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Motivation

* Optimal long-term dialogue framework
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ST =3 et MaIX[e

one week ago pmmmm S today

Event Summary ) .
[ Are you free to learn
swimming today?
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should | do first?
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exercises, the firststepis ... |
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|

Personas
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really want to learn it. 1 swimming
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Figure 1: The illustration of how event memory and personas guide long-term dialogue. The event summary and
personas are extracted from a conversation that occurred one week ago. In today’s interaction, the event memory
prompts the girl to inquire about the swimming lesson they scheduled last week. The personas, indicating that she is
careful and professional in swimming, guide her to offer detailed and professional advice.
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\ Is it the white one you just bought? Maybe | can try to fix it. ’

.

Figure 2: The Framework of LD-Agent. The event module stores historical memories from past sessions in
long-term memory and current context in short-term memory. The persona module dynamically extracts and updates
personas for both users and agents from ongoing utterances, storing them in a persona bank for each character. The
response module then synthesizes this data to generate informed and appropriate responses.




Task Definition

* long-term multi-session dialogue task
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Event Perception
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Event Perception
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Dynamic Personas Extraction

* Tunable persona extractor
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Results of Multi-Session Dialogue

Session 2 Session 3 Session 4 Session 5

Model BL-2 BL-3 R-.L |BL2 BL3 RL |BL2 BL3 R-L |BL2 BL3 RL

MSC
ChatGLM 544 149 1676 | 518 155 1551 | 563 133 1635] 592 145 16.63
7 hot ChatGLMipa 574 173 1721 | 605 173 1697 | 609 159 1676 | 6.60 194 17.18
CLO=SH0Y  ChatGPT 522 145 1604 | 518 155 1551 | 464 132 15.19| 538 158 1548
ChatGPT pa 867 463 1986 | 792 355 1854 | 7.08 297 1790| 7.37 3.03 17.86
HAHT 506 168 16.82| 496 150 1648 | 475 1.45 1582 | 499 151 16.24
BlenderBot 571 162 16.15| 810 250 1823 | 755 196 1745| 802 236 17.65
Tuni BlenderBotips 845 327 1907 | 868 3.06 1887 | 816 277 18.06| 831 269 18.19
nng  ChatGLM 548 159 1765| 612 178 1791 | 6.14 163 1778 | 6.16 1.69 17.65
ChatGLM;ps 742 246 2004 | 747 240 1950 | 7.52 232 1955| 736 237 19.16
ChatGLM;,,  10.70 5.63 2331 |10.03 5.12 21.55| 9.07 4.06 20.19 | 896 4.01 19.94

CC
ChatGLM 894 444 2154 | 834 4.03 21.00| 828 3.82 20.67| 812 381 2054
Zeroshot CDMGLMipa  9.53 482 2276| 922 443 2218 9.5 448 2218 | 899 443 2210
ero-siol  chatGPT 10.57 550 22.10| 10.58 559 22.04 | 1061 5.58 21.92|10.17 522 2145
ChatGPTips  15.89 11.01 2696 | 1292 827 2431|1220 735 23.69 | 11.54 6.74 22.87
HAHT 11.59 620 24.09 | 11.52 6.14 2394 | 11.27 599 2377 | 10.69 551 23.04
Tuni BlenderBot 899 486 2158 | 944 519 2213 | 946 521 2208 | 899 475 21.73
NINg  BlenderBot pa 14.47 10.16 2791 | 1566 11.33 29.10 | 15.13 10.80 28.38 | 14.08 9.72 27.37
ChatGLM 15.89 9.90 30.59 | 1597 10.06 30.27 | 16.10 10.31 3054 | 15.10 9.34 29.43
ChatGLM; p,  25.69 19.53 39.67 | 25.93 19.72 39.15 | 25.82 19.40 39.05 | 24.26 18.16 37.61

Table 1: Experimental results of the automatic evaluation for response generation on MSC and CC. * denotes using

annotations as personas.
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Ablation Studies

Session 2 Session 3 Session 4 Session 5
Model By BL-3 R.L |BL2 BL3 R-L |[BL2 BL3 RL |BL2 BL3 RL
Baseline 548 159 1765 | 612 178 1791 | 6.14 163 1778 | 616 169 17.65
+ Mem 757 249 1950 | 770 248 1946 | 7.53 231 1926 | 756 233 19.03
+Persona e ~ 7.54 257 1968 | 751 238 1939 | 730 209 1880 | 708 227 18.79
+Personaseen 7.00 227 1870 | 723 233 1875|732 218 1847 | 7.13 236 1848
Full 1070 563 2331|1003 512 21.55| 896 4.01 1994 | 9.07 4.06 20.19

Table 2: Ablation study results of LD-Agent on MSC. The experiments are conducted on tuned ChatGLM. Baseline
denotes the model tuned with context of current session. “+ module name” indicates the model tuned solely with

context and corresponding module. “Full” indicates the model tuned with all modules.
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Motivation

* Persona update #3fo| 5244
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Dynamic Persona Modeling
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Dynamic Persona Modeling
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Dynamic Persona Modeling

* Task Evaluation
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DEEPER
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DEEPER

* Goal Definition

A, 2xY, O[2f 22| A|Z2tH SHE S SOl ZHZE QI X[ S EHot= el B S 2[oh M| 2HX] &<
AZ EHE X0
[ | = O

Goal 1. (Previous Preservation: 4282 SX[ot10 2 MEE HESH7| ¢8| 2tH behaviors 25EH
OIMXO| HZ2ALL EAN X

Goal 2. (Current Reflection): S0l HolE £t O|F MHEALIS @EE %
behaviors 0f| &

(02}
s
2
bt
rH
2>
Of0
Rl

Goal 3. (Future Advancement): 0|2 behaviors 0f| CH$ 2 A LS| o

M
or
I
|0
of
el




Copyright © 2024 Natural Language Processing & Artificial Intelligence Lab

DEEPER

* Reward Function Design
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DEEPER

* Iterative Training Framework
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Figure 2: Framework of DEEPER. Grounded in three high-level goals for direction search, the iterative RL
framework progressively enhances the model’s refinement capability through two rounds of self-sampling and
training. Applied online in multi-round updates, it enables step-wise persona optimization via directed refinement.
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Experiment

* Persona optimization 5
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Figure 4: Performance of different methods in dynamic persona modeling over 4 rounds across 10 domains. The first
six ((A) Recipe, (B) Book, (C) Clothing Shoes and Jewelry, (D) Local Business, (E) Movies and TV, (F) MovieLens)
are seen during training, while ((G) Arts Crafts and Sewing, (H) Automative, (I) Sports and Outdoors, (J) Grocery
and Gourmet Food) are unseen. In subsequent figures, domains are referred to by their corresponding letters.
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Experiment

* What enables DEEPER’s effectiveness
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Figure 5: (a) Refinement performance of DEEPER com-
pared to frozen models across ten domains, using €5,
as pre-refinement baseline. (b) Refinement under dif-
ferent reward settings. Smaller areas indicate reduced
errors and improved refinement relative to baseline.

Domain Pre-Update Post-Update
Sold SlideRegen FullRegen IncUpdate HierMerge DEEPER
Previous Window Prediction (€ ,cy|s,,, /"w) - Previous Preservation
Recipe 0.57 0.95 (0.381) 0.83 (0.261) 0.83 (0.261) 0.71 (0.147) 0.70 (0.131)
Book 0.78 1.09 (0.317) 0.94 (0.161) 0.91 (0.131) 0.88 (0.101) 0.76
Clothing Shoes and jewelry 0.63 1.13 (0.50t)  0.96 (0.331)  0.94(0.311) 0.77 (0.141)  0.82 (0.191)
Local Business 0.63 1.10 (0.471) 0.95 (0.321) 0.91 (0.281) 0.74 (0.111) 0.73 (0.101)
Movies and TV 0.92 1.17 (0.257) 1.03 (0.111) 1.00 (0.081) 0.98 (0.0617) 0.85
MovieLens 0.76 0.89 (0.131)  0.83(0.071) 0.80(0.041) 0.80(0.041) 0.74
Arts Crafts and Sewing 0.49 0.81 (0.321) 0.74 (0.251) 0.68 (0.197) 0.59 (0.101) 0.46
Automotive 0.55 1.00 (0.4571) 0.93 (0.381) 0.82 (0.271) 0.66 (0.111) 0.63 (0.081)
Sports and Outdoors 0.56 0.99 (0.431) 0.87(0.317) 0.85(0.291) 0.67 (0.117)  0.66 (0.101)
Grocery and Gourmet Food 0.63 1.13(0.50t)  1.00(0.371) 0.95(0.321) 0.71(0.081) 0.79 (0.161)
Average 0.652 1.026 (0.3741) 0.908 (0.2567) 0.869 (0.2177) 0.751 (0.0991) 0.714 (0.0621)
Current Window Prediction (€ .y, (s, v ) - Current Reflection
Recipe 0.91 0.78 0.84 041 0.80 0.44
Book 1.00 0.92 0.97 0.41 091 0.35
Clothing Shoes and Jewelry 1.00 0.90 0.96 0.48 0.90 0.51
Local Business 1.04 0.9 0.99 0.29 0.93 0.36
Movies and TV 1212 1.00 1.07 0.47 1.02 0.45
MovieLens 0.87 0.78 0.82 0.30 0.80 043
Arts Crafts and Sewing 0.76 0.76 (0.001) 0.77 (0.011) 0.39 0.72 0.26
Automotive 0.84 0.81 0.88 (0.047) 0.38 0.81 0.27
Sports and Outdoors 0.91 0.79 0.84 0.37 0.82 0.36
Grocery and Gourmet Food 1.19 0.93 1.08 0.46 1.05 0.49
Average 0.964 0.857 0.922 0.396 0.876 0.392
Future Window Prediction (€ ,s,,, e ) - Future Advancement
Recipe 0.91 0.92 (0.011) 0.92(0.011) 091 (0.001) 0.94(0.03t) 072
Book 1.01 1.06 (0.051) 1.03 (0.021) 0.96 1.03 (0.021) 0.79
Clothing Shoes and Jewelry 1.03 1.09 (0.067) 1.03 (0.007) 1.00 1.04 (0.017)  0.88
Local Business 1.04 1.06 (0.021) 1.04 (0.001) 0.97 1.04 (0.001t) 0.80
Movies and TV 1.18 1.14 1.12 1.06 1.12 0.98
MovieLens 0.85 0.84 0.83 0.76 0.82 0.73
Arts Crafts and Sewing 0.75 0.81 (0.061) 0.77 (0.021) 0.71 0.75(0.007) 043
Automotive 0.86 0.96 (0.101) 0.92 (0.061) 0.88 (0.021) 0.90 (0.041) 0.61
Sports and Outdoors 0.97 0.94 0.93 0.89 0.90 0.80
Grocery and Gourmet Food 1.25 1.14 1.20 1.10 1.19 0.89
Average 0985 0996 (0.0111) 0979 - 0924 . 0973 0010 0763 00

Table 1: MAE results of previous, current, and future window prediction tasks using personas Pre- and Post- the
first update with different methods. This table illustrates how well each method achieves the three high-level
goals: Previous Preservation, Current Reflection, and Future Advancement. It presents the changes in MAE

(|€t15u1a — €tlS e

) relative to the old persona, with upward arrows (1) indicating error increases and downward

arrows () indicating error reductions. Average results are highlighted in bold, and the best results are underlined
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Experiment

* Persona Probing

Update Method S() S 1 82 83 S.x

DEEPER 245.0 316.8 353.5 3932 4294
IncUpdate 245.0 390.1 459.3 5004 526.4
HierMerge 245.0 325.3 3935 4622 509.1

Table 2: Average persona token count across rounds.
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Figure 7: (a) Cosine similarity among personas across
rounds; (b) User clusters based on final personas(Book).
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Findings
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Ours

* Persona =
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P4 ldonotpickupmytoys. | | G | T Gk o By i
Gt— } -------------------------- =y= As far as | remember, |
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Dialogue History H 3 User Input i User Input ;3 Useripit - @3 BBal o treie e e BSUIRRGE I e
{{aigned history}} | # Dialogue History H* | # Dialogue History H~ ! # Dialogue History H™ :
User Utterance u™ ; [USER] “You might want to ; :‘ [USER] “You might want to . )
2 () my g = G—— : N i1 know that | do not like to play i know that | do not like to play Gm Well... hobbies can vary
o, () my fav VOriie Mg L0 0o ks i ; {aligned Tiistoryl) : with my dolls at all.” ! with my dolls at all.” ‘ 2 { from person to person.”
2% with my dollies.” } ‘ : alignea history { [AGENT] "It's interesting that | [AGENT] "It's interesting that
“Playing with dolls sounds like U& ¢ i you don't enjoy playing with you don't enjoy playing with —
k a lot of fun! Do you ()" ; i your dolls!” 1 your dolls!” ‘Principled Behavior in Persona Conflict’ Score
# User's Utterance u # User's Utterance u* " # User's Utterance u 3 ; )
Grounding 0/X ? "I don't like playing with “my favorite thing to do | \ “I don't like playing with : Pre= A{7 (,c ;,ZAT Lo (e ) oo
GEE i i dolls at all.” is play with my dollies.” ;i dolls at all.” T [ opelP, w0 = sy:mm.{)}
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Persona Update Success Rate

Models Full Success (1) Partial Success (1) Failure ()
GPT-3.5 70.34 21.82 7.84
GPT-4 31.99 53.60 14.41
Claude3.5 22.03 62.71 1.2
Qwen2.5 62.50 26.27 11.23
Gemma3 44.92 41.53 13.56
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Future Directions

* Persona 1} HA E2|o TWQM?

- 2= persona conflict A|LIE|2 ZSHsH{ T update £ diE Z1Q10| update = real-world Off 22|
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