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Figure 1. Kyvo: a decoder-only transformer aligns a structured 3D modality with language and vision. This 3D modality represents scenes
as lists of objects, each defined by its 3D shape, type, 3D position, pose and size parameters. Kyvo unifies the token space of images, text,
and 3D to enable a variety of complex visual 3D tasks.

Abstract

Creating machines capable of understanding the world in
3D is essential in assisting designers that build and edit 3D
environments and robots navigating and interacting within a
three-dimensional space. Inspired by advances in language
and image modeling, we investigate the potential of autore-
gressive models for a new modality: structured 3D scenes.
To this end, we propose a unified LLM framework that aligns
language, images, and 3D scenes and provide a detailed

“cookbook” outlining critical design choices for achieving
optimal training and performance addressing key questions
related to data representation, modality-specific objectives,
and more. We show how to tokenize complex 3D objects
to incorporate into our structured 3D scene modality. We
evaluate performance across four core 3D tasks – rendering,
recognition, instruction-following, and question-answering –
and four 3D datasets, synthetic and real-world. We show our
model’s effectiveness on reconstructing complete 3D scenes
consisting of complex objects from a single image and on
real-world 3D object recognition tasks. Project webpage:
https://glab-caltech.github.io/kyvo.

∗Equal contribution

1. Introduction
Large language models (LLMs) that fuse text and images
have unlocked unprecedented visual capabilities, such as
visual captioning and text-guided image generation. Inspired
by this success, we explore a third modality – structured 3D
scenes – and show how aligning it with text and images al-
lows LLMs to tackle a new suite of visual tasks in 3D, such as
3D reconstruction from a single image and 3D-conditioned
image generation. We start from a language-pretrained trans-
former and extend it with a structured 3D modality that
is designed to try to leverage its linguistic reasoning and
generalization capabilities.

Our structured 3D modality encodes a scene as a list of its
objects, where every object is specified by its 3D shape (e.g.,
3D mesh, 3DGS), type, 3D position, 3D size and 3D pose,
shown in Fig. 1. This modality captures aspects of the phys-
ical world that are not directly conveyed through language
or images alone. Additionally, it slots naturally into the uni-
fied token space shared by language and vision through an
object-by-object tokenization scheme that integrates seam-
lessly with image and text tokens, so any modality can serve
as input or output. As a result, it supports a broad range of
tasks in 3D, such as image generation conditioned on the 3D
scene structure (3D → image), predicting 3D objects, their
shapes and locations from a single image (image → 3D),
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and language-guided object-centric 3D editing (3D + image
+ text → 3D + image) – all within the same model design –
shown in Fig. 2. These capabilities can reshape workflows.
Robots can parse an image into a 3D scene composed of
3D objects, while designers can create complex scenes of
objects through language in one forward pass of an LLM
instead of wrestling with hard-to-use software like Blender.

But, how does one design and train an LLM that aligns
this structured 3D modality with image and text? While
there is extensive work on language-only [1, 14, 38] or
vision-and-language models [6, 21, 39], there is limited work
on training with an additional structured 3D modality. We
explore the vast design space and evaluate the impact of
design choices in architecture, training strategies, data rep-
resentation, modality-specific objectives, and more. Our
testbed consists of four core 3D tasks – image generation,
recognition, instruction-following, and question-answering –
and four challenging datasets, both synthetic and real-world.
Through an extensive “cookbook” of rigorously validated
empirical findings we hope to provide guidelines to design
3D-aligned multi-modal LLMs, including guidelines on to-
kenizing complex 3D shapes. We demonstrate the effec-
tiveness of our unified LLM framework, Kyvo (Greek for
“3D cube”), on single-view 3D reconstruction of complex
object geometries. Finally, we apply our model to real-world
domains of indoor and outdoor scenes for the task of image-
based 3D object recognition, where we show that our model
can tackle tasks that previously required task-specific vision
specialists.

2. Related Work

LLMs. The success of LLMs is attributed to the scal-
ability of transformers [42] taking the form of encoder-
decoder [11, 36] and most popular decoder-only [1, 14, 38]
models. LLMs showcase the effectiveness of autoregressive
formulations in achieving task generalization, a finding we
extend to 3D structured representations.

Vision-Language Models (VLMs). Early VLMs [3, 18,
32] learned from image–text pairs for tasks like zero-shot
classification, retrieval, and QA. Modern VLMs [9, 23, 24,
28, 43, 45] extend these abilities using internet-scale data
and stronger alignment. Recent studies [6, 21, 39] analyze
vision-centric design choices but treat images only as input,
while others [37, 40, 48] explore early fusion and diffusion
for image generation. Nonetheless, current VLMs remain
weak in 3D reasoning and geometry prediction, tasks that
we tackle in this work.

LLMs & 3D. Prior work integrates LLMs with diverse 3D
formats for tasks like VQA and grounding [27]. Some [10,
22, 26] extend VLMs to 3D via depth-aware queries, while
others [16, 20, 29, 30, 33, 35, 47] embed 3D data (e.g., point
clouds, NeRFs) with CLIP-style features for open-ended

QA. 3D-LLM [16] uses holistic 3D point clouds for caption-
ing and QA, whereas our model’s structured 3D modality
decomposes scenes into objects, enabling direct alignment
across language and vision. This supports tasks like 3D
shape and pose prediction from a single image and image
generation from object-centric 3D inputs. Similarly, while
SceneScript [4] autoregressively predicts 3D boxes from
videos and full scene clouds, our approach aligns images
with structured 3D object and scene representations.
3D Tokenization. Prior work on 3D tokenization targets
limited tasks, mainly single-asset generation. SAR3D [8]
uses triplanes, while AToken [25] builds on Trellis [46] to
train a joint tokenizer for images, 3D, and video. In con-
trast, we design a 3D tokenizer for structured scene encod-
ing, optimized for compactness to represent multiple objects
per scene. Whereas AToken and SAR3D use over 20k and
2040 tokens per asset respectively, our tokenizer achieves
comparable or better reconstruction with far fewer tokens
(see Sec. 3.2).

3. Building our model token-by-token
We present our approach, Kyvo, that aligns the 3D modality
with text and images. The result is a unified multimodal LLM
framework that can perform a range of visual 3D tasks – ren-
dering, reconstruction, recognition and instruction-following
– as shown in Fig. 2.

Sec. 3.1 outlines our experimental setup, including tasks
and datasets. Sec. 3.2 presents a bottom-up analysis of key
design choices – covering data representation, 3D tokeniza-
tion, sequence design, and scaling – and addresses challenges
in modality-specific tokenization and optimization. We sum-
marize empirical insights and adopt optimal configurations
for each subsequent experiment. Finally, we explore general-
ization to complex scene layouts (Sec. 3.3), 3D shape repre-
sentations (Sec. 3.4), and real-world recognition (Sec. 3.5).

3.1. Setup: tasks and datasets
We design and train an autoregressive model aligning 3D
with images and language, capable of performing 3D tasks.
Tasks. We focus on four core 3D tasks: image generation
from 3D scene specifications (rendering), 3D object recog-
nition & reconstruction from a single image, instruction-
following 3D editing and question-answering.
Rendering: 3D → Image. Given a 3D scene described by our
structured modality (object types, shapes, locations, poses),
the model generates a corresponding image. This task tests
whether rendering – typically requiring tools (e.g., Blender)
and complex processes (e.g., ray tracing, rasterization) – can
be reframed as feed-forward next-token prediction.
Reconstruction: Image → 3D. This is a dual of rendering.
Given an image, the model predicts the underlying 3D scene
structure, including object shapes, types, positions and poses.
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Figure 2. 3D task examples with Kyvo’s unified autoregressive framework using a structured 3D modality. (1) 3D shape and scene
reconstruction: From a single input image, Kyvo reconstructs individual objects with accurate geometry and spatial relationships. (2) 3D
object recognition: Given an input image, Kyvo identifies objects and predicts their 3D positions in real-world scenes. (3) Shape and scene
rendering: Kyvo generates semantically consistent images from structured 3D scene inputs. (4) Instruction-Following: Given an image, 3D
scene and text instruction, Kyvo produces coherent modifications to both image and the 3D representation.

Instruction-Following: (Image, 3D,TextI) → (Image, 3D).
We define a set of tasks to manipulate and modify 3D scenes
given a text instruction. These include: (1) modifying the
appearance of objects, (2) adding new objects, (3) removing
objects, and (4) moving an object to a desired location. For
each subtask, we craft templated natural language instruc-
tions to evaluate the model’s ability to follow instructions in
3D, e.g. “Remove the red mug behind the yellow bottle”.

Question-Answering: (Image, 3D,TextQ) → TextA. We gen-
erate QA pairs using templated questions. Given the 3D
scene, an image, and a query (e.g. “Is there a green ob-
ject the same size as the glass vase?”), the model predicts a
natural language answer. Details are in the Appendix.

All four tasks require spatial reasoning and grounding.
Two of them explicitly involve text as input or output and all
four implicitly require linguistic reasoning in the use of the
structured 3D modality as input or output.

Datasets. We consider four datasets for our experiments.
Two synthetic ones: CLEVR [19] features scenes of simple
shapes in varying layouts; ObjaWorld features complex ob-
jects of any geometry sourced from Objaverse [12]. Two real-
world ones: Objectron [2] and ARKitScenes [5] comprising
real-world indoor and outdoor scenes of various object types.

Evaluation. Per our task definitions, Kyvo’s output can be
of either modality: text, image, or 3D.

Recognition. We evaluate predicted 3D scenes using the
Jaccard Index, J = tp

tp+fp+fn , which measures object-level
agreement between prediction and ground truth based on
matching attributes (type, size, color, material) and spatial
proximity within threshold τ . True positives are matched
objects within τ , false positives are extra predictions, and
false negatives are misses. We report the mean Jaccard In-
dex over τ ∈ {0.05, 0.10, 0.15, 0.20, 0.25}, reflecting both

recognition and spatial accuracy.

Question-Answering. We report answer accuracy based on
exact match between predicted and ground-truth text (typi-
cally 1–2 tokens). A random baseline yields 0.359 accuracy,
while a frequency-based baseline reaches 0.430. See Ap-
pendix for more details.

Rendering. In the rendering task, models generate im-
ages from 3D scene inputs. Standard image metrics (L2,
SSIM [44], FID [15], PSNR) fail to capture object placement
or attribute accuracy. We therefore use human evaluations:
annotators rank anonymized outputs against ground truth,
and we report the mean rank. While L2 and SSIM roughly
follow these trends, human judgment better reflects scene
correctness (details in Appendix).

Instruction-Following. Here, the model predicts both images
and 3D scenes. We report the Jaccard Index for 3D outputs,
as this is the primary focus of our work.

3.2. Cookbook
Our model, Kyvo, starts from language as the principal
modality. Our backbone is the decoder-only Llama-3.2-
1B-Instruct [14] initialized from language-only pretrained
weights. We extend it with modality-specific tokenizers for
images and the structured 3D modality, along with modified
input embeddings and output projections (Fig. 1). We do
this in order to leverage the generalization and reasoning ca-
pabilities of LLMs, a hypothesis we later confirm in Tab. 5b.
We evaluate key architectural choices – each with significant
performance impact – which we hope offer insights to guide
future multimodal LLM development in the 3D domain.

We begin by exploring how to represent and tokenize
our structured 3D modality. We explore the tokenization of
individual 3D objects of diverse geometry and appearance
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Aux Rec Loss Mean Rank(↓)

✗ 2.828
Fixed Single View 1.672

Multiple Views 1.500

Table 1. Effect of auxiliary re-
construction loss.

3D Tokenizer Mean Rank(↓)

SAR3D 1.605
Kyvo 3D VQ-VAE 1.395

Table 2. 3D tokenization com-
parison using human evaluation.

from Objaverse as well as the tokenization of scenes contain-
ing multiple objects of known geometry in CLEVR. This
setup helps establish best practices for integrating 3D into
a unified LLM framework. We then extend these findings
to complex scenes in ObjaWorld (Sec. 3.3 & Sec. 3.4) and
validate generalization to real-world scenes in Objectron and
ARKitScenes (Sec. 3.5).

3.2.1. What is the optimal 3D representation?
Our model handles three modalities – images, text, and struc-
tured 3D scenes – by converting each into token sequences
for autoregressive modeling.

Text. We employ an off-the-shelf text tokenizer from
Llama-3.2 [14] with a 128,000 size vocabulary. Text in-
structions, questions, and answers are tokenized and en-
closed within special, learnable tokens [TEXT-START]
and [TEXT-END].

Images. Our framework addresses tasks involving images as
both inputs and outputs. To enable image generation within
an autoregressive paradigm, we adopt discrete image rep-
resentations using VQGAN [13]. This approach maps con-
tinuous image features to discrete tokens through a learned
codebook. Specifically, we fine-tune a pre-trained VQGAN
model to optimize the codebook for our visual domain. Im-
age tokens are enclosed within special, learnable tokens,
[IMAGE-START] and [IMAGE-END].

3D scene tokenization. We represent 3D scenes as struc-
tured token sequences, where each list element encodes
one object. Object attributes – shape, size, location, color,
material – are expressed through special learnable tokens
(e.g., [SHAPE]), whose values may be text (“car”, “yel-
low”), numbers (for size or position), or learned 3D embed-
dings. Each object is enclosed by [OBJECT-START] and
[OBJECT-END], and the full scene by [SCENE-START]
and [SCENE-END]. An example scene with two objects is
shown below:

[SCENE-START][OBJECT-START][SHAPE]<v11,
v12,...,v

1
512>[LOCATION]-0.15 1.05 0.00

[POSE]0.00 0.00 3.00
[OBJECT-END][OBJECT-START][SHAPE]<v21,v

2
2,...,

v2512>[LOCATION]0.25 2.10 0.00[POSE]0.00 0.00
-2.05[OBJECT-END][SCENE-END]

We discuss two key design decisions:

(1) How to tokenize 3D shapes (geometry & texture)?
We aim for our structured 3D modality to encode complex
objects via compact, autoregressively decodable 3D shape
representations. To this end, we adopt Trellis [46], which

Ground Truth
Asset

Multi View
Renders

TRELLIS

Encoder

3D VQ-VAE

Encoder

GT
SLAT

Reconstructed
SLAT

Dense
Tokenized

Representation

Multi View
Reconstructions

Latent Space Reconstruction Loss

Decoded Pixel Space Reconstruction Loss

TRELLIS

Decoder

3D VQ-VAE

Decoder

Figure 3. 3D VQ-VAE training involves the standard VQ-VAE
losses (including reconstruction loss) applied in latent space as well
as an auxiliary reconstruction loss applied in decoded pixel space.

encodes geometry and texture as sparse voxel features (slats)
z = {(zi, pi)}Li=1, where each zi ∈ R8 represents local fea-
tures and pi indexes active voxels in an N3 grid. Although
slats are sparse (L ≪ N3, typically L ≈ 20k for N = 64),
their length makes autoregressive modeling intractable.

We therefore train a 3D VQ-VAE [41] to compress slats
from 643×8 to a dense 83×128 latent, vector-quantized with
an 8192-token codebook. Each object is thus represented by
512 discrete tokens—a ∼40× reduction—enabling efficient
autoregressive decoding.

How do we train such a 3D VQ-VAE in latent slat space
while preserving essential geometric and appearance infor-
mation? We find that training the VQ-VAE in the latent
space of slats is insufficient to learn an effective represen-
tation for reconstruction. To overcome this, we apply an
auxiliary reconstruction loss to the decoded reconstructed
slats in pixel-space, as shown in Fig. 3. We use the same
pixel-space reconstruction loss (L1, D-SSIM and LPIPS)
as in [46]. This yields significantly better reconstructions,
despite achieving a similar latent space reconstruction loss,
as shown in Fig. 4a. Additionally, we find that imposing a
multi-view reconstruction loss of the asset (randomly sam-
pled from 150 views) leads to better reconstructions than
a single fixed view. We quantify the improvement using
human evaluations in Tab. 1.

Our Trellis-based 3D VQ-VAE matches or surpasses
SAR3D [8] while using 4× fewer tokens (512 vs. 2040).
Qualitative and quantitive comparisons are shown in Fig. 4b
and Tab. 2. Importantly, our compact 3D tokens integrate
seamlessly into our unified vocabulary with image and lan-
guage tokens, enabling efficient multi-object scene encoding
and autoregressive decoding, while SAR3D tackles single-
asset generation only.

While our representation enables effective 3D asset tok-
enization and reconstruction, we further test its suitability for
autoregressive decoding. Using the same Llama-3.2-Instruct
backbone, we evaluate reconstruction and rendering on un-
seen assets, in Fig. 4c. The learned 3D encodings generalize
well, confirming their effectiveness for both reconstruction
and decoding. These 3D tokens are then incorporated into
our unified vocabulary alongside image and language tokens
for training and inference.
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(Blender) No Rec Loss Single-View
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Multi-View
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(a)

GT (Blender) Kyvo 3D Tokenizer
(Ours)

SAR3D

(b)

Input
Image Kyvo 3D Reconstructions

Reconstruction

GT (Blender) Kyvo Image 
Rendering

Rendering

(c)
Figure 4. 3D Tokenization findings and comparisons. (a) Effect of auxiliary reconstruction loss. An auxiliary pixel-space reconstruction
loss on decoded renders from multiple views of the 3D object leads to much better reconstructions. (b) 3D tokenizer comparison.
Reconstructions from our Trellis-based VQ-VAE exceed the quality of SAR3D reconstructions with fewer tokens; improved textures stem
from the Trellis slat representation rather than triplanes. (c) Learned 3D shape encodings are effective during decoding. The 3D tokens
used in Kyvo are sufficient for both reconstruction and rendering using Llama 3.2 as decoder.

Granularity Rendering(↓) Recognition(↑) Instruction(↑) QA(↑)

0.005 1.380 0.5707 0.8643 0.5185
0.05 1.200 0.9212 0.8666 0.4980
0.5 2.020 0.2352 0.2427 0.4730

Table 3. Effect of granularity. A value of 0.05 yields the best
overall performance on CLEVR.

(2) How to tokenize 3D location and orientation? In ad-
dition to 3D shape, the 3D location and orientation of an
object are key attributes within our 3D modality and critical
for understanding 3D spatial relationships and performing
grounded 3D actions based on instructions. Thus, accurately
encoding coordinates is essential. However, LLMs are strug-
gle with numbers [31, 34]. To mitigate this, we encode
each object’s x, y, z coordinates separately as individual to-
kens, allowing the model to learn distinct embeddings for
each coordinate. We discretize the coordinate values using
equally spaced bins based on a chosen granularity. We find
this granularity to be decisive for performance – if it is too
coarse, spatial inaccuracies arise; if it is too fine, it leads
to an exponential increase in tokens, with fewer training
samples per bin and thus difficulty in learning. Tab. 3 shows
the effect of granularity across the four tasks on CLEVR.
We choose CLEVR, which features simple, known shapes,
to isolate and study the effect of number encodings in next-
token prediction frameworks. We find that a granularity of
0.05 outperforms the coarser 0.5 and the finer 0.005. Fig. 5
compares image generation for the rendering task on the test
set across varying levels of granularity.

Furthermore, our tokenization approach substantially im-
proves efficiency by reducing sequence length compared to
standard text tokenizers, which typically fragment floating-
point values (e.g., "0.000" becomes "0", ".", "000"). We
achieve a mean sequence length reduction from 271.4 to-
kens using the standard Llama-3.2 tokenizer to 93.2 tokens –
a 2.91× compression ratio. These efficiency gains directly

Figure 5. Effect of Granularity. A 0.05 granularity more accu-
rately captures object locations and shapes.

Figure 6. Hybrid number encodings are robust across data scales.

translate to decreased memory requirements and faster train-
ing and inference times. The final vocabulary comprises
137,607 tokens covering all modalities.

3.2.2. What matters in input sequence design?
We combine three modalities to construct the input sequence
to the model. How should we order the modalities? And
how should we encode numbers? We discuss our findings
for input sequence design.

Sine-cosine encoding of numbers. While we independently
tokenized coordinate values, naively learning embeddings
for these tokens may fail to capture the inherent ordering
of the numbers (e.g., 2 is between 1 and 3). We investi-

14909



CT reorder Weighted loss Rendering(↓)

✗ ✗ 2.66
✓ ✗ 3.56
✗ ✓ 2.78
✓ ✓ 1.00

Table 4. Effect of center-token reordering and weighted loss.

gate whether augmenting the learned embeddings with sine-
cosine encodings can enforce numeric ordering relationships.
Specifically, we evaluate three encoding strategies: (1) fixed
sine-cosine encodings, (2) learned embeddings initialized
from scratch, and (3) a hybrid approach where embeddings
are learned but augmented with sine-cosine encodings. Fig. 6
plots the effect of these encoding strategies on the recogni-
tion task with varying training data sizes. While all methods
perform on par in the high data regime, standalone fixed
sine-cosine and learned embeddings collapse with low data.
Consequently, we adopt the hybrid approach as it demon-
strates robustness across data regimes. We show the perfor-
mance of these encoding strategies across all four tasks in
the Appendix.

Should the image or 3D come first? We investigate the
impact of the ordering between the image and 3D modal-
ity for instruction-following and QA tasks. Our experi-
ments reveal that placing the image before the 3D sequence
leads to better performance compared to the reverse order.
Specifically, we achieve an accuracy of 0.8666 with the
sequence (I, 3D, TI) → (I, 3D) compared to 0.8350 with
(3D, I, TI) → (3D, I). Moreover, we obtain an accuracy
of 0.4980 with (I, 3D, TQ) → TA compared to 0.4720 with
(3D, I, TQ) → TA. This improvement could be attributed
to the 3D tokens attending to the entirety of the preceding
image tokens, enabling better conditioning and performance.

3.2.3. What matters in output sequence design?
We outline the important design decisions concerning the
output sequence and objectives.

Initial token prediction matters. The next-token predic-
tion scheme caused challenges in generating reliable image
outputs during inference. Despite achieving low training
loss, the model’s decoded (next-token) predictions during
inference deviated from expected outputs. At a high level,
the issue stems from predicting rich outputs (images) from
less informative conditions (3D specifications).

Further investigation revealed the issue: the first token.
During inference, the model decodes sequentially, with the
first token guiding the output. For CLEVR images, this
token, representing the top-left corner, was biased toward a
few codes – see Fig. 7a (blue dash plot) – due to CLEVR’s
uniform gray background. This caused overfitting and during
inference a wrongly predicted first token caused the decoding
to diverge. This finding is not just applicable to CLEVR but
to any image set with a more uniform background, often the
case in graphic design. Moreover, this trend is even evident
with real-world images which we show in the Appendix.

To mitigate this issue, we incorporate a center-token re-
ordering scheme to balance the token distribution at the
sequence’s starting position, by starting from the center to-
ken of the image and alternating hops after that as shown in
Fig. 7a. This reordering means the first token now captures a
representative part of the scene, instead of an uninformative
background patch. The token distribution and method and
results are shown in Fig. 7a and Fig. 7b respectively.

Token-specific loss weighting. We apply a weighted loss
during training by assigning a higher weight (10.0) to the loss
for the first five tokens of the output image sequence. This
enforces a stronger constraint to correctly predict the initial
tokens, which proved critical for autoregressive decoding.

Tab. 4 shows the impact of center-token reordering and
weighted loss for the rendering task. Best performance is
achieved when both are combined, also shown in Fig. 7b.

3.3. Generalization to complex scene layouts

Above, we validated our structured 3D modality and devel-
oped a cookbook for training unified autoregressive models
with tokenized 3D shapes and attributes. We verified our
findings for 3D shape encodings on diverse Objaverse ob-
jects and for 3D layout attributes (e.g., locations) on CLEVR
scenes with known shapes but diverse layouts. We now show
these findings generalize to ObjaWorld scenes with complex
shapes (from Objaverse assets [12]) and diverse layouts.

We focus on two categories: park scenes (person, bench,
lamppost, bird) and living room scenes (person, sofa, coffee
table), featuring realistic textured objects with varied geom-
etry at diverse locations and heights. We generate 50,000
scenes per category (total 100,000) to train rendering and
recognition models, and 2,000 additional scenes with unseen
object layouts for testing. The rendering and reconstruction
tasks are defined the same as with CLEVR.

For recognition, Kyvo achieves a Jaccard Index of 0.6415,
well below its CLEVR score (0.9212, Tab. 3), reflecting
ObjaWorld’s increased complexity. Llama3.2-V, prompted
with in-context examples for the same attributes, performs
near zero, failing to accurately predict 3D locations.

For rendering, the model renders capture accurate object
types, counts, and positions, though some errors occur in
fine pose alignment (Fig. 8a).

Generalizing to novel scene configurations. We test on
out-of-distribution inputs (e.g., park-only objects placed in
living room and vice-versa). Fig. 8b shows our model can
generalize to such novel scenarios for the rendering task.

Chaining tasks. Chaining our recognition and rendering
models enables image reconstruction to test model robust-
ness. Fig. 8c shows an example of input image, chained-
model reconstruction, and Blender rendering of the predicted
scene. Blender shows accurate object types, poses, and posi-
tions, and the reconstructed images also closely match the
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(a) (b)

Figure 7. (a) Top: Schematic representation of center token reordering. Bottom: We convert CLEVR images into 256-token sequences and
analyze token frequency. Over 25% of images share the same first token, causing biased predictions. Center token reordering significantly
reduces this issue. (b) Inaccurate first-token predictions can cause catastrophic object- and scene-level diversions in autoregressive
generations.

(a) (b)

(c)

Figure 8. (a) Rendering examples. The model predicts images
autoregressively from 3D inputs. Errors are largely pose mispredic-
tions, e.g., the bird. (b) Novel scene configurations. (c) Chaining
tasks. Our recognition model predicts the 3D scene representation
for an input image, which is then visualized through both our ren-
dering model and Blender.

input, with only minor pose errors (e.g., the birds).

3.4. Unified 3D shape and scene understanding
Sec. 3.3 focused on the effectiveness of our structured 3D
modality for diverse scene layouts with known complex
shapes. Therefore, we used type-specific object descrip-
tions (e.g., “bird” or “person”). Here, we bring together
all our findings from Sec. 3.2, including the learned 3D
shape tokenization. We show that Kyvo can reconstruct and
render complex 3D objects and scenes, using a variant of
ObjaWorld with complex objects (e.g., barrel, chicken) from
Objaverse [12]. We train recognition and rendering models
on 100k image-scene pairs.

The recognition model must (1) reconstruct full 3D geom-
etry for each object, and (2) infer each object’s 3D position
and pose from a single image. Fig. 9a shows results on
unseen scenes: our model recovers object geometries and

spatial layouts via our structured, object-centric 3D modal-
ity, while Trellis [46], a diffusion-based image-to-3D model
trained on Objaverse that treats the scene holistically, often
yields distorted shapes (e.g., a deformed bottle) and mis-
aligned layouts (e.g., linearly arranged objects).

For rendering, the model takes the structured 3D modality
with encoded shape tokens and outputs the corresponding
image, mapping shape to appearance and placing objects
at the correct positions and poses. Fig. 9b compares our
outputs with Blender renderings, showing that our model
reliably captures shapes and spatial relationships, with only
minor distortions in challenging cases (e.g., the occluded
cheeseburger behind the basketball in the third image).

Qualitative scaling behavior. Fig. 10 shows that with lim-
ited data the rendering model produces amorphous color
blobs that lack semantic coherence and captures only coarse
layouts, while increasing training data progressively im-
proves object geometry, appearance, and spatial relation-
ships, yielding more accurate and consistent renderings.

3.5. Generalization to real-world recognition
We now evaluate our model’s effectiveness for 3D object
recognition in real-world scenes. We conduct experiments on
two challenging real-world datasets: Objectron [2], which
features indoor and outdoor scenes of diverse object cat-
egories (e.g., bicycle, camera, car, cereal box); and ARK-
itScenes [5], featuring complex indoor environments of many
object categories (e.g., bathtub, bed, cabinet, chair). ARK-
itScenes presents additional complexity due to its scene
density and ground truth annotation noise. Following the
train-test splits by [7], we train a recognition model to de-
tect objects by type and predict their 3D center coordinates
and size dimensions in metric space. During training, we
augment the data with random horizontal flipping.

Table 5a reports the Jaccard Index of our Kyvo and a state-
of-the-art 3D object detector Cube R-CNN [7] – we apply
a 0.05 confidence threshold to their predictions, as recom-
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(a) (b)

Figure 9. (a) Unified shape and scene reconstruction example. Given a single input image, Kyvo predicts shape sequences and reconstructs
individual objects (candle, barrel, bottle) along with their 3D locations and poses via our structured 3D modality, effectively reconstructing
the 3D scene with consistent spatial relations between the objects, visualized using Blender. (b) Shape and scene rendering examples.
Given the structured 3D modality as input, Kyvo renders images with consistent object appearance and spatial relationships.

Model Objectron ARKitScenes

Cube R-CNN (ResNet-34) 0.3276 0.2043
Cube R-CNN (DLA-34) 0.4012 0.2208
Kyvo (Ours) 0.4784 0.2118

(a) Jaccard Acc. vs Cube R-CNN.

Recipe Rendering(↓) Recognition(↑) Instruction(↑) QA(↑)

Scratch 1.36 0.6265 0.7744 0.4645
LoRA 1.82 0.8684 0.8680 0.3950
FFT 1.26 0.9212 0.8666 0.4980

(b) Training recipe: Scratch vs LoRA vs FFT.

Backbone Rendering(↓) Recognition(↑) Instruction(↑) QA(↑)

Llama-3.2-1B 1.38 0.8948 0.8674 0.4490
Llama-3.2-1B-Instruct 1.28 0.9212 0.8666 0.4980
Llama-3.2-3B-Instruct 1.18 0.8626 0.8763 0.2345

(c) Effect of backbone size and instruction-tuning.

Table 5. Comparing real-world recognition performance; Quantifying the effect of training recipes and different backbones for Kyvo.

Figure 10. Qualitative scaling behavior of rendering model.

mended by the authors. Kyvo significantly outperforms Cube
R-CNN with two backbone variants on Objectron and per-
forms on par on the more challenging ARKitScenes dataset.
This result demonstrates the potential of a general autore-
gressive framework that aligns images with the 3D modality.

3.6. Analysis and observations

We explore the effects of training strategies and model back-
bones for Kyvo.

Training recipes. Table 5b compares three approaches for
model adaptation: training from scratch, LoRA [17], and
full fine-tuning (FFT). FFT from pre-trained language-only
weights yields superior performance even when adapting to
image and 3D modalities unseen during pre-training – sug-
gesting effective cross-modal transfer with limited domain-
specific data. Notably, LoRA performs worse despite its

established efficacy for text-only adaptation, indicating limi-
tations when incorporating entirely new modalities.

Instruction-tuned backbones and model sizes. Instruction-
tuned backbones match or outperform non-instruction-tuned
ones across all tasks, as shown in Table 5c. Increasing model
size from 1B to 3B provides no significant gains (even per-
forming notably worse for question-answering), indicating
that the 1B model sufficiently captures our dataset’s com-
plexity while avoiding overfitting.

4. Conclusion & Limitations

We introduce Kyvo, a autoregressive model that aligns struc-
tured 3D with language and vision to support a broad range
of 3D tasks. Our empirical “cookbook”, based on training
307 models, outlines effective design choices, including for
tokenizing 3D scene attributes and complex 3D shapes. We
will release code and data.

We cover limitations through scaling behavior, qualita-
tive and quantitative results. A key challenge is the limited
availability of 3D data. We show that strong performance
and within-domain generalization can be achieved with rel-
atively modest training data, but achieving cross-domain
generalization demands larger datasets not readily available.
A promising direction is extending Kyvo to handle mixed
training data, enabling generalization to new domains even
when 3D data is not always available as a paired modality.
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