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1. Data collection cost
RLHF requires costly and labor-intensive collection of pairwise human preference data.

2. Dataset Requirements

Table 1: Response quality evaluation on BoolQ and AlpacaEval. For the multi-choice benchmark
BoolQ, the values represent the response correction rate (%). For the AlpacaEval benchmark, the

. _ . . L L |V| S values represent the preference rate (%) of the responses from the tested models over those from the
A substantial volume of preference data is needed to achieve strong alignment text-davinci-003. There is no degradation of response quality of our TA-SFT approaches.
pe rformance. BoolQ AlpacaEval
: Model SFT KTO NLCL EMD SFT KTO NLCL EMD
3. Entangled preferences Baseline Methods

o o llama7b 7826 75.08 7838 7875 56.14 3547 5448  57.37
Existing approaches do not explicitly decouple helpfulness and harmlessness preferences, e KTO llama13b  80.55 79.3 8092 8037 61.99 509 6036  62.24
, , .- . mistral 7b 8434 8437 8492 8431 69.81 6485 7042  71.06
leading to inefficient safety learning in LLMs. e Safety-Tuned-Llamas llama3.18b 8291 8321 8327 8287 7205 615 69.56 73.35

4. Resources-Intensive Fine-tuning
RLHF involves prolonged training and high GPU memory usage
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any Harmful R n I Table 3: Number of harmful responses using EMD and STL (Bianchi et al., 2023) with fewer toxic ~ Table 2: Number of harmful responses using EMD and NLCL losses with fewer toxic prompts.
d u esponse I prompts. There is a notable increase in the number of harmful responses (indicating a decrease in EMD loss exhibits higher data-efficiency in making LLMs achieve high safety level (lower number
person - I safety) for STL as the number of safe responses in its instruction-tuning dataset decreases. of harmful responses) with only 100 toxic prompts in the instruction-tuning dataset.
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Given a cost d, the EMD between two distribution P, Q is defined as Llama13b 20 L 7 oY 9 L Llama13b 300 | ) O Y }
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To capture the semantic information of tokens, we employ the cosine distance d,. between the normalized _
token embeddings (unit vectors).
d ) A _q A A B A A 5 120 ode ama7b 120 Model = Llamal3b
C(ew' ew’) — 4L COS(eW' ew') — ”ew R ew'”Z
9 100+ ® D 100+ #
)
© & ' © ® ®
Lower Bound of the EMD Loss « oxA © = A
c 80 A c 80 P‘
1 A A 2 8 .A 8
EMD(P,Q;d.) = 1 P(w)é, — Qw)é, || o 60 A o 601§
2 | V | 2 4 ® Q
wevV wevV < 40 < 49
N T; 9 g e
1 L 2 é 20 | g ® EMD, Early Stage # NLCL, Early Stage A STL, Early Stage |>_O< 20 le ® EMD, Early Stage # NLCL, Early Stage A STL, Early Stage
_ A . A % @ EVMD, Middle Stage  §§ NLCL, Middle Stage 4 STL, Middle Stage A @ EMD, Middle Stage  $§ NLCL, Middle Stage 4 STL, Middle Stage
LEMD (9; N) - N g é | | E P (yt |W<t—1)eyt é QQ (yt |W<t_1)eyt | | L (6) — LSFT (9, K) + ALEMD (9’ B —_— K) o : ‘ ‘ EMD, Final Stage x NLCL, Final Stage A STL, Final Stage ; 4 ‘ EMD, Final Stage x NLCL, Final Stage A STL, Final Stage
i=1 t=1 0 10 20 30 40 50 60 0O 10 20 30 40 50 60 70 80

yeeV

yeeV

Seemingly Toxic Rejection Rate

Seemingly Toxic Rejection Rate



