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“' B. ConvRNN and its Variants

RNN and its classical variants LSTM and GRU have
achieved great success in the field of sequence processing.
To tackle the spatio-temporal problems, we adopt the ba-
sic ConvRNN and its variants ConvLSTM and ConvGRU,
which are transformed from the vanilla RNNs by replacing
their fully-connected operators with convolutional operators.
Furthermore, for reducing the computational overhead, we
delicately design the convolutional operation in ConvRNNs.
In our implementation, the ConvRNN can be formulated as

(1) H' = tanh(*Y W) « X' H '] +ba), (1

> >

where X” is the input 3D feature map, H"~! is the hidden state
obtained from the earlier output of ConvRNN and H' is the
output 3D feature map at this state. Both the number of input
X" and 0uu‘u2 ‘_chanpels in the ConvRNN are N.

Additionally, denoles a convolution operation

= between weights W and input X with the input channel 2N and
\ the output channel N. To make the ConvRNN more efficient,
inspired by [30], [32], given input X with 2N channels, we
»,conduct the convolution operation in 2 steps:

Image To Latex

> >

{Wbf H}A{t}=t a n h((}*{2NHWbf W}_{h}*{N}Wast[{#bf
X} ) {Wbf H}A {t-1}]+{Wbf b}_{h}),

> >

A2ZNJWA{N} * X
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(1)

(2)

H' = tanh(*Y" W) « [X',H"'] + by),
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which after substitution in Eq. (12) leads to

diviiy’

In these coordinates the dilaton, or equivalently the string coupling squared, s [J:: = 0
Ty F™ and the Kalb-Ramond field strength is 7= ¥R AT

Although there is a workld of possibilities in the above class of solutions, perhaps the most
interesting case is the one where [fi=1, since then the uncompactified part of spacetime is
just Minkowski space: Taking @="1 for convenience, one finds that the solution in, string,

cosmological time, o reads

.‘rl'_t‘r r dg? rJ.f“ ‘_’Ii’,‘:ﬂl.‘l "L..-,,.fg""rfr;"
e =*(vVaRy) B A

. 4 L » .

H = YR, 'Bir) e g, o 15)
B(A) = VE 4 AV v . 16)

As one ean see, this is a completely regular solution, modulo the usual gravitational singn-
larities, which smoothly interpolates between two Kasner-like regions [6]. From the lower
dimensional ]uliI|1 of view, the Ansatz considered above l!ﬂtl'.\|>ut|l|.- to a solution of dilaton-
gravity coupled to moduli [10], where the breathing mode, [, and [J] are the scalar fields
parameterizing an FTI__'_{I_W coset model. When 1

tained from the solutions given in :'| by il|rll|\-i.tl;_', an STTLE) transformation on the moduli.
v *

ﬂ. the above solutions can be ob-

2 RR case

In much the same way as in the foregoing subsection, we can use the RR two form in type
1A, to trigger compactification. In this case the equations of motion and the Bianchi identity
imply that

i = R = IRTpady™ Ady" ] 17)
Applying the same steps as in the foregoing paragraph, one finds
0 = HogR)" + S ¥apPpt-t * . v T hs
0, % .|<.g';,3”- ,'_-'9.,-5_'_1.;.3'”-& Vot K o "l
0 ‘.In::.ti' I T ey ) S VLT Ce e 0)
0, = t MY = D [(logn)) » de'[(og m""f U P RA-4 » }r.nr-':, 2 by
P . ' e M s

Looking at the above expressions, one sees that they simplify enormously when one con-
siders the case [f= % In that case the Kihler breathing mode decouples completely and
one has [ ="Rpe™

RS tF'l:; 1, one necessarily has to impose

Equating ako the powers of () and g in the equations, i.e. putting

\ =+ — (D3

]
L]

which after substitution in Eq. (12) leads to

In these coordinates the dilaton, or equivalently the string coupling squared, is :};:' lﬂi." d
T 'm’ﬁ"i' and the Kalb-Ramond field strength is [T = REd A T

Although there is a world of possibilities in the above elass of solutions, perhaps the most
interesting case is the one where [T # 1l since then the uncompactified part of spacetime is

just Minkowski space: Taking SCB1 for convenience, one finds that the solution in, string

cosmological time, g reads

ds? dr* = di = 2EB(T) " hpdy™ dy"
. {\'-En..:]'f' B4,
H = s8R "*s \Bbr) 2 dr 1 J, (1)
B(r) = V& 4 W& (16)
As one can sce, this is a completely regular solution. modulo the usual gravitational singu-

larities, which smoothly interpolates between two Kasner-like regions [6. From the lower
dimensional point of view, the Ansatz considerad above corresponds to a solution of dilaton-
gravity coupled to moduli [10], where the breathing mode, @, and @ are the scalar fields
parameterizing an [SLIZ 8/UTT) cosct model. When @8 6. the above solutions can be ob-
tained from the solutions given in [2] by applying an STEEK] transformation on the moduli

2 RR case

In much the same WAy a8 in the ﬂm-:ui:r,- subsection, we can use the RR two form in type
I1A. to trigger compactification. In this case the equations of motion and the Bianchi identity
imply that

|!_' =RT = :,;‘i;'f,.,. dy™ ndy" . (17)

Applying the same steps as in the foregoing paragraph, one finds

0 = (logR)" + &.uu“fri- '_' . hs)
0 (logy)" + —"‘-_N—'I_‘.I.',lr'(f!' Lo agiae?, [I )
0 = (logM)" — &ENRPRAE-Y _ Prp~2N2 o)
0 = [flogM)]’ - D[(logn)]’ — di[(logR)]’ ~ HEMyPRA- — DAMI? [p1)

Looking at the al
siders the case [
one has [K =ffige™. Equating also the powers of ) and § in the equations, i.e. putting

N 'ﬂln;"‘_ one necessarily has to mpose

Ve CXPressions, ole sees that [hr-_\ \illlp]lﬂ. ENor mull.\|_\ when one con-
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Figure 2. The direcied graphscal model comssdered in thes work:

This paper presemts progress in diffusson probabilistic models [53). A diffusion peobabilistic model
{which we will call 4 “diffusion model” for brevity) s 2 parameterized Maskov chain ramed using
vanatonal mierence o produce samples maiching the data afier finite ime. Transstions of this chain
are leamned 10 reverse a diffusion process, which is a Markov chain that gradually sdds noise 1o the
dais in the opposste duwecton of sampling uninl signal s desivoyed. When the diffusion consisis of
amiall amounis of Gaussian notse, i is suffickent o sl the sampling chain ransstions o conditional
Craussians wo, allowing for o particularly simple seural network parameterizstion

Diffusion models are araightforwand o define and effcient 1o wain, bt wo the best of our knowledge
there has been no demonstration that they are capable of gencrating hagh quality samples. We
shaoww thut diffusion models actually are capable of generatmg high quality samples, sometimes
betier than the published results on other types of generative models (Section 4). In addition
show that a ceran parameterization of diffesion models reveals an equivalence with de
score muiching over muluple notse kevels duning runing and with annealed Langevin dynamcs
during sampling (Section 1.2) |55, 61]. We obtained our best sample quality results using 1his
parameterization (Secton 4.2), so we consider this equivalence to be one of our primary contributions.

Deesping their sample quality, our models do nat have competitive log likeliboods compared 1w ocher
likiedibwoscd-based models (our models do. bowever, have bog likeliboods betier than the Lirge estunanes
annealed importasce sampling has been reporied 1o produce Tor energy based models and scose
matching [11, 55]. We find thai ihe wity of our models’ lossless codelengths are consumed
1o describe impesoeptible image details (Section 4.3). We present & more refined analysis of this
phenomenon in the language of lossy compression, and we show that the sampling procedure of
diffusson models is a type of progressive decoding that resembles suioregressive decoding along a bit
ondering that vastly generalizes whal ormally possible with avtoregressive models.

2 Background
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Cirad-CAM: Visual Explanations from Deep Networks via Gradient-based Localization 5

1o successive matrix products of the weight matrices and
the gradient with respect 1o activation functions till the final
convolution layer that the gradients are being propagoated
to. Hence, this weight af represents a partial linearization
of the deep network downstream from A, and captures the
‘importance” of feature map & for a target class «.

We perform a weighted combination of forward activation
maps, and follow it by a RelLLJ to obtain,

Liacam = ReLlr (E :..;A") 2y
&

linear combination

Motice that this results in a coarse heatmap of the same size
as the convolutional feature maps (14 = 14 in the case of
last convolutional layers of VGG [52) and AlexNet [33)
networks) . We apply a ReLLU to the lincar combination
of maps because we are only interested in the features that
have a pesitive influence on the class of interest, e, pixels
whose intensity should be increased in order o increase y°.
Negative pixels are likely to belong to other categories in the
image. As expected, without this Rel.U, localization maps
sometimes highlight more than just the desired class and
perform worse at localization, Figures ! and | show
Grad-CAM visualizations for “tiger cat’ and “boxer (dog)”
respectively. Ablation studies are available in Sec.

In general, " need not be the class score produced by an
image classification CNN. It could be any differentiable acti-
wvation including words from a caption or answer Lo a question.

3.1 Grad-CAM generalizes CAM

In this section, we discuss the connections between Grad-
CAM and Class Activation Mapping (CAM) [59], and for-
mally prove that Grad-CAM generalizes CAM for a wide
variety of CNN-based architectures. Recall that CAM pro-
duces a localization map for an image classification CNN
with a specific kind of architecture where global average
pooled convolutional feature maps are fed directly into soft-
max, Specifically, let the penultimate layer produce K feature
maps, A% € BRY"Y, with each element indexed by i, 5. S0
A¥; refers to the activation at location (i, ) of the feature
map A%, These feature maps are then spatially pooled using
Global Average Pooling (GAP) and linearly transformed wo
produce a score ¥° for each class o,
ghobal average pooling
e,

=3 wi Z3°5 Ay 3
=5

whass foature weoights fearare map

' We find that Grad-CAM maps become progressively worse ns we
move to carlier convolutional layers as they have smaller receplive fields
and only focus on less semantic local features,

u
-n‘ sed by Grad-CAM (). Thus, Grad-

Let us define F* 10 be the global average pooled output,
ke 1
Fr= 23 3 AL )
L F
CAM computes the final scores by,
¥ § wy - F* (5)
=

where w§ is the weight connecting the &' feature map with
the ' class. Taking the gradient of the score for class ¢ (Y'<)
with respect to the feature map F* we get,

oy @

Y= sAf, &

AFk — OF% (6)
BAF,

L, @ L L.
inl derivative of (1) \-|-'.r.1#l we can scc that
el

Substituting this in (6, w

d’uk.ing P
1

GAY . Tl
.EJV" ) Z. 7
aFE T aAk,
® L ]
From (©) we get that, 'Xo = wj, Hence,
g i
. oy .
o g

Summing both sides of (%) over all pixels (4, 7).
@ ®
Yy
)35 SITED 35 SELS ©
i F L F 5
L

Since & uniu o not depend on (§, §), rewriting this as

2 ]
.o Y-
Zuwlf = Z E,. EJ 0/':’ (10
L L
™ hunt Z,q the number of pixels in the feature map (or
-4 'E ¢ 2_, 1). Thus, we can re-order terms and see that
L L
. ay
wyp = g E_. “flfj (11

®

Up to a proportionality CDnsiﬂ.lﬁl /zg normalized-
0 uring visualization, the expitssio zﬁ& identical 1o
% a strict gen-
cation of CAM. This generalization allows us to generate
visual explanations from CNN-based models that cascade
convolutional layers with much more complex interactions,

such as those for image captioning and VOQA (Sec. 5 7).

82| == 0|8
44

Labeling

1
2
3
4
5
6
7
8
9
1
1

0.752648
0.826778
0.554841
0.747731
0.725794
0.746218
0.746974
0.627080
0.745461

0.310044
0.362991
0.387009
0.430131
0.480349
0.526474
0.617631
0.667303
0.713155

0.125567
0.031770
0.080938
0.158094
0.088502
0.135401
0.276097
0.033283
0.203480

0.062227
0.022926
0.031659
0.048035
0.027293
0.040939
0.049672
0.019105
0.045306

0 0.584720 0.777838 0.065053 0.025109
1 0.740545 0.827511 0.178517 0.051310

12 90.791982 0.871998 0.052950 0.019105
13 0.858926 0.892194 0.029501 0.019105
14 0.526475 0.909389 0.036309 0.019651
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Input image + prediction

S=\int_{x}\left\{\frac{1l}{2}\sum_{a}\partialA{\mu}
\chi_{a}\partial_{\mu}\chi_{a}+V(\rho)\right\},
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Task?2 - Formula To Latex

Data
M2LATEX-100K (Kaggle)
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