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Motivation and TOkeOWOYS Offline objec’rive: GOLD (generation by offline+off-policy learning from demonstrations) Experimen’rs
The most widespread approach for supervised conditional text generation: - _ _ " - " SR
o MLE + teacher forcing (Trﬁdltlonz!ly: ) online + on-policy Offline + off-policy policy gradient (NO INTERACTION w/ environment) :'j:flr;éﬁ:trlfjLg;blzzéez(r‘]caiir;aelr:’sce);itj;I;sevxzfarsog;e(f)ogﬂIg/eg:ﬂratlon >
Motlv.atlons . . POlicy gradient (extractive summarization); (3) XSum (abstractive summarization); (4)
1. Train-test mismatched history (gold vs. model-generated) Step 1: sample outputs from the model  Step 1: sample from demonstrations (i.e., gold supervised data) IWSLT14 De-En (machine translation)
—> repetitions and hallucinations; “exposure bias” Step 2: get seq-level rewards like BLEU ~ Step 2: get token-level rewards based on py, ¢ (discussed below) . , L L ,
2. Train-test mismatched objectives (high recall vs. high precision) Step 3: use policy gradient to optimize ~ Step 3: use policy gradient with importance weights to optimize Discussion on “diversity” can be found in the paper
High recall: encourages high probability on every reference VoJ(0) =E,,, Z Vo logmg(as | s:)Q(st, ayr) Hypothesis 1: GOLD improves generation quality
High precision: model generations should be rated highly by humans

Auto evals NQG (BART)  CNN/DM (BART)  XSum (BART) IWSLT14 De-En
Training (usually, teacher forcing) Usually, autoregressive inference (BLEU) (ROUGE-2) (ROUGE-2) (Transformer) (BLEU)
: T
Loss Balmetic, N V.J(O) =E. E ( WV loo malas | s s q X MLE 20.68 21.28 22.08 34.64
- y pet;ogph (yt | Yo.—1, ) 0 ( ) T~ t Vo108 9( t | t) ( t t) (*) GOLD-p 1 45 0 5 24 3E 33
L) = ~Eynpnn ) 10820 (e | Y1) — B N | GOLD-s 21.98 22.09 22.58 35.45
=0 i n (e0s) Th = Phuman  wy ~ mg(ay | s¢r) Q(sy, ar) nyt ., Intuition: upweights
T T more “confident” tokens Human evals ~ NQG (BART)  CNN/DM (BART) XSum (BART)
use empirical distn  model “confidence” Dy based reward (see below) win/lose/tied win/lose/tied win/lose/tied
8 OOt 38.0/28.5/33.5 37.5/24.5/38.0  35.0/21.5/43.5
Reward function Hypothesis 2: GOLD improves precision at the cost of recall
(1) Use dirac-delta function: Q is 1 for all training data, o for other data GOLD-delta Precision” B i (ngp o (NQGﬂ??nodel. (poinﬁ?e“:';’;";'rator
(2) Use estimated p;,,man: find p that min KL(m, || p) BLEU metric) ROUGE-2 metric) BLEU metric) model; R-2 metric)
03] tos [ 4 : The p is py, ¢! Good for demonstrations, but not in general. MLE 20.68 21.28 14.23 17.10
0)| |Yoteold) [Yr(eota)| 0811 Yo | | Y (2.1) product of estimated p;,., (@ sequence is good if all words are good) GOLD-p GOLD-s 21.98 22.09 16.10 17.81
"Recall” , , .
. ) o0 High perplexity !=1low quality
TAREAWAYS| Q(5¢,at) = Z l0g Phuman (a@t|5t) 2 150
: : : : , : : : , 2
1. GOLD is an oftline + off-policy algorithm; there's no interaction with b=t ;_g 100
the environment (2.2) sum of estimated p;,man (@ SEqUENCE IS good if most words are good) GOLD=s 38 5
J e o, o . . . . I7T, . 17} Q_U’i
2. GOLD’s |.ntU|t|f,>n. Weghtedul\/ILE, upweights “confident” tokens and g:é ; I I T
downweights uncor)ﬁdent ones - - Q(s¢,ar) thuman at)st) NQG (BART) CNN/DM (BART)  NQG (NQG++) CNN/DM (PG)
3. GOLD encourages high-precision generation (instead of distribution b=t 2 MLE mGOLD
matching) for generation tasks where "one good output is sufficient” ,
Full algorithm: GOLD Hypothesis 3: GOLD improves precision at the cost of recall
Background: RL formulo’rion for text generation Algorithm 1: GOLD Without exposure bias With exposure bias
~ Two sources of variance... ?
The above | 1 g <~ PMLE> TT9 < PMLE < 3.0
eval Obj@CtiV@ yNPQ Z Og phuman (yt ‘ yO T— 17 ) 2 fOl‘ St@p — ]_, 2, c ooy M dO | | Z' 6 /\/\/\ §2_5
t=0 3 Sample a minibatch B = {(mz yz)}|B| (1) from Importance weights > -
i ’ =1 fix: iodic synchronization of polic [ i— | 5 20
policy o ! foreach (s¢, a}) do >O f:iz IFZ)ev\r/IeOr kl>(;3>rl1d importance weFi) hts,y ¢ — me 215 — me
RI. formulation - 5 Compute importance weights © ‘ P J %2 —— GOLD-s ., — GOLD-s
o max(u, g ), and compute returns - 5 10 15 20 |
Imax g J(@) — 447'N7T9 Z R(at, St) Q(s (a,z ) b ) p f h a time-step ° se1qouence I1eSngth 20
= t - rom the return . : : :
_ | o . | 6 Update 6 by @8 using gradient d(w/ \@)}; fix: subtract by baseline (popular trick) (L.Eft) le.en reference pI’EfIX,.bOth losses do not change.W|th engths
Prior approach Directly optimize a sequence-level metric like BLEU, ROUGE, etc. using £ % I — 0 then 7 .. . * (Right) Given generated prefix, MLE outputs degrade with length
_ _ 7 Il step %o Kk = €N Ty < Ty o tix: lower bound Q by lower bounding py, e _ _
policy gradient (e.g., REINFORCE) s Return: 7 while GOLD stays relatively stable
* Pros: no exposure bias, may discover high-quality outputs outside refs i .

More exposure bias related analysis in the paper and the appendix

* Cons: degenerate solutions; difficult optimization Paper + code + more info: yzpang.me



