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Figure 1. Video demonstration from multistep descriptions. Given multistep descriptions (left) aiming to achieve a procedural task,
e.g. making vegan taco, our method obtains clips from thousands of instructional videos to visually demonstrate the procedure (right). The
goal is for every clip to correctly describe a step, while maintaining visual consistency. Our proposed method goes beyond current retrieval

and generation methods, which fail to faithfully ground multistep

Abstract

When obtaining visual illustrations from text descrip-
tions, today’s methods take a description with a single text
context—a caption, or an action description—and retrieve
or generate the matching visual context. However, prior
work does not permit visual illustration of multistep de-
scriptions, e.g. a cooking recipe or a gardening instruc-
tion manual, and simply handling each step description in
isolation would result in an incoherent demonstration. We
propose Stitch-a-Demo, a novel retrieval-based method to
assemble a video demonstration from a multistep descrip-
tion. The resulting video contains clips, possibly from dif-
ferent sources, that accurately reflect all the step descrip-
tions, while being visually coherent. We formulate a train-
ing pipeline that creates large-scale weakly supervised data
containing diverse procedures and injects hard negatives
that promote both correctness and coherence. Validated
on in-the-wild instructional videos, Stitch-a-Demo achieves
state-of-the-art performance, with gains up to 29% as well
as dramatic wins in a human preference study.

1. Introduction

Instructional or “how-to” videos are commonly used to
learn new skills—such as cooking, gardening, repairing
bikes, or yoga. These videos contain an explanation of the

*Equal contribution.
Project page: https://vision.cs.utexas.edu/projects/stitch-a-demo/

procedures in coherent visual sequences.

task, often in the form of multiple procedural steps, along
with a rich visual demonstration. Video demonstrations
have shown to be a great learning aid [57], significantly
augmenting written step descriptions for human learners.
Meanwhile, in robot learning, training with “passive” video
of human skill executions is increasingly attractive for rep-
resentation learning and efficient imitation [63, 71].

Despite the scale of instructional videos on the inter-
net, they still only represent a sliver of all possible demon-
stration sequences, given the combinatorics of how differ-
ent steps can potentially be combined. Any given video
assumes a fixed sequence of steps, which might differ
from the step description that a person wants to visualize,
whether from a recipe book, an instructional manual, or
their own imagination. For example, consider the step se-
quence to prepare a Vegan Mexican Taco by (a) making ve-
gan ground beef, (b) mixing onions and seasoning, (c) mak-
ing sauce, (d) making vegan cheese, and (e) wrapping it
up. What if none of the videos on making a Mexican Taco
covers these exact steps, in order? Some recipe might add
mashed potatoes (Fig. 1, top row) or make nacho cheese
(Fig. 1, bottom row). The problem is that no one video
demonstration may show the exact steps of interest.

The task to provide a faithful video demonstration for
a given sequence of textual step descriptions is technically
challenging. Not only is the space of possible procedures
very large, but also the wide range of expertise, availabil-
ity of the tools and objects, and the multistep dependencies
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of procedural actions all add to the challenge. On the one
hand, prior text-to-video methods [3, 6, 34, 38, 45, 62, 66,
67, 70] can retrieve clips that achieve good instantaneous
video-text alignment capturing semantic similarity, but they
stop short of retrieving consistent multistep depictions. On
the other hand, video or image generation [22, 43, 55, 56]
shines for creating imaginative outputs beyond the bound-
aries of any given dataset, but suffers from high computa-
tional requirements and hallucinations that reduce realism.

We propose Stitch-a-Demo, a novel method to obtain
video demonstrations from multistep descriptions. We re-
trieve clips from multiple videos that best satisfy the input
step description while ensuring temporal, visual, and envi-
ronmental consistency. Our approach employs a novel pro-
cedure evaluator network, together with well-designed pos-
itives and negatives for training that represent correctness
and visual consistency constraints. The training method
leverages the prior from strong instantaneous video-text sig-
nals, and combines them with our designed constraints, to
obtain correct video demonstrations from multistep descrip-
tions. Moreover, we propose an adaptive search space re-
duction for real applications where the search space is large.

We consider three diverse procedural domains. We fo-
cus on cooking, which not only represents the single most
popular procedural activity in online how-to’s today, but
also is particularly compelling due to its diversity of tools,
ingredients, and physical techniques. Indeed, many in-
fluential large datasets and models center around cook-
ing [1, 2, 6, 13, 29, 44, 46, 59, 61, 72]. To underscore the
generality of our approach, we further translate the same
model to other instructional domains—woodworking and
gardening—that also exhibit multiple valid materials and
techniques for completing a task. We introduce a large-
scale weakly-supervised Stitch-a-Demo training dataset and
a manually curated testing dataset. Rigorous quantita-
tive experiments with in-the-wild videos and a human
preference study show the effectiveness of our Stitch-a-
Demo over state-of-the-art visual demonstration generation
and retrieval methods [6, 55, 61, 62].

2. Related Work

Video and language representation learning. Videos
are often paired with text captions or narrations that can
help learn strong associations between text and video [3,
38, 44, 49, 70]. These video representations can then be
used for a variety of downstream tasks, including caption-
ing [27, 35, 47, 65, 77], text-to-video and video-to-text re-
trieval [12, 13, 17, 41, 44, 45, 70, 79], and action recog-
nition [18, 21, 33, 36, 69]. Most of these tasks consider
clips that are typically a few seconds long. Other tasks
requiring longer video understanding are action anticipa-
tion [3, 20, 23] and procedure planning [8, 11, 64, 78, 80].
However, the query or description in these tasks is a single

sentence. Unlike prior work, we learn to provide a video
given multistep descriptions, effectively learning associa-
tions over long videos with procedural steps.

Learning from instructional videos. Beyond their use
in video representation learning, instructional videos are
useful for step understanding [5, 39, 58, 84], procedural
planning [8, 11, 64,78, 80], and step grounding [15, 25, 42].
Due to the detailed step descriptions accompanying vi-
sual demos in instructional videos, these tasks enable a
deep understanding of standard procedures. Recent meth-
ods [4, 6, 81] go beyond a single video demonstration and
attempt to reason across multiple demonstrations for task
graph learning [5, 7, 16, 24, 39, 81, 82]. Despite learning
from multiple videos, during inference those methods still
handle one video at a time, e.g. to perform step forecasting.
In contrast, we learn to stitch clips from multiple videos
into a cohesive and correct visual demonstration, unlocking
a deeper understanding of instructional videos.

Video or image from text descriptions. Obtaining a
video or image from text has been studied mostly from
two approaches—generation and retrieval. Media genera-
tion [9, 22, 26] is used to create any image or video from
text descriptions—even unrealistic ones. Controlled me-
dia generation [9, 40, 60] is also used to edit images and
videos to incorporate the desired change. With current gen-
erative model capabilities, video generation remains lim-
ited to short clips [10, 48, 75]. For instructional content
(typically 5-30 minutes), prior works therefore generate a
single illustrative image per step [32, 43, 55, 56], showing
limited action information. Media generation is also prone
to hallucinations, often producing unrealistic step illustra-
tions unlike retrieval. We show that human judges prefer
our method compared to the state-of-the-art ShowHowTo
for image generation [55].

Video retrieval is the preferred approach when the right
answer is known to exist in the candidate set. For instruc-
tional videos, retrieval has been used extensively in prior
work [12, 13, 17, 41, 44, 45,70, 76, 79]. Beyond the stan-
dard text-to-video retrieval setting, CoVR [62] retrieves a
video demonstration based on a reference video/image and
a modification text. Limited prior work explores video re-
trieval to illustrate cooking tasks [6] or recipes [61] (and
inversely inferring a recipe from a photo [52]). VidDe-
tours [6] identifies a detour between two cooking videos
using a user’s language query, e.g., “how do I make this
without a blender?”’, a problem that is interesting but
distinct from illustrating a sequence of step descriptions.
Recipe2Video [61] creates a slideshow of each step and its
image/video/audio demonstration, but is limited to retriev-
ing clips based on rigid and inflexible metrics which im-
pedes correctness, coherence, and object state consistency,
as we show in results.

None of the existing retrieval methods is capable of re-
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Figure 2. Method overview. The videos and the step descriptions in C are used to create a procedure mapping M, using step localiza-
tion Fr. The procedure query R and M give video candidates V. The procedure evaluator Fr outputs the likelihood of each candidate.

trieving visually and logically coherent video demonstra-
tions from sequential step descriptions, as we tackle in this
work. Furthermore, unlike [6, 52, 61], we go beyond cook-
ing to demonstrate our method on domains like gardening
and woodworking.

3. Method

We first formally introduce the task in Sec. 3.1, followed by
the model design in Sec. 3.2, the dataset construction idea in
Sec. 3.3, and finally the implementation details in Sec. 3.4.

3.1. Task formulation

Given a multistep description for an instructional task,
ak.a. a procedure or arecipe, R = (11,72, ..., '), Where r;
is a natural language step description (Fig. 2 bottom left),
and a collection of videos C = {V v v}
(Fig. 2 top left), we want to learn a function F that finds
a video demonstration visually depicting the procedure R.
The output video Vg = (v1,v2,...,v,), is a sequence of
video clips, where v; is a segment from any video V),
from time instances t; to tq, i.e. v; = V(j)[tl : to] and
VU e C, t; < ty. Overall, F(R,C) = Vg. To recall,
videos in C have diverse human-object interactions [51], ob-
ject state changes [73], and step dependencies [5], making
the task of learning F both interesting and challenging.

Owing to the scale and the diversity of instructional
videos on the internet [44, 83, 84], we create Vi from mul-
tiple video demonstrations in C such that all the procedu-
ral steps are correctly shown, with maximum visual consis-
tency. Compared to applying image generation to illustrate
astep [32, 43, 55, 56], the proposed design has multiple ad-
vantages: it yields complete video demonstrations, known
to be more useful for human learning [57]; it accounts for
visual dependencies between the illustrated steps; and it is
less prone to hallucinations and unrealistic outputs.

Clips in Vg need not originate from the same video:
v;,v; € VR,v; € V(m), v; € VW % g = y. We allow
clips from different videos in the collection C to create V3,
since a single video demonstration may not be sufficient to
represent an arbitrary procedure R (see Fig. 1). Further-

more, the optimal Vi should stitch together video clips that
are not only correct (demonstrate the target steps) but also
coherent (mutually consistent in terms of visual continuity
and logic). Our model accounts for both, as we detail next.

3.2. Stitch-a-Demo model design

Next we discuss the model design to learn F. The high-
level idea is to first temporally localize step descriptions in
all videos to form clip and description tuples, i.e. (v, ), fol-
lowed by creating a candidate set for training. We design a
procedure evaluator module that determines the likelihood
that a sequence of (v;,7;), ¢ = 1,...,n, is a valid pro-
cedure. This model is trained to obtain Vy from {C, R}.
Fig. 2 shows the overview, and each part is described next.

Encoding videos and procedure text. We use a multi-
modal encoder Fs (e.g. CLIP, InternVideo2 [50, 66, 67])
to represent video and text. We obtain the procedure text
feature r; = Fj(r;) for a step r;, and a video clip feature
v; = Fy(v;), where v; is a video segment for a procedure
step. We extract 1 feature from 8 frames per second. The
video encodings are averaged over the duration of the video
clip to obtain a step video clip feature, consistent with prior
work [4, 6, 39]. We do not train F);.

Localizing a clip in a video. Retrieving clips for Vr
requires finding video clips associated with a procedural
step r. We use a temporal localization function Fr (e.g.
[15, 16, 30, 42]) to find the start and end time of a step
in a video. Specifically, let RY) = (], 1}, ...7%5) describe
the procedure of VU) in text. [ty,ta] = Fp(VW) ¢)
which we use to obtain the clip v/ = V[t : t5]. This
process yields a pool of procedure steps and clips P =
{(r" ) | € RO € VO VU ¢ ¢ ~ o}
From P and the query R, we construct a procedure map-
ping M = {(r,v") | r € R, (+',0v) € P,r ~ 1'}. We use
DropDTW [15] as the pre-trained F7, and keep it frozen;
any improvement there will only improve our model’s per-
formance.

Procedure evaluator module. The above modules help
us obtain a map of a procedure’s steps and corresponding
clips in the video collection C. Next, we propose a proce-
dure evaluator Fr that finds the probability of the correct-
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Figure 3. Examples of hard negatives and procedure combination. We design negative samples that violate step correctness, visual
continuity, and object state continuity for contrastive learning (left). We show an example of combining step descriptions from n (here
n = 2) video demonstrations into a novel procedure, using an LLM [19] (right). The novel procedure mixes steps from both descriptions.

ness of a candidate Vg, given the procedure steps. Specifi-
cally, the procedure correctness is given by

Fr (v}, 05, .,vl) | v ~ 1, (ri,05) € M) € ]0,1],

where v ~ r denotes the clip v shows the step r and

(v}, vh,...,v)) is a full “stitched” candidate sequence for

Vr. Fg has a transformer encoder that takes as input the

concatenated features Fy;(r;) and Fs (v;)—one per proce-

dural step. We take the output of the transformer encoder
corresponding to the CLS token, followed by a linear layer
to output a probability, Fir().

A key novelty of our method is how we train the proce-
dure evaluator. Instead of imposing heuristics to determine
which are good stitched videos, our insight is to automati-
cally generate a large-scale weakly supervised dataset with
hard negatives that encourage correctness and coherence.

Sampling negatives. Building on ideas in contrastive
learning [45, 50, 70], we create a hard negative set by mod-
ifying correct video demonstrations in a targeted way. Each
modification violates a constraint for correctness or visual
coherence. We describe each constraint first, followed by
the modification we perform to obtain negative samples.

* Step and goal correctness: All clips in Vr must accu-
rately represent the corresponding step description in R
and also contribute meaningfully to the goal of R (and
Vg). Thatis, v; ~ r; V i. For example, if r; is “add salt
to the chicken broth”, then v; should demonstrate sprin-
kling salt into the soup, but not performing other actions
on the broth or adding salt to something else, e.g. rice.
Violating step and goal correctness: Given a video
demonstration V, we create a negative sample V7, by re-
placing any clip v € Vr,v ~ r with randomly selected
v’ such that v' ~ r. Furthermore, to make the negatives
harder, we ensure the source video of v’ contributes to
Vi, ie.v) € VU — F” € VU v € Vi. These
constraints lead to a strong negative from the same video
sources, violating the step correctness. See Fig. 3 (left).

¢ Visual continuity: We aim to minimize the number
of distinct video sources when constructing Vi. A

new video must be selected only if the previously se-
lected video is insufficient for a step r;. Specifically, if
v, € VU ), v; ~ 715, and there are two candidates for
the next procedure step, i.e. v ~ 7,11, ~ 741, but
RS V(j), v’ ¢ V(j), then v should be chosen as the next
demonstration. Note that many candidate subsequences
will not originate from the same video; hence we do have
positives that cross video boundaries.

Violating visual continuity: If a video demonstration Vg
contains three consecutive steps from the same source
video, we form a negative by replacing the middle clip
with a similar demonstration from a different source
video, while still ensuring step correctness. Specifically,
ifv; € Vg,v; ~r;, andv; € V(J) Vi € {k,k—Fl,k‘—FQ},
we replace vy41 with v’ ¢ V) v/ ~ rp . See Fig. 3.

* Object state continuity: An object must not be in a state

that has undergone an irreversible transformation at a pre-
vious time. For example, there should not be a step with
a whole onion after a step showing onions being chopped,
or a step showing unsanded wood after a step showing the
wood being sanded down.
Violating object state continuity: We construct hard neg-
atives in this category by changing v,,v, € Vg to
v,v" € V), such that v occurs before v’ in V), and
v ~ ry,0" ~ 1y, but x > y. That is, the clips in the
negative sample do not follow the temporal order in the
original source video V). Even though some steps are
interchangeable in procedures, enforcing this constraint is
helpful given the perceptual damage in “undoing” a per-
manent transformation; see Sec. 4 and Supp. where we
experimentally validate the usefulness of violating object
state continuity for training negatives.

In summary, we consider various realistic constraints
when combining demonstrations from multiple procedures.
Our contrastive setup trains with these hard negatives. We
show the effectiveness of each of these constraints in the
results and discuss robustness to label noise below.

Training objective and inference. A correct procedure
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demonstration has the ground truth F'r value of 1; O other-
wise. During training, we use the standard Binary Cross
Entropy (BCE) training objective. The choice is consis-
tent with the output of the procedure evaluator F'r and the
ground truth binary labels.

During inference, we have a set of video candidates
Vi = (v}, vh,...,v},) and the chosen video Vg is

<y Up

argmax Fr(V} | v ~r;).

(v1,v5,...,01)

That is, the candidate with the highest probability from the
procedure evaluator.

Adaptive search space reduction. Finally, we discuss
adaptive search space reduction for practical implementa-
tion. For a short clip or naive full-video retrieval, the candi-
date set scales as O(N) for N videos. On the other hand, if
video clips are allowed to be from distinct videos in an M -
step procedure with an average of K clips in a video, the
candidate set scales as O((K N)™). Thus, we propose an
adaptive search space reduction technique that can capture
the ground truth in a much smaller candidate set, as follows.

We first construct a collection of sets S where an element
is defined as

S i={(z,v) |2 €Z,ve VD vn~ry}

That is, each set contains procedural step indices that have
a matching video clip in the i*" video. For example, if V(1)
has clips v1 and v, that match with steps 71 and 75 from the
query R, then S; = {(1,v1),(2,v2)}. This problem is the
same as a set cover problem [37]. The task is to find a subset
of S, i.e. a collection of S;, such that they cover all steps in
R with minimum number of set changes, i.e. video source
changes. We use the greedy solution of this problem [37]
to select top-K such set covers. We also use this method
in constructing the distractor set for retrieval performance
evaluation (Sec. 4). We show the effectiveness of this search
space reduction in Sec. 4. See Supp. for details.

3.3. Stitch-a-Demo dataset

To train F, we curate a large-scale automatic training data
and evaluate the model with a suite of testing data. Each
training instance consists of a (R, V) pair: a list of proce-
dural steps and their associated video clips. Positive pairs
stem from both real existing instructional videos as well as
novel procedures we generate, as described next. Negatives
are alterations of those positives formed as in Sec. 3.2.
Weakly-supervised training set. To augment the real
positives, the high-level idea is to use all the narrations in
the instructional video datasets, along with an existing lan-
guage model, to create realistic weakly-supervised proce-
dures by mixing steps from different demonstrations. This
training data augmentation is essential to help the model
learn to combine video clips from different demonstrations.

We have a collection C containing video demonstrations
including HowTo100M [44], COIN [58], CrossTask [84],
or HT-Step [2]. These datasets generally do not have an-
notations for procedural steps R; only [2] has a small scale
cooking recipe description that we use for testing, see be-
low. However, they have narrations that are converted to
text using ASR, which we use to obtain procedural step
descriptions. The ASR text is punctuated [25] and con-
verted to sentences. Then, following [6], we use a language
model (Llama-3.1 70B Instruct [14]) to convert the narra-
tion sentences to step-level, timestamped summaries. Next,
we find similar video demonstrations using a sentence sim-
ilarity score on the summaries (MPNet [54]), and choose
pairs, triplets and quartets of procedures that have a pair-
wise similarity above a threshold ¢ = 0.8.

As the last step, we provide those summary tuples to the
language model and ask it to create a valid sequence of
steps, effectively creating novel procedures. The question
follows the format “Create a new procedure by combining
steps from the provided procedure summaries. Choose new
steps from a different procedure only if the current proce-
dure cannot be used alone. Procedures: ...”. See Supp. for
the full prompt, which promotes correctness, visual consis-
tency, and accounts for object states. The summaries have
the time duration of each step, thus the novel procedures use
the corresponding start and end time for each video. We
show the efficacy of using LLMs in Supp.

Overall, we obtain a weakly-supervised dataset D,, =
{(R,V)|R = (r1,..s7n),V = (v1, ..., 0p), Fz st v; =
Va[t1,t2], Ve € C}. See an example in Fig. 3 (right). As
discussed in Sec. 3.1, clips within the same procedure can
come from different source videos. We acknowledge that
training samples in D,, might contain noise due to the in-
accuracies of the LLM. However, the value of unlocking
the larger dataset outweighs the risk of introducing noisy
training signals, as we show below. Manually examining a
random sample of labels, we find 75% to be high quality.

To reiterate, we use the idea of mixing procedures
(recipes) to (a) create a larger training set, and (b) encourage
the model to predict steps from distinct videos, if needed.
The hard negatives, discussed in Sec. 3.2, are sampled from
D,, for contrastive training. We validate this dataset D,,
with ablations in Supp.

Stitch-a-Demo testing sets. We create a suite of testing
sets to systematically evaluate all aspects of the model de-
sign and assumptions. Our testing suite has three types of
samples: (1) augmented procedures formed using the pro-
cess above (w for weakly supervised), (2) a manually anno-
tated test set Dy (for detour) derived from prior work [6],
and (3) standard unmixed demonstrations from original
videos (D,, for full video). These three are complemen-
tary, offering tradeoffs in realism and strength of ground
truth vs. scale and our control in generating samples. We
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Cooking ‘ Woodworking ‘ Gardening
Method SaD-MC SaD-VD HT-Step COIN, CT \ SaD-MC COIN,CT \ SaD-MC COIN,CT
MR] R@50 MR| R@50 MR| R@50 MR| R@50 ‘ MR| R@50 MR/ R@50 \ MR| R@50 MR/ R@50
CoVR [62] 193 004 132 0.04 161 0.12 97 0.25 29 0.34 37 0.34 31 0.24 26 0.30
VidDetours [6] 124 021 80 0.31 125 0.22 37 0.61 30 0.28 31 0.24 34 0.24 40 0.24
Text-only 108 0.32 76 036 123 0.26 78 0.36 44 0.22 31 0.20 51 0.16 58 0.32
InternVideo [66] 36 0.55 8 0.71 68 0.42 19 0.67 38 0.34 43 0.28 45 0.12 45 0.28
Recipe2Video [61] 125 0.21 50 0.50 93 0.29 26 0.68 40 0.30 75 0.04 48 0.02 76 0.12
Ours 3 084 35 091 40 0.56 6 0.88 \ 24 0.36 30 0.38 \ 26 0.36 25 0.36

Table 1. Results on video demonstration retrieval. Comparison of the performance of our method against strong retrieval-based baselines
and prior work using median rank (MR) and recall (R@50). The first two methods (CoVR [62] and VidDetours [60]) are relevant retrieval
models, though not specifically designed for this task. Our method significantly outperforms all methods on all metrics, for all test datasets
and three diverse procedural domains. SaD=Stitch-a-Demo. SaD-VD [6] and HT-Step [2] are available only for cooking. See text.

describe each in detail next.

Firstly, we have a held-out set from D,, used as a test set;
we call it Stitch-a-Demo-MC set for Mixed Clips. This
weakly supervised set is large-scale, but naturally incurs
some noise (e.g., some step descriptions may not match
their associated visual clip due to errors in the LLM sum-
maries). While such noise is fine during training, it is a
shortcoming for testing, and hence we complement with
two more strongly ground-truthed test sets, defined next.

Secondly, we design a test set D, called Stitch-a-Demo-
VD that strings together the manually verified annotations
from VidDetours [6] to compose a clean test set with mini-
mal manual verification effort. See Supp. for details. Like
Do, this test set allows evaluating s ability to choose clips
from different procedures, but unlike D, it is manually ver-
ified and is available only for cooking videos [6].

Finally, we use standard instructional video datasets
D, (based on CrossTask [84], COIN [58], and HT-Step [2])
for testing. We provide the step descriptions for a given
video demonstration, and expect the model to recover all the
video clips from the same video. In cases where the dataset
is not specifically annotated for detailed steps (e.g. in [58,
84]), we use a language model (similar to D,, creation) to
summarize the ASR text into procedure steps. All the output
summary steps in these datasets are manually verified for
correctness by us. Note that the ground truth clips in these
datasets come from the same video in C.

In short, sequences in both Stitch-a-Demo-MC and
Stitch-a-Demo-VD contain video clips from multiple dis-
tinct videos in C. Stitch-a-Demo-MC is auto-created and
large-scale, whereas Stitch-a-Demo-VD is manually cre-
ated and small scale. Meanwhile D,, is a large-scale source
of real (ground truth) videos, but does not require the mod-
els to stitch across videos as needed in the ultimate use case.

3.4. Data and implementation details

Data sources and dataset statistics. Sourced from
HowTol00M [44], the weakly supervised training set D,,

and the testing set Stitch-a-Demo-MC consist of 446, 623
and 105, 742 samples across cooking, woodworking, and
gardening, with |C| = 323,177 and 2,857, respectively.
(See Supp. for sample counts per domain.) The test
set SaD-VD derived from VidDetours [6] contains 100
recipes from 235 unique videos. There are only cook-
ing annotations in [6]. Finally, the test data D, from
COIN [58] and CrossTask [84] 457 and 942 across the
three domains, and HT-Step [2] contains 1,087 cooking
videos. HT-Step [2] contains step descriptions for cooking
videos only from WikiHow [68], allowing evaluation with
original human-written step descriptions. COIN [58] and
CrossTask [84] evaluates performance with step descrip-
tions auto-summarized from narrations. We group COIN
and CrossTask into a test set since they are testing the same
aspects (see Supp. for per dataset performance).

Method and training details. We use InternVideo2 [67]
as the multi-modal encoder F;. For step localization Frr,
we use DropDTW [15] for its flexibility with extra or miss-
ing steps, and its reproducible codebase. The features used
in [45] are trained on HowTo100M [44], thus, are used with-
out re-training. For the procedure evaluator F'r, we use po-
sitional encoding and transformer encoder with 4 layers and
8 attention heads followed by an MLP layer with 1 hidden
layer. Due to the diverse nature of the domains, we train a
separate F'r for each of cooking, gardening, and woodwork-
ing. We optimize Fr for 10 epochs with Adam [31] on 8
Quadro RTX 6000. We set the learning rate as 3 x 1074
and the batch size as 24. The F; output, Fi input, and F'p
hidden dimension are all 768.

4. Experiments

We first describe the baselines, testing setup, and metrics
and then, the quantitative results. Next, we show the results
of a human preference study, followed by ablations and re-
sults using our adaptive search space reduction technique.
We also show qualitative results, including failure cases.

Baselines. We compare our method against strong base-
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Figure 4. Qualitative results. Our method correctly visualizes the step descriptions (top), compared to prior work. The second to the
fourth rows show representative outputs in cooking, woodworking, and gardening. Our method correctly shows video clips from two video

sources. Each of the video sources alone cannot correctly demonstrate all the step descriptions. The last row contains some failure cases,
showing the difficulty of the task. Here each keyframe represents a clip v; see project page for actual videos and additional failure analysis.

lines. We use the same text and video encoder across all rent step and the clip retrieved for the previous step.

baselines, when applicable. All the baselines are trained on * VidDetours [6] is a state-of-the-art method that we repur-

the same data as our method for a fair comparison. Each pose for our task. It retrieves the clip based on an original
baseline differs in how it selects the sequence of video clips video segment and a user query. For each step, we set

v; to associate with each step r; € R. the step instruction as the user query and use the previous

+ Text-only computes the average similarity between the retrieved clip as the original video segment. We perform
ASR transcript of each clip and each step instruction this operation sequentially for all procedure steps.
without using the visual cues. Further implementation details are available in Supp.

* InternVideo [07] is a state-of-the-art vision-language Test setup and metrics. For every test instance, we create a
model. This baseline computes the average similarity be- set of 499 incorrect distractors and measure the correct pro-
tween the clip and the step instruction for each step. The cedure retrieval performance out of 500 samples. The dis-
baseline uses the same F'y; and I as our model, but lacks tractors contain hard negatives, including samples that vio-
our F'i transformer, i.e., our procedure evaluator. late a constraint, and candidates from the adaptive reduced

* Recipe2Video [61] leverages manually-designed metrics search space (Sec. 3.2). Overall, these negative instances
that include temporal consistency, information coverage, are carefully chosen to represent a wide range of possibili-
and cross-modality retrieval to retrieve procedure clips. ties. See Supp. for details of the negative set construction.
We reproduced the authors’ prior results to ensure cor- We use standard retrieval metrics recall@50 and the me-
rectness of our implementation. dian rank (MR). Recall is higher the better, whereas median

* CoVR [62] is a state-of-the-art method for composed rank is lower for better methods.
video retrieval. Here it retrieves the clip based on the cur- Results. Table | shows the results. Our method signifi-
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Win rate (%)

Ours vs Step Goal Quality Total
Recipe2Video [61] 0.77 0.74 0.74 0.77
InternVideo [66] 0.75 0.72 0.78 0.75
ShowHowTo [55] 0.94 0.94 0.85 0.98

Table 2. Human preference results. Our method is preferred by
human judges compared to existing retrieval (first two rows) and
generation (third row) methods. (Step/Goal: Step/Goal faithful-
ness, Quality: Visual quality, Total: Overall preference).

cantly outperforms all the strong baselines, on all datasets
and metrics and across all three domains. Our gain is up
to 29% better in recall and 33 ranks better in MR, com-
pared to the second-best method, InternVideo [66], which
lacks our key innovation, the learned procedure evaluator.
We also compare with HIREST [76], a hierarchical retrieval
baseline, and our model outperforms it by 0.42 and 0.32 in
recall on SaD-VD and HT-Step, respectively.

Notably, our method is superior for both when the
ground truth video contains demonstrations from multi-
ple source videos, i.e. in Stitch-a-Demo-MC and Stitch-
a-Demo-VD, as well as in cases where we recover the
demonstration from step descriptions, i.e. in HT-Step [2]
and COIN, CrossTask [58, 84]. We attribute this strong
performance to our training design that incorporates strong
negatives—thus allowing the model to generate output that
is correct and visually coherent.

Fig. 4 shows some qualitative results, including fail-

ure cases. We see that our method correctly retrieves
the clip showing a star shaped cutter, compared to
Recipe2Video [61] and the generative ShowHowTo [55]
(top row). We see our method correctly chooses video clips
for given step descriptions, e.g. skipping adding beans, and
showing tomato purée from another source video (second
row). Our method also successfully retrieves clips for mak-
ing a wall-mounted painted desk (third row) and preparing
a plant mixure for transplanting (fourth row). Finally, we
show some failure cases where the retrieval misses some
small objects like a toothpick, showcasing the overall diffi-
culty of satisfying the exact procedure steps.
Human preference study. We also conduct a human pref-
erence study to compare with the strongest retrieval and
generation methods [55, 61, 66]. The study considers
the cooking subset since typically, we found more people
with cooking experience, over gardening and woodworking.
This complements the results above established with auto-
matic metrics. We use the same settings of InternVideo [66]
and Recipe2Video [61] as above. For ShowHowTo [55], we
follow its original setup and prompt it with the middle frame
of the first video clip in the ground truth. All its remaining
demonstration images are created with the first frame and
the step descriptions R as the input.

We evaluate all the methods on four axes—step faith-

1.0 A SaD-MC (Woodworking)
) O SaD-MC (Gardening)
+ SaD-MC (Cooking)
9 0.89 X saD-vD
2 = Set Cover (Ours),
= Edit-NN
L 0.6+ ‘
>
o
T
8 0.4
'_
O
0.24
0.0
T T T T T
10° 102 104 106 108
Samples

Figure 5. Search space reduction. Using the effective set cover
algorithm, the ground truth (GT) is captured in the candidate set
with high probability, even with small sample set sizes. See text.

fulness, goal faithfulness, visual quality, and overall prefer-
ence. Every sample is annotated by three subjects unrelated
to this project. We compare two methods at a time (one of
them always ours), for up to 60 samples per pair. See Supp.

Tab. 2 shows that our method is preferred over all com-
peting approaches, outperforming retrieval-based methods
and the generative ShowHowTo [55]. This study supports
the practical value of our stitching framework: subjects
with varying cooking experience (1-10 years) preferred our
method 83:17 over original video demonstrations, showing
that the naturalness of real videos does not offset their limi-
tations in accurately portraying the target multistep task.
Adaptive search space reduction. Fig. 5 shows the per-
centage of ground truth retrieved across all test cases as a
function of the number of retrieved cases per query. Our set
cover algorithm captures the ground truth in the candidate
set with high probability, even for low values of K, making
it comparable to linear scaling. We see the same trend in
Stitch-a-Demo-MC across three domains and -VD; the al-
gorithm always captures ground truth instances containing
only one video source, i.e. in D,,. We perform better than
other methods—randomly selecting clips, and edited-NN,
which finds the nearest full video and replaces video clips
from other neighbors. Overall, set cover helps in making
our proposed method feasible for real applications.

5. Conclusion

We propose a novel method Stitch-a-Demo that stitches to-
gether video demonstrations that illustrate multistep textual
descriptions of procedural tasks. Our method incorporates a
novel procedure evaluator, a weakly-supervised large-scale
train and clean test data, hard negatives that improve re-
trieval, and an efficient set cover approach. Our method out-
performs strong baselines up to 29%, and human raters pre-
fer our method over SOTA generation and retrieval meth-
ods. In the future, we will explore hybrid methods to inte-
grate the retrieved clips with controlled generation, as well
as ways to inject preferences into the illustrations such as
demonstration speed or language style.
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