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Introduction

e LLME benchmark EE= leaderboard=E HIE O 2 5&H9| M3 AN
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« T©WIIE 2|3t Multiple choice questions(MCQ)2| AEHA
- FHE: X2t FEet ot
- T
(1) H&5 Y= ot otHstEl +~EH2 Obe > small perturbationPtO 2 = rank?t 3| HHRY 2| = &t

(2) benchmark0i| 2&0]| overfit(spurious correlation, pattern recognition, optimization for specific
question formats, etc.) = real-world applicability2| &

= Requirements of abilities that mirrors the complexity of real-world use

> & A1310{| A= MCQ benchmarkOi| CHsH perturbation experiment ZI2i, model ranking2t<]
AedES HE




LLM Evaluation with MCQs

MCQ tests: MMLU, ARC, CSQA, etc.
Minor changes (extra spaces, additional structural phrases) -> A5 H5}0]| gf
Pezeshkpour and Hruschka (2023) -> Changes in order can change model's prediction

Variations in three cateqgories:

(1) Answer choice format and ordering: ordering, formatting #14
(2) Prompt and scoring modifications: prompt text & scoring scheme 13
(3) In-context knowledge manipulation: prompt EE= few-shot example0]| 2 /A E|X| 82 HE

XOl
T d



LLM Evaluation with MCQs

« Answer choice format and ordering

[Random choice order]
« Swapping choices -> 2 & questionsi| CHoH HSHEICHE swap
« Randomly assigning new positions (2= choices= 22| $X[0f| UX| L= )

[Biased choice order]
 Choice?t £ position0| biasE| LIEtLF=X| 29l
« Zero-shot: correct answerS 2= test set0f CHsl S Lot X |2 AH
« Few-shot: example LHE| correct answers?t £7 position0f| LIXE 2 2 biask|0] U= [ answer
choiced|| HFZ J}X|=X] 22l

Lo =




LLM Evaluation with MCQs

« Answer choice format and ordering

[Answer choice symbols]
« Answer choice symbols (A,B,C,D) -> alternative, less common tokensZ H24
« Symbols, relative ordering@ 22 particular position bias 22| 54
(1) Common tokens (language independent): ["$", "&", "#", "@"]
(2) Rare tokens (implicit relative order X) : ["ce", "§", "Ze (Cyrillic)", "t"]



LLM Evaluation with MCQs

* Prompt and scoring modifications
- LLMs exhibit high sensitivity to variations in prompt formatting (Sanh et al., 2021; Mishra et al.,

2022)
9EHEIO.” lIl_El- E%I prompto-” _?_k”_éél' _)lk_ %IK% (Symbols Scoring) ( Hybrid Scoring) ( Cloze Scoring )
énitial prompt> \ Cinitial prompt> \ / \
¢ 3 maJor SCO rlng methOdS Of MCQS gufsgg:;e:gues'[ion> Question: <question> <initial prompt>
. . - ' . A. <choice 1>
(1) Symbol scoring: answer choice symboldj| CHSt o sonoces” B <choice 2> Question: <question>
likelihood score 7|8t MEH D. <choicod~ C. <chaioa 3> Answer: <choice x>
N A < . <choice >‘
(2) Hybrid scoring: answer choice content 0f Cifet @:KL e ) \fnower: schoicex>J{ )
likelihood score (normalized by length)
. - :
(3) Elgfe sco_rlng.Q s, ?’nswﬁil;cll"]f? iceOf Figure 3: Answer choice scoring methods for LLMs.
2t maximum normalized likelihood score The symbols and hybrid scoring methods are most simi-

lar, sharing identical prompts. Cloze scoring does not
reflect a “true” MCQ style, as the model is not shown all
the options. However, due to its prevalence we compare
it to the other methods as a baseline.




LLM Evaluation with MCQs

* In-context knowledge manipulation

 Entire spectrum of knowledge injection in the few-shot examples = model and benchmark
robustness 58 54

Correct answer provided] target question + correct answer (as an example)
[Incorrect answer provided] target question + incorrect answer (as an example)

Trivial examples] Z&0| OiEfe = US A= LTl 2ot HEQ = X (example ->
formattingOf| Ciiet HEEHX|5)

'Out-of-domain examples] CH2 =0|Q19| Oi|X| X|-&




Experiments

- Dataset: MMLU + ARC challenge(¥£

* Metric:
 Delta-acc: change in accuracy

« Recall standard deviation(Rstd): 2f answer choiced| CHat recall2| E= X A4t > EX™ answer
choicedf CHot B & M3k =N = DHEIO| SHIE T MEHY| CHs EH K| Mo MEE ot



Results and Analysis

1. MCQ benchmarks are not robust to perturbations

Question: What is the capital of Saudi Arabia?

B e (Raresymbols ... o Fiod Answar 8] e .. G
P H A. Jeddah ce. Jeddah A. Jeddah
e r u r a I O n B. Makkah §. Makkah B. Riyadh v
C. Paris 3. Paris [ C. Paris Answer: Riyadh
D. Riyadh v 4. Riyadh v D. Makkah
Answer: D Answer: i Answer: B

- dramatic shifts in the
order of models

Yi-34b

L\V Llama2-70b
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| Llama2-7b-chat {
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p, |.% S| ( _I|-A E.‘” Ol E_I = E =2 0O E H= x o = j |_) .................................... CN&;.;;;{.; A e v v

Figure 1: Minor perturbations cause major ranking shifts on MMLU _(Hendrycks et al., 2020). Models can move up
or down up to eight positions on the leaderboard under small changes to the evaluation format. Columns (from left):
1) Original ranking given by MMLU using answer choice symbol scoring (a common default). 2) Ranking under an
altered prompt for the same questions, where answer choice symbols are replaced with a set of rare symbols. 3)
Setting where the correct answer choice is fixed to a certain position (in this case, B). 4) Using the cloze method for
scoring answer choices. Under each new ranking, we report Kendall’s 7 (Kendall, 1938) with respect to the original
ranking (lower k., indicates more disagreement between rankings)




Results and Analysis

1.

MCQ benchmarks are not robust to perturbations [HEE £

Model Baseline A B C D
s SN Sen ew o
Yi-eb 61.12 (ﬁ:i?) (igg;) 2;.:39) (g:(l);_)
Mistral-7o W6 T Gy 4o 6086
Mistral-7b-Instruct 53.48 :39;];]) (i‘:?;) :323) (171;2)
R I R i
Gamz-To-chat 463 UG (in aaen (1810
Hianez 130 208 (o) G316 6165 (800
Gsmaz-tabechat 2 (el GGy (s (o)
rizse BI T Grsh e G050
Lianaz-70b S4Con (e e 1o
Usmazrobechat LI 0B (T (age (o
kr 0.455 0.527 0.527 0.855

Placing the correct answer at each
possible position (zero-shot)
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Results and Analysis

Delta-acc: change in accuracy

Recall standard deviation(Rstd): 73
answer choice0f CH3F 2 & HoF =7
- Std T: answer choice HZF 1

1. MCQ benchmarks are not robust to perturbations

Model Rank  Acc (AAcc) RStd (ARStd)
phi-2 (T—7) 34.6 (-3) 142 (7.4) >
Yi-6b (3-9)  33.0(-83) 11.9 (1.8)
Mistral-7b (4—3)  40.0 (1.0) 9.8 (0.7) g
Mistral-7b-Instruct (8—8)  33.3(-1.7) 16.7 (3.5) =
L1ama2-7b (11=11)  24.3 (-5.0) 13.2 (-0.4)
Llama2-7b-chat (9—10) 28.6 (-3.7) 27.7(7.9)
L1ama2-13b (6—6)  37.0(0.7) 22.7 (5.7)
Llama2-13b-chat (9—5) 37.6 (6.0) 26.7 (0.0)

Yi-34b (1=>1)  45.0(-5.0) 9.2 (-2.3)
L1ama2-70b (2—2) 403 (-1.7) 9.07 (-5.5)
Llama2-70b-chat 5—-4) 37.6 (0.3) 13.4 (-6.2)

[symbol 17, text ME]

Shuffling of the order of answer choices

(zero-shot)

- 5 out of 11 models change in ranking
- MCQ Benchmark= perturbation=

Changing Choices Symbols

o
|

Il Setl
3 Set2

|

h

S)
A RStds

|
N
o
L

0..

<z> > U0 O S <z> > O o >
*‘» K\ «‘b ««‘b °’f>$’ > 0 *‘«\(‘\m «‘b /\«Q’ °’f§’ “Qo
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[IISII’ Il&ll’ II#II’ ll@ll]
[Ilwll’ |I§ll’ llZe (CyriHIC)", "U"]

[symbol swapping, text 117d]

Swapping answer choice symbols with two different
sets of symbols (zero-shot) - the 7|2 20t A

2> ds2 25 Eog

> MZ2 symbolof|A O 2 T3

A FHElE 4S0| 2| A3}




Results and Analysis

2. Revisiting selection bias: token bias vs. position bias
 Selection biase= 2 & LLM2| setupOi|A{ &7
« LIS ARIO 2, positional bias@t token biasE disentangled{2 01X &t
Shuffling Choice IDs Alongside Content

157 Il A Accuracy
10 4 A RStds

A% N2 N @ N C > @ 2 Q C
; A ) 3 2 N b
TP VST
ARSI SN A

v N V)

H|w A% - [choice id, text 25 MZE]
Choice id2} text 25 shuffle: 2= biasE
> Et23| choices MM|E shuffleSHC T 8i{A positional bias?t AF2EX|X| Q4

- SymbolE BHYEX (EE HeS K| HIL 2R H F2)
(A/B/C/D) -> rare symbol without an implicit relative ordering




Results and Analysis

2. Revisiting selection bias: token bias vs. position bias

Symbols Shuffling

> ozl symbol 18 2 symbolZt shuffle
5 o A2k symbol 138 2 symbol 117, answer choice Lf
g text B4
3 77
-10 —————————————————— X=x]o 9o|3 I} CEAZ] 1-
R s -~ Delta 582 ?[2f H|W2f: symbol The=5| 1:12 H}
A VAN ST AN A & A1t
v v - Symbol the AT bias?t S0 X| B2

10

> Symbol 0| shuffle”ZtX| StEEE bias&=
unpredictabledH| #Hz}

A RStds

—20 A Il Symbols

a == cho (1) LLM2 choice IDE LtEtLH= symboloi| CHSH SAX|Lf
e} olo
Q\(\\n' _(\,@% §\f\% :\Q;’(J \,}i\% ;\Q"(J rv'\"b% \,',)Q;’(J {\:503’ ’L:\QQ”\QQ,'O ]II_:I %I:Ol e - N N L =
\“ NN NERY (2) symbolZ2 shuffledtCt SIEEHE biase OIS

=/t JEHZ LIEHE




Results and Analysis

3. Another source of bias: scoring bias | e
- Accuracy : symbol > hybrid > cloze
- Bias: symbol > hybrid > cloze

A RStds

| Symbol

- SVmbOl Scorl ng (s %% I|—-|x-” x_-II QE ?I:j-” L %r N q:k b%é«%,«‘b(%«%'\‘bom ’b%«,’b‘z’(./\@h(brv’\oi&p & '1:\ bQ’\x\’\%:\Q’c\}'\%;\Q’(:L\“’%\?Q’i\:’)&%f@i&p
but selection bias= HE = US MY Vo U VTG Y
MMLI
- Cloze scoring: biase= =% =+ ULt SIEHE T ..

50| e e

II'I

A RStds

- Hybrid scoring: & answer choice?}
Lt O] answerE MMtz =2 3t LS

<<
< -204

| Cloze

normalized score 5& U= -> balance B

between upper two ST S

—> T4 2 A| biasE =0|2| 2[4l O|F . .

AL2EH= = = X * Arc -> baseline cloze, mmlu -> baseline symbol
(@) L = T 1




Results and Analysis

4. Minor few-shot and prompt changes have little effect on benchmark rankings

« 2 Q= example >
J12F Hi
1 "1 - O

« Zero-shotOf| H|sH bias =&

S0EUS

>few-shot example2 23 L2

F= A0 =50 2 = US

I

/—(Orignal prompt template

Instruction
"The following are multiple choice questions (with answers)"
Prompt
"[question][choices]Answer:"
- J
/-( Version 1 )ﬁ
Prompt

trivial_examples = ["The capital of France is A. Paris. B. Berlin. C.
Madrid. D. Rome Answer: A", ...]
"[trivial_examples][question][choices]Answer:"

- J
/—( Version 2 H
Prompt

trivial_examples = ["Which language the previous sentence is
written in? A. Russian. B. English. C. Spanish. D. Japanese
Answer: B", ...]

"[trivial_examples][question][choices]Answer:"

- J

Version 3

Prompt

trivial_examples = ["The first word in this sentence is A. The.
B. first. C. sentence. D. word Answer: A", ...]
"[trivial_examples][question][choices]Answer:"

A 9= example / R 016t example / 2t Q= EHQl example 2

/(Orignal prompt template

Instruction

The following are multiple choice questions (with answers)
about [subject].

{{ few shot examples from [subject] }}

Prompt

[question][choices]Answer:

N P

—

Modification 1: Remove subject name

Instruction

The following are multiple choice questions (with
answers) abeut-fsubject-

{{ few shot examples from different subject }}
Prompt

[question][choices]Answer:

P

/-(Modiﬂcation 2: Mention various subjects )ﬁ

Instruction

"The following are 5 multiple choice questions (with answers) on
various subjects, followed by a question about [subject]."

{{ few shot examples from different subject }}

Prompt

[question][choices]Answer:

e v




Results and Analysis

5. LLMs readily reference knowledge provided in-context (even if it is misleading)
« LLMA|H| in-context example& & ] 2= answer positione StLIE 1™
« &, 5 examplel| HEHS 25 StLt2| symbolZ2 17

5-shot Baseline A B C D
. 36.67 4133 4067  41.67
phi-2 56.77 (-20.11) (-15.44) (-16.11) (-15.11)
. 36.67 3633  37.67 3933
Yi-68 63.22 (-26.56) (-26.89) (-25.56) (-23.89)
. 34.67 4133  43.00  40.33
et et 62.36 (:27.70) (21.03) (-19.36) (-22.03)
Lamasa-7h 45.88 2200  31.00 3067 3433

(-23.88) (-14.88) (-15.22) (-11.55)

ot Aot = PEOM Hs StHE
-> REE2 A2 OHS0E 52 ol US
- few-shot example2 O EH| FLFYGA 52




Conclusion

- LLMQ| HIX|0}3 /2| EE= OfF H 2 perturbation0f| = 3| S > TA| 2E 220z 2

=10
T2 =

- E5|L} position bias, token bias, scoring bias & LYot biass 2 Q1o 22 selection

bias?t E& =+ US

- &0t OfL|2} few-shot examples = 0| = answer?| position0| 24Xl answer MEHY]| QL0 =

- [f2tA O] B3t0f| robustdt IHES et BRI JUS

- A4 symbol, AX|2| &[X| 52 H2FAZICI T SHM biasg £0|= A2 {2
- h2pA #IX[OF=3 ™It A] hybrid scoring(answer text 444 £ normalized score™?}) TI1&Y

X
- Zero-shot®2 L= few-shot 0| 3 O robust® 2 (CHA MX|of] Y2tS FX| Q40LOf SHH, trivial,
irrelevant, ood example2 22X 0|2 = THO| Z0tEY)
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Introduction

+ A2 LLMs= CHUSt taskol] CHaH 943t A58 20|11 92

+ 2E LLMSO0| sZoh 2SOIX|Tl ofg
- size, cost S0 [Cf2 rErOF(one billion to hundreds of billions of params)
~ Bt3t OO B0l 2} Ch2: B2t A/QIE/SH S2S0| 242 2

L =L OO o =
. Qudoz 2 oUS M E8, high cost / &2 222 452 HIW X SX|2t low cost)

- real-worldOl|M practical deployment & I E2i|0f7 A2 > LLM 2t & H|ot
_O|AFE AlLI2| D

- Hl2H 412 Tl X2 No|x 22 YRS £ HIg TY
. 2RO 2 AJ0|Z0| DU B A5 Y




LLM Routing

* Problem Formulation

A set of N different LLM models: M = {M4, ..., My}, M;: Q = A(maps query to answer)
Routing function: R
Question : q, answer: a = Mg4)(q)
Preference data?t UCt 7V Dyrer ={(q,1ij)|q € Q,i,j €N, 1;; € L}
*1;j * My, M; 2| E2|E|F H[Wet 21} label
Reward modeling: post-LLM generation?| quality B2}
Routing: response 444 O™ HZ& ot HEZ MEH

» 2 classes of modelsE 2t2&: (1) strong models(Ms¢rong)- GPT4, (2) weak model (Myeqr)-
Mistral7B

* Binary routing function R5;,,: Q = {0,1}




LLM Routing

* Problem Formulation
« 2 components of R,

(1) Win prediction model: strong model2| winning probability 0=

Pg (winMsmng q) = max z log Po(l;j1q)
(q'li,j)EDpref

(2) Cost threshold:a € [0,1], winning probability = routing decision g%t
0(i.e.Mypqr) if P (WinMj‘q) < a,

Rpin(@) =
1(i. e., Mstrong) otherwise

-> alpha 2f0| 2% stricter cost constraint, reducing expenses, compromising quality

T2k, a = Mprg)(q) > a = Mge (4)(q) (router 20| [ef 22 47 81 query XS = SE 4Q)




LLM Routing

» Metrics: capturing trade-off between cost-quality
« 2 compounded metrics

(1) Cost efficiency: percentage of calls to z‘he strong modadel
C(Rbm) = z I{ Rbm(CI) =1}
|Q| qeQ
(2) Quality: average response quality on an evaluation set Q
r(Ryi,) = llequcS(MRbm(q)(q)) 6(Mge. ((q)): router responsel| =X| A0
- predefined metrice| &1} (e.g. MMLU d&), numerical label(e.g. 1-5, 5-10) 75




LLM Routing

« Router's performance H&fz}: strong/weak 22 2t & AXIE 7|F 02 2f2E d5 HEt

 Performance gap recovered(PGR): R, 2| HHIMQl Ha afet2 HO6t= X H (Tt Ha5 57)
(Rbm) T( Weak)

PGR(Rp:y,) =

(Mstrong) - T(Mweak)
- O} X|2F 0] A2 quality-cost trade-offE capturestX|= Z&(ZE queryE strong model 2 ELHH
PGR=1)

 Average performance gap recovered (APGR): A2 CtE 45 X0 M= 5 XtO|7F HOtLf
recoverz|=X|1& &%

1
APGR(RbLn) — f Rgin d(C(RlC)(ln)) N ™ “
0
> DiscretedtH| Z A (strong modelZ £& <&-[0%,100%]E 105=({c;}ic10,
2t ¢,0C} threshold a; MEH) e I =
APGR(Ryin) = ZPGR(R,M my_ |

0 20 40 60 8 100
% Calls to GPT-4




LLM Routing

« Real-world applicationd| M= "EX levelQ| H5& 27| Q|8 cost"E ™HF3ISHOF gt
- second metric call-performance threshold(CPT)

 Desired router performance (PGR x%)
> CPTE O| PGR x%E EHot7| {6 £|A9tC 2 @3 E|= strong model2| percentageE 20|

MMLU

GPT-4 f===m=mmmmmm e e - N N
- 50% PGRO|2= ds= E/d5t7| SI5H
x|Aoto 2 Q&= strong model
percentage : 2f 37%

CPT(50%) +————————; . —— Causal LLM (A)
APGR
Mixtral + e -------------------------
0 20 40 60 80 100

% Calls to GPT-4



Methodology

Preference data
* Router training= 2/t dataset
« Online chatbot arena platform &-&: AFEXIE2 2 anonymous models2| O304 CHsH
winning model or tie= 41EH
* Resulting dataset Dgyeng = {(q, a4, a5, 1;j)|q € Q,a;,a; €A L € L}
* User queries, answers from 2 models M;, M;, human judgement 2|2t [abel

Data augmentation
* Golden-labeled datasets: Dyo1q = {(q,a,15)|q € Q,a € A,1; € R} > model answer0| CH3}
XSS 2 gold label A&t (MMLU benchmark § £-&) -> gold label &S winQ 2 2tF

 LLM-judge-labeled datasets: open-ended purpose chat domainsO]| CidH LLM judges
2t8510 label A4t GPT-4 2-838M & 22 H| W £ labeling




Methodology - Routing Approaches
7)

 Preference datag %‘%Of win predlctlon mOdEI OI'_ P9 (WlnMstrong

e =(q,M, M), M,, M;=> winning model, losing model

1. Similarity-weighted (SW) ranking: g5 €10 inference®f| M2t 2t=. Bradley-Terry (BT) model

jll:l|-(o|-E Ml‘?l‘ |:||_IE Eol- AI-[HI-I DI'E f%)
* W :( )/“S;q D) T AL Xt query g2t RS I 2 query q; 0 CHBH g2t2] similarity 7|2 weight
-&y=10

* €, €; (query embedding)

€-€;

E ES
IEIRIEE

15531D, reflllelll lesl|
> (User query®t, train set LIS 2| i2t SALE) x (1/F2] i} 21 SAISH embedding?| SALE H4)
> User query@t F2| 2 YH|E: 0.5x 1/0.5 = 1 (*F2| i2} 71 =2 QAIEE X|L|= F2|Q| SAE &2 0.5)
- User query2t 32| jf H|F: 0.2 x 1/0.6 = 0.333.. (*H2| j2t 7t =2 FAEE X[L= FHE|Q| fALE E=+:0.6)
- |:||ﬂl_'<§ 2t 21 SAIEI =2 MeE A OIS 0|2 252 2 SljA] 01XH query?| X|= weightE Z2™

=2 20

S(qr ql) =




Methodology - Routing Approaches

1)

Preference datag &-&%¢t win prediction model S5 Py (Wi”Mstrong
ot St w,; E HIEIC 2 similarity—weighteld ranking Z/&4
pref
1
argmin 2 lw- x4 <l-, - )]
6 i l L 1 + eé—wi fli

2} 4|O|E{OtC} (similarity weight x binary cross-entropy loss) summation = 2t G|O|E{OtCt QAT
20| =2 ™ J8t3 3l H|O|E{0f| CHet loss 250| S R8HH.
o)

L weight?t =2 H|0|E index0i[A] O] loss 20| =2 20| &
g

> 0|ZH| ¥ 2 22 CHS win probability 2/ 0|F 8t 202 E & & U S:

P(win, |q) = ——#=¢ (Bradley-terry model)

(F2]) strong model2] winning probabilityE 0| &= 28! (eh&X), logistic function 2|Ht0|H

user query®} 8t& H|O|E queriesE H|ul - user query2to| QAIEE HIEIOZ ZQ S FMHA

argminO| £|= &t gt ZOIEE F3HCt




Methodology

2. Matrix factorization
« Score s(M,,, q): query qO| CH{sll 22 M, 2| S EZ|E|

~>Model M,, 7} M; 2L}t q0f CH3l & 2Tt : s(M,,, q) > s(My, q)
« O|Z HIE S Z win probabilityE 223

P(winy, |q) = a(s(My, q) — s(M;, @), > 0-1Af0|2] g} £
 Scoring function s
s(M,q) = w] (va@(W{ v + b)), W; € R%*dm, b € Rém

* s bilinear function of model and query

* v, B2 M2l identity embedding = d,,, dim vector

* v,: query qOf| Cer /IHE - d, dim vector

*w, € R%m: £|Z scalar 242 Y| 2/t linear regression layer




Methodology

3. BERT classifier

st
=

Sk text classification
(WlnMwlCI) = O-(WhCLS + b)

|

« BERT-base architecture 2
P

4. Causal LLM classifier
« | lama3 8B architecture &&

* Experiments:
 Training data = 80K chatbot arena
* Evaluation benchmarks > MMLU, MT Bench, GSM8K

* Routers = similarity-weighted ranking router: OpenAl embedding3-small
« Strong model: gpt-4-1106-preview, weak model: Mixtral 8x7B




Results

GPT-4 o= e

Mixtral

Matrix Factorization (A)
—— BERT (A)
—— Causal LLM (A)

Figure 1: Routing performance/cost trade-off between GPT-4 and Mixtral-8x7B. (left) We demonstrate
several routers that outperform the random baseline on OOD eval GSM8K. (center) We demonstrate
improvement in router performance through data augmentation, denoted by (A), on MT Bench.
(right) We display the main metrics we consider: call-performance threshold (CPT, denoted in green)
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and average performance gain recovered (APGR, denoted by the blue shaded region).
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Results

« MT Bench results

* Matrix factorization, similarity-weighted rankingd|A| =%t
Augmentation O|20{|=

Training data Method CPT(50%) CPT(80%) APGR
Random (95% CI) 49.03(+4)% 78.08(+3)% 0.500(+0.02) (+0%)

Darena BERT 78.09% 87.64% 0.391 (-21.8%)
Causal LLM 28.82% 77.53% 0.573 (+14.6%)
Matrix Factorization 25.32% 74.26% 0.580 (+16%)
SW Ranking 37.85% 58.99% 0.610 (+22.1%)

Direna + Djugge  BERT 19.58% 34.02% 0.751  (+50.2%)
Causal LLM 31.50% 48.75% 0.679 (+35.8%)
Matrix Factorization 13.40% 31.31% 0.802 (+60.4%)
SW Ranking 23.21% 36.04% 0.759 (+51.8%)

BERT M A| ZOt7

. Augmentation O|= best model: matrix factorization

> GPT-42

randomOi| H|5H 50% O|AF =

E)cglo

80%7tX| Ed

L
o




Results

« MMLU results

Training data  Method CPT(50%) CPT(80%) APGR
Random (95% CI) 50.07(x0)%  79.93(0)%  0.500(x0) (+0%)
Diarena BERT 49.43% 77.80% 0.502 (+0.5%)
Causal LLM 48.88% 77.93% 0.499 (-0.2%)
Matrix Factorization 45.00% 76.86 % 0.524 (+4.9%)
SW Ranking 55.82% 80.25% 0473 (-5.4%)
Darena + Dgoia = BERT 41.30% 72.20% 0.572 (+14.4%)
Causal LLM 35.49% 70.31% 0.600 (+19.9%)
Matrix Factorization 35.46% 71.40% 0.597 (+19.5%)
SW Ranking 35.40% 71.55% 0.603 (+20.7%)
« Random&CL} d&0| HEAHLE IH SEE(X| 4=
* Augmentation 20||= 4'50| =0| E|H| 2 &




Results

« GSMS8K results

« Causal LLMOJ|M 2t

OO
A Q48 AT} (17%

o

Training data Method CPT(50%) CPT(80%) APGR
Random (95% CI) 50.00(£2)% 80.08(x1)% 0.497(+0.01) (+0%)

Darena BERT 58.78% 83.84% 0438 (-11.8%)
Causal LLM 56.09% 83.56% 0461 (-7.3%)
Matrix Factorization 53.59% 85.24% 04746 (-4.5%)
SW Ranking 54.43% 82.11% 04753 (-4.3%)

Darcns + Djugge BERT 44.76% 79.09% 0.531 (+6.9%)
Causal LLM 33.64% 63.26% 0.622 (+25.3%)
Matrix Factorization 38.82% 72.62% 0.565 (+13.8%)
SW Ranking 41.21% 72.20% 0.568 (+14.3%)

+ MMLU Z 9} QA3 23

1 GPT-42 E 3= 50%2| As 2tH)




Results

Quantifying dataset and benchmark similarity

MS0| H| A 5H2 0]Q: evaluation data 2t training dataZt distributionO| &&t7| 2

benchmark-dataset similarity score& AL toigtS

Arena  Arena augmented with  Arena augmented

MT Bench 0.6078 0.6525 -
MMLU 0.4823 - 0.5678
GSM8K  0.4926 0.5335 -

MT Bench@t= QALEI} ArenalflA ATHH O 2 MMLU, GSM8KELI &2 > O 2
MT BenchOj|A B A

otRuts

=




Results

* Generalizing to other model pairs

« L= model pairskt &3™: strong = Claude 3 Opus, weak = Llama3 8B
« MEA| retraining=2 StX| 10 T strong, weak 22 TF W A|

Train Set Method CPT(50%) CPT(80%) APGR
Random (95% CI)  47.23(+5)% 77.08(=5)% 0.494(+£0.03) (+0%)

Darena BERT 60.61% 88.39% 0475  (-3.9%)
Causal LLM 31.96% 59.83% 0.645 (+30.5%)
Matrix Factorization 24.84% 85.73% 0.605 (+22.5%)
SW Ranking 33.54% 80.31% 0.553  (+12%)

Durens + Djugge  BERT 36.28% 50.83% 0.618 (+25.2%)
Causal LLM 40.46% 55.83% 0.625 (+26.5%)
Matrix Factorization 30.48% 41.81% 0.703  (+42.2%)
SW Ranking 31.67% 48.39% 0.667  (+35%)




Results

» Cost analysis
« Cost savingdj| CHet M HEtst

CPT 50% CPT 80%

MT Bench 3.66x (at 95% GPT-4 quality) 2.49x
MMLU 1.41x (at 92% GPT-4 quality) 1.14x
GSM8K  1.49x (at 87% GPT-4 quality) 1.27x




Conclusion

« Strong model, weak model 2F cost-quality trade-off& 112t 2t &

. 2128 DY 5 4f
« FE LM OO|ED} S0E+E, 453 80%=E HE+E R+
« St5H|0|E QL SASH evaluation benchmark@! MT Bench01|* = matrix factorization, similarity-

weighted ranking0| i 2=~ (0| 20| Yhet 532 A% HO{TICHL = =+ US)

IF

oH)i

« Strong/weak?| binary?| Otzl multiple models2 2H&6H= TO| £0tE Y

- pair-wise H|1l EE= multi-class classification 2= +d7ts
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