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Abstract

Prompt-driven image generation systems often face com-
mon problems such as missing objects, missing attributes,
and blended objects. Scene graphs, which explicitly repre-
sent the relationships between objects and their attributes,
hold potential to address these challenges due to their struc-
tured nature. However, previous work in scene graph to
image generation relied on closed vocabularies, where hav-
ing a small fixed vocabulary limited the flexibility and rich-
ness of the image generators . To overcome this limita-
tion, we propose the idea of open vocabularies scene graphs
(OVSGs) to capture the expressive power of free-form text
while describing scene structures directly. We introduce
new evaluation methods to better understand how existing
generators fail on OVSGs, using both qualitative coding
and a visual-question-and-answering (VQA) quiz to cap-
ture common failure scenarios in OVSG image generation
(OVSG2IM). We find that all of the systems we evaluated
(after adapting them to take OVSG inputs) demonstrate fre-
quent flaws associated with not expressing details given ex-
plicitly in their graph inputs. However, existing image gen-
erators still struggle with OVSGs, indicating that there is
room for improvement for future OVSG2IM systems.

1. Introduction
Modern image generators built on deep learning meth-

ods such as Stable Diffusion are impressive in how they
create diverse and interesting images from text prompts
[18, 23]. However, they are broken in the sense that they
suffer from common problems like missing objects or miss-
ing attributes, blended objects, etc. in the rendered im-
ages [6, 13, 19]. In this paper, we seek to address these
problems by proposing a new data structure which explic-
itly describes objects and their relationship while embracing
the flexibility of free-form text, as a new input type to image
generators.

We propose the idea of open vocabulary scene graphs
(OVSGs) as a way to mitigate the problems image gener-
ators suffer from. A scene graph is a structured represen-

tation of a scene where nodes represent objects and edges
represent semantic relationships between objects. This data
structure has long been used in the field of computer vi-
sion [3, 15, 20]. In an open-vocabulary scene graph, arbi-
trary strings can be used to label the nodes and edges. An
example of this can be seen in Figure 1. Unlike closed vo-
cabulary scene graphs (CVSG), OVSGs are not limited to
a fixed list of terms that a user must select from, which re-
stricted the flexibility and expressiveness of previous gener-
ators [11].

Figure 1. Open Vocabulary Scene Graph. An example of an
open vocabulary scene graph used to describe a scene. Objects
and their relationships are represented by strings containing free-
form text.

This work makes a number of contributions. We build
an argument for the importance of OVSGs based upon a
review of the computer vision and NLP ethics literature,
which points to the dangers and limitations of using closed
vocabularies in computer vision and NLP models. We intro-
duce two new methods of quickly adapting relevant graph
and text-prompted image generators to OVSGs without the
need to retrain models. The first method involves adapting
an OVSG to a closed vocabulary scene graph using near-
est neighbor word search in embedding space [5]. The
second method converts OVSGs to delimited strings that
can be used in prompt-driven image generators. Finally,
we conduct comprehensive studies to understand how and
why existing image generators fail to respect the structure
and semantics of OVSGs. We use qualitative coding [2] as
a way to encode a set of widely observed failure cases in
OVSG image generators, giving us an easy way to describe
the common errors image generators make. We create an
automated evaluation in the form of a quiz which probes
the accuracy of elements in images generated with OVSGs,



from an object, attribute and scene level perspective. We
benchmark two well-known image generators: sg2im [11]
which takes closed vocabulary scene graphs as input and
Stable Diffusion [18] which takes open vocabulary-based
text prompts.

2. Background

Our work tries to extend the expressiveness of text-
prompted image generators to the realm of graph-prompted
generators where closed vocabularies have been the basis
for typical node and edge labels. This section problema-
tizes image generation, argues that researchers should adopt
open-vocabulary representations, and compares the affor-
dances of graphs with text-only representations.

2.1. Text-driven Image Generation Systems

Large vision-language models like Stable Diffusion [18]
and DALL-E2 [17] have gained attention for their remark-
able ability to create high fidelity and expressive images.
Both of these image generation systems use free-form text
as image prompts which are based upon open vocabular-
ies. In Figure 2, we can see an example image generated by
Stable Diffusion (2.1) with the prompt “the purple bowl has
green cubes.” Even with a simple prompt, the image genera-
tor is prone to making errors, such as blending the attributes
of objects in the prompt (the bowl is purple and green and
the cubes are also purple and green). As we document
later in this paper, other common failure cases are miss-
ing objects, blended objects, missing attributes and wrong
attributes, although there is currently no unifying evalua-
tion framework to benchmark these failure cases. There are
existing benchmarks [14] which evaluate how well text-to-
image synthesis models generalize to novel (new and un-
seen) compositions of concepts. However, this benchmark
falls short in terms of being able to qualitatively and quan-
titatively capture common mistakes that image generators
like Stable Diffusion make.

2.2. Scene Graphs vs. Text

A scene graph is a structured representation of a scene
which encodes the objects as nodes and the relationship be-
tween them as edges. Looking specifically at objects in a
scene, we would like to be able to describe the distinct at-
tributes associated with each object. Text descriptions of
scenes lack the structure and explicit representation of ob-
jects, attributes and relationships. This is evident in prompt-
driven image generators, where objects and attributes can
often get lost or become merged. Related to this, several re-
cent papers [6,13] on text-driven image generators highlight
the attribute binding problem attributes in a text prompts
are bound to the wrong object (as seen in Figure 2 ). This
a more specific case of the binding problem [22] found in

Figure 2. Image Generators Make Mistakes. An image gen-
erated by Stable Diffusion with the prompt “the purple bowl has
green cubes” that contains mistakes because due to the blending of
color attributes. This is an example of an attribute binding prob-
lem.

neural networks (the network’s inability to organize com-
putational primitives in such a way that separates them into
distinct objects). Compositionality is the ability of a system
to combine multiple components together into a single im-
age in a cohesive way. We want models to be composition-
ally competent enough to be able to generate meaningful
images in a zero-shot manner, with objects unseen during
training. A potential solution for addressing attribute bind-
ing (which is a compositionality challenge) is to provide the
image generator with a data structure such as an open vo-
cabulary scene graph (OVSG) as a way to reason about the
compositionality of images. The OVSG has a direct rep-
resentation of objects as nodes and edges as relationships,
making them a much more succint and powerful way to rep-
resent an image, as opposed to the unstructured nature of
text which can be a tedious way, sometimes requiring many
extra words, of describing a scene.

2.3. Open Vocabularies

In natural language processing, closed vocabularies are
represented by lists of words which almost always only
represent English terms and tend to exclude words from
other languages. Word choice is limited and this situation
discriminates against non-English speakers [9], forcing the



user to pick the best term on a limited list of words, re-
sulting in incomplete expression of ideas and concepts of
those cultures. These vocabularies are often constructed us-
ing the highest frequency words found in the datasets they
are sourced from (e.g. a large corpus of text derived from
Wikipedia [5]). This is a problem as they predominantly
represent commonly expressed ideas, topics and objects
found in a specific widely-used language such as English
(or a collection of languages). Natural language process-
ing (NLP) and computer vision researchers have perpetu-
ated bias against languages they described as ’low-resource’
through building models that reinforce English-like word
usage patterns. For example, many image classifiers are
trained to use the vocabulary of the well-known ImageNet
[4] dataset ends up supporting only 1000 specific English-
only terms: e.g. “African crocodile” and “American lob-
ster”, and exclude common words like “thermometer” and
”blanket”.

Open vocabularies, on the other hand, are flexible [12]
as they are not limited to a set of word tokens like closed
vocabularies are. Individual concepts and ideas, limited to
a single token in closed vocabularies, can be expressed by
a multitude of terms found in natural language-based free-
form text in the form of strings. Open vocabularies have
far more versatility to deal with problems seen in closed vo-
cabularies (e.g. support for multiple languages and dialects,
slang, jargon, or accounting for imprecise spelling), While
they don’t necessarily solve the problems associated with
closed vocabularies directly, they do provide systems with
the potential to address these issues. For example, by us-
ing transfer learning, open vocabulary NLP models can be
adapted for a target language by just using a few terms from
the language via one-shot learning [24]

Large language models (LLMs) such as ChatGPT [7] use
an open vocabulary representation and are trained with mas-
sive amounts of text data (e.g. 570 GB [10], which are
inherently biased. According to ChatGPT [8], its “train-
ing data reflects the biases present in society from which
that data was collected.” Recent research [1] into LLMs dis-
cusses how “large datasets based on texts from the Internet
overrepresent hegemonic viewpoints and encode biases po-
tentially damaging to marginalized populations.” Open vo-
cabularies offer the promise to address some of the biases
seen in closed vocabularies, but it is important to be aware
that systems built with them suffer from endemic bias prob-
lems related to the datasets they were built with. Despite
this warning, findings in the field of natural language pro-
cessing suggest that new systems should be built to sup-
port open vocabularies, and the computer vision community
should follow this advice.

3. Adapting Existing Generators for OVSG
We have adapted a set of image generation systems to

take OVSGs as input using two different approaches. In
the first method, OVSGs are converted to closed vocabulary
scene graphs (the format the first system sg2im natively ac-
cepts) using nearest neighbor word search in BERT [5] em-
bedding space. Each open vocabulary term in the OVSG is
matched to its nearest neighbor from the closed vocabulary
term, creating a scene graph which is not very relatable to
the original OVSG. For example, very specific relationships
such as “lounging” may be converted to a term as generic as
“on” as the closed vocabulary is very limited in its expres-
siveness. In the second method, the triplets (<subject, pred-
icate, object>) found in the OVSG are concatenated as a set
of comma-delimited strings which are fed to Stable Diffu-
sion, a prompt-based image generator. This is a very naive
method which doesn’t leverage the structure and object def-
inition intrinsically found in the scene graph. Figure 3 is
an overview of how an OVSG is adapted into two different
formats, one for each image generation system. Note how
very expressive nodes containing objects and attributes (e.g.
“hazy moon”) are collapsed into single terms (e.g. “sky”)
which are nonspecific and far less descriptive.

4. Methods for Evaluating Adapted Genera-
tors

In this section, we present two evaluation methods which
were used to benchmark image generators on OVSGs.

4.1. Qualitative Coding

We apply qualitative coding [2] to create a dictionary of
terms that captures commonly-seen failure cases in both im-
age generation systems. Each image in the qualitative eval-
uation set is labeled with a set of descriptive codes which
are described in the following bulleted list:

• Missing Object (MO): Objects represented by nodes
in the graph are omitted from image.

• Ambiguous Object (AO): Objects represented by
nodes in the graph are not recognizable due to mal-
formation, etc. and appearance is unclear.

• Blended Object (BO): Multiple objects, represented
by nodes of a graph, are blended into one object, cre-
ating an object with the appearance of two partial ob-
jects.

• Missing Attribute (MA): Attribute that should be at-
tached to specific object node is missing.

• Wrong Attribute (WA): Attribute that should be at-
tached to a specific object node is attached to the
wrong object.



Figure 3. Open Vocabulary Scene Graph Adapters. In this figure we can see two open vocabulary scene graph adapters that adapt an
OVSG to a closed vocabulary scene graph and a set of delimited strings.

• Missing Relationship (MR): The relationship be-
tween two objects represented by nodes and linked by
a graph edge is missing.

• Wrong Relationship (WR): The relationship between
two objects represented by nodes and linked by a graph
edge is incorrect.

• Missing Triplet (MT): An entire triplet relationship,
represented by two graph nodes and an edge, is miss-
ing from the scene.

The codes describe specific flaws related to objects, at-
tributes and relationships in an image, which are typically
wrong or missing, reflecting how image generators fail to
respect the structure of OVSGs. An example of each type
of qualitative code described above can be seen in Figure 4,
which shows failures in both sg2im and Stable Diffusion.

4.2. VQA-Style Probing Quiz

We quantitatively evaluate each of the benchmarked
image generators by creating a CLIP-based [16] visual-
question-and-answer (VQA) style quiz [14, 21], to probe
the accuracy of the compositional elements in the images
generated from OVSGs. We evaluate the fidelity of these
elements at different levels of detail: attributed objects (e.g.
”purple dog”), generic objects (e.g. ”dog”), relationships
(e.g. ”holding”) and scene-level details (e.g. ”person hold-
ing dog”). In the end, our quiz will reveal to us how faith-
ful the image generators were to the OVSGs as each ques-
tion is designed to probe each of the evaluated elements of
a scene. For example one simple quiz question might be
to determine whether an attributed object is present in the

scene or not. The CLIP model [16] can represent both im-
ages and text in a joint vector space, allowing us to measure
the cosine similarity between a generated image and sev-
eral simple text captions describing the image (derived from
the components of the OVSGs), as seen in the example in
Figure 5 Images and text that are visually and semantically
similar should have high cosine similarity scores and the
caption with the highest score is selected as the answer. The
goal of the quiz is to measure how well and to what level the
generated images align with the correct answers. In Figure
5, the quiz question probes whether there are “black swans”
or just “swans” in the image (both can be considered correct
answers when probing on different levels of detail). Images
generated by poorly-adapted OVSG systems will tend to se-
lect the wrong answers as they will often have missing or
distractor elements in the scene which do not represent the
original OVSG very well.

5. Human Evaluation Results

We performed a human evaluation of two OVSG adapted
image generation systems by qualitatively coding a small
dataset of 20 images generated from a set of 10 OVSGs,
generating one image for each system benchmarked (sg2im
and Stable Diffusion). In this evaluation, a human assigns
qualitative codes to each image (no limit in the number
used) and then lists the details of the failure next to the code
(the full set of codes are described in Section 4). Figure 6
is an example of the qualitative codes applied to a subset of
the images in the evaluation dataset (the full evaluation can
be found in the Appendix). When OVSGs are adapted to
closed vocabulary image generation systems (e.g. sg2im),



Figure 4. Qualitative Coding of OVSG Image Generators. Presented here are examples of each of the qualitative code previously
described which capture the common failures of image generators when applied to OVSGs.

Figure 5. Probing for Objects in an Image. A sample VQA-
style quiz which probes whether an object is in the scene or not.
The image in the figure has been generated using the OVSG on
the left, and simple quiz questions are derived from details in the
scene graph.

we see large gaps in the actual and desired output (an im-
age that stays true to the semantics of the OVSGs), as ev-

idenced by the images in Figure 6. One of the most com-
mon failure cases is ambiguous objects, likely due to the
overgeneralization of open vocabulary terms to very generic
closed vocabulary terms (e.g. all open vocabulary person-
like nodes such as “mermaid” or “joyful person” get col-
lapsed a generic “person” term in a closed vocabulary). Ob-
jects are frequently missing because they may not have a
plausible near equivalent in the closed vocabulary set of
terms available (e.g. there is no “kelp” or “spaceship” in
sg2im’s closed vocabulary). Even though Stable Diffusion
is originally an open vocabulary text-driven system, it still
exhibits several failures when taking OVSGs as input. One
observed failure case is blended objects (e.g. blended dol-
phin/mermaid in Figure 6, where object nodes in the scene
graph are merged, pointing to the need for Stable Diffu-
sion to support graph-based data structures as input types.



Figure 6. Human Evaluation using Qualitative Coding. An example of a human evaluation of two OVSG adapted image generation
systems, sg2im and Stable Diffusion, using qualitative codes that capture common system failures.

Adapting OVSGs as strings does not provide Stable Diffu-
sion with enough structure to be able to discern one object
from another, causing objects to be blended or even omitted.
The lack of distinct structure in the string-based OVSG also
lends to the problem of attributes being bound to the wrong
objects (as seen in [6]), such as where “plaid” is bound to a
person rather than a couch.

6. Automated Evaluation Results
An automatic evaluation of the two OVSG adapted im-

age generation systems was done using a CLIP-based 1

VQA-style quiz to probe the correctness of the elements in
the images generated from OVSGs. We want to quantify
to an element-wise level how faithful the adapted image
generators are to the original OVSG. A set of 30 OVSGs
was used to generate a dataset of images for evaluation
for each of the benchmarked systems. 30 images were
generated for sg2im (1 image per OVSG) and 90 images
were generated for Stable Diffusion (3 images per OVSG

1https://huggingface.co/openai/clip-vit-base-patch32

using k=3 image seeds). The full dataset with the corre-
sponding scene graphs can be found in the appendix. The
results of the quiz-based evaluation can be seen in Table
1. The open vocabulary-based scene graph to image gen-
eration system (OVSG-adapted Stable Diffusion) is much
more successful in producing realistic recognizable objects
(46.7% vs. 4.4% (“attributed objects”)), specific identifi-
able relationships (such as “holding” vs. generic “has” fre-
quently seen in closed vocabularies) (32.2% vs 24.4% (“re-
lationships”)) and semantically correct scene-level details
(45.6% vs. 15.6% (”scene”)) than closed vocabulary sys-
tems (OVSG-adapted sg2im). Sg2im produces more gener-
ically identifiable objects (31.1% vs. 15.5% (”generic ob-
jects”)) than Stable Diffusion as its closed vocabulary does
not support attributes and is not very expressive (all very
specific object classes get collapsed into generic classes, as
discussed in the Human Evaluation section).



Image Elements sg2im [11] Stable Diffusion [18]

Attributed Objects 4.4 46.7 ±0.0
Generic Objects 31.1 15.6 ±0.0
Relationships 24.4 33.3 ±1.1
Scene 15.6 48.9 ±3.3

Table 1. Evaluation of OVSG Image Generation Quality. The
table is the result of a CLIP-based VQA quiz [14, 21] probing the
accuracy of the images generated with OVSGs.

7. Conclusion
In this paper, we present an argument for the impor-

tance of OVSGs in the landscape of current image gen-
eration systems. We demonstrate two methods to rapidly
adapt existing open and closed vocabulary systems so that
they can easily be paired with OVSGs. We build an evalua-
tion system that demonstrates how current image generation
systems fail when coupled with OVSGs through a detailed
qualitative and quantitative analysis. The potential benefits
of OVSGs are not fully realized with current image gen-
erators, indicating that there is room for growth to build
OVSG-native generators that would help resolve observed
failures during the evaluation.
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Appendix

A. Model Details

Several pre-trained models were used in the course of this paper. Below are links referring to the origin of each model:

• sg2im: The model used in sg2im [11] can be downloaded here. The outputs of sg2im are unaffected by choice of
random seed so none was used.

• Stable Diffusion: The model card for the version of Stable Diffusion [18] used in this paper can be found here. Random
seeds 0,1 and 2 were used when running model over 3 different evaluation rounds.

• BERT: The BERT [5] model used in this paper was based upon Sentence Transformer and the model card can be found
here.

• CLIP: The model card for the version of CLIP [16] used in this paper can be found here.

B. Human Evaluation Data

The human evaluation was conducted by the first author of this paper using the qualitative codes out-
lined in Section 4.1 of the paper. For each generated image example, a number of qualitative codes (such as
”MO” for ”Missing Object”) are assigned and a simple detail about each is given right after (e.g. ”MO: cat”).

https://storage.googleapis.com/sg2im-data/small/vg128.pt
https://huggingface.co/stabilityai/stable-diffusion-2
https://huggingface.co/sentence-transformers/paraphrase-MiniLM-L6-v2
https://huggingface.co/openai/clip-vit-base-patch32






C. Automatic Evaluation Data









D. Automatic Evaluation JSON Quiz

The following is an embedded JSON document which contains all of the quiz questions used in the Automatic Evaluation.
Each element of the quiz question array contains a scene graph, a set of 3 answers, and the question type. Type ”obj” are



questions about objects (e.g. ”man”) in the scene, type ”rel” are questions about relationships (e.g. ”holding”) and type
”scene” are questions about scene-level details (e.g. ”man holding dog”). There are 30 unique scene graphs in the quiz and
there are 3 types of question per scene graph (”obj”, ”rel” and ”scene”), so the full quiz array has 90 questions (30 x 3) in
total. Since each quiz question probes for specific object, relationship or scene-level detail elements, if the generator gets the
question wrong it is likely that the element (one of the three types) in question is missing from the image. If the generator
gets the question right, it means that it has identified that that element exists in the image.

In the ”answer” element of each quiz question, there are 3 answers. The first one is always the correct answer for all
question types. In the specific case of the ”obj” question referring to objects, there are 2 possible correct answers: the first
answer is the correct answer which corresponds to the ”Attributed Object” result in Table 1, the second answer is a partially
correct answer (see Figure 5) which corresponds to the ”Generic Object” result in Table 1. Both are valid responses and
should be tallied separately. The way to interpret this result is to say, ”Out of 30 object quiz questions, for answers the system
selected 46.7% as Attributed Objects, 15.6% as Generic Objects and 37.7% as incorrect (the rest). All told, the system could
identify an object 62.3% of the time.” The sample results here correspond to the Stable Diffusion result in Table 1.

JSON Quiz Data

{
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” t a l l p e r s o n ” , ” s h o r t p e r s o n ” , ” p u r p l e dog ” , ” b a l l ” ] ,

” r e l a t i o n s h i p s ” : [ [ 0 , ” h o l d i n g ” , 1 ] , [ 2 , ” f e t c h e s ” , 3 ] ] } ,
” answer s ” : [ ” a t a l l p e r s o n ” ,

” p e r s o n ” ,
” snowman ” ] ,

” t y p e ” : ” o b j ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” t a l l p e r s o n ” , ” s h o r t p e r s o n ” , ” p u r p l e dog ” , ” b a l l ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” h o l d i n g ” , 1 ] , [ 2 , ” f e t c h e s ” , 3 ] ] } ,
” answer s ” : [ ” p e r s o n h o l d i n g p e r s o n ” ,

” p e r s o n d a n c i n g wi th dog ” ,
” c a t h o l d i n g dog ” ] ,

” t y p e ” : ” s c e n e ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” t a l l p e r s o n ” , ” s h o r t p e r s o n ” , ” p u r p l e dog ” , ” b a l l ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” h o l d i n g ” , 1 ] , [ 2 , ” f e t c h e s ” , 3 ] ] } ,
” answer s ” : [ ” h o l d i n g ” ,

” d a n c i n g ” ,
” e a t i n g ” ] ,

” t y p e ” : ” r e l ”} ,

{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” l adybug ” , ” p ink f l o w e r ” , ” p o l k a d o t c h a i r ” , ” f l o o r ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” s i t t i n g on ” , 1 ] , [ 2 , ” r e s t i n g on ” , 3 ] ] } ,
” answer s ” : [ ” c h a i r w i th p o l k a d o t s ” ,

” c h a i r ” ,
” couch ” ] ,

” t y p e ” : ” o b j ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” l adybug ” , ” p ink f l o w e r ” , ” p o l k a d o t c h a i r ” , ” f l o o r ” ] ,

” r e l a t i o n s h i p s ” : [ [ 0 , ” s i t t i n g on ” , 1 ] , [ 2 , ” r e s t i n g on ” , 3 ] ] } ,
” answer s ” : [ ” l adybug s i t t i n g on f l o w e r ” ,

” l adybug n e x t t o f l o w e r ” ,
” i n s e c t f l y i n g ove r f l o w e r ” ] ,

” t y p e ” : ” s c e n e ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” l adybug ” , ” p ink f l o w e r ” , ” p o l k a d o t c h a i r ” , ” f l o o r ” ] ,

” r e l a t i o n s h i p s ” : [ [ 0 , ” s i t t i n g on ” , 1 ] , [ 2 , ” r e s t i n g on ” , 3 ] ] } ,
” answer s ” : [ ” s i t t i n g on ” ,

” n e x t t o ” ,
” f l y i n g ove r ” ] ,

” t y p e ” : ” r e l ”} ,



{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” b l u e a s t r o n a u t ” , ” w h i t e h o r s e ” , ”moon ” , ” g r e e n c h e e s e ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” r i d i n g ” , 1 ] , [ 2 , ”made o u t o f ” , 3 ] ] } ,
” answer s ” : [ ” a w h i t e h o r s e ” ,

” an a n i ma l ” ,
” t u r t l e ” ] ,

” t y p e ” : ” o b j ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” b l u e a s t r o n a u t ” , ” w h i t e h o r s e ” , ”moon ” , ” g r e e n c h e e s e ” ] ,

” r e l a t i o n s h i p s ” : [ [ 0 , ” r i d i n g ” , 1 ] , [ 2 , ”made o u t o f ” , 3 ] ] } ,
” answer s ” : [ ” moon made o u t o f c h e e s e ” ,

”moon e a t i n g c h e e s e ” ,
” sun s h i n i n g b r i g h t ” ] ,

” t y p e ” : ” s c e n e ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” b l u e a s t r o n a u t ” , ” w h i t e h o r s e ” , ”moon ” , ” g r e e n c h e e s e ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” r i d i n g ” , 1 ] , [ 2 , ”made o u t o f ” , 3 ] ] } ,
” answer s ” : [ ” made o u t o f ” ,

” e a t i n g ” ,
” s h i n i n g ” ] ,

” t y p e ” : ” r e l ”} ,

{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” s m a l l c a t ” , ” t r e e ” , ” hedgehog ” , ” w ic k e r b a s k e t ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” s m i l i n g i n ” , 1 ] , [ 2 , ” i n ” , 3 ] ] } ,
” answer s ” : [ ” a s m i l i n g c a t ” ,

” a c a t ” ,
” dog ” ] ,

” t y p e ” : ” o b j ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” s m a l l c a t ” , ” t r e e ” , ” hedgehog ” , ” w ic k e r b a s k e t ” ] ,

” r e l a t i o n s h i p s ” : [ [ 0 , ” s m i l i n g i n ” , 1 ] , [ 2 , ” i n ” , 3 ] ] } ,
” answer s ” : [ ” a hedgehog i n a b a s k e t ” ,

” a hedgehogs e a t i n g a b a s k e t ” ,
” a c a t s l e e p i n g i n box ” ] ,

” t y p e ” : ” s c e n e ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” s m a l l c a t ” , ” t r e e ” , ” hedgehog ” , ” w ic k e r b a s k e t ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” s m i l i n g i n ” , 1 ] , [ 2 , ” i n ” , 3 ] ] } ,
” answer s ” : [ ” i n ” ,

” e a t i n g ” ,
” s l e e p i n g ” ] ,

” t y p e ” : ” r e l ”} ,

{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” l a r g e t r e e s ” , ” wind ” , ” hazy moon ” ,
” p a r t l y c lo ud y s k i e s ” ] ,

” r e l a t i o n s h i p s ” : [ [ 0 , ” sway i n ” , 1 ] , [ 2 , ” s h i n e s t h r o u g h ” , 3 ] ] } ,
” answer s ” : [ ” p a r t l y c lo ud y s k i e s ” ,

” n i g h t t i m e ” ,
” day t ime ” ] ,

” t y p e ” : ” o b j ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” l a r g e t r e e s ” , ” wind ” , ” hazy moon ” ,

” p a r t l y c lo ud y s k i e s ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” sway i n ” , 1 ] , [ 2 , ” s h i n e s t h r o u g h ” , 3 ] ] } ,
” answer s ” : [ ” t h e moon i n t h e sky ” ,

” t h e moon unde r t h e sky ” ,
” sun i n t h e sky ” ] ,

” t y p e ” : ” s c e n e ”} ,



{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” l a r g e t r e e s ” , ” wind ” , ” hazy moon ” ,
” p a r t l y c lo ud y s k i e s ” ] ,

” r e l a t i o n s h i p s ” : [ [ 0 , ” sway i n ” , 1 ] , [ 2 , ” s h i n e s t h r o u g h ” , 3 ] ] } ,
” answer s ” : [ ” i n ” ,

” unde r ” ,
” above ” ] ,

” t y p e ” : ” r e l ”} ,

{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” quokka ” , ” g r e e n ” , ” b l a c k swans ” , ” c i r c l e s ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” i n f r o n t o f ” , 1 ] , [ 2 , ” swimming i n ” , 3 ] ] } ,
” answer s ” : [ ” b l a c k swans ” ,

” swans ” ,
” e a g l e ” ] ,

” t y p e ” : ” o b j ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” quokka ” , ” g r e e n ” , ” b l a c k swans ” , ” c i r c l e s ” ] ,

” r e l a t i o n s h i p s ” : [ [ 0 , ” i n f r o n t o f ” , 1 ] , [ 2 , ” swimming i n ” , 3 ] ] } ,
” answer s ” : [ ” an i ma l i n f r o n t o f g r e e n bush ” ,

” a n i ma l beh in d g r e e n bush ” ,
”human l a y i n g i n f r o n t bush ” ] ,

” t y p e ” : ” s c e n e ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” quokka ” , ” g r e e n ” , ” b l a c k swans ” , ” c i r c l e s ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” i n f r o n t o f ” , 1 ] , [ 2 , ” swimming i n ” , 3 ] ] } ,
” answer s ” : [ ” i n f r o n t o f ” ,

” b eh in d ” ,
” l a y i n g i n ” ] ,

” t y p e ” : ” r e l ”} ,

{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” o l d woman ” , ” s t r o n g mustang ” , ” r e d ba rn ” , ” wheat f i e l d ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” embraces ” , 1 ] , [ 2 , ” s t a n d i n g i n ” , 3 ] ] } ,
” answer s ” : [ ” o l d woman ” ,

”woman ” ,
”man ” ] ,

” t y p e ” : ” o b j ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” o l d woman ” , ” s t r o n g mustang ” , ” r e d ba rn ” , ” wheat f i e l d ” ] ,

” r e l a t i o n s h i p s ” : [ [ 0 , ” embraces ” , 1 ] , [ 2 , ” s t a n d i n g i n ” , 3 ] ] } ,
” answer s ” : [ ” woman embrac ing h o r s e ” ,

”woman b r u s h i n g h o r s e ” ,
” h o r s e s t a n d i n g i n f i e l d ” ] ,

” t y p e ” : ” s c e n e ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” o l d woman ” , ” s t r o n g mustang ” , ” r e d ba rn ” , ” wheat f i e l d ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” embraces ” , 1 ] , [ 2 , ” s t a n d i n g i n ” , 3 ] ] } ,
” answer s ” : [ ” embrac ing ” ,

” b r u s h i n g ” ,
” s t a n d i n g ” ] ,

” t y p e ” : ” r e l ”} ,

{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” b e a r d e d man ” , ” s t e e p t r a i l ” , ” b r i g h t o r a n ge t e n t ” ,
” wooded c a m p s i t e ” ] ,

” r e l a t i o n s h i p s ” : [ [ 0 , ” h i k e s up ” , 1 ] , [ 2 , ” s i t t i n g i n ” , 3 ] ] } ,
” answer s ” : [ ” b e a r d e d man ” ,

”man ” ,
”woman ” ] ,

” t y p e ” : ” o b j ”} ,



{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” b e a r d e d man ” , ” s t e e p t r a i l ” , ” b r i g h t o r a n ge t e n t ” ,
” wooded c a m p s i t e ” ] ,

” r e l a t i o n s h i p s ” : [ [ 0 , ” h i k e s up ” , 1 ] , [ 2 , ” s i t t i n g i n ” , 3 ] ] } ,
” answer s ” : [ ” man h i k i n g up t r a i l ” ,

”man s l e e p i n g on t r a i l ” ,
” dog wander ing on t r a i l ” ] ,

” t y p e ” : ” s c e n e ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” b e a r d e d man ” , ” s t e e p t r a i l ” , ” b r i g h t o r an ge t e n t ” ,

” wooded c a m p s i t e ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” h i k e s up ” , 1 ] , [ 2 , ” s i t t i n g i n ” , 3 ] ] } ,
” answer s ” : [ ” h i k i n g ” ,

” s l e e p i n g ” ,
” wander ing ” ] ,

” t y p e ” : ” r e l ”} ,

{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” ye l l ow t u l i p s ” , ” p a t t e r n e d vase ” , ” c a l i c o c a t ” ,
” c o f f e e t a b l e ” ] ,

” r e l a t i o n s h i p s ” : [ [ 0 , ” p l a c e d i n ” , 1 ] , [ 2 , ” s l e e p i n g on ” , 3 ] ] } ,
” answer s ” : [ ” c a l i c o c a t ” ,

” c a t ” ,
” l i o n ” ] ,

” t y p e ” : ” o b j ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” ye l l ow t u l i p s ” , ” p a t t e r n e d vase ” , ” c a l i c o c a t ” ,

” c o f f e e t a b l e ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” p l a c e d i n ” , 1 ] , [ 2 , ” s l e e p i n g on ” , 3 ] ] } ,
” answer s ” : [ ” t u l i p s s i t t i n g i n vase ” ,

” t u l i p s r e c l i n i n g i n vase ” ,
” f l o w e r s i n a p o t ” ] ,

” t y p e ” : ” s c e n e ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” ye l l ow t u l i p s ” , ” p a t t e r n e d vase ” , ” c a l i c o c a t ” ,

” c o f f e e t a b l e ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” p l a c e d i n ” , 1 ] , [ 2 , ” s l e e p i n g on ” , 3 ] ] } ,
” answer s ” : [ ” s i t t i n g ” ,

” r e c l i n i n g i n ” ,
” i n ” ] ,

” t y p e ” : ” r e l ”} ,

{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” f em a l e m u s i c i a n ” , ” c l a r i n e t ” , ” l a r g e crowd ” , ” c o n c e r t h a l l ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” p l a y s ” , 1 ] , [ 2 , ” l i s t e n s i n ” , 3 ] ] } ,
” answer s ” : [ ” c l a r i n e t ” ,

” m u s i c a l i n s t r u m e n t ” ,
” t e l e v i s i o n ” ] ,

” t y p e ” : ” o b j ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” f em a l e m u s i c i a n ” , ” c l a r i n e t ” , ” l a r g e crowd ” , ” c o n c e r t h a l l ” ] ,

” r e l a t i o n s h i p s ” : [ [ 0 , ” p l a y s ” , 1 ] , [ 2 , ” l i s t e n s i n ” , 3 ] ] } ,
” answer s ” : [ ” crowd l i s t e n s i n h a l l ” ,

” crowd e a t s i n h a l l ” ,
” a p e r s o n s l e e p i n g on a couch ” ] ,

” t y p e ” : ” s c e n e ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” f em a l e m u s i c i a n ” , ” c l a r i n e t ” , ” l a r g e crowd ” , ” c o n c e r t h a l l ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” p l a y s ” , 1 ] , [ 2 , ” l i s t e n s i n ” , 3 ] ] } ,
” answer s ” : [ ” l i s t e n s ” ,

” e a t s ” ,



” s l e e p i n g on ” ] ,
” t y p e ” : ” r e l ”} ,

{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” b r i g h t c o f f e e cup ” , ” e s p r e s s o ” ,
” s t a i n l e s s s t e e l a p p l i a n c e s ” , ” k i t c h e n ” ] ,

” r e l a t i o n s h i p s ” : [ [ 0 , ” f i l l e d wi th ” , 1 ] , [ 2 , ” s t a n d i n g i n ” , 3 ] ] } ,
” answer s ” : [ ” c o f f e e cup ” ,

” g l a s s ” ,
” bowl ” ] ,

” t y p e ” : ” o b j ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” b r i g h t c o f f e e cup ” , ” e s p r e s s o ” ,

” s t a i n l e s s s t e e l a p p l i a n c e s ” , ” k i t c h e n ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” f i l l e d wi th ” , 1 ] , [ 2 , ” s t a n d i n g i n ” , 3 ] ] } ,
” answer s ” : [ ” a p p l i a n c e s t a n d i n g i n k i t c h e n ” ,

” a p p l i a n c e e a t i n g i n k i t c h e n ” ,
” a t e l e v i s i o n l o c a t e d i n t h e bedroom ” ] ,

” t y p e ” : ” s c e n e ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” b r i g h t c o f f e e cup ” , ” e s p r e s s o ” ,

” s t a i n l e s s s t e e l a p p l i a n c e s ” , ” k i t c h e n ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” f i l l e d wi th ” , 1 ] , [ 2 , ” s t a n d i n g i n ” , 3 ] ] } ,
” answer s ” : [ ” s t a n d i n g ” ,

” e a t i n g ” ,
” l o c a t e d i n ” ] ,

” t y p e ” : ” r e l ”} ,

{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” t a b b y c a t ” , ” wooden s t o o l ” , ” p u r p l e couch ” , ” s t r i p e d rug ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” l o u n g i n g on ” , 1 ] , [ 2 , ” p l a c e d on ” , 3 ] ] } ,
” answer s ” : [ ” t a b b y c a t ” ,

” c a t ” ,
” dog ” ] ,

” t y p e ” : ” o b j ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” t a b b y c a t ” , ” wooden s t o o l ” , ” p u r p l e couch ” , ” s t r i p e d rug ” ] ,

” r e l a t i o n s h i p s ” : [ [ 0 , ” l o u n g i n g on ” , 1 ] , [ 2 , ” p l a c e d on ” , 3 ] ] } ,
” answer s ” : [ ” f u r n i t u r e on s t r i p e d rug ” ,

” f u r n i t u r e swimming on s t r i p e d run ” ,
” a t e l e v i s i o n l o c a t e d i n t h e bedroom ” ] ,

” t y p e ” : ” s c e n e ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” t a b b y c a t ” , ” wooden s t o o l ” , ” p u r p l e couch ” , ” s t r i p e d rug ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” l o u n g i n g on ” , 1 ] , [ 2 , ” p l a c e d on ” , 3 ] ] } ,
” answer s ” : [ ” on ” ,

” swimming ” ,
” l o c a t e d i n ” ] ,

” t y p e ” : ” r e l ”} ,

{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” b u t t e r n u t sq ua sh ” , ” ground ” , ” co rn ” , ” v e r d a n t f i e l d ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” l a y i n g on ” , 1 ] , [ 2 , ” s t a n d i n g i n ” , 3 ] ] } ,
” answer s ” : [ ” b u t t e r n u t sq uas h ” ,

” v e g e t a b l e ” ,
” f r u i t ” ] ,

” t y p e ” : ” o b j ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” b u t t e r n u t sq ua sh ” , ” ground ” , ” co rn ” , ” v e r d a n t f i e l d ” ] ,

” r e l a t i o n s h i p s ” : [ [ 0 , ” l a y i n g on ” , 1 ] , [ 2 , ” s t a n d i n g i n ” , 3 ] ] } ,
” answer s ” : [ ” co rn s t a n d i n g i n f i e l d ” ,



” co rn r u n n i n g i n f i e l d ” ,
” a t r e e l a y i n g i n t h e woods ” ] ,

” t y p e ” : ” s c e n e ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” b u t t e r n u t sq ua sh ” , ” ground ” , ” co rn ” , ” v e r d a n t f i e l d ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” l a y i n g on ” , 1 ] , [ 2 , ” s t a n d i n g i n ” , 3 ] ] } ,
” answer s ” : [ ” s t a n d i n g ” ,

” r u n n i n g ” ,
” l a y i n g i n ” ] ,

” t y p e ” : ” r e l ”} ,

{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” s p a r r o w s ” , ” b i r d f e e d e r ” , ” f a t b l a c k s q u i r r e l ” ,
” avocado t r e e ” ] ,

” r e l a t i o n s h i p s ” : [ [ 0 , ” f l o c k i n g t o ” , 1 ] , [ 2 , ” hang ing from ” , 3 ] ] } ,
” answer s ” : [ ” b l a c k s q u i r r e l ” ,

” a n i ma l ” ,
” f r u i t ” ] ,

” t y p e ” : ” o b j ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” s p a r r o w s ” , ” b i r d f e e d e r ” , ” f a t b l a c k s q u i r r e l ” ,

” avocado t r e e ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” f l o c k i n g t o ” , 1 ] , [ 2 , ” hang ing from ” , 3 ] ] } ,
” answer s ” : [ ” b i r d s h o v e r i n g a t f e e d e r ” ,

” b i r d s swimming a t f e e d e r ” ,
” a t r e e wi th b i r d s ” ] ,

” t y p e ” : ” s c e n e ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” s p a r r o w s ” , ” b i r d f e e d e r ” , ” f a t b l a c k s q u i r r e l ” ,

” avocado t r e e ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” f l o c k i n g t o ” , 1 ] , [ 2 , ” hang ing from ” , 3 ] ] } ,
” answer s ” : [ ” h o v e r i n g ” ,

” swimming ” ,
” wi th ” ] ,

” t y p e ” : ” r e l ”} ,

{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” t o r t o i s e s h e l l c a t ” , ” b l u e p o l k a d o t rug ” ,
” brown mouse ” , ” b a s e b o a r d ” ] ,

” r e l a t i o n s h i p s ” : [ [ 0 , ” l o u n g i n g on ” , 1 ] , [ 2 , ” r u n s a l o n g ” , 3 ] ] } ,
” answer s ” : [ ” p o l k a d o t rug ” ,

” rug ” ,
” wooden f l o o r ” ] ,

” t y p e ” : ” o b j ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” t o r t o i s e s h e l l c a t ” , ” b l u e p o l k a d o t rug ” ,

” brown mouse ” , ” b a s e b o a r d ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” l o u n g i n g on ” , 1 ] , [ 2 , ” r u n s a l o n g ” , 3 ] ] } ,
” answer s ” : [ ” mouse r u n s a l o n g w a l l ” ,

” mouse swims a l o n g w a l l ” ,
” a c a t w i th mouse ” ] ,

” t y p e ” : ” s c e n e ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” t o r t o i s e s h e l l c a t ” , ” b l u e p o l k a d o t rug ” ,

” brown mouse ” , ” b a s e b o a r d ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” l o u n g i n g on ” , 1 ] , [ 2 , ” r u n s a l o n g ” , 3 ] ] } ,
” answer s ” : [ ” r u n s ” ,

” swims ” ,
” wi th ” ] ,

” t y p e ” : ” r e l ”} ,



{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” s p a r k i n g ocean ” , ” rugged c l i f f ” , ” o l d t r e e ” ,
” p l a y f u l c h i l d r e n ” ] ,

” r e l a t i o n s h i p s ” : [ [ 0 , ” c r a s h i n g a g a i n s t ” , 1 ] , [ 2 , ” s h a d i n g ” , 3 ] ] } ,
” answer s ” : [ ” p l a y f u l c h i l d r e n ” ,

” p e o p l e ” ,
” e l f ” ] ,

” t y p e ” : ” o b j ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” s p a r k i n g ocean ” , ” rugged c l i f f ” , ” o l d t r e e ” ,

” p l a y f u l c h i l d r e n ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” c r a s h i n g a g a i n s t ” , 1 ] , [ 2 , ” s h a d i n g ” , 3 ] ] } ,
” answer s ” : [ ” ocean c r a s h i n g a g a i n s t c l i f f s ” ,

” ocean swimming n e a r c l i f f s ” ,
” a whale i n t h e ocean ” ] ,

” t y p e ” : ” s c e n e ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” s p a r k i n g ocean ” , ” rugged c l i f f ” , ” o l d t r e e ” ,

” p l a y f u l c h i l d r e n ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” c r a s h i n g a g a i n s t ” , 1 ] , [ 2 , ” s h a d i n g ” , 3 ] ] } ,
” answer s ” : [ ” c r a s h i n g ” ,

” swimming ” ,
” i n ” ] ,

” t y p e ” : ” r e l ”} ,

{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” r o a r i n g l i o n ” , ” g a z e l l e ” , ” snow− capped mounta in ” ,
” s e r e n e v a l l e y ” ] ,

” r e l a t i o n s h i p s ” : [ [ 0 , ” h u n t i n g ” , 1 ] , [ 2 , ” o v e r l o o k i n g ” , 3 ] ] } ,
” answer s ” : [ ” r o a r i n g l i o n ” ,

” c a t ” ,
” t i g e r ” ] ,

” t y p e ” : ” o b j ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” r o a r i n g l i o n ” , ” g a z e l l e ” , ” snow− capped mounta in ” ,

” s e r e n e v a l l e y ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” h u n t i n g ” , 1 ] , [ 2 , ” o v e r l o o k i n g ” , 3 ] ] } ,
” answer s ” : [ ” moun ta in s n e a r a v a l l e y ” ,

” moun ta in s s h o u t i n g a t v a l l e y ” ,
” a mounta in wi th t r e e s ” ] ,

” t y p e ” : ” s c e n e ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” r o a r i n g l i o n ” , ” g a z e l l e ” , ” snow− capped mounta in ” ,

” s e r e n e v a l l e y ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” h u n t i n g ” , 1 ] , [ 2 , ” o v e r l o o k i n g ” , 3 ] ] } ,
” answer s ” : [ ” n e a r ” ,

” s h o u t i n g ” ,
” wi th ” ] ,

” t y p e ” : ” r e l ”} ,

{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” crowded marke t ” , ” c o l o r f u l p roduce ” , ” d e l i v e r y t r u c k ” ,
” busy b u i l d i n g ” ] ,

” r e l a t i o n s h i p s ” : [ [ 0 , ” s e l l i n g ” , 1 ] , [ 2 , ” p a r ke d i n f r o n t o f ” , 3 ] ] } ,
” answer s ” : [ ” d e l i v e r y t r u c k ” ,

” c a r ” ,
” b o a t ” ] ,

” t y p e ” : ” o b j ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” crowded marke t ” , ” c o l o r f u l p roduce ” , ” d e l i v e r y t r u c k ” ,



” busy b u i l d i n g ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” s e l l i n g ” , 1 ] , [ 2 , ” p a r ke d i n f r o n t o f ” , 3 ] ] } ,
” answer s ” : [ ” marke t s e l l i n g v e g e t a b l e s ” ,

” marke t r u n n i n g v e g e t a b l e s ” ,
” a man e a t i n g v e g e t a b l e s ” ] ,

” t y p e ” : ” s c e n e ”} ,
{” s c e n e g r a p h ” :{ ” o b j e c t s ” : [ ” crowded marke t ” , ” c o l o r f u l p roduce ” , ” d e l i v e r y t r u c k ” ,

” busy b u i l d i n g ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” s e l l i n g ” , 1 ] , [ 2 , ” p a r ke d i n f r o n t o f ” , 3 ] ] } ,
” answer s ” : [ ” s e l l i n g ” ,

” r u n n i n g ” ,
” e a t i n g ” ] ,

” t y p e ” : ” r e l ”} ,

{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” p l a y f u l puppy ” , ” f l u f f y t o y ” , ” cozy l i v i n g room ” ,
” p l u s h f u r n i t u r e ” ] ,

” r e l a t i o n s h i p s ” : [ [ 0 , ” chewing on ” , 1 ] , [ 2 , ” ado rned wi th ” , 3 ] ] } ,
” answer s ” : [ ” l i v i n g room ” ,

” room ” ,
” bathroom ” ] ,

” t y p e ” : ” o b j ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” p l a y f u l puppy ” , ” f l u f f y t o y ” , ” cozy l i v i n g room ” ,

” p l u s h f u r n i t u r e ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” chewing on ” , 1 ] , [ 2 , ” ado rned wi th ” , 3 ] ] } ,
” answer s ” : [ ” dog chewing on t o y ” ,

” dog r u n n i n g wi th t o y ” ,
” dog swimming i n w a t e r ” ] ,

” t y p e ” : ” s c e n e ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” p l a y f u l puppy ” , ” f l u f f y t o y ” , ” cozy l i v i n g room ” ,

” p l u s h f u r n i t u r e ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” chewing on ” , 1 ] , [ 2 , ” ado rned wi th ” , 3 ] ] } ,
” answer s ” : [ ” chewing ” ,

” r u n n i n g ” ,
” swimming ” ] ,

” t y p e ” : ” r e l ”} ,

{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” s i l e n t l i b r a r y ” , ” a n c i e n t books ” , ” you th ” ,
” h igh t e c h compu te r s ” ] ,

” r e l a t i o n s h i p s ” : [ [ 0 , ” f i l l e d wi th ” , 1 ] , [ 2 , ” programming ” , 3 ] ] } ,
” answer s ” : [ ” l i b r a r y ” ,

” room ” ,
” bathroom ” ] ,

” t y p e ” : ” o b j ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” s i l e n t l i b r a r y ” , ” a n c i e n t books ” , ” you th ” ,

” h igh t e c h compu te r s ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” f i l l e d wi th ” , 1 ] , [ 2 , ” programming ” , 3 ] ] } ,
” answer s ” : [ ” p e r s o n programming compute r ” ,

” p e r s o n e a t i n g a t compute r ” ,
” p e r s o n t h r o w i n g compute r ” ] ,

” t y p e ” : ” s c e n e ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” s i l e n t l i b r a r y ” , ” a n c i e n t books ” , ” you th ” ,

” h igh t e c h compu te r s ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” f i l l e d wi th ” , 1 ] , [ 2 , ” programming ” , 3 ] ] } ,



” answer s ” : [ ” programming ” ,
” e a t i n g ” ,
” t h r o w i n g ” ] ,

” t y p e ” : ” r e l ”} ,

{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” s i l v e r moon ” , ” shimmery l a k e ” , ” w h i t e swan ” , ” da rk w a t e r s ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” c a s t i n g l i g h t on ” , 1 ] , [ 2 , ” g l i d i n g a c r o s s ” , 3 ] ] } ,
” answer s ” : [ ” w h i t e swan ” ,

” swan ” ,
”gnome ” ] ,

” t y p e ” : ” o b j ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” s i l v e r moon ” , ” shimmery l a k e ” , ” w h i t e swan ” , ” da rk w a t e r s ” ] ,

” r e l a t i o n s h i p s ” : [ [ 0 , ” c a s t i n g l i g h t on ” , 1 ] , [ 2 , ” g l i d i n g a c r o s s ” , 3 ] ] } ,
” answer s ” : [ ” moon s h i n i n g on l a k e ” ,

”moon s l e e p s on l a k e ” ,
”moon c l i m b s on l a k e ” ] ,

” t y p e ” : ” s c e n e ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” s i l v e r moon ” , ” shimmery l a k e ” , ” w h i t e swan ” , ” da rk w a t e r s ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” c a s t i n g l i g h t on ” , 1 ] , [ 2 , ” g l i d i n g a c r o s s ” , 3 ] ] } ,
” answer s ” : [ ” s h i n i n g ” ,

” s l e e p s ” ,
” c l i m b s ” ] ,

” t y p e ” : ” r e l ”} ,

{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” g r e e n l e a f y v i n e ” , ” o l d b r i c k tower ” , ” young woman ” ,
” long b lo nd e b r a i d ” ] ,

” r e l a t i o n s h i p s ” : [ [ 0 , ” c l i m b i n g ” , 1 ] , [ 2 , ” wi th ” , 3 ] ] } ,
” answer s ” : [ ” b r i c k tower ” ,

” tower ” ,
” c o t t a g e ” ] ,

” t y p e ” : ” o b j ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” g r e e n l e a f y v i n e ” , ” o l d b r i c k tower ” , ” young woman ” ,

” long b lo nd e b r a i d ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” c l i m b i n g ” , 1 ] , [ 2 , ” wi th ” , 3 ] ] } ,
” answer s ” : [ ” v i n e c l i m b i n g b r i c k b u i l d i n g ” ,

” v i n e s l e e p i n g on b r i c k b u i l d i n g ” ,
”moon on b r i c k b u i l d i n g ” ] ,

” t y p e ” : ” s c e n e ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” g r e e n l e a f y v i n e ” , ” o l d b r i c k tower ” , ” young woman ” ,

” long b lo nd e b r a i d ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” c l i m b i n g ” , 1 ] , [ 2 , ” wi th ” , 3 ] ] } ,
” answer s ” : [ ” c l i m b i n g ” ,

” s l e e p i n g ” ,
” on ” ] ,

” t y p e ” : ” r e l ”} ,

{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” r e d microwave ” , ” g r a n i t e c o u n t e r t o p ” ,
” s t r i p e d c u r t a i n s ” , ” c l e a r windows ” ] ,

” r e l a t i o n s h i p s ” : [ [ 0 , ” r e s t i n g on ” , 1 ] , [ 2 , ” d r a pe d ove r ” , 3 ] ] } ,
” answer s ” : [ ” s t r i p e d c u r t a i n s ” ,

” c u r t a i n s ” ,
” window b l i n d s ” ] ,

” t y p e ” : ” o b j ”} ,



{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” r e d microwave ” , ” g r a n i t e c o u n t e r t o p ” ,
” s t r i p e d c u r t a i n s ” , ” c l e a r windows ” ] ,

” r e l a t i o n s h i p s ” : [ [ 0 , ” r e s t i n g on ” , 1 ] , [ 2 , ” d r a pe d ove r ” , 3 ] ] } ,
” answer s ” : [ ” microwave on c o u n t e r ” ,

” microwave s l e e p i n g on c o u n t e r ” ,
” microwave e a t i n g a t c o u n t e r ” ] ,

” t y p e ” : ” s c e n e ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” r e d microwave ” , ” g r a n i t e c o u n t e r t o p ” ,

” s t r i p e d c u r t a i n s ” , ” c l e a r windows ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” r e s t i n g on ” , 1 ] , [ 2 , ” d r a pe d ove r ” , 3 ] ] } ,
” answer s ” : [ ” on ” ,

” s l e e p i n g ” ,
” e a t i n g ” ] ,

” t y p e ” : ” r e l ”} ,

{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” b l a c k and w h i t e b i c y c l e ” , ” t a l l lamp p o s t ” ,
” h igh s c h o o l s t u d e n t ” , ” r e d h e a d g i r l f r i e n d ” ] ,

” r e l a t i o n s h i p s ” : [ [ 0 , ” l e a n i n g a g a i n s t ” , 1 ] , [ 2 , ” wa lk ing wi th ” , 3 ] ] } ,
” answer s ” : [ ” t a l l lamp p o s t ” ,

” p o l e ” ,
” p a r k i n g mete r ” ] ,

” t y p e ” : ” o b j ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” b l a c k and w h i t e b i c y c l e ” , ” t a l l lamp p o s t ” ,

” h igh s c h o o l s t u d e n t ” , ” r e d h e a d g i r l f r i e n d ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” l e a n i n g a g a i n s t ” , 1 ] , [ 2 , ” wa lk ing wi th ” , 3 ] ] } ,
” answer s ” : [ ” boy wa lk ing wi th r e d h e a d g i r l ” ,

” boy k i s s i n g r e d h e a d g i r l ” ,
” boy s k i i n g wi th r e d h e a d g i r l ” ] ,

” t y p e ” : ” s c e n e ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” b l a c k and w h i t e b i c y c l e ” , ” t a l l lamp p o s t ” ,

” h igh s c h o o l s t u d e n t ” , ” r e d h e a d g i r l f r i e n d ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” l e a n i n g a g a i n s t ” , 1 ] , [ 2 , ” wa lk ing wi th ” , 3 ] ] } ,
” answer s ” : [ ” wa lk ing wi th ” ,

” k i s s i n g ” ,
” s k i i n g ” ] ,

” t y p e ” : ” r e l ”} ,

{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” c u r i o u s v i s i t o r s ” , ” modern a r t s ” , ” marb le s t a t u e ” ,
”domed h a l l ” ] ,

” r e l a t i o n s h i p s ” : [ [ 0 , ” v i ewing ” , 1 ] , [ 2 , ” d i s p l a y e d i n ” , 3 ] ] } ,
” answer s ” : [ ” domed h a l l ” ,

” room ” ,
” bathroom ” ] ,

” t y p e ” : ” o b j ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” c u r i o u s v i s i t o r s ” , ” modern a r t s ” , ” marb le s t a t u e ” ,

”domed h a l l ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” v i ewing ” , 1 ] , [ 2 , ” d i s p l a y e d i n ” , 3 ] ] } ,
” answer s ” : [ ” p e o p l e v i ewing p a i n t i n g s ” ,

” p e o p l e p a i n t i n g p a i n t i n g s ” ,
” p e o p l e e a t i n g p e o p l e ” ] ,

” t y p e ” : ” s c e n e ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” c u r i o u s v i s i t o r s ” , ” modern a r t s ” , ” marb le s t a t u e ” ,

”domed h a l l ” ] ,



” r e l a t i o n s h i p s ” : [ [ 0 , ” v i ewing ” , 1 ] , [ 2 , ” d i s p l a y e d i n ” , 3 ] ] } ,
” answer s ” : [ ” v i ewing ” ,

” p a i n t i n g ” ,
” e a t i n g ” ] ,

” t y p e ” : ” r e l ”} ,

{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” da rk movie t h e a t r e ” , ” b l a c k and w h i t e movie ” ,
” c u r l y h a i r e d man ” , ” b u t t e r e d popcord ” ] ,

” r e l a t i o n s h i p s ” : [ [ 0 , ” s c r e e n i n g ” , 1 ] , [ 2 , ” e a t i n g ” , 3 ] ] } ,
” answer s ” : [ ” c u r l y h a i r e d man ” ,

”man ” ,
” dog ” ] ,

” t y p e ” : ” o b j ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” da rk movie t h e a t r e ” , ” b l a c k and w h i t e movie ” ,

” c u r l y h a i r e d man ” , ” b u t t e r e d popcord ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” s c r e e n i n g ” , 1 ] , [ 2 , ” e a t i n g ” , 3 ] ] } ,
” answer s ” : [ ” t h e a t r e showing movie ” ,

” t h e a t r e e a t i n g movie ” ,
” movie s l e e p i n g i n t h e a t r e ” ] ,

” t y p e ” : ” s c e n e ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” da rk movie t h e a t r e ” , ” b l a c k and w h i t e movie ” ,

” c u r l y h a i r e d man ” , ” b u t t e r e d popcord ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” s c r e e n i n g ” , 1 ] , [ 2 , ” e a t i n g ” , 3 ] ] } ,
” answer s ” : [ ” showing ” ,

” e a t i n g ” ,
” s l e e p i n g ” ] ,

” t y p e ” : ” r e l ”} ,

{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” p r i s t i n e snow ” , ” da rk f o r e s t ” , ” p l a y f u l k i n d s ” , ” snowman ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” c o v e r i n g ” , 1 ] , [ 2 , ” b u i l d i n g ” , 3 ] ] } ,
” answer s ” : [ ” snowman ” ,

”mound of snow ” ,
” s n o w b a l l ” ] ,

” t y p e ” : ” o b j ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” p r i s t i n e snow ” , ” da rk f o r e s t ” , ” p l a y f u l k i n d s ” , ” snowman ” ] ,

” r e l a t i o n s h i p s ” : [ [ 0 , ” c o v e r i n g ” , 1 ] , [ 2 , ” b u i l d i n g ” , 3 ] ] } ,
” answer s ” : [ ” snow c o v e r i n g f o r e s t ” ,

” snow swimming i n f o r e s t ” ,
” f o r e s t c o v e r e d i n w a t e r ” ] ,

” t y p e ” : ” s c e n e ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” p r i s t i n e snow ” , ” da rk f o r e s t ” , ” p l a y f u l k i n d s ” , ” snowman ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” c o v e r i n g ” , 1 ] , [ 2 , ” b u i l d i n g ” , 3 ] ] } ,
” answer s ” : [ ” c o v e r i n g ” ,

” swimming ” ,
” c o v e r e d ” ] ,

” t y p e ” : ” r e l ”} ,

{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” p o w e r f u l s t a l l i o n ” , ” open p r a i r i e ” , ” o l d cowboy ” ,
” l e a t h e r s a d d l e ” ] ,

” r e l a t i o n s h i p s ” : [ [ 0 , ” g a l l o p i n g a c r o s s ” , 1 ] , [ 2 , ” s h o o t i n g gun from ” , 3 ] ] } ,
” answer s ” : [ ” cowboy ” ,

” boy ” ,
”woman ” ] ,



” t y p e ” : ” o b j ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” p o w e r f u l s t a l l i o n ” , ” open p r a i r i e ” , ” o l d cowboy ” ,

” l e a t h e r s a d d l e ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” g a l l o p i n g a c r o s s ” , 1 ] , [ 2 , ” s h o o t i n g gun from ” , 3 ] ] } ,
” answer s ” : [ ” h o r s e r u n n i n g on p r a i r i e ” ,

” h o r s e e a t i n g on p r a i r i e ” ,
” h o r s e s t a n d i n g on p r a i r i e ” ] ,

” t y p e ” : ” s c e n e ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” p o w e r f u l s t a l l i o n ” , ” open p r a i r i e ” , ” o l d cowboy ” ,

” l e a t h e r s a d d l e ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” g a l l o p i n g a c r o s s ” , 1 ] , [ 2 , ” s h o o t i n g gun from ” , 3 ] ] } ,
” answer s ” : [ ” r u n n i n g ” ,

” e a t i n g ” ,
” s t a n d i n g ” ] ,

” t y p e ” : ” r e l ”} ,

{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” s l e e k b l a c k c a t ” , ” sun − d r e n c h e d w i n d o w s i l l ” ,
” p l a y f u l k i t t e n ” , ” b a l l o f ya rn ” ] ,

” r e l a t i o n s h i p s ” : [ [ 0 , ” l o u n g i n g on ” , 1 ] , [ 2 , ” pounc ing on ” , 3 ] ] } ,
” answer s ” : [ ” b l a c k c a t ” ,

” c a t ” ,
” dog ” ] ,

” t y p e ” : ” o b j ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” s l e e k b l a c k c a t ” , ” sun − d r e n c h e d w i n d o w s i l l ” ,

” p l a y f u l k i t t e n ” , ” b a l l o f ya rn ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” l o u n g i n g on ” , 1 ] , [ 2 , ” pounc ing on ” , 3 ] ] } ,
” answer s ” : [ ” k i t t e n pounc ing on b a l l o f ya rn ” ,

” k i t t e n r u n n i n g wi th b a l l o f ya rn ” ,
” c a t e a t i n g food ” ] ,

” t y p e ” : ” s c e n e ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” s l e e k b l a c k c a t ” , ” sun − d r e n c h e d w i n d o w s i l l ” ,

” p l a y f u l k i t t e n ” , ” b a l l o f ya rn ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” l o u n g i n g on ” , 1 ] , [ 2 , ” pounc ing on ” , 3 ] ] } ,
” answer s ” : [ ” pounc ing ” ,

” r u n n i n g ” ,
” e a t i n g ” ] ,

” t y p e ” : ” r e l ”} ,

{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” busy p r o f e s s i o n a l ” , ” l a p t o p keyboard ” ,
”man i n s u i t ” , ” e s p r e s s o ” ] ,

” r e l a t i o n s h i p s ” : [ [ 0 , ” t y p i n g on ” , 1 ] , [ 2 , ” d r i n k i n g ” , 3 ] ] } ,
” answer s ” : [ ” man i n s u i t ” ,

”man ” ,
” c h i l d ” ] ,

” t y p e ” : ” o b j ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” busy p r o f e s s i o n a l ” , ” l a p t o p keyboard ” ,

”man i n s u i t ” , ” e s p r e s s o ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” t y p i n g on ” , 1 ] , [ 2 , ” d r i n k i n g ” , 3 ] ] } ,
” answer s ” : [ ” p e r s o n u s i n g l a p t o p ” ,

” p e r s o n t h r o w i n g l a p t o p ” ,
” p e r s i o n r u n n i n g wi th l a p t o p ” ] ,

” t y p e ” : ” s c e n e ”} ,
{” s c e n e g r a p h ” : {” o b j e c t s ” : [ ” busy p r o f e s s i o n a l ” , ” l a p t o p keyboard ” ,



”man i n s u i t ” , ” e s p r e s s o ” ] ,
” r e l a t i o n s h i p s ” : [ [ 0 , ” t y p i n g on ” , 1 ] , [ 2 , ” d r i n k i n g ” , 3 ] ] } ,
” answer s ” : [ ” u s i n g ” ,

” t h r o w i n g ” ,
” r u n n i n g ” ] ,

” t y p e ” : ” r e l ”}
}
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