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Efficient Memory Management in Multi-Session Dialogue
Systems via LLM-Guided Summary Usefulness Prediction

Suyeon Lee * Sungzoon Cho
Department of Industrial Engineering, Seoul National University

Long-term dialogue systems often suffer from degraded memory quality as accumulated session summaries
introduce redundancy, noise, and hallucinated content. Prior work has mainly focused on improving
summarization quality, leaving the usefulness of individual summary items largely unexplored. This paper
presents a memory management framework that predicts the usefulness of each summary item using pseudo
labels generated through an LLM-as-a-Judge procedure and prunes low-value content before it enters the
memory. The proposed model follows a two-stage training strategy: it first learns a usefulness prediction module
on top of a frozen encoder, then applies LoRA-based adaptation to refine encoder representations for
task-specific discrimination. Experiments show that the model more accurately captures the relative importance
of summary bullets, and dialogues conditioned on pruned memory exhibit more coherent and contextually
appropriate responses. These findings highlight that managing the quality of stored memory, rather than
expanding its volume, is crucial for improving long-term dialogue performance.
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#E ZH YA IE A B AFNA e ol EF
3 = A AA st A 718k A
oju|siH, o] Q.9F Wl Re7} AA tis} A dAolA &8
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53} Instruction tuning(Ouyang et al., 2022), Preference opti-
mization(Rafailov ef al., 2023), TEZEZ 83 48 o 3}
A A /\](Ouyang etal.,2022; Wei et al., 2022) ‘5 LLM-S 243}
© 7ol HAIAA, HZ AFES LM S Bd 3H A
A 2dS Jof o3} 7 kKjudge), £ 2F7](summarizer), 719
A3 7] (memory writer) 5 TF&F3 7155 8= 74 24
2 &85l UTh(Lu et al., 2023; Zhong et al., 2024; Wang et
al.,2025; Tan et al., 2025).

T2y LM @50 2 ALgsto] 27] ti3kE frAl st
Hole 724 Aeke] AT LM 3149 Y A
(context window)©ll 2]&3}7] W&ol A7]7te] tiglE 2=
dEoz fAE] olda, #7124 =WKlong-term depend-
ency)e A& 02 2 0}1 Heste s = AV AT
(Maharana ef al., 2024; Wang et al., 2025; Chhikara et al., 2025).
ojgg o2 AV WS ¥E RERZ Aty Yad A
S A LLMol| Alg-sh= w =g 7|9k th3} Al 2~Flo] 2
3] ATE AL ATHXu et al., 2022; Zhong et al., 2024; Li et al.,
2025b).
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al., 2025)E #2221} g

SA8ta st e oZH st A
3} th. THEANINE(Ong ef al., 2025)2 W] 2.2] 7] AJ7F 2
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AHEA o IE AHE A7) W mE el sbr] Sl 8H= 2ok 7t l“ﬂl(summary memory)®] ¥
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S A7 A7) s fl MR E ofgA AHsL F2E <Figure 1>l Al A E o itk
g ALA e T2 241 Fo] R T2 9%F A4
Vst grom, s FYellA thkdk Hol A&
AjrE o} itk 28y AAE ok F o' AR A
1% tigtoll f8eAE Adsh] e AR TS 7 gigt o] FEEHE LLMS &84 sl Al dist
HEO. TFE=o] Y E-Sbullet point FEIE 2ok} o]uf Thes @ OF A ol 1
FEHE o] e, MR g 2o S B XA 4, 2 bulleto] oW WIS SAZ EF
st FREVF B dES AF o R AAsks fRe B
BAS ARKthE Aol A 7]1& H 23 APEA & 7T T APE Qo] o] % FH AN FHN ZFEHT= A

< LLMol| &3] bl gho 24 52 A2 743}s
ZF gigt A S = {uy,.u, o D13, LLM summarizer=
8ok & (bullet) A B, = {b,....b, } = A8, o]= o] F
HEy e B Yo g ALgHETE QoF Ao AE-g

3.1 AR G H2E AA

l‘

2 A7) Fxe A7) gk Al="olA A 3 gk 4 ZEZE = <Figure 2> AT

Dialogue Session Memory Management
Hello, | live in Paris. Currently kids. ([2])
married with lovely wife and 2
kids. | am an engineer.
That s really cool! How long ata pizza place. ([4])
have you been an engineer ...

1am student mechanical g g ions.
engineer while still working at N
pizza place.

Csummarzsion SR <o

S1lives in Paris, is married and has two 71.0% S1lives in Paris, is married and
*¥7% has two kids. ([2])

Session 1

S1is a engineer and is currently working 62.7% S1is a student and is currently
+#70 working at a pizza place. ([4])

42.8% S2 asked S1 for music

suggestions. ([11]) Session t

S2 asked S1 for music suggestions. ([11])

>

Figure 1. Overall Framework of the Proposed Methodology

You are summarizing a multi-session dialogue between Speaker 1 (S1) and Speaker 2 (S2).
Generate concise bullet points for THIS session only.

For EACH bullet, also return 1-3 evidence turns (indices) from the dialogue that directly support
the bullet.
Choose turns that contain the exact wording or facts reflected in the bullet.

Guidelines:

- Use only information explicitly stated in the session.

- Provide 3-8 bullets.

- Keep bullets brief and non-redundant.

- Each bullet should contain information that may be useful for maintaining continuity in FUTURE
sessions.

- Evidence indices must match the turn numbers in the dialogue.

Schema (follow exactly):

{
"bullets": [
{
"text": "<bullet>", "evidence": [<turn_idx>, ...]
}
]
}

Dialogue (turn-numbered):
{blocks}

Now generate the summary in the schema.

Figure 2. Prompt for Generating the Session Summary
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(1) #A A<

LLM 715k @ 9F& 2 © F(hallucination)S Z &AW, 5
=AY HEAAQ FRE A sk Aol A
(Belem et al., 2025). |8 8F gEEo] 9| ]

A A, MR FRot F7 AN D S A
A wo|zx=E ZAL3 7lsAo] Itk AAR X Qo3
F& AR ek Aol 4dH o= slofshe ui, e
Bo g o2 oA gy wel S vl o F )
soll A AZE F5Ao] Sk WA AH8Ae] BFolt 43
s} o) o) F thstol Al A2 hsiel B YuE B
thst Hetol 23 AL 5

olg 3t EXL AHAX “42% /é H35}17] -rIOH <Table 1>ol&

A4 9 THEA QF 5] FAQ JAE AN
o ov7t =8 EH‘/} %—%@7} %‘—-E‘l O]EOWXI s
zﬂ-E /]u]ﬂ =905 1%1—
T AN A= 7}b
o] Stk o] ejdt Al
S f213H 0] nggx Q%9

olo] & A= Al foto] AAE o), 2 4ok 2| 4]
U B E AL PAAD oI SNOE R
16508 44311 AASH: Hlze el BAE Yol

sgisl 2= Ol

A JZ <=1

! ___

B AN fre&Aole £ Qo g5o] thy Al A4
%E} Aol 78k A= ofv]gitt. W 2e B 2d9
=3 7 bullet b, B3] o2& 843 A5 y,=[0,1]F

Z8h= scoring &< £, : by, & SEote Zloln, d5H A
T 39 Wl(Topk) A8 = YA X (threshold) 7|1} prun-
1ng°ﬂ g8

B3 AR 7848 99} pruning o] AA| o3} e}
oA o GA AHEsH=AE Holr] flal, o st 479 ae
Aol A AdH QoF 3k, T2jar ofof tigk 848 ek
B A AN AL A S FE A E3}stTh

_B:J

(2) LLM 714} pseudo label 2§43
8¢5 tlolE] F5-E 98] B AT A= LLMS H7HA R
283} LLM-as-a-Judge "84 A &3t o5 A4 s, 9
AA B3} o, E gold reference= A8t A 59 7k &
ok bullet b, B,°] 3N H3HE A= d Quiy 7|8t
A LMo A H7}et=2 3tk LLML 2 bulletol] thaf A<
A FeA Ay, 0,118 980, AHSE ZEZEE
<Figure 3> A A g+t
Y3k bullet- TH AlA <] o] "ol tjs) wHEH oz
745 B2, 3o bulletoll thal B2 A4 {y, .y, -} 7H A
AEth o] & Al T bullet 2PEE T3] sl 2 (1)

Table 1. Representative Examples of Low Usefulness and High Usefulness Summary Bullets

Usefulness Examples
(Ambiguous) S2 is enthusiastic and would love to receive the link.
Low (Low semantic value) S2 asked S1 whether they are a student.
(Poor abstraction) S2 says “It’s not like I’'m an alcoholic like my dad. I do drink from time to time but not to excess
like him.”
High S2 watched a movie at home with their partner and prefers horror films.
S1 decided to join an intramural football league.

You are an evaluator that scores how useful each memory bullet is for generating the gold assistant

reply.

For each bullet, assign a real-valued importance score between 0.0 and 1.0:

- 0.0 = almost completely irrelevant
- 1.0 = crucial for generating the gold reply

Return ONLY valid JSON in the following format:
{{"scores": [sl, s2, ...1}}

The length of "scores" MUST be exactly equal to the number of bullets.
Do NOT include any extra keys, comments, or explanation.

Context:
{context}

Gold reply:
{gold}

Bullets (numbered):
{bullets}

Figure 3. Prompt for Judge-based Usefulness Scoring of Summary Bullets
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o] max pooling= 283t} o] S+t 7|8 FA <A 7}
‘f’j/] A 7147t A=A M HE TAE 43sta,
B oelo] AUl AR 7| E BES) A% A H ol

fmi—ti

Yi = maxyy; Q)]

B AT A8 A5 A1 At 2ol 37 thstel
A RRe] FRE} AL AQS T = 5 Yok WL
TR, ololl & HZL AV 4D FaAL
agelr nrks, A4 B9)e) Fo %%—

Fo] MEA 02 FAY 4T 3714

EATE T UtE ¢8I E‘jr%‘jr.

& pseudo label> AbgH o] B0 E{ 7} obd LLMel| &}s]
AAET aoF 59 7o =5 Addhe & ﬂL i’é’“ o
HIARA A (counterfactual) 28 Q73 EE, AdFAH 7|29
whet gt Q1A gpiS 53517] o Pt 7]1E At iE
W A-3 ZEZE A7 stollA LLM o7& #ddoly
AT ded} 22 Hr gAo A A E 7hsd IR 7)E
& 4= ) 5o] R Liu ef al., 2023; Rafailov et al., 2023;
Zheng et al., 2023). 12U} LLMS] BT @ F} HEFo| pseudo
label 0|2 & Ho|d 754> EABIEE, T HrE AR
ghilo] opd kx| T(weak supervision) A1 & & 7FFESl, Sy
A ANk Bpz 0 2 AAIEH ) o] o i A1 AQl =Y
T2} GA A S M tha Aol M Al 8] AH gt

o_>.:

local usefulness)
ol thgk AR

1

33dRy g 2d 75

B Aol A Ajtshe WEe] #e] 22 LLM-as-a-Judge
2] 0 7 A= pseudo label S A= A &2 -g3h= o<
S & HAAZ AA AT 53] pseudo labelol] HAE 5 3l
wo]zot BESUAS T, AR Shs dojrdo] Al F
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1’4—7:]]; TUEQE]— ]
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9 o1 TS AA &SR G oA FAlo] Bagh e
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pseudo label 7]k SFA| & Sk5 B0l A bl o] 22 <l
B3 AL ol 7, ol 27} Azrle] ofn] T B A
A= ke = 2 S BAE] g A ot

(1) JA=H 7R B o & 72

ARG ol mdl 7nke] 4 AuY EEs QoF 3=
Azl HEAT, oleld BAL thFR T2 5L §

o)l -

Px
oXL
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3 B4 7+ 2] 3 A (semantic similarity) S E314 0.2 X
25} H (Reimers et al., 2019), 8.9F =3} 2-o- o el 1~ E ¢
oAM= RFAFAQA on] TH-& A|Fg, o]of| whet 13
EXE I AAE AgFshs Aol oy, AREs o
G HoA 7848 HTE dS3he 2
ok Aotk
o] @Al A Q= Shex Ztel] AA 3] T2,
HHlolE

lo

-2 mapping 35 8t

A3 £ 9] projection layer2} scoring layeriHe-
k. Bullet b, 9] 9139 74 (2)9} o] ALkA T

h; = Encoder (b;) 2

o] & projection & scoring I8-& AAH o= &4 My,
ARl
z=Wh;+b, y=0(Wz +b,) 3)
A A Aol A& projection layer 7 Il Layer Normalization-<
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Al oln] BHE AN, -84 S BRI Had
2| mapping 7157+ SH53HEE S}

(2) LoRA 715k A gk
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ANA freetAR & Ty 84 A
ol& 83t JJrXﬂoﬂ 1% Fdgo] A Utk o] & B
s17] $3l 29 A A= LoRA(Low-Rank Ada ptation)(Hu et
al., 2022)2 2 g3ke] A2 0 2 1A FdS a3t
LoRATE 152T 9] 7] & 7}4X](base welght)g WX] gk A, A
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913) 2804 19A BT O A S ES ST 2
02 AU 28 L ov] T L b
BAE G2 U9 Bo) YA A 53 242 A
2 3= S A5

¢
¢

3 3

3.4 A g

2 AT IANH A=} BF AP S T FHE}
sl 37 E-(regression loss)Z A BH £ (pairwise

A% T2 3k5(multi-objective training)<

fy
P>

N
o

ranking loss)=
285t

(1) 3 &4 (Regression Loss)
A5 784 ATt A i TSRS 517 96
2] (6)3} 2] smooth L1 loss(Girshick, 2015)S AR-&-3+c},

Lo = SmoothL1(y; y;) (6)

JEREERESES

fd
i)
o
2
e
=
12 Ho
oo
oX,
o
4
<
Wl
>
24

I 9] kA A -’F%‘,% =8t 53] smooth L1 loss= ©]7¢
Al (outlier)] @ W73 A3 37 AR, oA S
A A 9l BhE kol 29 g dsletal o<
718 B & £l l frelstk(Terven et al., 2025). g
A, 4 B EALGE T AANE S SGsed &
FHHo| Aot Mo AU A0 B A(calibration)S HA5}A]
S3T}(Cao et al., 2007; Menon et al., 2012). ©] &3k o] -F-Z 3
Aot B FRE FA O HA sk A ol <9 Ae
I A A o% B AT A7 Bas o sitt
(Sculley, 2010; Yan ef al., 2022; Bai et al., 2023). ©]o]] 2 A7
M= F ’\Qa A Ao ZH A
(regression)? A F Q.
S5 AA sk

PN'

scoring 9
5 FS(ranking)S Aol <53}

~
)

) 28 287 <=4 (Pairwise Ranking Loss)

Y AA Uy, >y, bullet ol i3l Th&-o) 5224 (7)7
-2 margin-ranking loss & 2-&-3ttt. o] EHo] bullet 7+ &
3 8% 9 4 H(ranking) & 353t =S FETh

L ank =maX(U7TrL—(]Ji—g;j)), m =0.05 (7

@) AF &L g
4§ o] F £ NE GOR AT LA VHE T
o 4% uAe, AR cae 4 &9 o

L =L et AL ank (8)

Hgatel 89

P e I

& Yl E‘]i o] S85= oY Ay 2dS
A Tyt TAH 2= E5-Large
(intﬂoat/e5—large-\12)d% ES Multilingual(intfloat/multilingual-e5-
large)(Wang et al., 2024), Qwen3-0.6B Y ¥ J(Qwen/Qwen3-
Embedding-0.6B)(Zhang et al., 2025), 1] 3. BGE-Large-En
(BAAI/bge-large-en-v1.5)(Xiao et al., 2024)& THZ X439
o olE 1 Bl F {84 o Aol 7 kAl UE
9 E5 Multihngual 2as HF Aol AHgston, 3Rl

8% Hla A 75 B <Table 8>l A3t 22 8}
52 ‘474] S5 5 epochZ 47833} 12, batch size:= 322 A
A3ttt 8¢5 E(learning rate)2 1THAIA 1e-4, 2HA o A

S5e-55 AHE-sIATh

AgelA 83 LLMS DA R Aolsitt. 25 GPT Al
A Zd(Achiam ef al., 2023) 8319 =0, AlAH 9ok A4
A ol = GPT-5-mini(gpt-5-mini) APIS AH-319 01, 2%
i3} S A DA A= GPT-4.1(gpt-4. 1) S 2 833 Th

4.2 dlolgl A

=g 3¢5 9 H7h= MSC(Multi-Session Chat) Bl 0] B Al (Xu
et al., 2022)S 8319t} MSCE PersonaChat(Zhang et al.,
2018) 714+e] #H 24AUE 71 T SFRK(Speaker 1, Speaker 2)7}
g AZEol| A o] AX AZE 3PS a1 of e Ao AA
T3 A7) tistE FAE 2 sk H 57 AR
o] FolAH, AT Al 147) 235

Pseudo label A4 #4419 LLM 3% %7—_'_— 18k,
MSC ElolEJ A1 9] valid setol]l E3HH 50071 2A tjglE =9
Shgol|l A8kt B9 A5 7= MSC BlolE ALY test set
= 1007] thehs thd o2 =33l

B

S F3Y5A] &L Vanilla 29, head-only U)A| A4S
1 ,_74](Stage 1) 29, 7)1 LoRA 7] AI$He] 15
74](Stage 2) 2] Al 714 A4S vt
&Y 3 pseudo label 714F 37} vl o] E Al of| A
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FEH §-84 A4E oS3}, ©]E pseudo label I H] w3}
s FASAT 39 7w A 59 A7 7Rt ARE &8
oto] FFH o2 s on, A& A= 448 AA
gt} o] & B3l 7 g5 TAVE Wl EE 84 oS sl v
AE Y AAH & AFAT

QW= B&A4 B}

Hrg A 2d 8o g} ndo dgy e vEe
deo] dup} HasheA] AFH o E HrFet3th Pruning
A ATE sty (i) AAY FASEE WEe &5 9
(i) st 2d Ao x3}E] = WA ES & SASA o
g EZ e LM 7|9 st Al 2"l oA 2 0|8 9 3F A
A(latency) ¥ BASHA AHEHEE, A2 HH| BEFS
Hkgehe A4 AR E stk B3 $E 74(top-k)
o & 5&4 H3lE A EAste MRy 2849 A5
7t9] trade-offE 713 AT

(3) th3k A B}

W 22| pruning®] 3} -§F A4
7¥at7] S8l M2 thE vl me) AlF iAo whE Al 7EX
<= ARt A fAlE tist 2o ow g v 2= A
314 ¢ Z£21(No memory)©|H, F HA| = pruning= 2§
A 2 AA aoF v 2] E 1t 2 Algshe 24 (All memo-
ry), Al fAl = g<58 v 2e #] 2do] Add FETE Al
&3 27(Pruned memory)©| T}, Pruned memory 22710 Al &=
mxe] #e] Zdo] o 33 784 Aol thal threshold 2 1
A BE R F, F2 R S A kA & (top-k) T A8
t}. 718 447 2 threshold = 0.5, k = 5]t}

Y gl s AHE SHE A tlolEAY gold ref-
erence?} Bl 0™, test HloJEJAlL] vl AlAAA
5ol F2E deed 507 MES o E Hrletih
HlI O B2 LLMS 283t A 2o = R
g FAE Fdste VIS HHE T A4 5 AFHE HAH
o7 Bustal glo] A7 vl 7t 7He 3 RecurSum(Wang
et al., 2025)3 LD-Agent(Li ef al., 2025)% L3314t} =3
THEANINE(Ong et al., 2025)2 A AW A50] obd Al A
who i3t H ASUe RusEz B AFqMe
THEANINE®] B 18 B3t A %5-S L AF =25 A Al8hH Al
A 5o thk 214 Bla g s AekA] =t

(o)

FA vAE 9%
)

ol

e,
>

fo 2 PN
O off A o

44 37} AR

(1) 28 4% 57}

=g Hrloll= 39 Ae ARt B3 7N ARE A A
gsto, Mg #e] mdo) AFA s AR YUt
ATt

3)9) A% B 7} A &: MSE(Mean Squared Error), MAE(Mean
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Absolute Error), Pearson 77, Spearman =% &#4ATE
AHE-SFATE MSE= Al 2.249) v, MAE= A 2242
TOR o F 4 47|15 AT Pearson FHA T oS
F AAGE ke AE FHBAE S48k (Benesty et al,
2009), Spearman =¥ FHATE F HE =9 A9 &
2 =5 9 713K Spearman, 1904). £ <10 A= Spearman 7|
TE A 2 A Seol A 5 4SSkt

ATl B 8% W7 AE A W o8 Ry SR
oA Bdo] FQa3 daS At AgsiA At
33171 913 NDCG@k, Hit@k, Precision@k, Recall@k
A& TE NDCG@k= 739 kN o= A3} A
255 grpy & ukgsh=A] B 7vskH (Jarvelin e al., 2002),
Hit@ke Al W 714 583 F50] 49 k7l dS Ao =
= =AE SAFTHHe et al., 2017). Precision@k 2} Recall@k
T AAZ o R g5s 2do] S ki o Z At
A A BgetA IsteAE AFsse AFEolt
(Koren et al., 2009).

B Ao A= Precision@k 2 Recall@k AlAHS 913 2
FES Aost 2 YAFE 0.6°02 AAFA. sl
A AEH T P& o] 1s}s17] 93 7} 71E L
2, pruning FH A AHEEE oS M4 LE(threshold=0.5)
ot H3o] g2n}. ol $8 dES HyHoE Aoy
B7F RS R Y AFOE, 0.5 o) AAF T
oA T2 B AL A o] FAE S Al &
latict.

A AA: B 7 s Aol9] A& AFsh] 918
d tlofE] B8 M ANE TGE A JH HE A EE AY
B35t1 3} EFH K (mean + std) 2 B30T F2 ¥
£ Vanilla®} 5 29(Stage 2) 2 A A3 h A 39 A&
= U8 TE 4= -7 (paired two-sided t-test)S 28313 1L,
A ] B Axe ¥R s S 1838k Wilcoxon
signed-rank testS AH&-SFATE O FE 0.052 A g o,
2| 4 p-valuew F-5 C&f <Table 9>°ll A A5t

C

1
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B o oo
Uy ofy

ofN X X
1

==

= flo
Bl T ofn

4l

(2) s} 45 H7}

3} $He A% H7l= BLEU, ROUGE-L, BERTScore,
MAUVE?| 2+ 37} A5 A5kt BLEU(Papineni et
al., 2002)= n-gram U =of| 7|9sle] A E3bo] =z E3
o A YEP= n-gramS v AEs=A & S35 A&

A FE FETEs Mo E FARE Hrlet
BERTScore(Zhang et al., 2020)= AHA8Hs dojmdo] I3}
© v dHds &8t A ERH Hx 4 1] 9
A AU AdE&Es A AFolth
MAUVE(Pillutla et al., 2021)= A4 £X} 2z Bx 4o A
HHA FALEE fdivergence 7|HFO. R ZAEE A EE A2

i Qo] Bdo] S5 F2 HrlellA SdsiA 285
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SIth MAUVES: S5 $2% ohlet thopi st A 2:e) 471
A LE 2N EHY % o], i3k B Wbl 53] A
548 B0

L EELES

5139 45 %7t

B Ao A= At v #y Rd9 45 ts 9
Al E(multi-seed) 734 B7FstaL, 37 Azob Al 9
7] 2 3Eo 3| 15_74]7(4 0,]/\4 AR AdE B3] %qul
3] 4352 <Table 2>°l|, Al &9 7 4352 <Table 3>
27 i + TFH A (mean + std) FENZ A A ST E=3
}J—H ‘o‘i 7HTk HSI§1’°ﬂ [q.E StageZ 1:!1:41/] %7] /H‘— E/H
& F7H B 02 A Ag.

(1) 37 719 A5 24

<Table 2>+ Vanilla 2.2, Stage 1, Stage 2 22| 14 3|7
A5E Blud 235 YeEPAT, Stage 2 @2 BE 37 A
FoA 7 Fe = QA5 7| E351% 01, o] Vanilla &
2 o] ZH2F oF 8.3%, 7.9%°] 4T ZHasol sidekt. Stage
1 29 HA] Vanilla the] Fom|ek 22} ZH4AE Hylou,
Stage 2 & o] 2 )2 0 2 7|45t o]+ LoRA 7]k
AAH 7ol &5 &9 84 359 AUES sk
o] 3‘14341091 < AAFR

Table 2. Global regression performance of memory scoring
models (mean =+ std over three seeds). * denotes
statistically significant improvement over the Vanilla

model (p <0.05)
. . Fine-tuned Model
Metric Vanilla Model
Stage 1 Stage 2
.1 . .
MSE 0.1915 0.1773 0 1755*
(£0.0013) (£ 0.0004) (£ 0.0022)
MAE 0.4168 0.3926 0.3837*
(£0.0012) (£ 0.0005) (£ 0.0017)
Pearson 0.0038 0.2449 0.2589
Correlation (£0.0124) | (£ 0.0027) (& 0.0026)°
Spearman 0.0101 0.2522 0.2686
Correlation (£0.0153) (£ 0.0020) (& 0.0020)°
AT AFAAE LB o] BEEATE. Pearson R
Spearman ‘A Vanllla 59 o] Stage 13} Stage 2= 2
T AR S8 oH, ol Bdo] 84 Zhid]

A 22 729 35 7 AE
O AgstA g5l Yl B Er
SAA 794 A5 A, Stage 2 2L Vanilla 22 OjH]

-r]-‘rl‘ ]E x%zx—loi

frt

3] X]E‘)ﬂ/“] Tovg A e EATHp < 0.05).
Pearson ¥ Spearman “F A5+ p < 0.01 TF< 724
of, d| & QA 7AW ofU el -84 Ao AnkAEg]
TEE BT YA 07 et s g 3
s IHE 93] FA3 Stage 1 2@ S A Vanilla H
J#AH MA S Rt A2, pseudo label 715 ¢FA| = 3
o A= B 429 head-only St M ko] G347 07 253
A AR

o

__E My o Jm g
Ly

P‘H

H

ru[o oy I

¢

) Al &9 B2 e BHE
<Table 3>& k =5 713 M Al &9 @7 A5E nlud
A7Z AN A &9 Spearman FHAGFE Vamlla =
29] .0.0011°] 4] Stage 1] 0.2422, Stage 22] 0.27902.2 =7
k%‘ﬂ‘” o, o] Stage 2 Edo] TY A W wjEe] $1
HANA 245 £98 /g AgsA AEsta 9SS
vt} s 7412 Wilcoxon signed-rank testS 3 57
O & fofgto] RIE ATHp <0.001).

X x

oot

Jzijgmn

Table 3. Session-level ranking performance of memory scoring
models (mean across sessions). * denotes statistically

significant improvement over the Vanilla model (p <

0.05)
) ) Fine-tuned Model
Metric Vanilla Model
Stage 1 Stage 2
-0.0011 0.2422 0.2790
Spearman X
(£0.0271) (£0.0032) (£0.0053)
NDCG@S 0.5909 0.7196 0.7297
(+0.0190) (+0.0003) (+0.0009)"
. 0.7100 0.8567 0.8733
Hlt@S *
(£0.0337) (0.0042) (£0.0068)
Precision@s 0.3746 0.4377 0.4403
recision .
(£0.0122) (£0.0003) (£0.0015)
0.7059 0.8482 0.8510
Recall@5 *
(£0.0297) (£0.0010) (£0.0045)
NDCG@5 ¥3F Vanilla t¥] Stage 17} Stage 2= Z+5 &

Ao 72 F718 o H, Stage 29] /IS TAA 02 9
3FATHp < 0.01). ©]= LoRA 7|8 Q15 RY & B3 =g
o] AAZ Fag vBe FES G &9 Bt g H e
2 X = QA H30ss AAR Hit@S S A Stage 20
A 3A FEHA, A W M T8 FES =2 ER
481 57 TR Ul A BUT 4 35S BAFEThp < 0.001).
Precision@5%} Recall@5 =3¢ Stage 2 &
5% 715351921, o] pruning FF ol A 4 HR o F
S Zo|9A BEZR A MRS AHH O AAS F Uee
of gt}

2 A= pseudo label 718F 9FA] &= $HA of| A 1] A g Al 4]
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TR WS Q7SR FAHORE AFAQ Apolgkat o] 7P JMPHOE FAHE PR AT A H v
tgs SAH02 daE A 4L A vl pruning 2] diHE 7 A WSS A8 718 A YE A4
AR A EE AFHoZ MG B AE zNteA g
T2 o]¥ 3 Y#AH /AL, LLM-as-a-Judge’} A 33 25
AB7L U TR G SN FES B8-S A 4 T 24
™, AA pruning AlUE] LAM % fESHA 82  Uee A9 37 AFe A A BF A xS TET 23, Stage
AN ALEHTE, 292 head-only 4TS 2 % pseudo label 715 kA = 3
ﬁo]]/q Vanilla 22 tjy] ¢14 z—lcg_] s Ek)b% G5 T
(3) k &t W s}ol] 2 Stage 2 BH A5 4 Stage 2 292 LoRA 7|9F A|gH3 13T 24 & T3 o2
Stage 2 2E9| 9] TR 7|5k Wsld 2 A7 A S A S FUMHoE FUslsiion, 1Y o A, A A
2457] Qs k=1,3,5 ZHM FRLARS vnG 29E B P, 20 A G 4] G5 B 59 A SHA
<Figure 4>°ll A|AISFATE 2tk gholl g Al £A]9F BE A 257 FAHCE Foug AN S By
Fo] 24 A= B2 DO <Table 10>9] A AJ3H] T} B4 2 YR AFAA A2l F5 FE T2 AFHoE H
7, NDCG@k ¢t Hit@k= k 7t wet Ja=A Fdeol,  F douh A58 /fHL e Brt A xe) v g A=
FAHE SR 77 S7H45 QAR Fag 2y 50 AP kA Jd#=A AAHAJL, A A8ES T 1 A
9 Aol 23 7 o] Eobdl S gl o o] RIF ALY ol Akt DAY sy H o] Tedt
HHA Precision@k= k 710 meh A o2 7hAsh=7  Ae MEol ol 84 A S0 &5 1 4UA T4
F= HA o Recall@ke AA Festitt ol= 29 &) = ad 58 72027 ES AR,
A FETS FA5HE AAoA = AR} 3 1] AR F ol g A= B Ao HEH o] LLM 714t pseudo label
g go] A3, W E kWt S71ESE U REY F8¢ & o oEste U T F55 A olghe Ao Sl M E, AA b
Fo] QFH o2 IFHe HAET £33 }”4 Stage 2 22 2] ¥ B pruning & Ak 2014 H&A F5E Al
Sk ghstel wel A7 A% el M dtE e e T UL HAED Y 5L o] F Ao vlgt A
FASGoH, B3 k=542 AL} AR E o] 78 7HAFNAME dB=A Sldnth
NDCG@k o Hit@k
Vanilla Vanilla
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Figure 4. Session-level Ranking Performance of the Stage 2 Model Under Different k Values
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Table 4. Bullet-level memory reduction under different top-k
settings (threshold=0.5)

Setting Avg. # Bullets Bu'llet
Reduction (%)
No pruning 6.95
Proposed Method (Top-K=5) 2.69 61.36
Proposed Method (Top-K=3) 231 66.77
Proposed Method (Top-K=1) 0.96 86.21
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Table 5. Token-level Memory Reduction Under Different top-k

Settings (threshold=0.5)
Tok
Setting Total # Tokens O, e
Reduction (%)
No pruning 265,062
Proposed Method (Top-K=5) 107,129 59.58
Proposed Method (Top-K=3) 92,081 65.26
Proposed Method (Top-K=1) 40,689 84.65
3) T 24
BB 52D EE 57 B2 ST, AL opk AL B
< 45 AE5S AFete v AR &Y A3E M7
Zgo] k. WA E top-k = 5 DAL oF 60% F2] vl =
0 B2 A%S BYIUAE, 94 8 B9 Yol 713 o
RH O GAEE Pk AT o|d] me} B AT
= B84 A5 A Y] ¢S 15k threshold =
0 57 top_k: % 7] i /}';']_Xég-i _HE'HS]-S&E]—
5.3 A3} 4% H7F

<Table 6> A2 T2 W Be] 2olA Y49 S7ES A
T 7t AR H|ud 23S BoF HAuA 0 2 Pruned
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t}. Pruned memory 271149 /AL FEHAY B2
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Fo=2 HA. 53] All memory 719 4%5°] Pruned
memory 2.0+ WA UYER A=, 53 W 2] Al Fo] 23]
B ARA IS FYste] S gl R IS =
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H 23S wl, £ A9 pruning 719 AT E =2 A THA|
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W] AR ] ZAeHA] X8 Ve A& aesie et
5, izt A3 Aol Al “ﬂdfl]«] FEO AFEHE AR F
)\mﬁ 5}‘:}

_rshzegﬂ

S92 F4g Belste) Aydoln 1% s Ane §5
£ Azl o3k S8 ¥4 el ENAYS FARGT. 5



126

Suyeon Lee -

Sungzoon Cho

Table 6. Automatic evaluation results (%) across different memory conditions

Metric B-1 B-2 B-3 B-4 R-L BERTScore MAUVE

Baselines

RecurSum 21.83 12.59 17.86 86.89

LD-Agent 7.37 3.03 15.17

THEANINE 1.8 15.37 86.70 18.62
Our Approach

No memory 18.65 6.69 3.19 1.70 15.52 85.87 15.91

All memory 20.06 7.86 3.68 1.77 16.94 86.43 16.70

Pruned memory 20.70 8.63 4.23 2.04 17.59 86.54 34.97
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Table Al. Case study of Summary Bullet Usefulness

Original Dialogue Turns (Excerpt) Summary Bullet Type
S1: I was researching more bands to listen not too long ago, and I found one that

I really enjoy that I haven't heard of before. Their music is really good and . o Low Usefulness
S2 is enthusiastic and would

unique, and something I really recommend you should listen to. I'll send you (Ambiguous

a link to a YouTube video so you can have a listen. love to receive the link. reference)
S2: Wow! That would be really awesome. I would totally love that.
S2: Its not like I'm an alchoholic like my dad. I do drink from time to time but|S2 says “Its not like I'm an

not to excess like him. alchoholic like my dad. I do
S1: That's also part of the fun of being an uncle: I can spend time with the kid |drink from time to time but not

and then give them back. Do you have a favorite kind of car to work on? [to excess like him.”

S1: Very cool! Did you go to a movie theater to see it or watch it at home?

Low Usefulness
(Poor
abstraction)

S2 watched the movie at home | High

S2: T watch it at h ith irlfriend she also 1 h ies.
watch it at home with my girlfriend she also loves horror movies with his girlfriend, who also | Usefulness

S1: Haha yeah, I remember you mentioning that. Do you guys watch movies together

loves horror movies. (Reusable context)
often?
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Table A2. Performance Comparison of Candidate Embedding Models

Metric E5-Large Qwen3-0.6B BGE-Large-En
Vanilla Stagel Stage2 Vanilla Stagel Stage2 Vanilla Stagel Stage2
Global Regression
MSE 0.1970 0.1801 0.1772 0.1930 0.1875 0.1872 0.1935 0.1811 0.1789
MAE 0.4155 0.3981 0.3881 0.4250 0.4197 0.4094 0.4186 0.3952 0.3876
Pearson 0.0424 0.2184 0.2393 0.0163 0.0218 0.0129 0.0528 0.2200 0.2223
Spearman 0.0350 0.2237 0.2325 0.0622 0.0308 0.0049 0.0665 0.2266 0.2268
Session-wise Ranking

Spearman -0.0177 0.2308 0.259%4 0.0205 0.0508 0.0716 0.0517 0.2264 0.2289
NDCG@5 0.5998 0.7057 0.7079 0.6054 0.6177 0.6201 0.5958 0.7059 0.7073
Hit@5 0.7467 0.8200 0.8333 0.6000 0.5967 0.6000 0.7216 0.8167 0.8300
Precision@5 0.3823 0.4297 0.4332 0.3759 0.3852 0.3859 0.3802 0.4210 0.4311
Recall@5 0.7114 0.8308 0.8363 0.7163 0.7243 0.7279 0.7406 0.8262 0.8246
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Table A3. Exact p-values for Statistical Significance Tests between Models

Metric Test Type P-value
MSE 0.0335
Global MAE ) 0.0039
. Paired t-test "
Regression Pearson 5.0 x 10
Spearman 1.0 x 107
Spearman 2.08 x 10™
o NDCG@5 . 243 x 10"
Sess1on'-w1se Hit@s . Wilcoxon 229 x 10°
Ranking — signed-rank test T
Precision@5 347 x 100
Recall@5 1.99 x 1070
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Table A4. Detailed Session-level Ranking Performance of the Stage 2 Model Across Different k Values
Metri NDCG@k Hit@k Precision@k Recall@k
el 3 ks | kel k3 kS5 | kel k3 k=5 | kel k=3 kS
Vanilla 0.4057 04774 0.5909 | 0.1333 04367 0.7100 | 0.3710 03722 0.3746 | 0.1453 0.4146  0.7059
Stage 1 0.5802 0.6105 0.7196 | 0.2367 0.5333  0.8567 | 0.5359 0.4735 04377 | 02202 0.5605 0.8482
Stage 2 0.6068 0.6294 0.7297 | 0.2456  0.5800 0.8733 | 0.5701 0.4876  0.4403 | 0.2388 0.5730 0.8510
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