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What is a Procedural Knowledge Graph? ﬁ!gnﬂﬁ 20 E[lEnglyAl;:]%
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* Alayrac, Jean-Baptiste, et al. "Unsupervised learning from narrated instruction videos." Proceedings of the IEEE conference on computer vision and pattern recognition. 2016.
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What is a Procedural Knowledge Graph? ﬁ!gnﬂs @ Etﬁlgr‘ilt\%%

. perform cardio pulmonary ressucitation
Transition

Probabilities  ——

0.04 —

] call emergency 0.50
0.23 ____{

0.13 o

— 0.10

check breathing

0.48

Example from NIV dataset

* Alayrac, Jean-Baptiste, et al. "Unsupervised learning from narrated instruction videos." Proceedings of the IEEE conference on computer vision and pattern recognition. 2016.
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PDPP: Projected Diffusion for Procedure Planning in Instructional Videos
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Cognitive Offloading to the Graph Available both at Training and Inference
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| Algorithm 1 Differentiable Viterbi Layer (DVL)
@ o Tt @ Input: Emission probabilities b € [0, 1]7*¥ transition probabilities w(i, 5)
from PKG
Output: Soft plan distribution 7 € [0, 1]T*¥

// 1. Initialization (t=1)
T
P(ao.T,vo.r) = P(ao)P(volao) H P(at|at—1)P(ve|at)

for j =1to N do
t=1

d1(7) + b[L, 7] > Initial state scores
end for
// 2. Forward Pass: Differentiable Recursion (t > 1)
fort=2to T do
for j=1to N do
// Compute predecessor scores
fori=1to N do
s\ = 8,-1(1) - (i, 5)
end for
. 12: // Update state scores using smooth maz
T = argmax H P(at|at 1) P('Ut|at) Viterbi Algorithm 13: 0:(7) %b[t,j].S—max({sggj M)
T . . . .
m=a1.7€X 4 14: // Compute soft backpomter distribution
15: Yi(d,-) < S- argma.x({stﬁj N
16: end for
N 17: end for

q —1 18: // 8. Backward Pass: Recursive Composition
-max(x) = log Z exp(a:k - m) +m Differenti 3 b '.e 19: 7rp 4 S-argmax(d7) > Distribution at the final horizon
k=1

20: fort =T _1\} down to 1 do
exp(:ck . m) Relaxations 21: e 4 D=1 Te+1(7) - Ye41(4,°) > Recursive backtrace

22: end for
z;-il eXp(fL'j - m) 23: return 7
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Allows Gradients to Pass
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Better Performance with Fewer Parameters

Success Rate (SR) (%)

CrossTask, T=3
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Cross-Horizon Generalization

Cross-Horizon Generalization
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Generalizes
when trained on
a longer horizon
and tested on a
shorter one.
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