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Limitations:
&3 Hard to formalize human preferences through labels
©) Labeled datais expensive



3/18
Reinforcement Finetuning of LMs

Limitations of SFT led to wide adoption of a reinforcement learning-based approach
(e.g. Ziegler et al. 2019, Stiennon et al. 2020, Ouyang et al. 2022, Bai et al. 2022, Dubois et al. 2023, Touvron et al. 2023)



3/18
Reinforcement Finetuning of LMs

Limitations of SFT led to wide adoption of a reinforcement learning-based approach
(e.g. Ziegler et al. 2019, Stiennon et al. 2020, Ouyang et al. 2022, Bai et al. 2022, Dubois et al. 2023, Touvron et al. 2023)

Reinforcement Finetuning (RFT)
Maximize reward over unlabeled inputs via policy gradient algorithms

reward function r(x,y)



Reinforcement Finetuning of LMs

Limitations of SFT led to wide adoption of a reinforcement learning-based approach
(e.g. Ziegler et al. 2019, Stiennon et al. 2020, Ouyang et al. 2022, Bai et al. 2022, Dubois et al. 2023, Touvron et al. 2023)

Reinforcement Finetuning (RFT)
Maximize reward over unlabeled inputs via policy gradient algorithms

reward function r(x,y)

Expected reward for input x: Vy(x) = Ey p, (1x) [7(%, )]

3/18



Reinforcement Finetuning of LMs

Limitations of SFT led to wide adoption of a reinforcement learning-based approach
(e.g. Ziegler et al. 2019, Stiennon et al. 2020, Ouyang et al. 2022, Bai et al. 2022, Dubois et al. 2023, Touvron et al. 2023)

Reinforcement Finetuning (RFT)
Maximize reward over unlabeled inputs via policy gradient algorithms

reward function r(x,y)

Expected reward for input x: Vy(x) = Ey p, (1x) [7(%, )]

Reward function 7(x,y) can be:

3/18



Reinforcement Finetuning of LMs

Limitations of SFT led to wide adoption of a reinforcement learning-based approach
(e.g. Ziegler et al. 2019, Stiennon et al. 2020, Ouyang et al. 2022, Bai et al. 2022, Dubois et al. 2023, Touvron et al. 2023)

Reinforcement Finetuning (RFT)
Maximize reward over unlabeled inputs via policy gradient algorithms

reward function r(x,y)

Expected reward for input x: Vy(x) = Ey p, (1x) [7(%, )]

Reward function 7(x,y) can be:

0a®
€@® Learned from human preferences

3/18



Reinforcement Finetuning of LMs

Limitations of SFT led to wide adoption of a reinforcement learning-based approach
(e.g. Ziegler et al. 2019, Stiennon et al. 2020, Ouyang et al. 2022, Bai et al. 2022, Dubois et al. 2023, Touvron et al. 2023)

Reinforcement Finetuning (RFT)
Maximize reward over unlabeled inputs via policy gradient algorithms

reward function r(x,y)

Expected reward for input x: Vy(x) = Ey p, (1x) [7(%, )]

Reward function 7(x,y) can be:

& Learned from human preferences ©OA Tailored to a downstream task
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STDyp, (1% [7(x%,y)] — reward std of x under the model

Theorem O Expected gradient for an input
2/3 vanishes when reward std is small,
IVoVo(x)|| = O(STDywpe(-lx) (%, y)] ) even if reward mean is suboptimal

*Same holds for PPO gradient

Proof Idea: Stems from use of softmax + reward maximization objective

Note: Bound applies to expected gradients of individual inputs (as opposed to of batch/population)

Can be problematic when finetuning text distribution differs from pretraining
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Large output space in language generation === challenge of exploration
(e.g. Ranzato et al. 2016, Choshen et al. 2020)

===) challenge of accurately estimating VyVp(x)

Q: Does the difficulty of RFT to maximize reward stem from
vanishing gradients or just insufficient exploration?

® We address Q via controlled experiments and theoretical analysis
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O RFT struggles to maximize reward for inputs with
small reward std despite perfect exploration
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Inadequacy of Common Heuristics

Vanishing gradients in RFT are resilient to common heuristics:
* Increasing learning rate )

 Adding temperaturetologits > Expected to help? x

* Entropy regularization J

Results: As expected, no improvement to the reward of RFT



Inadequacy of Common Heuristics

Dataset: NarrativeQA

Train Reward Test Reward
RFT 0.101 £ 0.009 8.116 -+ 0.900
SFT + RFT 0.537 + 0.005 0.544 + 0.003
RFT with learning rate 2 - 10~° 0.012 = 0.010 0.020 £ 0.017
RFT with learning rate 2 - 104 0.053 £+ 0.010 0.048 + 0.016
RFT with learning rate 2 - 1073 0.039 £ 0.018 0.012 £ 0.020
RFT with temperature 1.5 0.077 £ 0.021 G118 =+ 0002
RFT with temperature 2 0.060 £+ 0.018 0.104 £ 0.009
RFT with temperature 2.5 0.044 4+ 0.004 0.088 + 0.009
RFT with entropy regularization 0.01 0.080 £+ 0.006 0.113 £ 0.002
RFT with entropy regularization 0.1 0.024 4+ 0.005 0.019 = 0.007
RFT with entropy regularization 1 0.011 4+ 0.000 0.013 &+ 0.010

"With default hyperparameters: learning rate 2 - 10~%, temperature 1, entropy regularization 0

15/18



Initial SFT Phase Mitigates Vanishing Gradients in RFT

Common practice is to perform initial SFT phase before RFT (eg. Ouyangetal.2022)



Initial SFT Phase Mitigates Vanishing Gradients in RFT

Common practice is to perform initial SFT phase before RFT (e.g. Ouyangetal.2022)

Observation - Initial SFT phase reduces number of inputs with small reward std



Initial SFT Phase Mitigates Vanishing Gradients in RFT

Common practice is to perform initial SFT phase before RFT (eg. Ouyangetal.2022)

Observation - Initial SFT phase reduces number of inputs with small reward std

NarrativeQA
(train)

Reward Mean
o o o =
o > ® o

=
o

Pretrained Model

=
N
1

(I) 1000 20I00 30I00 40I00 50I00
Sample Order (by pretrain reward std)

o 1000 2000 3000 4000 5000
Sample Order (by pretrain reward std)

0.30

(@]
s
Reward STD

0.10

0.00

16/18



Initial SFT Phase Mitigates Vanishing Gradients in RFT

Common practice is to perform initial SFT phase before RFT (eg. Ouyangetal.2022)

Observation - Initial SFT phase reduces number of inputs with small reward std

NarrativeQA

(train)

Pretrained Model

Reward Mean
=} o o -
~ o ® o

-
[N

=
o

(I) 1000 20I00 30I00 4OI00 50I00
Sample Order (by pretrain reward std)

O Importance of SFT in RFT pipeline: mitigates vanishing gradients

0 1000 2000 3000 4000 5000
Sample Order (by pretrain reward std)

0.30

(@]
s
Reward STD

0.10

0.00

16/18



A Few SFT Steps on a Small Number of Samples Suffice



17/18

A Few SFT Steps on a Small Number of Samples Suffice

Limitation of initial SFT phase - Requires labeled data @)



A Few SFT Steps on a Small Number of Samples Suffice

Limitation of initial SFT phase - Requires labeled data @)

Expectation - If SFT phase is beneficial due to mitigating vanishing gradients for RFT



A Few SFT Steps on a Small Number of Samples Suffice

Limitation of initial SFT phase - Requires labeled data @)

Expectation - If SFT phase is beneficial due to mitigating vanishing gradients for RFT
m=m) A few steps of SFT on small # of labeled samples should suffice



17/18

A Few SFT Steps on a Small Number of Samples Suffice

Limitation of initial SFT phase - Requires labeled data @)

Expectation - If SFT phase is beneficial due to mitigating vanishing gradients for RFT
m=m) A few steps of SFT on small # of labeled samples should suffice

RFT After Partial SFT Reward
RFT After Full SFT Reward

(7p]
o
= 98 0.96 1.01 1.01 1.01 1.02 1.00
© m— wv -
© C
= S 3 0.95 1.00 1.00 0.99 0.99 1.01
< ©
o N g 0.96 0.99 0.99 0.98 0.98 0.99
-
Q —
> =9 0.96 0.96 0.96 0.95 0.96 0.96
'g @)
- R
o} (0)p)]
Z 5 o 0.60 0.63 0.62 0.60 0.59 0.63
X
1 20 40 60 80 100

% of SFT Samples



17/18

A Few SFT Steps on a Small Number of Samples Suffice

Limitation of initial SFT phase - Requires labeled data @)
Expectation - If SFT phase is beneficial due to mitigating vanishing gradients for RFT
m=m) A few steps of SFT on small # of labeled samples should suffice

RFT After Partial SFT Reward
RFT After Full SFT Reward

wn
o
= 28- 09 1.01 1.01 1.01 1.02 1.00
© — wn -
© C
_t, o = 0.95 1.00 1.00 0.99 0.99 1.01
< ©
0 N 8 0.96 0.99 0.99 0.98 0.98 0.99
&
Q =
2 52 0.96 0.96 0.95 0.96 0.96
+ @)
R T
o} (Vp)]
Z 5 S 0.60 0i63 0.62 0.60 0.59 0.63
X
1 20 40 60 80 100

% of SFT Samples



17/18

A Few SFT Steps on a Small Number of Samples Suffice

Limitation of initial SFT phase - Requires labeled data @)
Expectation - If SFT phase is beneficial due to mitigating vanishing gradients for RFT

m=m) A few steps of SFT on small # of labeled samples should suffice

RFT After Partial SFT Reward
RFT After Full SFT Reward

2]

o
= 38- 096 1.01 1.01 1.01 1.02 1.00
o wn -
© c
+ S S . 1.00 1.00 0.99 0.99 1.01
< (U [ [ [ ]
g §£8.°%2%° %® 0% 0% 0% 059 O The initial SFT phase does not need
) =
> R 0.96 0.96 0:95 0.96 0.96 H |
£ §° to be expensive!
E LR
o} wn
Z S S 0.60 0.63 0.62 0.60 0159 0.63

=

1 20 40 60 80 100

% of SFT Samples



. 18/18
Conclusion



Conclusion

Expected gradient for an input vanishes in RFT

VoVe(x) 20 it input’s reward std is small



Conclusion

Vo Vo(x) ~ 0 Expected gradient for an input vanishes in RFT
oY o=, ™ if the input’s reward std is small

n Experiments + theory: vanishing gradients in RFT are
prevalent and detrimental to maximizing reward



Conclusion

Expected gradient for an input vanishes in RFT

VoVe(x) 20 it input’s reward std is small

n Experiments + theory: vanishing gradients in RFT are
prevalent and detrimental to maximizing reward

(} Initial SFT phase allows overcoming vanishing
@/ gradients in RFT, and does not need to be expensive



Conclusion

Expected gradient for an input vanishes in RFT

VoVe(x) 20 it input’s reward std is small

n Experiments + theory: vanishing gradients in RFT are
prevalent and detrimental to maximizing reward

(} Initial SFT phase allows overcoming vanishing
@/ gradients in RFT, and does not need to be expensive

!

® Reward std is a key quantity to track for successful RFT



Conclusion

T,
hank v,
Vo Vo(x) ~ 0 Expected gradient for an input vanishes in RFT | u.
oY o=, ™ if the input’s reward std is small
n Experiments + theory: vanishing gradients in RFT are
prevalent and detrimental to maximizing reward

(} Initial SFT phase allows overcoming vanishing
%/ gradients in RFT, and does not need to be expensive

!

® Reward std is a key quantity to track for successful RFT



