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Procedure Understanding

Procedure: Assemble a tent

Key-steps:

Read

Instruction

Pickup/Open

Tentbag

Spread Tent

Pickup/Open

Supportbag

Assemble

Support

Spread Tent

Insert

Support Tab
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Pickup/Open
Stakebag

* Jang, Youngkyoon, et al. "Epic-tent: An egocentric video dataset for camping tent assembly." Proceedings of the IEEE/CVF International Conference on Computer Vision Workshops. 2019.
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Crack

Peddi, Rohith, et al. "CaptainCook4D: A dataset for understanding errors in procedural activities." arXiv preprint arXiv:2312.14556 (2023).

Grauman, Kristen, et al. "Ego-exo4d: Understanding skilled human activity from first-and third-person perspectives." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.
<NPIVy,
ll/a 0@1 U no o\
: Iversita
Q\/ g

. . 10/11/24
¢ diCatania /1y

\citla

)

* 7a3a "

Luigi Seminara



i,

Task Graph Mammum Likelthood (TGML) R
'''''' Observed sequence | T G G 5“-“-Ka—l;\-ééﬁ-c_{/_l\-ll-ét-r];_z-""m
& [A] [B] & - .

______________________________________

Goal: Estimate : E A e

P(<S,A,B,E>|Z)= :
P(S|Z)- P(A]S,2): s <
. P(B|S,A,Z) - P(E|S,A,B,Z) E :

_____________________________________

We can estimate the probablhty of observmg key-step K; given the set of observed

key-steps K; and the constraints imposed by Z, following Laplace’s classic definition of
probability:

number of favorable cases 10> e 7 Zij = 0)
number of possible cases Y, _ 7L e7 Zp; =0)

P(K,|K7,7) =
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Task Graph Maximum Likelthood (TGML)

P(K,|K 7, 7) = number of favorable cases ]I(Zjej Zij =0)
U2 humber of possible cases >, 1,7 Znj = 0)

e e e e e e m e e e e e e e e e e e e e === e == = T L R e e e

Observed sequence i Graph G ; i, Adjacency Matrix Z

______________________________________

_____________________________________

Goal: Estimate o e

P(< S,A,B,E > |Z)=

P(S|Z)- P(AlS,Z)- i
P(B|S, A, Z) - P(E|S, A,B,Z); i A G

_________________________________________________________________________________________________________
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Task Graph Maximum Likelthood (TGML)
_ 13,72 =0
P(K|K 7, 7) = number of favor?ble cases (Zjej j = )
number of possible cases >, - 7 1(d ;. 7 Zn; = 0)
"""" Observedsequence | {  GraphG '  Adjacency Matrix Z

______________________________________

_____________________________________

Goal: Estimate o e

P(< S,A,B,E > |Z)=

P(S|2)- P(A|S,2)- ||
P(B|S,A,Z) - P(E|S,A, B Z)gg 0 Q

SHEE S | L o m m e

'_'_'_ﬁ'_'_'_'_'_H:_'_'_'_'_g'__
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P(A|S,Z)
P(AIS, 7) = L— =05
1{41]4o0
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Task Graph Maximum Likelthood (TGML)

P(K|K 5, 7) = number of favorable cases ]I(Zjej Zij =0)
AT humber of possible cases D ne7 LD ie7 Zp; =0)
"""" Observed sequence ' i  GraphG

______________________________________

_____________________________________

Goal: Estimate o e

P(< S,A,B,E > |Z)=

P(S|Z) P(4]S,2) i}
P(B|S, A, Z)- P(E|S,A,B,2) | |

" Estimate: N 6
i P(B|S,A,7) N

_____________________________________________________________

P(B|S,A,7) = —LF— =1
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Task Graph Maximum Likelthood (TGML)
13,7 Zij =0
P(K|K 7, 7) = number of favor?ble cases (Zjej j = )
number of possible cases >, - 7 1(d ;. 7 Zn; = 0)
"""" Observed sequence | {  GraphG [  AdjacencyMatrixZ | P(< S A BE>|7) =

______________________________________

& [4] [B] & & [ & =1-05-1-1=0.5

"~ Goal: Estimate v a
P(< S, A,B,E>|Z)= |

P(S|Z)- P(AlS,Z)- i
P(B|S, A, Z) - P(E|S, A,B,Z); i A "

" Estimate: N 6
i P(E|S,A,B,Z) L

_______________________________________________________________

P(E|S,A,B,Z) =
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Task Graph Maximum Likelthood (TGML)

Modeling Sequence Likelihood for a Weighted Graph To enable gradient-based learning, we
consider the general case of a continuous adjacency matrix Z € [0, 1](*+2)%(»+2) We generalize
the concept of “possible cases” discussed in the previous section with the concept of “feasibility of
sampling a given key-step K;, having observed a set of key-steps K 7, given graph Z”, which we
define as the sum of all weights of edges between observed key-steps K 7 and K;: f(K;|K7,Z) =
> jer Z;;. Intuitively, if key-step k; has many satisfied pre-conditions, we are more likely to sample

it as the next key-step. We hence define P(K;|K 7, Z) as “the ratio of the feasibility of sampling K;

é & : Observed
H 1 Key-steps

Feasibility

Observed sequence

S [2] B[] [¢] &

Goal: Estimate
P(<S,A,B,D,C,E > |Z)=

P(S|Z) - P(A|S, Z)- :

P(B|A, S, Z) - P(D|S, A, B, Z)- |

to the sum of the feasibilities of sampling any unobserved key-step”:

Figure 2 illustrates the computation of the likelihood in Eq. (3). Plugging Eq. (3) into Eq. (1), we can
estimate the likelihood of a sequence y given graph Z as:

P(y|Z) = P(

Where we set P(K,,|Z) =
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i P(E|S,A,B,D,C,E,Z) | | °
ST Example: estimate |

Yjeq Zii . POISABZ) | & :
P(KilK7,2) = Sner FTEWED Z) ~ Ypes jen 2 ® L SRIEIEES P N ®n ______________________
: Observed Future > P(D|8, A, B, Z) = 55 A5 277/ (D18 A.B.2) T FEEABZ — % =034
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t=1

Figure 2: Given a sequence < S, A, B, D,C, E >, and a graph G with adjacency matrix Z, our

goal is to estimate the likelihood P(< S, A, B, D,C, E > |Z), which can be done by factorizing

Z

YtJ

O(y,t
SIZ) ] P&, | Ko Z Hz 20t
heO

P(S|Z) = 1 as sequences always start with the start node S.

(y,t) Zjeo(y,t) Zhj '

Task Graph Maximum Likelihood Loss Function Assuming that sequences y(*) € ) are indepen-
dent and identically distributed, we define the likelihood of ) given graph Z as follows:

Y V] 1y®)|

3}|Z H P H H jGO(y(k) t) Zytj (5)

k=1 t=1 ZheO(y(M t) Z7EO(U(k) t) Znj
We can find the optimal graph Z by maximizing the likelihood in Eq. (5), which is equivalent to
minimizing the negative log-likelihood — log P(), Z), leading to formulating the following loss:

Y|y
_ Z Z ]()0‘ Z 71/#/ — B . 10g Z Zhj) (6)
k=1 t=1 oy 4 heO(y™ t)
J€O(y ") 1)

Luigi Seminara
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4 the expression into simpler terms. The figure shows an example of computation of probability

) P(D|S, A, B, Z) as the ratio of the “feasibility of sampling key-step D, having observed key-steps S,
A, and B” to the sum of all feasibility scores for unobserved symbols. Feasibility values are computed
by summing weights of edges D — X for all observed key-steps X.
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2. We propose two approaches to task graph learning...
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Models — Direct Optimization (DO)

2. ...based on Direct Optimization (DO) of the adjacency matrix...

Training Sequence

positive gradients

Task Graph Maximum Likelihood Loss KJ:IA

ivzlothP(KyAKytfl,...,K z) | K3| K1 K ' Ky Ks

Current key-step y;

Y0

¥ 1

| s o
Pour . .

Mixture S '

negative gradients

(a) Example Task Graph

(b) Task Graph Learning as Maximum Likelihood Estimation
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Models — Task Graph Transtormer (TGT)

2. ...and a transformer based on the processing of textual descriptions of key-steps

or video embeddings Task Graph Transformer (TGT).

Take bowl | *

Take Eggs |

EgoVLPv2
Break Eggs |
Mix Eggs |
| ———————

alm
)
+
=

____________

rewr] | CT T
[T

Text Embeddings

El -

Transformer
Encoder

Loss | !

(T
#
x| |k

EgoVLPv2

RS ||—f

BEE
B 5] ~ 1

=
,.Ir‘ T . : ' 1
B - OO ! : : :
ECEE s T/ TE | eomotmemnton . El ] ) w00 L L
pairwise cosine i " N
ities . a elation transformer jacency Matrix e
ombinations ith dil ion

Distinctiveness
Cross-Entropy Loss

[ T[]

Relation Head

Video Embeddings

HM[]
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Experiments on CaptainCook4D
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(a)Hololens2
and GoPro

(c)Hololens?2 (d)Hololens2 (e) Hololensz (f)Hololens2 RGB (¢)GoPro RGB
3D Hand Joints Depth Camera Trajectory

(b)Participant

e Peddi, Rohith, et al. "CaptainCook4D: A dataset for understanding errors in procedural activities." arXiv preprint arXiv:2312.14556 (2023).
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Experiments on CaptainCook4D

Method Precision Recall F,

MSGI [39] 11.9 14.0 12.8 Method Ordering  Fut. Pred.
LLM 529 574 55.0

Count-Based [3] 66.7 55.6 60.6 Random 50.0 é()(_)
MSG~ [20] 70.9 71.6 71.1 TGT-video 77.3 74.3
TGT-text (Ours) 79.9 £8.8 819 £6.9 80.8 +8.0 Improvement +27.3 +24.3

DO (Ours) 864 +15 89.7 +15 87.8+1.5

Improvement +15.5 +18.1 +16.7

e Peddi, Rohith, et al. "CaptainCook4D: A dataset for understanding errors in procedural activities." arXiv preprint arXiv:2312.14556 (2023).
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Online Mistake Detection

3. We assess the accuracy of the proposed task graph generation approach
and showcase the usefulness of the learned graphs on the downstream task of
online mistake detection.

Recognition
Module

, =1l

o

Frame-level predictions
Add Crack
Water Egg

Missing Mix
Step-level predictions Get a bowl Crack Egg Add Milk Mix Keystep

v | X

* Flaborea, Alessandro, et al. "PREGO: online mistake detection in PRocedural EGOcentric videos." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.
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Online Mistake Detection

3. We assess the accuracy of the proposed task graph generation approach

* Flaborea, Alessandro, et al. "PREGO: online mistake detection in PRocedural EGOcentric videos." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

and showcase the usefulness of the learned graphs on the downstream task of
online mistake detection.
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EPIC-Tent-O
Avg Correct Mistake Avg Correct Mistake

Method F 1 Fl Prec  Rec Fl Prec  Rec Fl Fl Prec  Rec Fl Prec  Rec
Count-Based* [3] 260 9.2 48 857 428 978 274 56.6 925 928 922 20.7 200 214
LLM* 293 151 83 872 434 967 279 4777 86.3 84 906 9.1 133 69
MSGI* [39] 33.1 227 131 844 435 934 283 445 66.9 s516 952 220 7133 129
PREGO™ [13] 394 32,6 897 199 46.3 307 940 32.1 450 957 294 19.1 107 867
MSG?* [20] 56.1 63.9 515 842 482 736 358 54.1 929 o941 917 154 133 182
TGT-text (Ours)* 62.8 69.8 568 9.6 55.7 841 417 641 93.8 941 935 345 333 357
DO (Ours)* 759 90.2 92 834 61.6 467 904 58.3 933 948 924 23_.1 200 273
Improvement™ +19.8 +26.3 +13.4 +7.5 +0.9 +12.5

Count-Based™ [3] 232 2.6 13 667 439 o984 282 404 592 429 955 21.6 800 125
LLM* 28.1 15.1 78 655 423 895 277 359 61.6 467 904 102 400 58
MSGI™ [39] 284 14.0 178 679 4277 907 280 404 592 429 955 21.6 800 125
PREGOT [13] 325 23.1 688 139 41.8 278 841 294 416 979 264 172 95 933
MSG?3* [20] 46.2 59.1 512 700 332 445 265 452 67.5 524 951 229 733 136
TGT-text (Ours)™ 53.0 67.8 623 745 382 462 326 43.8 69.5 558 921 182 3533 110
DO (Ours)™ 53.5 789 ss0 735 28.1 225 373 46.5 69.3 544 952 237 733 141
Improvement™ +7.3 +19.8 -5.7 +1.3 +1.2 +1.2
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Thanks for your attention!

Luigi Seminara (luigi.seminara@phd.unict.it)

Antonino Furnari (antonino.furnari@unict.it)
Giovanni Maria Farinella (giovanni.farinella@unict.it)
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