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Supplement to “UMAMI: Unifying Masked Autoregressive Models and
Deterministic Rendering for View Synthesis”
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Figure 5: Failure cases. Our method may produce noticeable artifacts when target camera poses are
too distant from the input view. Increasing the scale of training data and model parameters could
improve the robustness of UMAMI.

B Related works

B.1 Feed-forward deterministic NVS methods

Early generalizable methods for Novel View Synthesis (NVS) demonstrated the potential of neural
networks, trained across various scenes, to enable fast inference of novel views or underlying 3D rep-
resentations in a feed-forward manner. Prominent examples include PixeINeRF [07], MVSNeRF [10],
and IBRNet [82], which typically predict volumetric 3D representations by incorporating 3D-specific
priors like epipolar geometry or plane sweep cost volumes. Subsequent research has extended these
capabilities, improving performance particularly under challenging conditions such as sparse input
views (44} 3T} 28] 29}, and adapting these techniques for emerging representations like 3D Gaussian
Splatting (3DGS) [6} [72} 11} [73]].

Recently, 3D Large Reconstruction Models (LRMs) have emerged [26} 37, [87[89]], leveraging
the power of scalable transformer architectures trained on extensive datasets to learn generic 3D
priors. While these methods successfully avoid explicit architectural reliance on epipolar projection
or cost volumes, they still typically depend on pre-defined 3D representations such as tri-plane NeRFs,
meshes, or 3DGS, along with their corresponding rendering equations. This reliance can limit their
flexibility and overall potential.

An alternative line of work attempts to directly learn a geometry-free rendering function [69]
67, [36]. However, these approaches often face limitations in model capacity and scalability,
which can hinder their ability to capture high-frequency details. Notably, Scene Representation
Transformers (SRT) [62] aimed to avoid explicit, handcrafted 3D representations by learning a latent
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scene representation via a transformer, an objective shared by our encoder-decoder architecture.
Despite this similarity, certain design choices in SRT, such as its CNN-based token extractor and
the use of cross-attention in the decoder, have been shown to lead to less effective performance.
To address the issue, LVSM [30] proposes a method that is fully transformer-based, leveraging
bidirectional self-attention for enhanced representational power. Furthermore, they introduce a novel
and more scalable decoder-only architecture that directly learns the NVS function with minimal 3D
inductive bias and without relying on an intermediate latent representation.

Our proposed method adopts the versatile and scalable decoder-only transformer backbone from
LVSM, which has demonstrated its efficacy in NVS tasks by leveraging a data-driven approach
with minimal handcrafted 3D inductive bias. However, a crucial distinction lies in the nature of
our approach: unlike the deterministic LVSM, our method is generative. We aim to address the
inherent limitations of deterministic methods by harnessing the generative capabilities of masked
autoregressive diffusion models in an efficient manner.

B.2 Generative-based NVS methods

The pursuit of generative-based (NVS) has recently seen significant advancements through the
integration of diffusion models, drawing inspiration from successes in broader NVS [67, 62] and
generative image-to-image tasks [60, 155, (61].

An early exploration in this domain was 3DiM [85]], which trained image-to-image diffusion models
for object-level multi-view rendering without explicit 3D representations. However, by training from
scratch on limited 3D data, 3DiM’s applicability was restricted to category-specific scenarios and
lacked zero-shot generalization capabilities. Building on this, Zero-1-to-3 [42] adopted a similar
geometry-free pipeline but significantly improved generalization and output quality by fine-tuning
a pretrained 2D diffusion model on a larger 3D object dataset [15]. Despite these improvements,
a key challenge for Zero-1-to-3 and other early image-based diffusion models for NVS (e.g., for
distant viewpoints [64]) was multi-view inconsistency, as they typically generated each target view
independently and probabilistically, leading to jitter or inconsistencies when rendering a camera
trajectory.

To address this multi-view inconsistency, subsequent research diverged into several directions. One
line of work focused on integrating explicit 3D inductive biases—such as 3D representations or
epipolar attention—into the diffusion denoising process. Examples include SyncDreamer [43],
ConsistNet [94], Consistent-1-to-N [96]], and MegaScenes [74]], though these often came at the cost
of increased computation. Another set of approaches, including Instant3D [37], MVDream [65]], and
Wonder3D [435]], aimed to predict a single grid of multiple, specific views simultaneously. While this
improved consistency across those fixed views, it sacrificed the ability for fine-grained camera control.
Works like MVDream [65]], SyncDreamer [43]], and more recently HexGen3D [47]], generate multiple
fixed views from a conditional image but do not support arbitrary viewpoint selection. To achieve
consistent 3D object geometry from these image-based models, further steps like NeRF distillation,
using techniques such as Score Distillation Sampling (SDS) [54,163]] or direct optimization on sampled
images [88) 20], are often necessary. However, distillation techniques such as SDS can introduce
substantial computational overhead due to test-time optimization.

More recently, a promising trend has emerged with models that jointly predict multiple target views
while maintaining accurate camera control and ensuring view consistency, often through mechanisms
like cross-view attention. This category includes methods such as Free3D [100]], EscherNet [35]],
CAT3D [20]], and SV3D [78]]. Several video model-based approaches [|84} 22, (98} 193/ [101]] also fall
into this paradigm, increasing NVS performance. Despite these advancements, achieving high-quality
generation with these recent models often necessitates substantial computational resources and
extensive training data. Furthermore, their reliance on full-image iterative sampling typically results
in slow inference times, limiting practical applicability. Our proposed method, UMAMI, addresses this
critical issue by enabling photorealistic novel view rendering while maintaining efficient inference
times.
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Table 5: Hyperparameters for training UMAMI. We use the same set of hyperparameters for both
RealEstate 10K and DL3DV experiments.

Component Parameter Value
Image size 256
Image Tokenizer Patch size 8
Channels 9 (3 RGB + 6 for Pliicker)
Layers 24
Hidden dim 768
Transformer Head dim 64
QK Norm True
Batch size / GPU 4
Num GPUS 8
Learning rate 0.0002
Optimizer (51, 52) (0.9, 0.95)
Training Grad clip norm 3.0
Mixed precision True
Weight decay 0.02
Train steps 100k
Warmup steps 1000
Input / Target views 1to2/1to3
Data Setup Center Crop True
L2 loss 1.0
LPIPS loss 0.0
Loss Weights Perceptual loss 0.5
Diffusion loss 10
Confidence loss 1

C Implementation details

C.1 Hyperparamters

We report the hyperparameters used in Table[3]

C.2 Algorithm

We describe the sampling process of UMAMI in Algorithm [I]

Algorithm 1 Hybrid Inference in UMAMI

Require: Trained model, context views { (e, 7eix) }, target pose g, threshold 7, max unmasking
steps Tinax
Tokenize context views into c, initialize target tokens x with masked tokens
Encode (c,x) with Transformer to obtain latent z
Predict confidence map s,, and patch-level scores s
Partition target tokens:
* Deterministic tokens: xp < {x; | s; > 7}
* Stochastic tokens: xg < {x; | s; < T}
Predict xp in one pass using deterministic head: xp = ¢(zp)
Compute sampling steps: Ts = [|zs|/|z] - Tmax |
fort =T to1do
Sample random unmasked set x; C xg following a cosine scheduler.
Update x; by DDPM sampling using ¢ head.
end for .
Merge Xp and X into full target image Iy

Rl

TeYeRaw

—_
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D Additional quantitative results

D.1 Multiple images generation

Table 6: Multi-view generation results on RealEstate10K.
Dataset # gen views PSNR1 LPIPS| SSIM 1

28.95 0.107 0.897
28.65 0.109 0.892

28.85 0.101 0.899
28.52 0.105 0.894

Rel10K-2views-Extra

Rel0K-2views-Interp

G = | W =

As shown in Table[5, our model is trained to predict up to three target views simultaneously. This
joint prediction encourages consistency across generated images. In Table[6] we report results for
generating one and three views. The generation quality is comparable across both settings. Notably,
we use a fixed number of unmasking steps (Tmax = 32) for all cases, which means generating
multiple views in parallel can improve inference efficiency without sacrificing quality.

E Additional qualitative results

Input Target DepthSplat

Figure 6: Additional qualitative comparisons on DL3DV dataset.

Additional qualitative evaluations are presented on the DL3DV dataset [40]], where our method is
compared against DepthSplat [90] under a three-view input configuration (Figure[6). As depicted
UMAMI demonstrates notably sharp rendering, particularly in unobserved regions. This is achieved
by leveraging its generative capabilities to synthesize plausible details unobserved region of input
images.

Furthermore, to investigate the impact of the diffusion threshold hyperparameter, 7, on UMAMI’s
performance, its value was systematically varied, with findings illustrated in Figure[7. An initial
setting of 7 = 0, corresponding to a fully deterministic operation of UMAMI, achieved rapid inference.
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Figure 7: Impact of the diffusion threshold hyperparameter 7 on rendering outcomes. The top row
shows the single input view alongside four corresponding target views. The subsequent rows (2-4)
illustrate the results as 7 is incrementally increased. While a lower 7 promotes deterministic behavior
and faster inference, higher values of 7 lead to notably sharper image rendering quality.

However, this configuration resulted in image blurring, an artifact attributable to unobserved regions
in the input view. Progressively increasing 7 to 0.5 and subsequently to 0.95 yielded a significant
enhancement in rendering quality. This improvement, however, was accompanied by an increase in
running time. Finally, to demonstrate the complete sampling dynamics of our method, the unmasking
processes for 7 = 0.95 and for full unmasking diffusion process (7 = 1) are presented in the
supplementary video.
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