Limitations of LLMs in Multi-Turn Conversations

I
1>
g

‘sq, atural |_anguage
T99% rocessing

£ Artificial Intelligence

N |8 hedgm ]

KOREA UNIVERSITY




LLMS GET LOST IN MULTI-TURN CONVERSATION

Philippe Laban* © Hiroaki Hayashi** Yingbo Zhou® Jennifer Neville®
“Microsoft Research *Salesforce Research
{plaban,jenneville}@microsoft.com
{hiroakihayashi,yingbo.zhou}@salesforce,com

MultiChallenge: A Realistic Multi-Turn Conversation Evaluation
Benchmark Challenging to Frontier LL.Ms

Ved Sirdeshmukh; Kaustubh Deshpande; Johannes Mols; Lifeng Jin,
Ed-Yeremai Cardona, Dean Lee, Jeremy Kritz,

Willow Primack, Summer Yue, Chen Xing
Scale Al

2133



LLMS GET LOST IN MULTI-TURN CONVERSATION

- HHMEZE AMESEO| LLME A Y M= 25| B2tot Q8F S ot EREL, M3 2251 A ot HA @At S
Ftol= 8% EE
> 7|1E LM B7t AT E R E single-turn, & HAE X[AI2

~

. MT-bench 22 O|F G PSS “QE|E0|2tn S AFAS 0T A M (episodic) T
MEZ 0|0 HO|X|Bt AN 2= S2E subtask® E7F=> 2t HE E2|”doz & ZE0 M4E d= X

=
(‘=2 K= HF" > "O|H 245 o 2E2E S0F)

« Real-world2| 21Zt-LLM CH3}Q} Ct=C}

real-world CH2te| &8t EX2 underspecification (&2t X[ A|)
p

AMNEE2 MB5H 25 2FAIg S O FX| @2, ozt aPgolM HAH 1A=t
= "Xt 72 BIHE S, 7IE Q| instruction2 X7 (sharding) B M2 2 A& SH= underspecified multi-turn
simulation
= LLMO| Chet SO O{EH €5 S=XAl =4 3/33



LLMS GET LOST IN MULTI-TURN CONVERSATION

« J2fAM O] =20 =

simulation environment for multi-turn underspecified conversations Zt=0 A 11 gap= =O| L} !

Fully-Specified Instruction (original)

Jay is making snowballs to prepare Shard 1: How long before Jay’s ready for the snowball fight?
for a snowball fight with his sister. He Shard 2: He’s preparing for a snowball fight with his sister.
can build 20 SHOWb?ﬂS In an hour, but Shard 3: He can make 20 snowballs per hour.
2 melt every 15 minutes. How long
will it take before he has 60 snow- Shard 4: He’s trying to get to 60 total.
balls? Shard 5: The problem is that 2 melt every 15 minutes.
(a) Original GSMB8K instruction. (b) Equivalent Sharded Instruction.
+ Ol shards& 20tz 8 #2f XA|Z21 5ot YEE HHOHX| T, CH=to M= o Hoj| otLHA T
- ZE2 Oiet TdEds+5 88 @A 0| EdLs o™
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LLMS GET LOST IN MULTI-TURN CONVERSATION

1) Sharding Process: From Fully-Specified to Sharded Instructions

original fully-specified instructions = sharded instructions %t

0. Prepare

&

1. Segmentation

&

2. Rephrasing

&

3. Verification

63 ¢

4. Inspection & Edit

Jay is making snowballs to
prepare for a snowball fight
with his sister. He can build
20 snowballs in an hour, but 2
melt every 15 minutes. How
long will it take before he has

60 snowballs?

|Jay is making snowballs to
prepare for a snowball fight
with his sister_|He can build
20 snowballs in an hour,|but 2
melt every 15 minutes.| How
long will it take before|he has

60 snowballs?

How long before Jay's ready
for the snowball fight?

He's preparing for a snowball
fight with his sister.

He can build 20 snowballs in
an hour

He wants 60 snowballs.

Two snowballs melt every 15
minutes.

Simulation

10x FurL
10x Concat
10X SHUFFLE-CONCAT

P = 08P,

Comcar = FuLe

> 08P

SHUFFLE-CONCAT — Fuwe

How long before Jay's ready
for the snowball fight?

He's preparing for a snowball
fight with his sister.

He can make 20 snowballs
per hour.

He's trying to get to 60 total.

The problem is that 2 melt
every 15 minutes.

@ < 3 segments

Below degradation

thresholds

ﬁ Manual decision

. Segmentation

1
A HHE TR 2 segmentE FE

2. Rephrasing

Chatd 2 xH &S

X HWY shard= BEEA| X|A|22| MK intent?} & =2
CHE shard= A0l 20|17t FA|E[ ==

3. Verification

215 instruction} sharded instructioneS H| ! 7}

4. Inspection & Edit

ORX|8f2 AFEO| 2 21 AT,
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LLMS GET LOST IN MULTI-TURN CONVERSATION

2) Simulating Sharded Conversations
OLE [ O|Ef (B H)2 2 7|E IImE H7} 1.3

- Assistant?} O|0j| CHt A7 %'é*% 4
2. SystemO| Assistant 3= 77X Mg & SILIE &7 (GPT-4o-
[ Start Simulation] Failed answer attempt Non-answer response Successful answer attempt | mlnl)
1
| Next Tum - Clarify Incorrect - Clarification (7} &), Refusal (HE), Hedging
Reveal Generate +Hedge - S CHalo : o .
é, <1 shard @ Response @ @ (OHOHSHA| ESH2]), Interrogation (=l =7(), Discussion (=2l), Missing
User Evaluated Strategy Answer Answer Task (':'9_|D|'ﬂ- E,"E) Answer attempt (Ql_l-xl__(ﬂ- = A|E)
Simulator Assistant Classifier Attempt Extractor Evaluator
No unrevealed 3. BF9F Assistant?} Answer attemptE ot H:
shards left ( - —) Correct
> End Simulation |« - SystemO| ZE, 4] BHIAE F M| H2 (GPT-40-
Figure 3: Sharded Conversation Simulation Diagram. The subject for the simulation is highlighted in red. mini)
- Task-specific evaluator?t ‘g & Of & T
three parties 4. Cte H
. assistant (‘B 7}St X} = LLM), user (simulator), system (S&2 - User Simulator?t 22 shardE 37 (ZICH 174)
/Ell-ol_|-_7|<_*/u47|- ; CkA| &CF o Zto W7} HIE
- Assistant?| CHA| S8 — Q[QF &2 BT} =
5. 3 &
e user — X sharded instructiong €10 UAZ, Of HOM O™ shardE S/HLX 4
(1) Assistant 0| HEY Ijf, ==
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LLMS GET LOST IN MULTI-TURN CONVERSATION

Instruction Sharding

Fully-specified Sharded
Single-Turn I INNNN Multi-Turn

2) Simulation Types Conversation Simulation Types
CIA ZHX| T3t A|28|0|M EHAS M7 B FulL  fpSHARDED (&) CONCAT ¢ Recap @ SNOWBALL
| O [ [
2 ] o O 0
- FULL E 3 [] ] 0 ]
212 instruction FHIE 3t Ho| HZ. " o - 0 ° U
- CONCAT oy INEEN
Shard=2 bullet pointZ 0[0] 20 ot HOf| XS,
— ‘45 X3t sharding 282 & &4 MZ0| OtH, multi-turn 7= AN I 2 l= AS5H7| 215k
- SHARDED
I EE[E AlE2[0]d. Zf HOA shard SHLEAEE S7H.
- RECAP

SHARDED CH2tA & FI =|X| 2, Opx|9f &

— CONCATZ} SHARDEDS| H =0t Z+2 o
- SNOWBALL

RECAP2| 2T,

Of S0 22 shard + X|Z7HX| Lt shard D SE CHA| Y=,

Of XIZ7HX| L2 2= shardE oF H0f| CHA| Q9fsiA 2= O XS,
St

=.
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LLMS GET LOST IN MULTI-TURN CONVERSATION

L 67HX| 2| taskOi| CHHA| 7/

PL Generation Tasks NL Generation Tasks

< >
> Code & Dpatabase Actions Math (B Data-to-Text Ell Summary
Fully-Specified Instruction

Write the Python function Write an SQL query for: Write API function calls: Solve this problem: Write a Table caption: Write a Summary:

O ERRaTE e Find the names of stores Play songs from the artists Josh decides to try flipping a [Highlighted Table HTML] About the following 12
degosits & withdrawsls o a sank | | Whose number products is Taylor Swift and Maroon 5, house. He buys a house for documents, on the following
CETre s I e e more than the average number with a play time of 20 minutes $80k and then puts in $50k in The table comes from [URL] query: [QUERY]
balence < B, if 5o return True, of products per store. and 15 minutes respectively, repairs. This increased the about the 2000 Americas
atherwise False. on Spotify. value of the house by 150%. Cricket Cup. Documents:

2> (2 example uses]

[Schemal

[API spec]

How much profit did he make?

I've highlighted some cells.

[Documents 1-12]

Write me a function below_zero
to find out if account is ever <0

Input’s a list of ints that are
transactions.

I:.Balance is 0 at the start.

Return True if balance's ever <0,
o/fw return False

[Example 1]

| Let’s find large stores

[ [Example 2]

HumanEval &

Maybe we can define store
size based on its number of
products

Sharded Instructions

| Let’s make a 35-min playlist

‘ | Let's add Taylor Swift songs

J | Let’s also put some Maroon 5

A store is large if it has more
than the average number of
praducts across all stores.

(1 prefer Taylor Swift, let's do
20 minutes of that

Only return store names &

| | order doesn’t matter

[ 5o that leaves 15 minutes
for Maroon 5

My friend Josh sold his home. | |
| want to know how much profit

1 | he made.

" | He bought it for $80,000

4

[ He spent §50k on repairs

( The house value increased by
| 150%

| That's all | know. What's his

profit?

(rm giving you a table, please

write a sentence describing

it [Table HTML]

J [ Actually focus on these

highlighted cells:

| [Highlighted Table HTML]

. It came from a page about the
+ | 2000 Americas Cricket Cup

[ The exact page is [URL]

| I need a surmmary of 12
documents, on query: [QUERY]
I'll give the docs as | get them,
consider all of them.

| | Does 1-2: [Documents 1-2]

[ Just got four more.

| | Does 3-6: [Documents 3-6]

| [Here's a new batch.

| Does 7-10: [Documents 7-10]

| I've got two more.

| | Docs 11-12: [Documents 11-12] |

Ea Instruction Source & E& Evaluation

Berkeley Function

LiveCodeBench Spider Calling Leaderboard GSMBK ToTTo Summary of a Haystack
Functional Functional Exact Match Exact Match BLEU Coverage & Citation
Accuracy Accuracy

Figure 5: Six sharded tasks included in our experiments. We purposefully include tasks that involve generating

programming and natural language. For each task, an illustrative fully-specified instruction and its sharded counterpart.

We sharded 90-120 instructions based on high-quality datasets (Instruction Origin), re-purposing existing evaluation.
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LLMS GET LOST IN MULTI-TURN CONVERSATION

Metric

= dH /FF X - 3712l HEE F9

Based on the set of scores § = {S;}), : Bt instructionO CHBH Al NH 35t ZAat

s HA ME (ﬁ)
CltA IH7} N
Che Htad P:ZS%'/N
2 O] FO{ T instructionOf| A 20]= "HEMY d5"S LIEH =1

« Aptitude (4°9)

N A I:I—g 90|:|-|R HH H O] A
T ™ | — H —|F__T|‘I‘. Agg _ percentilego(S)
S g% 10% 45 - Z=0| 2|2 OIS I & &= A= 45 ceiling’s v

« Unreliability (U7
90%2} 10% -2 %= X0,
Ato|o| Z%t —

= Ol Mo EXLIZRSIO A
S B n| e el DUl 8459 EZEEYZ A

- Reliability (R29)

Unreliability7t 2% Reliabilitye ¥ 3.
7t = y= = RS = 100 — USY
Z, SEZYES0| o™ ME|H0| =2 A.

— percentile,(.5).

2 oI AO| HO{R M QX

Ctad| 58 XM 7L EF8 A 91X (aptitude loss)
OtL|H o M= &ot=h

| (reliability loss)&

0jo

__I.I.|=’ F 2 O]
—= T XM
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LLMS GET LOST IN MULTI-TURN CONVERSATION

Simulation Scale and Parameters
« 157429 LLM
OpenAl (GPT-40-mini, GPT-40, 03, and GPT-4.1), Anthropic (Claude 3 Haiku, Claude 3.7 Sonnet), Google's Gemini (Gemini 2.5 Flash, Gemini 2.5 Pro),

Meta's Llama (Llama3.1-8B-Instruct, Llama3.3-70B-Instruct, Llama 4 Scout), Al2 OLMo-2-13B,Microsoft Phi-4, Deepseek-R1, and Cohere Command-A

« 6702 task -> total 600 instructions
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LLMS GET LOST IN MULTI-TURN CONVERSATION

Results - Average Performance Findings (P)

Lost in Conversation Experiment

Model B FuLL ® CoNcAT dlls SHARDED Overall
@ B ¥ B B B © B ¥ @ B & B ¥ B @ B S/ $%/p
0 3.1-8B 274 641 829 137 639 76 21.2 477 830 157 626 65 217 259 455 133 374 34 91.6 62.5
4= OLMo2 188 548 56.1 172 800 - 163 405 498 143 80.1 - 144 224 138 90 463 - 86.5 50.5
A\ 3-Haiku 448 850 835 298 739 116 363 765 802 30.1 761 92 315 318 559 186 471 16 91.6 524
@ 4o-mini 759 893 941 359 881 149 667 907 922 312 880 125 | 503 402 524 198 587 7.2 93.0 56.2
0 3.3-70B 720 91.1 950 341 917 158 527 879 970 320 91.8 147 51.6 354 710 224 615 105 93.2 64.2
B Phi-4 532 876 827 239 892 - 484 79.6 760 286 904 - 39.1 331 341 232|525 - 99.0 61.7
® CMD-A 720 919 985 277 945 243 616 86.1 984 332 919 213 449 336 720 279 66.0 49 97.3 60.4
09 4-Scout 739 927 980 352 963 137 603 815 983 282 929 137 | 464 271 699 261 67.0 123 91.0 66.1
@ o3 864 92.0 898 402 B8l.6 307 8§72 833 915 394 80.0 304 |[53.0 354 602 21.7 63.1 265 98.1 64.1
A\3.7-Sonnet 78.0 939 954 456 854 293 762 815 960 533 872 289 656 349 333 351 700 236 100.4 65.9
@Rl 994 921 97.0 270 955 261 97.1 899 97.0 367 929 244 709 315 475 200 673 172 103.6 60.8
@ 4o 884 93.6 96.1 421 938 239 829 91.7 97.1 322 919 239 @ 613 423 650 205 679 106 94.5 57.9
4+ 2.5-Flash 970 963 884 512 906 29.1 925 955 892 519 884 294 683 513 426 31.0 66.1 26.1 99.3 65.8
@& 4.1 96.6 930 947 546 91.7 265 88.7 865 985 544 897 268 726 460 629 286 70.7 133 97.9 61.8
4 2.5-Pro 974 973 97.8 548 902 312 957 949 981 569 8§93 31.8  68.1 438 363 462 643 249 100.1 64.5
> "&ol= RE': HE[H SO0{7tH "o

A

« BE HEO| FULL (single-turn, fully-specified) - SHARDED &5
aa
- Lost in Conversation

« CONCAT -> FULLO| 95.1% &2 X
> d& X5t sharding IFE0A HE &4 F 0| OfL|2t, multi-
turn
TZ& O XN 22l Aol SHE

A2 HHEl(|lama3.1-8B, OLMo-2-13B, Claude 3 Haiku)&
CONCATOIME O & & XMt
- paraphrasing Of # <}

MO 2 30-40% Hs0| HOE!,

11/33
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fl"i"' e
=70
Results - Aptitude vs. Reliability Analysis
7] T =
& 5 F 5 £ & o« MEH(FULL/CONCAT):
& o 5 &5 S ¥ 3 § & 4 4 XSl OOoIAZ o
< 2 F F » g No¥ n n Aot RHUSE (GPT-4.1, Gemini 2.5 Pro)
7 0y & ¢ ° g X & QJ S & & E . - il LHS (OF & K]
£ s 5 F ¢ g § 5. 3§25 F ¢ — Aptitude =41 Unreliability &= (2Fa3).
3 0 6 v I & ¢ I3 o G o 6 v o o
. 55 73 Z25t= 23 (Llama3.1-8B, OLMo-2-13B)
75 73 76 74 o0 s o © . R : S
| % 6{ ;TS £1 fz xb 1 £ 5L 54 Bt 5 5% 5° m — Aptitude 211 Unreliability =3.
S ge £p RT Nos 758 ™| 750 761 "sg 60 63 59 63 °F 70
L < "" 39 42
16 20 « HE|H(SHARDED):
82 _ 80 80 80 79 83 81 83 Aptitudet B -16% ‘d=0t HOo| g,
63 63 65 . 69 S B9l el Ro e BL Rz R -
o] NE FL 5825207 QT ‘;."6 T Rl AT A SEX| 2t Unreliability= B +112% S7F (28 O] 4.
2. 8L Q7 . 55 Y| 54 75y 54 57 62 55 61 62 N
q-er N, - 5 2= 220 HE[HOM= SRERNE.
18
68 66 65 66 '+ 71 71
= BL > ZE|H d5 Motz Aptitude(Z 2 At 53) SHEELE Reliability(Z2t €2Hd) €117t H
[ 2 &l
12133

13
_ - 70 . 8 -
- 62 65 62 B> P° :
9 50 54 . | bl &
! e ® o2 o2 o2 ®o® o og o252
T o8 B_9-ST 03I @ AT RTIT0TY
i g_ =" y T | \! v e ¢ v W r2 'l v .
3 W 9 13 18 '? 19 17 18 18 14 18 19 20
2
157§ 29| FULL / CONCAT / SHARDEDOJ|A{ Q| aptitude & unreliability
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LLMS GET LOST IN MULTI-TURN CONVERSATION

Results - Aptitude vs. Reliability Analysis

GPT-40
100 o1 o1 94 o0 o0 o 7|Z& - O§ HO|A BEEA| SFLEC| shardBt &7l = “shardE & 702 _7?‘_7HiLF(:granuIarity)7f 450 o &
i 87 87
=z i 0| X|=7f2"
S 8l |7 -
£ 2% 5k gy s
AERIE R K N ~
< 38 4 « T H(1-shard, & 2= HE7I o #of| & I)oM= eHEEO0|D =2 d& FX|
(a8

26 29 25 23 .lg

12345678

GPT-40-mini - Aptitude vs. Reliability THE £
o » Aptitude= shard7} S0JLtE =52 2
£7 68 65 68 g5 69 A =
ol Reliability= shard =7} s0l2+5 34 &1

Performance
n
[#2]

_ITI

> HE

23 ¥

13 16 13 10 10 13

123456 7 8
Number of shards

= B 0|42 2Tt Jt: aptitudes 2% ZA, unreliability= 34 571 — “Lost in Conversation” 344 2H4d.

o, 22 XAl & AHA7F M| 7+ 2 9
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LLMS GET LOST IN MULTI-TURN CONVERSATION

Implications - Implications for System and Agent Builders

- 7|0 S&5t EXHE agent & SollM EILX WS

0FOF agent frameworkE &AM SHAEICHH LLM At O REIE S3H2 0 Z|X| 2717

Simulation Type - N
Model 8 & © O AHERIS| o] B 2HE 2ot F2| > EedtH 57 2240|Lt 74 > LLIMO|A| "2t instruction”
@ 4o-mini 86.8 844 [504 665 618
@ 4o 93.0 909 591 766 653

Table 2: Experimental Results with ad- * Recap

ditional simulation types: §% Recap and HE|H CH2t7t B = AFEAZE B 25 Q¥8(shards)2 oF #O| CHA] 298| 2RO
 Snowball. Both strategies involve re-

peating user-turn information to mitigate
models getting lost in conversations. Of ©OLCH Af shardE F=71SHHM, X[F77HX| FO{ T 2= shardE BHESHA CHA| KA

=
> = O 20| 242 HE[H Mg H2|SHA| 1, QR0 HES =2/HI|F= L4

* Snowball

- BEMo= 2kols}X|Tt, 017 3| FULLOILE CONCAT 450& O/X[X| 2%
O|X| 2t H|HAE, SNOWBALLS HAHO[X|Tt 45 7§ M =0

= =2

es

> o] OO|HE Z| 30 2Este 22 ¢

%F‘ @C - ~ =74 T |—|;-_ll A = Al -”WAI_-IOI rél_g_ol'tl'
ULL ONCAT & HARDED 14/33




LLMS GET LOST IN MULTI-TURN CONVERSATION

Implications - Implications for LLM Builders

« 7|1& LM 9= EE aptitude 7§ M0 =H

> multi-turn conversation®| A= aptitude 2 C} reliability 247t 2% & Z0| 3 HE
& 40-mini @ 4o
Simulation  AT=1.0 AT=0.5 AT=0. AT=1.0 AT=05 AT=0.0

B FuLL 160 150 68 178 80 28 T
& Concar 202 178 95 202 178 ss ° Reliability

dls UT=1.0 498 468 510 410 438 318
dlp UT=0.5 3.7 340 405 395 408 318
dly UT=0.0 385 280 305 358 380 297

Table 3: Unreliability of models when chang-
ing assistant temperature (AT) and user tem-

perature (UT) in B FULL, & CONCAT and , ctol HOj A& temperatureS SZH reliability 7§410] 2HA1S| LiE}L
als SHARDED settings. The lower the number
the more reliable the assistant is. > SHX[2F multi-turnOf| M= temperatureg ¥ = T3] unreliability?t 34 &

> H2E9[ LLMZ aptitudet =0|= #| OfL|2t, reliability”7tX| 112{sOf &t

X|eFafor & dzld e LMol =4
1. 42 H vs BE|HO|N aptitude ZXt7} =HO}OF Bt
HE|HO| M= unreliability7t Z+0FOF 2t

. temperature=1.0 O M = 2% 0[0{OF 2.
15/33



LLMS GET LOST IN MULTI-TURN CONVERSATION

Implications - Implications for NLP Practitioners

o 13 TE taskO| A multi turnO|AM Q] 50| HO{X|=7p?

> Z2729, +8, HO|E 20 5 24X0|n Fo| F4o| Bj230) 3

(g Translation
Model B & d « Translation Task =7t
@ 4o-mini 417 434 421
@ 4o 359 385 409

- HIAO M= multi-turn & X3t7F Aol SIAS.

Table 4: Performance on the > HHA2 episodic task

— 1 I_
(A7 translation task for B FULL, o R _ L
& CONCAT. and iy STARDED > 23S S HaSE HA B 8K THs
simulations.

> Z& multi-turn EfA37F S2P39F A2 OFL|CE 53] 29l 7%t EfAF (episodic)= AHEH Y 5= ULt

16/33
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LLMS GET LOST IN MULTI-TURN CONVERSATION

Implications - Implications for Users of Conversational Systems

- 2 AREAE HEIE LM HiztE o{E A ofsist & 3lfof St=7t

1. If time allows, try again.
AIZF O 2 2F QICHH A2 A= Bf2F
HEIH W0 Z=HO| o]0 X &l 7Pg0of WA Rl

— 17

> M22 st S8 Crgy HEof o L g

|0

H, AH7IM 2 FHK] X

mjo
A
N
olr
0x
o
0
0jo

2. Consolidate before retrying.
CIA] Al 2817 Fof S213}2f
ofz] Holl 22X 20T AR E S| instruction 2 B A CHA] MA|SHH d-50] 7

> YA EY S| ZXo| Saret.
> F3INOZE, LLMO| HE[HOAZ MM QYA SESHEE JHME|00F2F ALEXH7F KFAAHA|
Lzl o= A S, 17/33



MultiChallenge

MultiChallenge: A Realistic Multi-Turn Conversation Evaluation
Benchmark Challenging to Frontier LLMs

Ved Sirdeshmukh; Kaustubh Deshpande; Johannes Mols; Lifeng Jin,
Ed-Yeremai Cardona, Dean Lee, Jeremy Kritz,

Willow Primack, Summer Yue, Chen Xing
Scale Al
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MultiChallenge

o AIX| AFEFIIO| multi-turn conversation &= M &A™ QI |
T3] 20| Hote AECH M SRt SH((X[A| §X|, W 7|, e, 82 §)2 27

—

+ MT-Bench & 7|& Ct& H HIX|O 3= XA R Z0]| 0|0] M| near-perfect score= 7|&dll O 0|4 2& 7t M5 X}O|E E2{LfX| 23t

mln

0

> HAHO|D MEY Yt BIH =T Ua
> LIMO| AK| At Rto} CHSHE Of i 02122 BrYoln, BWO| Y S Cafu 4 Y M2 WXDIE7} Te

r

+ MultiChallenge A2t
dAQl Ot H et 0| Z-O| 2Hot= =2 HHE 87t
1. Instruction Retention
Chat =8| MAE X[AE ETX] LEte[A hHE = UA=X| 7L
2. Inference Memory
O[F Eo| ZOIX Y= ALSRI HEE B AT 2T PHO| HPsts 52, => 7| LLME0| Bz FEE 50% 0|2
3. Reliable Versioned Editing
ALERIRLO| Bt= = M BT 7F LS RAISHH HYY = JU=X|.
4. Self-Coherence
o R SEHI RaeklX| G0, AFEAe T fF2A F2|(0rd)oHA| R=X| Bt
19/33
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MultiChallenge

Challenge Categories

* 1. Instruction Retention
AN CH2HO| M AFE A= Ciet A EHOf| LEHE O X[A[ALZZ KA
> ALEXt= O|= CHZO|A O] X|A|E OfEH H DO LOotM A%

|4l ZRES2 single-turnO M= X[A|E & 2Lt multi-turn TR0 M= =
¥

x
OpX[2f SEOIA fIEst= 82
M H: ALEALZE "0 X Al= CHeh EHM o H&
Ol E: A BHit ZaL|X| pe XAl

LS =

BT D> ZEo B0l ofFe] X H XAIE HfE=X FIY.

EICh T Al

OFX|9f B AL X}7}

XA=Z 7|

2ol XIAE

A S

E

I'd be happy to help you organize your film
festivall Here are my suggestions:

A

& that showcase diverse cultures and time
\p&riods? /

Instruction Retention

I'm organizing a film festival for children and
would love your help... All flm suggestions
in this conversation also need to be
appropriate for a general audience, so
please never recommend any films with
UK age ratings of 15 or 18.

Your film suggestions sound appropriate.
Would you please look at them and tell me if
| could build a themed programming strand
around any of them with similar films? What
films would you suggest?
$oDy
=

Please also recommend some historical films

20/33




MultiChallenge

Hey, I'm in a bit of a hurry here! | need to

Challenge Categories /[ Inference Memory

e 2 |Inference Memory decide where to take my girlfriend for
dinner tonight. Can you help me find a
CHep =80 20N St AFEA §EE 20| & 7|95ta, O XS SHO|M 0|5 4EHo=z &8 4 good place?
Absolutely, | can help with that! To give you
the best recommendation, could you let me T
know.....
S
- s
et EH 2|'O1|A'| 6-9—0._" *f%ﬂ §E7|' E':'—‘l 'EnF & We're in downtown Chicago, and we both
Y Y love Italian food. I'm thinking of something
o "X= AdFE LY 27|71 Ao that ..... Any suggestions? Btw she has
o nut allergies.
0|z HOME O] EE X CHA| A3 &2 ’ |
Ork|OF oI OF2 X © 0 =2 734sH0ot 3l QAo EXF Here are a few great Italian restaurants in
PAIEF oM SH2Z Of S2E A2{s0f of= 20 53 downtown Chicago that fit your criteria: 'L
of: "B M E A|m| =Tl ;
clilp] S Ct SICF X HE HEGIFl =1/ o That’s a great idea! I'll definitely mention
> 20/ SEA oS F2E HESEA BF that when | call. | really appreciate all your
(AR S017F AT E FHSHH Aof) help.| also want to make some desserts

at home for her as well. Provide me
some dessert recipes with all
ingredients listed.

> B &9 attention reallocation & reasoning =& &7}
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MultiChallenge

Challenge Categories

+ 3. Reliable versioned editing

AN LIM2 AFEALS] 7| E A2 E o2 ¥ 783t

> o3 HEE 25 ®©

AFEAL7E =0t 278

— @Eo| Aot
AERIIL ME =8 2F.
AHERIZECHE 78 AtE 7%

— 0] o3 7} 48E.
AMEXE7 0| T2 2 SOt7hA CHA HER R 22 X|AE E.

> BH0| SHE HHZ B9 XA ZH +HFEX BV

- attention allocation of context, reasoning, instruction following
(37IX| 82 25 27517 =0 02 MCt2=2 task)

Of 2|k, X[A|

o

-

Reliable Versioned Editing
ﬁ I'm planning a one-day marketing workshop to

introduce a new pediatric health product to
pediatricians. Could you draft an itinerary? The
event should run from 9 AM to 5 PM and include
activities like ......

Certainly! I'd be happy to help you draft... Here's

a suggested schedule: L )¢
9:00 AM - 9:30 AM: Registration and Coffee I
- Attendees arrive, signin, and ......

Due to some scheduling conflicts, we'll need to
end the event by 4PM instead of 5 PM.
However, | think it's important to extend the
networking lunch by.... Can you adjust the

schedule accordingly? 5

& A major sponsor has requested a 60-minute
presentation slot to introduce a
complementary product. Can we go back to

the plan we had before we adjusted the

workshop's ending time and include this
without excluding or shortening any planned

sessions and without starting early?
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MultiChallenge

Challenge Categories

4. Self-coherence
At Ro| Zofl Ex A S9|(sycophancy) StALE A Xt

Jh

CH=tE SHCEZF AFEARZE OFX| 8 EOA O

2> 220/ o/ Eoaf FEo/A Y1,

Self-Coherence

Hi, | just bought a modern e-reader and
want to set it up for the first time. Can you
provide step-by-step instructions .....
1. *Charge your e-reader**: Before you start, ...
2. **Turn on your e-reader**: Press and hold the
power button .....
3. **Select your language**: ...
4. *Connect to Wi-Fi**: Look for a "Settings" or...
5. **Register your e-reader**: You'll need to
create an account ...
6. **Download a book™*: ...
7. **Start reading**: Go to your library (usually
found in the main menu}....

£

Okay, I'm at my local public library rm. Anyway, |
heard something about safety when connecting

to public wi-fi. What should | be aware of? =
L2
Wow.... It now immediately connected to

wi-fi on the very first try! So, all that's y

to do is choose a book, right?

\
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MultiChallenge

Automatic Evaluation with Instance-level Rubrics

Bohe oA & 2 21t
A 7|4

LLMs as judge = full multi-turn conversation ==

- single gt answer?} Q17| MZ0 A

R

= [ |

Mo
mujn

LLM as judge with instance-level rubrics K| 2t
test sample 2t= I
(L=t A|LF2| ) AFEALZE "L AR L27|7F AT
last question: "C| X E 2f|AlI| =HMBHF .

rubrics question : "FTHE CIHEQ AWMEI =0 YLER?"

- last questionOf| CH3F &+ + rubrics questionS YOS Z |Im as judge
q q Jjudag

- human alignment 93%

10 WIA|ZAE L] humanit alignmentZt L2

LU + 71EL 2HE0| 020 MultiChallenge

SHO|A ObX|2 & 23la 210 Yes/NoZ EHEHeH = QL= rubrics question 2
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MultiChallenge

The Hybrid Approach to build MultiChallenge

oA =Lt
realistic, diverse and challenging test example2 AR ZTt X, LLMZTt X

Hybrid2 S}tZICt : Synthetic Data Generation + Human Review and Editing

- Synthetic Data Generation > MMSE (Multi-agent Multi-stage System) 2= multi-agent

- Topic Seeds : Technical, Writing And Content, Communication, ...
- Persona seeds : PersonaHub

Topic Seeds Persona Seed Eval Config

Planner
Agent

Updated
Blueprint

Conversation
history

Responder <
Agent

- Evaluation confing: namely category name, category definition, pass criteria, failure criteria and Kshots of failures

> O X2, ofH ALEAL A4S 7HT AtEL, OfH #EIX| §&S HAEEX

- & 37tX| agentZ 74
1. Planner - X CH2tO| A|LtZ| 2 A
(o]

2. User - &M AFSALME Ozt AHS WA
3. Responder — 6712| LLM2 2 THEHSIH| d-d

-
—-

Max turn
reached?

——
Failure %
detected?

Conversation
history

E‘
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MultiChallenge

The Hybrid Approach to build MultiChallenge

Topic Seeds Persona Seed Eval Config

-
; d
Planner F 7N i‘:’é;‘;;"?
Agent -
Updated %
Blueprint O
. _. Failure
detected?
User
Agent

Conversation
history

E‘

Conversation
history

Responder <
Agent

1. Planner?} Challenge 98 + =X + I 2
blueprint)
2. User AgentZt B A|X| & 44
3. Responder AgentZt Ef#
4. Planner?t Responder S &f H7t
AT 2 Al - O 3= S 2 MEZ(candidate) 2 A%
AHISHX| o™ CH2tS O|O{ 7k AL} I 7],

PN

o] st )

> Ed =2 = &=
> 0 ’é‘ﬂH%* = Us ’é*%%”._* 2O Ho[HM 5

o

0|Z human review &
O|f rubrick O 7|A A

a) if the synthetic multi-turn conversation is aligned to its challenge category definition;

b) if the conversation is natural and realistic;

c) if 6 frontier LLMs fail reasonably or not.

ALEE 1 2{8 A conversation strategy ‘%3 (conversation



MultiChallenge

Experiments

GPT 40 (August 2024), o1-preview, Gemini 1.5 Pro (August 27, 2024), Claude 3.5 Sonnet (June 2024), Mistral Large (Mistral Al, 2024), and Llama 3.1405B Instruct

> 2t 2 30| MultiChallenge2| 27371 sampleOfl CH3HAl &7t

LLM Iﬁitt?ll:l::g){:ln Iﬁf::_:;‘;‘f Rdlﬁ‘iatglegmmn Self-Coherence Average
GPT-40 (August 2024) 14.29 5.08 17.07 13.64 12.52
Llama 3.1 405B Instruct 12.86 16.95 4.88 25.0 14.92
Mistral Large 21.43 9.32 7.32 20.45 14.63
Claude 3.5 Sonnet (June 2024) 58.57 37.29 24.39 45.45 41.42
Gemini 1.5 Pro (August 27 2024) 31.43 15.25 19.51 13.64 19.96
ol-preview 34.29 41.53 39.02 34.09 37.23

- Human Evaluation

output (Yes, No)S human Z7I3HS If
- Claude 3.5 SonnetO| FEHE o 2 IIE =
- 2 & 2EO0| 50% 0|2t e
- MultiChallenge”Z} & 7tCtE 2 Hot

M
()

rlo
or
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MultiChallenge

Results
Instruction Inference Reliable Version 2
LLM Retention Memory Editing Self-Coherence Average
GPT-40 (August 2024) 12.86 5.93 14.63 18.18 12.9
Llama 3.1 405B Instruct 14.29 16.95 0.76 25.0 16.5
Mistral Large 18.57 6.78 0.76 18.18 13.32
Claude 3.5 Sonnet (June 2024) 61.43 37.29 26.83 45.45 42.75
Gemini 1.5 Pro (August 27 2024) 31.43 16.1 19.51 18.18 21.3
ol-preview 28.57 38.98 39.02 36.36 35.73

- instance-level rubric 7|8t auto-eval
- human Z1tet dakd FA Challenge Auto-Eval  Auto-Eval with

- human alignment?} 7t& &2 GPT-40 and Claude AtE& Category Baseline(%) IR (Qurs)(%)
Instruction Retention 44.44 92.26
Inference Memory 37.53 94.62
Reliable Version Editing 31.82 94.85
Self-Coherence 31.05 94.12
Overall 37.33 93.95

Table 4: Alignment between Human Rater and Evalua-
tion Methods across categories in MultiChallenge.
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MultiChallenge

Analysis - Is the number of turns correlated to LLM performance?

Claude3.5 - 33.3 EN 437 37.0 LES 27.8 36.7 286

GPT-40 . 5 90 83 100 14.3

Geminil.5 1 22.2 BER:R 23.6 25.9 [T T A I 5
LLAMAZ . 16.89 | 9.3 9 8.3 1-1.3

Mistral - 22.2 130 143 167 167 7.1

Model

Ol LN 316 315 30.6 333 28.6 N

50

- 30

- 20

10

- MultiChallenge?| Chstes Hw 55
> multi turn benchmark2t 1 SfHA{, Z0

- TurnO| SOt §50] BO{X|= dg2 20[X|

3
rlo
e

e
glo

> turn Z 0|7} difficultiesOf] TS FX| L =Ct.

= K| 2tst= #IX|OF 30| M = inherent reasoning?| challenge

I'I_F
E
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MultiChallenge

Analysis - How do open source models perform on MultiChallenge?

LLM Iﬂseﬁ';l‘éggln Iﬁf:;fgrc; Re"%ﬁ‘i"tgfgrsmn Self-Coherence Average
GPT-40 (August 2024) 12.86 5.93 14.63 18.18 12.9
Llama 3.1 405B Instruct 14.29 16.95 9.76 25.0 16.5
Mistral Large 18.57 6.78 9.76 18.18 13.32
Claude 3.5 Sonnet (June 2024) 61.43 37.29 26.83 45.45 42.75
Gemini 1.5 Pro (August 27 2024) 31.43 16.1 19.51 18.18 21.3
ol-preview 28.57 38.98 39.02 36.36 35.73
LLM Iﬁsettz‘:l‘i::;:ln Ig‘lf:l;e;_‘;f Rel‘%’(;?h.‘fg"'j‘on Self-Coherence  Average
Llama-3.2-3B-Instruct 15.94 8.85 36.59 6.0 16.85
Llama-3.3-70B-Instruct 33.33 15.04 24.39 20.0 23.19
Qwen2-72B-Instruct 27.54 7.96 26.83 20.0 20.58
Qwen2.5-14B-Instruct 15.94 15.93 24.39 12.0 17.07
Qwen2.5-72B-Instruct 21.74 17.70 12.20 16.0 16.91
Mixtral-8x7B-Instruct-v0.1 13.04 7.08 12.20 12.0 11.08
Mixtral-8x22B-Instruct-v(.1 15.94 3.54 15.94 8.00 14.18

- BE A20|M open source ZE2| 4&50] EO{H
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Emotional Support Conversation &

7t
O

- LLMO]

- ESC HIO|H M0 E& 13-16EH22 719

- single turnOf| A=

- multi-turn 4

O 1 =350

=
[

P

0{7t2f 5

=

- Al o 220 =5F0| Qe Al Ci=lStEHA

L

100
80

Kir

" — multi-turn =3 &£

ESC HF0A HO{Lt, multi-turn

!
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Challenge  Definition Pass Criteria Fail Criteria Example

Category

Inference This metric evaluates The model If the model In a conversation

Memory the model’s ability to  successfully shows any about a dinner date,
retain and accurately recalls and indication that it  the user mentions
reference SPECIFIC integrates the forgot or their girlfriend is
information from necessary misremembered  allergic to nuts. In a
previous turns in the context from key details from later turn, when the
conversation, earlier turns, previous turns, user asks for food
especially from making its leading to recommendations,
multiple turns ago. responses incoherent or the model suggests
The focus is on how  coherent and contextually dishes with nuts as
well the model can contextually inconsistent ingredients,
remember appropriate. responses, it forgetting the allergy
SPECIFIC details, would be mentioned earlier.

facts, or topics that
were discussed
earlier in the
dialogue and bring
them up when
relevant in later
stages of the
conversation.

considered a
failure on this
challenge
category.
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