotators, model-generated annotations may
still overlook subtle aspects of importance that hu-
man evaluation could better capture. Second, while
DMCRL dynamically balances consistency dimen-
sions, it does not explicitly address potential con-
flicts between dimensions (e.g., when satisfying
user profile information contradicts dialogue his-
tory). Future work could explore conflict resolution
mechanisms to further enhance the robustness of
the framework.
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A ChatGPT-based Weight Annotation

A.1 Prompt for Annotation

We use ChatGPT ! to annotate consistency weights
at the turn level in dialogues. The goal is to evaluate
the importance of consistency across the predefined
elements such as user profile, dialogue history, do-
main knowledge, and subgoal for each assistant
response. The prompt is as follows:

You are given four contextual elements:
a user profile, dialogue history, relevant
domain knowledge, and a current subgoal,
along with an assistant’s response. Your
task is to evaluate how important it is for
the assistant’s response to remain consistent
with each of the four elements.

Please assign an importance score from 1
(least important) to 5 (most important) to
each dimension: User Profile, Dialogue
History, Domain Knowledge, and Subgoal.
Think step-by-step:

1.Identify what kind of information is
necessary to generate a helpful and coherent
response.

2.Determine which elements are most
crucial for maintaining consistency at this
specific turn.

Focus only on the relative importance of
each dimension’s consistency. Do not
assess the quality or correctness of the
response itself.

Return your output as a JSON object
with four keys: "User Profile", "Dialogue
History", "Domain Knowledge", and
"Subgoal".

[Start of Predefined Elements]
$ {User Profile}

$ {Dialogue History}

$ {Domain Knowledge }

$ {Subgoal}

[End of Predefined Elements]

[Start of the Assistant’s Response]
$ {Response}
[End of the Assistant’s Response]

IThe version used is gpt-40-2024-11-20.
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A.2 Reliability Evaluation of ChatGPT
Annotation

To assess the reliability of the consistency weights
annotated by ChatGPT, we conducted a human
evaluation on the turn-level annotation results.
Specifically, we randomly sampled 500 annotated
instances from the dataset and invited three grad-
uate students specializing in natural language pro-
cessing to independently assign importance scores
across four predefined consistency dimensions:
User Profile, Dialogue History, Domain Knowl-
edge, and Subgoal. During the annotation pro-
cess, the human annotators strictly followed the
same guidelines used by ChatGPT (refer to Ap-
pendix A.1). We employed two complementary
strategies to quantitatively measure the agreement
between ChatGPT and human annotations:

First, we computed the average absolute dif-
ference (AvgDiff) between ChatGPT’s scores and
human scores. For each instance i, we calculated
the absolute difference for each dimension d, aver-
aged across the three annotators, and then averaged
across all four dimensions:

4 3
. 1 1
AvgDiff, = 1 E <3 1 |GPT; 4 — Humanivd,h,|> (12)

where GPT; ; denotes ChatGPT’s score for the
instance ¢ and dimension d, and Human, 4, de-
notes the score given by the h-th human annota-
tor. Based on this calculation, 84.2% (421/500)
of the instances have an AvgDiff; no greater than
1, indicating a high level of agreement in absolute
scoring.

Second, considering that our focus is on the rela-
tive importance across dimensions rather than the
absolute scores, we further computed the Spearman
rank correlation coefficient between ChatGPT’s
and human annotators’ importance rankings for
each instance. The Spearman correlation measures
the consistency of the ranking order among the four
dimensions. The average Spearman correlation
across the 500 samples is p = 0.87, demonstrating
strong alignment in ranking preferences between
ChatGPT and human annotators.

These results confirm that ChatGPT can reliably
assess the turn-level relative importance of con-
sistency dimensions, providing a sound basis for
automated consistency weight annotation in rein-
forcement learning frameworks.

Dataset Annotators #Dialogue  #Utterance
DuRecDial Crowd workers 8,004 126,186
DuRecDial 2.0 ~ Human experts 6,080 98,719

Table 5: Statistics of DuRecDial (Chinese) and DuRec-
Dial 2.0 (English).

B Knowledge Consistency Computation

Algorithm 1 outlines the computation of the Knowl-
edge F7 score used to assess knowledge consis-
tency. This metric is based on the overlap between
knowledge triples mentioned in the generated re-
sponse and those in the reference response. It com-
putes precision, recall, and their harmonic mean
to quantify how well the system utilizes domain
knowledge.

Algorithm 1 Knowledge F; Computation

SET:
Domain knowledge triples: T_triples
Triples in generated responses: G_triples
Triples in reference responses: R_triples
1: Compute hit count:

hit = |G _triples N R_triples| (13)
2: Compute precision:
hit
P=——-— 14
|G_triples| 14
3: Compute recall:
hit
R=—+———— 15
|R_triples| (15)
4: Compute Knowledge F} score:
(P x R)
K ledge F} =2 X ——= 16
nowledge Fy X PIR (16)

5: return Knowledge F7;

C Datasets

We conduct experiments on two benchmark
datasets: DuRecDial (Liu et al., 2020) and DuRec-
Dial 2.0 (Liu et al., 2021). Both datasets are de-
signed for goal-oriented proactive dialogue systems
and provide structured annotations. Dataset statis-
tics are shown in Table 5.

D Model Configurations

To ensure a fair comparison and fully validate
the effectiveness of our method, we selected five
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Method WF, BLEU-2 Dist-2 KF; Succ
Mistral w/ Static 49.63 0.339 0.082 58.69 74.33
Mistral w/ DMCRL 50.05T0_42 0‘344T0-005 0.084 59'12T0-43 75.8511_52
Phi3.5 w/ Static 49.02 0.339 0.087 57.74 75.67
Phi3.5 w/ DMCRL 50.45¢1.43 0.34310.004 0.087 58.19+0.45 76.1440.47
Qwen2.5 w/ Static 50.14 0.346 0.085 58.81 75.38
Qwen2.5 w/ DMCRL 51.56+1.42 0.35010.004 0.085 59.2310.42 75.8410.46
DeepSeek w/ Static 48.71 0.335 0.085 57.20 76.88
DeepSeek w/ DMCRL 49-47T0.76 0.3427{),007 0.085 58.66T1.46 77‘13T0~25
Table 6: Experimental results on the Chinese DuRecDial.
Method WF, BLEU-2 Dist-2 KF; Succ
Mistral w/ Static 40.47 0.241 0.093 64.23 52.14
Mistral w/ DMCRL 41-85T1.38 0'245T0-004 0.092 66.5712,34 53'43T1-29
Phi3.5 w/ Static 41.02 0.249 0.097 63.85 53.81
Phi3.5 w/ DMCRL 41.3640.34 0.25310.004 0.095 67.14+3.9 54.1310.32
Qwen2.5 w/ Static 39.63 0.244 0.087 60.52 54.46
QWCI’IZ.S w/ DMCRL 40‘97T1-34 0‘249T0-005 0.088 63.85T3_33 55‘77T1-31
DeepSeek w/ Static 40.27 0.240 0.093 63.14 53.88
DeepSeek w/ DMCRL 41.087{),81 0'24170'001 0.093 66.37T3.23 54‘01T0~13

Table 7: Experimental results on the English DuRecDial 2.0.

widely used open-source large language mod-
els (LLMs) for Supervised Fine-Tuning, includ-
ing: LLaMA3?, Mistral®, Phi-3.5%, Qwen2.5,
and DeepSeek®. These models have demon-
strated strong performance across various tasks and
datasets, and they represent the state-of-the-art in
the field of large language models.

E Implementation Details

All experiments were conducted using the LLaMA-
Factory framework’ to fine-tune the LoRA (Low-
Rank Adaptation) modules (Hu et al., 2022) of the
models. The rank r and scaling parameter « for
LoRA were set to 8 and 16, respectively. We used
a learning rate of 1.0 x 10™*, trained for 6 epochs,
and employed a batch size of 4 with gradient accu-
mulation set to 32. The maximum sequence length
was set to 2048 tokens. All experiments were per-
formed on two NVIDIA A100 GPUs.

Zhttps://huggingface.co/shenzhi-wang/
Llama3-8B-Chinese-Chat
3https://huggingface.co/shenzhi—wang/
Mistral-7B-v@.3-Chinese-Chat
4https://huggingface.co/microsoft/Phi—S.
5-mini-instruct
Shttps://huggingface.co/Qwen/Qwen?2.
5-7B-Instruct
https://huggingface.co/deepseek-ai/
DeepSeek-R1-Distill-Qwen-1.5B
"https://github.com/hiyouga/LLaMA-Factory

F Comparison of Dynamic and Static
Consistency Correction

To further support the idea that the importance of
consistency across dimensions needs to be dynam-
ically adjusted as the dialogue progresses, we ex-
tend the comparison between the full DMCRL and
its static variant (w/o DWA) to additional LLMs
beyond LLaMA3. The results in Tables 6 and 7 con-
sistently demonstrate that, compared to the static
variant, the full DMCRL achieves superior perfor-
mance across key metrics such as W F;, BLEU-2,
K Fy, and Goal Success Rate. This consistent ad-
vantage highlights the effectiveness of dynamically
adjusting consistency weights, enabling the model
to better adapt to varying subgoal demands, con-
textual shifts, and user preferences throughout the
dialogue.

G Human Consistency Evaluation

We randomly selected 500 sets of system responses,
each comprising outputs from (1) the baseline
model, (2) the model with static consistency cor-
rection ( i.e., DMCRL w/o DWA, where all con-
sistency dimensions are treated with equal impor-
tance), and (3) the model with DMCRL, with the
constraint that the three responses in each set were
mutually distinct. Three graduate students special-
izing in natural language processing were invited
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DK - 62.6% 30.6% 6.8%

SG - 69.0% 25.0% 6.0%

0 20 40 60 80 100
Percentage(%o)

(d) DeepSeek w/ DMCRL vs. DeepSeek w/ Static vs.

DeepSeek

Figure 5: Three-way evaluation results for Mistral, Phi3.5, Qwen2.5, and DeepSeek. Abbreviations: UP (user
profile), DH (dialogue history), DK (domain knowledge), SG (subgoal).

to independently annotate these samples. During
the evaluation, the annotators were asked to select
the best response based on its multi-dimensional
consistency from three anonymous options. The
final results were obtained through majority voting.

The evaluation focused on the following dimen-
sions:

Consistency with User Profile: Evaluators
checked whether each response aligned with the
user’s profile (e.g., gender, interests, age), and se-
lected the one that best matched.

Consistency with Dialogue History: Evalua-
tors assessed whether each response was logically
coherent with previous dialogue turns and properly
understood the user’s intent, avoiding contradic-
tions or irrelevant content.

Consistency with Domain Knowledge: Evalua-
tors judged whether the response accurately applied
factual or domain-specific knowledge relevant to
the context.

Consistency with Subgoal: Evaluators exam-
ined whether the response effectively advanced the
current subgoal in the dialogue.

The three-way evaluation results for different
models are shown in Figure 5. As can be seen,
models with static consistency correction and DM-
CRL outperform the baseline across all dimensions,
with DMCRL achieving the highest win rates. This
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Figure 6: Subgoal failure rates on DuRecDial2.0.

suggests that DMCRL can dynamically enhance
multi-dimensional consistency while maintaining
coherence and improving overall response qual-
ity. These findings confirm the generalizability and
effectiveness of DMCRL across different model
architectures.

H Results of Subgoals Failure

Figure 6 presents the subgoal achievement com-
parison on the DuRecDial 2.0 dataset. Consistent
with the observations on DuRecDial, the DMCRL-
enhanced model significantly reduces the subgoal
failure rate throughout the dialogue. This demon-
strates the generalizability of DMCRL in enhanc-
ing subgoal consistency across different datasets
and languages, thereby supporting more coherent
and effective goal-oriented dialogue generation.
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Type System Response

Sample 1: Overemphasizing consistency with the UP
U;. Good evening, Liu Pinglu! I know you
live in Guangzhou.
U,. Liu Pinglu, What are you doing?
Us. Didn’t you like Smoke and Vanish? Leslie
Cheung also gave an excellent performance in
Crossing Hennessy. Let’s talk about that one.
U;. Good evening, Liu Pinglu.
U,. What are you doing?
Us. Then why not watch a movie to pass the
time? You could check out Crossing Hennessy,
a beautifully crafted short film with a touch of
French style.
Sample 2: Overemphasizing consistency with the DK
Leslie Cheung is a Virgo and was born in
Kowloon, Hong Kong. Not only is he a great
actor, but his singing is also deeply moving.

w/ Static

w/ DMCRL

w/ Statie For example, A Chinese Ghost Story blends his
deep emotions with the cultural characteristics
of Hong Kong.

Since his singing is so enchanting, why not
. . . 5 .
w/ DMCRL oY his song A Chinese Ghost Story? Leslie

Cheung’s performance is perfect, achieving a
melodious tune and a deep, poetic atmosphere.

Table 8: A case generated by LLAMa3.

I Case Study

To further evaluate the impact of DMCRL’s dy-
namic characteristics on dialogue consistency and
response quality, we conducted a case study com-
paring system responses generated with DMCRL
and static consistency correction. As shown in
Table 8, DMCRL significantly enhances dialogue
fluency and coherence by dynamically balancing
consistency across different dimensions, without
compromising the consistency correction.

In the static consistency correction (w/Static)
condition, in Example 1, U; and U, excessively
apply the user profile, resulting in abrupt mentions
of the user’s location and repeated references to
the user’s name. Us forcibly links the user’s pre-
ferred movie to the recommended one, even though
the two are unrelated. In Example 2, the model
fails to prioritize the subgoal of recommending the
current song, instead overemphasizing consistency
with domain knowledge, providing excessive and
unnecessary personal information about the singer,
which leads to factual errors in the song description.
In contrast, with DMCRL applied (w/ DMCRL),
the response in Example 1 avoids overusing the
user profile, offering a more natural conversation
flow. In Example 2, the model better prioritizes
the subgoal of recommending the song, and when
applying domain knowledge, it avoids irrelevant in-
formation, thereby maintaining both accuracy and

conciseness in the response.
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