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Learning GFlowNets
From Partial Episodes
For Improved Convergence And Stability
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Generative Flow Networks (GFlowNets)

Flow of unnormalized probabilities

Flow Based Network

e Analogy:

Water flowing from source to sink
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Flow Based Network

Generative Model
o Stochastic Policy

Generates objects sequentially

Directed Acyclic Graph




— Generate Objects Sequentially



Generate Objects Sequentially

Initial State

@ Sink State

%Q @ Terminating State
~i> Terminating Edge

—> Non-terminating Edge



Generate Objects Sequentially - Trajectory 1
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Generate Objects Sequentially

— Stochastic Policy



Generate Objects Sequentially - Trajectory 2
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Generative Model
e Objects Generated Proportional to Reward



Generate Objects Sequentially - Trajectories




Generate Objects Sequentially - Trajectories

p(x1) = p(sps15285) x R(x1)



Generate Objects Sequentially - Trajectories

p(z1) = p(s0s15285) < R(z1) p(x2) = p(s9s287) x R(x2)
(51)
9 () 835 (52) &



Training GFlowNets



GFlowNets - Training

e Flow Consistency Equations




GFlowNets - Training

e Flow Consistency Equations

e Forward Flow = Backward Flow




GFlowNets Training Objectives



Flow Matching Objective

e Flow Consistency Equations

e Flow Matching
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Flow Matching Objective

e Flow Consistency Equations

e Flow Matching

o State level flow matching
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Detailed Balance Objective

e Flow Consistency Equations

Pr
e Detailed Balance: @
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Detailed Balance Objective

e Flow Consistency Equations

Pr
e Detailed Balance:
o Edge level flow matching
F@(S)PF(S, | 89) : Pp
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Trajectory Balance Objective

e Flow Consistency Equations

e Trajectory Balance:

ZyPr(T;0) . Py Py Ppg Py
)

Le(7) = (log R(z;)Pp(7 | ;0



Trajectory Balance Objective

e Flow Consistency Equations

e Trajectory Balance:
o Trajectory level flow matching

| ; | ,
ETB(T) = (log ZOPF(T7 9) )) Pp Ppg Pp Pp

R(z;)Pp(7 | ;0



GFlowNets Training Objectives

Objective Parametrization Locality
FM edge flow F'(s—t;0) state s
DB state flow F'(s;80), policies Pp(—|—;8), Pg(—|—;60) action s—t

TB

initial state flow Zy, policies Pr(—|—;6), Pg(—|—;8) complete trajectory 7
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GFlowNets Training Objectives

Objective Parametrization Locality

FM edge flow F'(s—t;6) state s

DB state flow F'(s; @), policies Pp(—|—;6), Pg(—|—;0) action s—t

TB initial state flow Zy, policies Pp(—|—;8), Pg(—|—; ) complete trajectory

ms) SubTB()\) state flow F'(s;6), policies Pp(—|—;80), Pp(—|—;6) (partial) trajectory 7




SubTrajectory Balance
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SubTrajectory Balance

mmmsm)  Subtrajectory balance (partial) trajectory T

Pr Pr Pp Pp Pp
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T XX,
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SubTrajectory Balance

n—1 n-1
F(sm;0) | | Pr(sisilsi;0) = F(sus0) | | Po(silsi;0). = =
i=m i=m



SubTrajectory Balance

F(Sm;G)ﬁPF(Si+1|Si;9) = F(Sn;g)ﬁPB(silsiH;e): ) Pi " K Cib
- B ® PB
1 2 : : Pp Pp Pr Pr
LB (Trmen) = (log F(sm; 0) HEET Pr(sit1]si; 6’)) ® © © © O
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SubTrajectory(1) or SubTB(A):

GFlowNet Objectives Unified
& Extended



SubTrajectory (1) or SubTB (4)

> A" LoubTB(Timen) P 5
Lsubr(n)(T) = mmenss /\:_m — @ 00O X
ZOSm<n§N B Py Pg




SubTrajectory (1) or SubTB (1)

e SubTrajectory (1)

Zo< <N /\n_mACSubTB(Tm:n)
Lsurn(T) = === - |
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e Unifies Detailed Balance and Trajectory Balance
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e SubTrajectory (1)

Zo< <N /\n_mACSubTB(Tm:n)
Lsurn(T) = === - |
) ZO§m<n§N AT

e Unifies Detailed Balance and Trajectory Balance
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SubTrajectory (1) or SubTB (1)

e SubTrajectory (1)

Zo< <N /\n_mESubTB(Tm:n)
L) (T) = == — .
) ZO§m<n§N AT

e Unifies Detailed Balance and Trajectory Balance

A =07 s Y Lpp(si, 8it1) A — 400 : Lrp(T)



SubTrajectory (1) or SubTB (4)

L ZOSm<nSN )\n_mESUbTB(Tm:n)

e SubTrajectory (1)
‘CSubTB(A)(T) - ZO< N \n—m
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e Lower gradient variance
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SubTrajectory (1) or SubTB (1)

SubTrajectory (1)

Zo< <N /\n_mESubTB(Tm:n)
L) (T) = == — .
) ZO§m<n§N AT

e Unifies Previous Objectives

o Detailed Balance: 1 — 0*
o Trajectory Balance: 4 — +o0

e Lower gradient variance
e Better stability and Faster convergence
e Wider set of applications



SubTB(1): Experiments & Results



Experiments: SubTB (1)

e 6 domains:

Hypergrid: Multi-dimensional grid

Small Molecule Synthesis: sequential generation of molecules from fixed
graphs

Bit Sequence Generation: sequences of bits with fixed length

AMP: Antimicrobial Peptide sequence generation

GFP: Fluorescent Protein Generation - long sequences }

N —

oW

Inverse protein folding: Non-autoregressive sequence generation



Experiments: Hypergrid
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Experiments: Hypergrid
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Experiments: Hypergrid
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Spearman Correlation (p, r)

Experiments: Bit Sequence
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Experiments: Small Molecule
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Experiments: AMP and GFP sequence

Top-100 Reward Top-100 Diversity

Algorithm

GFN‘-LSubTB(/l) 0.96 + 0.02 4223+ 34
GFN-Ltp 0.90 £ 0.03 3142 £2.9
GFN-Lgm/Lps 0.78 £ 0.05 1261 £1.32
SAC 0.80 = 0.01 8.36 + 1.44
AAC-ER 0.79 £ 0.02 7.32 £ 0.76
MCMC 0.75:+:0.02 12.56 + 1.45
GFN-LsubTB (1) 118 £0.10 204.44 + 0.45
GFN-L1B 0.76 £ 0.19 204.31 £ 0.44
GFN-Lgv/LpB 0.30 £ 0.08 190.21 + 6.78
SAC 0.23+0.03 12032 % 15.57
AAC-ER 0.22 £ 0.02 113.65 +£21.31
MCMC 0.28 + 0.01 169.17 + 12.44




SubTB(4): Gradient Analysis



Gradient Analysis: SubTB(4)

Small-batch SubTB(4) gradient is a good
estimator of large-batch TB gradient.

Similarity with TB Gradient, Learned Flows
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Gradient Analysis: SubTB(4)

Small-batch SubTB(4) gradient is a good
estimator of large-batch TB gradient.

Despite its bias, the small-batch SubTB(A)
gradient estimates the full-batch TB gradient
better than small-batch TB gradient.
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Gradient Analysis: SubTB(4)

Small-batch SubTB(4) gradient is a good
estimator of large-batch TB gradient.

Despite its bias, the small-batch SubTB(A)
gradient estimates the full-batch TB gradient
better than small-batch TB gradient.

SubTB(4) interpolates between the unbiased
gradient estimates of TB and the biased
gradient estimates of DB.

Similarity with TB Gradient, Learned Flows

Loss Comp Name

—— DBvsTB
SubTB vs TB

--------- TB vs TB
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Main Contributions: SubTB (1)

SubTrajectory (1) - Zogm<ng N /\n_mESubTB(Tm:n)

‘CSubTB()\) (T) - Z \n—m
0<m<n<N

e Unifies Previous Objectives

o Detailed Balance: 1 — 0*
o Trajectory Balance: 4 — +o0

Lower gradient variance

Faster convergence, Better stability

Better matching of the underlying distribution
Wider set of applications
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