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1. Introduction
The supplementary material is organized as follows:

1. Example-based explanation of different components of
the Recipe2Video architecture

2. Qualitative examples
3. Details on the human evaluation process

4. Demo video

2. Recipe2Video: System Architecture

To build our Recipe2Video system, we adopt the frame-
work of diagrammatic mode from modern multimodal the-
ory [2], which offers a top-down approach for designing
effective multimedia content: (i) decide a communicative
goal of the content, also called discourse semantics; (ii)
find expressive resources to meet the chosen communica-
tive goals. Food recipe texts are one of the few domains
that offer data [3l [1] connecting multimedia and commu-
nicative goals. We therefore convert recipe texts to videos
with the goal of enhancing consumption experiences lever-
aging these data [3} [1]].

2.1. Ranking assets and their combinations

Figure [I] shows an example of computing information
coverage scores to rank two retrieved assets. We get K =7
key phrases and compute KL divergence scores of assets a;
and ao to obtain 0.0028 and 0.0038 respectively. Thus, we
choose asset a; over asset as. Visually, we can see that
asset ag contains cocoa powder in the bowl and hence gets
a higher score for the “Cocoa Powder” concept (15.28%)
whereas asset a; gets a low score (2.5%) for the same key
phrase. However, asset a; has a greater score in most other
key phrases such as “Baking Soda”, “Flour”, “Sugar”, thus
leading to a lower KL divergence value.
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Figure 1. An example of using Information Coverage for ranking
two assets. These assets are retrieved for the instruction: In a
large bowl, whisk together the sugar, flour, cocoa powder, baking
powder; baking soda, and salt

As mentioned before, we score the temporal assets
based on 3 questions: (1) Does the image show how to pre-
pare before carrying out the instruction? (2) Does the image
show results of the action described in the instruction? (3)
Does the image depict an action in progress described in the
instruction? The characterization of the temporal aspects
into three categories allows us to synthesize video accord-
ing to specific user preferences. For example, a consumer
looking for a succinct summary of the actions might be bet-
ter served by optimizing the assets for the third question
above, while someone who is preparing for a procedure can
be better served by optimizing for the first question above.
Figure |Z| shows a single asset (a) and a 3-asset (b) example
that are likely to get chosen for different video variants.

3. Qualitative Examples

Figure [3] shows a set of frames extracted from the elab-
orate video variant synthesized by Recipe2Video system
for a chocolate cake recipe. Precise illustrations of canola
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