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Figure 1. Pippo produces high-resolution, multi-view, studio-quality images from a single image. First row shows full-body generation

of an unseen subject captured from an iPhone picture. Second and third rows show face-only and partial full-body input images from unseen

studio subject(s) to novel views respectively. All visuals are at 1K resolution.

Abstract

We present Pippo, a generative model capable of pro-
ducing 1K resolution dense turnaround videos of a person
from a single casually clicked photo. Pippo is a multi-view
diffusion transformer and does not require any additional

inputs — e.g., a fitted parametric model or camera parame-
ters of the input image. We pre-train Pippo on 3B human im-
ages without captions, and conduct multi-view mid-training
and post-training on studio captured humans. During mid-
training, to quickly absorb the studio dataset, we denoise
several (upto 48) views at low-resolution, and encode tar-
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get cameras coarsely using a shallow MLP. During post-
training, we denoise fewer views at high-resolution and
use pixel-aligned controls (e.g., Spatial anchor and Plucker
rays) to enable 3D consistent generations. At inference, we
propose an attention biasing technique that allows Pippo
to simultaneously generate greater than 5× as many views
as seen during training. Finally, we also introduce an im-
proved metric to evaluate 3D consistency of multi-view gen-
erations, and show that Pippo outperforms existing works
on multi-view human generation from a single image.

1. Introduction

Creating photorealistic human representations with the abil-

ity to control viewpoints has numerous applications in en-

tertainment, healthcare, fashion and social media. Build-

ing such representations, first and foremost, requires high-

quality multi-view studio data [2, 29], which is costly to ac-

quire. This significantly limits the scalability in terms of the

number identities for high-quality studio data [29, 43, 84].

In contrast, large-scale, unstructured, and diverse human

images and videos are available online. However, the raw

data of such in-the-wild images does not offer ground-truth

3D or multi-view representations of humans.

In this work, we present a novel approach leveraging

the best of two worlds: generalizability from in-the-wild

unstructured images, and fidelity and view-controllability

from studio capture data. Specifically, our model Pippo is

a diffusion transformer, which can generate several 1K res-

olution multi-view consistent images jointly during infer-

ence. Pippo takes as input a single image of an individual,

camera poses of the target viewpoints to be generated. Since

the scale and placement of the subject is ambiguous from a

single image, Pippo uses a Spatial Anchor which roughly

specifies the location and orientation of the subject in 3D

space. Our model does not rely on additional conditioning

such as body priors or camera parameters of the input im-

ages, to scale our training pipeline to in-the-wild data and

support unconstrained inputs at test time.

We employ a multi-stage training recipe to train Pippo.

First, we pre-train the model for latent-to-image generation

task, similar to [54], on a large human-centric dataset of

in-the-wild images. Next, in Mid-training stage, we jointly

generate multiple consistent images of the subject, condi-

tioned on target viewpoints and a single input image using

high-quality studio dataset. Finally, in Post-training stage,

the model is provided with a minimal placement signal -

spatial anchor - encoding rough head orientation - which

further improves 3D consistency. Our architecture is also

carefully tailored to the conditional multi-view generation

- we propose several simple but effective modifications to

the basic DiT architecture, including self-attention-based

conditioning, lightweight spatial controls and camera con-

ditioning with Plücker coordinates.

For evaluating such a multi-view diffusion model, 3D

consistency is a critical metric for understanding the geo-

metric correctness of the generation. For generation task

in an ill-posed setup (e.g., a single image input), there may

be multiple possibilities that are equally plausible. Existing

multi-view generation methods typically report reconstruc-

tion metrics (i.e., PSNR, SSIM and LPIPS) [19] or FID [41],

which either (1) penalize any new content that is actually

3D consistent or (2) are unable to measure the 3D consis-

tency of the generation. To address this problem, we de-

sign a metric measuring 3D consistency: we compute 2D

keypoint matches with an off-the-shelf method [59], trian-

gulate them, and then reproject back into the other views to

measure the reprojection error in pixels. Some generation

methods measure reprojection errors [17] from SfM [60] or

epipolar distance [45, 89], but our metric uses camera pose

as input and is more precise than measuring distance to a

epipolar line. We show our metric helps to quantify our re-

sults, finding that our method is favorable compared with

existing approaches and other baseline methods.

To summarize, we make the following contributions:

• a generative model capable of generating high-resolution

and multi-view consistent humans from a single image

and its effective training strategy.

• a diffusion transformer architecture designed to enhance

multi-view generation and viewpoint control.

• a novel 3D consistency metric tailored to accurately mea-

sure the level of 3D consistency in generative tasks.

2. Related Work

We review multi-view human datasets and generative mod-

els for human synthesis, categorizing methods by their data

requirements and prior constraints—such as parametric hu-

man models or explicit 3D structures. In this work, we min-

imize reliance on complex priors by training the model on

large amounts of human-centric data and impose minimal

camera and spatial controls.

Multi-view Human Datasets. While many large 2D hu-

man datasets exist [12, 39, 62], 3d captures of people (i.e.,

captures using dozens of views at a time) are still rela-

tively rare, since they are expensive to collect and are thus

mostly obtained in specialized research labs. Nevertheless,

this kind of data has recently become more common, going

from hundreds to thousands of publicly-available captures.

For face-only captures, a few datasets [43, 47, 87, 88, 90]

provide up to 600 subjects captured from over 60 views

each, while for full-body captures, 4D-Dress [77] provides

32 subjects with 2 outfits each, and detailed annotations for

their garments, while DNA-rendering [8] provides 500 sub-

jects from 60 views. MVHumanNet [84] stands apart by
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Figure 2. Pipeline overview. This is an illustration of how we train our model. (Left) we use data from a studio capture and train our

multi-view diffusion model (right). We condition on a full reference photo and a cropped face, as well as the target view cameras and 2D

projected spatial anchor indicating head position and orientation. Our diffusion model also takes in noisy target views and a timestep in

order to predict the denoised views (top). In practice, we apply a segmentation mask around the person.

providing 4,500 people captured from 48 views in and over

9,000 sets of clothing, outpacing other datasets by an order

of magnitude in terms of people diversity. We use inter-

nal multi-view data of ∼1000 identities with dense (∼160)

camera setup, but we expect our model to produce reason-

able results with publicly-available captures.

Generating Novel Poses and Expressions. Although dif-

ferent from our task, this related work builds 3D animatable

models of people and faces. These methods use neural radi-

ance fields [70, 71, 81], or 3d Gaussians [34, 51, 80, 94],

using canonical “T”-poses and a corresponding forward

and backward mapping to model local appearance changes.

Many of these methods, however, rely on accurate human

shape and pose estimation, and only achieve high pho-

torealism for personalized models from studio captures.

Relatedly, a family of methods focus on generating ani-

matable faces from a single image by disentangling view-

points and expressions from large collections of 2d por-

traits [14, 15, 32, 48, 86, 92], allowing photorealistic re-

altime reenactment, while being limited to faces and small

viewpoint variations. Unlike these methods, we complete

missing parts of a person given either one or a few partial

views. We do not repose the person or animate the faces

but can instead recover entirely missing views, which is

orthogonal to these methods. Moreover, our approach ad-

dresses both full-body and facial reconstruction, rather than

specializing in either domain.

Generations with Explicit 3D Structures. Similar to early

methods that extracted 3d representations from 2d mod-

els via score distillation [7, 11, 40, 50, 53, 74, 78], 3d

representations of human appearance have been extracted

from GANs by co-training a neural renderer from learned

TriPlane [5] or HexPlane [1, 37] latent spaces. Others

train generative models that operate directly in 3D space

with diffusion or GAN objectives [18, 44, 72, 76, 82, 83]

or regression models to directly predict 3D representa-

tions [56, 57, 63]. While these methods produce 3d consis-

tent faces by design, their quality is limited by the relatively

small amounts of 3d training data and/or the limitations of

their respective 3d representations. In contrast, we focus

on generating 3d-consistent 2d images and thus avoid the

downsides of explicit 3d modelling.

Generations with 2D Models. Another option is to

model viewpoint changes in 2d, without an underlying

3d representation [41], sometimes modelling either pho-

tometric [30] or epipolar [28] constraints explicitly. Diff-

Portrait3D [20] is a portrait-generation method that falls

roughly within this category, by fine-tuning a 2d diffu-

sion model for 3d-aware face generation using ControlNet-

style [93] conditioning for viewpoint control, as well as

cross-view attention [21] and initialization from a 3d-

consistent GAN [5]. Other methods are more general and

not specific to humans, focusing on single-view to 3D gen-

eration [19, 41, 58, 64, 65, 73, 85]. In addition to these

single-view methods, video models have been fine-tuned for

camera control [23, 79].

3. Method

We train our models following a three-stage strategy:

• Image-only Pre-training (P1). We pretrain on a large-

scale human-centric dataset with image conditioning.

• Multiview Mid-training (M2). We train models at a low-

resolution of 128 × 128 to denoise 48 target views with

coarse camera control (no pixel-aligned spatial control).

• Multiview Post-training (P3). We train at a high-

resolution of 1024 × 1024 to denoise 1 − 3 target views

with spatial control injected via ControlMLP layers.
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We denote the training stage and resolution of any given

model as {stage}@{resolution}. For instance, M2@128

represents a mid-trained model at 128 resolution.

3.1. Base Model
Architecture. We adopt a DiT-like [49] architecture with

scale, shift, and gate modulation for timestep conditioning

inspired by Stable Diffusion 3 [16] and Flux [35]. We sim-

plify the architecture by employing MLP and attention in

parallel [91], and removing second LayerNorm after atten-

tion layers. We use VAE for training in latent space with 8x

spatial compression, and patchify latent images via a linear

layer and patch size of 2. We use fixed sinusoidal positional

encoding during training. We provide more details in ??,

and the exact design of our DiT block in Fig. 3.

Image-only Pre-training. During pre-training, the model

learns to denoise an image conditioned on its correspond-

ing image embedding from DINOv2 [9, 46], this is similar

in principle to the image decoder of DALL-E 2 [54]. We

project both embeddings to the model dimension using with

a linear layer to create a joint conditioning. Importantly,

our pretraining setup does not require any annotations or

captions for the images, and is well-aligned with our down-

stream objective of generating consistent multiview images

given a single reference image as input.

Formally, given an image y ∈ R
H×W×C , and the joint

conditioning as eimg ∈ R
N×D. We pre-train our diffusion

model εθ with the following objective:

LDM = ||εt − εθ(y
t, eimg, t)||2 (1)

Where t ∈ [0, T ] is diffusion timestep, εt ∼ N (0, I) is the

noise added at the given timestep. We use the DDPM [26,

69] formulation to define discrete timesteps and set T =
1000. We first pretrain our model at 256 × 256 and then at

512×512 on a large corpus of human-centric images. Exact

training details can be found in ??.

3.2. Multiview Model
Our goal is to generate many high resolution and unseen

novel viewpoints of a human subject (akin to a studio cap-

ture) given a single input image.

Input Reference. We denote the input image as xref and

corresponding face crop as xface. The face crop is obtained

using FaceNet [61] and resized to the same size as input

image, such that: xface,xref ∈ R
H×W×C .

Target Cameras. We denote the target viewpoints to be

synthesized using distinct cameras (intrinsics and extrin-

sics), represented as c1:N . Each camera is used to generate

its Plücker coordinates Pi ∈ R
H×W×6.

Target Spatial Anchor. In addition to target cameras, we

provide an oriented 3D point denoted as ai = [Ri|ti],
which roughly defines the center of the subject’s head, as

Attention

DiT Block x N

Linear

LayerNorm

ControlMLP Block x N

noisy latents identity latents

Linear

GELU

Linear ZeroLinear

plucker, spatial anchors

Add

Scale Shift

Scale Shift Gate

⊙yl
1 xref xfaceyt

Nyt
2 t

timestep timestep

Linear

SiLU

t

Linear

SiLU

Add

… …c1 cN t

tnoisy id

c1:N

Scale Shift Gate

Figure 3. DiT and ControlMLP Block. Our DiT block (left)

loosely follows [55], with a AdaIn-based timestep modulation. We

apply attention and MLP blocks in parallel [10], and jointly apply

self-attention to the noisy generated and identity conditioning to-

kens. ControlMLP block (right) is used to provide lightweight

spatially-aligned conditioning - Plücker and Spatial Anchor.

well as their gaze direction. We show an example of our

Spatial Anchor in Fig. 2 in the studio on the left. This an-

chor is color-coded and projected into a 2D image, which is

used as conditioning for our target view generations. Dur-

ing inference, the Spatial Anchor can be placed at any given

point that lies within the field-of-view of the target cameras.

Multiview Diffusion Model. Given the above inputs, we

train a multiview diffusion model εθ to jointly denoise all

the target views y1:N ∈ R
N×H×W×C with the objective:

LDM = ||εt − εθ(y
t
1:N , c1:N ,xref,xface, t)||2 (2)

where yt
1:N are noisy target images. We condition the base

model on the provided reference image and its face crop by

concatenating their patchified latent tokens with the noisy

input latent tokens to the model. This is shown in Fig. 2

Mid-training. In mid-training stage, we want to train a

strong multiview model that can denoise several images to-

gether, and absorb the dataset quickly at a lower resolution.

During this phase, we do not use any pixel-aligned spatial

control such as Plücker or Spatial Anchor. We use an MLP

to encode the flattened 16-dimensional target camera intrin-

sics and extrinsics into a single token . We fuse this camera

token into each noisy latent token (for the corresponding

view) as positional encoding, which makes our multiview

model 3D-aware of the target viewpoints. We mid-train our

model at 128× 128 resolution to jointly denoise 24 views.

Post-training. In the post-training stage, our objective is

to create a high-resolution model which is 3D-consistent

starting with a low-resolution and a 3D-aware (but not con-

sistent) model. For this, we design a lightweight Control-
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Net [93]-inspired module, which takes as input the pixel-

aligned Plücker and Spatial Anchor controls, and the de-

noising timestep to create a separate modulation signal for

the multiview model. We name this module ControlMLP, as

it uses a single MLP to generate scale-and-shift modulated

control for each multiview-DiT block as shown in Fig. 3.

Each layer of ControlMLP is zero-initialized at the start.

We find that the Post-training phase is crucial in reducing

flicker and 3D inconsistencies in generations. We post-train

models at 512× 512 and 1024× 1024 resolutions to jointly

denoise 10 and 2 views respectively. Increasing the number

of views further lead to GPU out-of-memory issues.

Encoding Plücker and Spatial Anchor. We notice that the

relative differences between neighboring pixels in Plücker

coordinates are tiny. To amplify these differences better, we

use a SIREN [67] layer to first process the 6D grid into a

32D feature grid. Then, we downsample it by 8x to match

the size of latent tokens and feed it as input to the Con-

trolMLP. In addition, use the Spatial Anchor to fix the po-

sition and orientation of the subject’s head in 3D. We only

use the Spatial Anchor for generations, and not for the input

reference view. We encode the Spatial Anchor image into

the latent space of our model via VAE, and concatenate it

with Plücker input and pass it through an MLP to create the

modulation signal at each layer.

3.3. Understanding and Improving Spatial Control
This section presents our design choices and examines al-

ternative approaches for injecting pixel-aligned spatial con-

trols during Post-training stage. We demonstrate the effec-

tiveness of spatial control through a focused overfitting ex-

periment with quantitative evaluations in Tab. 1.

Scene Overfitting Task. We use 160 frames from a fixed

3D scene of a given subject and timestamp, split into 100
training and 60 validation views. We overfit our mid-trained

model to the training views while testing various spatial

control methods, training only the control modules while

keeping other weights frozen. After overfitting for 10K iter-

ations, we evaluate the model on validation views for novel

view synthesis. Strong generalization to validation view-

points indicates effective spatial control and appropriate

camera viewpoint sensitivity. Through this task, we eval-

uate different spatial control injection methods in Tab. 1,

starting with simple to advanced modulation designs.

• No overfitting (Row 1). The Mid-trained model without

scene-specific overfitting achieves comparable PSNR of

19.2 and 19.7 on train and validation views respectively.

We treat this setup as baseline to improve over.

• Encoding Camera with MLP (Row 2). We encode cam-

era using an MLP similar to prior works [41, 66] and

our Mid-training stage (Sec. 3.2). After overfitting, the

model achieves slightly better PSNR on training views

as expected, however the validation PSNR drops by 1.28

# Method (M2@ 128) PSNRval ↑ PSNRtrain ↑
1. Mid-trained (No Overfitting) 19.23 19.70

2. + Camera (w/ MLP) [41, 66] 17.95-1.28 19.92+0.22

3. + Plücker (w/ MLP) [6, 23, 31, 68] 18.89-0.34 20.74+1.04

4. + ControlMLP 19.45+0.22 29.36+9.66

5. + SIREN 20.13+0.90 30.19+10.49

6. + Spatial Anchor (Ours) 22.60+3.37 30.49+10.79

Table 1. Evaluating and Designing Spatial Controls (Sec. 3.3).
We overfit our multi-view model for 10K iterations on 100 views

of a single scene from our Head-only dataset, and evaluate on 60

novel views of this scene by only varying the spatial controls (cam-

era and Spatial Anchor). We use this setup to test the modulation

strength of different spatial controls. Subscript values green/red

show deviations from Row 1.

points to 17.95. This suggests that an MLP does not pro-

vide enough modulation for camera control.

• Plücker as Positional Encoding (Row 3). In this setup,

we use downsampled and patchified Plücker coordinates

processed through MLP to create positional encoding,

which is added to the noisy latent tokens. This setup is

inspired from prior works [3, 6, 23, 31, 68], and it fur-

ther improves the validation PSNR compared to MLP at

18.89, but lags behind the non-overfitted baseline.

• Plücker with ControlMLP and SIREN (Row 4, 5).
Here, we use our ControlMLP module to inject spatial

control at each multiview-DiT block output. Moreover,

encoding Plücker coordinate with a SIREN [67] ampli-

fies the relative differences between neighboring pixels

(Sec. 3.2). This setup achieves PSNR of 20.13 with an

improvement of 0.9 over baseline.

• Adding Spatial Anchor (Row 6). Finally using the Spa-

tial Anchor gives validation PSNR of 22.6 (gain of 3.3

points over baseline) and enables strong spatial control.

Thus, we adopt this configuration for Post-training stage.

3.4. Enhanced 3D Consistency Metric
Traditionally, the 3D consistency of multiview generation

models is evaluated using 2D image metrics such as PSNR,

LPIPS, and SSIM against a fixed set of ground truth im-

ages. However, this approach unfairly penalizes models that

generate plausible and 3D-consistent novel content deviat-

ing from the fixed ground truth images. Some works try

to address this by measuring SfM [17, 60] or epipolar er-

ror [45, 89], but these methods solve for pose or are not

robust since they measure against the entire epipolar line.

To address these limiations, we use our GT camera poses

as input and compute Reprojection Error (RE) given our

known camera poses and predicted correspondences. Our

computation of RE involves the following steps:

1. Landmarks and Correspondence estimation. We use

SuperPoint [13] to detect landmarks in the generated im-

ages and employ SuperGlue [59] to establish pairwise

correspondences between landmarks across images.
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2. Triangulation. Given the correspondences and camera

parameters, we apply Triangulation based on Direct Lin-

ear Transformation (DLT) [22] to obtain the correspond-

ing 3D points for each landmark.

3. Reprojection and Error calculation. We reproject

these 3D points onto each image and compute the RE

as the L2 distance between the original landmark and

the reprojected 3D point normalized by image resolu-

tion, and average error across all images.

This approach evaluates multiview generation models by

focusing on their ability to produce 3D-consistent results

rather than adhering to a fixed ground truth. The Reprojec-

tion Error provides a valuable basis for comparison across

different methods. Furthermore, by computing RE on a set

of real-world images that are independent of our generated

images, we can establish a baseline that quantifies the error

due to the noisy predictions from SuperGlue and SuperPoint

rather than the quality of our generated images.

Naming Convention (RE@SG). Please note that the use

of SuperPoint [13] and SuperGlue [59] estimation modules

is a particular instantiation of our metric, and these could

be replaced in the future with stronger counterparts such

as MAST3R [36, 75] or domain-specific keypoint detectors

such as Sapiens [33]. Thus we use the naming convention

of RE@SG to denote the Reprojection Error (RE) under Su-

perGlue (SG) estimation, which could be modified accord-

ingly in the future for different estimators.

4. Experiments

We present details of the datasets used in all training and

validation stages, followed by discussion of evaluation met-

rics – with particular emphasis on the 3D consistency metric

and conclude with core experimental results and ablations.

4.1. Data

Humans-3B Dataset. We utilize a large proprietary dataset

of approximately 3 billion human-centric in-the-wild im-

ages for pretraining. We provide more details on data filter-

ing and curation in ??.

Head and Full-body Studio Datasets. We rely on high-

quality proprietary studio captures as our primary source

of data for learning 3D consistency. Our model comes in

two variants: head-only and full-body, each trained (for

Mid-training and Post-training stages) on corresponding

datasets. For our full-body model, we utilize a dataset of

861 subjects (811 train, 50 test), nearly 1000 frames per

subject. For our head-only model, we use a dataset of

1450 subjects (1400 train, 50 test), nearly 40000 frames

per subject. The studio setup is similar to [43], with two

capture domes for capturing full-body and head-only high-

resolution 4K images with 230 and 160 cameras.

iPhone Dataset. To evaluate real-world performance, we

collect casual images of 50 test subjects in an indoor office

environment using an iPhone 13 Pro. We preprocess these

images with Sapiens-2B [33] for background segmentation

before model inference. This dataset serves exclusively for

evaluating our model’s performance on in-the-wild inputs.

4.2. Evaluation Setup and Metrics
3D Consistency. Following prior works, we report stan-

dard metrics like PSNR, SSIM (×100), and LPIPS (×100)

metrics. However, these metrics unfairly penalize plausible

novel views generated under incomplete inputs. We there-

fore introduce the Reprojection Error metric, described in

Sec. 3.4, which validates 3D consistency without directly

relying on ground truth. Our evaluation generates 4 ran-

domly selected views from the test split.

Identity Preservation. We use two metrics that measure

identity preservation across generated views by computing

cosine distance between features extracted via FaceNet [4,

61] for face similarity; and CLIP [52] vision encoder for

full-body similarity.

Pretrained Model Evaluation. We measure the effective-

ness of our pre-training strategy by reporting the FID [24].

We use a smaller annotated 30M subset of Humans-3B

for training image and text-conditioned P1@128 models,

a 30M subset of unfiltered dataset for training No Filtering

P1@128, and a 1000 sample test set from iPhone dataset.

4.3. Results
Pretraining and Data Filtering. Tab. 2 presents our pre-

trained model results (Row 1) and ablations on Human-

centric data filtering and Image-conditioned pretraining

(Rows 2-5). Human-centric filtering and image-based con-

ditioning are both critical to achieve high-quality genera-

tion. The qualitative results are shown in ??.

# Method (Stage @ Resolution) FID ↓
1. Pippo (P1@512) 51.164

2. Human-centric Filtering (P1@128) 75.639
3. No Filtering (P1@128) 86.838

4. Image-conditioned (P1@128) 75.639
5. Text-conditioned (P1@128) 109.720

Table 2. Pretraining and Data Filtering. We report results of the

full pretrained model P1@512, and compare several variants of

P1@128 models. We report FID on iPhone dataset (1k samples).

High-resolution Multi-view Generation. In Tab. 3, we

evaluate 3D reconstruction and identity preservation for un-

seen subjects from the studio datasets. We show that in-

creasing the output resolution of generation in our approach

does not hurt 3D consistency or similarity. We put corre-

sponding visuals in ??, Rows 2 and 3.
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3D Consistency Similarity

# Split & Resolution RE@SG ↓ PSNR ↑ SSIM ↑ LPIPS ↓ Face ↑ Body ↑

H
ea

d-
on

ly 1. Studio (128) 3.3+0.8 21.0 67.6 14.8 62.0-13.3 61.5-16.2

2. Studio (1K) 3.4+0.5 20.3 72.0 26.2 73.5-2.5 79.4-0.1

3. iPhone Face (1K) 3.0 - - - 67.6 -

Fu
ll-

bo
dy 4. Studio (128) 3.6+0.1 22.8 84.0 10.0 41.7-8.5 67.1-9.4

5. Studio (1K) 1.5+0.1 22.4 91.7 11.1 64.7-6.0 74.1-2.2

6. iPhone (1K) 1.7 - - - 58.0 68.1

Table 3. Results on Unseen Studio and iPhone data (Sec. 4.3.)
We report results on Post-trained Pippo models at three different

resolutions. We report 3D metrics PSNR, SSIM, and LPIPS; as

well as our proposed Reprojection Error (RE@SG) under Super-

Glue estimation which does not require ground truth (Sec. 3.4).

We report 2D Face and Body similarities. Red subscript show de-

viation against ground truth value.

Generations from Casual iPhone Photos. We present in

Tab. 3 (Rows 3,6) Reprojection Error and similarity scores

for casually taken images from the iPhone dataset with 1K

resolution model. In this scenario, the standard reconstruc-

tion error metrics cannot be assessed due to missing ground

truth. We find that the reprojection error on iPhone cap-

tures remains comparable to the studio dataset – demon-

strating 3D consistency. This illustrates the generalizabil-

ity of Pippo beyond the multi-view training data domain,

where our pretraining with large-scale in-the-wild human

data is critical. We put corresponding visuals in ??, Row 1

(Appendix).

Comparisons with External Benchmarks. In Fig. 4,

we compare Pippo with individual state-of-the-art baselines

in Full-body and Head-only generation. SiTH [25] recon-

structs textured human-mesh using ControlNet paired with

a SDF representation. Compared to SiTH, Pippo facilitates

high-resolution and accurate multiview synthesis. DiffPor-

trait3D [20] inverts a 3D-GAN based on a given input im-

age. Compared to it, our model supports greater viewpoint

variability and ensures closer adherence to the input image.

Quantitative comparisons and baselines. Existing SoTA

Human methods [20, 25] use explicit SMPL priors, and

thus are difficult to compare with directly. Qualitatively,

we found that they cannot handle novel views or preserve

details ( Fig. 4), and hence do not quantitatively compare

against them. In Pippo, we focus on creating a strong multi-

view human generator, and we benchmark four state-of-the-

art multi-view diffusion models on the iPhone full-body

dataset in Tab. 4. We find that Pippo preserves identity

(i.e., face and body similarity) and 3D consistency (RE) bet-

ter while also operating at a higher resolution compared to

baselines.

Benchmarking Pippo on public datasets. In Tab. 5, we

benchmark Pippo on the public Codec Avatar datasets [43]

to aid future comparisons. Specifically, we use Ava-256

containing 256 head-only captures and Goliath containing 4

# Method & Resolution RE@SG ↓ Face ↑ Body ↑
1. MV-Adapter [27] (768) 4.7 43.0 64.1

2. Era3D [38] (512) 4.1 38.1 64.4

3. Wonder3D [42] (256) 5.3 34.7 58.8

4. Pippo (P3@1K) 3.0 58.0 68.1

Table 4. Quantitative comparison with SoTA multi-view mod-
els. We quantitatively compare Pippo against state-of-the-art

multi-view diffusion models. We find that Pippo preserves iden-

tity (i.e., face and body similarity) and 3D consistency (RE) better

while operating at a higher resolution compared to baselines.

full-body. During evaluation, we only use subsets of these

datasets that were not used for training. We find that Pippo’s

performance on these datasets is inline with its performance

on internal studio datasets.

# Dataset (P3@1K) RE@SG ↓ PSNR ↑ SSIM ↑ LPIPS ↓ Face ↑ Body ↑
1. Ava-256 (Head-only) 3.8 20.1 68.7 26.6 72.9 76.8

2. Goliath (Full-body) 1.2 20.4 89.7 15.5 87.5 77.7

Table 5. Benchmarking Pippo on public Ava-256 and Goliath
datasets. We find that Pippo’s performance on these datasets is

inline with its performance on internal studio datasets. This will

aid future comparisons against Pippo.

4.4. Ablations
We examine design choices at each training stage (Sec. 3)

and present our ablation results in Tab. 6. Experiments are

conducted at 128×128 resolution on the Head-only dataset.

3D Consistency Similarity

# Method (Stage @ Res.) RE@SG ↓PSNR ↑SSIM ↑LPIPS ↓ Face ↑ Body ↑
1. Pippo (P3@512) 2.7+0.7 21.7 71.7 21.5 74.1-2.0 77.4-2.4

2. Pippo Face-only (P3@512) 2.4+0.4 20.5 70.3 25.3 74.3-1.7 75.8-4.0

3. No Mid-train (P3@512) 5.6+3.6 14.5 59.5 44.2 20.4-55.663.4-16.4

4. Pippo (P3@128) 3.3+0.8 21.0 67.6 14.8 62.0-13.361.5-16.2

5. No Anchor (P3@128) 11.5+9.0 17.1 54.0 21.1 63.1-12.2 68.3-9.3

6. No Plücker (P3@128) 4.2+1.7 20.2 64.5 16.1 63.5-11.866.1-11.5

7. Pippo (M2@128) 3.4+0.9 19.1 61.4 17.2 60.0-15.362.6-15.0

8. No Pre-train (M2@128) 5.9+3.4 13.1 39.3 44.9 19.5-55.849.0-28.6

9. Cross-Attn (M2@128) 3.5+1.0 18.0 59.2 22.1 66.2-9.1 70.7-7.0

10.Non-frontal (M2@128) 5.8+3.3 15.2 52.4 30.1 49.2-26.160.7-16.9

Table 6. Ablation on design choices and training stages. We

evaluate several multi-view models at 128 × 128 and 512 × 512
resolution at different training stages on Head-only dataset. We

ablate the choice of doing Mid-training and Pre-training, along

with different spatial controls and reference conditioning meth-

ods..The training stages are labeled as M2 (Mid-training) and P3
(Post-training), followed by @ specified resolution.

Significance of Pre-training and Mid-training. Pre-

training our model on the Humans-3B dataset enables ro-

bust generalization to novel identities, as demonstrated in
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Input DiffPortrait3D Pippo (Ours) Ground Truth Input SiTH Pippo (Ours) Ground Truth

Figure 4. Visual comparison with state-of-the-art methods. We visually compare Pippo with state-of-the-art baselines DiffPor-

trait3D [20] (head-only) and SiTH [25] (full-body) generation.

Tab. 6, Row 8. Without pre-training, model generalization

deteriorates, resulting in unclear facial features. Skipping

mid-training at lower resolution impairs consistent multi-

view generation, as shown in Row 2.

Importance of Frontal Input Reference. Our ablation in

Tab. 6, Row 10 demonstrates that completely randomizing

the view point of an input reference image leads to over-

fitting to training identities. Non-frontal views, especially

rear views, have very limited information about the identity

which forces the network to pick up spurious correlations.

# Pretrain Data (M2@128) RE@SG ↓ PSNR ↑ SSIM ↑ LPIPS ↓ Face ↑ Body ↑
1. 30M (1% HQ) 3.8 21.3 81.8 13.3 30.6 66.2

2. 900M (30% Random) 4.0 21.6 82.0 12.1 30.6 67.2

3. 2.1B (70% Random) 3.7 21.6 82.1 12.1 37.6 67.5
4. Humans-3B (100%) 3.7 21.9 82.3 12.7 41.7 67.2

Table 7. Ablating the size of pre-training dataset on Humans-
3B. We conduct Full-body mid-training with pretrained check-

points trained on 1%, 30%, 70%, and 100% subsets of Humans-3B

dataset. We found large-scale data is crucial for generalization to

novel identities (i.e., face similarity).

Importance of Self-attention. Replacing self-attention

with cross-attention for reference image encoding, using

the same routing as image-conditioned pretraining from

Sec. 3.1, leads to degraded performance as shown in Tab. 6,

Row 9. We observe that this setup causes the model

to ignore input conditioning, generating images that only

vaguely resemble training subjects.

Role of large scale Humans-3B pre-training dataset. We

utilized intermediate checkpoints from pre-training stage

(P1) trained on 30% and 70% of the data, and a separate

checkpoint trained on 1% high-quality subset of Humans-

3B. Starting from these checkpoints, we mid-trained Pippo

to denoise 4 views at 128 × 128 resolution on Full-body

dataset for two days. We report their respective results

in Tab. 7. We found large-scale data is crucial for general-

ization to novel identities – indicated by high gains in face

similarity metric.

5. Conclusion
We present Pippo, a diffusion transformer model that gener-

ates a dense set of high-resolution multi-view consistent im-

ages of a person from a single image. Our experiments show

that our multi-stage training strategy, which combines large-

scale in-the-wild data with high-quality multi-view studio

captures, enables generalizable high-resolution multi-view

synthesis. Analysis of the diffusion transformer architec-

ture reveals that self-attention with the reference image,

Plücker coordinates with SIREN, and Spatial Anchor are

all essential for high-fidelity multi-view human generation.

Pippo achieves, for the first time, consistent multi-view hu-

man image generation at 1K resolution. We also show that

our proposed 3D consistency metric enables evaluation of

3D consistency without paired ground-truth data. One of

the limitations of our approach is the limited number of si-

multaneously generated views, originating from large con-

text length and memory constraints, which can be tackled

with parallelization techniques and autoregressive genera-

tion. Extending our approach to multi-view consistent video

generation will be addressed in future work.
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