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» Procedure planning in instructional videos requires a model to make goal-directed plans, given the current visual observations
in unstructured real-life videos.

» We propose a diffusion-based model, PDPP, for procedure planning in instructional videos.

» We remove the expensive intermediate supervision, and simply use task labels from instructional videos as supervision instead.

' Seen observations |  Intermediate supervision | Predicted action
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(a) Supervised by language instructions
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(b) Supervised by visual observations

, . , Pour Add Whisk Spread
( ‘ egqg Sugar mixture mixture

Ogtart Task : Make Meringue

(c) Supervised by task class (Ours)
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» The key insight of PDPP is to treat this problem as a distribution fitting problem and model the whole intermediate action
sequence distribution.

» To model the uncertainty in procedure planning, we propose our PDPP based on diffusion models.

» We add the condition projection operation into the diffusion process to ensure correct guidance for diffusion.

Conditional dimensions Xn Proj(xy) X0 Xn-1
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supervision.

» Our PDPP model has an excellent ability to model the uncertainty in procedure planning and can produce both diverse and

reasonable plans.

Quick Preview
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» Our PDPP model achieves the state-of-the art performance on three datasets with different scales, even without the task
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Distribution Divergence with GT

Main Results T'=3 T=4
Models Supervision  SRT  mAcc] mloUT SRT  mAccT mloUT
Random - <0.01 0.94 .66 <0.01 0.83 .66
Retrieval-Based - 8.05 23.30 32.06 3.95 22.22 36.97
WLTDO [ 1] - 1.87 21.64 31.70 0.77 17.92 26.43
T'=3 T=4 T=5 T=6 UAAA[; ] - 3.15 %O.il ()\ /098 ;9.;36 :: nu
Models SRT SRT SRT SRT UPN [_" ] V ...89 ..4.-9 -‘l..\? 1.19 ..1.-9 21.8)
Rottioval Based  8.05 305 > 20 170 DDN [4] V 12.18  31.29 47.48 5.97 27.10 48.46
3. Do, ; " Ext-GAILw/o Aug. [’] \Y 18.01 4386 57.16 ‘ ; -
Ko g 1218 31 30 1A pycanm v 2127 4946 6170 1641 4305 6093
PIY 1 30) 23.34 1340 721 440 p3py (3¢ L 2334 4996 7389 1340 44.16  70.0]
Oursgase 2647 1540 937 676  Qurspys. & 2647 5535 5895 1540 4942  56.99
Ours g ou 37.20 2148 13.38 847  Oursy,y C 37.20 64.67 6657 2148 57.82  65.13
NIV COIN NIV COIN
Horizon Models Sup. SRT mAcct mloUT SRt mAcct mloU? Horizon Models Sup. SRt mAcct mloUt SRt mAcet mloU?
Random 2.21 4.07 6.09 <001 <0.0] 247 Random - 1.12 2.73 5.84 <001 <0.0] 2.32
Retrieval - - - - 4.38 1740  32.06 Retrieval - - - 2.71 14.29 36.97
T =13 DDN [-] Vv 1841 3254 56.56 13.9 20.19 64.78 = DDN |-] Vv 1597 27.09 33.84 1113 1771 68.06
B Ext-GAIL[Z] V 2211 4220 65.93 = - = B Ext-GAIL [ ] V 1991  36.31 - - -
PPIV [36] L 2468 4901 7429 154 2167 7631 P°IV [ 9] L 2014 3836 6729 1132 1885  70.53
Ours C 3125 4926 5792 2133 4562  51.82 C 2672 4892 5904 1441 4410 51.39

Metric Model =3 =4 1= =06
Determmistic 357 420 470 35.12
NLL Noise 358 404 445 479
Ours 361 385 377 4.06
Determmistic 299 340 354 3.82
KL-Div Noise 3.00 315 330 349
Ours 303 296 262 2276
Diversity and accuracy of plans
Metrict Model T=3% T4 T=35 T=6
Deterministic 39.03 21.17 1259 747
SR Noise 3492 1899 1204 7.82
Ours 37.20 2148 13.58 847
Deterministic 55,60 45.65 3547 25.24
ModePrec Noise 51.04 4390 3435 24.51
Ours 53.14 4455 36.30 25.61
Determmistic 34.13 1835 11.20 6.75
ModeRec Noise 39.42 2556 15.67 11.04
Ours 36.49 31.10 2945 22.68
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Motivation

» Previous approaches for procedure planning in instructional videos treat it as a sequence planning problem and focus
on predicting each action accurately.

[0 Two-branch autoregressive method to predict the intermediate states and actions step by step: easy to accumulate errors during the
planning process

[0 Transformer-based single branch non-autoregressive model: multiple learning objectives, complex training schemes and tedious inference
process

[0 Require heavy intermediate visual or language annotations

» Modeling the uncertainty in procedure planning is also important.
[0 There might be more than one reasonable plan sequences to transform from the given start state to goal state

[0 Eg: change the order of “add sugar” and “add butter” in task “making cake” will not affect the final result
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Motivation
» Taking the whole intermediate action sequence distribution as learning objective rather than every discrete action.
[0 Transform the planning problem to a sampling process from the learned distribution

[ Optimize model with a simple MSE loss, which results in less learning objectives and simpler training schemes

[0 Use task labels from instructional videos as supervision instead

» Modeling the uncertainty in procedure planning with diffusion model.
[0 Adding randomness to our distribution-fitting process by learning with a diffusion model

[0 Convenient to apply conditional diffusion process with the given observations and task class based on diffusion models
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Method

Projected Diffusion for Procedure Planning in Instructional Videos (PDPP)

» Conditional action sequence input + Condition projection during learning + Diffusion.

Conditional dimensions Xn Proj(x,) X0 Xn-1
ramEEt _I' e
- | ‘ | £0_1 ~NRnei; fin, Z.1)
Action dimensions Condition | , | L f i | n-1 n—1 Kns ~n |
Projection 1 o ‘”
9% | | L | [
O .
Observation dimensions l_ S _I
Projected Denoising Step
\ )
Y
Ostart
r‘ Og— 5C\N XN-=1 5(\'0 PDPP
a3
classifier | - - = a1a2
Og"
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Denoising Process
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Method

Step1

» Given the start and goal observations, predict which task category the video is about.

Make Jello Shots

O~
Make Irish Coffee [0 We implement task classifier with simple MLP
models and use the ground truth task labels in
classifier B instructional videos to supervise the output c.
Og-o

Build Simple Floating Shelves
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feature) along the feature dimension. Observations and task class are conditional dimensions.
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feature

» Construct conditional action sequence input by concatenate observations, actions(one hot feature) and task class(one hot
dimension

Conditional dimensions

Action dimensions

Observation dimensions
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» Apply diffusion process to the conditional action sequence input. Condition projection is added to both the training and

sampling process to ensure correct guidance for diffusion.

”~

o & e 1
c I | I
—Condition —.l 7 »

Projection |
e | |

O l__ ————— I

Projected Denoising Step

-1 N(in—ﬁﬁn'inl)

l_. —

X X 20 PDPP

aj

» Learned Distribution Action Sequence

Gaussian Noise
Denoising Process

Xn Proj(Xy) X0 An-1

[0 We use the basic U-Net as our learnable model for
diffusion. Convolution operation along the planning
horizon dimension is used for downsample.

[0 Learning objective for learnable model f¢ is the initial
input xo rather than the noise added at each forward

diffusion step.

[0 Condition projection is implemented by assigning the
initial value to observation and task dimensions.

Ct Co CT & 5 8

a, as ... ar| — a1 ao ... ar

01 09 OT 0. 0 Og
T Proj(x)
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Step3

» Training scheme and sampling process of PDPP.

Algorithm 1 Training Algorithm 2 Inference
Input Initial input g, total diffusion steps number V., Input total diffusion steps number /N, model fy. {Hn
model fy. {a, ,ff___l. welght matrix w { 7’,1 o 1
|: repeat . oy ~N(0,1)
2 n~ Uniform({1,...,N}) 2 forn=N.....1do
3: e ~N(0,T) 3: ro = fo(Proj(xy,),n)
4+ Tn = VOnTo + \/1 ¥ 4. if » > 1 then
J: ro = fo(Lroj(ry),n) 5. [in \/O‘"-1 Bn To
6: Take gradient descent step on & 1__1—50”1 ;
I Vo ||(xo — Proj(xg)) * U’H 6: 2in = . " Pn
3: until Lonvelged I 'i"n—l e N(_i'n—l ; ,[ln.~
8: end if
9: end for

[0 Weight matrix w is used to assign a bigger weight

[ 0):

vV Xn (l_an—l)

return o

e {)

1—a,

I)

to a1 and ar, since they are actions the most
related to the input observations.
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» Evaluation results on CrossTask for procudure planning with prediction horizon T = 3, 4.

1 =3 1'=4

Models Supervision ~ SRT  mAccT mloUT SRT  mAcclT mloU7
Random - <0.01 .94 .66 <0.01 0.83 .66
Retrieval-Based - 8.05 23.30 32.06 3.95 2222 36.97
WLTDO [11] - [.87 21.64 31.70 0. 77 17.92 26.43
UAAA [I]] - 2.15 20.21 30.87 0.98 19.86 27.09
UPN [29] Vv 2.89 24.39 31.56 .19 21.59 27.85
DDN [] V 12.18  31.29 47.48 5.97 27.10 48.46
Ext-GAILw/o Aug. [ ] Vv [8.01 43.86 57.16 : 5 g
Ext-GAIL [2] Vv 21.27 4946 61.70 16.4] 43.05 60.93
P31V [36] ¥, 2334 4996 73.80 1340 44.16 70.01
Ours g,ee & 2647  55.35 58.95 1540 4942 56.99
Ours g ow C 37.20  64.67 66.57 2148 57.82 65.13
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Batchsize T=3 T=4 1= T=6

l 5895 5699 56.32 57.51

Oursp; 32 68.03 67. 14 67. [0 70.48
se 64 71.46 69.64 67.39 69.31

|28 71.01 67.26 64.53 63.19

] 66.57 65.13 65.32 65.38

Okirs 32 715.21 77.07 78.56 78.59
o 64 79.74 81.74 81.73 80.88

128 80.50 82.32 81.41 78.64

Evaluation results of mIoU
with different batch size on CrossTask.

» Evaluation results on CrossTask for procudure planning with longer planning horizons.

s Y 5 Y R B A=
Models SRT SR SR?T SRT
Retrieval-Based  8.03 3.95 2.40 [.10
DDN [4] 12.18  5.97 3.10 1.20
P31V [36] 2334 1340 721 4.40
Ours g, ce 26.47 1540 9.37 6.76
Ours g ow 37.20 21.48 13.58 8.47
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Experiments

» Evaluation results on NIV and COIN for procudure planning with prediction horizon T = 3, 4.

NIV COIN
Horizon Models Sup. SRT mAccT mloUT SRT  mAccT mloUT

Random - 2.21 4.07 6.09 <0.01 <0.01 2.47

Retrieval - - - - 4.38 17.40 32.06

T3 DDN [+] V 1841 32.54 56.56 13.9 20.19 64.78
] Ext-GAIL [ ] V 22.11  42.20 65.93 = S -

P31V [36] L 2468 49.01 74.29 15.4 21.67 76.31

Ours & 31.25  49.26 57.92 21.33 45.62 51.82

Random - }.12 2.73 5.84 <0.01 <0.01 2.32

Retrieval - - - - 2.71 14.29 36.97

-4 DDN [1] V 1597 27.09 53.84 11.13 17.71 68.06
Ext-GAIL [ ] V 1991 36.31 53.84 . - :

P31V [36] L  20.14 3836 67.29 1132 1885  70.53

Ours C 26.72 48.92 59.04 14.41 44.10 51.39
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Experiments

» Ablation study on the role of task supervision.

) w. task sup. w.0. task sup.
SRT mAccT mloUT SRT mAcctT mloUT
CrossTaskp,.. 26.47 55.35 38.95 22.82 51.56 54.36
B CrossTasky .., 37.20 64.67 66.57 35.69 63.9] 66.04
- NIV 31.25 49.26 57.92 2941 46.20 56.42
COIN 21.33  45.62 51.82 1646 36.43 43.50
CrossTaskp,.. 15.40 4942 56.99 1491 4955 56.28
B CrossTasky,, 21.48 57.82 65.13 20.52 5747 64.39
- NIV 26.72 48.92 59.04 26.72  46.55 59.50
COIN 14.41 44.10 51.39 1232 3548 42.75
3 CrossTaskp,.. 9.37 45.93 56.32 8.95 45.77 56.34
~ 7 CrossTaskpy.., 13.58 5405 6532 1280 5344  64.01
- CrossTaskp,.. 6.76 43.61 37.51 6.06 44.15 57.07
~ CrossTasky..., 847 50.14 6538 8.15 5045 64.13




» Evaluating probabilistic modeling.

[0 Baselines:

Experiments
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Noise: remove the diffusion process in PDPP and samples from a random noise with the given observations and task class condition in one shot

Deterministic: setting the start distribution as zero thus the model directly predicts a certain result with the given conditions

Metric) Model =3 "1=4 1= 1=0
Determimistic  3.57 429 470 3.12

NLL Noise 358 4.04 445 4.79
Ours 3.61 3.85 3.77 4.06

Deterministic 2.99 340 3.54 3.82

KL-Div Noise 3.00 3.15 3.30 3.49
Ours 303 296 262 276

Evaluation results of the plan distributions metrics

MetricT Model =3 'T=4 =5 T=6
Deterministic 39.03 21.17 1259 7.47

SR Noise 3492 1899 12.04 7.82
Ours 37.20 21.48 13.58 8.47

Deterministic  35.60 45.65 3547 2524

ModePrec Noise 51.04 4390 34.35 24.51
Ours 53.14 4455 36.30 25.61

Deterministic  34.13 1835 11.20  6.75

ModeRec Noise 39.42 2556 1567 11.04
Ours 36.49 31.10 29.45 22.68

Evaluation results of diversity and accuracy metrics.
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pour jello powder

Ostart

pour jello powder

stir mixture
pour jello powder

» Visualizations for uncertainty modeling

Experiments

pour alcohol GI pour lemon juice
stir mixture pour alcohol pour lemon juice
pour water pour alcohol m
Ogoal Ostart
pour jello powder pour alcohol pour alcohol
GT pour milk

pour milk

whisk mixture
pour milk

add flour
pour milk

whisk mixture

whisk mixture

stir mixture

pour lemon juice

pour water
stir mixture
pour lemon juice

pour water

add flour

pour water
stir mixture

whisk mixture

stir mixture
add sugar stir mixture
add sugar stir mixture
whisk mixture pour mixture into pan
whisk mixture
pour milk whisk mixture
add flour

pour mixture into pan
whisk mixture

pour mixture into pan

pour mixture into pan
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» In this work, we cast the procedure planning as a conditional distribution-fitting problem and model the joint
distribution of the whole intermediate action sequence as our learning objective, which can be learned with a simple
training scheme.

» We introduce an efficient approach for training the procedure planner, which removes the supervision of visual or
language features and relies on task supervision instead.

» We propose a novel projected diffusion model (PDPP) to learn the distribution of action sequences and produce all
intermediate steps at one shot.

» We evaluate our PDPP on three instructional videos datasets and achieve the state-of-the-art performance across
different prediction time horizons.

» Our PDPP model has an excellent ability to model the uncertainty in procedure planning and can produce both diverse
and reasonable plans.
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Thank you!

Code Link: https://github.com/MCG-NJU/PDPP

Contact me: wwanghanlino6@gmail.com


https://github.com/MCG-NJU/PDPP

