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Abstract

Extracting informative representations from
videos is fundamental for effectively learning var-
ious downstream tasks. We present a novel ap-
proach for unsupervised learning of meaningful
representations from videos, leveraging the con-
cept ofimage spatial entropy (ISEhat quanti es

the per-pixel information in an image. We ar-
gue thatocal entropyof pixel neighborhoods and
their temporal evolution create valuable intrinsic
supervisory signals for learning prominent fea-
tures. Building on this idea, we abstract visual
features into a concise representation of keypoints
that act aglynamic information transmitterand
design a deep learning model that learns, purely
unsupervised, spatialgndtemporally consistent
representationdirectly from video frames. Two
original information-theoretic losses, computed
from local entropy, guide our model to discover
consistent keypoint representations; a loss that
maximizes the spatial information covered by the
keypoints and a loss that optimizes the keypoints'
information transportation over time. We compare
our keypoint representation to strong baselines for
various downstream tasks,g, learning object
dynamics. Our empirical results show superior
performance for our information-driven keypoints
that resolve challenges like attendance to static
and dynamic objects or objects abruptly entering
and leaving the scené.

1990 Radulescu et 812027). Research evidence shows that
the human visual system processes visual information in
two stages; rst, it extracts sparse features of salient objects
(Bruce & Tsotsos2005; second, it discovers the interrela-
tions of local features for grouping them to nd correspon-
dences{arr, 201Q Kadir & Brady, 2007). For videos with
dynamic entities, humans not only focus on dynamic objects,
but also on the structure of the background scene if it plays
a key role in the information owRiche et al.2012 Borji

etal, 2012. Ideally, we want a learning algorithm to extract
similar sparse representations that can be useful for various
downstream tasks. Notable research work€aomputer
Vision (CV) and machine learning have proposed different
feature representations from pixelSzgliski 201Q Harris

et al, 1988 Lowe, 2004 Rublee et al.2011 Mur-Artal

et al, 2015. In the deep learning era, convolutional neural
network architectures have proven superior to handcrafted
features, leading to new approaches for learning represen-
tations ofPoints of Interest (Poffor tasks like localization
and pose estimatioiDgTone et al.2018 Ono et al, 2018
Sarlin et al, 2019 Dusmanu et al2019 Sarlin et al, 2020.

Keypoints stand out as spariBel (Jiang et al.2009 Alexe

et al, 2010 representinge.g, objects Kiongwei et al,
2020, human joints Kreiss et al.2019, or structure use-
ful for learning control Kiong et al, 2021). Many key-
point detectors are trained in a supervised waad et al.
2017. Unsupervised and self-supervised learning can com-
pensate the need for expensive human annotatidasg

et al, 202Q Kim et al, 2019 Yang et al, 2020 Gopalakr-
ishnan et aJ.2021; Chen et al.2019. Current state-of-
the-art methods for unsupervised keypoint discovery focus
mainly on dynamic entities in video&glkarni et al, 2019

1. Introduction Minderer et al.2019. Namely, these methods are trained

. to reconstruct differences between frames, not effectively
Humans are remarkable for their ability to form represen-

. o " . ) representing the scene's structure, while not easily disam-
tations of essential visual entities and store information tq ; : : . .
. : iguating occlusions or consistently representing abruptly
effectively learn downstream tasks from experier@edper . : . . : .
appearing/disappearing objects in a video.

1 . . S
Department of Computer Science, Technische Univarsit : . . .
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which quanti es the amount of local information of pixels 2. Maximum Information Keypoints
in an image, and its evolution in a video, provide a stromg
ductive biador learning keypoint representations related to " ! ! ) e YEET
objects. Early works il€V pointed out the relation of image In y|deos based on information-theoretic principles. Key-
entropy and object discoveriKédir & Brady, 2001 Bruce pomFs should a'de.quately' represent thg scene and the dy-
& Tsotsos 2005 Li et al., 2010, but suffered from the need "2MiC changes in it. Starting from our or|g|nal_ assumption
of Itering and tuning for every new setting to compute an that a keypoint represents the spatial information of a patch

accurate SE (Razlighi et al, 2009. Contrarily, our deep ©f @n image frame, we leverage the classical concept of
learning approach bene ts from the approximation power of ©F (Brink, 1996 Razlighi & Kehtarnavaz2009 to mea-

deep convolutional networks that learn nonlinear relationSure the amount of information represented by a keypoint.
directly from image frames of a vidéeading to spatially We argue that keypoints should cover areas in the image

andtemporally consistent representations, that further gerflat are rich in information, while the number of keypoints
eralize well. MINT guides the spatio-temporal entropy should dyngmlcally adapt to_ represent new mformanon. Fi-
coverage by the keypoaints in a video, relying on an originalna"y' keypoints should consistently represent the same infor-

formulation of unsupervised keypoint discovery with Iossma_tlon pattern spaﬂo-tempor.ally ;]n g\;ldeo. W'th this mdog'

functions thamaximize the represented image information Vation, WE propose to mgX|m'|zet €n ormatlon covered by
entropyand theinformation transportation across frames the keypoint represent_atlon in a video by |r_1troo_lucmg ongi-
by the keypoints, relying on a simple spatial entropy modelnal losses for unsupervised temporal keypoint discovery. We

and regularizers. Imposing spatio-temporal consistency 0ﬁnainly introduce two losses based on information-theoretic

the represented entities enabldBNT to effectively recover measures(1) An_mformauon maX|m|ze.1t|on.I051$1at encour-
scene structure, allowing the subsequantultaneousle- ages the keypoints to cover areas with high spatial entropy
tection and tracking of objects in a single frame(2) An information transportation loss

that enables the keypoints to represent the same entity over

We provide qualitative and quantitative empirical resultssubsequent frames. We present these losses and theoretical
on four different video-datasets against strong baselines fasinalyses supporting their design in the following.
unsupervised temporal keypoint discovery, unveiling the
superior representation powerldfNT. To address the chal- 2 1. |mage Spatial Entropy (ISE)
lenge of quantitative evaluation of unsupervised keypoint
discovery due to the absence of designated datasets, iUr information-theoretic approach for unsupervised key-
provide a set of new metrics and a benchmark based oPint discovery requires quantifying the amount of infor-
videos from CLEVRER Yi et al., 2019. Moreover, we Mation each pixel location in a single frame carries. We
provide results on two challenging datasets, MIMER4rma  leverage the idea of computing the information of patches
etal, 2018 and SIMITATE (Memmesheimer et a2019,  in an image (local neighborhoods around a keypoint), us-
that contain realistic scenes of various dif culties (close-uping the classical concept ¢6E (Razlighi & Kehtarnavaz
frames with dynamic interactions vs. high-res wide frames2009. ISE provides the pixel-wise information in the spa-
with clutter). We show thatINT economizes the use of tial domain of the image, and it has been greatly explored
keypoints, deactivating excessive ones when the informatiof? computer visiong.g, in Markov Random Fields Ra-
is well contained, and dynamically activating them to repreZlighi et al, 2009. Images can be considered as lattices
sent new entities entering the scene temporarily. Finally, t¢vhere pixels are random variablds (2009. We compute
demonstrate the suitability ®fINT as a representation for the discrete probability density of a pixel using the statis-
control, we devise an imitation learning downstream tasKics of the color intensities in its neighborhood, represented
on environments from MAGICAL Toyer et al, 2020. by a normalized histogram of the neighboring pixel values

o . o (Sabuncu200§. This way of computingSE (Razlighi &
Contributions. In summary, we introducgl) an original  kehtarnavaz2009 assumes that pixels in the image lattice
unsupervised keypoint representation learning approach Ugre | j. d.and their entropy is computed using Shannon's
ing mformat.lon-t.heorenc measures, via the _classmall conceflie nition (Shannon2001) based on the probability of each
of ISE that inspired us to postulate keypoints as informayye|. To compute these histograms ef ciently and to derive
tion transmitters(2) an entropy layer for computing spatial the nal ISE, we developed a computationally optimized

image entropy ef ciently(3) an unsupervised way for rep- entropy layer as detailed in Appendix
resenting variable number of entities in videos by switching

on/off keypoints for covering spatio-temporal information; Our entropy layer estimates the pixel-wise irTLagV? sgpatial
and(4) a new set of evaluation metrics for an intuitive down-€ntropylSE H (1) for an RGB input imagé 2 R ,

stream task for benchmarking the performance of unsupefith H being the height anw/ the width of an image frame
vised temporal keypoint discovery methods. with 3 color channelsH (1) consists of the local entropies

H (I (x;y)) computed at each pixel locatiqm;y) by es-

We propose an unsupervised method for keypoint discovery
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Figure 1.The architecture of our keypoint modél 1) (Section2.2) and the masked entropy (Secti®r2.1). For an input imagé; our

model ( 1) outputsK feature maps&'’ for each keypoink!"’,i 2 f 1;:::;K g. A heatmaph" is generated for each keypoint, while

the active keypoints are aggregated to form the nidskThe entropy layer computes the entropy of the imidgé; ). Our ME loss
maximizes the percentage of the entropy in the masked entropy image. Red arrows show the backward gradient ow. Only the part
encircled by the dashed line is used during inference.

timating the entropy of the neighborhood regigfix; y) It outputsK feature mapi;g'), each corresponding to one
centered afx; y), using a normalized histogram-based dis-keypoint. The coordinate;;y;); of the respective key-
crete probability functiom(b; R(x; y)) for each color value  pointk{") are obtained with a spatial soft-argmaeyine
bin the regionR(x;y) summed and normalized over the et a|, 2016. Besides predicting the coordinates, the model

color channels (details in Append. The nal per-pixel 5154 assigns an activation stag$d = f0; 1g per keypoint.
local entropy is The activation status determines whether a keypoint is active

o5 (sgi) =1)or not(sEi) = 0)in aspeci ¢ framet, allowing the
H((xy)) = p(b; R(x;y)) log(p(b; R(x;¥))): (1)  network to decide on the ideal number of active keypoints.
b=0 Overall, a keypoint is de ned by its coordinates and the ac-

tivation scorekg') = (xi;yi;sW),. To get the information
coverage, we de ne a differentiable heatnigp 2 RH W

We consider keypoints as a compact sparse representati¢dr eachi™ keypoint by thresholding a distance-based Gaus-
of images, which attend to prominent entities in a scengjanG!" centered at the coordinates of the keypoint (details
(Szeliski 2010. Keypoints should represent distinctive j, AppendixA.3). As we want to maximize information
information patterns overlaid on a set of neighboring pixelscoverage by the keypoints spatio-temporally, we need to en-
(patches) in an image frame. We explicitly treat the keypointsre that both the inter-frame and intra-frame information is
(at the center of a patch) as the information transmitter off ciently transmitted. Inspired by information theory, we
its neighborhood. Based ¢8E (Razlighi & Kehtarnavaz  gerive novel losses that allow us to learn information-driven
2009, we compute the spatial entropy of each keypointyeypoint representations while providing error bounds that

which allows for developing an end-to-end unsupervisedheoretically justify the design of those loss&abuncy
keypoint discovery approach using information-theoreticooog vy et al, 2023).

measures. Maximizing the keypoint information acts as an

iqtrinsic inductive biasfor Iegrning to represent areas of 2 2 1. MaxIMIZING KEYPOINT INFORMATION

high entropy. Although a simple model to compu# o _ o .
can lead to local entropy overestimatidrik, 1996, we ~ With information maximization, we encourage keypoints
show empirically (cf. SectioB) that when we regularize 10 representimage regions rich in information (high spatial

the proposed losses effectively, we get useful, well-behave@ntropy). We want to enforce maximum collective spatial
keypoint representations. information coverage by the keypoints for representing all

entities in a frame. For that, we introduce two losses: the

We de ne a keypoint discovery moddl I¢) (cf. Figurel),  masked entropy (MHpss and thenasked conditional en-
which is a deep neural network that discovi€rkeypoints tropy (MCE)loss.

kM, i 2 f1;:::K g, in an input color image, at timet.

2.2. Entropy-driven Keypoint Discovery
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Figure 2.Masked conditional entropy (MCE) computation. Given
two consecutive imagek 1 andl;, we extract their spatial

entropiesH (I+ 1) andH(l{). The conditional spatial entropy The MCE loss encourages the keypoints to pay special

H(I4jl: 1) depends on the spatial entropy of both images. Multi-attent'on to dynamic entities when the available number

plying the conditional spatial entropy by the aggregated mésk of keypoints is insuf cient for covering the information
gives the masked conditional entropy image. THeE loss maxi- 1N @ sequence of frames. The conditional entropy of an

mizes the percentage of the masked conditional spatial entropy. Imagel at timet given a reference imade ; at time
t 1 measures the information change of pixels, indicat-

ing moved objects. Optimizing the conditional entropy
The ME loss encourages maximum information cover-H(|jl; ;) in a sequence of images encourages the key-
age by the keypoints in a single frame. We use theyoint detector to attend to moving objects (cf. Figaje
heatmaplﬁ') of each keypoinlkt(') to retrieve the local The spatial conditional entropy can be computed by sub-
image information at time¢. We Iter out inactive key- tracting the reference image entropy from the joint entropy
points by multiplying the heatmap with the activation statusof two imagesH (Ijly 1) = H(l¢; 1t 1) H (It 1), where
s, Aggreggting all heatmaps gives the aggregated mask (1;1¢ 1) max(H(I¢);H(I; 1)) following
Mt = min( ,K h§') Sim;l) (cf. Figurel). With this  Lemma 2.2. The joint spatial entropy of two images
masking approach, we can consider keypoints as channedsd |, can be approximated b (1 1(X;y); 12(X;y))
of local information, and thus, we arrive at the following max(H (11(x;y));H(12(x;y))); 8(x;y), since the per
proposition that bounds the spatial information loss by thepixel maximum of the marginal entropies is a lower bound
keypoints' masking of the original image. The bound fol-of the joint entropy.
lows Fano's inequality$abuncu2008 Scarlett & Cevher . . _
2019, and proves that maximizing the keypoints' maskedPr00f in AppendixC.2. Accordingly, we can bound the
spatial entropy indeed lowers the probability of error of thenformation loss by the keypoints in a sequence of frames.
information loss by this keypoint representation. Corollary 2.3. Following Proposition2.1, we can bound
the average probability of erroP.°°" of the conditioned
Proposition 2.1. LetIM be the masked image at time masked images between timestepl andt as
obtained by the operatiof™ = I; M, where denotes M ror it M o
the Hadamardi(e., element-wise) product. L& be the  peona 1 xy H{IT OGYINTA06Y))  log2 . @
“vocabulary” of pixel intensities, and we assume that every N log|jBj logjBj
pixel in location(x; y) is uniform onB. The average error
probability P- over all pixelsN = H W of the spatial Following Equation4), we observe that tHed CE maximiza-
information approximated bl w.r.t.to the original image  tion lowers the probability of error of the conditional spatial
I+ can be lower bounded by information loss between frames, leading to the practical
implementation of thé1CE loss, similarly to theME loss.
TheMCE lossLyce(lt; 1t 1) mgximizes the percentage of
total masked conditional enyopy .., H(l¢jly 1) My to
(2)  the total conditional entropy oy Htle 1)

P M
X;y (H (I t (X1 Y))) |Og 2 i
N log|B;j logjBj

P :
¥ H(le 1) M

Luce(leile 1) =1 xy H(ljle 1)

®)
Proofin AppendixC.1 We can assume that the upper bound

for the error probability remains 1, because of the activatio
s of the keypoints, there is a probability that the maske
image is “empty”j.e., all keypoints inactive. From Equa-
tion (2) we can see that thelE maximization lowers the Keypoints should transmit information about the same en-
probability of error. This motivates the practical implemen-tity over time. Temporal consistency means aligning each
tation of theME lossL yg(l¢) that optimizes the percent- keypoint to the same information pattern across its occur-
age of the masked entropy over all pixel locatigrsy), rences. Thus, we propose the operatiorindbrmation

32.2.2. MAXIMIZING KEYPOINT INFORMATION
TRANSPORTATION
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keypoint to consistently represent the same information pat-
tern spatio-temporally. The reconstruction process ofiour
leads us to the following proposition, showing that maximiz-
ing themutual information (Ml)between the per keypoint
reconstructed information and the original image entropy
lowers the probability of error due to information loss.

Proposition 2.4. Following Fano's inequality $abuncy
2006 Scarlett & Cevher2019, we prove that the aver-

age error probability of the transportation of thH& key-
(i)

. pointP- "’ assuming each keypoint transportation inde-
- ) pendently, is lower bounded by
H(I; .
| oy 1 oo HI6ViRVEGY)  log2
Figure 3.IT for keypointk(". Removing the heatmap masks of " N logjBj logB - (6)

thei™ keypoint attimes 1 ( yandt (red criclg from
the spatial entropyd (1: 1) of the imagel; 1 gives the source  Proof in AppendixC.3. From Equation), we deduce that
entropyH (s{"). Implanting the local entropy of the keypoint for optimizing thei™ keypoint'siT, we should maximize the
at timet from the current framei (1) (magenta circlginto the o (| - Ry This motivates our practical implementation
conditional entropiH (1.1« 1) (weighted by ) after removing ¢ 40 1T |oss for all keypoints, and we construct tieloss
the heatmap mask of the keypoint at timéred cricle$ gives . (i )

through the differencel (1;) | (I+;R;’) normalized by

the target spatial entropy(Tl(i)). The reconstructed information h fthe h it ik . Mini
after transportatiohl (R{")) is the sum of target and sourceentropy.t € area of the heatmai, (equal for all keypoints). Mini-

The objective of T is to maximize the mutual information between MizingH(lt) I (I¢; R") maximizesMI, as dictated by
the reconstructed entropy and the entropy of the current fram@roposition2.4. We found that normalizing with, helps
(1 RMY. having a better loss scale. We also regularize the excessive

transportation (ITpased onSE, contrarily to methods that KeyPoint movement by rnir;)imizj_ng the norm of the di?tance
rely on image reconstruction performing feature transportatraveled by each keypoiek” = ji(xi;yi)e  (xi;yi)e 1ii3
tion (Kulkarni et al, 2019. (scaled by a weighthy). The practical implementation of

_ the IT loss for all keypoints becomes
In a temporal sequence of frames, we can perform keypoint

IT by reconstructing the image spatial entropfithe current X P H) 1 ( .R(i)) _
frameH (1) using the image entropy of the previous frame Lt (1¢;1; 1) = xy T3 D mg d
H(l; 1) (cf. Figure3d). Let's consider the™ keypoint at i=1 An

time stept (coordinates are omitted for avoiding verbosity). (7)

Its associated heatmeh}ﬁ') is a mask on the entropy image
that allows localizing the spatial information conveyed by
thei™ keypoint. We can constructsmurce entropy image  Theoverlapping lossprovides an auxiliary supervisory sig-

H (St(')) by subtracting the local entropy of th® keypoint  nal that spreads the keypoints over the image, encouraging
in framest 1 andt from the entropy imagéi(l; 1), them to cover distinctive regions. The sum of the Gaussians
e, HSM) = HU 1) @ hP) @ n). The &M (cf. AppendixA.3) around the keypoints!” helps to
conditional spatial entropy of the two frameKljl; 1) estimate their overlap. The overlapping loss,

represents the amount of pixel-wise information needed
to quantify the information oH (1;) givenH(l¢ 1). Im-

planting the keypoint's spatial entropy coveredhﬁ) onto
the conditional image entrogy (Ijl; 1), that contains all
conditional information except for the information tranS'minimizeS the maximum of the aggregated Gaussians nor-
mitted by thei™ keypoint, forms the target image entropy malized by the number of keypoinis with a lower bound
HTy = H) (W) + H@e 1) @ hi)y:2 to allow some occlusions and avoid over-penalization.

The reconstruction of the image entragyl ;) results from . .
the pixel-wise sum of the source and target image entropiegheaCtlve status Ios;ncourage s the model to deactivate
unnecessary keypointse., setting the status; to 0, by

(My = (i) (i) . .
H(R:") = H(St )+ H(T™). The trgnsportaﬂon loss is inimizing the normalized sum of active keypoints while
computed independently per keypoint, and enforces eaCEaximizing ME. The interplay of the losses allows the

2The factor 1 encourages the network to concentrate moreme'[h(?d to eventually reach a trade-olff between the number
on transportation than reconstruction. of active keypoints and covered spatial entropy.

2.2.3. THE MINT LOSS& AUXILIARY LOSSES

X
Lo = Kimin(max( cy :0); ®)
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Figure 4.Qualitative results on CLEVRER for Task | (object detection and tracking) and Task Il (learning dynamics). Our method is able
to assign keypoints to all objects, independently of whether they move or not, and follows their trajectory. The number of keypoints is
dynamically adjusted to the number of objects. Future states, the predicted keypoint and trajectories, are transparent.

Table 1.Quantitative evaluation of keypoint detection and tracking on CLEVRER{al., 2019.

Method DOP * TOP * UAK + RAK +
MINT w/o Reg. (ours) 0.918 0.073 0.897 0.078 6.793 1.956 2.478 0.865
MINT (ours) 0.855 0.118 0.838 0.121 0.889 0.639 1.123 0.448
Transporter 0.787 0.113 0.745 0.119 18.417 1.639 1.157 0.323

Transporter-modied  0.832 0.107 0.794 0.114 16.267 2.349 1.764 0.671
Video Structure 0.567 0.256 0.543 0.253 18.104 3.538 1.922 0.652

Table 2.Prediction success rate on CLEVRER ét al., 2019.

Method 1-step prediction  2-steps prediction  3-steps prediction
MINT (ours) 0.844 0.116 0.827 0.126 0.811 0.132
Transporter 0.746 0.116 0.716 0.120 0.692 0.122
Transporter-modi ed 0.814 0.099 0.791 0.106 0.769 0.110
Video Structure 0.734 0.124 0.719 0.125 0.699 0.127
The active status loss optimizes We compare against baselines for unsupervised end-to-end
keypoint representation learning frordeos To the best of
1 X 0 our knowledge, the only baselines in this context (cf. Sec-
Ls= Kk S (9)  tion 4) areTransporter (Kulkarni et al, 2019 andVideo

i Structure (Minderer et al.2019. Additionally, we include
Transporter-modi ed , a modi ed version with a smaller

of all losses (with a dedicated weighiper loss), with the receptive eld that we designed for comparison. Further, we

weight of the status loss reversed to schedule it according t\(ldvc;(r)n pRZre)td:rllZl;r\:vgzgl_‘g_heenge%ul\lﬁ\ziifen dt?g;tﬁlggllx trac-
the percentage dflE, 9/,

tion. We report statistics for all quantitative results over 5
seeds. An extensive ablation studyMINT is provided in
(10) AppendixE.1land baselines are discussed in ApperieliX

The overallMINT lossL ynT is @ weighted combination

Lmnt = melme+ wmcelmcet Lt
+ 0L0+(1 L ME) SLS: . . .
Downstream task |: Object detection and tracking Cap-
Further information about the hyperparameters are availablturing scene structure requires detecting all objects in an

in AppendixE.2. image, while object tracking is essential for representing
the scene's dynamic$4INT can successfully train a spatio-
3. Experiments temporally consistent keypoint representation on videos,

leading to its natural application for object (static/dynamic,
We evaluateVlINT on four datasets ranging from videos of appearing/disappearing) detection and tracking.
synthetic objects — CLEVRERY{ et al.,, 2019 and MAGI- We use CLEVRERYi et al., 2019, a dataset for visual
CAL (Toyer et al, 2020 — to realistic human video demon- reasoning with complete object annotations, containing
strations — MIME Gharma et al.2018 and SIMITATE  videos with static and dynamic objects, with good vari-
(Memmesheimer et al2019. Our experiments show the ability in scenes, as a testbed. To quantitatively assess the
ef cacy of our method as a representation for different tasksperformance oMINT, we developed evaluation metrics for
and we provide quantitative resultsr.t. evaluation metrics CLEVRER. We propose theercentage of the detected ob-
(for object detection and tracking on CLEVRER) for sev-ject (DOP) and thepercentage of tracked objects (TOP)
eral downstream tasks (learning dynamics on CLEVRER&s two metrics, with higher values corresponding to better
imitation learning on MAGICAL), and qualitative results keypoint detection and tracking. A keypoint detects an ob-
on the challenging datasets of MIME and SIMITATE. ject if it lies on its mask, and tracks it, if it detects the same
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Figure 5.Come-and-go scenario in MIME. The hand enters after
the start of the video and departs before the end. We plot th&
number of active keypointe.r.t. time. Transporter Kulkarni  of four-time steps. We compare the prediction against the
et al, 2019 has a xed number of keypoints. Video structure groynd truth position of the object in the predicted frame
(Minderer et al, 2019 increases the number qf a_ctive keypoints using CLEVRER Yi et al., 2019. We report in Table?
n’g::;g%;;&g ﬁﬁgizrf(’)ﬁféjg;ggés when it disappeiier the rat'io of'successfully predigted 'objedte.( a predicted
keypoint lying on the same object in the next frame) to the

S . _— . ground truth number of objects in the next time step. The
object in two consecutive frame. ASS|gn|_ng keypoints to ar'(:omparison demonstrates that keypoints detected by our

eas already represented by other keypoints or empty SPaCERathod represent the scene better than the baselines and
signals bad keypoint detection. To evaluate these cases, VK

7! ) . G‘elp to predict the next state. Figuteshows the prediction
de ne two additional metrics for thEEdund_ant keypomt performance using different keypoint detectors.
assignment (RAK)andunsuccessful keypoint assignment
(UAK) , with lower values corresponding to better detectionDownstream task II: Object discovery in realistic scenes
The metrics are described in detail in Appenix Our method addresses challenging aspects beyond synthetic
We train all keypoint detectors on a subset of 20 videoglatasets. We evaluate the keypoint detectors on two addi-
from CLEVRER and test them on 100. The train-test splittional datasets: (1) MIMESharma et a]2018: a collection
emulates a low-data regime and tests the methods' geof close-up videos of human hands manipulating objects,
eralization abilities. As seen in Table MINT w/o Reg. and (2) SIMITATE Memmesheimer et al2019: a video
detects more object®(OP) and tracks them betterOP),  dataset of humans performing manipulation tasks in wide-
showing the bene t of our information-theoretic losses. Theview cluttered scenes. Since no annotations are provided in
proposedINT model exhibits the best trade-off between these datasets, we perform only qualitative analysis.

superior performance against the baselines on all metric% MIME. the human hand enters and leaves the scene
and better handling of keypoint assignmeréi andRAK) abruptly, 'allowing to evaluat®lINT in come-and-go sce-

than MINT w/o Reg. This is due to the computation of the narios as shown in Figuf MINT only activates the nec-

supervisory entropy signal being overestimated, but the re%’ssary number of keypoints, while Transporter uses a static
ularizers balance this effect. See visual comparisons irﬁ '

: : . . . umber, and Video structure fails to deactivate the exces-
Figure4 or in t_he video r_esult%,and more discussion about sive keypoints when the hand disappears. FigusBows
the ablations in Appendik. 1. the number of active keypoints over time, revealing our
Downstream task II: Learning dynamics Proper object method's superior performance for the number of keypoints
detection allows us to learn the underlying dynamics thagind the qualitative representation of objects in the scene.

eyolve in a scene. We test the_ represent_at_ion power of thJlahe qualitative results for SIMITATE in Figuré, on the
discovered keypoints by training a prediction moded.( other hand, show that onlyIINT can disambiguate be-

a modgl predicting the next state of the object-s) using th een static and dynamic objects, tracking human move-
pre-trained keypoint detectors from_ T?Sk | (using the beshwent, while maintaining the structure of the keypoints rel-
seed for each method). The pred|ct!on model treats th tively constant over the static objects. The baselines rely
keypom.ts as graph nodes in arrteractlon. Network (”\.I) on reconstructing the movement, failing to represent the
(Battaglia eF al. 2014 to model the rel_atlonal dynamics scene's structure. The qualitative results reveal the need for
(cf. AppendixE. ). V.V.e train the predlct_|on mpdel to fpre- the conditional entropy loss (forcing attention on moving
cast the future positions of the keypoints given a hIStoryobjects when the number of available keypoints is restricted)
3Videos on the websitittps://sites.google.com/ and the information transportation loss (ensuring the spatio-
view/mint-kp . temporal consistency). We further include ablation study
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Table 3.Average score for imitation learning on MAGICAO@yer et al, 2020. Higher values are better.

Method MoveToRegion MoveToCorner MakeLine
Demo TestJitter Demo TestJitter Demo TestJitter
MINT (ours) 1.00 0.00 0.86 0.31 1.00 0.00 0.80 0.34 0.2 0.22 0.06 0.14
CNN 1.00 0.00 0.84 032 0.74 035 0.30 0.38 0.00 0.00 0.01 0.06

that may provide a better representation of the keypoint-
\ﬁ\ induced graph. Another promising direction is to boost a

ﬁ/ = reinforcement learning agent with the imitation learning

é policy. However, this is out of the scope of the current work.

Figure 7.Keypoint-based imitation learning in MAGICAL. The Limitations. Our method relies ofSE after Itering high-
gure showcases the MoveToCorner environment, where oufrequency color changes. As a result, the method has dif -
agent's objective is to move the purple object to the top-left cornereities in recognizing transparent objects and objects with
Our approachMINT, enables the agent to observe keypoints thatyyo same color as the background. We plan to investigate
describe the environment and predict the next action accurate%e integration of implicit representation learning to coun-

We demonstrate the effectiveness of our method by training th?eract this issue. Another limitation is the interpretation
agent to imitate expert trajectories. The visualization overlays ) P

MINT keypoints on sample frames from a successful rollout. of the keypoints in the thr_ee-dimensional Space. Th_e cur-
rent method operates on images and does not provide 3D

results on both realistic datasets in Appendis. information. Adding depth information or extending to a
multi-view setting are options for future improvements. Our

:?]OV}’Psrgi?(;n ti‘:‘krlnv: Ini1|tat||o: Ieatlrr::(rjligg]. Irr;:taI\ItK;]n Ie;arrn- nmethod can use high-level features from a pretrained en-
gtro Jeo frames 1S a fong-standing challenge 1or CoNe., 4o 15 astimate the entropy, which may solve the current
trol. Keypoints can de ne a low-dimensional representation

. . limitations. However, while we treated pixels as discrete
that .COUId re_duce the _comp_utaﬂonal b‘!rde_'? C0ns'derabl}(:andom variables with RGB values, high-level features lie
In fch|s experlmen_t, we Investigate the _smt_ab_|l|ty of our k_ey'on a continuous latent space and, therefore, would require
pomt representation for control tasks, I|_ke Imitation Iearnlngvariational inference techniques. This direction would re-
n l\:IAGIISI'IA‘\::I_( Toyztzréat al, 20t20t§cf. Eégure:). WS.fFSt ¢ quire a new treatment compared to our current analysis that
tprekralq_h on h (T(mong rfl(;otn V,: eosdrf”? Merent \elies on discrete probability theory, which goes beyond
asks. then, we xthe keypoint detector and train an _agen{he scope of the current paper that lays the ground for such
to mimic the demonstrated actions, usingdnBattaglia

et al, 2016, followed by a fully-connected layer that de- future work.
codes the actions (cf. Appendix4). The agent uses as
input the observed keypoints from four frames. We also. Related Work

found it useful to predict the next state as an auxiliary tas‘ﬁ?epresentation learning. The idea of extracting sparse

We compare th#INT-based agent against an agent thatfeature representations of high-dimensional visual data is

uses a CNN to extract features directly from plx_els. Thedominant in computer vision and machine learning research

%Harris et al, 1988 Lowe, 2004, and connects to the func-
tioning of the human visual systenviérr, 2010. Such
sparse representations are generally knowRa@swhich

are 2D locations that are stable and repeatable under various

(cf. AppendixE.5). We consider three environments with
different levels of dif culty; MoveToRegion move an agent
to a speci c region, only the agent is involved (eadylove-

ToComer e ofct o e L e o e 09 gnung contons and viewpoimCeTone e o.2019
ltivle obiects in a line. four obiects and thé agent areTrad|t|0_nal geometric computer vision me_thods relied on the
ir:\lljol\t)e d (h ajlr d). We evaIu:':lte the | eJarne d polic gent extraction of hand-crafted feature descriptdrsvfe, 2004
) ' . POIICY On ENVINONE 13166 6t a].2017) for tasks like localizationgchmid et al.
ment instances from demonstrations (Demo) and randoml

L . . %OOQ Mur-Artal et al, 2015. In the deep learning era,
|n|t|a||_zed (Test.]rgter). The re.SUItS m_TakBgeveaI that a CNN architectures have proven superior to handcrafted fea-
pretrained keypoint model witRIINT is suitable for con-

tures {Yi et al,, 2016 DeTone et a.2018 Song et al.202Q
PZheng et al.2017). Deep approaches extract clouds ol
that are useful for correspondence searching in visual place
; L . recognition from different viewpointdHausler et a.2021),
We hypothesize that there is still room for improvement toOr pose-estimation for controFlorence et al.2019. Re-

tmt!easfh the p;ot:angal dﬂ.l NbT spegse .ketypomt FEPresen- | ted to our method are object-centric approaclsasgh
ation for control. one viable option IS 10 US€ a MOTe €X+o 5 5021 | catello et al, 202Q Dittadi et al, 2022,
pressive network architecture (e.g., graph attention network?

to a task-speci c CNN-based agent (cf. Appenéi for
more details).
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which aim to learn abstract representations for objects in @aeconstruction, which would require an additional appear-
scene. Our approach to keypoint discovery, alongside ousnce encoder and a reconstruction decoder from keypoints.
metrics, are directed at learning and evaluating keypoints aGopalakrishnan et a{2021) devised a three-stage architec-
an object-centric representation. ture that rstlearns a spatial feature embedding, then solves
a local spatial prediction task related to object permanence,
and nally converts error maps into keypoints. However,
this method operates on single images and does not consider
the temporal consistency of the extracted keypoikitdd T,

on the other hand, is a parameter-ef cient single model that
provides spatio-temporally consistent keypoints in videos.
To the best of our knowledgeKglkarni et al, 2019 Min-

Image information entropy. Our work draws inspiration
from classical approaches in saliency detection in image
that use local information to detect salient entitikadir

& Brady, 2001, Bruce & Tsotsos2005 Fritz et al, 2004
Renninger et al2004 Borji & Itti , 20129). Bruce & Tsot-
s0s(2009 proposes that regions with high self-information

typically correspond to salient objects, xe et al. derer et al.2019 are the only comparable methods that

(2010 quanti ed objectiveness by self-information approxi- set the state-of-the-art for unsupervised temporal keypoint

mated via center-surround feature differences. Extracting. . .
. . i . ; 91|scovery, also proven by their successful adoption for be-
sparse feature representations of high-dimensional visual, o, recognition Bun et al, 2022, causal discoveryi§

datais also dominant i@V (Harris et al, 1988 Lowe, 2004
DeTone et a.2018. TraditionalCV methods relied on the etal, 2020, and control Bechtle et al.2023.

extraction of hand-crafted feature descriptdrawe, 2004 In Appendix G, we also discuss the use of information-
Rublee et al.2011;, Schmid et al.200Q Mur-Artal et al,  theoretic measures in deep learning.

2015. Notably, image information entropy has additional

applications in variou€V problems, like image registra- 5. Conclusion

tion (Sabuncu2006, active vision Ferraro et al.2002),

medical image analysi$ifzi€ et al, 2019, nuclear detec- We presente®INT, a novel unsupervised keypoint repre-
tion (Hamahashi et 812009, image compressioMinnen  sentation learning method from videos using entropy-based
etal, 2018, and image randomnesd/( et al, 2013. Our intrinsic supervisory signals. We treat keypointgrassmit-
method proposes information-theoretic losses based on thersof information, and de ned a deep model that learns con-
ISE (Brink, 1996 Razlighi & Kehtarnavaz2009. The use sistent keypoint representations from video frames, thanks
of ISE was prevalent irCV applications for image recon- to two original losses; an information maximization loss
struction Gull & Daniell, 1978 and in Markov Random and an information transportation loss. These losses drive
Fields (i, 2009 Razlighi et al, 2009. the keypoints to cover areas of high spatial entropy, while
ensuring spatio-temporal keypoint consistency. Auxiliary
losses enabl®IINT to learn to switch on/off keypoints

2019, or human joints Cao et al, 2017 McNally et al, when required t.o preserve the mforma‘uon ow. Our experi-
- . mental evaluation showcased the superior performance of
2022, but most methods rely on explicit annotations of

keypoint locations. Related to our work are unsupervisec?ur metho_d on various _downstr_ea_lm tasks_, ranging from ob-
methods for keypoint detectiorlakab et al(2018 use ject detection to dynamics prediction and imitation learning.

an autoencoder architecture with a differentiable keypoin{vI oreover, we showed qualitatively thaliNT tackles key

bottleneck trained on the difference between a source andcahallenges in realistic scenarios, such as attending to static

target image, trying to restrict the information ow. MINT and dynamic objects and handling appearing/disappearing

also uses a differentiable keypoint representation, but it Opentltles. Overall, we proposed a method for learning reason-

erates on the output of an hourglass architecture. Our resul%ble keypoint representations from videos purely unsuper-

suggest that learning to redistribute the information afte?"sed’ with promising results for future applications.

compression is bene cial for keypoint discovefydwell
etal, 2016. Minderer et al(2019 use a similar architec- Acknowledgements
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A. Architecture

This section contains additional information about the model architecture in S@ctiamplementation details on how to
get the keypoint coordinates from the feature map, and the heatmaps for keypoints to ensure reproducibility.

A.1. Keypoint Model

The backbone of our model is an hourglass architectiewgll et al, 2016, followed by a soft-argmax operator to receive

the coordinates of the keypoints. Keypoints provide a low-dimensional representation of high-dimensional RGB images.
Therefore, many keypoint detection techniques are inspired by the autoencoder architécagtlfow et al. 2016

which uses the bottleneck to consolidate the information into a reduced dimensionality for keypoint exthdirtoerer

et al, 2019 Kulkarni et al, 2019. Instead, we suggest taking an hourglass architectliegvéll et al, 2016 which

upscales the compressed information again and outputs several feature maps with high activation in places with eminent
information Ewerton et al. 2021 Xu & Takang 2021, Newell et al, 2016. This allows the network to predict the
information at the original image size yielding ner resolution of the coordinates and correspondence to the original pixels.

Our keypoint detector consists of an hourglass convolutional neural network with three convolutional layers, with kernel sizes
of 5; 3; 3 and strides 08; 2; 2, respectively. The upsampling part of the model consists of three transposed convolutional
layers, with kernel sizes &, 3; 3 and strides ofl; 2; 2. The number of input and output channels for each layer depends on
the number of keypoint& and the number of input image chann€lssee Tablel. The result is passed through a softplus
layer to ensure the positivity of the feature maps. Lastly, we append a spatial soft-argmax layer (see Ap@ghaliget

the coordinates of the keypoints from the feature nfapVe initialize all the convolutional layers with Xavier's normal
initialization (Glorot & Bengiq 2010 and add a leaky ReLU activation and a batch normalization layer after each of them.
We normalize the input to the ran§e0:5; 0:5]. The total number of the parameter®g 725for the input of size 320420.

Table 4.Architecture details for an RGB image 820 480andK = 25 keypoints. There is a leaky ReLU layer and a BatchNorm2d
layer (50 parameters) after each convolutional layer.

Layer (type) Input channels  Output channels Kernel size Stride  Output shape # params
Normalize-1 C C - - [3, 320, 480] 0
Conv2d-1 C K 5 3 [25, 79, 106] 1,900
Conv2d-2 K K 3 2 [50, 26, 35] 5,650
Conv2d-3 K 2K 3 2 [50, 26, 35] 11,300
ConvTranspose2d-1 2K 2K 3 1 [50, 53, 71] 22,550
ConvTranspose2d-2 2K K 3 2 [25, 107, 143] 11,275
ConvTranspose2d-3 K K 3 2 [25, 107, 143] 5,650
Softplus-14 K K - - = 0
SpatialSoftargmaxLayer-15 K K - - [25, 2] 0
Final output [25,3] total: 58,725

A.2. Feature Map to Keypoint

The coordinates of the keypoints are determined by the location of the maximum value in its corresponding feature map.
The argmax operator is not differentiable, so we opted to use a differentiable spatial soft-argmax as an alternative to extract
the keypoints coordinates from the feature maps. The spatial soft-ardpearé et al, 2016 takesK 2D feature maps

f () one for each keypoirk;, attens the feature maps and computes the weighter each pixel

f (D max (f (V)
e
w = P

o 0 max (1) (11)

Before applying the softmax, we subtract the maximum value from the input, which does not change the output of the
softmax but helps for numerical stability. In order to map the weights to coordinates, we generate a mesiQridyrid )

of x andy coordinates, with the same size as the input image. We atten the mesh grid and compute the expected keypoint
coordinate$®;; ¥ ] as the weighted sum of the coordinate grid with This process is visualized in Figuge
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Figure 8.Feature map to keypoint (spatial soft-argmax). The keypoint detector outputs a featuré nfapeach keypoink). The
spatial soft argmax operator polls the coordinates of the keypaintyi] in a differentiable way by attening a mesh grid of coordinates
and using the feature-map values as weights to vote for the coordinates of the maximum value.
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Figure 9.Keypoints to heatmap. We build the heatni# centered at the coordinates of a keypdifit in a differentiable fashion. The

process starts by computing the distances between the center and all the pixels forming a 2D distances image. Inducing the distances into
Gaussian forms a multivariate Gaussian distribu@h over the image, whose mean is at the keypoint coordinates. Thresholding and
clamping the Gaussian gives the nal heatmap, which represents a keypoint's information coverage.

A.3. Keypoints to Heatmaps

The heatmaps mask out the information coverage areas of keypoints, and are essential to de ne our losses. We developed
a differentiable way to generate heatmaps from keypoint coordinates. The hedthggneration for a keypoint takes
coordinates as a pair of real numbéxs; y;) 2 R2. We start by generating a pixel-coordinates array with the same width

and height as the original image W 2, where 2 denotes the coordinates of each gixgy) 2 N® W 2. Then we

compute the squared distance between the input and all the jpielg)  (xi;vi)ij3. We use the squared distance to
generate a Gaussian distribution around the input coordifites; ; y;) with a standard deviationg i .

The heatmap de nes the area and weighting of information belonging to each keypoint. The heatmap sheu@libd

the center of the keypoint, as the keypoint covers the information in this point completely, and descend gra@ually to
representing information out of reach of the keypoint. We achieve that by thresholding and clamping the Gaussian. We use a
threshold and a scaling factor for the thresholded Gaussian to get the nal heatraprable6 provides more details on

the scale of these hyperparameters. The process is visualized in Bigure

B. Entropy Layer

The entropy layer (Sectich 1) is one of the main modules of our method. For an input image, the entropy layer outputs the
image spatial entropy that is the basis for computing our intrinsic supervisory signals for our representation learning method.
In this section, we provide additional implementation details. We split the explanation into two subsddfjons:entropy

module de nition in PyTorchPaszke et 812019, and(2) the CUDA extension for the parallel execution.
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Figure 10.Entropy computation in the entropy layer (Appengix which consists of the entropy module and the CUDA extensidie.
entropy module takes as input an RGB imagiajut image, blurs it to get a smoothed imagenfoothimage), and uses the result to
sharpen the input image (we get tearpimage). The nal preprocessed imag#yisionimage) is the result of dividing the sharpened
image €harp by the blurred imagesmooth). Further, the entropy module extracts non-overlapping patches and forwards them to the
CUDA extension CUDA extensioncomputes the region histograms for each region (pati) b; R(X; y)), and uses the histogram to
compute the probability of each bjgb; R(x;y)). The entropy of a pixel at locatiofx; y) is Shannon's entropy of the region around

it H(I (x;y)) depending on the probabilities of the color values inside that region. Thespatial entropy imagés formed by the
individual entropies of pixels. Our CUDA extension provides a highly ef cient and parallelizable implementation for the process.

B.1. Entropy Module

The entropy module is a PyTorcRgszke et al2019 module, which preprocesses an input image and forwards it to the
CUDA extension for ef cient entropy computation. The input of the entropy module is an RGB image" W 3. The

input image is rst processed to remove high-frequency color changes. The processing is completely vectorized to allow
ef cient execution using PyTorch during training. The processing of the input image starts by blurring the image using an
average blur layer, followed by sharpening the result, and nally dividing the sharp image by the smooth imagel®igure
shows an example of the intermediate steps of the entropy layer.

Before forwarding the processed image to the entropy function, we generate the neighborhooR ¢egygrfor each pixel
location(x;y). These regions have square shape with the corresponding piy@lbeing the center. Instead of iterating

over all the pixels with for loops, we use the stridden operation to factorize the extraction of the regions. Using strides
to extract the regions aligns with how the image is stored in the memory and does not create overhead. These tricks are
essential for the ef ciency of our entropy layer.

B.2. CUDA Extension

The CUDA extension is a high-ef cient program for parallel image spatial enti§gycomputation, according to the
monkey model entropy (MME)Rrink, 1996 Razlighi & Kehtarnavaz2009, for which we need the histogram of the color
values. The naive histogram computation via vectorizing the code requires computing a pairwise distance matrix between
each pixel with every histogram bin, corresponding to multiplying the number of possible regions by 256. This causes
exploding GPU memory requirements (more than 50GB). Motivated by this observation, we present an ef cient entropy
layer based on kernel density estimation in this work.

To estimate the value for each histogram binside a regiorR(x;y) (patch) centered on pixel at locatiéx; y), we use
the kernel density estimator
I (Xn;yn) b

X
f(b; x;y) = K( 5

(Xn3yn)2R(xy)

) (12)

wherel (X, ;Yn) is the pixel value at locatiofx,, ; yn ) inside the regiolR(X; y), andB is the bandwidth, used as a smoothing
parameter.
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We follow (Avi-Aharon et al, 2020 and use the derivative of the logistic regression function, the Sigmoid func{ipnas
a kernelK (%), that is for a variabler

KM= & = () (V: (19

The integral of the functioﬁ\(b; X;y) de ned in Equation {2) over the region gives the histogram value of thebim a
color channet:

X (Ic(xn;yn) b L=2

(Ic(xn;yn) b+ L=2
B

hist .(b; R(x; y)) = B

) ) (14)

(xn3yn)2R(xy)

whereL = 1=256is the bin size, so that each bin represents a color value. We get the probability of each color value by
dividing the sum of the histogram values by the size of the regigrand the number of channels

X
P0Gy = POIRKGY) = ci  histe(biR(GY)) 1s)
IR c2f r,g;bg
The entropy of the pixel in the center of the patch is

X

H((x;y)) = P(l (Xn; yn)) log(p(l (Xn:Yn))) (16)
(xyvn)Z R(xy)

= p(b; R(x; y))log(p(b; R(x; y))) : a7)

b2 [0;255]

The entropy module uses our entropy function, implemented as an autograd function in PyTorch, to realize the CUDA
extension of the entropy computation. The input to the entropy function are the regions of the preprocesseld (rgges

The CUDA extension allocates a GPU block for each region, hence, the grid size equals to the number of all possible regions
for all images in the batch. The block size2B86threadsj.e., a thread for each bin Each thread iterates over the whole
region and computes the histogram of its corresponding bin Vedweording to Equationld). Then, it normalizes the

result by the region size and the number of channels to get the probability according to Equigtiéinally, each thread
computes the entropy of the pixel (Equatidib)), which is equivalent to the sum of the entropy of the histogram bins

(Equation (7).

C. Proofs
C.1. Proof of Proposition2.1

We can consider the network as an information channel similar to the information maximization principle (InfoMax)
(Linsker, 1988. The input of the network is the actual imageand the output is the masked imdgé by the keypoints.

We want to minimize the average probability of error of how well the outflutrepresents the information of the ingut

First, we will work on a pixel level to bound the probability of error in the intensity ofrifiepixel at location(x; y) in
images M andl, denoted apM = P(1:(x;y) 8 1M (x;y)). Images can in general be considered as lattices, with pixels
being the random variables over intensitieéin our case these are the number of bins in the histogram as described in
AppendixB).

Since the error event for the" pixel is a binary event, it follows tha" is a binary probability. Therefore, the average
error probability over all pixel®l of the image can be computed as

1 X
P =g P (18)

n

whereN = H W is the total number of pixels, computed as the product of the heiglwhd widthw of the image.

5The entropy layer is opensourcedhtips:/github.com/iROSA-lab/MINT
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On a pixel-level, following Fano's inequalitySabuncu2006 Scarlett & Cevher2019 Tandon et al.2014 and assuming
that then®™ pixel in position(x; y) in an image can take a value uniformly Bnwe get

H o6yl (6y)) H 2(PM)+ PMlog(iBj 1); (19)

whereH,( )= logt+(1 )log ;3 is the binary entropy function (with maximum entropy corresponding to 1),
andB is the support of the pixel value.

Equation (9) can be further bounded &‘sg(P--(”)) log2 andjBj 1 jBj . Moreover, since a pixel is uniform gBj its
entropy can be consideréti(1;(x;y)) = log jBj. Therefore, we can further bound Equatias)(as

H(( )il (xy))  log2+ P{ log(jBj) (20)
Ho(eyil (xy) H ((xy)  log2+PMlog(Bj) H (I¢(x;y)) (21)
Iyt (xy) @ PM)log(jBj) log2 (22)

(n) L (y); 1 (xy)) +log 2
, P! 1 |(t)ngj : (23)

The mutual information of two random variables is upper bounded by the minimum entropy of the marginals, therefore,
LGy M y))  min(H(:(xy)); H(IM (x;y))) . But the masked image will by de nition represent less infor-
mation than the original image, therefore, we hayk (x;y); 1M (x;y)) H (1M (x;y)). We can take thevorse case
scenarioand assume (1 (x;y); 1M (x;y)) H (1M (x;y)) (Murphy, 2022. Therefore, Equatior?@) becomes

pM 1 H(IM(x;y)) +log2
logjBj

(24)

which bounds the error on the information carried by a pixel in the masked image.

To acquire the bound of the average error probability in Equati8) (ve sum Equation24) for all pixels and divide byN
to get

P P
1 X oy HOM (cy)+ ) log2

1
- (n) -
N, i N ! N logjBj (25)
Py
P. n H({{" (Xn;Yn)) log2 26
N logjBj logjBj -
O

C.2. Proof of Lemma2.2

We rst derive the complete proof for the relatidgh(X;Y ) max(H(X);H(Y)) 0 that holds for any two discrete
random variables, as also statedlitufphy, 2022-Equation(6.10). Then, we extend this proof for the case of jGiat

Let X;Y be two discrete random variables, and the respective entropies are lower-béupxied O, H(Y) 0. The
joint entropy between the two random variables can be expressed as
H(X;Y)= H(X)+ H(YjX)= H(Y)+ H(XjY): (27)

As any conditional entropy is greater or equal to zero, weHjet; Y ) H (X), and similarlyH(X;Y ) H (Y). If
H(X) H (Y) then

HOGY) H (X)) H (Y): (28)
fH(Y) H (X)then

HOGY) H (YY) H (X): (29)

"Fano's inequality uses information-theoretic measures to provide the relation between the average information loss from a noisy
channel and the probability of categorization error.
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Therefore, for discrete random variables, we get the lower bound of the joint entropy as

H(X;Y) max(H(X);H(Y)) O0: (30)

Following the previous derivation, when considering two images, whose pixels are discrete random variables over
intensitiesB, we can lower bound the joint image spatial entropy by the pixel-wise maximum of the two ma&jnal

H(l1;12)(xy)  max(H(1(xy)); H(I12(x;y))) : (31)
O

Given this lower bound we can approximate the 0B as
H(l1;12)(x y)  max(H(11(x;y)); H(l2(x;y))) (32)

O

Remark Approximating the joint entropy by the lower bound corresponds to the worst-case scenarioNE Eless.

Hence, the approximation ensures better information reconstruction according to Catdlavieanwhile, given that the
spatial mutual information of two images is upper bounded by the joint entropy, and since the maximization of the mutual
information optimizes the keypoint transportation over frames according to Propdsij@pproximating the joint entropy

by the lower bound corresponds to a higher probability of reducingthess.

C.3. Proof of Proposition2.4

Due to the process of information transportation of the keypoints, we try to reconstruct the information each keypoint carries.
Therefore, we can again leverage Fano's inequaBaflett & Cevher2019, to provide a lower bound for the average
error probability of information transportation per keypoint.

We formalize our error probability of information transportation of khekeypoints as the per-pixel error evatt’ =
P(l:(x;y) 6 Rt(')(x; y)), i.e, aggregating the reconstruction from all keypoints. Therefore, from Fano's inequality similar
to Equation {9), we have the per-keypoint inequality for each keypéitt

HGY)IRD(Gy))  Ha(PT®)+ PO og(B]  1): (33)

Following similar derivation steps as in Appendixl, we end up in the equivalent version of Equati@f)(

LIy ROGy) (@ PT)log(jBj) log2, (34)
(i (1 ()R (xy)) +log2
p.T 1 Iotngj ; (35)

Note that we assume th€ operation per keypoint, independently, and assuming that it is an exclusive event. Therefore,
every single transportation is bounded by Equati&).( O

D. Evaluation Metrics for Object Detection and Tracking

Each keypoint should provide a representation of a feature in an object, and keypoints should be distinctive and distributed
over the scene. Keypoints assigned to empty spaces are considered unsuccessfully assigned. To judge the performance of
our method, we propose metrics that use the object masks provided by CLEWRERa(, 2019 over a set of test videos

V, each of which is of length .

D.1. Percentage of the Detected Objects (DOP)

We consider an object detected if there is at least one keypoint on its Miggk At each time frame, we count the
percentage of detected objects with respect to the ground truth (GT) number of objects and average these values over the
whole video. We get the nal result by averaging the value over all the videos in the test dataset. Better detection corresponds
to a higher percentage of detected objects.
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1 X/ )J Ndetected

Mpor = o—= ; (36)
VT o Ner
whereNgetected 1S the number of detected objects (at least one keypoint lies in the object mask)
" #
X X
N detected = [((xisyi) 2 Mobj) > 0 (37)
obj20 i=1

with Ngt being the ground truth number of objects @ds the set of all objects in the scene.

D.2. Percentage of Tracked Objects (TOP)

We consider an object tracked if there is at least one keypoint on its mask in the current and the previous timeframe. At each
time frame, we count the percentage of tracked objects with respect to the ground truth (GT) number of objects and average
these values over the whole video. We get the nal result by averaging the value over all the videos in the test dataset. Better
detection corresponds to a higher percentage of tracked objects

_ 1 X/ )@— Ntracked .
Mtop = 57— —_— (38)
VT g Ner

whereNyackeq IS the number of tracked objects (at least one keypoint lies in the object mask in time frames t and t-1)
" #
X X (1) (t 1)
Niracked = (XY 2 Mobj] [((xisyi)e 12 Mobj )N >0 (39)

obj20 =1

D.3. Unsuccessful Keypoint Assignment (UAK)

A keypoint is unsuccessfully assigned in a time frame if it does not belong to any object. We average the number of
unsuccessful keypoint over the whole video, and then over test videos to get a global value over the testset

XX
v T v=l t=1
whereN  is the number of unsuccessful keypoints (does not belong to the sum of the masks)

Muyka = Nuk ; (40)

X X
Nu = [((xi;yi) 2 Mopj) : (41)
i=1 obj 20

A lower unsuccessful keypoint assignment melfigka corresponds to better keypoints activation.

D.4. Redundant Keypoint Assignment (RAK)

Assigning keypoints to areas already represented by other keypoints signals bad keypoint detection. The RAK metric
accounts for the number of keypoints over the area of the object. The number of keypoints on an object mask should be
proportional to its ared . . We assume a keypoint can represent some area of pixelf the keypoints cover the object,

the RAK metric will have a value of 0, with higher values if more or fewer keypoints were assigned to that object.

M _ 1 XXX Ao Adnon] (42)
RAK"V T O Aob :

v=1 t=1 o0bj20

whereA\ is the representation area of a keypoint (e.g. average object areas in the dajgsstihe area of the object's
mask andhop; is the number of keypoints assigned to the object
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X
Nobj = [((Xi;Vi) 2 Moy)  foreachobj2 O: (43)
i=1

The lower the value dl rak , the better, because more ef cient, is the distribution of the keypoints.

The metrics collectively judge the ef cacy of keypoint detection and tracking methods, where only detected objects can be
tracked, so the DOP metric is an upper bound for the TOP metric. The value of the metric RAK will go to one in the case of
not detecting any object, but can go higher in case of assigning redundandant keypoints to the same object. Following this
observation, we recommend judging the value of the RAK metric jointly with the value of the DOP metric.

E. Additional Experimental Analysis
E.1. Ablation Study

Our method for unsupervised keypoint discovery in video streams uses a collection of information-theoretic losses and
some regularizers. In the ablation study, we investigate the role of each component and discuss our design choices. In
the following, we analyze different design choices like the entropy region size, the conditional entropy in the information
transportation loss, and the regularizers.

Ablation analysis. Using the proposed evaluation metrics, we analyzed several aspéttis 6fon CLEVRER i et al.,

2019. We report the results in Tabte

Since we compute the local entropy using the probability of the pixel value in its neighborhood region, we investigated the
effect of the region size on the performance by varying the region size while using the information maximizatidre(IM) (
masked entropy (MEandmasked conditional entropy (MCHpm Section2.2.7) loss alone. The results show that a region

of size5 5 gives the highest values for tipercentage of the detected object (D@R¥percentage of tracked objects
(TOP) metrics. We observe also that increasing the region size led to an increassuitcessful keypoint assignment
(UAK), with a decrease iredundant keypoint assignment (RAKye hypothesize this is due to an over-smoothing effect of

the bigger region, which leaks some information outside the objects. We noticed, on the other hand, an increase in the order
of 30 minutes in the training time (50% of the training time) of one seed when increasing the region size by 2. Given the
marginal improvement and the need for more resources, we adopted a regionZiz&édr all of our experiments.

We examined the information-theoretic losses without regularization to ablate the additional hyperparamhétarsets the
contribution of the conditional entropy in theformation transportation (ITlpss. The results prove that adding conditional
information improves the keypoint detection, with= 0:5 giving the best results fddOPandTOPfollowed by =0:9.

The value ofRAK increases with lower, because keypoints seek the same areas of high information to reconstruct as
much information as possible, leading to the redundant assignment. The introduction of conditional entropy in the IT loss,
as describe in Sectioh2.2 helps mitigate this behavior by lowering the reconstruction error outside the transportation
regions,i.e., the keypoint position in the current and the previous time frame. We highlight two values from this part; with

= 0:5 we get the best scores fBIOP and TOP, while = 0:9 trades off well all of the metrics (we call this model
MINT w/o Reg. - highlighted in light blue, that is also referenced in Table

Next, we investigate the regularization terms proposed in our method: (1) the movement loss controlled by thayvigight

the information transportation loss, (2) the overlapping loss (O), and (3) the active status loss (S). We experimented with
all possible combinations of those regularizers. We can observe that the movement regularizer helps detiéése the
metric, as this regularizer stabilizes the keypoint movement and constraints the keypoints from jumping into the background.
The overlapping loss reduces tR&K value by almost half (from 3.982 to 2.079), but this comes with a higi#ét. The

status loss reduces thEAK but comes at the cost of lowBOP and TOP. Introducing the overlapping and the status loss
together allows better overall performance, where the overlapping loss increa8&3Rhé/e achieved the best trade-off
across all metrics by setting= 0:9 while using all the regularizers (highlighted in light green). We adopt this option for

our methoc MINT , and it proved to outperform the baselines both in the synthetic dataset (quantitatively proved i Table
and qualitatively shown in Figur®) and for realistic scenarios (Figurésand6).

Finally, we investigated the performance of the losses that work for single images, maiMthvwith the regularizers:

the active status loss (S) and the overlapping loss (O). This combination of losses does not use any temporal information,
hence, it can operate on static images. We train this combination of losses on CLEVRER, operating on single images. We
can observe that the model learns to track objects despite being trained on single images only. However, we argue that
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Table 5.Ablation study on MINT losses. We report the statistics of the metric values over 5 seeds. IM stands for the information
maximization losses (ME + MCE), IT for information transportatiordecides the contribution of the conditional entropy in the IT loss,

my is the movement regularizer weight in the IT loss, O is the overlapping loss and S is the active status loss. The ablations picked for
MINT w/o reg., MINT w/o Temp. and MINT are highlighted with light blue, light red, and light green consequently. The weight

scales used for all the ablations aige = wmce =100; 1+ =20; s=10; o, =30,andK =25. The * near the method's name
indicates a longer training time.
Method DOP * TOP * UAK + RAK +
IM (3x3) 0.951 0.042 0.929 0.048 6.777 1.369 3.885 1.090
IM (5x5)* 0.956 0.036 0.932 0.043 8.276 1.428 3.660 1.083
IM (7X7)* 0.951 0.041 0.926 0.048 9.946 1.593 3.098 0.959
IM+IT (mg =0, =0) 0.917 0.072 0.897 0.077 3.543 1.529 5.096 1.587

IM+IT (mg =0, =0.5) 0.935 0.058 0.916 0.063 4.754 1.463 3.982 1.226
IM+IT (mg =0, =0.9) 0.918 0.073 0.897 0.078 6.793 1.956 2.478 0.865

IM+IT (mg =0, =1) 0.916 0.073 0.895 0.078 5.645 1.873 2.336 0.768

IMHIT (mg = 1) 0.883 0.097 0.865 0.102 1.665 0.954 1.896 0.706
IM+IT (mg =0)+0O 0.921 0.066 0.898 0.073 7.769 1.880 2.079 0.604
IM+IT (mg =1)+0 0.879 0.102 0.861 0.105 2.196 1.228 1.705 0.582
IM+IT (mg = 0)+S 0.851 0.114 0.830 0.118 1.057 0.666 1.159 0.455
IM+IT (mg =1)+S 0.842 0.116 0.823 0.119 1.060 0.735 1.180 0.475

IM+IT (mg = 0)+S+0 0.859 0.112 0.840 0.116 1.130 0.710 1.324 0.508
IM+IT (mg =1, =0.5)+S+O 0.844 0.120 0.826 0.123 1.100 0.716 1.121 0.451
IM+IT (mg =1, =0.9)+S+O 0.855 0.118 0.838 0.121 0.889 0.639 1.123 0.448

ME+S+0O 0.849 0.115 0.826 0.119 0.958 0.615 1.142 0.446

MINT w/o Reg. 0.918 0.073 0.897 0.078 6.793 1.956 2.478 0.865

MINT w/o Temp. 0.849 0.115 0.826 0.119 0.958 0.615 1.142 0.446

MINT (ours) 0.855 0.118 0.838 0.121 0.889 0.639 1.123 0.448
K=10

IM (3x3) 0.879 0.085 0.847 0.095 1.662 0.781 1.536 0.554

the structure of our training process, which uses samples from a sequence of images, biases the model towards reducing
the movement of the keypoints while attending to features, leading to good tracking performance. We call this ablation
MINT w/o Temp. , and we discuss it further later.

We show that if we have enough knowledge about the environment and we can decide on the suitable number ofekgypoint (
K=10 keypoints for CLEVRER), then thaformation maximization (IMJoss alone is enough to get good performance (last
row in Table5), with low UAK and RAK, as the keypoint assignment is easier. We further discuss the two major ablations
MINT w/o Reg. anc MINT w/o Temp. in detail regarding their performance qualitatively on the realistic datasets.

MINT w/o Reg. With MINT w/o Reg. we refer to our method MINT without the regularization terigs, (1) removing

the regularization for the keypoints' movemeny = O in the information transportation loss, (2) removing the overlapping

loss o, =0, and (3) removing the active status logs= 0. Besides the quantitative results in TabJavhich show that the
information-theoretic losses can detect and track objects better than the baselines (outperforming all of the baselines in the
DOPandTOP metrics), we provide qualitative evidence of the performance of the proposed information-theoretic losses,
where MINT w/o Reg. can detect and track the object in synthetic (Figg)rand realistic scenes (Figur&$and12).

On the other hand, the experiments justify the role of regularization in stabilizing keypoint detection and removing excessive
keypoints. Figure.3from CLEVRER and Figurd 1 from SIMITATE show a better distribution of keypoint when using

MINT over MINT w/o Reg. We refer also to the zoomed-in regions in FigLB&vhere we show MINT w/o Reg. assign
keypoints around the object's edges due to the entropy overestimation; MINT regularizes the keypoint towards the center of
the object. Figurd 2 depicts the contribution of the regularization losses for economizing the number of used keypoints in
the come-and-go situation, allowing MINT to outperform the other models.

MINT w/o Temp. refers to our method MINT operating on single images without the losses that operate temporally over
two images. MINT w/o Temp. requires (1) removing the masked conditional entropyjess= 0, and (2) the information

8Video results for the ablation studiittps://sites.google.com/view/mint-kp/ablations
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Figure 11.Crowded scenes. A video from SIMITATE dataset with a human moving in a room. We compare MINT with its ablations
MINT w/o Reg. and MINT w/o Temp. from Appendix.1
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transportation loss;r = 0.

This ablation proposes good performance for keypoint detection on static images when using the losses that operate on
a single image. Tablé shows that MINT w/o Temp. can detect 85% of the objects in the scene while distributing the
keypoint reasonably. FigurE3 shows that the MINT w/o Temp. assigns keypoints to objects in the scene successfully.
Figure1l shows that MINT w/o Temp. can detect the human and objects in the background, but due to the lack of temporal
information, it does not concentrate on the moving objeets, (the hand of the human).

Overall, the full MINT model ¢f. Table5) trades off the need for good detection and tracking performance, but with a
reasonable distribution of keypoints, to adequately represent the information in the video when minimizing our information
theoretic lossed.€., maximizing the covered information entropy spatio-temporally), as dictated by Propo&iticarsd2.4.

E.2. Hyperparameters

Table6 provides the hyperparameters used for CLEVRERe( al., 2019 in our experiments. We use the same values
for all other datasets.e., also for MIME (Sharma et aj2018, SIMITATE (Memmesheimer et al2019, and MAGICAL
(Toyer et al, 2020. The only exceptions are the activation threshalthe std for heatmapg, and the threshold of the
heatmap , where these values depend on the size of the input image (= 15, ¢, =9:0, =0:1for MIME, =10,

g, =9:0, =0:5for SIMITATE, =10, g, =7:0, =0:3for MAGICAL). Our method requires a sequence of 2
frames for the loss computation, and we found that the batch size does not affect the training and can be chosen based on
the available GPU resources. In our experiments, we used a PC with a GPU NVIDIA Tesla V100-DGXSh82GB.
consumes around 5GB of GPU memory for a batch size of 32 and trains the model in around 1 hour and 5 minutes (for
each seed). We use the same weights for the losses in all experiments over different datasets, which suggests that the model
is robust against the hyperparameters. Moreover, we ran additional experiments on our benchmark with different sets of
hyperparameter<{, Table7), and the results were always close, which provides further proof of the robustness of our
method.

E.3. Baselines

Video structure (Minderer et al. 2019 is an unsupervised method for learning keypoint-based representation from videos.
Video structure learns a keypoint detectdf! (v;) = x, for a video sequenog that captures the spatial structure of the
objects in each frame in a set of keypoirts It learns a reconstruction modelF¢ that reconstructs frame from its
keypoint representatiaxy and the rst frame of the sequenge. An additional skip connection from the rst frame to the
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Table 6.Hyperparameters

Parameter name Valug Parameter name Valug Parameter name Value
learning rate 0.00% clip value 10.0 | weight decay 0.00001
epochs 100 | num keypointK p 25 number of stacked frames 3
activation threshold 15 entropy region size jRj 3 std for heatmap g; 9.0
Threshold for heatmap 0.1 | Thresholded heatmap scale 3.5 | CE contribution (IT) 0.5
movement weight (ITJng 1.0 | ME weight we 100 | MCE weight wce 100

IT weight 1 20 active status weights 10 overlapping weight , 30

Table 7.Hyperparameters experiments.

Hyperparams DOP * TOP * UAK + RAK +
=0:9
M = 100
T =10; s=0; ,=10; =4,m=0 0.917 0.070 0.894 0.076 7.606 1.509 1.978 0.593
Tt =10; s=0:1; ,=10; =4,m=0 0.913 0.073 0.889 0.078 5.813 1.325 1.887 0.587
T =10; s=0:1; ,=10; =4, m=1 0.879 0.097 0.859 0.102 2.468 1.087 1.710 0.585
=05
M = 100
T =10; s=1; ,=10; =4,m=1 0.870 0.107 0.852 0.110 2.418 1.121 1.606 0.574
it =10; s=0; o=1; =4,m=0 0.929 0.062 0.907 0.068 8.611 1.686 2.228 0.696
T =10; s=5; ,=10; =2,m=1 0.857 0.115 0.838 0.118 1.287 0.689 1.090 0.438
Tt =10; s=5; ,=30; =2,m=1 0.851 0.117 0.832 0.121 1.646 0.706 1.050 0.390
T =10; s=5; 0=30; =4,m=1 0.857 0.115 0.838 0.118 1.102 0.703 1.269 0.469
T =20; s=5; 0=30; =4,m=1 0.856 0.117 0.838 0.121 1.697 1.232 1.391 0.544
T =20; s=5; =30; =4,m=0 0.859 0.113 0.839 0.117 1.021 0.599 1.283 0.479
T =20; s=5; ,=30; =2,m=0 0.861 0.107 0.839 0.112 1.567 0.728 1.207 0.462
T =20; s=10; ,=30; =4, m=1 0.844 0.120 0.826 0.123 1.100 0.716 1.121 0.451
=0:7
i =100; ;v =20; s=10; ,=30
=4, m=1 0.845 0.120 0.826 0.123 1.256 0.975 1.041 0.450
=4, m=0 0.848 0.117 0.829 0.121 1.270 0.766 1.068 0.442
=2,m=1 0.846 0.120 0.826 0.125 1.545 0.946 1.020 0.384
=2,m=0 0.839 0.118 0.818 0.122 1.088 0.647 0.948 0.352
200 epochs
M :100; T :20; s:lO; 0:30,m:1
=09 =2 0.842 0.124 0.821 0.128 2.121 0.736 1.002 0.387
=05 =4 0.835 0.123 0.817 0.126 1.194 0.797 1.047 0.412
=07, =4 0.843 0.126 0.825 0.129 1.003 0.649 1.045 0.419
=09 =4 0.836 0.125 0.818 0.128 1.441 1.390 1.004 0.384

reconstruction model output changes its actual task to predictvy; hencev; vy = "¢ (vq; X¢).
The keypoint detector is trained to optimize three losses:
(1) L2 image reconstruction loss X
Limage: jiv 0”% ) (44)
t
wherev is the true and is the reconstructed image.
(2) Temporal separation loss penalizes the overlap between trajectories within a Gaussianggdius

X X d
L sep— eXp( Kk ) ) (45)
kKO Sep

P
wheredyko = Ti ikek Xk) (Xeko  Xo)jj3 is the distance between the trajectories of keypdiraadk®.
(3) Sparsity loss adds an L1 penalty on the keypoint intensifthe mean value of the corresponding feature map) to
encourage keypoints to be sparsely active X
Lsparse: I (46)
k
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Figure 12.Come-and-go scenario. In a manipulation video from MIME, the hand enters after the start of the video and departs before
the end. We plot the number of active keypoints w.r.t. timesteps. The results show the role of regularization in outMtethdaa
improving resource assignment and economizing the number of active keypoints.

A keypoint is active if the intensity is higher than a speci c threshtbld, the threshold is a hyperparameter that has to be
tuned depending on the video.

Transporter (Kulkarni et al, 2019 is a neural network architecture for discovering keypoint representations in an
unsupervised manner by transporting learned image features between video frames using the keypoint bottleneck. During
training, spatial feature mapgx) and keypoint coordinates(x) are predicted for a source frameg and a target frame

Xt using a ConvNet and KeyNeBéarroso-Laguna et al2019. The keypoint coordinates are transformed into Gaussian
heatmap# ().

A transported feature-maf(xs; St) is generated by suppressing both sets of keypoint locatiofg) and composing into

the feature maps around the keypoints fnom

"(xsist) . 1 h ) @ h ) X)+h ) (X): (47)

An additional re ner net learns to map the transported features maps into an®nabee learning objective is reconstructing
the target image; from the process. Hence, the Transporter optimizes the L2 reconstructioh e¥rgix; — R¢jj3.

Transporter-modi ed is a modi ed version of the transporter baselit@ikarni et al, 2019. The original implementation

of the method has two potential bottlenecks: (1) the feature mggshave a receptive eld of size 24 for each position,

for an input of size 128x128; and (2) the resolution of the feature maps between which the features are transported is
32x32. For fair comparison to our method, which uses an entropy region of size 3x3, we modi ed the network architecture
of ConvNet (x) to have (1) a receptive eld of 7 and (2) a feature map of size 122x122. We call the new architecture
Transporter-modi ed.

The experimental results show that the Transporter-modi ed model outperforms the original Transporter in the quantitative
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Figure 13.Qualitative results on CLEVRER dataset for Task | (object detection and tracking) and Task Il (learning dynamics). We include
results for all baselines described in Appendis.

evaluation on CLEVRER dataseYi(et al., 2019 (cf. Table1). We want to refer to the visual results in Figure that

show that the keypoints detected by the original Transporter (top middle image) are more stable than those detected by the
Transporter-modi ed (bottom middle image). We argue this behavior is due to the smaller receptive eld leading the model

to assign keypoints to features instead of objects, and thus keypoints jump to similar features in different objects.

E.4. Interaction Network Architecture

The interaction network (IN)Rattaglia et al.2016 is a model developed for learning the interaction relations between
physical objects to infer the physics of the environment. The interaction network treats the objects as nodes of a graph,
with the relations as edges. In our case, we use the keypoints as object nodes, with the coordinates, status, and positional
encoding as features. We form a fully connected graph of the keypoints, with no relational features for edges.

The interaction network used in our experiments has two sub-models; a relational model and an object model. The relational
model uses the relational information and object attributes to predict the effects of all interactions. The object model uses
the effects to update the features of the object. We encode node features before passing them to the interaction network.
After one pass through the interaction network, we decode the features into coordinates for the prediction task, and we add
another prediction head for the action decoding in the imitation learning task.

E.5. Imitation Learning Results

CNN-agent. The CNN agent is trained from scratch for every environment. Note that the state space for the CNN agent, the
image pixels, is one order of magnitude higher than the keypoints' features. For fair comparison, we train the CNN agent
longer (twice the epochs used for training the MINT-based agent to counteract for MINT's pretraining).

The CNN feature extractor consists of 5 convolution blocks, each consisting of a 2D convolutional layer with a ReLU
activation function and a batch normalization layer. The input to the model is a sequence of 4 color images stacked over the
channel axis; hence, the input sizelB 96 96. The layers have 64, 128, 128, 128, and 128 lters, with a kernel size of

3 and stride of 2, except the initial layer, which has a kernel size of 5 and stride of 1. The output of the last block is attened
and passed to a linear layer to provide the nal features. A policy model uses the features to infer the actions. The policy
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Figure 14.Rollouts from MINT agent in MAGICAL Toyer et al, 2020 dataset.

model is a multi-layer perceptron with 4 linear layers of sizes 128, 64, 32, and 32. The output matches the action dimension
of MAGICAL environment which is 18.

We also provide visualizations of the learned policies of the MINT-based agent on the three environments of MAGICAL

in Figurel14. The visualization shows that MINT can assign reasonable keypoints for the agent and all the objects in the
environment. The imitation agent can solve the rst two tagksveToRegionandMoveToCorner, but it struggles with the

last taskMakeLine. The agent receives a score of 1.0 when it sorts all 4 objects in one line, while it gets a score of 0.5 for
putting 3 out of 4 in one line. Our imitation agent could (occasionally) sort only 3 out of 4 in the depicted environment
(which led to an overall 0.2 mean score over 5 seeds — Thtespite being able to assign keypoints to all objects. The
results suggest that there is a problem in encoding the relational features between keypoints, hindering the agent to reason
upon getting the right locations. We argue that further investigation of the appropriate model to pool information from the
keypoints is necessary to solve this most challenging task, but this is out of scope of the current work.

E.6. Additional Video Results

We provide additional video results on the website of our projettis://sites.google.com/view/mint-kp
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F. Code

Our code is available under an open-source licensetigts://github.com/IROSA-lab/MINT
We provide instructions to run the code, with sample datasets to reproduce the results in the paper.

The implementation of video structurslinderer et al.2019° uses outdated libraries. Due to compatibility reasons, we
reimplemented their code in PyTorch with our best effort. We adapted the implementation of Transporierdtain
(2020 9 into the codebase of MINT

G. Additional Related Work Discussion

Information-theoretic approaches in machine learning.Information-theoretic principles proved advantageous in training

and understanding machine learning mod¥is€t al, 2021). Different information measures aim to describe a random
variable's behavior due to a probability density function. The probability density function is normally unknown, and machine
learning methods usually estimatefafdg 2018 Avi-Aharon et al, 2020. In our method, we use kernel density estimation
(KDE) (Parzen1962 to estimate the probability density function for a region of pixels. Various information-theoretic
guantities were used in machine learning for different applications; examples are the cross-entropy loss for classi cation
(Good 1992 Goodfellow et al. 2016, maximum entropy regularization in reinforcement learniRgtérs et al.201Q

Haarnoja et a).2018, mutual information for self-supervised learning and interpretabiiigkelly et al, 2021 Zhang et al.

2018, and KL divergence for training deep energy mod#is €t al, 2020. Our approach uses Shannon's de nition of
entropy Shannon2001) to compute the local image entropy. With image entropy, we estimate joint entropy, conditional
entropy, and mutual information and develop our information-theoretic losses.

Temporal information plays an important role for many downstream tasks. Recent methods in neural video compiession (
et al, 2022 propose to estimate spatial-temporal intra-frame entropy over quantized latent representation. In our work, we
opted to use inter-frame entropy estimation with temporal losses that encourage the model to attend to temporal information
changes, which proved to provide a strong inductive bias for keypoint detection.

The information maximization principle (InfoMax).insker, 1988 treats the neural network as an information channel and
aims to maximize the information transferred through the network. Recent methods in computer vision and natural language
processing use the InfoMax principle for self-supervised learrdarq et al, 2018 Hjelm et al, 2018 Kong et al, 2019.

Our method adopts the treatment of the neural network as an information channel in the information maximization loss and
extends it to treat the keypoints as transmitters of information, while being completely unsupervised.

Glossary

Ccv Computer Visionl, 2,9
DOP percentage of the detected objéctz, 22, 23, 25

IM information maximization23

IN Interaction Network.7, 8

ISE image spatial entropy, 2, 3,5, 8,9, 17, 19, 20
IT information transportationd, 5, 20, 22

MCE masked conditional entrop$, 4, 20, 22

ME masked entropy, 4, 5, 6, 22

MI mutual information.5

MINT Maximum Information keypoiNTs1, 2,5, 6, 7, 8,9, 22, 23, 24, 26, 27, 28
MME  monkey model entropyl7

Pol Points of Interestl, 8, 9

RAK  redundant keypoint assignmeidt.7, 22, 23, 25

TOP percentage of tracked objedisz7, 22, 23, 25

UAK  unsuccessful keypoint assignmeft.7, 22, 23, 25

%https://github.com/google-research/google-research/tree/masterstideture
Lhttps://github.com/pairlab/v-cdn
1our baselines implementation is available in our codebige://github.com/iROSA-lab/MINT
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