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Pointer Networks Deep Learning 101

Recurrent Neural Networks (RNNSs)

= Recurrent Neural Networks (RNNSs)
— Models temporal information

- Hldden states as a function of inputs and previous time step information

------------------------------------------------------------------------------------------------------------------------------------------------------------------

function parameterized by 6 ht

h, = f(hi_1,X¢;0)

new state old state \ "[ f 6 Jﬁ

input vector
attime step t

i3 o
-----------------------------------------------------------------------------------------------------------------------------------------------------------------

= Temporal information is important in many applications

- Language *HH‘WHFH*%‘

— Speech

: | T ¥
— Video .‘.?'-. | if’g"&é&;
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Recurrent Neural Networks (RNNSs)

= Process a sequence of vectors by applying h. = f(h .0
. , ¢ = f(he_q,X¢50)
recurrence formula at every time step :

Xo~ X/t
THE HE Vanilla RNN (unrolled)
(new state) R X
h; l}o h€‘—1 h, h€+1 .
”[ fo } = { fo |—’| fo |—’| fo |—’| fo |—'
Xt X0 Xt—1 Xt Xt+1

t Alx‘:-llo-ll _%_Elklael ..llllllllllllllllllllllllllllllllllllllllllllllllllllllllllllll. ------------------------------------------------------------------------------------------------------------
input H|0|E] Same function and the same set of parameters

are used at every time step
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Recurrent Neural Networks (RNNSs)

= Process a sequence of vectors by applying h. = f(h .0
. , ¢ = f(he_q,X¢50)
recurrence formula at every time step :

Xo~ X1/t
FAE sl
(old state)
4 N\
hy4
T tanh(Bpnhios + xnX; + b)
o J
Q Xt
X¢

t A0l =1
input Ci|O|E
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Recurrent Neural Networks (RNNSs)

class VanillaRNN(nn.Module):
def __init__(self, input_size: int, hidden_size: int):
super().__init__()
self.input_size = input_size
self.hidden_size = hidden_size

self.W x
self.W_h

nn.Linear(input_size, hidden_size, bias=True)
nn.Linear(hidden_size, hidden_size, bias=True)

def forward(self, x: torch.Tensor, h@: torch.Tensor | None = None):
B, T, _ = x.shape
if h@ is NOHE! .:. ..................................................................................... “‘

h = x.new_zeros(B, self.hidden_size) : (B, T, hidden_size)
else: :
h = ho § ﬁi? h, .
: h ht
outputs = [] 1

tanh(@,h,_, + O,p%, + b) :>

for t in range(T):
xt = x[:, t, :] :
h = torch.tanh(self.W_x(xt) + self.W_h(h)) g jjT‘ 7
: X,

outputs.append(h.unsqueeze(1))
(B, T, input_size)

*,
-------------------------------------------------------------------------------------

y = torch.cat(outputs, dim=1) # (B, T, H)
return y, h
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Recurrent Neural Networks (RNNSs)

= Process a sequence of vectors by applying h. = f(h .0
. , ¢ = f(he_q,X¢50)
recurrence formula at every time step :

y 2|7t |5H= EF2U
At (logitS)
Onnh,

Xo~ X1/t ht

A El HIH

(old state) f ﬁ h, .

h,_, h
:> tanh(@pph;—1 + Opnx, + b) j‘>_>

X¢

t A0l =1
input Ci|O|E
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Recurrent Neural Networks (RNNSs)

import torch
import torch.nn as nn

B, T, D, H, K=2, 5, 16, 32, 10 # K = number of actions / classes

X = torch.randn(B, T, D)

rnn = VanillaRNN(input_size=D, hidden_size=H)
head = nn.Linear(H, K) # decision head

y_rnn, hT_rnn = rnn(x) # hT_rnn: (B, H)
logits = head(hT_rnn) # (B, K)

print("logits shape:", logits.shape)

é h:_, h,

--------------------------------------------------------------------------------------
o
o

tanh(@hhhf_l + Bxhxt + b) :>

T«

(B, T, input_size)

. 0
-------------------------------------------------------------------------------------
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(EX) Recurrent Neural Networks (RNNs)

P9 979

o - e e 0

= Many-to-Many

llllllllllll Translation (PBMT)

e.g., Machine Translation sEmuemmuey | Uremgpener
(Sequence of words = Sequence of words)  FEesfiEas” momomn.
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(EX) Recurrent Neural Networks (RNNs)

= Many-to-One

OO0

e.g., Sentiment Classification

(Sequence of words = sentiment) — Good paperor not?

10
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(EX) Recurrent Neural Networks (RNNs)

No errors

= Many-to-One

&
Ol

e.g., Image Captioning
(Image = sequence of words)

Jo

Je

4

A white teddy bear sitting in
the grass

r
T

AW

-
> |
PR
L
. TN
4 |\
y = N J
K ” Rl f

A man in a baseball A woman is holding a
uniform throwing a ball cat in her hand 11
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Vanishing Gradient Over Time

v 0| 22te] &eto| 12L&

= This is more problematic in vanilla RNN (with tanh/sigmoid activation)

— When trying to handle long temporal dependency

— Similar to previous example, the gradient vanishes over time

Outputs ,
1

Hidden
Layer

Inputs .

Time 1

== Tanh

i p— Sigmoid

0.25

-1.00

-

=== Tanh Derivative
= Sigmoid Derivative

12
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RNNs vs LSTM
= RNNs
h; = tanh(0y,h;_ + 0,,X; + b)
¢
4 N[ N N
J J )

@_/
@_/

@
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= LSTM

RNNs vs LSTM

-

~

CanlD
)
anh Lflf_l

Gl

/

— O — -
S
Pointwise Vector
Layer ) concatenate Copy
operation Transfer
@
r 3
> (T) >

14
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LSTM

= Step 1: Decide what information we're going to throw away from the
cell state

fe=0Wy-[hy_1,2] + by)

= Step 2 : Decide what information we're going to store in the cell state
and update

it = o(W, - [he—1, 2¢] + b;)

éf]— Cy = tanh(We - [hy—y, 2] + be)

hi1

15
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LSTM

= Step 2 : Decide what information we're going to store in the cell state
and update

Crot Ct iv = o (Wi [heo1, 2] + b;)

® ®
ftT ’Ltl_. - é‘t — tanh(ﬂfc - [ht—laiﬁt] + bC)

C’t:ft*C’tfl%—it*ét

= Step 3 : Decide what we're going to output

hy
ot =0 (Wy - [he—1, 2] + by)
Ctanhi>
Ut hy = o4 * tanh(C})
hi—1 2] he

Lt
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= LSTM

= GRU

RNNs vs LSTM vs GRU

h,
L h
|ta.nh|
Xt
h[
C_q 4 C,
O O
: Canli>
fe| it Otw()
R ﬂ tanil ﬂ
I[|
hyp—1 (

It

ht — tanh(ghhht_l + Hxhxt + b)

ft = O'(H”}' . [h't—].a If] + bj)

ir = o(W; - [he—1, 2] + b;)

C; = tanh(W¢ - [he—1,x¢] + be)
Ci = fi % Coo1 +ir % Cy

o = o(Wy - [hy—1, 2] + by)

ht = oy * tanh(CY)

zp =0o(W, - [hi—1,24])
ry = O'(I"LFT : {]'I,t_'] 3 .'Ift])
h, = tanh(W - [ry % hy_q, 24])

ht: (1—2})*]7,15_] +Zt*f;t 17
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Bidirectional RNNs

= \We can also extend RNNs into bi-directional models
— The repeating blocks could be any types of RNNS (Vanilla RNN, LSTM, or GRU)

— The only difference is that there are additional paths from future time steps

nE
O T —F—e

18
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RNN Architectures
Combinatorial Optimization
Pointer Network

GFlowNet
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zation?

What is Combinatorial Optim

v e 2 et ZH|
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= Examples
— Traveling Salesman Problem (TSP): ZE T A|E o A BIZ2S]
— Vehicle Routing Problem (VRP): £2F0| H|otEl E
— Job-Shop Scheduling: SHEE Xt aF A|ZF L & =] BiX]
— Knapsack Problem: St El 24| LHO|A ZHX|7}F 71HE =2 21 57|
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Traveling Salesman Problem (TSP)

Total Distance Travelled: 71.854

TSP Best Route Using GA

1 - Rio
| I n put 12 f\\\\ Ganaration: 1 -@- Best Route

_&- Berlin
ST e 4
’

—  TAIZFE (N): S280F g NIHO| ZA UK (x;, ;)
- H2| "™ d,;: TAi0IM TA| j2 0|S3H= HI(H2) ‘ i

\
\
1 \ - Tokyo
6 O\

« ZHHEI| FOIX|H RE2|E 2|2 AlM IS o | RS K
g, ‘::{-\Alexandna
] &—/G,Wv—l(’e‘g = J:gf)‘ﬂje::

u Output | ‘ | ‘ ‘ | ‘\‘\T“‘\:’-\:Q-p‘ans
- YR =M 2= TAS et HN EESHI =

c eX)TA[TEA3S>EA2 5> EA1 Total Distane Taveled: 61,137

TSP Best Route Using GA

2
[0
rr
M
g

— OAREE B (xy;): EALiOM j2 O[SSHH 1, OFL{H O = €0 cmemmrn e
. x; € {0,1} N -
& ::@-Tokyo
= Objective 9 e
- Minimize: ¥.d;;x;; (£ 0l& Hz|9| XAz} | TR a :
- Subject to: OAa 7 & 8 b & & g

+ Y2 Aok 2t A0 FED| o S0{7tn, 3 ¢ Liejor Bt
o Subtour gtX|: ®KH|7} SILIS| 2 I 0|F|0F &t
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Vehicle Routing Problem (VRP)

-

.

Input .
- sSFAE: 2= EEo| EEX|0[X} =AX| y 'S .
— T2 QK| (N): 2t2sfo} Tt HH*fI ZHE (x;, 7)) j .',?5.9
- 1M 222 (q,): 2 10| RHEE 2719| 4 L o]
- ki HE: E3o| ti4 (k) W ERE A0 MXY 8 (Q) R
Output : -
- X2 Z= geh Kool E 2iziof| S E HiE =AM

. ex)EE_-'!Aﬁ_lE'l—)J_'_j—I]I’l—)J_'_j—I]IS%ﬂE'I '|

« ex) EZB:MEH > 142 5> M4
- AREE HE (x5): XE I
Objective
— Minimize: ¥d;;x;; (2
— Subject to:

- B Heh e EYoO

- HEFehEE M

- ZE N 2= EH
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Job-Shop Scheduling
= |nput
- A TA (N, M): KE|sHoF g N7HS| 2t MIHS| 7[A|
- ZH HA| (Job Specification):
o JlE &XM: 2 EHH0| HAXOF 5t 7[AH|2] M El =AM (Constraint)
vV oex) M A TIAT1>7IA 3> 7[AH 2
o 2R AMZE(pg;): B j7E 71A oM HE|E= O ZEl= Azt
= Qutput
—  QAREE H (S;): EE Aol 2 SEHE AR AlZ o
- JIAE AHY &M 2 7[A7HEH = ME HEE HEgX] 2™ M| 4 3 2
B-> & A-> Y C=ME N

= Objective

M, 2 1 3

Machine

M, 3 |1

(353
£~

Minimize: C,,4, (Makespan, & 2t= A|Zto| X|A 5}
0 5 10 15 20
SUbjeCt tO: Time (min)
o M A Hf: 2 Lol of THAZ
= |

PN e [ s e |

30
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= Qutput

- ANEF B (x): 2

o x = [xq,x5,..,xy5] (B, x; €
« ex)[1,0,1,0,0] (1'H, 3H =

= Objective

- Maximize: Y v;x; (B

Knapsack Problem

Capacity = 6

7tX19| Z|Ch=t)

— Subject to: Y wix; < € (5 FAH= 8% C 03}

Knapsack Problem

Value = 3
Size =4
Value 2
value = 4 Size =3
Size =2
Value = 4
Size =3

$

Optimal Solution

‘r
j} Total Value = 8
Total Size =5

Capacily =6

24
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Why is Combinatorial Optimization Hard?

= [C1] Discreteness
— H7t A421H O|20|Lt Simplex Y1E2|EO 2 WEH| XXM £ 7ts
* by Linear Programming (M& A=)
— SFX|2t 02t 122t & HO{XOF SICH= M|2F Z20l], AP A B E 8 MK =oF gt

« by Integer Programming (B4 A|2lH)

= [C2] Combinatorial Explosion

— Search Space: DES 7| 2/l EIMSOf 5t= 32| =7} CIO|E{($NS$)0| 2t &
MO Z =7}

— Complexity Growth:
« 2N (Selection): Knapsack 24| ($N=30 \rightarrow 10$< 7H)

« N! (Sequence): TSP &&| ($N=20 \rightarrow 243%$34 7li, $2.4 \times
10%18}$)

— The Reality: #HZFEEZ T M ZAHBrute Force)7t 275 NP-Hard 0| -
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Traditional Approaches: Exact Solver

v Guaranteeing Optimality at the Cost of Time
» General-Purposed Solver

— ex) Gurobi, CPLEX, Google OR-Tools

= Problem-Specific Solver

— ex) Concorde

26
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Traditional Approaches: Heuristic Solver

v’ Fast Approximations, but Limited Flexibility
» General-Purposed Solver

— ex) GA (Genetic Algorithm)

= Problem-Specific Solver
— eX) LKH (Lin-Kernighan-Helsgaun)

27
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CONTENT

RNN Architectures
Combinatorial Optimization
Pointer Network
GFlowNet
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Related Works

= [2015][NIPS][-] Pointer Networks (cite:4521)
— Google Brain, Department of Mathematics, UC Berkeley
— https://arxiv.org/pdf/1506.03134

29


https://arxiv.org/pdf/1506.03134
https://arxiv.org/pdf/1506.03134

Pointer Networks Deep Learning 101

Why Pointer Networks?

v Guaranteeing Optimality
= Exact Solver (e.g., Concorde, Gurobi)

AlLt AlZEOl HF =3 (28 2210 w2t X=X S71)

v’ Fast Approximations, but Limited Flexibility
Heuristic Solver (e.g., LKH, OR-Tools)

AN o= WE

SRHE 23 34 M| TR (Y BF)
GPU & X/2| 0f21

MZ2 2Hoich 2 nalE MaA 2

Pointer Network:

"GPUZ =2 & 2|7t 7tsHHNM
H|O|E{2E =H AOtM #EIS HiR= RS ZR2 YSTH"

30
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What is Pointer Networks?

= Seguence-to-Sequence
- autyel 27 B8 =3 Tl (Class)7t 1EE[0 US

= —
- == AHHO| 1FEH [N =X 27|17 HHH HE S CRA| 2ES0{0F &

[ot

# TSP 107 EA|
vocab_size = 10
model_10 = Seq2Seq(vocab_size=10) # 107 &

# TSP 1007 T A
vocab_size = 100
model 100 = SquSeq(vocab size=100) # 1007 ==

- =
]

-1~

[= L1l

(a) Sequence-to-Sequence
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What is Pointer Networks?

= Pointer Network
— ZtHHOI /&= AO|=E RASIHA| Mg = US

— UHE ARZAQ A = SILIE TIE|HAM(Point) ZHEOE 7= X

e ¥ ¥ ¥ ¥
+¢1+ v o
Vg, v
e
tt ottt | i
ttttt
2 i i i i X1 XZ X3 X4 x1 x4 X2 X1
ARMBRARE? = Yol | Yal | Y2l | Y4
(b) Ptr-Net

(a) Sequence-to-Sequence
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(EX) Sorting Alphabet Sequence

» https://colab.research.google.com/drive/1-
vVAQvgakOg3VKX3yI3F50cbqgcplimjyiK?usp=sharing

33


https://colab.research.google.com/drive/1-vAqvgakOg3VKX3yI3F5OcbqcpImjyiK?usp=sharing
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EX) ATG (AAAI’24

A1l span embeddings §e& RUXEXOXD

K is the maximum span
C is the number of
EEEEEEEREREN
EEEEEEREERERDRN
EEEEEEEEDN
EEEEEEEEREN
EEEEEERENEN
Span
Representation
Layer

size and
classes

Cross-attention

EEEEN ||
EEEEN . E—HcRYD
NN N

Transformer
Encoder

Input tokens
X={x.....x.}

B EEN

De-embedding
using E

—

Share

Transformer
Decoder

+ pos & struct embeddings

Share

Lookup Embedding
using E

weight

e

Target sequence y
(Shifted right)

The wvocabulary matrix of our
decoder E e RUXKXCHR+TIXD

HE H EE B~ HEN
[ N | H BN BN HE BN
AN B ENE B HE N
EE B EE B~ EEN
HE H EE B~ HE N
Span Relation types Special tokens
embeddings embeddings embeddings

— Span embeddings are
Span Representation
— Relations types and
(<START>, <SEP>, <END>)
learned during training

computed using
Layer

special tokens
embeddings

the

are

34
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(EX) TGCM (EMNLP’19)

topic-sensifive
sentence vectors
(permutation-agnostic) :

element-wise
multiplication

bi-LSTM _ bi-LSTM . bi-LSTM
[ [ [

topicDistribution(-)| [\\-’ord Embedding| ‘Word Embedding -- [Word Embedding]

cc0-0 [0-0

sentence Sy sentence S| pl sentence 51
| i

s; € {SZ,S|p|, 51} 'i’npm‘

( S, v C

SipI|O -

P = {50 Sppl 151} { -
51

[Artention—Based] Artention-BasedJ Attention-Based}
Si

O
O
Ql|O
O

shuffled paragraph p

(sentence sequence)

probabilistic distribution

8§,
topic-sensitive
sentence veclors
(permutation-agnostic)

|
1-( Attention

£

coherent topical
context matching

Add & Normalization ]+

£ £ T
Feed Feed Feed |
Forward) \Forward) |Forward

Add & Normalization ]4
* .

x x :
Multi-Head Attention ] !

inject
n times

v

Add & Normalization ]‘

5 % % .
Masked Multi-Head ‘ i
Self-Attention

repeat
n times

%
g
%
%

Sy

15T INPUL = et

2nd INput ==g S} —
3rd input ==g S S m— 1
predicted sentence sequence
(shifted right)

35
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Limitations of Pointer Networks

Pointer Networks

Xt

(=)
L‘_I_l-I

M

. of50| 02 W= 10 oA
S}

 OH|O|E] 44 H|E: C|O|E{7t BT, %

HEf Labelg BlEL 9
MS0| $HA7 ExHE

Solver7t {2 =24Z&

v BHEI2 solverZt Mlast HES 2ufeh & ME2 oS 2ASHK| 28t
-> From Supervised Learning to R

H= =2 '— AL O

einforcement Learning

= From Supervised Learning to Reinforcement Learning

NP E III—I EI-LH

NS EEN MSHH 0|2 XM E A2 = US

CHA:

o OroFHMErSHIL 2] 7H2tH? RLS %[ A6 StLtol|2t &ESTt
-> GFl

owNet: £|&dl| EHH(Maximization)d|A] £ &% (Sampling) 2= 2zt

=
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Related Works

= [2021][NIPS][GFlowNet] Flow Network based Generative Models for
Non-Iterative Diverse Candidate Generation (cite:516)

— Mila, McGill University, Université de Montréal, DeepMind, Microsoft
— https://yoshuabengio.org/2022/03/05/generative-flow-networks/
— https://qgithub.com/GFNOrg/gflownet

= [2022][UAI][-] Bayesian Structure Learning with Generative Flow
Networks (cite:197)

= [2023][JMLR][GFlowNet] GFlowNet Foundations (cite:374)

— Mila, Université de Montréal
Canadian Institute for Advanced Research (CIFAR)

38
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Deep Learning 101
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=

H
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Pointer Networks

= ZAHCHEEE AA0M F2 MY
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Related Keywords

= Generative Flow Networks (GFlowNets)
— A framework for sampling diverse structured objects

= A New Research Direction at the Intersection of
— Reinforcement Learning: “0{™ &2 S{{Of 7|C EAO| X|CH7t & =71?"
X

|
. EA SRS FHolstn - It £ X HAS AfSists MM oty
max E, . [R(7)]
2

— Deep generative Models: "HI0|E 2 p(x)E HEA| &5t MEZISH?”

. Zof7l Hlo|E{Me| BB HHE MExoR Busts By
min D (pmc-del (:B) » Pdata (ﬁ))

— Energy-based Probabilistic Modelling: "£210| £ AE{QIT?"
- HIO|H=ES BehiM 7o 2 sIEE X E RHE 1
o IiCHo| OfL |2} ATHE JHs & (density) S &

v OF 287} Of-l G40l 215 e

10 nijn

40
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Introduction

= Existing Approaches

— standard return maximization tends to converge to a single return-

maximizing sequence .
max E,.|[R(7)]
< _

« ex) Policy Gradient (REINFORCE, PPO), Q-learning, Actor-Critic

= |earning a stochastic policy for generating an object (like a molecular
graph) from a sequence of actions

— we would like to sample a diverse set of high-return solutions

— the probability of generating an object is proportional to a given positive
reward for that object

R(x) _ R(x)
Z Zﬂc"EA:’ R(:rf)

m(x) ~

41



Pointer Networks Deep Learning 101

GFlowNet

= We think about the flow of unnormalized probabilities, similar to
the amount of water flowing from an initial state

— trajectories correspond to all the possible sequences of actions

* actions that determine state transitions

— sequentially construct complicated objects

o ex) molecular graphs, causal graphs square nodes with I"ed transitions
correspond to terminal states

https://yoshuabengio.org/2022/03/05/generative-flow-networks/

42
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Problem Definition

= DAG (Directed Acyclic Graph) /=
— States: S = {s0,s1,52,53,54, ...}
— Actions: A = {al,a2,a3,a4,a5,a7, ...}
— Transition: T(s,a) —» s’ (deterministic)

» Reward Function
- R(s):S > R+ /R(sy) >0 (terminal state2| E4) /R(s) = 0 (non-terminal states)

» Goal: Flow equations

43
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GFlowNet

= A Flow Network MDP

episodes start at source s, with flow Z (there are no cycles)

The goal is to estimate F(s, a) such that the flow equations are satisfied for
all states: for each node, incoming flow equals outgoing flow

¢ sO|AM aE MEfS SHE n(a|s) = F(S a)/F(s)

Z} intermediate statedl] E7t= inflow?Q| ¥t
I'QI_ OUtﬂOWol OI:% ol-ol- 7EF%

nodes have multiple path Y F(s,a) = > F(s3,ad)
from the root s,a:T'(s,a)=s3 a'€A(ss)

a4 O

54
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GFlowNet

= A Flow Network MDP
— s’} terminal state2!'H are sinks with out-flow R(s)

* R(s) =F(s) 7t ol outpute| 2A0|H SEL} St

nodes have multiple paths Y F(s,a) = > F(s3,d)
from the root s,a:T'(s,a)=s3 a'€A(ss)

F(!@[]) - =, m
—————————— 59 R -

. - 05 (L‘:l

<
N 1o a7

__ Sy
P rd “-J .

g terminal state

terminal state2 7= inflow?Q| &2 Zt terminal state 9
object?t 7IX|= score(=22 reward) R(s)0i| H|&|

Z F(s,a) =R(s") |+ Z F(s',a").

s,a:T(s,a)=s’ terminal state @'€A(s')
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Training

HEH1: Flow Matching

scored]| H|2|5t= HES M-dst7| /8l flowe| ¥S oA =Hot= o=
s g F
— parameterizett Fy7t 2 412 MUESIEE ob5 (Flow F(s,a) a2 28 Z2E)

class FlowNetwork(nn.Module):

def

__init__ (self, state_dim, action_dim,
hidden=128):
super().__init__()

self.state_encoder = nn.Sequential(
nn.Linear(state_dim, hidden),
nn.ReLU(),
nn.Linear(hidden, hidden),
nn.ReLU()

)

self.flow_head = nn.Sequential(
nn.Linear(hidden, action_dim),
nn.Softplus() # F(s,a) > 0 H3Z
)

self.log_Z = nn.Parameter(torch.zeros(1))

def

def

def forward(self, state):

Returns: F(s,a) for all actions
h = self.state_encoder(state)
flows = self.flow_head(h)

return flows

get _flow(self, state, action):
|l|l|l%10_| (s)a)_o_l f'l-owllllll

flows = self.forward(state)
return flows[action]

get_state flow(self, state):
"""F(s) - z F(s)a)llllll

flows = self.forward(state)
return flows.sum()
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Training 2 1: Flow Matching

= parameterize®t Fy7t CI2 Al5 TIESIEE ehs
- Z} 7HH stated A EHLE= flowet LI7H= flow?| #& S St = HitH

min || Z Fo(s — ') — R(s') — Z Fy(s" — s)|

s'€Child(s) s€Par(s’)

def flow _matching_loss(flow_net, state_batch, env):
"""O = stateO| A flow conservation RtZSIEE"""

total loss = 0

# === 3. Conservation Loss ===
for state in state_batch: loss = (inflow - outflow) *x 2
# === 1. Inflow A|AF === total loss += loss
inflow = 0
parents = env.get_parents(state) return total _loss / len(state_batch)

for parent_state, action in parents:
inflow += flow _net.get flow(parent_state, action)

# === 2. Outflow A Al ===
if env.is_terminal(state):

outflow = torch.tensor(env.reward(state))
else:

outflow = flow net.get state flow(state)

<

47



Pointer Networks Deep Learning 101

Training 22: Trajectory Balance

= Flow Matching CiH| &H&
— OlLte| trajectory™ StLEQ| loss termPh e et
« D E intermediate stated|A] flow EZ& H%!Z Ot=sH{0}

# Flow F(s,a) = 2d 22
flows = flow_net(state) # - [F(s,a0), F(s,a1), ...]

|.

[ot

— trajectory?| 2tE EX S &AM %Xz

logits = policy_net(state - logitsprobs =

# Policy P(ajs)E 223 (HE &%)
) #
softmax(logits) # - [P(ao}s), P(ails), ...]

- S HEfOtcE SES flow A[L0] 22K
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= trajectory?| & EX S &AH %X}

Training 22: Trajectory Balance

class GFlowNet(nn.Module):

def __init__(self, state_dim, action_dim, hidden=128):

def

def

super().__init__()

self.policy = nn.Sequential(
nn.Linear(state_dim, hidden),
nn.ReLU(),
nn.Linear(hidden, action_dim)

)
self.log_Z = nn.Parameter(torch.zeros(1))
forward(self, state):

"""Returns: action logits
return self.policy(state)

sample(self, state):
logits = self.forward(state)
return Categorical(logits=1logits).sample()

def tb_loss(gfn, trajectories):
losses = []

for states, actions, reward in trajectories:
# Forward: ¥ log P(als)
log _pf = sum(
F.log_softmax(gfn(s), -1)[a]
for s, a in zip(states[:-1], actions)

)

# Backward: uniform
log_pb = -torch.log(torch.tensor(len(states)
- 1.0))

# TB objective

loss = (log_pf + gfn.log Z - log pb -
torch.log(reward)) *x 2

losses.append(loss)

return torch.stack(losses).mean()
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Advanced Optimization

= Advanced Training &=
— Detailed Balance (DB) — 2022
— Sub-Trajectory Balance (SubTB) - 2022
— Forward Looking GFlowNet — 2023

= RNN/Transformer &%t

— RNN/LSTM/Transformer: Long-range dependency
— GNN: Graph 2= CHE
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