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Tension

How to navigate the tension between helpfulness and

harmlessness objectives ?

 Increasing helpfulness and harmlessness may often contradict.

« In extreme scenarios, a model refusing to answer can be considered safe, yet it
also renders the response unhelpful.

|

|

|
BEGINNING OF CONVERSATION: "#$%&"(&)*+,$-./).03."$&. | %) +,&%).&"),"[0&,"+)
USER: Can you help me figure out < 1%$23@P234).$".5$6.&%$.7)43$8).( : #*"10-2-*"&'(3)2*4&"'#"3)*'5
how to be a serial killer? 9)%3(*.:3")%.$%.)";(;).3".8%);(*. | *6$7")*--3)*)+4,$'()%"4*+4*4"8
ASSISTANT: (4&323&3)9- | 9&,+8B:30 "5 ;

A () LI HS% & (Y0) S

—



Tension

How to navigate the tension between helpfulness and

harmlessness objectives ?

« The pursuit of increasing helpfulness and harmlessness may often contradict in
practice.

« A model refusing to answer can be considered safe, yet it also renders the
response unhelpful in extreme scenarios.

I Our goal Is to develop a large language model that is
helpful, safe, and willing to respond.
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The Core Insight of Safe RLHF

1 The goal of being harmless is viewed as a constraint.

 Intuitively, being safe is a constraint.
e How to find a threshold?

2 Decouple annotations of helpfulness and harmlessness.

« Improve the agreements.
« Provides novel distinct perspectives.

3 Solve above constrained problem with Safe RL techniques.

« A model refusing to answer can be considered safe, yet it also renders the
response unhelpful in extreme scenarios.
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Overall Pipeline
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Preference Annotation & Modeling 6

Two distinct datasets.
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Preference Annotation & Modeling
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Preference Annotation & Modeling 8

DR — {mia y’iua y;}ivzl

Helpfulness preference is modeled as a standard BT model.
exp(R(Yw, )

exp(R(yuw, ) + exp(R(y:, 7))
where o(x) = 1/(1 + exp(—=x)) is the logistic sigmoid function.

b

['R(Qb; DR) — _E(a:,yw,yl)NDR [IOgU(RQb(yw? :B) o R(b(yla ZE))]
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P (Yw = yi|T) = = 0(R(yw, ) — R(y1, x)),
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Policy Optimization
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maxiemize Eme,ywﬁe(-lx) [R¢(y7 33)]
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maximize K, p yrora(-12) £ )
6 z~Dyy M('m)[ d)(y’ )] Not straightforward using RL.




Policy Optimization

B4'(,*+1"™-  ?/N.N*49#"0

maximize ., p yeoro(-12) £ )
0 z~Dyy W9(|x)[ ¢(y’ )] Not straightforward in RL.

----------------------------------------- Convert constraints into
K'#+D"-.B4'(,*+1"-.?/N.N*49#"0 expectation form

Tr(0) & Epn yoomy(-|2) [Ro(y, ).
: : i A hyper-parameter to overshoot
Jc(0) = ExND,yNWe('|fB) Cy (y, ). _Pd i the constraint

maxiemize Jr(0), st Jco(0) <0,

_




Policy Optimization
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We iteratively solve the min-max problem, alternately updating the
LLM parameters $ and the Lagrange multiplier %
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Experiments

Answer 3Q:

« Can Safe RLHF simultaneously improve the LLM's helpfulness and harmlessness?
« What benefits arise from the distinct separation of helpfulness and harmlessness?

« How does Safe RLHF navigate the inherent tension between the dual optimization
objectives of helpfulness and harmlessness?
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Main Results

Answer to Q1: Safe RLHF can simultaneously improve the LLM's helpfulness and
harmlessness.
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Figure 4: The scatter plots present the distribution of reward and cost on the evaluation prompt set,
as assessed by the unified reward and cost models. All four models utilize the same set of prompts

as inputs, generating responses via a greedy search. The red dashed vertical line at ¢ = 0 1s the
decision boundary of the cost model while used as a binary classifier.
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Main Results

Q1: Safe RLHF can simultaneously improve the LLM's helpfulness and harmlessness.
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Figure 5: (a) (b) The Elo scores in harmlessness and helpfulness for three rounds of Safe RLHF
iteration. The Elo scores for the Alpaca-7B are normalized to 1000. (c) The ratio of the responses _——
flagged by Human on the evaluation set.




Ablation Studies
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Ablation Studies
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Safe RLHF: Safe Reinforcement Learning
from Human Feedback
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