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Posterior
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| Posterior
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She caught and ate a mouse. / She meowed until she was fed. /...

/

The cat was hungry.

\

The review expresses a personal opinion.

/

“A deeply moving storyline.”

\

| |

Now the cat is sleepy, not hungry.

eval(3+4) =

7,eval(7-8)=-1

/

Label: Subjective

\

3+4-8

Answer: —1

FEESE q(Z | X,Y) o pum(XZY)

Object Meaning Example 1 (infilling) Example 2 (subjectivity classification)
X cause / condition / question The cat was hungry. A deeply moving storyline.
Z mechanism / reasoning chain  She ate a mouse. This review expresses personal feelings.
Y effect / answer Now the cat is sleepy, not hungry.  Answer: Subjective
p(Z | X) conditional prior piM(Z | X)
pY | X,Z) likelihood of effect given pm(Y | XZ)

cause and mechanism
p(Z,Y | X) conditional joint, reward for Z pm(ZY | X)
p(Z|X,Y) posterior (intractable!) approximated and amortized by GFlowNet ggen(Z | X[, Y])
q(¥Y | X) posterior predictive / approximated as )., goen(Z | X)pm (Y | XZ),

Bayesian model average

sampled as Z ~ ggpn(Z | X), Y ~ pm(Y | XZ)




Model

Prompt: The following is a random integer drawn uniformly between 0 and 100
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Generated number Generated number Generated number
(a) Base model (b) PPO fine-tuning (c) GFlowNet fine-tuning
50.5% of samples 95.8% of samples 100% of samples

are valid numbers. are valid numbers. are valid numbers.



Model

R: Reward
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I Experiment

Sentence Continuation
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Figure 3: Maximum log-likelihood and diversity of con-
tinuations sampled for fixed prompts. GFlowNet fine-
tuning (%) samples higher log-likelihood sentences while
maintaining more sample diversity than the baselines (e
and ---), even when they are given 5x the compute.



I Experiment

qcen(Z|X,Y)

Table 4: Test accuracy (%) on an integer arithmetic task
with addition and subtraction using a GPT-J 6B model.
Training data only include samples with 3 or 4 operands.

Number of Operands

In-distribution OOD
Method 3 4 5
k-shot CoT k=0 10.2 6.4 3.2
k=3 15.8+3.1 11+1.7 54+0.2
k=) 204+104 17.6+06 6.6+1.1
k =10 265+14 15217 89+1.9
k =20 355+19 21+14 105+09
Supervised fine-tuning 72.1+1.3 19.6+£2.2 12.8+5.7
PPO 306 4.1 13.7+4.1 5.6+3.1
GFlowNet fine-tuning 952+13 754+29 40.7+9.1

Table 2: Evaluation of the generated infills.

Method BERTScore = BLEU-4 GLEU-4 GPT4Eval
Prompting 0.081+0.009 13+0.5 3.2+0.1 2.4
Supervised fine-tuning 0.094 +0.007 1.6+0.8 3.7+04 2.7
GFlowNet fine-tuning 0.184+0.004 21+0.2 42+0.7 34




Example

Table E.4: Samples generated by PPO fine-tuned and GFlowNet fine-tuned models.

Question (X) Generated rationale (2) log R
ion: . = 9
P B R & X -13.17
1-9=-8,-8+8=0 -27.75
o — %
23:3:;?'8+7+2+7 8+ T7+2+7 -2.39
8+7=15,15+2=17,17+7=24 -11.72
ion: 7 - -0-6=?
g;llss:éi)n 7-5+8-0-6=1 754 122
7-5=2,2+8=10,10-0=10,10-6 799

=4
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