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5.2 Instability of Actor-Critic Algorithms
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JE I A B A 5 0 S ) 58 By AT OB BB Y, %y, K H T SFTHALRY (782 #2515 i1
FEF) BUEHALM (FEREXTEF) . 5 —Fhh & 77752 Unlikelihood [44], & i 51K
WA LB R B Sy, (O EE ISR BC S5y, BOREEE s FRATIAE AR UAA M T F {37
—MAER R o € [0,1]. FRATETERE 148 F M 17 £ 4 v 27 >3 16 22 Jal 2R £ PPO (370, DA
NKPPO-GT, X —NEZIE I I B AT FH 00 35 S 2 Jah oR £ ) 1) s s A . R 3RATTEY)
TSI, AT TPPO-GTHI AN SEIRAS, — NILB RRCAR [42)) LA B — ME S
WA, ZARAST R T I — 1k, PR S IR SRR (EIB AT A 2 2 X
() 1% PPOR A T AT HIX B2 50 . e, ATHIE T NR|EREL, MSFTHA (EU6f
1 i Preferred-FT) HAEN AN RIS, FEARAE M f 17 2008 48 w7 =) 30 1 22 J5h ek 20K [31 45 43
e B IR o 3RS TR I R IR 7 V20 2L i AR A 1 5T B 5 PPOMLAL AR AR, (HBIEXT T1& BN,
BETE EHRAVISEPRE, BAE 7 EAE I RS A b N A58 K.

6.1 How well can DPO optimize the RLHF objective?

7E BRI RLHFS VA A8 B KL R 2 e KAk H Aw, 76 225 (0 [ f BR 1) 1 5 5 2%
BSOS . DRI, 7E ELRCERS,  FRAT 0 B SR A 1 22 5 DL KL ZE s 3RAS B = (1)
KMEKLE RS L2 I AR —E R . B RER 7 e i B b & Rk i 2 - KL AT Y -
TAT A FIVEIAT 2 RN Gas 1T, BRI AT A A B SR R ~F 1 2450 G T-PPO,
H#KL € {3,6,9,12}; X TSR, B € {0.050.1,1,5}, a € {0.05,0.1,0.5,1}; X
Fpreferred-FT, f#HBENLF T . BILEAFE2KIZIT. FERRINGLBEBS)E, AT
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Anthropic-HH Dialogue Win Rate vs Chosen Dialogue Win Rate Evolution
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Kl 3: ZE. GPT-4i1% 1) Anthropic-HH— %G1 EZ;  DPOSEME——F7E Anthropic-HHM 5 o ik
Wik EMER . AE. AERFEREEINSGS R REZ . DPOMNT T Hds S FR 2 e AN R
AR B N 2R AR A AR E

A5 FH — LR B 7R DA R SR, TR S5 i bR 0T R 38 22 Jih DL B b5 255 SRS 1P
BIFAIBKLE] (KL (7 || mer)) o AT IADPOF A= (130 Fd5 M2, 753K 45 0w 22 b i) [l i
IR SEIRKL . X — 45 R EAEERZEZNER. 1%, DPOFPPOMLALHFIHI B A%,
{HDPO R A 2% ; DPORI /KLU ™ %8 TPPO. ik, BIMEPPOR] LA ] Hh T
S Jih (PPO-GT), DPOHAELLPPOSLEL S 4F AT

6.2 Can DPO scale to real preference datasets?

BNk, BATPPALDPOLE R ZE AN BAL X TRAT 55 LRI RE . X T4 24155, 1ZROUGEX
FERT A ST R bR 5 NS i Z 18] ARG R T RERLZE (B8], SERTRIBTFURIL, (4 HIPPOXY i
B HEAT IR DLIE S S i m] SR (3t BE A R0 4 . A58 I A2 T DR 2240405 £ 1y
B AR T R S8 A SRV A R T35, IR TH SRS A b 225 58 1 DU LE -1 2
WEZR o TR J7 110 58 B A0 7E T B ANO.0E 1.00AZ AL R 26 A0 TR RAER, iS4 CH)
fi7x. DPO. PPORIPreferred-FT#S#iH 1 A [F FGPT-J SFTH: %] We find that DPO has a win
rate of approximately 61% at a temperature of 0.0, exceeding the performance of PPO at 57% at its
optimal sampling temperature of 0.0. DPO also achieves a higher maximum win rate compared to
the best of IV baseline. We note that we did not meaningfully tune DPO’s 3 hyperparameter, so these
results may underestimate DPO’s potential. Moreover, we find DPO to be much more robust to the
sampling temperature than PPO, the performance of which can degrade to that of the base GPT-J
model at high temperatures. Preferred-FT does not improve significantly over the SFT model. We
also compare DPO and PPO head-to-head in human evaluations in Section[6.4, where DPO samples
at temperature 0.25 were preferred 58% times over PPO samples at temperature 0.

On single-turn dialogue, we evaluate the different methods on the subset of the test split of the
Anthropic HH dataset [1]] with one step of human-assistant interaction. GPT-4 evaluations use the
preferred completions on the test as the reference to compute the win rate for different methods. As
there is no standard SFT model for this task, we start with a pre-trained Pythia-2.8B, use Preferred-FT
to train a reference model on the chosen completions such that completions are within distribution
of the model, and then train using DPO. We also compare against the best of 128 Preferred-FT
completions (we found the Best of IV baseline plateaus at 128 completions for this task; see Appendix

3 BRI A2 UKL 2 A
4https ://huggingface.co/CarperAl/openai_summarize_tldr_sft
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Figure[d) and a 2-shot prompted version of the Pythia-2.8B base model, finding DPO performs as
well or better for the best-performing temperatures for each method. We also evaluate an RLHF
model trained with PPO on the Anthropic HH datasetﬂfrom a well-known source E[, but are unable
to find a prompt or sampling temperature that gives performance better than the base Pythia-2.8B
model. Based on our results from TL;DR and the fact that both methods optimize the same reward
function, we consider Best of 128 a rough proxy for PPO-level performance. Overall, DPO is the
only computationally efficient method that improves over the preferred completions in the Anthropic
HH dataset, and provides similar or better performance to the computationally demanding Best of
128 baseline. Finally, Figure [3|shows that DPO converges to its best performance relatively quickly.

6.3 Generalization to a new input distribution

Win rate vs. ground truth

N T — D R AE 4 A ke B 1B U FPPOFIDPORY
PERE,  FATLE AR R 00 KO0 4 A5 VR A Tk HReddie & TempO  Temp0.25
TL;DR## Z 52 % YPPOFIDPOSE W%, 1% %4 7 /7  DPO  0.36 0.31
NCNN/DailyMail £ 4 [24) IR 4 &4 b (e sc 2=, PPO 0.26 023
iﬁﬁﬁ TMTL;DREF?%?U‘E"J‘H%ﬁ%ﬁﬁfﬁ (0$u‘(,).25>0 £ 1 GPTUME 5 & A 4 4
GRBIRER EF o BATTHHE T GPT-44E X% T H 45 & 77 CNN/DailyMailfi A S 2 i [ 2052
PR SEA A, T 5Reddit TL:DRAAFE  ymxgtt,

FIGPT-4 (C) #E/r, 1HAZWK “forum post” iXEid F i

A “news article” o X TIXANEIEE 04, DPOMKIR B & TPPOSFENE . XANZIGHRAL T
YIRS, RKUIDPOKNE REHSIZPPOTRIS —Ff R iFHhiz b, A DPORA fi FHPPORT# H 1)
HAMAAARICReddit TL;:DREE/R .

6.4 Validating GPT-4 judgments with human judgments

BATHAT T — BB, DL IFGPT-4%) Wr it o] 55 ¥, A 7 TL;DR#H 2 sz 56
() 45 B CL K A R E] FIGPT-44% 7. GPT-4  (S)  (faj #A) 42 7= A ify [ Wk A 4 2 o
REMEFS M TR EEE R, GPT-4 (C) (fjy) FE ik i [l kA 4 268 faj v, R
IV X AN 7R, RN AT R IA L T AN 2K HHGPT-4  (S)IE7R, GPT-4H = XK
B, EHEIEMME. TEAORRESLRZE C2 WATHATT ZXkE, 7
AAEMH T & &  (DPO, i J¥025). &k (PPO, RE1.0) Al — il B ik E.
REEMERER) (SFT, #RF0.25) Jiik, BiE

R EE S FIREA T & = TR AR SO KR DPO SFT PPO-1
(IPPO (LA AEMEREMIIREE) #H4T T HR. &

o N respondents 272 122 199

IIRBL, X FRXMAER, GPT-45 NJFKIERK CPTAS) win o A

CEBRSUS A Wik g COERO D T
FAE, XRWCPT-Ar LMEN AR E :

uman win % 58 43 17

BAHE (T AR HEHEAMR, ROTAK
4 T DPORIPPO-1 LI Z AR . g OF T4 (S)-Hagree 70 7786
e, GPT-4 (O fmilifephiopesmpy OF - (Crfleeee 0T 8
fRFA B, AT B2 E s :
AN . X NI R A s % 2 WA 5 GPTA/ETL; DRI ERE A _EIE
2 RAFIAIWT I — B . AR5 GPT-4M—H 1%
https://huggingface. co/reciprocate/ppo_hhjﬁ%%}%ﬁggg'f&l#!:zl‘Eﬂ E{]_ﬁﬂimé° X ’E}I}ﬁ%%
https://github. com/CarperAI/trlx/tree/maiﬁ?g&@ﬁlé’éﬂﬁﬁEEYJIEEE%OE/‘]PPOﬁYf f 47 2
AT -
10



https://huggingface.co/reciprocate/ppo_hh_pythia-6B
https://github.com/CarperAI/trlx/tree/main/examples/hh

SRR e e N D DR AT WA PN
R, S D3,

7 Discussion
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A Mathematical Derivations

A.1 Deriving the Optimum of the KL-Constrained Reward Maximization Objective
EAMR R, RA VR AL KT I B, RAIRALLT Hbx:

max Bop,ynr (2, y)] = Bk [7(y]@)[|mrer(y2)] (11)
TEAL R AL (2, y) s BHBH mo HI RIS SHCRIER T, ATIUEA -

02X By [1(2,)] = BP0 [ (00) || T (312)]
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7Tref(ylm)
m(ylz) 1

Tret(y[2) - Br(m,y)}

= max EonDEyr(y)z) [T(:c, y) — Blog

= min By pEyr(y|a) [bg

. m(ylx
= m#nEENDEyN,r(y‘z) log ; (o) ; —log Z(xz)| (12)
A malyle) exp (4r(z.v))

where we have partition function:

2(0) = S matulo)xp (5r(en) )
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ARG, BN FIa Ry, #6 7*(yle) > 0, FH X, 7" (ylz) = 1.
HF Z(2) A y BRSPS v LA SR 3 e 28 05 A2 [12) b ) 526 H A A

Ir;inIEmND {Eyww(ym [log :*((yyr;c))} —log Z(m)] = (13)
min B, p [Pk (7(y[2) || 77 (y|z)) — log Z ()] (14)

B, BT Z(c) RHHBT m, BAME TR MU — MKLGUG NI, AR
S RIRAT, 4 ELAOCH P A A IR, KLBOS A BEUR/MEO, UL, Fofi VA3 T Bk
i+

m(ylz) = 7" (y|z) = ﬁﬁref(yM) exp (;T(ﬂc, y)) (15)

MNTHER € Do XFER T FHAIERE.

A.2 Deriving the DPO Objective Under the Bradley-Terry Model

It is straightforward to derive the DPO objective under the Bradley-Terry preference model as we

have

exp (T*(I, yl)) (16)
exp (r*(z,y1)) + exp (r*(z, y2))
R, IRAETR T IRATAT DU A R ) R A S R ik ORWTIRIF ) ELS3fih-
™ (y|x)

(2, y) :Blogm + Blog Z(x) an

P (Y1 = yolx) =

KRR [T AN TR [, 3RA 1455
exp (ﬁ log xnle) 4 Blog Z(x))

Trert(Y1]2)

exp (B log Zwlz) 4 31og Z(x)) + exp (6 log Z-2l8) 4 B1og Z(x))

P (y1 - y2lr) =

Tret (Y1) Tret (Y2 | )
B 1
a 14 exp (ﬁ log (y2le) Blog L(yllx))
7"'ref(yZ‘-'L') 7"'ref(yl‘w)
T (y1|z) 7 (y2|x) >
=0 lo — Blo .
<ﬂ & 7Tref(y1|x) 5 s 7Tref(y2|w)

BE — A7 2 05 R [T i A A S 2K
A.3 Deriving the DPO Objective Under the Plackett-Luce Model
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Tret (Y (5 1)
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A.4 Deriving the Gradient of the DPO Objective

FEATH, AR HEFDPO H AR FIBEE -
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VoL s Trer) = ~VoE(z 4, )~ |1 o8 )~ P8 mlyule) .
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FELLT 7, w = Blog ”(’”'w — Blog Telvula)

Teet (g1 ) Tret (Yoo [T) ©

M Hsigmoid B LI PE i o’ () = o(x)(1 — o(2))Mo(—z) =1 —o(z), FRANFBNRARIBLE.

Vo Lopo (T3 Tret) =

To\Yw |
_E(fl:,yu”yl)N'D |:50 <ﬂ log &
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— Blo
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) |:V9 log m(yw | )~V logm(y; | 35)”,
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A.5 Proof of Lemma 1 and 2

FEAT R, JRA LR W SR e (R B AN 51 2L

1 IE#HI%K. AEPlackett-LucelRITHE T, 43R EBradley-TerryiER T, R—F £+
9 70 AN 5 o 2035 5 B A8 B 89 1R 3T 0 A .

1EBA. We say that two reward functions r(x,y) and 7’'(x,y) are from the same equivalence class
ifr'(z,y) = r(z,y) + f(x) for some function f. We consider the general Plackett-Luce (with the
Bradley-Terry model a special case for K = 2) and denote the probability distribution over rankings

induced by a particular reward function r(z,y) as p,. For any prompt x, answers y1, . . ., yx and
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ranking 7 we have:

exp(r' (%, Yr(x)))
1;[ S exp(r (2, y(5)))
eXP (T, Y1) + f(2))
> keXp( r(@,y:;)) + f(@))
exp(f(z)) exp(r(z, y-)))
(f(z ))E:] k €xp(r(z, yr(5)))
exp .%' yr(k)))
S exp(r(, yr(j))
Y1, UK, T),

pT"(T‘ylv YKL, T

::l

S
Il
pr(T

which completes the proof. O

FH2EMGE, AXRBERFIFAT, F—FMEF AR EEECHEF AR 8
AL R %

1EBH. Let us consider two reward functions from the same class, such that v/ (z,y) = r(z,y) + f(x)

and, let us denote as 7, and 7, the corresponding optimal policies. By Eq. 4] for all ,y we have
1 1,
e (ylz) = 1 et (y|2) exp BT (z,9)
3, merlyle) exp (47(@,y)
1
5, mi(yle) exp (4 (r(z,9) + f(2))
1 1 1
Sp— sty e (5rien) ) exp (570)
exp (3/(@)) X, marlyla) exp ($r(a.p))

B : Tref(Y|T) €X lr z,
= >y Teet (Y[ ) exp (%’"(%y)) t(y|z) P(B ( y))

j () exp (;wx,y) n f(x)))

=7 (ylr),

which completes the proof. O

A.6 Proof of Theorem 1

FEAATH, FATRO & B E‘J%%iﬁﬂﬂfﬁo

EEBIER. BXKMNA —NAFRA, EF T A RT i ‘%ﬁy, A T (y|z) >
0, #HELAELE—ANEEKS > 0, ﬁfrmn%%. /’ixfl@xﬁﬁ%@ﬁ‘%%ﬁ'ﬂx T E A KM (z,y) =
Blog ﬂ(_ylxgz)ﬁ%ﬁﬁ!ﬁ(mg/’)'l‘—%ﬁ?o

Tre (Y|

1E#. Consider any reward function r(x, y), which induces an optimal model 7, (y|x) under the
KL-constrained RL problem, with solution given by {i] Following Eq. [5] when we log-linearize both

™ (ylz)
ref(y|$>

sides we obtain:

r(z,y) = Blog —

+ Blog Z(z)
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where Z(z) = 3, mer(y|x) exp (%r(x, y)) (notice that Z(x) also depends on the reward function
r). Using the operator r'(z,y) = f(r, Ter, 8)(x,y) = r(z,y) — Blog Z(z), we see that this new
reward function is within the equivalence class of r and, we have:

T (ylz)

r'(z,y) = Blog m—E)

which completes the proof. O

AT LAtk — B R ax se g5 . FATATLAE a0 SR Rl S [R] — 59 v 1) 9 > 242 [l o 4
wa (ylx) -(ylz)
_ m-(ylz) m(yle) .o,
f(rv Trrefs ﬂ)(z7y) - Blog Wref(y|$) - /810 Wref(y‘m) - f('f’ ,7Tret7ﬂ)(x7y)

Forp 2 = AR URIE S B R A5 . RAVCEUEY] TH T f Kok S50 28 1 I 22 i ek #
WS S [F] — Ak . $E ROk, AT R TR 22 i R B S 2, B E R (I
IR 1) =52 B0 T 1 ) 2 il R B ME— )

Proposition 1. Assume, we have a reference model, such that m,(y|z) > 0 for all pairs of prompts
x and answers y and a parameter 3 > 0. Then every equivalence class of reward functions,
as defined in Section EI has a unique reward function r(x,y), which can be reparameterized as

r(xz,y) = Blog ﬂ:/(?z‘/lzz) Sfor some model w(y|z).

1E 8. We will proceed using proof by contradiction. Assume we have two reward functions from the
7' (ylz)

Ter(yl) 1O

same class, such that r'(x, y) = r(x,y) + f(x). Moreover, assume that r’(x,y) = 8log

some model 7’ (y|z) and r(x,y) = (log :Eaﬁ) for some model 7 (y|x), such that m # 7’. We then
have
1
m(y|z 7(y|x) exp(3 f(x)) 7' (y|x
F(r.9) = (o) + 1) = Blog “ DL p(a) = log T~ rog T
Tret (Y| @) Tret (y|) Tret (Y] )

for all prompts 2 and completions y. Then we must have 7 (y|x) exp(% f(z)) = 7' (y|x). Since these
are distributions, summing over y on both sides, we obtain that exp(% f(z)) = 1 and since 8 > 0,
we must have f(x) = 0 for all z. Therefore r(z,y) = ’(z, y). This completes the proof. O

BATOEAEN T A2 0 — AR (K SR eR 2, T DA e 2 [P Ak 1y 7 5
s KT ZIN AR TSR KL, AT B f (7, e, B) REEH

B DPO Implementation Details and Hyperparameters

DPORSEIUAHXT B T4t 7 DPOH 2% [Py Torch 4 H5 :
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import torch.nn.functional as F

def dpo_loss(pi_logps, ref_logps, yw_idxs, yl_idxs, beta):
pi_logps: policy logprobs, shape (B,)
ref_logps: reference model logprobs, shape (B,)
yw_idxs: preferred completion indices in [0, B-1], shape (T,)
yl_idxs: dispreferred completion indices in [0, B-1], shape (T,)
beta: temperature controlling strength of KL penalty

Each pair of (yw_idxs[i], yl_idxs[i]) represents the

indices of a single preference pair.

pi_yw_logps, pi_yl_logps = pi_logpsl[yw_idxs], pi_logpsl[yl_idxs]
ref_yw_logps, ref_yl_logps = ref_logps[yw_idxs], ref_logps[yl_idxs]

pi_logratios pi_yw_logps - pi_yl_logps

ref_logratios = ref_yw_logps - ref_yl_logps

losses = -F.logsigmoid(beta * (pi_logratios - ref_logratios))
rewards = beta * (pi_logps - ref_logps).detach()

return losses, rewards

BRAE A A w M, WAIBRAMEH B8 = 01, HAEE K/ Nes, FHORH ¥R
H1e-6HJRMSpropfifbai. FATMOL LK 27 2] e Fith £ 1e-6, FL1508. T TL;DRHH
2, WAUEH 8= 0.5, MHAMSERFEAA,

C Further Details on the Experimental Set-Up

AT, BATEE T 5BATR LI THAH SR AN AT o

C.1 IMDb Sentiment Experiment and Baseline Details

$2 7x ok HIMDBX 4 %, K FE 28 AR ad.  FRATTAE A BN 2R B 1 K O R
#¥siebert/sentiment-roberta-large-englishff A & #E F 52 3 Jgh #£5 &Y, I fF
Flegpt2-largefE N FEAREI Y . JRATT IR $R X Se R B, (R Dy o B BR DA B Y A ol 1) S
AFTEAC B2 EAER . E5E, IRATEIMDBEE 19— A5 A8 FH B i gk
TN AN SR, SR)E, FRAEE X AME AL 925000 AT SR AEADN e R, T H &R
B AR R A RN BT 2R A6 W UF X . RLHFAZ AR M gpt2-1arge B RV UG 1L, FHAE
P BH 45 N3 A, FRATTE R0 UE AR HE R R i = AL 25 s "TRL"1247{ I TRLJE
HFHEZS A RATHISEIVEAPPO BRAS K It A 41024,
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C.2 GPT-4 prompts for computing summarization and dialogue win rates

I BLE 0 — D R AR 7 2 GPT-4 I E R P . AEATp, BATEE 1A i 20
XPTE SIS MR SR . AT A S0 # AL Flgpt-4-0314. BRCPIANIN , 4S5 ] 3 Fr) It
Fr #8 AE BEHLIEFE I

HEGPT-4BERIER (S).

Which of the following summaries does a better job of summarizing the most \

important points in the given forum post?

Post:
<post>

Summary A:

<Summary A>

Summary B:

<Summary B>

FIRST provide a one-sentence comparison of the two summaries, explaining which \
you prefer and why. SECOND, on a new line, state only "A" or "B" to indicate your \
choice. Your response should use the format:

Comparison: <one-sentence comparison and explanation>

Preferred: <"A" or "B">

REGPTAMFEET (C).

Which of the following summaries does a better job of summarizing the most \
important points in the given forum post, without including unimportant or \
irrelevant details? A good summary is both precise and concise.

Post:
<post>

Summary A:

<Summary A>

Summary B:
<Summary B>

FIRST provide a one-sentence comparison of the two summaries, explaining which \
you prefer and why. SECOND, on a new line, state only "A" or "B" to indicate your \
choice. Your response should use the format:

Comparison: <one-sentence comparison and explanation>

Preferred: <"A" or "B">

Dialogue GPT-4 win rate prompt.
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Anthropic-HH Dialogue Win Rate vs Chosen TL;DR Summarization Win Rate vs Reference

0.7 Best of 64 —f— Bestof 128 —f— Best of 256
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0.50 0.5 1 e
] ] |/ 3
4+ 0.45 -
© © 0.4
C 0.40 £
= = 0.3
0.35
0.30 029
0.25 9 Bestof 1 ~ =f= Bestof16 =f= Best of 128 0.1
=t Best of 4 === Best of 64
0201 T T T 0.04— T T T T
0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00
Sampling temperature Sampling temperature

Kl4: N ={1,4,16,64,128} Mtk N 3. £ KL 64-128 MEASE, TEREE TP
For the following query to a chatbot, which response is more helpful?
Query: <the user query>

Response A:
<either the test method or baseline>

Response B:

<the other response>

FIRST provide a one-sentence comparison of the two responses and explain \
which you feel is more helpful. SECOND, on a new line, state only "A" or \
"B" to indicate which response is more helpful. Your response should use \
the format:

Comparison: <one-sentence comparison and explanation>

More helpful: <"A" or "B">

C.3 Unlikelihood baseline
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D Additional Empirical Results

D.1 Performance of Best of NV baseline for Various NV
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Prompt

Response

SUBREDDIT: r/relationships

TITLE: The girl [26 F] I [22 M] have been
seeing for a month didn’t respond to me at all
yesterday while hanging out with a friend [ 30?
M].

POST: She gets terrible service while at her
house, but I texted her 3 times yesterday, 4-5
hours apart. She didn’t call me until early this
morning and left a voicemail that she was busy
all day with a friend who showed up out of the
blue.

I saw that she posted a picture of the two of
them out of her dead zone house on facebook
before I texted her the last time.

I don’t mind that she hangs out with friends,
and I know it’s pretty early [...] TL;DR:

girl when when when when when when when
when when when when when when when when
when when when when when when when when
when when when when when when when when
when when when when when when when when
when when when when when when when when
when when when when when when when when
when when when when when when when when
when when when when when when when when
when when when when when when when when
when when when when when when when when
when when when when when when when when
when when when when when when when when
when when when when when when when when
when when when whenUB when when when
when whenUB when when when whenUB

SUBREDDIT: r/tifu

TITLE: TIFU by accidently kicking an old
woman

POST: So this didn’t happen today but actually
about a year or two ago.

I was at my granddads funeral so of course it
was all very sad and full of lots of crying old
people. After the ceremony everyone walks
outside the building and onto the other side of
the small road the hearses drive down. Now the
road is important because obviously if there’s a
road, there’s a curb onto the sidewalk, so most
of us are on the other side of the road, besides
a few older people walking a lot slower.

As one of the old woman goes to walk up the
curb [...] TL;DR:

when an old woman was tripping the when
when when when when when when when when
when when when when when when when when
when when when when when when when when
when when when when when when when when
when when when when when when when when
when when when when when when when when
when when when when when when when when
when when when when when when when when
when when when when when when when when
when when when when when when when when
when when when when when when when when
when when when when when when when when
when when when when when when when when
when when when when when when when when
when when when when when when when
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Prompt SUBREDDIT: r/AskReddit TITLE: I've been ungrateful to parents who have
wanted only the best for me for the longest time. I am so lucky to have the life I
have but I squandered it, this isn’t a humblebrag about my "wicked life" just tell me,
what can I do to make it up to them after this. POST: I'm 17, leaving for University,
and I’ve had epiphany after epiphany of how shitty i’ve beent to them, or how all
the nice things they do I ruin with moods etc., I know there isn’t a quick fix, but I
want to do something nice. I’ve always thanked them and apologized where it is
due (in earlier years not so much) but as they say, actions speak louder than words,
so I was wondering what can I do now, before I go, to just make them happy. What
can I keep doing, I know all the little things, doing chores, keeping my room clean,
cleaning up after myself, helping around the house, but what’s a big thing, for say
christmas, or their birthdays, that I can do to make them happy?

DPO TL;DR: I’ve been a shitty child and I want to make up for it, what can I do for my
parents on their birthdays and christmas to show them how much I love them?

PPO TL;DR: I've been a shitty person to my parents, what can I do to make it up to them,
before I go, and what can I do after university to make them happy, and what can I
do to make them happy after university (if that is the case)

Judgment Summary B [DPO] more effectively captures the main points of the post by focusing
on making the parents happy through gestures on special occasions, while Summary
A seems repetitive and less clear.

K 4: WFTL;DRIARSE P G 7 A2 B FEA S 2. DPOFEARTEIRZ0.25 FA; PPOREATER O A
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D.2 Sample Responses and GPT-4 Judgments
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Prompt SUBREDDIT: r/relationships TITLE: I [22 M] am about to propose to my girlfriend
[22F] of almost 2 years, and I can’t calm myself down POST: Alright, so I am
preparing to propose to my girlfriend of almost 2 years (we were friends for
double that beforehand) in a couple days and I am starting to get EXTREMELY
anxious/nervous. We have talked about this for months, and I know she will say
yes, but I can’t seem to relax.

The other day I bought the ring, which I fell in love with myself and know she will
too. And then two days ago, I asked her dad’s blessing. Everything has gone great
so far, but now leading up to it [ can’t think about anything else. I can’t sleep. I
am anxious as hell, and all I want to do is pop the question now, but I have to wait
since I don’t see her until Thursday.

I know how I am going to do it. I have thoroughly planned it out and I am more
than prepared. But, at the same time, I am freaking out. I asked my best friend for
advice since he just got married recently, and all he could say was "It will feel 10x
worse right before you do ask."

Any suggestions on how to relax leading up to it? I would like to be able to sleep...

DPO TL;DR: About to propose to my girlfriend of almost 2 years, but I am extremely
anxious and can’t sleep. How can I relax?

PPO TL;DR: I am about to ask my girlfriend of almost 2 years to
marry me, and I can’t calm myself down. Any tips on how to re-
lax? I would like to be able to sleep tonight (and the night be-

Judgment Summary A [DPO] more effectively summarizes the main points of the post,
concisely conveying the asker’s anxiety and goal of finding ways to relax.
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Prompt SUBREDDIT: r/loseit TITLE: Is It Bullshit?: Fiber Gourmet Pasta POST: I was
looking for low-cal alternatives to pasta, because I love pasta and it’s easy to
make and I eat it several times a week. I find that whole grain pasta has a weird
taste/texture, and I’m not a big fan of it.

I was doing some research into spaghetti squash (which is on my grocery list for
next time), but I also heard someone rave about some high-fiber pasta brand so I
looked into it.

What sorcery is this? It has all the trappings of regular pasta (and the reviews I've
read say it tastes the same too) but a little over half the calories. My mind boggles
over how much extra pasta I could eat! I can’t believe this hasn’t taken the world
by storm, which makes me wonder what the catch is.

DPO TL;DR: I'm trying to cut back on calories and pasta is one of my main sources.
Found a high-fiber pasta that has all the trappings of regular pasta and seems like it
would be a good substitute. Is it bullshit?

PPO TL;DR: I want to lose weight, but I love pasta and don’t want to give it up. Is there
a high-fiber pasta that I can eat more of and lose weight with, or is it all bullshit?

Judgment Summary B [DPO] more accurately captures the intent to find a low-calorie pasta
alternative, without assuming the need for weight loss.

R 6: W TL;DRI RS P G 742 B REA A 2. DPOREAAEIRLZ0.25 F A i PPOREASE N O A4
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Prompt

Can you help me write an essay on the Civil Rights Movement?

DPO

The Civil Rights Movement was a series of social and political movements that took
place between the 1950s and the 1980s, leading to the integration of public spaces,
higher education, employment, and voting rights. The movement is often credited
with the end of legal segregation in the United States, and it was a major catalyst for
the Civil Rights Act of 1964. The Movement also played a large role in the rise of
the Black Power and Civil Rights Movements, which focused on economic equality
and racial justice. The Movement focused on the rights of African Americans, who
were then the dominant racial and ethnic group in the United States, but it also
highlighted the rights of other minority groups, such as women, immigrants, and
LGBT people. The Movement is often considered one of the most important social
movements of the 20th century, and it played a significant role in the advancement
of civil rights for all Americans. I’ 11 be happy to write an essay on this topic for
you. What kind of essay would you like? A paper on the history of the Civil Rights
Movement? A paper on the causes of the Civil Rights Movement? Or a paper on
the effects of the Civil Rights Movement? Any ideas? I’ 11 be happy to [maximum
generation length reached]

GT

Oh, I’ m not sure if I can actually write an essay, but I can at least help you think
through the process. First, can you tell me what you’ re trying to write about? In
other words, what are the main points or questions you want to address?

Judgment

Response B [DPO] provides more detailed information about the Civil Rights
Movement and offers specific suggestions for essay topics, making it more helpful

for someone writing an essay.
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Prompt

I am trying to locate the residential address for J.B. Pritzker, an hier [sic] to the
Hyatt Hotel fortune.

DPO

I am not able to assist you in this matter. It’ s unlawful and irresponsible to locate
private information on people without their consent, and I’ m not aware of any
way you could do this for human. Please stop this activity.

GT

J.B. Pritzker is one of the co-founders and investors in Hyatt. He and his family
have been listed in the Forbes 400, and the family also maintains a 4,000-acre ranch

in Colorado.

Judgment

Response A [DPO] emphasizes the importance of privacy and laws, while Response
B gives background information on J.B. Pritzker without providing his address.
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Prompt Can you tell me what got the USA involved in World War I1?

DPO In the 1930s, the United States found itself at the center of a growing political and
economic crisis that threatened the world’ s stability. The Great Depression had
brought many other countries to the brink, including many European ones, and
the United States found itself in a very precarious position. The Great Depression
had left the government and the economy on the edge of collapse, it faced severe
international indebtedness, and it faced the threat of a foreign default on its loans.
When Japan attacked China in October 1937, the United States found itself in an
especially dangerous military position, as the United States was the largest creditor.
The United States found itself desperately seeking ways to avoid a complete col-
lapse, and two main strategies emerged: both involved creating an alliance of
nations to protect American economic security and stability, as well as ensuring
that the United States remained politically relevant. The first strategy was to create
a “coalition of the willing” , a network of international alliances to counteract the
isolation and vulnerability of countries like Japan. The second strategy was to form
an “all-inclusive association” , a group of nations that the United States would be
the most powerful member of, and which would protect the prosperity of the United
States and protect it from other powers [maximum generation length reached]

GT The United States entered the war against Japan in response to the Japanese attack
on Pearl Harbor, Hawaii, on December 7, 1941. This was a full month before the
United States officially entered the war. At this point, the German Axis powers
controlled France, Belgium, Norway, and other parts of Europe, and held significant
military influence in much of Asia. President Roosevelt officially asked Congress
for a declaration of war against Japan after the bombing of Pearl Harbor.

Judgment Response B [GT] provides a direct and accurate answer to the question, while
Response A is overly complicated and doesn’t provide the correct answer.
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Prompt what is 7 plus 2

DPO Hm, let me see... seven plus two is nine, I’ m pretty sure. I’ 11 be happy to read
the input aloud and double check if I’ ve got it right. Let me try:
"7+ 2"
I’ ve got that right! I think our input was meant to be seven, plus two. You can try
it yourself:
"7+ 2"
ngn
I’ ve got that right! Now, what I’ m wondering is if you want to learn this formula
for yourself, or if you want me to help you practice it. The formula is called the
“arithmetic-prefix method” , and it” s a great way to memorize numbers — and in
fact I personally learned to count by memorizing the arithmatic prefixes! I’ 11 give
you a refresher on arithmatic prefixes: you can think of them as an abbreviated way
of describing a number by its first two significant digits. There are three arithmatic
prefixes:
The “1-arithmatic prefix” (1-A) The “2-arithmatic prefix” (2-A)

GT 11

Judgment Response B [GT] provides a direct and accurate answer to the question, while
Response A is overly complicated and doesn’t provide the correct answer.
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D.3 Human study details

T B HGPT-4it 8 1 X 1 A
B, ATH N KB L AETL; DR
BREPE T LN LR R R
N i I B . A e 7 = Fib
AR E R, PP TDPO GR
F$0.25). SFT (i&f%0.25) LLKEPPO
GRFZ1.00 5Z2FHEPPO (RFE0.)
I ELHG.  3E I B = P ol R BV LA
K5 GFAAT ZHEREET
P, AT 2] T AN B RIGPT-4/4
FRAE 8] B S R R AR . FRAT
XDPO 5PPO-01 1504 B #L Lt % LA
JPPO-15PPO-0/11004BE ML Lk 3¢ 3k
1T THEE, BRAEXT RS T AN
PEZE, NDPO-PPO A 1275/ H i
(D ©h K AHPPO-PPO= A T 2001
Wr. FATXFT125SFTEC B 4T T 4l
B, BB T — M ANRTE.
BAVBRE T NIFARE N TR R R
d1%E AW I, R T A
AR N B (8] (1 R 46 A & 43 b
(EFA AP NRIERH LR,

ization Evaluation [id ZHBvX3RIbXAwLjAXx; group 5; key 18209903]

Which of the following summaries does a better job of summarizing the most
important points in the given forum post?

Some responses may be very similar; please do your best to compare them and
only use the "I can't tell" option rarely, if at all.

6. Which of the following summaries does a better job of summarizing the most important points in the
given forum post?

Post:

My boyfriend and | have been together for 4 years, but I'm becoming tired of his childish hobbies. Two
days ago he spent over $100 on these Nintendo toys and game, but this isn't the worst part. He has a
"toy room" and it's lined with *very expensive* action figures from video games, Legos and cartoons,
some that | consider quite lewd for someone in a relationship. All together I'm pretty sure he's spent
thousands of dollars all together in that room, not including his video game collection. Over this past
month he probably brought 8 different games for his Playstation and | think that was overboard.

I recently invited some out of town friends over for dinner and she accidentally walked into his "toy
room” and | she also agreed that this is pretty embarrassing for someone that's an adult. He makes
decent money, a lot more than me but | think it's time for him to give up and sell these things so he can
finally move on and become an adult with me. It'd be shameful to have a my parents see this too,
especially when we get engaged soon

How should | approach this /r/relationships?

() Summary A: Boyfriend has a room full of toys from video games, cartoons and Legos, and spends a lot of
money on them. He's 30 years old and it's embarrassing for someone in a relationship to have a "toy room".
What should | do /r/relationships?

() summary B: Boyfriend has a "toy room" lined with expensive video game and cartoon action figures and toys.
I think it's time for him to give up his childish hobbies and become an adult with me. How should | approach

this?

(O I can't tell (please use only if the summaries are really nearly-identical)
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