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All

positive

Motivation 1: Distributional Constraints

Existing approaches focus on fulfilling
requirements at the level of individual
samples.

This phone is amazing. It has all the perfect
+ components that one needs to do great work..

This chicken is so tasty! | will come to this

* restaurant every day...

+ This is the perfect hotel for a honeymoon by the
sea. The staff are very helpful and kind...

+ I'm so happy | was elected mayor by this

awesome city on this great day...

50%
positive

However, they fail to control such
collective statistics.

This phone is amazing. It has all the perfect
+ components that one needs to do great work..

| just got some very bad news regarding our
company...

The weather today is very nice and the wind is so
relaxing...

+ This is the perfect hotel for a honeymoon by the
sea. The staff are very helpful and kind...



Motivation 2: Avoiding large deviations

Q.  Pretraived (anguage Model
.
I

i Dk (plla)
All possible language models / ij /
that fulfill the requirements ¢

Projection

Out of all possible language models satisfying the requirements, which one
to choose?

One that minimizes divergence from initial LM to avoid degeneration issues.



Distributional view

Our objective is a distribution over sequences a.k.a language model.

1. If Cisthe manifold of distributions that satisfy our constraints and a is the
initial PLM.

The original LM

The manifold of
constraint-satisfying distributions



Distributional view

Our objective is a distribution over sequences a.k.a language model.

1. If Cisthe manifold of distributions that satisfy our constraints and a is the initial
PLM.
2. Our goalisthe p, I-Projection of a over C (minimized divergence). (Cszisar and Shields, 2004)
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Distributional view

Our objective is a distribution over sequences a.k.a language model.

1. If Cisthe manifold of distributions that satisfy our constraints and a is the initial
PLM.

2. Our goalisthep, I-Projection of gover(C (minimized divergence). (Cszisar and Shields, 2004)

3. It can be shown that p follows an exponential family distribution &£.
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Distributional view

Our objective is a distribution over sequences a.k.a language model.

1. If Cisthe manifold of distributions that satisfy our constraints and a is the initial
PLM.

2. Our goalisthep, I-Projection of gover(C (minimized divergence). (cszisar and Shields, 2004).

3. It can be shown that p follows an exponential family distribution &£ .
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' Energy-Based Model.

constraint-satisfying distributions |



A two-step approach

Step 1: From constraints to A Step 2: From EBM to
sequential EBM autoregressive policy

N N
4 A 4 N

Desired Moment Constraints

]Ewwp¢1($) — ﬁ]. \ The little bird took its
By pa(2) = i o

Moment ( ) ( ) / Distributional Policy <stat> The e  bird  took

E.. T) =W Matching Gradients Locally normalized
? p¢n( ) Hn autoregressive policy

/ P(x) is an unnormalized for sampling
form of the optimal

distribution p(x) i.e

an Energy-Based Model




Step 1: Moment Matching

Our EBM can be represented as P(z) = a(z)eX:*%(®) where p(z) o P(z).
The first step is to learn the optimal parameters vector \ such that

Ezvpop(z) ~ p

Desired moment constraints



Step 1: Moment Matching

Our EBM can be represented as P(z) = a(z)eX:*%(®) where p(z) o P(z).

The first step is to learn the optimal parameters vector \ such that

Self-normalized
importance
sampling (SNIS)
since we can't
sample from

Esnpd(z) = pt

Desired moment constraints

Algorithm 1 Computing A

Input: a, features ¢, imposed moments ft
1: sample a batch z1,...,z N from a
2: foreach j € [1, N]: w;(A) < e*®@)
N
30 a(A) + ZJ;;,\JZ(:;(?E%)
4: solve by SGD: arg min, ||z — (N)||3
Output: parameter vector A
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Step 2: KL-DPG

Converts the EBM P(z) into an autoregressive model g which
minimizes CE(p,my):
1 P(x)

E]E:cwq ——Vy 10g 7"-G(Q;)

VeCE(p, 71'9) = —VgEpr logﬂ'g(ac) = —
q()

Sampling from a proposal q instead
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Step 2: KL-DPG

Converts the EBM P(z) into an autoregressive model g which
minimizes CE(p,my):

Algorithm 2 KL-Adaptive DPG

Input: P, initial policy ¢
l: M9 < q
2: for each iteration do

Parshakova et al., 2019

3t for each episode do

4: sample z from ¢(+)

3 0 « 9+a(9)% Vo log me(x)
6: if DKL(pH’/Te) < DKL(qu) then
7: q < T

Output: 7y

Proposal g is “adaptively”
evolving to improve samples
and therefore accelerates
convergence



Expe riments (pointwise constraints)

Constraints take the form: ]EwNpqS(a:) — 1.0 .e impose on each individual sample
Single-word constraints: Word list constraints: e.g used for Discriminators / Classifiers:
e.g. “Canada”, “Vampire”, topic control: politics, computers, sentiment (+/-), Clickbait
“Paris” , “Wikileaks” fantasy. ’ .

' We compare with more !

Baselines baselines in the paper!

e REINFORCE with reward ¢(x)

e REINFORCE with reward P(z) = a(z)ei %)

e (Ziegler et al, 2020) PPO

with reward gb(a:) o ,BDKL(WH, a) KL penalty to control deviations from

the original LM. 13



Expe riments (pointwise constraints)

We plot the evolution of 5 metrics averaged across 17 different pointwise experiments.
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Expe riments (pointwise constraints)

We plot the evolution of 5 metrics averaged across 17 different pointwise experiments.
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REINFORCE
REINFORCERp(x)

»»»»»»» Ziegler

GDC is steadily
approaching p

Dy (p || me)

10° .
0 5k 10k 15k 20k 25k 30k

steps
KL-Divergence from optimal policy p
This is the most telling evaluation metric
(v better)
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Expe riments (pointwise constraints)

Adaptivity = Faster Convergence

words = Vampire (1/1074) words = Paris (1/1073) words = US (1/1072)

o 06
/fN aadl
0.5 0.5 /‘/\/\/

= — DPG-KLD = 04 7/
B.65 DPG-TVD ‘ s, /
w non-Adaptive w

0 2K 4k 6k 8k 10k 0 2 ak 6k Bk 10k 0 2% K 6k 8k 10k
steps steps steps

Algorithm 2 KL-Adaptive DPG

Input: P, initial policy q
1: w9 <—¢q
2: for each iteration do
for each episode do
sample z from q(+)

0« 0+a'? % Vo log mo(z)

if Dxw(p||me) < Dxw(p||q) then
:
QOutput: 7y

bR =AN L

]
|
I
|
I
Proposal is

evolving.
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EXpe ri me n'l'.S (distributional constraints)

Fine-tuned GPT-2 to generate biographies.

Model is biased only 7% are female biographies.
Can we de-bias it?

A Single Distributional Constraint: ]Ewwqushe =0.5

Desired Before After
| Female | 50% | 07.4% | 36.7%

B Female (desired = 0.5)
[ e e e

0.1 . GDC
-~ Desired

To sk 10k 20k 25k 30k

15k
steps
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EXpe ri me n'l'.S (distributional constraints)

Em~p¢art =04
Ew~p¢science =04

Multiple Distributional Constraints

Desired Before

]E$~p¢business =0.1
Ex~p¢sports =0.1

Art 40% T 10.9%
Science | 40% 1 01.5%
Business| 10% | 10.9%
Sports 10% | 19.5%

() s Art (desired = 0.4)

0 Sk 10k 15k 20k 25k 30k
steps

After
T3].6% GDCk .......... H ......
IS WOrkKing well In
I ?8;? © both directions +/«
. (2 .

J/ 11.9% B

5 Sports (desired = 0.1) @
— GDC

0.25 -~ Desired

E @sports(x)

5k 10k 15k 20k 25k 30k
steps

18



EXpe ri me n'l'.S (hybrid constraints)

Combine pointwise with distributional constraints

Ez~p¢she =0.5
Ex~p¢art =1.0

Desired Before After
4 4  Female 50% 07.4% 36.6%
Art 100% 11.4% 88.6%

Art (desired = 1.0)

Female (desired = 0.5)

s
w
o — GOk

02 | -~ Desired

0 sk 1ok sk 20k 25k 30k 0 sk 1k sk 20k 25k 30k
steps steps

Distributional constraint Pointwise constraint
50% 100%

5

Ez~p¢she =0.5
Ez~p¢business = 1.0

Desired Before After
Female | 50% 07.4% | 37.7%
Business| 100% 10.1% 82.4% &
- Female (desired = 0.5) Business (desired = 1.0)
10 mmmm e e
08
o
g __________________________
S 04
w
02
02 | -- Desired
o0 0 Sk 10k 15k 20k 25k 30k 0 5k 10k 15k 20k 25k 30k

steps steps
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Conclusion

In this work:

e We introduce GDC, a framework that allows the specification of both
pointwise and distributional requirements on Pre-trained Language
Models.

e Instead of maximizing a reward, GDC seeks a distribution that has
minimal divergence from the initial LM.

e Experiments shows GDC's superiority in imposing pointwise constraints
compared to strong RL baselines.

e \We also demonstrate its capability to impose distributional constraints
and one possible application: de-biasing a PLM.
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