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ANONYMOUS AUTHOR(S)
1 METHOD

1.1 User intention inference
1.1.1 Text extractor 𝐸𝑢𝑠𝑒𝑟 (𝑒𝑢𝑠𝑒𝑟 , 𝑡𝑢𝑠𝑒𝑟 ,O𝑢𝑠𝑒𝑟 |𝑢). Language is the
most commonly used medium of interaction. Users can express
where they want to go through language. Generally speaking, user
language is unstructured, that is, users are free to express their
thoughts spontaneously, without adhering to a specific word order.
LLMs have demonstrated remarkable capabilities in text understand-
ing and generation, which allows them to be applied effectively in
information extraction tasks [Kalyan 2023]. Therefore, a few-shot
LLM is used to extract the place, season, and objects mentioned by
the user. One example of the prompt is:

One example of the output is:

1.2 Physics-based inference
1.2.1 Affordance predictor𝐴(𝑉A |A,O). A few-shot LLM is used to
infer the likelihood of each affordance that all objects have. AFFOR-
DANCES is all affordances in the list. One example of the prompt
is:

One example of the output is:

1.3 Virtual object-based inference
1.3.1 Place predictor 𝐸 (𝑉E |O). A few-shot LLM is used to infer
the likelihood of all objects appearing in each place. PLACES is all
places in the list. One example of the prompt is:

One example of the output is:

1.3.2 Season predictor 𝑇 (𝑉T |O). A few-shot LLM is used to infer
the likelihood of all objects appearing in each season. SEASONS is
all seasons in the list. One example of the prompt is:
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One example of the output is:

1.4 Whole scene synthesis
1.4.1 Size similarity module 𝑆 (𝑜𝑖 , 𝑜 𝑗 ). When calculating size sim-
ilarity, we default that two objects can rotate around the z-axis.
For one virtual object 𝑜𝑣𝑖𝑟𝑚 and one physical object 𝑜𝑝ℎ𝑦𝑛 , their size
similarity can be calculated using the object size bounding box size
𝑠𝑖 = (𝑠𝑥𝑖 , 𝑠𝑦𝑖 , 𝑠𝑧𝑖 ) ∈ R3 as follows:

𝑥𝑑𝑖 𝑓 𝑓 _1 =



0.01, if
𝑠𝑥vir𝑚

𝑠𝑥
𝑝ℎ𝑦
𝑛

< 0.5

𝑠𝑥vir𝑚

𝑠𝑥
𝑝ℎ𝑦
𝑛

, if 0.5 ≤ 𝑠𝑥vir𝑚

𝑠𝑥
𝑝ℎ𝑦
𝑛

< 1

− 0.5 × 𝑠𝑥vir𝑚

𝑠𝑥
𝑝ℎ𝑦
𝑛

+ 1.5, if 1 ≤ 𝑠𝑥vir𝑚

𝑠𝑥
𝑝ℎ𝑦
𝑛

≤ 2

0.01, if 2 <
𝑠𝑥vir𝑚

𝑠𝑥
𝑝ℎ𝑦
𝑛

(1)

𝑦𝑑𝑖 𝑓 𝑓 _1 =



0.01, if
𝑠𝑦vir𝑚

𝑠𝑦
𝑝ℎ𝑦
𝑛

< 0.5

𝑠𝑦vir𝑚

𝑠𝑦
𝑝ℎ𝑦
𝑛

, if 0.5 ≤ 𝑠𝑦vir𝑚

𝑠𝑦
𝑝ℎ𝑦
𝑛

< 1

− 0.5 × 𝑠𝑦vir𝑚

𝑠𝑦
𝑝ℎ𝑦
𝑛

+ 1.5, if 1 ≤ 𝑠𝑦vir𝑚

𝑠𝑦
𝑝ℎ𝑦
𝑛

≤ 2

0.01, if 2 <
𝑠𝑦vir𝑚

𝑠𝑦
𝑝ℎ𝑦
𝑛

(2)

𝑥𝑑𝑖 𝑓 𝑓 _2 =



0.01, if
𝑠𝑥vir𝑚

𝑠𝑦
𝑝ℎ𝑦
𝑛

< 0.5

𝑠𝑥vir𝑚

𝑠𝑦
𝑝ℎ𝑦
𝑛

, if 0.5 ≤ 𝑠𝑥vir𝑚

𝑠𝑦
𝑝ℎ𝑦
𝑛

< 1

− 0.5 × 𝑠𝑥vir𝑚

𝑠𝑦
𝑝ℎ𝑦
𝑛

+ 1.5, if 1 ≤ 𝑠𝑥vir𝑚

𝑠𝑦
𝑝ℎ𝑦
𝑛

≤ 2

0.01, if 2 <
𝑠𝑥vir𝑚

𝑠𝑦
𝑝ℎ𝑦
𝑛

(3)

𝑦𝑑𝑖 𝑓 𝑓 _2 =



0.01, if
𝑠𝑦vir𝑚

𝑠𝑥
𝑝ℎ𝑦
𝑛

< 0.5

𝑠𝑦vir𝑚

𝑠𝑥
𝑝ℎ𝑦
𝑛

, if 0.5 ≤ 𝑠𝑦vir𝑚

𝑠𝑥
𝑝ℎ𝑦
𝑛

< 1

− 0.5 × 𝑠𝑦vir𝑚

𝑠𝑥
𝑝ℎ𝑦
𝑛

+ 1.5, if 1 ≤ 𝑠𝑦vir𝑚

𝑠𝑥
𝑝ℎ𝑦
𝑛

≤ 2

0.01, if 2 <
𝑠𝑦vir𝑚

𝑠𝑥
𝑝ℎ𝑦
𝑛

(4)

𝑧𝑑𝑖 𝑓 𝑓 =



0.01, if
𝑠𝑧vir𝑚

𝑠𝑧
𝑝ℎ𝑦
𝑛

< 0.5

𝑠𝑧vir𝑚

𝑠𝑧
𝑝ℎ𝑦
𝑛

, if 0.5 ≤ 𝑠𝑧vir𝑚

𝑠𝑧
𝑝ℎ𝑦
𝑛

< 1

− 0.5 × 𝑠𝑧vir𝑚

𝑠𝑧
𝑝ℎ𝑦
𝑛

+ 1.5, if 1 ≤ 𝑠𝑧vir𝑚

𝑠𝑧
𝑝ℎ𝑦
𝑛

≤ 2

0.01, if 2 <
𝑠𝑧vir𝑚

𝑠𝑧
𝑝ℎ𝑦
𝑛

(5)

𝑆 (𝑜vir𝑚 , 𝑜
𝑝ℎ𝑦
𝑛 ) =𝑚𝑖𝑛(𝑥𝑑𝑖 𝑓 𝑓 _1×𝑦𝑑𝑖 𝑓 𝑓 _1×𝑧𝑑𝑖 𝑓 𝑓 , 𝑥𝑑𝑖 𝑓 𝑓 _2×𝑦𝑑𝑖 𝑓 𝑓 _2×𝑧𝑑𝑖 𝑓 𝑓 )

(6)

2 BASELINES

2.1 LLM-based method
Similar to the work [Feng et al. 2023], the LLM-based method pre-
dicts the corresponding virtual object for each physical object by
using its information as the prompt. Since the virtual objects pre-
dicted by LLM can be arbitrary, we use the language similarity
module 𝐿(·, ·) to predict the similarity between the virtual objects
obtained by LLM and all virtual objects we have. The object with
the highest similarity will be used to synthesize the virtual scene.
The virtual object prediction pipeline is shown in figure 1. After
selecting the virtual objects corresponding to the physical objects,
the following synthesis process is the same as our method.

Fig. 1. The virtual object prediction pipeline of the llm-based method with-
out size consideration.
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If only the category of virtual objects is considered, the size of
the corresponding virtual objects and physical objects will be very
different. Therefore, we considered the size similarity between the
virtual object and the real object by using the size similarity module
𝑆 (𝑜𝑖 , 𝑜 𝑗 ). the final probability is calculated by the size similarity
results multiplied by the result from the language similarity module
𝐿(·, ·), as shown in the figure 2.

Fig. 2. The virtual object prediction pipeline of the llm-based method with
size consideration.

One example of the prompt for predicting the corresponding
virtual object for each physical object is:

One example of the output is:

2.2 Semantics-based method
Semantics-based method predicts the corresponding virtual object
for each physical object based on the language similarity between
the virtual objects and the physical object as shown in figure 3. In
addition, similar to the LLM-based method, we also consider the
effect of the size as shown in figure 4.

Fig. 3. The virtual object prediction pipeline of the semantics-based method
with size consideration.

Fig. 4. The virtual object prediction pipeline of the semantics-based method
with size consideration.
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