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Abstract:     Instructional videos are very useful  for completing complex daily tasks, which naturally contain abundant clip-narration
pairs. Existing works for procedure understanding are keen on pretraining various video-language models with these pairs and then fine-
tuning downstream classifiers and localizers in predetermined category space. These video-language models are proficient at represent-
ing short-term actions, basic objects, and their combinations, but they are still far from understanding  long-term procedures. In addi-
tion,  the predetermined procedure  category  faces  the problem of  combination disaster and  is  inherently  inapt  to unseen procedures.
Therefore, we  propose  a  novel  compositional  prompt  learning  (CPL)  framework  to  understand  long-term  procedures  by  prompting
short-term video-language models and reformulating several classical procedure understanding tasks  into general video-text matching
problems. Specifically, the proposed CPL consists of one visual prompt and three compositional textual prompts (including the action
prompt, object prompt, and procedure prompt), which could compositionally distill knowledge from short-term video-language models
to facilitate long-term procedure understanding. Besides, the task reformulation enables our CPL to perform well in all zero-shot, few-
shot, and fully-supervised settings. Extensive experiments on two widely-used datasets for procedure understanding demonstrate the ef-
fectiveness of the proposed approach.
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 1   Introduction

Instructional videos refer to videos visually and orally

demonstrating how to perform a daily task, such as “pre-

paring  a  particular  meal”  and  “repairing  a  car”,  which

are  very  popular  for  learning  and  completing  complex

tasks in daily life. As indicated by the educational psycho-

logist[1],  dividing  a  whole  task  into  smaller  segments  or

procedures  could  largely  simplify  the  complex  task  and

facilitate  the  learning  process  for  novices.  Therefore,  ex-

ploring  intelligent  algorithms  to  effectively  understand

procedures  in  instructional  videos  has  wide  applications

in  daily  life,  and  will  largely  facilitate  worldwide  know-

ledge dissemination.

Procedure  understanding  in  instructional  videos  in-

volves various kinds of  tasks,  such as procedure recogni-

tion, procedure segmentation, procedure localization, pro-

cedure  anticipation,  and  procedure  retrieval[2–7].  In  early

works, each method is designed task-specifically that only

tackles corresponding issues in one specific task[4, 8]. With

the  booming  of  self-supervised  learning  (SSL)  and  unsu-

pervised learning in the fields of computer vision and nat-

ural language processing (NLP), most of the works fall in

the  paradigm  of  pretrain-finetune[9–13].  They  first  pre-

train various large-scale video-language models to obtain

general  video-text  representations  since  instructional

videos  naturally  contain  weakly-aligned  clip-narration

pairs,  and  then  finetune  the  learned  representation  to

various  procedure  understanding  tasks  in  predetermined

category space. The pioneering work VideoBERT[10] bor-

rows ideas from word vectors in the NLP filed to create

discrete  video  tokens  to  learn  video-text  representation

from  instructional  videos  via  the  BERT  model[14].  Act-

BERT[9] further  exploits  global  activity  information,  loc-

al activity information, and text information to learn gen-

eral procedure representations. Some works[11, 15] also ex-

ploit the character of modality consistency in instruction-

al videos to learn a joint representation of visual activity

and  linguistic  narration  in  large-scale  video-language

models via the contrastive learning technique[16].

Most  of  these  large-scale  video-language  models  are

trained  by  aligning  short-term  video  clips  with  corres-

ponding  narrations  (clip-narration  pairs),  such  as  Act-

BERT[9] (4 s),  MIL-NCE[11] (3.2 s).  However,  different
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from  conventional  short-term  actions  or  activities[17–25],

the  procedures  in  instructional  videos  usually  sustain

much  longer  (1–100 s),  such  as  procedures  in  the  COIN

dataset[3] have an average length of 14.91 s. Although pre-

trained video-language models perform well  in represent-

ing short-term actions (verbs), basic objects (nouns), and

their combinations, they are still not sufficient to analyze

long-term procedures and are far more to understand the

complex  instructional  tasks.  Besides,  this  paradigm  re-

quires  finetuning  the  downstream  classifiers  and  local-

izers in a predetermined category space. Procedures in in-

structional videos are commonly composed of one or sev-

eral actions and objects, such as “apply some glue on the

boards” and “insert money into the vending machine”. It

is  obvious  that  the  predetermined  procedure  category

faces  the  serious  problem of  combination  disaster  and  is

also  inherently  inapt  to  transfer  to  unseen  actions,  ob-

jects, and procedures.

To solve the problems mentioned above, we propose a

novel  prompt  learning  based  framework  called  composi-

tional  prompt  learning  (CPL).  It  prompts  short-term

video-language  models  to  understand  long-term  proced-

ures  and  reformulates  a  series  of  classical  procedure  un-

derstanding tasks into general video-text matching prob-

lems, including procedure classification, procedure propos-

al,  and procedure localization.  Specifically,  there  are  one

visual prompt and three textual prompts consisting of an

object  prompt,  action  prompt,  and procedure  prompt  to

compositionally  mine  beneficial  knowledge  from  pre-

trained video-language models. They tend to align the op-

timization targets of various downstream procedural tasks

with the pretext target of pretrained video-language mod-

els,  thus  facilitating  long-term  procedure  understanding.

Besides, a series of procedure understanding tasks are re-

formulated  into  general  video-text  matching  problems,

making the proposed CPL also apt to zero-shot and few-

shot conditions.

In summary, the contributions of this paper are as fol-

lows:

1) The proposed compositional prompt learning frame-

work  reformulates  a  series  of  classical  procedure  under-

standing tasks into general video-text matching problems,

enabling  it  to  not  only  be  good  at  fully-supervised  but

also fit zero-shot and few-shot settings.

2)  Three  compositional  textual  prompts  among  the

proposed  CPL  could  hierarchically  and  compositionally

distill  dark  knowledge  from  pretrained  video-language

models.

3) The proposed CPL is capable of stirring knowledge

from  short-term  video-language  models  to  understand

long-term procedures in complex instructional videos.

4)  The proposed method achieves promising perform-

ance on a series of procedure understanding tasks includ-

ing classification, proposal generation, and temporal local-

ization on two widely-used datasets.

 2   Related works

 2.1   Procedure understanding

The  procedure  understanding  tasks  in  instructional

videos  have  various  types  and  targets,  including  proced-

ure  localization[2],  procedure  segmentation[2, 7],  procedure

caption[6],  reference  resolution[26],  activity  anticipation[7],

procedure  planning[8],  skill  determination[27],  etc.  Accord-

ing  to  the  usage  of  manual  annotations,  previous  works

for  instructional  procedure  understanding  could  be

roughly  categorized  into  three  groups,  i.e.,  fully-super-

vised methods, weakly-supervised methods, and unsuper-

vised  methods.  With  the  emergence  of  deep  learning,

various  fully-supervised  neural  networks  have  been  ap-

plied  to  procedure  understanding,  such  as  multi-stream

bi-directional  recurrent  neural  network  (MSB-RNN)  and

multi-stage  temporal  convolutional  network  (MS-TCN)

for  action  segmentation[28, 29],  ordering-dependency  and

task-consistency  methods  built  on  SSN[30] and  R-C3D[31]

for temporal procedure localization[3], etc. To decrease the

burden  of  manual  annotations,  some  works[32] adopt  the

Viterbi  algorithm  to  solve  the  probabilistic  model  of

weakly supervised procedure segmentation. Action Modi-

fier[33] learns  adverb  representation  from  instructional

activity  with  video-level  weak  supervision.  The  unsuper-

vised procedure understanding approaches can be further

categorized  into  two  subgroups  including  task-oriented

methods[7, 34, 35] and  general  video-language  representa-

tion  learning  methods[9–11, 16].  As  for  the  former  class,

some  early  works  learn  frame-wised  continuous  embed-

ding and segment the instructional  activities  via  cluster-

ing[36].  Sener  and  Yao[37] proposed  a  generalized  mallows

model  (GMM)  to  model  the  distribution  over  sub-activ-

ity permutations. Since instructional video naturally con-

tains weakly-aligned clip-narration pairs, it is much more

suitable for self-supervised modality alignment. Recently,

the SSL-based pretrain-finetune paradigm has dominated

this  domain,  such  as  VideoBERT[10],  ActBERT[9],  and

MIL-NCE[11].  They  first  pretrain  various  large-scale

video-language models with weakly-aligned clip-narration

pairs,  and  then  finetune  the  classifiers  and  localizers  for

downstream  procedure  understanding  tasks  in  specific

category space.

 2.2   Prompt learning

Prompt learning is  a rapidly emerging topic that ori-

ginated  from  the  NLP  field[38],  which  is  originally  de-

signed for probing knowledge from large-scale pre-trained

language  models,  such  as  BERT[14] or  GPT[39].  Various

NLP  tasks  (e.g.,  understanding  tasks[40] and  generation

tasks[41])  are  reformulated  as  the  standard  fill-in-blank

pretext  task  (i.e.,  cloze-test)  that  is  widely  used  in  pre-
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training  large-scale  language  models.  Prompting  learning

largely bridged the gap between pretext tasks of pretrain-

ing models and real downstream tasks. It has turned out

to  be  a  huge  success  for  zero-shot  learning,  few-shot

learning,  and  open-set  learning.  For  more  information,

please  refer  to  a  comprehensive  survey  from  [42].  In-

spired  by  the  success  in  the  NLP  field,  many  prompt

learning  based  works  in  computer  vision  has  also

emerged.  CoOp[43] borrows  soft  prompt  technique  in  the

NLP field to the image field. CPT[44] tailored for both im-

age and text data is capable of explicitly grounding nat-

ural  language  to  fine-grained  image  regions.  CoCoOp[45]

introduces a conditional prompt that is sample-specific to

further  improve  the  generalization  of  the  soft  prompts.

ActionCLIP[46] changes  the  traditional  action recognition

tasks into a standard video-text matching problem. Den-

seCLIP[47] extends  the  prompt  learning  for  dense  predic-

tion  tasks,  such  as  image  segmentation.  Ju  et  al.[48] en-

codes  temporal  information  with  a  lightweight  Trans-

former  to  prompt  visual-language  models  for  efficient

video  understanding.  In  this  work,  we  consider  composi-

tional  prompts  to  stir  pretrained  short-term  visual-lan-

guage  models  to  tackle  long-term procedure  understand-

ing tasks.

 3   Methods

 3.1   Preliminaries

We  first  introduce  some  preliminary  content  about

video-language  pretrained  models  (VL-PTMs)  from  in-

structional procedure videos. Since the instructional video

contains  intrinsic  clip-narration  pairs  that  are  semantic-

ally  consistent,  it  is  widely  used  for  training  large-scale

video-language  models  via  SSL.  According  to  the  SSL

technique,  the VL-PTMs from instructional  videos  could

be categorized into two categories, i.e., contrastive learn-

ing (CL) based models[11, 15] and BERT based models[9, 10].

{(xi, yj)}ni=1 ∈ (X ,Y)n}

P (X ,Y; fv, gt) xi ∈ X
yi ∈ Y

J ∈ Rd fv : X → J gt : Y → J

fv, gt

As shown in Fig. 1(a), given the weakly-aligned video-

narration  pairs ,  the  contrastive

learning based video-language models learn a joint distri-

bution  that embeds the video clip 

and  text  narration  in  a  joint  semantic  space

,  where  and  are  paramet-

erized  mapping  functions  for  video  clips  and  text  narra-

tions.  The  models  are  commonly  pretrained  with

the  noise  contrastive  estimation  (NCE)  loss  (1)  or  its

multiple  instances  learning  enhanced  version  (i.e.,  MIL-

NCE (2))[11].

max
fv,gt

n∑
i=1

log

 efv(xi)
Tgt(yi)

efv(xi)Tgt(yi) +
∑

(x′,y′)∼Ni

efv(x′)Tgt(y′)


(1)

Niwhere  is the set of negative pairs.

max
fv,gt

n∑
i=1

log


∑

(x,y)∈Pi

efv(x)Tgt(y)

∑
(x,y)∈Pi

efv(x)Tgt(y) +
∑

(x′,y′)∼Ni

efv(x′)Tgt(y′)


(2)

Piwhere  is the set of candidate positive pairs.

w1, · · · , wM v1, · · · ,
vN w1, · · · , wM

v1, · · · , vN

In  addition,  the  BERT-based  VL-PTMs  (Fig. 1(b))

borrow the idea from pretraining language models on lar-

ge corpora. Specifically, the input sequence for these mod-

els could be denoted as {[CLS], , [SEP], 

,  [SEP]},  where  is  the  sequential  embed-

ding of text narration and  is the visual embed-

ding of video clip, special token “[CLS]” and “[SEP]” de-

note  classification  and  separation,  respectively.  The

multi-modal  BERT  models  are  usually  optimized  with

the  pretext  tasks  of  masked  language  classification,

masked  visual  classification,  and  cross-modal  matching.

The masked language classification was proposed in [49],

which is a standard pretext task for BERT-based models

in  the  NLP filed[9, 10, 50].  Empirically,  it  randomly masks

textual tokens with a probability of 15%, and replaces the

masked  tokens  with  a  special  token  [MASK]  80% of  the

time, by a random textual token 10% of the time, and by

the original token 10% of the time. Then, the masked lan-

guage  classifications  are  implemented  by  conducting  a

cloze  test.  Formally,  it  approximately  maximizes  the

pseudo log-likelihood in the following:

L(θ) = Ex∼D

∑
l

log p
(
xl | x\l; θ

)
(3)

x\l = (x1, · · · , xl−1 xl+1, · · · , xL)

l x ∈ D

θ

where , [MASK],  denotes

masking  the -th  token  of  input  sequence  with

previous  empirical  strategy,  and  is  the  learnable

 

(a) CL-based VL-PTMs

(b) BERT-based VL-PTMs
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Fig. 1     Mechanism  of  typical  VL-PTMs  trained  from  large-
scale untrimmed instructional videos, including paradigms based
on the contrastive learning technique (a) and BERT model (b).
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parameter  of  corresponding  multi-layer  bidirectional

transformer  model[14].  The  masked visual  classification  is

nearly  the  same  except  that  the  input  is  changed  from

the  textual  token  to  the  visual  token.  The  cross-modal

matching task is implemented by appending a linear layer

upon the output of the first special token “[CLS]”, which

is  a  binary  cross  entropy  to  determine  whether  the

inputted  text  and  video  are  a  positive  pair.  For  more

details  about  pretext  tasks,  we  refer  the  readers  to  two

surveys[51, 52].

fv

gt

J

After  pretraining  on  abundant  short-term  clip-narra-

tion pairs, both the CL-based and BERT-based video-lan-

guage models contain plenty of dark knowledge about ba-

sic  short-term  video-language  concepts.  More  generally,

the  VL-PTMs  generated  from  these  two  paradigms  can

be equally expressed as a text encoder  and a video en-

coder  that  receptively  embed  textual  narrations  and

short-term video clips into a joint semantic space . For

simplification,  we  introduce  and  validate  our  framework

on  one  representative  CL-based  model  MIL-NCE[11] in

this paper. Note that the proposed framework is not spe-

cified in this model but is broadly applicable to VL-PTMs

from any mentioned paradigms above.

 3.2   Compositional prompt learning

 3.2.1   Overview

The pretrained video-language models perform well in

representing fundamental concepts such as short-term ac-

tions  (verbs),  basic  objects  (nouns),  and  their  combina-

tions.  However,  it  is  far  from sufficient  to  represent  and

understand  long-term  procedures  which  usually  last  as

long  as  1–100 s.  Therefore,  we  propose  a  compositional

prompting  learning  framework  to  stir  off-the-shelf  short-

term video-language  models  to  understand  long-term in-

structional procedures.

{(xi)}tpi=1

tp

gt fv

As  shown  in Fig. 2,  the  proposed  compositional

prompt learning framework involves  components  of  both

the visual prompt and the compositional textual prompts.

The  visual  prompt  component  is  designed  to  temporally

fuse the clip-level information from sequential short-term

video clips  to form procedure-level information,

where  denotes the procedure length measured by video

clip.  The  textual  prompts  consist  of  three  compositional

prompts,  i.e.  action  prompt,  object  prompt,  and proced-

ure prompt. The action prompt and object prompt are re-

spectively constructed from visible verbs and nouns in the

procedure  label.  The  procedure  prompt  is  hierarchically

constructed  with  the  procedure  label  and the  outputs  of

lower  prompts  (i.e.,  action  and  object  prompts).  Differ-

ent  from  previous  pretrain-finetune  paradigm[9–11],  the

text encoder  and video encoder  in our CPL frame-

work (Fig. 2) are always frozen during prompting and in-

ference,  which  is  very  parameter-efficient.  Eventually,  a

series  of  procedure  understanding  tasks  are  reformulated

into general video-text matching problems, which will be

introduced in detail in Section 3.2.4.
 3.2.2   Textual prompts

J

Procedure labels usually contain a composition of one

or several basic actions (verbs) and objects (nouns), such

as  “apply  some  glue  on  the  boards”,  “mix  and  pickle”,

and  “wind  the  junction  to  fasten  the  connection”.  Be-

sides,  the  pretrained  video-language  models  are  good  at

aligning them with corresponding visual contents in joint

semantic  space .  Therefore,  we  hierarchically  organize

the  textual  prompts  with  three  parts  (including  action
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prompt,  object  prompt,  and  procedure  prompt)  and

match  their  prompted  embedding  with  that  from  video

clips.

yp

Na No

Action and object prompts. Given a procedure la-

bel , we exploit the English core model from SpaCy1 to

tag  its  part-of-speech  (PoS),  thus  obtaining  correspond-

ing  verbs  and  nouns  in  the  procedure  label.  After  some

simple  manual  filtering  (see  Section  4.2  for  details),  we

treat the visible verbs and nouns as basic actions and ob-

jects, respectively. As a result,  and  actions and ob-

jects  are  obtained.  Inspired  by  previous  works  CLIP[53]

and  CoOp[43],  we  design  two  types  of  text  prompts,  i.e.,

hand-crafted prompt and learnable continuous prompt.

[ActionClass]

[ActionClass]

[ActionClass]

[ActionClass]

[ActionClass] [ActionClass]

Regarding the hand-crafted action prompt, a series of

templates  are  constructed  and  applied  to  every  action,

such as {“An action of .”}, {“The video clip

contains  an  action  of .”}, {“Playing  a

kind  of  action, .”}, {“Doing  action  of

.”},  and {“Can  you  recognize  the  action  of

?”}.  The  is filled with corres-

ponding  action  text.  The  hand-crafted  prompt  does  not

introduce  any  learnable  parameters,  which  intrinsically

fits  zero-shot  learning.  However,  identifying  suitable

prompt  templates  needs  sophisticated  prompt  engineer-

ing.  Besides,  as  reported  in  both  image  and  NLP

domains[43, 54], different prompt templates have a promin-

ent impact on the final performance of models. Therefore,

our  continuous  version  of  the  action  prompt  directly

learns  the  soft  prompts  in  an  end-to-end  manner.  For

each action class, the continuous prompt is constructed as

follows:

templatea = {[V1][V2] · · · [VNt ][ActionClass]} (4)

[Vn](n = 1, 2, · · · , Nt)

Nt

where  is a learnable vector with the

same  dimension  as  word  embedding  in  the  VL-PTMs,

and  the  hyperparameter  controls  the  number  of

learnable  tokens  in  the  prompt  template.  Due  to  these

learnable  parameters,  the  continuous  prompt  is  not

applicable for zero-shot conditions.

Na
max

No
max

Similarly,  the  hand-crafted  or  continuous  prompt  for

object prompt could be also constructed in the same man-

ner.  Note  that  the  numbers  of  actions  and  objects  vary

across procedures, we practically set the maximum num-

bers  of  action  prompt  and  object  prompt  as  and

,  and  pad  the  null  classes  “NullAction”  and

“NullObject” when needed, respectively.

ya
i (i = 1, 2, · · · , Na

max)

yo
j (j = 1, 2, · · · , No

max) y

Procedure  prompt. The  procedure  prompt  is  built

upon the procedure label and the lower action and object

prompts.  Given  the  actions   and

objects   in  a  procedure  label ,

their  outputs  after  corresponding  prompt  function  and

the frozen text encoder (see Fig. 2) could be obtained via

(5) and (6), respectively.

ha
i = gt(prompta(y

a
i )) (5)

ho
j = gt(prompto(y

o
j )) (6)

prompta prompto
gt

promptp

where  and  are  corresponding  prompt

function,  and  is  frozen  text  encoder.  In  addition,  the

continuous  template  for  procedure  prompt  ( )

could be designed as follows:

{[V1] · · · [VNt ][PClass] ha
1 · · · ha

Na
max

ho
1 · · · ho

No
max

}

[PClass]

[Vn] (n = 1, 2, · · · , Nt)

[PClass] ha
1 · · ·

ha
Na

max
ho
1 · · · ho

No
max

”
[PClass] ha

1 · · · ha
Na

max
ho
1 · · · ho

No
max

”

where  “ ”  should  be  filled  with  corresponding

procedure  name,  is  a  learnable

vector  (token).  As  for  the  hand-craft  procedure  prompt,

the  templates  are  constructed  similarly  to  those  for

actions,  such  as {“A  procedure  of . 

} and {“The  video  clip  contains  a

procedure  of . }.  Note

that  all  the  prompts  for  action,  object,  and  procedure

should be in the form of the hand-craft version when used

for zero-shot conditions.
 3.2.3   Visual prompt

xp = {(xi)}tpi=1

promptv(fv(xp))

fv
tp

Off-the-shelf  VL-PTMs  are  usually  pretrained  with

short-term clip-narration  pairs  that  lack  procedural-level

temporal dynamics, inspired by ActionCLIP[46], we intro-

duce  a  visual  prompt  function  to  empower  the  models

with long-term temporal dependency. Formally, given se-

quential short-term video clips  of one pro-

cedure, the visual prompt function  tem-

porally  forms a  procedure  level  representation from clip-

level  information,  where  is  the  short-term  clip-wised

video encoder branch of VL-PTMs, and  is the proced-

ure  length  measured  by  the  video  clip  (the  number  of

video clips). So, the visual prompt simply aggregates rep-

resentations from sequential  video clips of one procedure

to be a procedure-level representation. As shown in Fig. 3,

there  are  two  kinds  of  visual  prompt  functions  used  in

this  paper.  The  clip-wised  average  pooling  (Fig. 3(a))  is

the  most  straightforward  yet  very  effective  strategy,

which  simply  averages  pooling  clip-wised  representation

along  the  temporal  dimension.  It  will  not  introduce  any

learnable  parameter  and  thus  is  applicable  for  zero-shot

conditions.  The  second  prompt  function  (Fig. 3(b)),

equipped  with  an  additional  long  short-term  memory

(LSTM) or 1D convolutional layer before average pooling,

is  elaborately  designed  to  further  capture  temporal  dy-

namics  among  clips.  It  introduces  some  additional  para-

meters and could not be used for zero-shot settings.
 3.2.4   Task reformulation

Classical  procedure  understanding  tasks  usually  need

task-specific classifiers or localizers, thus having different

optimization  targets  with  off-the-shelf  VL-PTMs.  To

bridge  the  target  gap  between  VL-PTMs  and  down-

stream  tasks,  we  reformulate  the  form  of  downstream1 http://spacy.io
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procedure  understanding  tasks  into  a  general  matching

problem,  which  is  also  the  main  optimization  target  of

VL-PTMs.

N

xp
i ∈ xp

hp
xi

= fv(promptv(x
p
i ))

yp
j ∈ yp

hp
yj = gt(promptcomp(y

p
j )) xp

i ∈
xp yp

j ∈ yp

Procedure classification. Existing  methods  usually

treat procedure classification as a close-set 1-of-  major-

ity voting problem, while we treat it as an open-set video-

text  matching  problem  instead,  as  shown  in Fig. 4(a).

Formally,  let  a procedure video  and its  final  se-

mantic embedding , and let a pro-

cedure  label  and  its  final  semantic  embedding

.  Given  a  procedure  video 

,  we  match  it  with  each  procedure  label  once

by calculating the cosine similarity between their final se-

mantic embeddings, then determine the best label match

yp
∗ as the final class prediction, i.e.,

yp
∗ = arg min⟨hp

xi
, hp

yj ⟩, yp
j ∈ yp (7)

⟨·⟩where  denotes  similarity  calculation.  As  a  result,  the

cosine  classifier  in  (7)  is  not  only  capable  of  fully-

supervised  and  few-shot  procedure  classification  but  is

also naturally applicable for zero-shot recognition.

xi

w(t) W

Procedure proposal. This task is aiming at generat-

ing  a  set  of  temporal  proposals  from  an  untrimmed  in-

structional  video  that  could  overlap  well  with  ground-

truth  procedures.  Therefore,  the  generated  proposals  are

category-independent. As shown in Fig. 4(b), given an un-

trimmed video , we first apply a temporal sliding win-

dow  with a length of  to calculate its time-depend-

ent semantic embedding via the following equation:

hxi(t) = fv(promptv(x
w(t)
i )). (8)

Sij(t)

hxi(t)

hyj

yj

Then,  we  can  obtain  the  similarity  score 

between  this  time-dependent  semantic  embedding 

and the semantic embedding  from each procedure la-

bel , i.e.,

Sij(t) = ⟨hxi(t), hyj ⟩. (9)

Since  procedure  proposals  should  be  category-inde-

pendent,  we  further  introduce  a  module  called  class-ag-

 

Average pooling

⃛

LSTM/Conv1D

⃛

Average pooling

(a) (b)
 
Fig. 3     Different  types  of  visual  prompts:  (a)  Clip-wised
average prompt, and  (b) average prompt enhanced with multi-
layer  LSTM  or  1D  convolutional  layer  for  modeling  temporal
dynamics.
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Fig. 4     Illustration of task reformulation. Three classical downstream tasks  for procedure understanding are reformulated as general
matching problems, including procedure classification, procedure proposal, and procedure localization.
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Sij(t)

K

nostic  fusion  (CAF)  to  adaptively  fuse  the  score 

generated  from  each  procedure  label.  Specifically,  the

CAF  selects  and  averages  the  largest  scores  for  each

sliding window, i.e.,

Si(t) = mean(TopK(Sij(t))), j = 1, 2, · · · , Np
c (10)

Np
c

Si(t)

where  is the number of procedure classes. Finally, the

class-agnostic  score  is  used  to  generate  procedure

proposals  via  the  standard  temporal  actionness  grouping

(TAG)  method[30],  following  the  protocol  in  a  previous

work[55].

Procedure  localization. As  shown  in Fig. 4(c),  the

procedure  localization  task  can  be  decomposed  into  two

stages,  i.e.,  procedural  proposal  and  proposal  classifica-

tion. Specifically, we first apply the reformulated propos-

al  method to an untrimmed procedure video to obtain a

series  of  procedure  proposals.  Then,  apply  the  reformu-

lated classification method to these proposals to generate

the final class prediction. Both stages are based on video-

text matching, so it is capable of stirring dark knowledge

contained in the pretrained video-language models, which

is more data-efficient and generalizable.
 3.2.5   Optimization

Lp

La Lo

As shown in Fig. 2,  the proposed CPL contains  three

video-text  matching  components  to  stir  hidden  know-

ledge from VL-PTMs. The procedure matching forms the

core  matching loss ,  and the action matching and ob-

ject matching form two auxiliary losses (  and ), thus

we have

Lmatch = Lp +
(La + Lo)

2
. (11)

Each matching loss has a similar form as it is in clas-

sical  prompt  learning  methods[53, 56].  Taking  the  proced-

ure matching as an example, it is computed as the sum of

the vision-to-text loss and text-to-vision loss, i.e.,

Lp
i = Li

v2t + Li
t2v. (12)

During prompting,  the  vision-to-text  loss  is  construc-

ted as follows:

Li
v2t = − log

(
exp(sim(hp

xi
, hp

yi)/τ)∑
j exp(sim(hp

xi , h
p
yj )/τ)

)
(13)

sim τwhere  is  the  cosine  similarity  function,  and  is  a

temperature  parameter.  The text-to-vision loss  is  similar

to  the  vision-to-text  loss  except  that  one text  label  may

correspond  to  multiple  visual  inputs,  so  it  should  be

rewritten as follows:

Li
t2v = − log

(
exp(sim(hp

xi
, hp

yi)/τ)∑
j:yj ̸=yi

exp(sim(hp
xj , h

p
yi)/τ)

)
.

Note  that  the  text  set  is  formed  from  mini-batches

during training while from the whole dataset during infer-

ence for memory-saving following [56].

 4   Experiments

 4.1   Datasets

HowTo100M dataset. The  HowTo100M  dataset[15]

is  the  largest  instructional  video  dataset,  which  involves

broad domains in daily life, such as cooking, fitness, and

gardening.  It  totally  contains  1.22 M  untrimmed  You-

Tube videos belonging to 12 000 instructional tasks. Each

video has corresponding narration from manually-entered

subtitles  or  automatic  speech  recognition  (ASR).  The

narrations  and  video  clips  are  only  weakly  aligned  for

various  reasons,  including  procedure  missing,  procedure

reversing,  unrelated  narrations,  etc.  Since  no  ground-

truths in terms of procedure classes or their temporal ex-

tents  are  available,  the  HowTo100M  dataset  is  mainly

used to train large-scale video-language models[9, 11, 15], in-

cluding  both  CL-based  and  BERT-based  VL-PTMs  in

Fig. 1.  The  example  model  we  take  for  compositional

prompt  learning  in  this  paper  (i.e.,  MIL-NCE[11])  is  also

pretrained on this dataset.

COIN dataset. The COIN dataset[3] is currently the

largest  procedure  understanding  dataset  with  succinct

and accurate manual procedure annotations with respect

to  the  category  and  temporal  extent.  It  contains 11 827

untrimmed  YouTube  videos  from  180  daily  tasks  in  12

domains and has a large amount of  176 hours of  videos.

On  average,  each  video  lasts  2.36  minutes  with  about

3.91  procedures,  and  each  procedure  lasts  about  14.91 s,
thus  eventually  the  whole  dataset  has  46 354  human-an-

notated procedures. Following the split in the original data-

set paper[3], the training and testing subsets contain 9 030

and 2 797 video  samples,  respectively.  Since  the  COIN

dataset  has  clear  temporal  bounding  boxes  and  succinct

procedure descriptions, it could be used to evaluate many

kinds of procedure understanding tasks, including proced-

ure classification, procedure segmentation, procedure loc-

alization, procedure retrieval, etc.

CrossTask  dataset. The  CrossTask  dataset[5] con-

tains 4.7 K videos belonging to 83 tasks that fall into vari-

ous  domains,  such  as  cooking,  car  maintenance,  crating,

and home repairs. Tasks and steps in the dataset are de-

rived from the website wikiHow, which describes how to

solve  daily  tasks.  The  primary  tasks  of  CrossTask  are

fully-annotated  and  could  be  used  to  evaluate  the  tem-

poral  procedure  localization  task.  Following  the  same

evaluation protocols in previous works[5, 11], we report the

average  recall  metric  for  the  procedure  localization  task.

It is defined by the number of procedure assignments that

fall  into  the  ground-truth  extents  divided  by  the  total

number of procedures.
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 4.2   Implementation details

We  select  an  off-the-shelf  VL-PTM  from  [11]  as  the

short-term video-language  model,  which  is  pretrained  on

the HowTo100M dataset[15]. Following the settings in [11],

the  visual  backbone  is  an  S3D network[57] and  the  word

embedding  is  initially  from  the  word2vec  model[58].  The

token length for the textual prompt is set as 16, and the

number of templates is set as 8 for all prompts, which are

empirically obtained by grid search. The nouns and verbs

among  procedures  are  obtained  by  PoS  tagging  via

SpaCy′s  core  web  model  for  English.  Inspired  by  previ-

ous works[15, 33], we manually filter out verbs that are not

physically  visible  (such  as  “accept”,  “recommend”)  or

with the VBD (past tense) tag that is  not shown in the

video  (such  as  the  verb  “chopped”  in  the  procedure

“sprinkle some finely chopped coriander”). All the experi-

ments  are  implemented  with  the  PyTorch  framework.

The  models  are  trained  via  the  AdamW optimizer  with

improved  weight  decay  handling  and  gradient  clipping

with a maximal norm of 0.1 is applied.

 4.3   Results

To  examine  the  effectiveness  of  the  proposed  frame-

work,  we  conduct  extensive  experiments  on  three  set-

tings that have different levels of annotation availability,

including  fully-supervised,  zero-shot  and  few-shot  para-

digms.  The detailed results  corresponding to each condi-

tion are reported in the following two sections.
 4.3.1   Fully-supervised results

For the fully-supervised setting, we conduct extensive

experiments for a series of procedure understanding tasks

on  the  COIN and  CrossTask  datasets,  including  proced-

ure classification,  procedure proposal,  and procedure loc-

alization.

N

Procedure  classification. We  first  apply  our  CPL

framework to the procedure classification task, which re-

formulates the traditional 1-of-  majority procedure vot-

ing  into  a  matching  problem  between  visual  video  clips

and  textual  procedure  descriptions.  Therefore,  we  com-

pare  our  novel  framework  with  classical  state-of-the-art

action  or  activity  recognition  approaches  on  the  COIN

dataset, including TSN[59], TSM[60], STM[61], TDN[62], etc.

As  shown  in Table  1,  our  CPL  framework  significantly

outperforms the state-of-the-art  action recognition meth-

od TDN[62] with large margins of  4.7% (Top1) and 8.3%

(Top5). The performance gains mainly owing to two reas-

ons: 1) Our CPL framework makes full use of the semant-

ic information contained in the procedure description, and

2)  the  compositional  textual  prompting  strategy  is  good

at distilling the component knowledge in large-scale  pre-

tained video-language models.

Procedure proposal. In addition,  we further exam-

ine the effectiveness of our CPL via the procedure propos-

al  task,  which  aims  to  segment  an  instructional  proced-

ure video into category-independent procedure segments.

To  conduct  a  par-to-par  comparison,  we  follow  the  set-

ting  and  baselines  from  a  previous  work[63].  Specifically,

the intersection over union (IoU) threshold for non-max-

imum  suppression  is  set  to  0.8,  and  the  average  recall

(AR) is  computed via multiple  IoU thresholds that vary

from 0.5 to 0.95 with an interval of  0.05.  The final  ARs

with respect to different ANs (40, 60, 80) are reported in

Table 2, where AN denotes the average number (AN) of

proposals  per  video.  As  shown  in Table  2,  our  CPL

framework  achieves  state-of-the-art  performance  on  both

of  COIN  and  CrossTask  datasets.  Specifically,  the  pro-

posed  CPL  not  only  outperforms  the  weakly-supervised

methods,  such  as  Hand  Detector  and  Temporal  Pri-

or[63, 64],  but  also  exceeds  the  state-of-the-art  supervised

method[63] with large margins in terms of different propos-

al numbers per video.

Procedure  localization. We  finally  evaluate  the

performance  of  the  procedure  localization  task,  which

aims to localize the temporal extent of a specific proced-

ure  and  classify  its  category  at  the  same  time.  To  con-

duct  a  par-to-par  comparison,  following  the  protocols  in

previous works[5, 63], we also use class-wise recalls and the

average recall as the evaluation metrics for this task. The

obtained  results  are  included  in Table  3.  We  compare

them with a  series  of  state-of-the-art  methods,  including

the  approaches  from  Richard  et  al.[32],  Alayrac  et  al.[34],

Zhukov et  al.[5],  Miech et  al.[11],  and TVJE[15],  LTOV[63],

etc. The performance regarding class-wise recalls and the

average  recall  both  achieve  a  new  state-of-the-art  result

on the CrossTask benchmark. The large performance gain

could be partly attributed to the fact that our CPL meth-

od successfully mined useful semantic information that is

already  well  represented  in  the  video-language  model

MIL-NCE,  which  is  pretrained  on  the  large-scale  un-

trimmed  instructional  dataset  HowTo100M.  In  addition,

the  gain  should  be  partly  attributed  to  the  reason  that

the  proposed  compositional  prompt  learning  hierarchic-

ally  aligns  the  optimization  targets  between  the  pretext

task of VL-PTMs and the downstream localization task.
 4.3.2   Zero-shot and few-shot results

As  introduced  in  Section  3.2.4,  the  proposed  prompt

learning based framework also has great potential in per-

forming zero-shot and few-shot procedure understanding.

In this section, we carefully examine its performance un-

 

Table 1    Comparisons of procedure classification performance
on the COIN dataset

Methods Accuracy (Top1) Accuracy (Top5)

TSN[59] 36.5% 65.1%

TSM[60] 37.9% 69.3%

STM[61] 38.5% 72.7%

TDN[62] 40.2% 78.5%

CPL (Ours) 44.9% 86.8%
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der  different  levels  of  annotation  availability.  Note  that

the  hand-crafted  version  of  prompt  functions  is  used  for

the  zero-shot  condition  while  the  continuous  version  is

used for the few-shot condition.

We first  conduct extensive experiments for  procedure

classification on the COIN datasets. Specifically, we train

our framework with various percentages of training data,

including  0%,  1%,  2%,  5%,  10%  and  100%.  Thus,  0%

means  no  supervised  training  that  is  a  zero-shot  setting

and  100%  means  previous  fully-supervised  setting,  while

1%, 2%, 5% and 10% are different levels of few-shot set-

tings.  Since  our  CPL  framework  reformulates  procedure

classification  as  a  novel  video-text  matching  problem

N

N

(Section  3.2.4),  we  also  construct  a  baseline  method  by

finetuning  the  same  VL-PTMs  under  classical  paradigm

of  1-of-  majority  voting  for  comparing.  The  classifica-

tion  results  corresponding  to  these  settings  are  reported

in Table 4. We can observe that our CPL achieves prom-

ising  zero-shot  learning  ability  that  reaches  about  22%

performance of the full-supervised setting (upper bound).

While  the  baseline  finetuning  method  cannot  perform

zero-shot  classification,  because  its  downstream  1-of-

voting  paradigm  is  different  from  the  video-text  match-

ing  paradigm  of  VL-PTMs  in  that  at  least  one  annota-

tion is needed for alignment. Our CPL framework is cap-

able  of  distilling  dark  knowledge  from  pretrained  video-

 

AN = 40 AN = 60 AN = 80
Table 2    Comparisons of procedure proposal performance on the COIN and CrossTask datasets. Average recall under conditions of

different proposal numbers per video is reported, including  ,   and  .

COIN CrossTask

AN = 40 AN = 60 AN = 80 AN = 40 AN = 60 AN = 80

Random 0.01 0.02 0.03 0.01 0.02 0.03

Hand detector[64] 0.15 0.19 0.22 0.06 0.07 0.08

Temporal prior[63] 0.22 0.28 0.34 0.11 0.14 0.18

LTOV[63] 0.25 0.35 0.41 0.17 0.23 0.27

Linear supervision[63] 0.30 0.39 0.45 0.21 0.27 0.33

CPL (Ours) 0.35 0.44 0.52 0.30 0.38 0.46
 

 

Table 3    Comparisons of procedure localization performance on the CrossTask dataset. Recall score for
each task and their average recall score are reported.

Methods
Make kimchi

rice
Pickle

cucumber
Make banana

ice cream Grill steak Jack up car Make jello
shots

Change tire Make
lemonade

Add oil
to car

Make
latte

Richard
et al.[32] 7.6 4.3 3.6 4.6 8.9 5.4 7.5 7.3 3.6 6.2

Alayrac
et al.[34] 15.6 10.6 7.5 14.2 9.3 11.8 17.3 13.1 6.4 12.9

Zhukov et
al.[5]

13.3 18.0 23.4 23.1 16.9 16.5 30.7 21.6 4.6 19.5

TVJE[15] 33.5 27.1 36.6 37.9 24.1 35.6 32.7 35.1 30.7 28.5

Miech et
al.[11]

28.7 37.9 42.8 36.3 22.0 42.9 27.4 43.1 30.8 32.7

LTOV[63] 34.1 40.0 48.7 40.3 30.7 46.1 34.5 45.9 38.1 35.9

CPL (Ours) 38.5 42.1 49.8 45.0 34.2 49.7 38.8 47.2 40.9 39.1

Methods Build shelves
Make taco

salad
Make French

toast
Make Irish

coffee
Make strawberry

cake
Make

pancakes
Make

meringue
Make fish

curry
Average

Richard
et al.[32] 12.3 3.8 7.4 7.2 6.7 9.6 12.3 3.1 6.7

Alayrac
et al.[34] 27.2 9.2 15.7 8.6 16.3 13.0 23.2 7.4 13.3

Zhukov et
al.[5]

35.3 10.0 32.3 13.8 29.5 37.6 43.0 13.3 22.4

TVJE[15] 43.2 19.8 34.7 33.6 40.4 41.6 41.9 27.4 33.6

Miech et
al.[11]

42.8 27.5 34.0 33.7 44.3 48.0 46.0 33.9 36.4

LTOV[63] 50.0 35.4 38.1 42.6 42.6 45.9 51.6 37.8 41.0

CPL (Ours) 54.2 36.1 42.7 44.9 47.8 51.3 53.1 39.8 44.2
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language models, making it have a zero-shot understand-

ing  of  some  key  components  of  instructional  procedures,

such  as  basic  actions  and  objects.  Although  the  proced-

ure descriptions are heterogeneous in large-scale auto-gen-

erated  pretraining  datasets  (e.g.,  HowTo100M)  and

downstream human-annotated datasets (e.g., COIN, Cross-

Task), they are still  semantically equivalent at the high-

level semantic space. Besides, the proposed method is sur-

prisingly  good at  few-shot  learning,  reaching  nearly  38%

and  77%  of  the  fully-supervised  performances  (upper

bound) with only 1% and 10% procedure annotations, re-

spectively.  While  the  baseline  method  only  respectively

achieves  1.7% and 29% of  the  upper  bound performance

with 1% and 10% annotations under a comparable upper

bound  (fully-supervised).  The  excellent  improvements

could  be  largely  attributed  to  the  fact  that  our  prompt

learning based framework aligns the optimization targets

between  the  downstream  classification  task  and  per-

tained pretext  task.  We also  visualize  some positive  and

negative results from our CPL framework under the few-

shot  condition  (10%) in Fig. 5.  We can observe  that  the

model  successfully  classified  procedural  samples  in  the

task  “ChangeCarTire”  after  few-shot  training,  partially

because  it  may  stir  useful  concepts  (such  as  “wheel”,

“screw”, “jack”, “remove”) from the VL-PTMs. However,

it  made  many  mistakes  in  task  “MakePaperWindMill”.

This  may  be  because  the  procedures  in  “MakePaper-

WindMill”  are  more  intra-class  similar  and  the  involved

concepts (such as “windmill”, “bracket”, and “edge”) are

less common in the VL-PTMs, which may need more an-

notations to learn and distinguish.

N

Similarly, we also evaluate the zero-shot and few-shot

abilities of our CPL framework for procedure localization

task on the CrossTask dataset, and the results are shown

in Table  5.  For  a  fair  comparison,  the  baseline  method

also  divides  procedure  localization  into  two  stages  (pro-

cedure  proposal  and  proposal  classification),  and  each

stage  is  achieved  by  finetuning  the  same  VL-PTMs  as

ours under the classical paradigm of 1-of-  majority vot-

ing  instead  of  our  matching  paradigm.  We  can  observe

that  our  CPL  method  has  a  promising  ability  for  zero-

shot  and  few-shot  learning.  It  achieves  high  average  re-

calls  of  26.5%  (60%  of  upper  bound  performance)  with

only 10% annotated data while the baseline method only

reaches 12.7% (31% of upper bound performance) in the

same  annotation  condition,  indicating  the  effectiveness

and superiority of the proposed method.

 4.3.3   Analysis

In this section, we dig deeper into the proposed CPL

framework to examine and analyze the influence of some

key  components  and  hyper-parameters.  Specifically,  we

will analyze the influence of the token numbers and tem-

plate  numbers  in the textual  prompts,  and the influence

of prompt types in the visual prompts.

Nt

Firstly,  we  take  the  procedure  classification  on  the

COIN dataset as an example to investigate the impact of

token  numbers  in  continuous  textual  prompts.  Specific-

ally,  we fix the template number and vary the learnable

token  number  of  the  textual  prompt  in  a  range

[4 : 4 : 24],  and the performance of procedure classification

is  shown  in Table  6.  We  can  observe  that  the  accuracy

improves  quickly  when  increasing  the  token  number  at

early stage since more tokens could provide more context

capacity  for  the  textual  prompts.  Then,  the  accuracy  is

gradually saturated and achieves a maximum value with

a  token  number  of  16,  thus  we  choose  this  value  as  the

 

[Fold the edges of
the paper]

(√)

[Fold the edges
of the paper]

()
[Fold the squares

inward and fix them]

[Fold the edges
of the paper]

()
[Fix the wind mill

on the bracket]

[Unscrew the screw]
(√)

[Jack up the car]
(√)

[Remove the tire]
(√)

(a) Samples from the task “ChangeCarTire”

(b) Samples from the task “MakePaperWindMill”
 
Fig. 5     Visualization of  the positive and negative classification
results  on  the  COIN  dataset.  The  correct  and  incorrect
predictions  are  respectively  marked  in  blue  and  red,  and  the
ground-truth for the incorrect prediction is also listed in black.
 

 

Table 4    Comparing procedure classification results of the pro-
posed CPL framework under different levels of annotation
availability, including the zero-shot, few-shot and fully-

supervised settings on the COIN dataset.

Methods

Settings

Zero-shot Few-shot Fully-supervised

0% 1% 2% 5% 10% 100%

Baseline – 0.7 2.1 6.7 11.4 39.7

CPL (Ours) 10.3 17.5 20.9 25.9 34.4 44.9
 

 

Table 5    Comparing procedure localization results of our CPL
framework on the CrossTask dataset under different levels of

annotation availability, including zero-shot,
few-shot and fully-supervised settings.

Methods

Settings

Zero-shot Few-shot Fully-supervised

0% 1% 2% 5% 10% 100%

Baseline – 0.9 2.4 5.5 12.7 40.5

CPL (Ours) 12.3 15.8 17.6 22.8 26.5 44.2
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default value for other experiments.

Then, we examine the impact of template number by

procedure  classification  task  on  the  COIN  dataset.  As

mentioned  in  Section  3.2.2,  the  discrete  prompt  needs

sophisticated  prompt  engineering,  and  different  prompt

templates have a prominent impact on the final perform-

ance  of  models,  which  has  been  widely  reported  in  both

fields of computer vision (CV) and NLP[43, 54]. Therefore,

our CPL mainly uses continuous (learnable) prompts ex-

cept for the zero-shot setting. Here,  we focus on the im-

pact  of  the  template  number  of  the  continuous  prompt.

Specifically, the number of templates is varied in a range

{1,  4,  8,  12,  16},  and  the  results  are  shown  in Table  7.

We  can  observe  that  the  classification  performance  in-

creases with the number of prompt templates and is sat-

urated after  8 templates.  Although the performances are

the same when there are 8 and 12 templates, we eventu-

ally choose 8 as the default value in consideration of com-

putational efficiency.

  
Table 7    Influence of template number on procedure classifi-

cation performance on the COIN dataset. †selected value.

#Templates 1 4 8† 12 16

Accuracy (%) 39.7 43.1 44.9 44.9 44.7

 
As  mentioned  in  Section  3.2.3  and Fig. 3,  the  visual

prompt could be in the form of two categories, including

the  non-parameterized  average  pooling  and  parameter-

ized  LSTM/Conv1D  appended  by  average  pooling.  The

non-parameterized  manner  is  applicable  to  all  the  zero-

shot,  few-shot,  and  fully-supervised  settings,  and  the

parameterized manner can only be used for the few-shot

and  fully-supervised  settings.  Here,  we  take  the  task  of

procedure localization on the CrossTask as an example to

examine the impact of different visual prompts. As shown

in Table  8,  the  two  parameterized  manners  (LSTM/

Conv1D + average pooling) achieve comparable perform-

ance  in  all  settings,  and  both  are  much  better  than  the

non-parameterized  manner  (averaging  pooling).  This  is

because the proposed two non-parameterized methods are

capable of capturing temporal dynamics among represent-

ations of video clips.

 5   Conclusions

In  this  work,  we  propose  a  novel  prompt  learning

based  framework  to  compositionally  prompt  pretrained

short-term  video-language  models  to  efficiently  perform

long-term procedure  understanding tasks  in  instructional

videos.  Three  compositional  textual  prompts  and  one

visual  prompt  reformulate  three  classical  procedure  un-

derstanding tasks into general video-text matching prob-

lems. The framework efficiently transfers dark knowledge

from  off-the-shelf  video-language  models  to  facilitate

downstream  tasks  under  the  umbrella  of  zero-shot,  few-

shot,  and  fully-supervised  settings.  Eventually,  our  CPL

achieves promising results on two widely used instruction-

al datasets for procedure understanding tasks.
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