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Introduction

@ Positive Users J @ Negative Users

User 1 Profile User 2 Profile User 1 Profile User 2 Profile

(1)l also enjoy cooking. ® like to eat skin of the apple.
(2)Lhave four lovely sisters. ®My brother and | have red ha|r

(D) eat junk food. ® | am bloated.
I'm too short.

N

2)I don’t eat green eggs.

TTEET NEE T VO TS00 W 50 ity ways

I'm not exactly the healthiest person, and | am short,

(1)Also, cooking is my favorite. Do you have any favorite food?
too. (1)l eat junk food all the time.

Well, I'm a bit unique eater. @ love the skin of apples.

Really? | would have thought you'd be one of

Wow! that’s...interesting. those super healthy people.

Do you have any recipes that incorporates it? @
- i . . Actually, (2)I can eat anything, but (especially love junk food.

No, | just eat it on its own. | like the apple skin's unique

red. ®It's the same color as my brother's and my hair. I don’t even eat junk food, but | don’t know why ©I'm

so small @with a belly. | wish | were as tall as you.

© © ©

That's great! (2) | have four lovely sisters, and we're all very

close. I'm sure you and your brother are the same way. | think we will grow taller and become slimmer as we get older.
. Role-playing prompts that inject user personas markedly boost personalized dialogue generation.
. Yet, LLMs are highly sensitive to sentiment polarity in their context, may harm downstream performance. However, the effect of

persona-level sentiment on dialogue still remains unexplored.

. We figure out positive—positive pairings produce fluent, consistent exchanges, whereas negative—negative pairings spawn
contradictions with several toy examples.



Study Design & Basic Setup - Polarized Profiles Synthesis

Persona Statistic

Neutral (waek) 2429

0 500 1000 1500 2000 2500
# of Personas

* Keep ConvAl2 personas with sentiment > 0.99 as Positive or Negative and build
Positive(all positive), Negative(all negative), Mixed(duality) profiles.



Study Design & Basic Setup — Generation Strategy

LLM LLM1
System Prompt: System Prompt:
User 1: {User Profile 1} User 1: {User Profile 1}

User 2: {User Profile 2}
User Prompt:

User Prompt: You are User 1. Generate the next line of dialogue
based on the previous context in 1~2 short sentences.
Dialogue context: {Dialogue}

(@ Write l I@ Read

Dialogue

(@ Read l l (3 Write
LLM 2

System Prompt:

Generate a dialogue between User1 and User 2.

User 2: {User Profile 2}

—] User Prompt:

Dialogue You are User 2. Generate the next line of dialogue
based on the previous context in 1~2 short sentences.
Dialogue context: {Dialogue}

» Default Setting: One-pass dual-profile joint generation (left)



Study Design & Basic Setup — Evaluation Metric & RQs

. Evaluation Criteria: Consistency and Coherence of Dialogues

. Research Questions:
> RQ1. Are LLMs sensitive to users’ sentiment polarity?
> RQ2. If so, how can we make LLMs robust to polarity?




RQ1: Are LLMs Sensitive to Users’ Polarity?

Does Dialogue Quality Diverge According to Polarized User-Pairing?

Positive—positive pairings vield persona-rich,

coherent dialogues

Negative—negative pairings cause

contradictions

Mixed pairings sit midway.

Model Pairing | Consistency Coherence
| Cscore? Contd.| P Gap| G-eval T ‘ Perp. | Q-DCE T PairEval T G-eval 1
Original | 0.391 14.33 -0.43 4.28 5.31 3.14 2.79 4.39
Negative | 0.444 1471 027 4.27 5.33 3.01 2.74 4.57
LLaMa-3.1-8B Positive 0.428 9.83 -0.46 4.44 3.40 3.17 2.84 4.65
Mixed 0.396 13.95 -0.34 4.32 5.37 3.09 277 4.51
Opposite | 0.352 13.62 -0.32 4.20 5.30 3.09 2.77 4.47
Original 0.392 15.33 -0.73 4.50 7.05 3.06 2.69 4.34
Negative 0.520 13.48 -0.80 4.55 7.36 3.07 2.67 4.27
Qwen-2.5-7B  Positive 0.452 8.84 -0.96 4.67 7.04 3.14 2.75 4.38
Mixed 0.404 12.99 -0.82 4.45 7.09 3.03 2.70 4.43
Opposite | 0.409 1258  -0.77 433 | 7.3 3.02 2.67 4.24
Original 0.555 10.61 -0.95 4.38 5.98 3.11 2.66 4.11
Negative 0.778 9.93 -0.97 4.36 7.27 3.11 2.61 3.95
Ministral-8B  Positive 0.595 5.78 -1.15 4.51 5.80 3.16 2.67 4.21
Mixed 0.651 9.65 -0.80 4.43 6.06 3.10 2.62 4.01
Opposite | 0.540 1048  -0.81 4.27 5.88 3.08 2.62 3.92
Original 0.391 16.10 -0.69 4.33 6.47 3.09 2.52 391
Negative 0.423 13.57 -0.80 4.35 6.06 3.08 2.39 3.77
Gemma-2-9B  Positive 0.465 7.58 -0.90 4.45 5.83 3.16 2.56 4.07
Mixed 0.383 12.86 -0.77 4.39 5.62 3.08 2.44 3.85
Opposite | 0.322 1341 -0.64 4.19 6.31 3.12 242 3.81

Original and opposite-polarity pairings
underperform, claiming the need for
sentiment-aware profile tuning.




RQ1: Are LLMs Sensitive to Users’ Polarity?

Does Dialogue Quality Diverge According to Users’ Polarity Level?

Llama-3.1-8B Llama-3.1-8B
—8— Qwen-2.5-7B —8— Qwen-2.5-7B
LES Ministral-88 2.8 Ministral-8B
—8— Gemma-2-9B —8— Gemma-2-9B
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0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Confidence Score Confidence Score
. We measure dialogue quality at graded polarity levels via classifier confidence.
. Personas with extreme polarity yield higher dialogue quality.

. Positive polarity personas achieve the best quality.



RQ2: How to Make LLMs Robust to Polarity?

LLM LLM1
System Prompt: System Prompt:
User 1: {User Profile 1} User 1: {User Profile 1}

User 2: {User Profile 2}
User Prompt:

User Prompt: You are User 1. Generate the next line of dialogue
based on the previous context in 1~2 short sentences.
Dialogue context: {Dialogue}

@ Wr/'tel I\ 7) Read
.E

Generate a dialogue between User1 and User 2.

Dialogue

@ Rendl I\j Write
LLM 2

System Prompt:

User 2: {User Profile 2}

A
User Prompt:

Dialogue You are User 2. Generate the next line of dialogue
based on the previous context in 1~2 short sentences.
Dialogue context: {Dialogue}

Joint vs. Turn-based approach on original pair configurations.

Turn-based: ascending (negative = positive) / descending (positive = negative) / center-out
ascending (neutral 2 negative 2 positive) polarity order tests

Suffixing light sentiment-aware prompt toward negative & neutral personas

. “Please ensure that each user’s persona, especially negative or neutral personas, is well
integrated into the dialogue and that the overall dialogue remains coherent.”




RQ2: How to Make LLMs Robust to Polarity?

Consistency Coherence

Model Strategy Cscore Contd. G-eval | PairEval G-eval

| Joint | 0371 1501 415 | 270 450

Turn-based | 0.609 7.92 4.14 2.79 4.56
+ asc. 0.610 7.97 4.13 2.78 4.65

LLaMa-32| 4e. 0597 809 4.13 2.77 4.63
+casc. | 0617 739 421 2.79 4.67

+ sap. 0688 656  4.18 2.78 4.59

+csap. | 0717  6.07 425 2.84 4.68

Joint 0470 11.68 432 2.62 4.36

Turn-based | 0.557 1045  4.02 2.65 4.60

+asc. | 0557 1045 399 | 269  4.69
Qwen-25 | L gee. | 0535 1099 401 | 267  4.69
+casc. | 0570 1007 408 | 269 471
rsap. | 0777 827 458 | 261 463
fesap. | 0774 749 459 | 269 477

. Turn-based + center-out ascending + sentiment-aware prompt minimizes sensitivity




Conclusion & Limitation

Conclusion

. We show that LLM dialogue quality plummets when personas are negative or even neutral, while
positive personas sustain fluent, consistent interactions—establishing sentiment polarity as a critical yet
underexplored factor.

. We introduce a polarity-aware turn-based generation strategy with ordered personas that restores
coherence and consistency lost in conventional settings.

. Our findings underscore the importance of incorporating persona sentiment into personalized dialogue
systems.

Limitations

» Single-dataset scope. We rely on ConvAI2 personas to isolate sentiment effects. While its scale gives us
plenty of permutations, we still need to test other persona types—like sparse key-value attributes or real
user histories—to confirm cross-domain generality.

* Model bias. Our automated metrics and polarity classifier could inherit biases from their backbone models.
We hedge by using eight diverse metrics and a strict 0.99 confidence cutoff, and prior work shows BERT-style
models are relatively stable. But no bias shield is perfect.

* Context-length variance. Negative personas often contain negations and run longer; turn-based dialogues,
especially with Llama-3B, are wordier still. Length can muddle comparisons, though we note longer turns
remained coherent.
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