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Figure 1. We introduce SynCity, a novel method for generating complex and freely navigable 3D worlds from a prompt. It is training-free

and leverages powerful language, 2D, and 3D generators through new prompt engineering strategies.

Abstract
We propose SynCity, a method for generating explorable

3D worlds from textual descriptions. Our approach lever-
ages pre-trained textual, image, and 3D generators without
requiring fine-tuning or inference-time optimization. While
most 3D generators are object-centric and unable to create
large-scale worlds, we demonstrate how 2D and 3D gener-
ators can be combined to produce ever-expanding scenes.
The world is generated tile by tile, with each new tile cre-
ated within its context and seamlessly integrated into the
scene. SynCity enables fine-grained control over the ap-
pearance and layout of the generated worlds, which are
both detailed and diverse.

*Denotes equal contribution. Project page: https://research.
paulengstler.com/syncity/

1. Introduction

We consider the problem of generating 3D worlds from tex-

tual descriptions. Generating 3D content, for example, for

video games, virtual reality, and simulation, is highly labo-

rious and time-consuming. This is particularly true for large

3D scenes, even though these are often in the background

and may have limited artistic significance. Automating their

generation is thus particularly appealing.

The advent of modern generative AI has already im-

pacted 3D generation, and in particular, the generation of

3D objects. DreamFusion [40] was among the first to

adapt diffusion-based 2D image generators [44] to create

3D objects. Subsequent advancements fine-tuned 2D im-

age generators to produce multiple consistent views of an

object [14, 33, 48, 53] and learned few-view 3D reconstruc-
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tion networks [25, 65]. More recently, the focus has shifted

to methods that learn 3D latent spaces [10, 26, 27, 63, 69].

3D latents can be sampled to generate 3D objects directly

and with better geometry. Furthermore, by making these

3D latent generators conditional on an image prompt, they

can be easily combined with 2D image generators, which

can generally be trained on a much larger scale.

In addition to objects, there is also ample literature on

generating 3D scenes. Most scene generators are image-

based and progressively reconstruct scenes by expanding

from an initial image [8, 12, 13, 17, 31, 38, 43, 67, 70], com-

bining depth prediction, image and depth outpainting, and

3D reconstruction using NeRF [36] or 3D Gaussian Splat-

ting [20]. The main advantage of these approaches is that

they also leverage powerful 2D image generators to create

the various views of the scene. These 2D generators un-

derstand complex textual prompts and result in vibrant 3D

scenes with good artistic quality. However, it is challenging

to keep the scene consistent while expanding it. As a con-

sequence, while the reconstructed scenes can envelop the

observer in a 360° manner, it is often not possible to ‘walk’

into the scene for more than a few steps [22].

A key challenge in generating scenes beyond these ‘3D

bubbles’ is maintaining consistency incrementally without

drifting. We argue that latent-space 3D generators might

help, as they can regularize and constrain the reconstructed

geometry, including hallucinating shapes and textures in

regions behind the visible sides of objects. Some evi-

dence comes from recent works like BlockDiffusion [60]

and LT3SD [34], which learn to generate large coherent

3D scenes in latent space. However, they do not leverage

2D generators trained on billions of images, which severely

hinders scene diversity and limits their ability to generalize

and follow instructions.

In this work, we aim to combine the strengths of la-

tent 3D and 2D generators to create large, high-quality 3D

scenes that can be navigated freely (Fig. 1). First, we note

that, while 3D generators like TRELLIS [63] are trained

for object-level reconstruction, they can reconstruct fairly

complex compositions of multiple objects. Borrowing ideas

from video game world building, we show that TRELLIS

can effectively generate, if not an entire world, at least tiles
representing local regions of the world. In particular, we

show that, if we prompt the model with an ‘isometric’ view

of a tile, we can effectively generate it in 3D.

Given this basic ability, we then address the problem of

generating the images of the tiles that form a larger scene.

To do so, we build on a text-to-image generator (Flux [21])

and introduce a new way of prompting it that reliably causes

it to output tile-like images, with a consistent isometric

framing. This regular and stable framing is the key reason

why the reconstructed 3D tiles can fit together seamlessly.

In addition to framing, we propose two additional mech-

anisms to make tiles fit together well. First, we encourage

consistency in appearance by using previously generated

tiles to provide context for the image generator, where each

new tile inpaints a missing region in a 2D isometric view

of the scene. Second, we enforce geometric consistency by

blending the 3D representations of neighboring tiles using

the 3D generative model.

Tile-specific textual prompts control the generation of

the tiles. Tile prompts can also be generated automatically,

utilizing a large language model (ChatGPT [37]), so that an

entire scene can be obtained from a single ‘world’ prompt.

As we show in the experiments, SynCity can, in this way,

leverage off-the-shelf components (i.e., language, 2D and

3D generators) to produce vibrant, detailed, and coherent

3D worlds that can be navigated freely.

2. Related Work

Novel view synthesis for scenes. Expanding an image

beyond its boundaries has been a long-standing task in

computer vision. Early methods that sought to expand

object-centric scenes relied on layer-structured representa-

tions [24, 35, 49, 51, 55, 56], which disregard the scene’s

actual geometry. SynSin [59] is a pivotal work where

image features are projected and used as conditioning to

generate novel views, achieving geometric and semantic

consistency. ZeroNVS [45] introduces high-quality results

with fine-grained control of the camera but remains object-

centric. GenWarp [46] integrates semantic information

through cross-attention when generating a novel view.

A challenge for these methods is to avoid semantic drift

and maintain object persistence. To obtain a 3D representa-

tion, the generated views need to be transferred into such a

representation, e.g., NeRF [36] or Gaussians [18, 20], where

any geometric conflicts must be resolved.

Image projection-based scene generation. A different

line of work follows the paradigm of building the 3D rep-

resentation of a scene sequentially using 2D image gener-

ators [8, 13, 17, 23, 38, 43, 58, 61, 67, 70]. Most of these

methods employ an image generator to outpaint the existing

scene using predefined camera poses. The results are then

fused in 3D with depth prediction models. Text2Room [17]

generates meshes of indoor scenes. As the bounds of the

mesh delimit the scene, it can be freely explored. Lucid-

Dreamer [8] and Text2Immersion [38] go beyond indoor

scenes, but their generated scenes reveal geometric incon-

sistencies when stepping away from the camera poses used

to generate the scene. Invisible Stitch [12] addresses this is-

sue by inpainting depth (rather than naively aligning it), and

RealmDreamer [50] proposes multiple optimization losses

to refine the generated scene. Despite these improvements,

the resulting scenes still suffer from geometric artifacts and

remain relatively small. WonderJourney [67] introduces
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Figure 2. Overview of SynCity. 2D prompting: To generate a new tile, we first render a view of where the tile should be placed, including

context from neighboring tiles. 3D prompting: We extract the new tile image and construct an image prompt for TRELLIS by adding a

wider base under the tile. 3D blending: The 3D model output by TRELLIS is often not well blended with the rest of the scene. To address

this, we render a view of the new tile alongside each neighboring tile and inpaint the region between them using an image inpainting model.

Next, we condition on this well-blended view to refine the region between the two 3D tiles. Finally, the new tile is added to the world.

novel ideas for depth fusion, such as grouping objects at

similar disparity to planes and refining sky depth, enabling

extensive ‘scene journeys’ where independent representa-

tions are built between scene ‘keyframes’. However, these

are not merged into one coherent scene. WonderWorld [68]

leverages these improvements to build a single scene, al-

lowing interactive updates, but the true extent of the gen-

erated scenes remains limited. Other works use panora-

mas [52, 57] or implicit representations [2, 45], but the free-

dom of movement remains constricted.

Procedural scene generation. Further methods permit

long-range fly-overs over nature [5–7, 28, 31] or cities [30,

47, 64]. These methods usually generate procedural un-

bounded images (e.g., the terrain makeup or a city layout).

While these methods create realistic-looking images, they

are often monotonous as they are domain-specific and thus

highly constrained in the variety they can generate.

3D scene generation. Instead of merely generating images

of a scene or outpainting it only in 2D, other methods gen-

erate the 3D representation directly. Set-the-Scene [9] adds

a layer of control to the layout of NeRF scenes by defining

object proxies. BlockFusion [60] learns a network to diffuse

small blocks to extend a mesh auto-regressively. A 2D lay-

out conditioning is used to control the generation process,

allowing users to generate scenes of rooms, a village, and a

city. While the method allows building large-scale scenes,

the variety of the objects it generates is severely limited as it

requires domain-specific 3D training data. Furthermore, it

generates untextured meshes. LT3SD [34] learns a diffusion

model that generates 3D environments in a patch-by-patch

and coarse-to-fine fashion. However, this method is only

trained to produce indoor scenes.

At the same time, the synthesis of complex, high-fidelity

objects has been enabled by the rapid progress in the fields

of text-to-3D and image-to-3D generation [26, 27, 29, 32,

41, 42, 48, 54, 63, 71, 73]. Trained on large-scale curated

subsets of 3D datasets such as Objaverse-XL [11], these

models can generate a large variety of different objects.

While prior works have utilized 3D object generators to

composite a scene from objects [19, 66], we generate com-

plete chunks of a scene that are seamlessly fused together,

which is a fundamentally new approach to scene genera-

tion.

3. Method

Our goal is to generate a 3D world G from an initial textual

prompt p0. Our method, SynCity, leverages prompt engi-

neering in combination with off-the-shelf language, 2D, and
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Figure 3. Left: Progressive generation of world tiles T . Right:
Isometric framing of a tile for image-based prompting.

3D generators to create the entire world automatically, with

no need to retrain the models.

We structure the world as a W × H grid T =
{0, . . . ,W − 1} × {0, . . . , H − 1} of square tiles, each of

which can contain several complex 3D objects (e.g., build-

ings, bridges, trees) as well as the ground surface. We

generate the world progressively, tile by tile, as shown in

Fig. 3. When generating tile (x, y) ∈ T , tiles T (x, y) =
{(x′, y′) ∈ T : y′ < y ∨ (y′ = y ∧ x′ < x)} have already

been generated.

An overview of our approach is shown in Fig. 2. The first

step is to expand the world description p0 into tile-specific

prompts (Sec. 3.1). The second step is to pass these tile-

specific prompts to a 2D image generator and inpainter to

create an isometric view of each tile, accounting for the part

of the world generated so far (Sec. 3.2). The third step is to

extract image prompts from these isometric views and use

them as input to an image-to-3D generator to reconstruct

each tile’s geometry and appearance in 3D (Sec. 3.3). The

final step is to align and blend the 3D reconstructions of the

tiles to create a coherent 3D world (Sec. 3.4).

3.1. Prompting the Language Model
The goal of language prompting is to take a high-level tex-

tual description of the world p0 and expand it into a set p
of tile-specific textual prompts that can be used to generate

the 3D world. Specifically, p is a collection of sub-prompts

pxy ∈ Σ∗, one for each tile, and a world-level ‘style’ prompt

p� ∈ Σ∗, so that we can write p = {pxy}(x,y)∈T ∪ {p�},

where Σ∗ is the set of all possible strings.

The prompt p can be constructed manually (allowing

control over the content of each tile) or generated by a

large language model (LLM) such as ChatGPT [37] from

a ‘seed’ prompt. For the latter, we employ in-context learn-

ing, prompting ChatGPT o3-mini-high to generate a grid-

like world with tile-specific descriptions after providing it

with a template in JSON format (see Appendix A.1).

3.2. Prompting the 2D Generator
We use the language prompts p from Sec. 3.1 to prompt an

off-the-shelf 2D image generator Φ2D to output a 2D image

I(x, y) of each tile to be generated, as shown in Fig. 4. The

image I(x, y) must satisfy several constraints: (1) It must

reflect the tile-specific prompt pxy of the target tile as well

as the world-level prompt p�. (2) It must be suitable for

prompting the image-to-3D generator in the next step. (3) It

must be consistent with the previously generated tiles.

We propose a prompting strategy designed to satisfy

these constraints. The image is drawn as a sample I(x, y) ∼
Φ2D(q,B,M) from the 2D image generator Φ2D, where

q = pxy · p� is a prompt that combines the tile-specific and

world-level descriptions. The generator Φ2D is also pro-

vided with a base image B and an inpainting mask M to

constrain its output, es explained next.

Tile inpainting. To satisfy constraint (2), we encourage the

image generator to produce regular tiles so that the image-

to-3D model outputs tiles with regular geometry that fit well

together. We assume that tiles have a square basis of unit

size and are imaged in an ‘isometric’ manner. This framing

of the tiles is conducive to generating regular 3D tiles. Fur-

thermore, it is a common choice in video games and might

have been observed by the image generator during training,

as these models are often trained on game-like data.

While we could fine-tune the image generator Φ2D to

produce such images, we demonstrate below that this effect

can be achieved through prompt engineering alone, avoid-

ing the need for retraining. We only assume that Φ2D is ca-

pable of inpainting — a common feature of modern image

generators, and provide it with inputs B and M , as shown

in Fig. 4. Specifically, B is set to be the image of the base

of the tile, represented as a square, gray slab imaged from

a fixed isometric vantage point. The mask M is a binary

mask covering a cube on top of the base.

Figure 4 shows the result of prompting the model in this

manner, as well as what happens if signals B and M are re-

moved: the viewpoint and general frame of the tile become

random and unsuitable for 3D generation.

Prompt 

Figure 4. Left: Generation of the 2D image prompt for the first

world tile at x = 0 and y = 0. The image generator Φ2D is

conditioned on q = p00 · p� and tasked with inpainting the base

image B within the masked region M . Right: Without ‘framing’

the image using B and M , the output image is unsuitable for tiling.

Context-aware generation. Except for the first tile (0, 0),
tiles are generated in the context of the part of the world

generated before. To account for this context, for tiles with

x, y > 0, we modify the base image B and the mask M
as shown in Fig. 5. For the base image B, instead of the

slab, we render the previously generated portion of the 3D
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Figure 5. Left: Base image B and inpainting mask M (white over-

lay) used to prompt the image generator Φ2D to generate an image

for a world tile at x > 0, y > 0. Right: Result of inpainting.

world (which is constructed as described next in Secs. 3.3

and 3.4), providing context to the inpainting network. We

also modify the mask M to avoid covering tiles already gen-

erated to the left (west), i.e., for a tile (i, j) ∈ T , these are

tiles {(x, y) ∈ T : x < i ∧ y = j}. See the appendix for a

comparison of different masking schemes.

To ensure continuity of the ground, before rendering the

contextual image, we trim any 3D geometry that is suf-

ficiently high to occlude the tile we wish to generate, as

shown in Fig. 6 (observe the trimmed structures in Fig. 5).

Figure 6. Trimming tall structures for 2D prompting

The appendix discusses a special case for tiles at the

boundaries of the world (see Appendix A.2).

3.3. Prompting the 3D Generator
Given the tile image I(x, y) obtained from the 2D image

generator in Sec. 3.2, the next goal is to generate a cor-

responding 3D reconstruction G(x, y) of the tile using an

image-to-3D model Φ3D. We opt for a robust 3D genera-

tor and select TRELLIS [63] due to its strong performance,

ability to generate both shape and texture, and latent space

structure, which is easy to manipulate for blending, as we

show later in Sec. 3.4. TRELLIS produces the reconstruc-

tions G(x, y) in the form of 3D Gaussian Splats (3DGS).

Thus, 3D reconstruction amounts to drawing a sample

G(x, y) ∼ Φ3D(J(x, y)) from the image-to-3D generator

Φ3D. Rather than conditioning on the image I(x, y), we use

a pre-processed version J(x, y), as described next.

2D foreground extraction and rebasing. Recall that the

image I(x, y) output by the 2D generator in Sec. 3.2 is an

image of the tile and its context. However, the 3D generator

Foreground Extraction

Mask
rembg

Rebasing
Paste Onto
Image of Base

2D

Rebasing
ste OntoPas
age of BaseIm

2D

Figure 7. Left: Isolating the image of the new tile from I(x, y).
Right: Adding a slightly larger base underneath the tile.

Φ3D expects the input image to focus only on the object that

needs to be reconstructed, i.e., the new tile. The first step is

to extract from I(x, y) only the part that corresponds to the

new tile, which we achieve using rembg [15] with alpha

matting [4], as shown in Fig. 7.

The resulting image is narrowly cropped around the new

tile. Similar to Sec. 3.2, we found it beneficial to include

a slab base for the tile, an operation we call ‘rebasing,’ as

shown in Fig. 7. We simply compose the image of the tile

with a slightly larger gray slab (in 2D) to obtain J(x, y),
which effectively provides a ‘frame’ for the 3D generator

to work with. The base is reconstructed as part of the tile’s

geometry, which can be used for validation and as an easy-

to-detect handle for further 3D processing.

The ‘rebased’ image J(x, y) is fed to the 3D generator

Φ3D to obtain the 3D reconstruction G(x, y) of the tile, in

the form of 3D Gaussian Splats. The effect of rebasing on

the 3D result is shown in Fig. 8.

Figure 8. Top: 3D reconstruction using a tight base. Bottom: 3D

reconstruction with a slightly larger base, which helps to keep the

tile’s geometry above ground (see the back of the reconstruction)

and creates an easy-to-detect 3D base.

3D geometric validation. Because the generators are im-

perfect, we verify the 3D reconstruction G(x, y) to ensure

that it is of sufficient quality. If not, we discard it and re-

generate the tile using a different random seed. To verify

the tile, we use a few heuristics to check that the tile’s ge-
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ometry occupies a square region of sufficient size and that

the base of the tile has been reconstructed faithfully. Please

see Appendix A.3 for more details.

3D post-processing. At this point, we have verified the 3D

reconstruction G(x, y) for the tile as a mixture of 3D Gaus-

sians. However, the actual 3D footprint, orientation, and

size of the tile are controlled by the 3D generator and are in-

consistent. The post-processing step utilizes simple heuris-

tics to crop the subset of 3D Gaussians that form the actual

tile, remove the extended base, rescale them to fill the full

tile, and reorient them to face the same way as the 2D image

prompt. We explain this in more detail in Appendix A.4.

3.4. 3D Blending
At this stage of the pipeline, we have reconstructed all 3D

tiles G(x, y), (x, y) ∈ T . Due to the prompting and post-

processing steps in Secs. 3.2 and 3.3, the tiles are already

approximately aligned and oriented correctly, including be-

ing roughly level with the ground.

However, they are not perfectly aligned, particularly at

their boundaries. This misalignment arises because TREL-

LIS does not reconstruct the input images exactly, and only

a single view of each tile is provided, which only indirectly

controls the reconstruction of the back of the tile. Further,

while G(x, y) is represented as 3DGS, these imperfections

are not easily addressed in that representation space.

We address this issue by blending the tiles in TRELLIS

latent space to create a coherent and continuous 3D scene.

As explained next, we first repaint the boundary region in

2D. Then, we align the tiles in the latent voxel grid of Φ3D.

Finally, we resample the voxel features in a narrow bound-

ary region between two tiles.

Blending in 2D. To blend the latents of two neighboring

tiles, we first predict the appearance of the boundary be-

tween the two tiles. To achieve this, we place the two 3D

tiles next to each other, render a frontal view, and inpaint

the middle region of the rendering (Fig. 2) using Φ2D. This

results in a blended image, which we use to condition Φ3D.

Unifying the tile size in 3D latent space. Recall that, due

to the rebasing, G(x, y) contains a 3D base. While we have

removed the base in 3DGS space, we have yet to do the

same in the latent space. We use the same cuts applied in

3DGS space to crop the latents, rounding them to account

for the discrete nature of the latent voxel grid.

Because these cuts might differ for two neighboring tiles,

γ1 and γ2, we may need to upsample the latents to ensure

γ1, γ2 ∈ R
D×R×R×R. Here, γ represents D-dimensional

features in the R-sized 3D grid that TRELLIS denoises.

We found that naïvely upsampling the latents by inter-

polation leads to poor reconstructions, as shown in Fig. 9.

Instead, we propose a different scheme where we resample

the features (called structured latents in [62]) after upsam-

Original tile Naïve upsampling Proposed upsampling

Figure 9. Upsampling sparse latents. We need to resize or up-

sample sparse latents in order to stitch them. Due to the sparsity

of the latents and the behaviour of the latent decoder, naively re-

sampling in latent space leads to artifacts. Our proposed resizing

of the sparse latents better preserves textures and fine structures.

pling the latent voxel grid of each tile. First, we upsample

the cropped occupancy volume that TRELLIS predicted to

the original resolution V ∈ {0, 1}R×R×R. Next, we de-

noise a new set of latents γ on the upsampled occupancy

volume. To preserve the details and textures of the orig-

inal 3D tile, we render it from multiple views and jointly

condition the structured latent inference on all of them. In

practice, when denoising with multiple conditioning views,

at each timestep, the denoising step is computed as the av-

erage denoising step across all views. We show that this up-

sampling scheme leads to superior reconstructions in Fig. 9.

Now, mirroring the base cropping operation in 3DGS

space, we have tiles of matching sizes in latent space.

Blending in 3D. Finally, we use Φ3D to blend tiles. We

take the latents of the two tiles γ1 and γ2, where γ1, γ2 ∈
R

D×R×R×R after upsampling. We combine them into a

new volume γ, where the side where they meet is in the

center:

γ:,x,y,z =

{
γ1
:,x+R/2,y,z, if x < R/2,

γ2
:,x−R/2,y,z, if x ≥ R/2.

We apply the denoising function Ω, which is the latent

denoiser of Φ3D, to the volume γ, but only within the middle

region where we have applied the stitch, i.e., for x ∈ [R/2−
r,R/2+ r] for some r < R/2, while keeping the rest fixed.

Formally, we initialize γ̃ ∼ N (0, I) and at each denoising

step t, we update γ̃ as:

γ̃t+1,:,x,y,z =

{
Ω(γ̃t,:,x,y,z), if |x−R/2| ≤ r,

γt+1,:,x,y,z, otherwise.

Here, γt is obtained by adding noise to the original γ at the

corresponding noise level for step t. In practice, we only

update the structured latents, keeping the sparse structure

(latent voxel grid) fixed: The low spatial resolution of the

sparse structure (R = 16, compared to R = 64 for the

structured latents) is too coarse for choosing an adequate r.
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Win Rate (%)
Overall Geometry Exploration Diversity Realism

90.9 81.8 90.9 90.9 86.4

Table 1. Win rates of our method against BlockFusion. We asked

participants to select which scene they prefer overall, as well as

which one has better geometry, would be more interesting to ex-

plore, is more diverse, and has better realism.

With contextWithout context

Figure 10. Left: 2×2 grid generated with our method, not tak-

ing context into account — here, the scale of the buildings is

not consistent. Right: Generated with our method using the

same prompts, where context is taken into account as described

in Sec. 3.2.

4. Experiments
Experimental details. We generate the text prompts using

ChatGPT o3-mini-high. For the 2D inpainter, we use the

Flux ControlNet of [1].

Human preference. We evaluate human preference for the

results generated by our method compared to those obtained

with BlockFusion [60]. In particular, we compare a ‘city’

scene, showing the entire scene as well as close-up detail

views. As seen in Tab. 1, participants (n = 22) find our

method better overall, with superior geometry, realism, and

diversity.

4.1. Ablations
Here, we ablate several components of our approach to

demonstrate the importance of each.

Building a grid. A naive approach to generating a 3D

scene involves querying the image generator to produce an

image of a large-scale scene (using our 2D image prompt

setup) and then obtaining the entire 3D world directly with

TRELLIS. To achieve the same level of control provided by

our method, the textual prompt needs to be highly detailed

and include layout instructions. However, we found that

neither precise nor abstract prompts were effective at steer-

ing the generations of Flux (for details, see Appendix A.4).

This highlights the effectiveness of our grid-based approach

in generating highly detailed 3D worlds at scale.

2D prompting context. We remove the context from

neighboring tiles, as described in Sec. 3.2. When this is

done, each tile is sampled independently, and the relative

scale between objects becomes inconsistent (Fig. 10).

Method Base Area Squareness ↑ Completeness ↑
No Rebasing 2271 0.92 0.73

Ours 4096 1.00 1.00

Table 2. Average tile 3D geometry metrics for an approach with-

out rebasing and our method. Rebasing is crucial to ensure a tile

is square and its base has been reconstructed faithfully. The met-

rics we use are the area of the base in voxels, a measure for the

‘squareness’ of the base, and how many border voxels have been

faithfully reconstructed. For details, please refer to the appendix.

Method LPIPS ↓ SSIM ↑ FID ↓ KID ↓
Naïve upsampling 0.5914 0.3093 200.5 0.243

Ours (single frame) 0.3517 0.5149 111.6 0.069

Ours (multi frame) 0.3212 0.5312 89.1 0.051

Table 3. Perceptual metrics for our method and the naive approach

for 3D latent upsampling. Lower values for LPIPS [72], FID [16],

and KID [3] are better, while higher values for SSIM are better.

We see that even using a single conditioning frame leads to better

results, and multiple frames further improve performance.

Rebasing. To place tiles on a grid, they need to be square

(otherwise the grid would be jagged), and their base must

be reconstructed faithfully (clearly delimiting where the tile

stops). Without rebasing, the geometry generated by TREL-

LIS might extend beyond the base, making the tile’s ‘true’

extent difficult to detect, as shown in Fig. 8. We ablate the

effect of rebasing using a small 2 × 2 scene to minimize

the effect of error accumulation. As seen in Tab. 2, with-

out rebasing, TRELLIS generates tiles that are, on average,

neither perfectly square nor have a solid border.

Latent upsampling. We sample 10 random views from

each of 200 tiles generated by TRELLIS and compute per-

ceptual metrics in Tab. 3 when upsampling latents with our

proposed approach in Sec. 3.4 versus naive interpolation.

Our proposed method leads to better results across a range

of metrics, even when using a single conditioning frame.

3D blending. In Fig. 12, we generate a scene without ap-

plying 3D blending (Sec. 3.4), resulting in visible disconti-

nuities between the tiles.

4.2. Qualitative Results
We present example scenes generated by our method

in Fig. 1. Additionally, we show detailed views highlight-

ing the quality and diversity of the scenes. Please see the

appendix for many more examples.

Exploring a generated world. SynCity produces ex-

plorable worlds that are easy to navigate. To demonstrate

this, we sample trajectories and ‘walk into’ the generated

3D worlds (Fig. 11). Pre-made skybox textures are added
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Figure 11. Exploring a 3D world. We show camera walk-throughs that explore the generated 3D worlds. Please refer to the supplement

for accompanying videos.

Before blending After blending

Figure 12. Left: Tiles before the 3D blending step. Right: After

the 3D blending step. Previously visible boundaries between tiles

are now well-blended, resulting in a more coherent appearance.

for visual effect. Unlike videos generated by world models

such as [39], our results are guaranteed to be consistent and

do not suffer from semantic drift. Unlike other systems that

only generate a ‘bubble,’ our method creates spaces suffi-

ciently large to be navigated in a meaningful way.

5. Conclusion

We have introduced SynCity, an approach to generate com-

plex, diverse, high-quality, and fully textured 3D worlds

with fine-grained control over their layout and appearance.

SynCity creates worlds by autoregressively generating tiles

on a grid, which can be scaled to arbitrary sizes. By ac-

counting for local context when generating individual tiles

and applying a novel blending operation, the tiles smoothly

integrate with one another, creating seamless and coherent

scenes. SynCity is flexible: It can either generate worlds

from a brief ‘world’ text prompt, but also allows fine-

grained control of individual tiles via tile-specific instruc-

tions. Despite offering this high degree of control, SynCity

maintains an overall stylistic and thematic consistency of

the generated world. The rich detail of the generated worlds

can be fully explored, without being restricted to a single

‘3D bubble’ as in many prior works.

We have demonstrated the effectiveness of off-the-shelf

generation by utilizing pre-trained language, 2D, and 3D

generators through carefully designed prompting strategies.

This eliminates the need to retrain any of these compo-

nents, which would be complicated by the lack of large-

scale scene datasets. Nevertheless, we expect that once

these do become available, fine-tuning some components

could result in further improvement of the method’s perfor-

mance, and would further simplify the alignment and rebas-

ing steps of the pipeline. Future work could also consider

relaxing the rigid grid structure and establishing a greater

coherence between tiles. In terms of structure, the tiles

could be randomly shifted and scaled. To ensure a coherent

global theme that is carried into fine-grained local details, a

coarse-to-fine approach could be employed. Here, a theme

could inform a coarse representation of a grid, which then

influences the generation of individual tiles on a local level.
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