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exk: Process E*MS lo n9
S¢€ q uences

o Man{z sequence modeling tasks require long context
WLNAOWS

0 e.9. I a task like document summarization it helps to
KO W @.vervEMMQ about the document, nok Just a
F&ragragh or two...

o Increasing the size of the context window is seen as a
ma jor research challenge

o The Limitation is a tf;‘ompu&&%mmai one
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EXLS RV\S methods:

o Older RNNs (Elman, LSTM, GRU) can in principle handle
long sequences given enocugh compute resource

o Bul, they are sequential (and thus slow), and might
suffer other compute problems (vanishing gradient, etc)
with really large contexts

o Tkej scale Lmearlj wikthh N

o Some hints that newer state-space models (s4, s6, Mamba,
etc) are able to scale to long sequence tasks efficiently



Can efficient, parallelisable
XNNs be creaked?




Backqground: par allel scan

o Idea: use mulkiple eracessars to efficiently compute
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o Where@® is awn associakive opero&c:-r



Background: L scan
<. Cumu Labive sum
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Background: L scan
e.q. cumulative sum
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Background:

GRU

hi=(1—2)Oh 1420 h
z; = o(Lineary, (|x¢, hi_1]))
r; = o(Linearg, (|x:, hi—1]))

h; = tanh(Linearg, ([z¢,7: ® hi_1]))




Background: LSTM

LSTM

= 0; ® tanh(c¢y)

= o(Lineary, (|2¢, hi—1]))

= [t ©ci—1+1 O¢

= o(Lineary, (|x¢, hi_1]))
.+ = o(Lineary, (|x+, hi_1]))

¢; = tanh(Lineary, (|x:, hi_1]))




mMethodology

o Strip back existing RNNs so we can apply parallel scan
o Remove hidden state dependencies on input/forget/update gates
o Remove constraints on output range

o (Because b3 removing hidden state d@.pev\demcies the vawnishing/
exptodi%g gradient issues that resulted should also 90)

o Also ewnsure auﬁpuﬁ LS %Lmemimd@.pemdemﬁ . scale

o (L.e. stop output axptodi&«g/démi%isk&%g over btime s%eps)


















e minGRU

ht:(l—zt)@ht—1+2t@ilt

. hi =1 —2)Ohi 1+ 2O hy
z; = o(Lineary, (|x¢, hi—1])) '

z; = o(Lineary, (@
r; = o(Lineary, ([x¢, hi_1])) t ( dn (T¢))

2 h, = Lineary, (x
h; = tanh(Lineary, ([x¢, 7 © hi_1])) t dn (Tt)

Noke he scale is kEime Ev\d&epev\d&ev\& because
zt and (1-z¢) sum to 1



Malkeing minlSTM

Same process as for GRU
LSTM minL.STM

= 0; ® tanh(c;) he = f/ ® hy_1+ i, O h,
— U(Lineardh ([CBt, ht—l])) ft — O'(LiIleaIdh ("I/‘t))
=1 Oc—1 +1 O ¢ i; = o(Linearg,, (x;))

= o(Linearg, ([, ht—1])) h; = Linearg, ()
1 = o(Lineary, (|x¢, ht_1])) f; i

/] e/
~ . <—
& — tanh(Linearg, ([z1, hy_1])) Jove = 5 s

But he scale is time dependent as f: and i
are campuﬁed Emdepemdemﬂfj, so normalize



fficiency

o Significant time improvements

o “As such, n a setting where minGRU would take a
c{av to finish Eraining for a fixed number of
epochs, its Eraditional counterpart &GRU could balke
over 3 years s

o At the cost of memory (more than originals, but
better than Mamba)



o Worse performance on certain e
Faskes bj removing Fivve 1 37.6 £ 2.0

MinLLSTM 85.7+5.8
c{epemd@.v\& gates n T

2

3

1 37.0+2.3
MinGRU 2 96.8 + 3.2
3

o Bulbk can malee up for bhis b:j 99.5 +0.2

stacking (which hasnt really had

Table 1: Comparison of the number of

VQT’j nuch Eraction i &TQdE«&EQ nal layers on the Selective Copying Task (Gu
RNNS) & Dao, 2024).
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The Selective Copying task has
random spacing i between tputs and
requires time-varying models that can
selectively remember or ignore nputs
depending on their content.

KNNs all we

O F?v E'Mg

Model Layer Accuracy
H3 Hyena 30.1
Mamba Hyena 28.4
S4 S4 18.3
H3 S4 57.0
Mamba S4 56.4
S4 S6 97.0
H3 S6 99.7
Mamba S6 99.8

minGRU minGRU  99.5+0.2

minLSTM  minLSTM 96.0 £ 2.8

Table 2: Selective Copy Task. minL-
STM, minGRU, and Mamba’s S6 (Gu &
Dao, 2024) are capable of solving this task.
Other methods such as S4, H3, and Hyena
at best only partially solve the task.




Dataset
HalfCheetah-M
Hopper-M
Walker-M
HalfCheetah-M-R
Hopper-M-R
Walker-M-R
HalfCheetah-M-E
Hopper-M-E
Walker-M-E
Average

DT
42.6
68.4
75.5
37.0
85.6
71.2
38.8

109.6
109.3

76.4

DS4
42.5
54.2
78.0
15.2
49.6
69.0
92.7

110.8
105.7

68.6

DAaren

42.2
30.9
74.4
37.9
77.9
71.4
75.7

103.9
110.5

75.0

Performance

DMamba

42.8
83.5
78.2
39.6
82.6
70.9
91.9

111.1
108.3

78.8

minLSTM
427 £ 0.7
85.0+44
72.0+77.5
38.6 1.1
88.5+4.7
69.7 + 10.7
85.4 +1.7
110.3+1.6
110.3 £0.5

78.1

minGRU
43.0+04
794 + 8.2
73.3+3.3
385+ 1.1
90.5+0.9
72.8 £8.9
86.3 £ 0.5
109.7 £ 2.7
110.3+04

78.2

Table 3: Reinforcement Learning results on the D4RL (Fu et al., 2020) datasets. We report the expert
normalized returns (higher 1s better), following (Fu et al., 2020), averaged across five random seeds.
The minimal versions of LSTM and GRU, minLSTM and minGRU outperform Decision S4 (David
et al., 2023) and perform comparably with Decision Mamba (Ota, 2024), (Decision) Aaren (Feng
et al., 2024) and Decision Transformer (Chen et al., 2021).




--- minGRU (Train)
= MINGRU (Test)
~==-minLSTM (Train)
== MINLSTM (Test)
---- Mamba (Train)
== Mamba (Test)

---. Transformer (Train)

== Transformer (Test)

1000 2000 3000 4000 5000
Steps

Figure 2: Language Modelling results on the Shakespeare dataset. Minimal versions of decade-
old RNNs (LSTMs and GRUs) pertormed comparably to Mamba and Transtormers. Transtormers
required ~ 2.5X more training steps to achieve comparable performance, overfitting eventually.
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Conkributions






https: /fopenreviewmnet/ forum?id=GrmFFxGnOR

Public comments about similarity to other work
Public concern over the kikle?

Public comments asking reviewer to re-evaluate!

Scores: ¥, &, 3, 3



https: /fopenreviewmnet/ forum?id=GrmFFxGnOR

Insubficienkt comparison

Limited datasets

Lack of depth to Literature review
“Similarities” to other models (although...)

Lack of novelky



