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Figure 1: The EEVEE system, which enables
users to edit images in terms of high-level
goals: (1) the user inputs goal theme (e.g.
“medieval®), (2) the user selects an object
to replace (e.g. “apron”) and selects its
object replacement recommendation (e.g.
“armor”), (3) the user iterates through re-
placement image candidates (i.e. different
pieces of armor) positioned on the image
canvas.
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There is a significant gap between the high-level, semantic manner in which we reason about image
edits and the low-level, pixel-oriented way in which we execute these edits. While existing image-
editing tools provide a great deal of flexibility for professionals, they can be disorienting to novice
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Figure 2: A summary of the user workflow

with the EEVEE system.
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editors because of the gap between a user’s goals and the unfamiliar operations needed to actualize
them. We present EEVEE, an image-editing system that empowers users to transform images by
specifying intents in terms of high-level themes. Based on a provided theme and an understanding
of the objects and relationships in the original image, we introduce an optimization function that
balances semantic plausibility, visual plausibility, and theme relevance to surface possible image edits.
A formative evaluation finds that we are able to guide users to meet their goals while helping them to
explore novel, creative ideas for their image edit.
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INTRODUCTION

We perceive images at a high level and ultimately want to craft visual stories with our images. However,
current image-editing systems are centered around pixel-level adjustments to the syntax of an image
rather than changes to the semantics of an image. State-of-the-art systems such as Photoshop provide
a considerable degree of low-level control, but do not allow users to provide high-level semantic
input (i.e. “make this image business-like”) to reach their goals. While this approach works well for
experienced editors, it may be daunting for novice image editors to be pulled into the minutiae of
complex edit techniques. This approach may also limit creative experimentation during the editing
process by distancing novice users from their high-level intent. Furthermore, because existing systems
represent images in terms of pixels and layers and don’t reason about what is depicted in an image,
they aren’t well-situated to handle semantic user input. In this paper, we aim to leverage existing
technologies to bridge the gap from high-level goals to low-level image edit operations.

We present EEVEE, a system that enables users to edit images in terms of high-level themes. Users
provide an image and a theme for an image edit (e.g. “make this image look more like a farm”). High-
level themes can be settings (e.g. zoo, party, office) or attributes (e.g. retro, professional, kid-friendly).
Our system breaks down the provided theme into a series of low-level image-edit operations (e.g.
“replace the building with a barn”) based on an understanding of the scene’s objects and relationships.

We introduce an optimization function that searches for optimal edit suggestions by estimating
several characteristics of possible image edits: visual plausibility (how visually similar to the original
image is the proposed edit?), semantic plausibility (how likely is it that the scene produced by the
proposed edit would occur in the real world?), and theme relevance (to what extent does the proposed
edit bring the image closer to the provided theme?). These metrics are calculated based on the objects
and relationships in the original image as well as the prevalence of objects and relationships in visual
and linguistic datasets [3, 5] and their semantic relevance to the theme [6]. By linking high-level user
inputs with low-level image edit outcomes, we aim to allow novice image editors to focus on more of
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their conceptual intents around an image edit. We perform a preliminary evaluation of our system
and find that users were able to transform images to match their theme and were guided to explore
novel ideas in the editing process.

EDIT IMAGE

RELATED WORK

Prior work has explored the possibility of goal-based control in creativity tools. Attriblt focused on
better surfacing system functionality to users: it eased design space exploration by smartly organizing
candidate designs along high-level, interpretable axes [2]. Other systems have aimed to help the
system better understand the user: PixelTone allowed users to specify desired edit operations using
natural language and direct manipulation while CommandSpace mapped natural language commands

\L to application commands to complete desired tasks [1, 4]. These works connect user commands and
cever computer-oriented operations, but they still require users to distance themselves from their initial high-
=) o ce level goals to break them down into low-level, computer-understandable commands and operations

(e.g. “make the shirt red”). With EEVEE, we aim to enable users to interact with their images in terms
of higher level goals like shifts in themes or settings.

As we see, current work in image-editing has enabled user-understandable low-level edit operations
and holistic transformations, but does not enable high-level, goal-based control grounded in the
contents of a particular image scene. With EEVEE, we aim to account for the dynamic, emergent
combinations of image components to power goal-based image edits.

l EEVEE

The EEVEE system is a first step towards enabling users to edit images in terms of high-level goals. We

o design our system to lower the threshold for novice users and aim to satisfy two design goals:

EDIT IMAGE

e D1: Enable users to make image edits that successfully move towards their high-level intent
e D2: Empower users to come up with new high-level ideas for their image edit

Because we are most interested in large-scale semantic changes in image edits, we focus on object
replacement edits. These kinds of edits effectively enact significant thematic changes and are more
understandable to novice users who view an image in terms of objects rather than pixels or color-
regions [7]. Furthermore, working at the level of objects enables us to leverage computer vision and
linguistic knowledge bases to deliver intelligent recommendations informed by an understanding
of cultural norms and patterns in our physical world. Our image edits are produced in the style of
humorous memetic edits because in this domain, the semantics of an edit are more important than
its visual quality or fidelity, and drastic stylistic shifts and absurd elements are welcome.

Figure 3: Samples of the EEVEE editing in-
terface: (a) User has entered in the theme
"medieval”; (b) User is browsing replace-
ment candidates for the suggestion “Re-
place bread with books”; (c) User has fi-
nalized their image edits to replace man LBW1513, Page 3
with priest, oven with tapestry, bread with

books, and stick with sword.
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seM_pLAUS(O’, Og)
= (%1 - praus(0,0x)) / 10kl

The semantic plausibility cost is the average plausibility
cost of the candidate replacement object being in a
relationship with all the objects that were related to the
original object

pLAUS(O, R)
= VGsubj_tree(OsR) - VGob;j_tree(O,R)
The plausibility of an object in a relationship R is the

product of its frequency as a subject with R and its
frequency as an object with R

VIS_SIZE_PLAUS

= COS]NEiDIST(SlZEikATIOS(O, Oc), size_RATI0s(0’, O¢)
The visual size plausibility cost is the cosine distance
between the vector of size ratios for the original object
and its connected objects and that of the candidate
replacement object and the same connected objects

size_RATI0S(O, O¢)

= [s1ze_RrAT10S(0, Ocy), - . . , SIZE_RATI0S(O, Ocp)]
The size ratios vector is the list of bounding box size
ratios between an object O and all of the objects O
that are connected to this object by a relationship

VIS_POS_PLAUS

= COSINEibIST(POSiRATIOS(O, Oc¢), Pos_RATIOS(O’, OC))
The visual position plausibility cost is the cosine
distance between the vector of position ratios for the
original object and its connected objects and that of the
candidate replacement object and the same connected
objects

pos_rATI0S(0, O¢)

= [Pos_RrATI0S(O, O¢y), . . ., POS_RATIOS(O, Ocy)]
The position ratios vector is the list of bounding box
centroid positions (where the original object’s centroid
is the origin) between an object O and all of the objects
O that are connected to this object by a relationship

THEME_RELEVANCE

= cOSINE_DIST(O, theme) — cosINE_DIST(O’, theme)
The theme relevance cost is the cosine dist between
the original object and the theme subtracted by the
cosine dist between the candidate replacement object
and the theme

Figure 4: Optimization Function Equa-
tions
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The Workflow

Our system is a web-based image-editing interface comprised of: (1) High-level theme specification,
(2) Object replacement recommendations, (3) Image candidates for object replacement, and (4) a
Canvas for final image edit staging and adjustments. Users start with an image and enter a theme
word to describe their overall vision, and our system generates object replacement recommendations
(e.g. “replace dog with tiger”). The user can experiment with an object replacement recommendation
and iterate through the image candidates for the object replacement, which are surfaced on the image
canvas at a predicted position and size. The user can make minor adjustments and can continue to
experiment with other object replacement recommendations until satisfied.

Optimization Function

Our main technical contribution is an optimization function that utilizes knowledge about an image
scene to surface edits that match the user’s desired theme. We leverage several knowledge bases:
VisuaL GENoME (VG) [3], a dataset of images densely annotated with scene graphs (objects connected
by predicate relationships and modified by attributes); WorRDNET [5], a lexical database that organizes
English nouns, verbs, adjectives, and adverbs into synonym sets linked by semantic relations such as
synonymy and hyponymy; and word vectors generated using the GLoVE method for vector-space
representation of words [6]. Our algorithm evaluates candidates along three dimensions: (1) Semantic
plausibility, (2) Visual plausibility, and (3) Theme relevance, as summarized in Figure 5.

Semantic plausibility. Captures the extent to which the candidate object could plausibly take the
place of the original object for all of its relationships. For an image object O (e.g. “dog”), call all
of the object’s relationships Og (e.g. “man walking dog,” “dog chewing bone”), and call all objects
connected to object O via a relationship O¢ (e.g. “man,” “bone”). The semantic plausibility (SEm_pLAUS)
of candidate replacement object O’ is calculated as shown in Figure 4. The VGypj tree and VGopj tree
scores capture the plausibility of a given subject or object and a predicate word; these scores are
pregenerated across the full VG dataset as follows. Iterating over all image relationships (in subj-
predicate-obj form), we constructed a tree, VGsyupj rree (0r VGopj tree), by adding each subject (or
object) and, iteratively, each of its hypernyms (parent-categories) until the root category. Then, for
every image relationship, we incremented the count for the subject and predicate in the VGgypj tree
and the object and predicate in the VGop; tree. We bubbled up this increment to each parent level,
exponentially scaling down the increment at each higher level. We then normalized the scores in all
tree levels.

Visual plausibility. Measures the similarity of the visual properties of the candidate object and the
original object in terms of relative size and relative position. For each image object O in VG, we
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calculated the relative size and centroid position of the object and its connected objects O¢ to build
up a size- and position-ratio vectors for each object. For the size metric (vis_sizE_PLAUS), we compare

SEMANTIC the relative size of the object O w.r.t. all related objects O¢ to that of candidate object O” w.r.t. objects
) ‘ plausibility Oc. For the position metric (vis_pPos_pLAUS), we compare the relative positions of the centroid of
\ | >V,SUAL TOTAL object O w.r.t. all related objects O¢ to that of candidate object O” w.r.t. objects Oc.
l [/ plausibility ~ /" SCORE
sbjects Theme relevance. Captures how closely candidate O’ matches the user-specified theme (compared to
, rTe'T:v"::ce original object O). We use GLOVE vectors to represent the words; then, THEME_RELEVANCE is the cosine
distance between O and the theme subtracted by the cosine distance between O’ and the theme.
" relationships Total score. These three score metrics are calibrated to have the same range and are linearly combined
to generate a holistic metric. We search for an ideal object replacement by performing a bounded
Figure 5: The EEVEE system uses image ob- search on the N objects nearest to the theme word in our word embedding space (we use N = 100).
jects and relationships to generate (1) Se- We calculate scores for all candidates and surface the top-ranking items as recommendations.
mantic plausibility, (2) Visual plausibility,
and (3) Theme relevance scores, which are PRELIMINARY EVALUATION

combined into a Total score that is used to

. . We conducted a preliminary evaluation of EEVEE with 5 college-aged participants (2 females, 3 males)
search for edit reccommendations.

from the university community. All participants had minimal photo-editing experience. Our overall
goals were to (1) evaluate our D1 and D2 goals listed above and (2) understand how users interact
with the system.

Methodology

We randomly selected 6 images from VG. Each participant received 3 of these images to edit using
EEVee. For each image received, participants brainstormed a goal theme for their image. Participants
were asked to use EEVEE to transform each image to match their selected theme. Participants answered
questions about their overall experience and used a 5-point Likert scale (1 = strongly disagree, 5 =
strongly agree) to indicate their opinions on the system and the quality of its object replacement
recommendations.

Results

On average, participants made 4 object replacements per image; example edits are shown in Figure 6.
Participants responded to the question “The object replacement suggestions helped me to transform
the image to match the theme” with an average Likert scale rating of 3.9/5. In interviews, partici-
pants noted that they were pleasantly surprised by many replacement suggestions. One participant
stated: “some of the recs were surprising... like ‘dynamite’ to replace ‘boulder’ was random, but very
applicable”, while another noted: “navy’ was a good suggestion for ‘war’ [theme]’.
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original Participants responded to the question “The system helped me to think of new ideas” with an

CHRISTMAS theme average Likert scale rating of 4.4/5. They felt that the system helped them to explore novel ideas in

b the editing process: “looking at [replacements] on the side and within each category helped me include

ideas | wouldn’t have thought of otherwise.” These responses indicate progress toward enabling users

to make edits that move toward their high-level goal (D1) and helping users generate ideas in the
editing process (D2).

FUTURE WORK & CONCLUSION

In the future, we plan to investigate greater flexibility and user input for EEVEE. Users often used more
than one word to describe themes and image candidates. We propose allowing users to input multiple
words to describe their theme to allow specification of more refined intent. Second, participants
expressed frustration with generalized image candidates (“/ wanted a snow hat, not just a hat”). We
plan to refine EEVEE’s image candidates with attributes informed by the theme and original scene.

We have presented EEVEE, a theme-based image-editing system that lowers the threshold for novice
users by leveraging recent advances in image content understanding, linguistic knowledge bases, and
word embeddings. Our preliminary evaluation shows promising results that EEVEE can help people to
generate new ideas. These results demonstrate that leveraging semantic information within an image
can help users make more creative edits while guiding them to actualize their high-level goals.
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