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SenseNova-Ul: Unifying Multimodal Understanding and
Generation with NEO-unify Architecture

Abstract

Recent large vision—language models (VLMs) remain fundamentally constrained by a persistent dichotomy:
understanding and generation are treated as distinct problems, leading to fragmented architectures, cascaded
pipelines, and misaligned representation spaces. We argue that this divide is not merely an engineering
artifact, but a structural limitation that hinders the emergence of native multimodal intelligence. Hence, we
introduce SenseNova-Ul, a native unified multimodal paradigm built upon NEO-unify [112], in which
understanding and generation evolve as synergistic views of a single underlying process.

We launch two native unified variants, SenseNova-U1-8B-MoT and SenseNova-U1-A3B-MoT, built
on dense (8B) and mixture-of-experts (30B-A3B) understanding baselines, respectively. Designed from
first principles, they rival top-tier understanding-only VLMs across text understanding, vision—language
perception, knowledge reasoning, agentic decision-making, and spatial intelligence. Meanwhile, they
deliver strong semantic consistency and visual fidelity, excelling in conventional or knowledge-intensive
any-to-image (X2I) synthesis, complex text-rich infographic generation, and interleaved vision—language
generation, with or without think patterns. Beyond performance, we show detailed model design, data
preprocessing, pre-/post-training, and inference strategies to support community research.

Last but not least, preliminary evidence demonstrates that our models extend beyond perception and
generation, performing strongly in vision—language—action (VLA) and world model (WM) scenarios. This
points toward a broader roadmap where models do not translate between modalities, but think-and-act
across them in a native manner. Multimodal Al is no longer about connecting separate systems, but about
building a unified one and trusting the necessary capabilities to emerge from within.

Official Demo: https://unify.light-ai.top/

GitHub Code: https://github.com/OpenSenseNova/SenseNova-Ul

HuggingFace Model: https://huggingface.co/collections/sensenova/sensenova-ul
NEO-unify Blog: https://huggingface.co/blog/sensenova/neo-unify (March 5, 2026)
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Figure 1 Showcases of SenseNova-U1-8B-MoT in infographics and human generation.
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Figure 2 Showcases of SenseNova-U1-8B-MoT in image editing and interleaved generation.
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1 Introduction

Recent advances in multimodal foundation models [2, 60, 134] have markedly enhanced both perception and generation
across vision and language. Yet these capabilities have largely evolved in isolation. This divide stems from the
underlying system design: understanding is typically mediated by pretrained vision encoders (VEs) [107, 118, 163],
whereas generation relies on latent variational autoencoders (VAEs) [58, 152]. These choices impose distinct learning
objectives [58, 107] and training pipelines [1, 67, 79, 109], resulting in divergent feature representations that bifurcate
multimodal modeling into separate regimes. Consequently, early unified multimodal models (UMMs) [14, 18, 28,
75, 139, 140] remain loosely integrated, with perception and generation connected through different tokenizers, latent
spaces, or auxiliary modules rather than being learned jointly within a truly unified system.

Against this backdrop, native vision—language models (VLMs) have emerged along two distinct directions. One casts
multimodality as an extension of language, mapping all modalities into discrete tokens within a unified autoregressive
framework [23, 73, 78, 90, 116, 122, 125, 135]. While enabling seamless cross-modal reasoning, this discretization
inevitably compresses non-linguistic signals into lossy representations, constraining both high-level semantics and visual
fidelity. The other instead pursues a unified continuous visual interface spanning understanding and generation [35,
84, 127, 152, 168, 170], seeking to reconcile conceptual structure with high-fidelity reconstruction within a shared
representation space — but often with trade-offs. Yet neither resolves the fundamental tension between semantic
abstraction and pixel-level granularity. This leaves open a central question: can multimodal intelligence be unified in a
truly native form, breaking free from latent bottlenecks and intermediate representations?

We return to the first principles: building a model that directly engages with native inputs (i.e. pixels and words), and
steps beyond representation arguments or pre-trained priors. Crucially, we dispense with both pretrained vision encoders
and deep decoder heads, yielding a unified architecture that supports concise and scalable training. Hence, we introduce
SenseNova-Ul, a native unified multimodal paradigm built on the NEO-unify [112] model. As a first step toward truly
end-to-end unification, it learns directly from lossless inputs and self-organizes potential representation spaces tailored
to diverse application scenarios. Specifically, it incorporates: (i) a near-lossless visual interface that simultaneously
preserves semantic structure and fine-grained pixel detail without any pretrained VEs or VAE:s; (ii) a unified end-to-end
modeling over raw inputs that jointly couples autoregressive cross-entropy for language with pixel-space flow matching
for vision; (iii) a native mixture-of-transformers (MoT) architecture that synergizes understanding and generation in an
intrinsically multimodal system with minimal objective interference and powerful scaling efficiency.

We launch two variants, SenseNova-U1-8B-MoT and SenseNova-U1-A3B-MoT, built upon dense (8B) and mixture-
of-experts (30B-A3B) multimodal understanding backbones, respectively. Both models adopt a native MoT architec-
ture, enabling efficient scaling while reducing interference across heterogeneous multimodal objectives. Empirically,
SenseNova-U1 rivals top-tier understanding-only VLMs across text understanding, vision-language perception, knowl-
edge reasoning, agentic decision-making, and spatial intelligence, while simultaneously achieving strong any-to-image
(X2I) generation performance under a 32 x compression ratio across conventional, knowledge-intensive, and text-rich
scenarios. Beyond them, it supports visual-centric reasoning and coherent interleaved generation across modalities,
enabling applications such as illustrated guides, visual storytelling, presentations, posters, comics, resumes, and other
information-dense visual formats requiring structured layout generation and high-fidelity rendering. Overall, SenseNova-
Ul sets a brand-new paradigm for unified multimodal understanding and generation, outperforming prior open-source
models across a wide range of understanding, reasoning, and generation benchmarks.

Preliminary experiments further suggest promising capabilities in vision—language—action (VLA) and world modeling
(WM), indicating that our models can reason and act natively across modalities without relying on external adapters
or modular bridges. More broadly, SenseNova-U1 points toward a shift in multimodal AI: from connecting separate
modality-specific systems to learning perception, reasoning, and generation within a natively unified architecture.

2 Related Works

2.1 Native Multimodal Models

Recently, vision—-language models (VLMs) [2, 47, 52, 57, 106, 115, 134] have rapidly advanced multimodal under-
standing by coupling visual encoders (VEs) with large language models (LLMs), through either staged pretraining
or joint optimization. Despite their success, such designs inherit pretrained semantic biases and introduce additional
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Figure 3 Overview of SenseNova-Ul. With extremely lightweight encoding and decoding interfaces, SenseNova-U1 enables
efficient and deeply correlated pixel-word correspondence within a single end-to-end architecture. As a native unified multimodal
paradigm, it jointly supports diverse application scenarios, including perception, synthesis, and interleaved vision-language generation.

complexity, along with inherent capacity trade-offs across components. This has motivated a shift toward native
multimodal backbones without VEs, as exemplified by Fuyu [4] and EVE [29]. Subsequent works push further by
efficiently constructing visual perception while mitigating vision—-language conflicts through distillation [29, 70, 131],
data mixing [19, 63], shared modules [121, 151], and modality decomposition [31, 88, 89]. Notably, NEO [30] advances
this line by exploring a native pixel-word primitive, substantially narrowing the gap with leading modular VLMs over
diverse understanding tasks. For years, visual generation has been dominated by low-dimensional VAE or VQ-VAE
latents [58, 128], with heavy compression limiting semantic expressivity under reconstruction-driven objectives. Al-
though recent efforts [64, 152] enrich these latents with pretrained representations or auxiliary objectives, they remain
fundamentally constrained by the compression bottleneck and fragmented training pipelines. In parallel, emerging
works [17, 20, 69, 158] validate that direct pixel-space modeling can rival or even surpass latent diffusion, pointing
toward a fundamentally new direction via fully end-to-end optimization from raw pixels.

2.2 Native Multimodal Unified Models

Early efforts to unify multimodal understanding and generation have largely converged on shared backbones, as
exemplified by Show-o [145, 146], Janus [18, 92, 140], OmniGen [141, 144], and BAGEL [28]. While these systems
demonstrate that perception and synthesis can coexist within a single model, they remain split across fundamentally
different tokenizers, diffusion heads, or decoupled pathways, reflecting a deeper mismatch between understanding
and generation. A complementary line of work shifts the focus to the visual interface itself, including shared discrete
tokenizers [76, 90, 105, 143, 167] or continuous representation-based autoencoder [13, 35, 84, 113, 127, 161, 168].
These approaches partially reconcile perception and synthesis, yet remain fundamentally constrained by intermediate
representations, where semantic structure and visual fidelity must be traded against each other.

Native multimodal modeling is increasingly diverging along two distinct directions. Discrete unified models [23, 66, 73,
78, 122, 125, 135] recast multimodal learning as token-level autoregression, achieving architectural unification while
sacrificing visual fidelity and expressivity under discrete tokenization. In parallel, continuous native approaches pursue
end-to-end modeling without explicit tokenizers or latent bottlenecks. NEO-unify [112] takes a first step toward this
direction by learning directly from near-lossless inputs, achieving strong performance across diverse understanding
and generation tasks. Tuna-2 [85] further demonstrates that pixel-space modeling can match latent-space methods,
reinforcing the view that high-fidelity generation need not rely on compressed representations. Notably, SenseNova-U1
builds on NEO-unify [112] by scaling this paradigm across data corpus, model capacity, and application scenarios,
moving toward a truly unified foundation in which multimodal intelligence emerges natively.
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Figure 4 SenseNova-U1 built on NEO-unify: one native paradigm for multimodal understanding and generation. SenseNova-
U1 operates directly on native pixel and text inputs without relying on separate VEs or VAEs. The framework combines a near-lossless
visual interface, implemented with two-layer convolutional encoding and MLP-like decoding layers, together with a native Mixture-
of-Transformers (MoT) main architecture. Despite using a 32 compression ratio, it delivers strong performance across a broad

range of understanding and generation tasks, while substantially simplifying system design and improving computational efficiency.

3 Methodology

For years, multimodal models have relied on a vision encoder (VE) for perception and a variational autoencoder (VAE)
for generation. Recent efforts attempt to unify these components through shared tokenizers, yet remain constrained by
representational trade-offs. SenseNova-U1 returns to first principles, introducing a native, unified, end-to-end framework
that operates directly on pixels and words, eliminating reliance on pretrained encoder priors and the scaling limitations
imposed by fixed representations. The overall framework is illustrated in Figure 4.

3.1 Near-Lossless Visual Interface

Patch Encoding Layer. We follow NEO [30] to construct lightweight patch encoding layers. Given an input image
or noise, we map it into a sequence of visual tokens using two convolutional layers with GELU activation and 2D
sinusoidal positional encoding. The convolutional strides are set to 16 and 2, so that each token corresponds to a 32
x 32 image patch. Two special <img> and </img> tokens are used to delimit visual content. Besides, text words are
encoded using the original tokenizer of the underlying language model without modification. After that, visual and
textual tokens are projected into a shared embedding space and processed jointly within a unified backbone.

Patch Decoding Layer. The understanding stream uses a linear projection head to map tokens to the word vocabulary
for text prediction. The generation stream directly predicts pixel patches via a multi-layer perceptron (MLP) head,
bypassing deep diffusion heads and VAE decoders. This design enables fully end-to-end learning of the representation
space, free from the inductive biases and representational constraints imposed by intermediate modules.

Dynamic Noise Scale. Because the generation stream operates over varying resolutions, a naive unit-variance prior
z1 ~ N(0,I) becomes mismatched to the signal scale, leading to inconsistent signal-to-noise ratios (SNRs) across
resolutions at the same flow timestep. To address this, we introduce a resolution-adaptive noise scale or. Let
N(H,W) = (H - W)/32% denote the number of generation tokens for an image of size H x W, and let Ny be a
reference token count. We define: og(H, W) = o9+/N(H, W)/ Ny, where o is a base noise scale. During training,
terminal noise is sampled from a Gaussian distribution scaled by ogr, which also initializes the flow ordinary differential
equation (ODE) at inference. Intuitively, the square-root scaling preserves approximately constant per-token noise
energy from low to high resolutions, ensuring a consistent SNR distribution for flow matching.

Noise-Scale Conditioning. Since o varies with image resolutions, we explicitly feed it to the denoiser. We normalize
the scale as & = or/omax € [0, 1] and encode it using a dedicated sinusoidal MLP embedder NSEmb(-). The resulting
embedding is combined with the timestep embedding 7 to form the conditioning signal: s, = 7, + NSEmb (c‘r(H , W)),
where s; denotes the joint time and noise-scale conditioning applied to the input image tokens.



Configuration SenseNova-U1-8B-MoT SenseNova-U1-A3B-MoT

Patch Size 32 x 32 32 x 32
Pre-Buffer v X

# Num Layers 42 48

# Num Heads (Q / KV) 32/8 32/4

Head Size (T/H/ W) 64/32/32 64/32/32
Hidden Size 4,096 2,048

# Und / Gen Experts 1/1 128 /32 (AB)

# Und / Gen Parameters 8.2B/8.2B 30.0B / 8.2B (A3B)

Table 1 Architectural configurations of SenseNova-U1 variants: SenseNova-U1-8B-MoT & SenseNova-U1-A3B-MoT.

3.2 Native Multimodal Unified Modeling

Improved Native Primitive. We refine the native VLM primitive from NEO [30] as the base transformer block. Its
native rotary position embedding (Native RoPE) unifies temporal and spatial encoding within a single representation.
Text tokens evolve along the temporal axis 7" with = W = 0, while image tokens additionally carry spatial indices
along height H and width W. The new design reallocates pretrained LLM head dimensions across the 7', H, and
W axes, each associated with independent frequency bases and incurring no additional parameters. It is applied to
the Query and Key projections, along with their corresponding normalizations, all initialized from the understanding
backbone. Besides, we maintain native multimodal attention that jointly supports language and vision modeling.

Native Mixture-of-Transformers. At the core of SenseNova-Ul1 is a native Mixture-of-Transformers (MoT) backbone
that unifies understanding and generation within a monolithic framework. The understanding stream processes clean
image and text inputs, while the generation stream operates on noise-conditioned inputs. All modalities are represented
within a single sequence and processed under a shared self-attention mechanism, enabling perception and synthesis
to interact natively at every layer. Here, text tokens attend causally to preceding tokens only. Image tokens within the
same block attend bidirectionally to one another while remaining causally conditioned on all preceding context. Noise
tokens within each image block also attend bidirectionally, with full access to clean inputs, whereas clean tokens are
prevented from attending to any noise tokens. Crucially, we adopt full parameter decoupling between the two streams,
with separate projections, normalizations, and feedforward blocks dynamically routed by token type at each layer.

Model Variants. SenseNova-U1 is instantiated at two scales (detailed model configurations are provided in Table 1):

* SenseNova-U1-8B-MoT. The shallow Pre-Buffer layers map raw pixel and text inputs into a unified representation,
while the Post-LLM layers retain the linguistic proficiency and reasoning capabilities of a pretrained LLM. Besides,
both streams are instantiated as dense 8B networks in a symmetric parallel configuration.

* SenseNova-U1-A3B-MoT. To scale efficiently, we extend the MoT framework with stream-wise mixture-of-
experts (MoE) without Pre-Buffer layers. The understanding stream employs 128 experts with a total of 30B
parameters, while the generation stream uses 32 experts totaling 8B parameters. A top-k routing strategy activates
8 experts per token in each stream, resulting in approximately 3B active parameters during inference.

3.3 Joint Training Objective

SenseNova-U1 is optimized end-to-end with text and visual generation objectives weighted by A; and \o:

L:total = )\1£Und + )\QEGen (l)
Autoregressive Text Loss. For understanding tasks, we employ standard next-token prediction as follows:
1N
Lyna = _N 7; log pg (xn ‘ T<ny C) ()

where z,, denotes the n-th text token, z ., the preceding tokens, and c the multimodal context tokens.



Pixel-Space Flow Matching. For visual generation, we follow the former JiT [69] with x-predict and v-loss, operating
directly in the pixel-level space. Given a clean image x € R**#*W and a Gaussian sample € ~ N(0,), we form the
noisy sample along the rectified-flow interpolant, formulated as follows:

z; =tx+ (1 —t)ogre, t €10,1], 3)

where ¢ = 0 corresponds to pure noise (zg = or€), and ¢ = 1 corresponds to the clean image (z; = x). Note that o
denotes the resolution-adaptive noise scale. The unified framework directly regresses the clean signal Xy, which is then
converted into a velocity term for v-loss computation as follows:

Xg(z¢,t,8¢) — 24

t) = 4
Ve(zta ) 1 —¢ 9 ( )
where s; is joint time-and-noise-scale conditioning. We adopt mean squared error (MSE) for velocity-space loss,
2 X—1z
LGen = Et,x,e,(H,W)[ HVO(Ztyt) - V*HQ }, v = T tt- ©)

Classifier-Free Guidance. For generation tasks, including text-to-image synthesis, image editing, and interleaved
image—text generation, we adopt a unified classifier-free guidance formulation that independently modulates the influence
of textual and visual conditions. Let ¢ denote the text condition and ¢y, the visual context. During training, we
randomly drop the text condition with probability 10%, and drop both text and image conditions with an additional
probability of 10%, enabling the model to learn conditional, image-only, and unconditional generation within a single
framework. During inference, the guided score is formulated as:

Vx Ing(X ‘ Cimg, Ctxt) = 'Y(VX logp(x | Cimg, Ctxt) — Vx logp(x | Cimg))
(6)
+ Yimg (VX log p(x | Cimg) — Vx logp(x)) + Vi log p(x).

Here, «y controls text guidance and ~;,,¢ controls image-context guidance. Empirically, v = 4 and 7, = 1 consistently
yield the best performance across X2I tasks, suggesting that explicit image-context guidance plays a comparatively
minor role. This observation implies that the model already captures visual conditioning effectively, while stronger
guidance is primarily needed to enforce textual alignment. In practice, this guidance is applied to the predicted flow
velocity used for generation. Note that we apply a timestep shift of 3.0 and global CFG renormalization strategies.

3.4 Training Procedure
SenseNova-U1 is trained via progressive stages in Table 2 that incrementally build native multimodal capabilities.

Stage 1: Understanding Warmup. We initialize from a pretrained NEO [30] and perform two efficiency-oriented
adaptations: an attention-fusion phase that simplifies original QK projections and normalization, followed by a full-model
continuation phase that re-equilibrates the network under the enhanced attention modules.

(i) Attention-Fusion Phase. We unify NEO’s QK projections and normalization across the temporal and spatial axes
into a single shared set, halving the QK parameter footprint while preserving the native ROPE multi-axis structure and
maintaining separate frequency scaling for temporal (rope theta = 5,000,000) and spatial dimensions (rope theta =
10,000). To mitigate the short-term performance drop, we freeze the rest of the network and fine-tune only the attention
layers, including Q, K, V, and output projections as well as QK normalization, until the model recovers its pre-fusion
accuracy. Training data for this phase is drawn from an updated mid-training corpus described in Sec. 4.1.

(ii) Full-Model Continuation Phase. We then unfreeze the entire understanding branch and continue training on the
same updated mid-training corpus, using a learning rate of 2 x 10~°. The resulting model forms the understanding
backbone of SenseNova-Ul, providing rich contextual conditioning for subsequent generation phases.

Stage 2: Generation Pre-Training. With the understanding branch frozen, we pretrain the generation branch on
text-to-image data. It learns to synthesize pixel patches directly via pixel-space flow matching, conditioned on the
semantic context from the frozen understanding branch. This stage establishes a stable generative foundation before
joint optimization. Specifically, we conduct the overall generation pre-training processes in three phases.



Stage1: Stage 2 : Generation Pre-Training Stage 3 : Stage 4 :

Understanding Warmup Phase I Phase I1 Phase 111 Unified Mid-Training | Unified SFT
Hyperparameters
Peak learning rate 2x107° 2x 107 1x 1074 1x107* 2x107° 2x107°
Min learning rate - - - 2x107° - 0
LR scheduler Constant Constant Constant Cosine decay Constant Cosine decay
Optimizer AdamW (31 = 0.9, B2 = 0.95, ¢ = 107%)
Weight decay 0.0 0.0 0.0 0.0 0.0 0.0
Gradient norm clip 1.0 1.0 1.0 1.0 1.0 1.0
EMA ratio - 0.9999 0.9999 0.9999 0.999 0.999
Training steps 120K 120K 60K 120K 84K 9K
Warmup Steps - 2000 2000 2000 2000 100
Loss weight (CE : MSE) 1:0 0:1 0:1 0:1 0.1:1 0.1:1
Und resolution 2562 — 40967 - - - 2567 — 40967 2567 — 40967
Gen resolution - 2567 — 5127 | 512% — 20487 | 512% — 2048° 5122 — 20487 5122 — 20487
Seq Length 32768 8192 16384 16384 32768 32768
Time shift - = —0.8,0 = 0.8 in the logit-normal ¢-sampler
Noise scale - 00y/N/No, 00 = 1, No = 64 (0 € [1,8] for N € [64,4096])
# Training tokens 0.75T 025T | 025T | 088T | 1.19T | oa3T
Data sampling ratio
Understanding data 1.00 0.00 0.00 0.00 0.33 0.33
Generation data 0.00 1.00 1.00 0.56 0.37 0.37
Editing data 0.00 0.00 0.00 0.37 0.24 0.24
Interleave data 0.00 0.00 0.00 0.07 0.06 0.06

Table 2 Training recipe of SenseNova-U1 from Stage 1 to Stage 4. Stage 2 is divided into three phases for generation pre-training.

In Phase I, we train on text-to-image data with resolutions ranging from 256 x 256 to 1024 x 1024 pixels, resizing
images larger than 512 x 512 to 512 x 512 while preserving aspect ratios. This phase runs for 120K steps with a
constant learning rate of 2 x 10~%. In Phase II, we continue training on samples with resolution no smaller than 5122
pixels, resizing images larger than 2048 x 2048 to 2048 x 2048. This phase lasts for 60K steps, using a learning rate
of 1 x 10~%. In Phase III, we introduce image-editing, reasoning, and interleaved image—text generation data for an
additional 120K steps, progressively expanding the model’s generative capabilities over diverse application scenarios.
The entire training uses a cosine learning-rate schedule that decays from 1 x 10~% to 2 x 10~°. For the A3B variant, we
apply a MoE balance loss coefficient of 5 x 10~2 to ensure balanced expert utilization in the generation branch.

Stage 3: Unified Mid-Training. Both branches are jointly trained end-to-end on a curated mixture of understanding
and generation data, allowing the MoT backbone to develop coherent shared representations across various tasks.

The training mixture includes text-only & multimodal understanding, text-to-image generation, image editing, and
interleaved image—text data, with sampling ratios of 0.33 : 0.37 : 0.24 : 0.06, respectively. We train the full model
framework for 84K steps (nearly converges within 40K steps with <80M data) with a constant learning rate of 2 x 1075,
For joint optimization, we set the loss weights in Eq.(1) to A; = 0.1 and A\ = 1.0. Specifically for the A3B variant, we
apply a MoE balance loss coefficient of 1 x 10~3 to both the generation and understanding branches.

Stage 4: Unified Supervised Fine-Tuning. The full model is fine-tuned on high-quality, instruction-following data
spanning both understanding and generation tasks, including multimodal dialogue, image generation, editing, and
interleaved data. This stage sharpens instruction alignment and task-specific performance across modalities.

We use the same data mixture as in Stage 3, covering understanding, text-to-image generation, image editing, and
interleaved image—text data. The full model is further fine-tuned for 9k steps with a cosine learning-rate schedule
decaying from 2 x 1075 to 0. We retain the same loss weights as in Stage 3, with \; = 0.1 and Ay = 1.0 in Eq.(1).

Stage 5: Post Training for T2I Generation. We present the post-training recipe for SenseNova-U1 via an initial
round of text-to-image generation training, which leverages reinforcement learning (RL) following Flow-GRPO [80] to
improve generation quality, and employs Distribution Matching Distillation [157] to enhance efficiency.

10



Dynamic Resolution Warmup. Since different resolutions exhibit significant reward variance, we introduce a warmup
strategy to improve training stability. The candidate resolution set is constructed from aspect ratios {1:1, 16:9, 9:16, 3:2, 2:3}
and target image areas {15362,20482}, each assigned a base sampling probability p;. We assign each resolution a
difficulty score d; € [0, 1] based on its aspect ratio and pixel count, and gate the sampling probabilities as:

i E 1‘11’171 — U4
b = pi-clamp(mm(e/ = )—d 11,0, 1), 7)

where e is current epoch, Ey,m is warmup duration, and § = 0.3 is a smoothing margin. The gated probabilities are then
renormalized for sampling, starting from easier configurations and progressively incorporating more challenging ones.

Reward Function Design. We employ three reward components in our RL training pipeline as follows:

* Text Rendering Reward. For text-rendering tasks, we use PaddleOCR [22] to extract text T from generated
images and compare it with the ground-truth 7. The reward is based on Intersection-over-Union (IoU):

L _le@ne) ®)
e uer))

where C(-) denotes the Counter of texts, and N, U represent multi-set intersection and union, respectively.

* Style Following Reward. For prompts with explicit style constraints, we use a VLM judge [47] to assess whether
the generated image follows the specified style. The judge assigns a discrete score s € {1,2, 3,4}, linearly
mapped to a style reward rg, € [0, 1], where 0 indicates a complete mismatch and 1 denotes a perfect match.

* Aesthetic Reward. For aesthetic and preference alignment, we use Human Preference Score (HPSv3) [93] as an
aesthetic quality reward. Given a generated image x and its prompt p, the aesthetic reward r,.s = Hys(X, p),
where r,¢5 denotes the image—text preference score and H, 3 is its corresponding scorer.

(i) Text Rendering RL Training. The training is conducted using text-rendering prompts in both English and Chinese,
with the text rendering reward o serving as the optimization signal. The model is trained for 600 epochs with a
learning rate of 1 x 107° and a KL coefficient 3 = 0.01. In each epoch, we sample N = 48 prompts, and for each
prompt generate K = 16 images (i.e., 48 x 16 samples in total) using 10-step flow matching, with a guidance scale of
4.0 and a noise level of 0.7. A dynamic-resolution warmup is applied for the first Eyam = 200 epochs.

(ii) Unified General RL Training. This stage further improves image generation quality through interleaved multi-
reward training: text rendering, style following, and general visual quality. To balance these heterogeneous objectives,
we organize the training data into two reward groups and adopt an interleaved training strategy, where the active reward
group alternates every training epoch. The two reward groups are defined as follows:

e Group 1: Text Rendering & Style Following. This group uses text-rendering prompts with style constraints. The
composite reward combines text accuracy and overall style, following:

T =Tocr t+ )\sty * Tstys (&)
where )y, controls the relative weight of the style following reward.

* Group 2: Human Preference and Aesthetics. This group uses general image generation prompts and adopts s
to assess aesthetics. Notably, it tends to favor darker backgrounds, with limited benefit to OCR performance.

We interleave the two reward groups at every epoch. The coefficient gy is set to 0.5. The 8B variant is trained for 1,600
epochs, with all other hyperparameters consistent with the previous stage. The A3B variant is trained for 200 epochs
and leaves room for further improvement. Here, we freeze the understanding branch, the last three transformer layers,
and the MLP head of the generation branch to mitigate grid artifacts. This issue likely arises because the final FFN
layer and the MLP head model disjoint 32 x 32 pixel patches independently. A promising direction for future work is to
replace the MLP head with PixelShuffle modules followed by two convolutional layers to further alleviate this issue.
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Figure 5 Disaggregated inference architecture of SenseNova-Ul. LIGHTLLM serves multimodal understanding, text streaming,
and control flow, while LIGHTX2V serves image generation. The two engines exchange generation state through pinned shared
memory, enabling independent scheduling, parallelism, and resource allocation.

Stage 6: CFG & Step Distillation. 'We employ distribution matching distillation (DMD?2) [157] to reduce the number
of function evaluations (NFE) for image synthesis from 100 to 8 for impressive efficiency. It involves three models: a
generator G to be distilled, a fake flow model F’ that estimates the score of the evolving generative distribution, and a
teacher 71" that models the score of the target data distribution. All three are initialized from the teacher model.

During distillation, only the generation branch is optimized, including the MoT parameters as well as the patch
encoding and decoding layers. The distillation process is performed in a unified setting, where text-to-image, editing,
and interleaved data are jointly used for training. For editing and interleaved generation, backward simulation uses
ground-truth images as references. We follow the hyperparameter settings of Phased DMD [36]. The generator G is
updated once every five updates of F. G is optimized with AdamW optimizer at a learning rate of 2 x 1075, betas
of (0.0,0.999), and weight decay of 0.01, while F uses a learning rate of 4 x 10~7 with the same optimizer settings.
Backward simulation employs an Euler solver with a timestep shift of 3.0, and the CFG scale is set to 4.0.

3.5 Inference Infrastructure

Although SenseNova-U1 is exposed to users as a unified multimodal model, its understanding and generation pathways
have different inference characteristics. The understanding path is dominated by multimodal prefill, autoregressive text
decoding, streaming, batching, and control-flow management, while the image generation path is dominated by iterative
pixel-space denoising with different parallelism and memory-access patterns. Serving both paths in a single monolithic
runtime would unnecessarily couple their scheduling policies, parallelization strategies, and resource budgets.

Disaggregated Deployment. We adopt a disaggregated inference architecture using two specialized open-source engines:
LIGHTLLM [44, 97] for multimodal understanding, text streaming, and request orchestration, and LIGHTX2V [98] for
image generation. The two engines exchange generation state through pinned shared memory and optimized transfer
kernels, preserving a unified API abstraction while allowing each execution path to be independently optimized.

This design brings three practical benefits. First, it enables different parallelization strategies for different workloads: the
understanding engine uses LLM-oriented Tensor Parallelism (TP), while the generation engine uses diffusion-oriented
strategies, e.g., Classifier-Free Guidance Parallelism (CFG Parallelism) or Sequence Parallelism (SP). Second, it supports
independent resource allocation, including separate GPU groups, memory budgets, and batching policies. Third, it
improves operational isolation, so text-heavy and image-heavy traffic can be scaled, profiled, and tuned independently.

The infrastructure supports both separate and colocate deployments. In separate mode, LIGHTLLM and LIGHTX2V run
on distinct GPU groups, which is preferred in production because it provides clear bottleneck attribution and independent
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Figure 6 Hybrid attention pattern for unified multimodal prefill. Text rows follow the standard causal mask, while image rows
can attend to the full preceding text prefix and the entire image span. The serving kernel preserves the causal fast path for pure-text
blocks and only expands the key range for blocks that contain image tokens.

scaling. In colocate mode, the two engines run as separate processes on the same GPU group, which is useful for
lightweight validation, smaller hardware configurations, or deployment scenarios where the image generation workload
is substantially higher than the understanding workload. For 2048 x 2048 image generation with SenseNova-U1-8B-MoT,
both modes support a TP2+CFG2 configuration. In separate mode, the per-step latencies on 5090 and L40S GPUs are
0.415 and 0.443 seconds, respectively. Because the generation-stage key-value cache is provided by the understanding
module, text-to-image generation and image editing share similar runtime characteristics.

Hybrid Attention Kernel. A key systems challenge in unified multimodal prefill is the hybrid attention pattern: text
rows remain causal, while image rows attend to the full text prefix and the full image span. This preserves standard
autoregressive behavior for text tokens while allowing bidirectional interaction within image tokens.

To support this efficiently, we introduce an optional b_image_token_end in the attention kernel. The kernel makes the
masking decision at the M-block level. If an M-block contains no image token, it keeps the standard causal key range.
Otherwise, its key range is extended to the image-span end, so image rows can attend to the text prefix and the full
image span. This design preserves the causal fast path for pure-text blocks and only introduces extra computation for
blocks containing image tokens. We implement this mechanism in both a Triton kernel and a modified FlashAttention3
backend. The Triton version is easier to integrate, while the FlashAttention3 version provides higher throughput.

4 Data Construction

4.1 Understanding Data Organization

Pre-training Stage. The training corpus comprises large-scale web text, image-text pairs, and interleaved multimodal
documents, organized into four categories: image-text pairs (32%), captions (17%), infographic understanding (14%),
and pure text (37%). The data curation pipeline includes four stages: cross-source deduplication, content and safety
filtering, image quality filtering, and CLIP-ratio-balanced re-captioning to ensure balanced alignment across the corpus.

Mid-training Stage. This stage is primarily drawn from internal SenseNova V6.5 datasets, spanning four categories:
General (39.2%), Agent and Spatial (22.3%), Knowledge Reasoning (19.3%), and Pure Text (19.2%). The General
category is further divided into general visual question answering (26.6%), multi-turn dialogue (26.4%), captioning
(20.3%), OCR (18.6%), and multi-image understanding (8.2%), while Knowledge Reasoning includes knowledge-
oriented (12.0%) and reasoning-oriented (7.2%) data. To ensure quality and diversity, we adopt a three-stage curation
pipeline in Figure 7: distribution-balanced sampling, prompt augmentation, and multi-criteria filtering.

(1) Distribution-Balanced Sampling. We adopt a two-stage process to extract a diverse subset from the initial pool.
First, CLIP-based diversity sampling clusters visual embeddings via K -means and samples uniformly across clusters to
improve long-tail coverage. This is followed by attribute profiling, which evaluates each sample along perceptual and
semantic dimensions and applies stratified sampling to ensure balanced representation across attribute tiers.
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Figure 7 Data processing pipeline for the understanding corpus. Large-scale multimodal instruction data are curated across
ten vertical domains through a systematic process consisting of distribution-balanced data curation, prompt augmentation, and
multi-criteria quality filtering, producing a high-quality and diverse data corpus for the midtraining process.

(i) Prompt Augmentation. To improve the diversity and complexity of training instructions, we augment the initial
prompts along four dimensions: semantic expression, format and structural constraints, role and scenario, and task
complexity, ranging from perceptual recall to compositional reasoning. After prompt augmentation, all answers are
uniformly regenerated to ensure consistent quality and stylistic coherence across the whole corpus.

(iii) Multi-Criteria Filtering. To ensure dataset fidelity, we employ an automated model-based scoring pipeline to
evaluate each question-answering (QA) pair across three dimensions: correctness verification against ground-truth
annotations, hallucination detection to penalize visually unsupported fabrications, and instruction-following assessment
to measure alignment with specified constraints such as formatting and persona.

Supervised Fine-Tuning. The final SFT corpus is organized along fine-grained, capability-atomic dimensions to enable
precise control over the supervision mixture. The distribution spans spatial intelligence (~15%), general multimodal
understanding (~13%), reasoning (~12%), general NLP (~11%), OCR and document analysis (~11%), agentic function
calling (~10%), long-context conversation (~8%), code (~6%), multi-turn dialogue (~4%), complex compositional
understanding (~4%), and supplementary data covering additional capabilities for the remaining proportion.

Rather than recollecting data from scratch, we refine the midtraining candidate pool with a dual emphasis on quality and
difficulty. For quality-oriented selection, we reuse the multi-criteria filtering framework from midtraining, scoring each
candidate across visual fidelity, instruction clarity, response correctness, reasoning quality, and safety, while increasing
the sampling proportion of high-scoring examples relative to midtraining. For difficulty-oriented reconstruction, we
rebalance supervision along three axes: composing longer and structurally richer instances by concatenating short
samples into long-context, multi-image, and multi-turn settings; applying rejection sampling for reasoning-intensive
domains to retain examples in the intermediate difficulty regime where learning is most effective; and rewriting
under-specified queries to inject explicit constraints on output format, stylistic attributes, and target granularity.

4.2 Generation Data Organization

To balance broad coverage with high fidelity, we curate a large-scale generation corpus spanning text-to-image and
image-editing data, organized into four domains: Nature, Design, People, and Synthetic. As shown in Figure 8, the
distribution is carefully balanced across domains while preserving a pronounced long tail of natural, synthetic, and
text-rich content. All samples are processed through the unified pipeline in Figure 9, combining low-level filtering,
deduplication, VLM-based captioning, and quality-aware filtering to ensure a consistent standard of quality.
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Figure 9 Data processing pipeline for the generation corpus. The same four-stage flow, i.e., low-level filtering, deduplication,
VLM captioning, and quality filtering, is applied to T2I and image editing to ensure high-quality and diverse generation data.

Text-to-Image Data. The entire corpus is composed of Nature (~40.5%), People (~26.7%), and Design (~20.7%),
and further enriched with complex infographics and bilingual text rendering data, along with a long tail of fine-grained
subclasses such as posters, charts, and cityscapes. This diversity provides broad visual coverage, structured layouts, and
text-intensive scenarios, which foster strong visual priors, aesthetic quality, and robust text-rendering ability.

Image Editing Data. The editing corpus is primarily sourced from web-scale data. For in-domain data, it reflects similar
diversity at content and operation levels. For content level, natural scenes (~52.3%) and human subjects (~14.7%)
dominate real-world coverage, with the remainder consisting of infographic and synthetic edits. For operation level, the
data spans subject addition and removal, background and color changes, identity transfer, motion manipulation, portrait
editing, compositing, and reasoning-driven transformations. Beyond standard filtering, each editing pair is further
validated by decomposing its instruction into dynamic objectives that specify what should change and what must remain
unchanged. These objectives are jointly verified with a static physical-consistency constraint against source image.

Interleaved Data. To strengthen interleaved reasoning and generation, we construct a compact vision—text corpus
in which sequences alternate between text and images to form coherent multimodal narratives [23, 148]. The corpus
spans four complementary categories: Video, Lifestyle, Infographics, and Reasoning domains, each targeting distinct
capabilities, and is built under a unified pipeline of preprocessing, task-specific synthesis, and post-processing that
jointly verifies text quality, image quality, image—text consistency, and trajectory-level correctness. As shown in Figure 8,
lifestyle data dominates at roughly 44%, including tutorials (26%), daily-life scenarios (14%), and picture books (4%).
Infographics account for about 29%, providing dense supervision for text-rich page synthesis. Video contributes around
19%, capturing temporal continuity and world dynamics. Reasoning comprises approximately 8% and represents the
most reasoning-intensive subset, as each sample includes an explicit chain-of-thought trace.
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Benchmark SenseNova-Ul Qwen3VL Qwen3.5 SenseNova-Ul Qwen3VL Qwen3.5 Gemma4 LongCat-Next

8B-Think 8B-Think 9B 30BA3B-Think 30BA3B-Think 35BA3B 26BA4B 68BA3B
STEM & Reasoning
MMMU [159] 74.78 74.10 78.40 80.55 76.00 81.40 76.56 70.60
MMMU-Pro [160] 67.69 60.40 70.10 72.83 63.00 75.10 73.80 60.30
MathVistamini [87] 84.20 81.40 85.70 85.30 81.90 86.20 72.70 83.10
MathVision [132] 75.82 62.70 78.90 79.63 65.70 83.90 68.95 64.70
General VQA
MMBench-EN [82] 90.25 87.50 90.10 91.59 88.90 91.50 91.68 -
MMStar [16] 78.27 75.30 79.70 80.92 75.50 91.90 76.93 69.30
OCR
InfoVQA [94] 82.46 86.00 90.76 83.04 86.00 94.22 - 83.30
OCRBench-v2 [37] 61.30 61.55 66.54 68.64 61.50 73.71 - 58.90
AI2D [51] 91.74 84.90 90.20 92.23 86.90 92.60 86.04 -
OCRBench [83] 82.10 81.90 89.20 91.90 83.90 91.00 86.30 86.50
Hallucination
HallusionBench [49] 67.75 65.40 69.30 ‘ 68.95 66.00 67.90 - -
Visual Reasoning
BabyVision [15] 25.00 17.78 25.80 31.70 18.60 29.60 11.34 -
TiR [68] 28.15 22.30 31.90 29.30 22.50 42.30 24.19 -
Spatial Intelligence
VSI-Bench [150] 62.66 56.61%* 55.67* 56.90 51.56* 58.10%* 3291 -
ViewSpatial [65] 56.19 47.25 48.19 58.52 47.37 50.78 41.68 -
MindCube-Tiny [156] 62.01 43.17 57.59 70.86 40.86 63.46 48.84 -
3DSR-Bench [91] 64.88 54.48 56.77 62.96 55.55 66.60 53.61 -

Table 3 Quantitative evaluation results on multimodal understanding benchmarks. For spatial intelligence, we adopt EASI [9]
as the standard evaluation, using 32 input frames on VSI-Bench for all models. We observe that Qwen variants require 128-frame
inputs to reach their best performance; we report these results separately and mark them with an asterisk (¥).

5 Experiments

5.1 Main Results
5.1.1 Image Understanding

We evaluate SenseNova-U1 on various multimodal understanding and reasoning benchmarks, covering perception-
centric understanding, multimodal reasoning, OCR recognition, visual-centric reasoning, and spatial intelligence. Note
that we evaluate multimodal and pure-text understanding using EvalScope, following the LLM-as-a-judge paradigm
with the 11m_recall strategy and gpt-40-mini-2024-07-18 as the judge model. All experiments use a standardized
inference setup with temperature = 0.6, top_p = 0.95, top_k = 20, and repetition penalty = 1.00. To
support long-context multimodal reasoning, we set the maximum sequence length to 40,960 tokens and the request
timeout to 600 seconds, and enable internal reasoning via enable_thinking: true.

General Understanding. We report multimodal tasks including multimodal reasoning (MMMU [159], MMMU-
Pro [160], MathVista [87], MathVision [132]), general VLM understanding (MMBench-EN [82], MMStar [16]), OCR
(InfoVQA [94], OCRBench [83], OCRBench-v2 [37], AI2D [51]), hallucination detection (HallusionBench [49]), and
advanced visual reasoning (BabyVision [15], TiR [68]). For fair comparison, we prioritize official results when available
and otherwise re-evaluate baselines using vLLM under their recommended settings within the EvalScope framework.

In Table 3, our native SenseNova-U1 achieves strong performance, even without particular reinforcement learning
for understanding domains. It consistently outperforms strong baselines such as Qwen3VL-8B [2] built on the
same LLM [149] on multimodal reasoning benchmarks, while showing clear advantages in mathematical reasoning,
highlighting the effectiveness of the encoder-free architecture. In text-rich understanding, our models obtain notable
gains over both similarly sized and larger competitors [2, 27, 125]. On general vision-language benchmarks and
hallucination evaluation, SenseNova-U1 matches or surpasses leading models while preserving robust and grounded
predictions. Overall, compared to Qwen3.5 [106], SenseNova-U1 can achieve competitive performance across a wide
range of tasks while establishing a new frontier in efficient training and modeling through encoder-free architectures.
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SenseNova-Ul Qwen3VL Qwen3.5 SenseNova-Ul Qwen3VL Qwen3.5 Gemmad

Benchmark 8B-Think 8B-Think 9B 30BA3B-Think  30BA3B-Think 35BA3B 26BA4B
Knowledge
MMLU-Pro [136] 81.44 77.30 82.50 84.04 80.50 8530 84.89
MMLU-Redux [41] 87.61 88.80 91.10 89.44 90.90 93.30 91.91
C-Eval [55] 84.40 83.88 88.20 85.89 87.29 90.20 82.39
SuperGPQA [33] 49.67 51.20 58.20 50.71 56.40 63.40 61.88
Instruction Following
IFEval [171] 91.13 83.20 91.50 92.39 8170 91.90 _
TFBench [164] 67.01 29.93 64.50 79.79 34.69 70.20 2551
Agent

Tau2 [153] 7170 31.65 79.10 75.39 46.40 81.20 68.20
Claw eval [154] 58.90 21.70 65.40 58.50 22.10 36.50 60.60

Table 4 Quantitative evaluation results on language understanding benchmarks.

Spatial Intelligence. We employ EASTI [9] toolkit to evaluate performance across key spatial intelligence bench-
marks, covering capabilities such as metric measurement, spatial relations, perspective-taking, and comprehensive
reasoning [10]. SenseNova-U1 demonstrates remarkable performance on VSI-Bench [150], ViewSpatial [65], MindCube-
Tiny [156], and 3DSR-Bench [91], highlighting strong spatial intelligence across both high-level reasoning and low-level
geometric representation. These results suggest that native end-to-end multimodal modeling not only benefits semantic
and compositional spatial understanding, but also preserves fine-grained structural and geometric perception essential
for robust spatial reasoning. Note that the EAST protocol uses 32 input frames on VSI-Bench; we adopt this standard for
all models except the Qwen variants, which require 128-frame input for the best performance.

5.1.2 Text Understanding

General Understanding. We evaluate pure-text capabilities across two categories. For knowledge-intensive reasoning,
we report results on MMLU-Pro [136], MMLU-Redux [41], C-Eval [55], and SuperGPQA [33], covering broad
academic knowledge and advanced reasoning across disciplines and languages. For instruction following, we evaluate
on IFEval [171] and IFBench [164], which measure adherence to complex and constraint-heavy instructions.

As shown in Table 4, SenseNova-Ul demonstrates particularly strong gains in instruction following, consistently
outperforming the Qwen3.5 series on both IFEval and IFBench. These results indicate that native encoder-free
architectures can effectively handle complex, constraint-heavy instructions. It surpasses the Qwen3VL series and
narrows the gap with the Qwen3.5 series on MMLU-Pro and SuperGPQA, reflecting strong academic knowledge and
professional-level reasoning capabilities. Besides, strong text knowledge capability is further evidenced by consistent
trends on C-Eval and MMLU-Redux. These results demonstrate that our native models using fewer training resources
can rival the top-tier encoder-based architecture, further proving its effectiveness with efficient data-scaling capability.

Agentic Function. We evaluate the agentic capabilities of SenseNova-U1 on two complementary benchmarks: 72-
Bench [153] and Claw-Eval [154]. Specifically, 72-Bench focuses on end-to-end task completion across domains such as
Retail, Airline, and Telecom, requiring sustained interactions, adaptive tool use, and environment-aware decision making.
Claw-Eval instead emphasizes trustworthy agent behavior through trajectory-aware evaluation over task completion,
safety, and robustness, using execution traces, audit logs, and repeated-trial verification.

As shown in Table 4, SenseNova-U1 demonstrates powerful multi-turn reasoning and agent capabilities across both
72-Bench and Claw-Eval. Notably, our A3B variant consistently outperforms existing multimodal baselines [2] and
approaches the performance of substantially larger reasoning-oriented models [27, 106] despite using fewer active
parameters. In particular, SenseNova-U1 exhibits strong trajectory-level reliability, coherent long-horizon interaction,
and robust tool-use behavior in complex multi-step environments. We attribute the remaining gap to dense reasoning-
focused baselines partly to deliberate training trade-offs that prioritize high-fidelity multimodal generation and interleaved
vision-language capabilities. Nevertheless, these results highlight the effectiveness of our native multimodal framework
in sustaining trustworthy and capable agent behavior across diverse real-world scenarios.
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Model # Params \ Single Object Two Object Counting Colors Position Attribute Binding \ Overallt

Closed-source Models

GPT-Image-1 [100] - 0.99 0.92 0.85 0.92 0.75 0.61 0.84
Seedream 4.0 [111] - 0.99 0.92 0.72 0.91 0.76 0.74 0.84
Seedream 3.0 [38] - 0.99 0.96 0.91 0.93 0.47 0.80 0.84
Open-source Models
SenseNova-U1l 8BA3B 1.00 0.96 0.89 0.91 0.92 0.77 0.91
SenseNova-Ul 8B 1.00 0.96 0.92 0.92 0.91 0.76 0.91
Tuna [84] 7B 1.00 0.97 0.81 0.91 0.88 0.83 0.90
OneCAT [66] 9BA3B 1.00 0.96 0.84 0.94 0.84 0.80 0.90
NEO-unify [112] 8B 1.00 0.96 0.90 0.91 0.91 0.77 0.90
Mogao [74] 7B 1.00 0.97 0.83 0.93 0.84 0.80 0.89
Lumina-DiMOO [147] 8B 1.00 0.94 0.85 0.89 0.85 0.76 0.88
Qwen-Image [139] 20B 0.99 0.92 0.89 0.88 0.76 0.77 0.87
NEO-unify [112] 2B 0.99 0.92 0.89 0.86 0.77 0.76 0.87
Tuna-2 [85] 7B 0.99 0.96 0.80 0.91 0.84 0.76 0.87
InternVL-U [126] 1.7B 0.99 0.94 0.74 0.91 0.77 0.74 0.85
LongCat-Next [125] 68BA3B - - - - - - 0.84
Z-Image [7] 6B 1.00 0.94 0.78 0.93 0.62 0.77 0.84
BLIP3-0 [14] 1.4B - - - - - - 0.84
X-Omni [42] 12B 0.98 0.95 0.75 0.91 0.71 0.68 0.83
BAGEL [28] 7B 0.99 0.94 0.81 0.88 0.64 0.63 0.82
Janus-Pro [18] 7B 0.99 0.89 0.59 0.90 0.79 0.66 0.80
OmniGen?2 [141] 4B 1.00 0.95 0.64 0.88 0.55 0.76 0.80
UniWorld-V1 [75] 12B 0.99 0.93 0.79 0.89 0.49 0.70 0.80
Show-02 [146] 7B 1.00 0.87 0.58 0.92 0.52 0.62 0.76
SD3-Medium [34] 2B 0.99 0.94 0.72 0.89 0.33 0.60 0.74
Emu3.5 [23] 32B - - - - - - 0.73
FLUX.1-dev [60] 12B 0.98 0.81 0.74 0.79 0.22 0.45 0.66

Table 5 Quantitative evaluation results on GenEval. The parameters of the generation component are denoted as # Params; A in
this column denotes activated parameters, e.g., SBA3B means 8B total generation parameters with 3B activated during inference.

5.1.3 Image Generation

We evaluate SenseNova-U1 on text-to-image generation from complementary perspectives: general generation, text-
centric generation, complex infographic generation, and reasoning-centric generation. Together, these evaluations cover
object-level composition, prompt following, long-text rendering, knowledge-informed generation, structured professional
visual content creation, and more tightly coupled understanding-generation behaviors. Given our 32 x 32 downsampling
ratios, we generate 2K images and downsample them to 1K for evaluation under comparable computational budgets.

General Generation. For general text-to-image generation, we adopt GenEval [43], DPG-Bench [53], OnelG-
Bench [12], and THF-Bench [138]. These benchmarks examine object-level compositional generation, dense prompt
following, and fine-grained overall capability from complementary perspectives. Across them, SenseNova-U1 remains
highly competitive, showing that the native unified modeling paradigm does not sacrifice fundamental generation quality.

GenEval. GenEval [43] mainly evaluates compositional generation ability across object co-occurrence, counting,
color, position, and attribute binding. As shown in Table 5, SenseNova-U1-A3B-MoT and SenseNova-U1-8B-MoT
both achieve an overall score of 0.91, outperforming representative open-source models such as Qwen-Image at 0.87,
Lumina-DiMOO at 0.88, and BAGEL at 0.82. More specifically, our model maintains consistently strong performance on
Single Object, Two Object, Counting, Colors, and Position, which indicates stable object-level control and compositional
consistency. Although the Attribute Binding score remains slightly below the 0.80 achieved by OneCAT and Mogao,
SenseNova-U1 still attains the best overall result through a more balanced performance profile. These results show that
SenseNova-Ul maintains strong and balanced compositional generation ability across object-level factors.
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Model # Params | Global Entity Attribute Relation Other | Overallt

Closed-source Models

Seedream 4.5 [6] - 89.24 9430 92.14 9223 93.83 | 88.63
Nano-Banana-Pro [24] - 91.00 92.85 91.56 9239 8993 | 87.16
GPT-Image-1 [100] - 88.89 88.94  89.84 92.63 9096 | 85.15
Open-source Models
Qwen-Image [139] 20B 91.32 9156  92.02 9431 9273 | 88.32
SenseNova-Ul 8BA3B | 94.19 92.05 91.05 93.22 9344 | 88.14
Z-Image [7] 6B 93.39 91.22 93.16 9222 9152 | 88.14
JoyAl-Image [117] 16B - - - - - 88.05
SenseNova-Ul 8B 88.74 90.90 9243 9243 9250 | 87.78
X-Omni [42] 12B - - - - - 87.65
Tuna [84] 7B 90.42 91.68  90.94 91.87 90.73 | 86.76
NEO-unify [112] 8B 91.00 91.53  92.06 94.14 9043 | 86.71
Tuna-2 [85] 7B 89.50 91.40  92.07 9191 88.81 | 86.54
NEO-unify [112] 2B 89.49 9287 91.26 9229 92.13 | 86.54
Show-02 [146] 7B - - - - - 86.14
Lumina-DiMOO [147] 8B 81.46 92.08  88.98 9431 82.00 | 86.04
InternVL-U [126] 1.7B 90.39 90.78  90.68 90.29 88.77 | 85.18
BAGEL [28] 7B 88.94 90.37  91.29 90.82 88.67 | 85.07
LongCat-Next [125] 68BA3B - - - - - 84.66
OneCAT [66] 9BA3B - - - - - 84.53
Mogao [74] 7B - - - - - 84.33
Janus-Pro [18] 7B 86.90 88.90 89.40 89.32 8948 | 84.19
SD3-Medium [34] 2B 87.90 91.01 88.83 80.70  88.68 | 84.08
FLUX.1-dev [60] 12B 74.35 90.00 88.96 90.87 8833 | 83.84
Ovis-Ul1 [130] 1.2B 82.37 90.08  88.68 93.35 8520 | 83.72
OmniGen?2 [141] 4B 88.81 88.83  90.18 89.37 90.27 | 83.57
BLIP3-0 [14] 1.4B - - - - - 81.60
UniWorld-V1 [75] 12B 83.64 88.39 88.44 89.27 87.22 | 81.38

Table 6 Quantitative evaluation results on DPG-Bench. The parameters of the generation component are denoted as # Params; A
in this column denotes activated parameters, e.g., SBA3B means 8B total generation parameters with 3B activated during inference.

DPG-Bench. DPG-Bench [53] evaluates fine-grained instruction following using dense prompts across five dimensions:
Global, Entity, Attribute, Relation, and Other. As shown in Table 6, SenseNova-U1 ranks among the top-performing
models on this benchmark. Both SenseNova-U1-A3B-MoT and SenseNova-U1-8B-MoT remain highly competitive with
leading specialized generation systems such as closed-source Seedream 4.5, open-source Qwen-Image, and Z-Image,
despite being trained within a unified multimodal framework rather than optimized solely for image synthesis. Notably,
SenseNova-U1-A3B-MoT achieves the highest Global score, underscoring the strong semantic planning, holistic scene
composition, and long-range instruction consistency enabled by native end-to-end multimodal modeling.

OnelG-Bench. OnelG-Bench [12] provides a fine-grained evaluation of image generation quality across Alignment,
Text, Reasoning, Style, and Diversity in both English and Chinese. As shown in Table 7 and Table 8, SenseNova-U1
remains highly competitive across both language settings, demonstrating strong multilingual generation capability
within a unified framework. In particular, our models exhibit clear strengths in Alignment and Text understanding.
SenseNova-U1-A3B-MoT achieves a leading Alignment score on the English benchmark, while SenseNova-U1-8B-MoT
attains the best Text performance on both the English and Chinese tracks among all compared methods. These results
underscore the effectiveness of native end-to-end multimodal modeling in preserving fine-grained text-image alignment,
robust multilingual text rendering, and precise instruction-following under complex generation scenarios.

TIIF-Bench. TIIF-Bench [138] systematically evaluates image generation spanning attributes, relations, reasoning,
style, and text. As shown in Table 9 and Table 10, SenseNova-U1 achieves consistently strong performance under
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Model # Params | Alignment Text Reasoning Style Diversity ‘ Overallf

Closed-source Models

Gemini-2.5-Flash-Image [26] - 0.878 0.894 0.346 0450 0.182 0.550
GPT-Image-1 [100] - 0.851 0.857 0.345 0.462 0.151 0.533
Seedream 3.0 [38] - 0.818 0.865 0.275 0413 0.277 0.530
Imagen4 [45] - 0.857 0.805 0.338 0.377 0.199 0.515
Recraft V3 [108] - 0.810 0.795 0.323 0.378  0.205 0.502
Kolors 2.0 [59] - 0.820 0.427 0.262 0360 0.300 0.434
Imagen3 [3] - 0.843 0.343 0.313 0.359 0.188 0.409
Open-source Models
Emu3.5 [23] 32B 0.902 0.994  0.345 0.427 0.151 0.564
SenseNova-Ul 8B 0.882 0.969 0.330 0.396 0.166 0.549
SenseNova-Ul SBA3B 0.887 0.861 0.317 0.458 0.194 0.543
Qwen-Image [139] 20B 0.882 0.891 0.306 0418 0.197 0.539
HiDream-I1-Full [8] 17B 0.829 0.707 0.317 0.347 0.186 0.477
SD3.5 Large [34] 8B 0.809 0.629 0294 0.353 0.225 0.462
FLUX.1 [Dev] [60] 12B 0.786 0.523 0.253 0.368 0.238 0.434
BAGEL [28] 7B 0.769 0.244  0.173 0.367 0.251 0.361
BLIP3-0 [14] 1.4B 0.711 0.013 0.223 0.361 0.229 0.307
Janus-Pro [18] 7B 0.553 0.001 0.139 0.276  0.365 0.267

Table 7 Quantitative evaluation results on OnelG-EN. The parameters of the generation component are denoted as # Params; A in
this column denotes activated parameters, e.g., SBA3B means 8B total generation parameters with 3B activated during inference.

Model # Params | Alignment Text Reasoning Style Diversity ‘ Overallf
Closed-source Models
Seedream 3.0 [38] - 0.793 0928 0.281 0.397 0.243 0.528
GPT-Image-1 [100] - 0.812  0.650 0300 0.449 0.159 0.474
Kolors 2.0 [59] - 0.738  0.502 0.226  0.331 0.333 0.426
Gemini-2.5-Flash-Image [26] - 0.825 0276 0298 0427 0.198 0.337
Open-source Models
Qwen-Image [139] 20B 0.825 0963 0.267 0405 0.279 0.548
SenseNova-Ul S8BA3B 0.847 0906 0301 0446 0.202 0.540
SenseNova-U1l 8B 0.826 0977 0303 0.392 0.176 0.535
Emu3.5 [23] 32B 0.853 0941 0300 0.386 0.166 0.529
BAGEL [28] 7B 0.672 0365 0.186 0.357 0.268 0.370
HiDream-I1-Full [8] 17B 0.620  0.205 0.256  0.304 0.300 0.337
BLIP3-0 [14] 1.4B 0.608 0.092 0213 0.369 0.233 0.303
Janus-Pro [18] 7B 0.324  0.148 0.104 0.264 0.358 0.240

Table 8 Quantitative evaluation results on OnelG-ZH. The parameters of the generation component are denoted as # Params; A in
this column denotes activated parameters, e.g., SBA3B means 8B total generation parameters with 3B activated during inference.

both short and long instruction settings. In particular, SenseNova-U1-8B-MoT attains the best overall results among
all compared methods, while SenseNova-U1-A3B-MoT also remains highly competitive. These results suggest that
SenseNova-U1 extends beyond accurate text rendering to more challenging text-centric generation scenarios that require
jointly satisfying fine-grained textual constraints, compositional reasoning, and global instruction consistency.

Text-centric Generation. We evaluate text-centric generation, with a focus on long-text rendering, multi-region text
generation, and complex text-conditioned instruction following. We conduct experiments on CVTG-2K [32] and
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Model # Params ‘ Overallt ‘ Basic ‘ Advanced ‘ Design
‘ Avg Attr Rel Rsn ‘ Avg ARel ARsn RRsn Style Text ‘RealW

Closed-source Models
GPT-Image-1 [100] - 89.15 |90.75 91.33 84.57 96.32|88.55 87.07 87.22 85.59 90.00 89.83 | 89.73
Seedream 3.0 [38] - 86.02 |87.07 90.50 89.85 80.86|79.16 79.76 77.23 75.64 100.00 97.17 | 83.21
DALL-E 3 [5] - 7496 |78.72 79.50 80.82 75.82|73.39 73.45 72.01 63.59 89.66 66.83 | 72.93
MidJourney v7 [95] - 68.74 |77.41 77.58 82.07 72.57|64.66 67.20 81.22 60.72 83.33 24.83 | 68.83
FLUX.1 [Pro] [60] - 67.32 |79.08 78.83 82.82 75.57|61.10 62.32 69.84 65.96 63.00 35.83 | 71.80

Open-source Models
SenseNova-Ul 8B 89.74 |90.38 91.50 88.46 91.19|85.21 85.37 83.78 84.10 100.00 89.59 | 93.66
Emu3.5 [23] 32B 89.48 |87.05 90.50 89.80 80.85|84.65 82.91 83.76 83.45 100.00 100.00| 94.03
SenseNova-Ul S8BA3B 89.25 |88.28 90.50 86.83 87.50|87.60 87.48 86.85 87.03 96.67 90.05 | 90.30
Qwen-Image [139] 20B 86.14 |86.18 90.50 88.22 79.81|79.30 79.21 78.85 75.57 100.00 92.76 | 90.30
FLUX.1 [dev] [60] 12B 71.09 |83.12 87.05 87.25 75.01|65.79 67.07 73.84 69.09 66.67 43.83 | 70.72
SD 3 [34] 8B 67.46 |78.32 83.33 82.07 71.07|61.46 61.07 68.84 50.96 66.67 59.83 | 63.23
Janus-Pro [18] 7B 66.50 [79.33 79.33 78.32 80.32|59.71 66.07 70.46 67.22 60.00 28.83 | 65.84
Infinity [50] 8B 62.07 |73.08 74.33 72.82 72.07|56.64 60.44 74.22 60.22 80.00 10.83 | 54.28
Show-o [145] 1.3B 59.72 |73.08 74.83 78.82 65.57|53.67 60.95 68.59 66.46 63.33 3.83 | 55.02

Table 9 Quantitative evaluation results on TIIF testmini (short). Abbrev.: Avg = Average, Attr = Attribute, Rel = Relation, Rsn =

Reasoning, ARel = Attribute+Relation, ARsn = Attribute+Reasoning, RRsn = Relation+Reasoning, RealW = Real World.

Model # Params ‘ Overallt ‘ Basic ‘ Advanced ‘ Design
‘ ‘ Avg Attr Rel Rsn ‘ Avg ARel ARsn RRsn Style Text ‘RealW

Closed-source Models
GPT-Image-1 [100] - 88.29 [89.66 87.08 84.57 97.32|88.35 89.44 83.96 83.21 93.33 86.83| 93.46
Seedream 3.0 [38] - 84.31 |84.93 90.00 85.94 78.86|80.60 81.82 78.85 78.64 93.33 87.78| 83.58
DALL-E 3 [5] - 70.81 |78.50 79.83 78.82 76.82|67.27 67.20 71.34 60.72 86.67 54.83| 60.99
FLUX.1 [Pro] [60] - 69.89 |7891 81.33 83.82 71.57|65.37 65.57 71.47 67.72 63.00 55.83| 68.80
MidJourney v7 [95] - 65.69 |76.00 81.83 76.82 69.32160.53 62.70 71.59 64.59 80.00 20.83| 63.61

Open-source Models
SenseNova-Ul 8B 89.17 |91.02 94.50 90.49 88.06|85.34 87.23 84.14 83.14 100.00 82.81| 92.16
Emu3.5 [23] 32B 88.18 [88.41 92.50 90.78 81.94|84.04 83.08 85.73 81.09 90.00 95.93| 92.54
SenseNova-Ul 8BA3B 87.36 | 87.95 92.50 89.45 81.90|84.39 83.88 86.52 81.44 96.67 82.81| 91.04
Qwen-Image [139] 20B 86.83 |87.22 91.50 90.78 79.38|80.88 78.94 81.69 78.59 100.00 89.14| 91.42
FLUX.1 [dev] [60] 12B 71.78 |78.65 83.17 80.39 72.39|68.54 73.69 73.34 71.59 66.67 52.83| 71.47
SD 3 [34] 8B 66.09 |77.75 79.83 78.82 74.07|59.56 64.07 70.34 57.84 76.67 20.83| 67.34
Janus-Pro [18] 7B 65.02 |78.25 82.33 73.32 79.07|58.82 56.20 70.84 59.97 70.00 33.83| 60.25
Infinity [50] 8B 62.32 |75.41 76.83 77.57 71.82|54.98 55.57 64.71 59.71 73.33 23.83| 56.89
Show-o [145] 1.3B 58.86 |75.83 79.83 78.32 69.32|50.38 56.82 68.96 56.22 66.67 2.83 | 50.92

Table 10 Quantitative evaluation results on TIIF testmini (long). Abbrev.: Avg = Average, Attr = Attribute, Rel = Relation, Rsn =
Reasoning, ARel = Attribute+Relation, ARsn = Attribute+Reasoning, RRsn = Relation+Reasoning, RealW = Real World.

LongText-Bench [42]. Across these benchmarks, SenseNova-U1 shows consistently strong performance, indicating that
it has reached a text-centric generation capability comparable to the strongest current text-to-image models.

CVTG-2K. CVTG-2K [32] evaluates complex text-centric generation with multiple text regions. As shown in Table 11,
SenseNova-U1 performs well on this benchmark. Impressively, SenseNova-U1-8B-MoT achieves the best average word
accuracy of 0.940, with consistently strong results across settings from 2 to 5 text regions. These results demonstrate
that SenseNova-U1 can accurately render textual content under dense multi-region settings.
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Model # Params ‘ NED CLIPScore ‘ Word Accuracy ‘ Average?

‘ | 2 regions 3 regions 4 regions 5 regions |

Closed-source Models

Seedream 4.5 [6] - 0.948 0.807 0.878 0.895 0.908 0.901 0.899
GPT-Image-1 [100] - 0.948 0.798 0.878 0.866 0.873 0.822 0.857
Nano-Banana-Pro [24] - 0.875 0.737 0.737 0.775 0.786 0.793 0.779
Open-source Models
SenseNova-Ul 8B 0.972 0.825 0.945 0.954 0.944 0.936 0.940
Emu3.5 [23] 32B - - - - - - 0.912
SenseNova-U1l 8BA3B |0.944 0.824 0.884 0.883 0.883 0.875 0.881
JoyAl-Image [117] 16B 0.937 0.799 - - - - 0.874
Z-Image [7] 6B 0.937 0.797 0.901 0.872 0.865 0.851 0.867
Qwen-Image [139] 20B 0912 0.802 0.837 0.836 0.831 0.816 0.829
LongCat-Next [125] 68BA3B - - - - - - 0.764
InternVL-U [126] 1.7B | 0.804 0.816 0.729 0.660 0.618 0.549 0.623
Lumina-DiMOO [147] 8B 0.805 0.831 0.723 0.646 0.571 0.505 0.590
FLUX.1-dev [60] 12B 0.688 0.740 0.609 0.553 0.466 0.432 0.497
BAGEL [28] 7B 0.657 0.779 0.498 0.391 0.332 0.291 0.356
Ovis-Ul [130] 1.2B  |0.477 0.725 0.133 0.109 0.091 0.065 0.093

Table 11 Quantitative evaluation results on CVTG-2K. The parameters of the generation component are denoted as # Params.

Model # Params ‘ LongText-Bench-ENT LongText-Bench-ZH1
Closed-source Models
Seedream 4.5 [6] - 0.989 0.987
Nano-Banana-Pro [24] - 0.981 0.949
GPT-Image-1 [100] - 0.956 0.619
Open-source Models
SenseNova-Ul 8B 0.979 0.962
Emu3.5 [23] 32B 0.976 0.928
JoyAl-Image [117] 16B 0.963 0.963
SenseNova-Ul SBA3B 0.950 0.955
Qwen-Image [139] 20B 0.943 0.946
Z-Image [7] 6B 0.935 0.936
LongCat-Next [125] 68BA3B 0.932 0.891
X-Omni [42] 12B 0.900 0.814
InternVL-U [126] 1.7B 0.738 0.860
NEO-unify [112] 2B 0.748 0.495
FLUX.1-dev [60] 12B 0.607 0.005
OmniGen2 [141] 4B 0.561 0.059
Lumina-DiMOO [147] 8B 0.437 0.047
BAGEL [28] 7B 0.373 0.310

Table 12 Quantitative evaluation results on LongText-Bench. A in # Params denotes activated parameters during inference.

LongText-Bench. LongText-Bench [42] primarily evaluates the accuracy and stability of long-text generation in both
English and Chinese. As shown in Table 12, SenseNova-U1-8B-MoT achieves 0.979 on LongText-Bench-EN and
0.962 on LongText-Bench-ZH, while SenseNova-U1-A3B-MoT also reaches 0.950 and 0.955, despite it not being
fully converged. These results indicate that our model can accurately render long-form text in both languages while
maintaining high readability and semantic accuracy as text length and structural complexity increase.
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Model # Params ‘ Question Type ‘ Overall
‘E Comp. </>Enc. I¥ Order & Marks [# Anno. o> Axes :=Leg. € Chart H Title ¥ Deco. ‘ Q-ACCT I-ACC
Closed-source Models
Nano-Banana-Pro [24] - 0.84 08 090 0.87 093 093 096 092 098 094 0.90 0.49
Seedream-4.5 [6] - 034 037 047 048 070 0.70 0.81 0.68 095 0.84 0.61 0.06
GPT-Image-1.5 [101] - 038 048 044 057 050 054 057 068 060 0.80 0.55 0.12
Nano-Banana [26] - 0.18 031 027 044 054 057 052 060 0.65 0.81 0.48 0.02
P-Image [104] - 0.08 0.15 019 027 036 028 054 043 058 0.68 0.34 0.00
Image-01 [96] - 001 0.05 004 010 0.10 0.14 0.03 022 0.14 047 0.13 0.00
Open-source Models
SenseNova-U1l 8B 027 023 049 045 054 061 070 065 074 0382 0.51 0.04
SenseNova-Ul 8BA3B | 0.17 022 0.33 041 036 049 056 060 055 0.78 0.42 0.02
Qwen-Image [139] 20B 0.10 0.3 0.19 029 043 037 051 048 056 0.78 0.36 0.01
Z-Image-Turbo [7] 6B 0.10 0.6 0.16 025 038 031 058 042 061 0.73 0.35 0.00
HiDream-I1 [8] 17B 0.01 0.03 003 0.10 007 0.14 0.10 026 0.19 0.20 0.11 0.00
FLUX.1-dev [60] 12B 0.00 0.03 001 0.08 006 006 0.01 024 0.09 0.39 0.10 0.00

Table 13 Quantitative evaluation results on IGenBench. The parameters of the generation component are denoted as # Params; A
in this column denotes activated parameters, e.g., SBA3B means 8B total generation parameters with 3B activated during inference.

Model # Params Layout Attribute Text Knowledge | Averaget
Closed-source Models
GPT-Image-2 [102] - 88.5/953 81.9/91.0 839/92.6 74.2/909 | 82.1/92.5
Nano-Banana-Pro [24] - 72.2/91.2 65.6/922 86.4/950 82.6/96.2 | 76.7/93.7
Nano-Banana-2.0 [46] - 68.4/91.0 57.4/91.6 83.4/946 64.6/93.0 | 68.5/92.5
Seedream-5.0 [110] - 67.6/89.0 424/772 434/756 41.8/752 | 48.8/79.2
GPT-Image-1.5 [101] - 51.6/84.8 258/752 40.4/828 26.0/83.6 | 359/81.6
Seedream-4.5 [6] - 354/71.6 224/628 414/724 21.4/58.2 | 30.1/66.2
Wan2.6-T21 [129] - 46.4/80.6 16.6/60.6 12.6/52.6 122/41.0 | 21.9/58.7
Seedream-4.0 [111] - 27.6/734 11.4/59.2 11.4/52.8 6.8/54.8 14.3/60.1
GPT-Image-1 [100] - 21.4/60.2 6.8/48.6 8.6/41.0 7.8/60.0 11.2/524
Open-source Models

SenseNova-Ul 8B 61.6/81.6 47.5/72.8 463/74.6 35/179 39.7/61.7
SenseNova-Ul 8BA3B 50.9/76.7 355/60.9 24.5/58.7 20/11.5 28.2/51.9
Emu3.5 [23] 32B 304/634 142/526 7.0/33.6 1.2/11.0 13.2/40.2
Hunyuanlmage-3.0 [11]  80BA13B | 27.8/65.0 13.8/53.6 10.2/39.6 0.0/2.0 13.0/40.1
Z-Image [7] 6B 26.8/69.2 2.6/47.6 2.8/45.0 0.6/13.2 8.2/43.8
Qwen-Image-2512 [139] 20B 222/706 1.2/47.8 1.8/39.2 0.0/6.4 6.3/41.0
FLUX.2-dev [61] 32B 17.2/67.8 1.2/49.2 1.0/43.0 0.0/8.2 4.9/742.0
Qwen-Image [139] 20B 10.4/51.2 0.2/222 0.6/17.6 0.0/4.4 2.8/23.8
GLM-Image [162] 7B 541/43.2 0.0/13.4 02/44 0.0/0.4 1.4/15.3
LongCat-Image [124] 6B 24/358 02/11.6 00/44 0.0/0.0 0.7/13.0
X-Omni [42] 12B 2.0/22.8 0.0/5.6 0.0/8.0 0.0/1.4 05/9.4

BAGEL [28] 7B 0.6/12.8 0.0/1.6 0.0/0.0 0.0/0.2 0.2/3.7

Table 14 Quantitative evaluation results on BizGenEval. Each cell reports hard / easy testset scores.

Complex Infographic Generation. Here we evaluate complex infographic and commercial visual content generation
on IGenBench [120] and BizGenEval [71]. Compared with general text-to-image generation, these infographic tasks are
substantially more challenging, since the model must not only generate correct text and visual elements, but also satisfy
structured layouts, chart expression, and multiple semantic constraints at the same time.
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Model #Params‘Cultural Time Space Biology Physics Chemistry‘OverallT

Closed-source Models

Nano-Banana-Pro [24] - 0.89 0.80 0.89 0.88 0.86 0.85 0.87
GPT-Image-1 [100] - 0.81 0.71 0.89 0.83 0.79 0.74 0.80
Seedream 4.0 [111] - 0.78 0.73 0.85 0.79 0.84 0.67 0.78
Open-source Models
SenseNova-U1-SFT (w/ CoT) 8BA3B 0.81 0.77 0.84 0.81 0.84 0.82 0.81
SenseNova-U1-SFT (w/ CoT) 8B 0.78 0.73 0.82 0.80 0.85 0.77 0.78
SenseNova-U1-SFT SBA3B 0.73 0.69 0.80 0.73 0.82 0.69 0.74
NEO-unify (w/ CoT) [112] 8B 0.73 0.67 0.79 0.70 0.75 0.66 0.72
BAGEL (w/ CoT) [28] 7B 0.76  0.69 0.75 0.65 0.75 0.58 0.70
SenseNova-U1-SFT 8B 0.65 0.66 0.82 0.68 0.81 0.66 0.69
Qwen-Image [139] 20B 0.63 0.62 0.76  0.60 0.72 0.39 0.63
BLIP3-0 [14] 1.4B - - - - - - 0.62
NEO-unify (w/ CoT) [112] 2B 0.59 0.54 0.68 0.57 0.69 0.50 0.59
InternVL-U (w/ CoT) [126] 1.7B 0.55 0.57 0.74  0.51 0.72 0.46 0.58
Emu3.5 [23] 32B - - - - - - 0.58
LongCat-Next [125] 68BA3B - - - - - - 0.57
UniWorld-V1 [75] 12B 0.53 0.55 073 045 0.59 0.41 0.55
FLUX.1-dev [60] 12B 0.48 0.58 0.62 042 0.51 0.35 0.50
BAGEL [28] 7B 044 052 0.65 042 0.62 0.41 0.49
NEO-unify [112] 8B - - - - - - 0.47
InternVL-U [126] 1.7B 0.37 0.51 0.68  0.39 0.62 0.39 0.46
SD3-Medium [34] 2B 0.43 0.50 052 041 0.53 0.33 0.45
Ovis-Ul [130] 1.2B 036 046 0.64 0.35 0.52 0.28 0.42
NEO-unify [112] 2B . . . . § . 0.41
Lumina-DiMOO [147] 8B 0.35 043 059 031 0.49 0.34 0.40
Janus-Pro [18] 7B 030 037 049 0.36 0.42 0.26 0.35

Table 15 Quantitative evaluation results on WISE. The parameters of the generation component are denoted as # Params; A in this
column denotes activated parameters, e.g., 8BA3B means 8B total generation parameters with 3B activated during inference.

IGenBench. 1GenBench [120] evaluates the reliability of text-to-infographic generation, requiring models to jointly
satisfy textual, chart, data, and structural constraints. As shown in Table 13, SenseNova-U1 achieves the strongest
performance among open-source models, substantially outperforming Qwen-Image and Z-Image-Turbo while remaining
competitive with several closed-source systems. These results demonstrate the strong infographic generation reliability
of SenseNova-U1, although truly robust infographic synthesis remains challenging for current models.

BizGenEval. BizGenEval [71] evaluates visual generation in real-world commercial scenarios across dimensions,
including Layout, Attribute, Text, and Knowledge. As shown in Table 14, SenseNova-U1 achieves the best hard-split
average among all open-source models while remaining competitive on the easy split. In particular, our models exhibit
strong layout planning, attribute control, and text rendering capabilities, highlighting the potential of native unified
multimodal modeling for complex professional visual content generation under multi-constraint settings.

Reasoning-centric Generation. We further evaluate reasoning-driven WISE [99]. It examines whether a model can
effectively utilize internal world knowledge and combine it with reasoning during image generation, thereby handling
tasks involving cultural commonsense, temporal understanding, spatial understanding, and scientific knowledge.

WISE. As shown in Table 15, SenseNova-U1 displays a clear advantage on WISE. Even without chain-of-thought
(CoT), SenseNova-U1-A3B-MoT-SFT substantially outperforms representative open-source models such as Qwen-
Image, BAGEL, and InternVL-U, while CoT further boosts performance to a level competitive with closed-source
systems. A similar trend is observed for the 8B variant, indicating that reasoning-enhanced generation scales consistently
across model sizes. Notably, our models excel in Cultural, Biology, Physics, and Chemistry, particularly in science-
oriented tasks requiring explicit knowledge retrieval and multi-step reasoning. This suggests that SenseNova-Ul
effectively translates structured semantic reasoning into accurate and knowledge-consistent visual generation.
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Model # Params\Add Adjust Extract Replace Remove Background Style Hybrid Action\OverallT

Closed-source Models

UniWorld-V2 [72] - 429 444 432 4.69 4.72 441 491 383 483 4.49
Nano-Banana-Pro [24] - 444 462 342 4.60 4.63 4.32 497 3.64 4.69 4.37
Seedream 4.5 [6] - 457 465 297 4.66 4.46 4.37 492 371 456 4.32
Seedream 4.0 [111] - 433 438 3.89 4.65 4.57 4.35 422 371 461 4.30
Nano-Banana [26] - 4.62 4.41 3.68 4.34 4.39 4.40 418 3.72 4.83 4.29
GPT-Image-1 [100] - 461 433 290 4.35 3.66 4.57 493 396 4.89 4.20
FLUX.1 Kontext [Pro] [62] - 425 415 235 4.56 3.57 4.26 457 3.68 4.63 4.00
Open-source Models
Qwen-Image-Edit-2511 [139] 20B |4.54 4.57 4.13 4.70 4.46 4.36 489 416 4.81 4.51
LongCat-Image-Edit [124] 6B 444 453 383 4.80 4.60 4.33 492 375 482 4.45
Emu3.5 [23] 32B  |4.61 432 396 4.84 4.58 4.35 479 3.69 457 441
FLUX.2 [Dev] [61] 32B  |450 4.18 3.83 4.65 4.65 431 488 346 470 4.35
Qwen-Image-Edit-2509 [139] 20B [4.32 436 4.04 4.64 4.52 4.37 484 339 471 4.35
Z-Image-Edit [7] 6B 440 414 430 4.57 4.13 4.14 4.85 3.63 450 4.30
Qwen-Image-Edit [139] 20B 438 4.16 343 4.66 4.14 4.38 481 3.82 4.69 4.27
Ovis-Ul [130] 1.2B [3.99 373 2.66 4.38 4.15 4.05 486 343 4.68 3.97
SenseNova-Ul 8BA3B [4.03 4.10 2.73 4.27 391 4.06 492 287 429 391
SenseNova-Ul 8B 3.83 415 312 4.32 3.26 4.18 485 3.03 441 3.90
InternVL-U (w/ CoT) [126] 1.7B  |4.24 380 2.58 4.36 3.51 3.92 4.69 3.00 431 3.82
FLUX.1 Kontext [Dev] [62] 12B  |4.12 380 2.04 4.22 3.09 3.97 451 335 425 3.71
InternVL-U [126] 1.7B  |4.13 340 227 4.13 3.39 3.84 477 3.03 4.05 3.67
OmniGen?2 [141] 4B 357 3.06 1.77 3.74 3.20 3.57 481 252 4.68 3.44
UniWorld-V1 [75] 12B  |3.82 3.64 227 347 3.24 2.99 421 296 274 3.26
BAGEL [28] 7B 3.56 3.31 1.70 3.30 2.62 3.24 449 238 417 3.20
Step1X-Edit [81] 12B  |3.88 3.14 1.76 3.40 2.41 3.16 4.63 264 252 3.06
ICEdit [165] 12B  [3.58 339 1.73 3.15 293 3.08 384 204 3.68 3.05
OmniGen [144] 38B (347 304 171 2.94 243 3.21 419 224 338 2.96

Table 16 Quantitative evaluation results on ImgEdit. The parameters of the generation component are denoted as # Params; A in
this column denotes activated parameters, e.g., SBA3B means 8B total generation parameters with 3B activated during inference.

5.1.4 Image Editing

We evaluate SenseNova-U1 on image editing across three distinct settings: single-image editing, multi-image editing,
and reasoning-driven editing. Collectively, these evaluations probe the model’s ability to follow complex instructions,
perform realistic human-guided modifications, and synthesize knowledge-aware visual content.

General Editing. We further evaluate SenseNova-U1 on general image editing. Compared with text-to-image generation,
image editing requires the model not only to follow textual instructions, but also to preserve the original image content,
structure, and visual style while performing precise local or global modifications. This places substantially higher
demands on instruction following, content preservation, and fine-grained controllability.

ImgEdit. ImgEdit [155] provides a fine-grained evaluation of image editing across diverse dimensions, including Add,
Adjust, Replace, Remove, Background, Style, Hybrid, and Action. As shown in Table 16, both SenseNova-U1-A3B-MoT
and SenseNova-U1-8B-MoT achieve decent overall performance, outperforming existing open-source unified editing
systems while remaining competitive with several specialized editing models. A performance gap nevertheless remains
relative to the strongest dedicated editing approaches, particularly on complex hybrid edits and scenarios requiring
precise content preservation under substantial transformations. We attribute this gap primarily to limitations in the
current editing data, which remains dominated by open-source resources and lacks sufficiently diverse editing pipelines
and large-scale preference-aligned optimization. Despite these limitations, the results indicate that SenseNova-U1
already provides a strong general-purpose foundation for image editing within a native unified framework. We expect
future improvements to arise naturally from richer editing data, stronger editing-oriented supervision, and reinforcement
learning strategies more closely aligned with human editing preferences and long-horizon editing objectives.
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Model # Params| GPEdit-Bench-EN
|G_SC G_PQ G_O1

Closed-source Models

UniWorld-V2 [72] - 839 8.02 7.83
Seedream 4.5 [6] - 8.27 8.17 182
Nano-Banana-Pro [24] - 8.10 834 7.4
Seedream 4.0 [111] - 8.14 8.12 7.70
GPT-Image-1 [100] - 785 7.62 753
Nano-Banana [26] - 740 845 7.29
FLUX.1 Kontext [Pro] [62] - 7.02 7.60 6.56

Open-source Models

Qwen-Image-Edit-2511 [139] 20B 830 820 7.88

Longcat-Image-Edit [124] 6B 8.13 818 7.5
Emu3.5 [23] 32B 811 7.70 17.59
Z-Tmage-Edit [7] 6B 8.11 7.72 1757
Qwen-Image-Edit [139] 20B 8.00 7.86 7.56
Qwen-Image-Edit-2509 [139] 20B 8.15 17.86 7.54
SenseNova-Ul 8B 827 749 747
FLUX.2 [Dev] [61] 32B 7.84 8.06 7.41
SenseNova-Ul 8BA3B | 8.07 7.36 7.32
Step1X-Edit [81] 12B 7.66 735 6.97
BAGEL [28] 7B 736 6.83 6.52
OmniGen?2 [141] 4B 7.16 677 6.41
FLUX.1 Kontext [Dev] [62] 12B 6.52 738 6.00
OmniGen [144] 3.8B 596 589 5.06
UniWorld-V1 [75] 12B 493 743 485

Table 17 Quantitative evaluation results on GEdit-Bench.

GEdit-Bench. GEdit-Bench [81] evaluates general instruction-based image editing with a stronger emphasis on overall
editing quality and prompt consistency. As shown in Table 17, both SenseNova-U1-A3B-MoT and SenseNova-U1-
8B-MoT achieve competitive performance against representative editing models such as Emu-3.5, Z-Image-Edit, and
Qwen-Image-Edit. While specialized editing systems still retain an advantage in highly optimized editing workflows,
SenseNova-U1 demonstrates strong generalization across diverse editing instructions, maintaining coherent semantics
and stable visual consistency under a unified native modeling framework.

Reasoning-centric Editing. Beyond general editing ability, we further evaluate our SenseNova-U1 on reasoning-driven
image editing. Compared with standard editing tasks, these scenarios are substantially more challenging because the
model must first infer implicit temporal, causal, spatial, or logical relationships from the prompt instruction, and then
translate the reasoning outcome into precise and visually consistent modifications.

RISEBench. RISEBench [166] mainly evaluates reasoning-informed image editing, covering four types of reasoning-
centric editing tasks: Temporal, Causal, Spatial, and Logical, together with auxiliary metrics such as IR, AC, and VP.
As shown in Table 18, SenseNova-U1-A3B-MoT-SFT achieves an overall score of 25.3 without CoT, substantially
outperforming most open-source unified editing models. With CoT enabled, SenseNova-U1-A3B-MoT-SFT further
improves to 30.0, reaching the best level among the open-source methods in our comparison. A similar trend also appears
for SenseNova-U1-8B-MoT-SFT, which improves from 23.9 to 26.9, indicating that this pattern remains stable across
model scales. A closer look shows that the gains from CoT are especially notable on dimensions that rely more heavily
on explicit reasoning, such as Causal and Logical. For example, the Logical score of SenseNova-U1-A3B-MoT-SFT
improves from 7.1 to 20.0. This suggests that the model can use an explicit reasoning process to better decompose
complex editing goals. Overall, these results indicate that the advantage of SenseNova-U1 lies not only in executing edits,
but also in performing the necessary understanding and inference before editing, which leads to stronger performance
on reasoning-centric image editing than existing unified multimodal models.
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Model #Params | Temporal Causal Spatial Logical | Overallf | IR AC VP

Closed-source Models

GPT-Image-1.5 [101] - 54.1 60.0 62.0 21.2 50.0 69.7 925 949
Nano-Banana-Pro [24] - 41.2 61.1 48.0 37.6 47.2 77.0 855 944
Nano-Banana [26] - 25.9 47.8 37.0 18.8 32.8 61.2 86.0 913
GPT-Image-1 [100] - 34.1 322 37.0 10.6 28.9 62.8 80.2 949
GPT-Image-1-mini [100] - 24.7 28.9 33.0 9.4 24.4 541 715 937
Gemini-2.0-Flash-exp [25] - 8.2 15.5 23.0 4.7 13.3 489 682 827
Seedream 4.0 [111] - 12.9 12.2 11.0 7.1 10.8 589 674 912
Gemini-2.0-Flash-pre [25] - 10.6 13.3 11.0 2.3 9.4 499 684 849
Open-source Models
SenseNova-U1-SFT (w/ CoT) 8BA3B 24.7 46.7 28.0 20.0 30.0 632 84.1 874
SenseNova-U1-SFT (w/ CoT) 8B 31.8 333 27.0 15.3 26.9 60.8 86.6 88.2
SenseNova-U1-SFT SBA3B 25.9 41.1 26.0 7.1 253 574 826 854
SenseNova-U1-SFT 8B 22.4 33.3 27.0 11.8 239 582 84.1 824
Qwen-Image-Edit-2511 [139] 20B 21.2 18.9 31.0 4.7 19.4 499 71.0 915
BAGEL (w/ CoT) [28] 7B 5.9 17.8 21.0 1.2 11.9 459 73.8 80.1
InternVL-U (w/ CoT) [126] 1.7B 4.7 7.8 1.8 5.9 9.4 439 644 179.7
Qwen-Image-Edit-2509 [139] 20B 4.7 10.0 17.0 24 8.9 372 664 869
BAGEL [28] 7B 24 5.6 14.0 1.2 6.1 36.5 535 73.0
FLUX.1-Kontext-Dev [62] 12B 2.3 5.5 13.0 1.2 5.8 26.0 71.6 852
InternVL-U [126] 1.7B 3.5 2.2 5.0 35 3.6 356 527 759
Ovis-Ul [130] 1.2B 1.2 33 4.0 24 2.8 339 527 729
Lumina-DiMOO [147] 8B 2.4 1.1 4.0 1.2 2.2 340 507 723
Step1X-Edit [81] 12B 0.0 2.2 2.0 35 1.9 25.1 415 735
OmniGen [144] 3.8B 1.2 1.0 0.0 1.2 0.8 22.0 32,6 553
Emu2 [119] 37B 1.2 1.1 0.0 0.0 0.5 22.6 382 783

Table 18 Quantitative evaluation results on RISEBench. The parameters of the generation component are denoted as # Params; A
in this column denotes activated parameters, e.g., SBA3B means 8B total generation parameters with 3B activated during inference.

5.1.5 Interleaved Generation

We further evaluate the model on interleaved generation and unified reasoning, examining whether understanding and
generation can reinforce each other within a single framework. These evaluations cover open-ended interleaved genera-
tion, generation-assisted multimodal reasoning, and the bidirectional synergy between understanding and generation.

Interleaved Generation. This is no longer to generate a single image in one shot, but to alternately produce text and
images in an open-ended output process while maintaining semantic coherence, cross-modal consistency, and overall
completeness across multiple generation steps. Here we adopt OpenING [172] and VBVR-Image (Preview) [133].

OpenING. OpenING [172] evaluates the overall quality of open-ended interleaved image-text generation across
dimensions including completeness, quality, richness, correctness, human alignment, image-text coherence, and multi-
step consistency. As shown in Table 19, SenseNova-Ul demonstrates consistently strong performance under this
challenging setting. In particular, SenseNova-U1-A3B-MoT-SFT with CoT achieves the best overall score of 9.16, while
SenseNova-U1-8B-MoT-SFT with CoT reaches 9.07, outperforming representative systems such as Nano Banana, Wan-
Weaver, and GPT-40+DALL-E3. These results suggest that SenseNova-U1 not only produces high-quality unimodal
outputs, but also maintains strong semantic coherence, long-range consistency, and instruction fidelity across interleaved
multimodal generation trajectories. More importantly, the strong performance under multi-step image-text interaction
indicates that our unified framework can effectively coordinate generation and reasoning within a shared native modeling
space, rather than treating image synthesis and language generation as isolated processes.

VBVR-Image (Preview). VBVR-Image [133] is a recently introduced benchmark derived from VBVR that evaluates

reasoning behaviors emerging through visual generation. It extends this setting from video generation to interleaved
image generation, where models must generate images to solve visual reasoning tasks such as maze navigation, pattern
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Model #Params‘Complete Quality Richness Correct Human Align. IT Coherency Multi-step‘OverallT

Closed-source Models

Nano-Banana [26] - 9.34 8.58 8.00 9.17 8.88 9.27 8.70 8.85
Wan-Weaver [148] - 9.41 8.32 8.03 8.90 8.69 8.78 8.56 8.67
GPT-40 [56]+DALL-E3 [5] - 8.66 8.01 7.42 7.98 8.77 8.15 8.38 8.20
Gemini [123]+Flux [60] 12B 7.58 7.26 6.48 7.03 7.98 6.98 7.33 7.23
Open-source Models
SenseNova-U1-SFT (w/ CoT) 8BA3B 9.27 9.11 8.45 9.16 9.40 9.55 9.21 9.16
SenseNova-U1-SFT (w/ CoT) 8B 9.14 9.03 8.43 9.08 9.35 9.40 9.09 9.07
SEED-X [40] 17B 5.65 6.07 4.92 5.77 7.03 5.72 5.72 5.84
Emu3 [135] 8B 5.90 5.96 5.52 543 6.47 5.66 5.37 5.76
Anole [21] 7B 6.27 6.02 5.28 5.06 6.91 4.90 5.81 5.75
SEED-LLaMA [39] 14B 5.59 5.50 4.61 4.59 6.5 4.43 5.13 5.19
VILA-U [143] 7B 5.60 5.14 4.68 4.78 5.69 4.74 4.79 5.06
Show-o [145] 1.3B 4.37 4.79 3.83 3.76 5.78 4.04 4.33 441
MiniGPT-5 [169] 0.86B 391 4.5 3.61 3.63 5.51 3.56 4.10 4.12
NEXT-GPT [142] 1.3B 3.89 4.25 3.35 3.61 5.35 3.32 3.85 3.95

Table 19 Quantitative evaluation results on OpenING. The parameters of the generation component are denoted as # Params; A in
this column denotes activated parameters, e.g., SBA3B means 8B total generation parameters with 3B activated during inference.

Model # Params ‘ Overall} ‘ In-Domain by Category ‘ Out-of-Domain by Category
‘ ‘ Avg. Abst. Know. Perc. Spat. Trans. ‘ Avg. Abst. Know. Perc. Spat. Trans.
Closed-source Models
Nano-Banana-2 [46] - 623 |61.1 644 496 78.6 51.1 535 |63.6 832 63.1 614 61.0 542
GPT-Image-2 [102] - 60.1 |579 620 469 70.1 458 58.1 623 829 633 619 482 554
Open-source Models
SenseNova-U1-SFT 8BA3B 68.9 |739 76.1 722 80.8 66.5 689 |640 89.2 619 662 755 418
SenseNova-U1-SFT 8B 68.8 |70.8 739 605 81.6 658 663 |668 83.7 654 699 68.0 519
VBVR-ThinkMorph [48] 7B 63.0 |64.7 673 613 66.1 641 620 614 849 555 604 69.5 48.0
ThinkMorph [48] 7B 38.7 |37.0 458 26.8 363 36.7 333 |40.5 573 46.0 425 556 193
VBVR-BAGEL [28] 7B 36.5 |37.0 441 28.6 36.7 322 388 [36.0 519 403 356 319 266
BAGEL [28] 7B 29.1 |32.1 355 26.6 331 273 36.1 [260 453 20.1 205 220 259

Table 20 Quantitative evaluation results on VBVR-Image (Preview). VBVR- prefix is the model tuned on VBVR training set.

discovery, and spatial inference. As the benchmark is currently available only in a preview version, we report results on
this subset in Table 20. The results show that SenseNova-U1 exhibits strong reasoning capability within the generation
process itself, outperforming both competitive in-domain trained baselines and several powerful proprietary systems.
These findings suggest that the unified native framework of SenseNova-U1 supports not only high-quality generation,
but also reasoning behaviors that can emerge and be executed directly through multimodal generation trajectories.

Unified Reasoning. Beyond one-way generation ability, we further investigate whether the model can achieve
genuine bidirectional synergy between understanding and generation. Unlike conventional evaluations that assess
these capabilities in isolation, the Generation-aids-Understanding (GaU) components of Uni-MMMU [173] and
RealUnify [114] explicitly examine whether generation can enhance understanding (GEU), and conversely, whether
understanding can improve generation (UEG) within a unified multimodal framework.

Uni-MMMU. Uni-MMMU [173] (GaU) evaluates whether generation can actively assist multimodal understanding
and reasoning. As shown in Table 21, SenseNova-U1 achieves strong performance under this setting. SenseNova-U1-
8B-MoT-SFT attains a GaU average of 35.0, substantially outperforming unified baselines such as BAGEL, OmniGen2,
and Ovis-Ul, while SenseNova-U1-A3B-MoT-SFT also achieves a competitive score of 32.6. This suggests that
the generation branch of SenseNova-U1 can provide meaningful support for multimodal reasoning, highlighting the
synergistic interaction between generation and understanding within our unified framework.
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Model # Params | Jigsaw-T Maze-T Sliding-T Geometry-T | Avg?

Closed-source Models

Nano-Banana [26] - ‘ 57.0 4.7 0.0 47.8 ‘ 27.4
Open-source Models
SenseNova-U1-SFT 8B 87.3 28.6 0.0 242 35.0
SenseNova-U1-SFT 8BA3B 88.0 34.0 1.2 7.1 32.6
BAGEL [28] 7B 48.0 0.0 1.2 32.8 20.5
Ovis-Ul [130] 1.2B 53.0 0.0 0.0 35 14.1
OmniGen2 [141] 4B 48.0 0.0 0.0 5.7 13.4
Qwen-Image-Edit [139] 20B 433 0.7 0.0 8.5 13.1

Table 21 Quantitative evaluation results on UniMMMU (Generation aids Understanding, GaU). For all models, we report text
accuracy (T) for all tasks. For multi-step tasks (Maze, Sliding Puzzle), we report sample-level accuracy.

RealUnify. RealUnify [114] further evaluates bidirectional synergy through both Understanding Enhances Generation
(UEG) and Generation Enhances Understanding (GEU). As shown in Table 22, SenseNova-U1 demonstrates clear
advantages under both settings. We can observe that SenseNova-U1-8B-MoT-SFT achieves the best overall average of
52.4, including 55.7 on Avg-UEG and 47.5 on Avg-GEU, while SenseNova-U1-A3B-MoT-SFT also attains a strong
overall average of 50.5. These results suggest that SenseNova-U1 achieves genuine synergy between understanding and
generation, rather than merely colocating the two capabilities within a shared backbone.

Model # Params

\ Understanding Enhances Generation \Generation Enhances Understanding\ Avg?
|WK CR MR-l LR SR C2I Avg-UEG|MR-IIl MT AF CN  Avg-GEU |

SenseNova-U1-SFT 8B 88 68 33 45 54 46 55.7 36 63 51 40 475 52.4
SenseNova-Ul-SFT 8BA3B | 81 56 41 40 55 44 52.8 30 65 58 35 47.0 50.5
BAGEL [28] 7B 74 80 26 37 29 40 47.7 38 25 52 28 35.8 429
Ovis-Ul [130] 1.2B 59 71 30 34 17 25 39.3 38 25 31 24 29.5 354
OneCAT [66] O9BA3B | 64 65 20 27 31 27 39.0 29 26 26 36 29.2 35.1
UniPic2 [137] 2B 62 72 30 38 26 15 40.5 28 24 27 16 23.8 33.8
UniWorld-V1 [75] 12B 56 59 26 37 24 9 35.2 33 25 36 20 28.5 325
OmniGen?2 [141] 4B 55 60 26 28 20 6 325 42 24 38 19 30.8 31.8
ILLUME+ [54] 3B 52 62 22 25 26 7 323 27 20 38 25 27.5 304

Table 22 Quantitative evaluation results on RealUnify. We report the step-wise inference results; for SenseNova-U1, the GEU
results are obtained via a single interleaved process, while the UEG results are obtained via text-to-image generation inference.

5.2 Ablation Studies

We conduct a series of ablation studies about SenseNova-U1, focusing on three key questions: whether the encoder-free
design preserves both semantic and pixel-level representations, whether it synergizes effectively with the MoT backbone
while minimizing intrinsic modality conflict, and whether it exhibits strong data-scaling efficiency.

5.2.1 Native Encoder-Free Design Preserves Both Semantic and Pixel Representations

Image Reconstruction. As reported in Table 23, our previously released NEO-unify (2B) [112] attains 31.56 PSNR
and 0.85 SSIM on MS-COCO 2017 [77] after only 90K pretraining steps, approaching the 31.56 PSNR and 0.93 SSIM
achieved by the FLUX.1-dev VAE. This result suggests that the native near-lossless interface is capable of retaining
both high-level semantic information and fine-grained visual details without depending on pretrained vision encoders or
latent autoencoders. Representative reconstruction examples are presented in Figure 10.

Image Editing. For editing tasks, NEO-unify (2B) [112] routes all conditional contexts through the understanding
branch, while the generation branch directly synthesizes the target images. Despite freezing the understanding branch
throughout training, the model still exhibits strong editing capability, together with substantially improved token
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Method Downsampling Ratio Resolution PSNRT SSIM{

SDXL VAE [103] 8 256 25776  0.76
SD3 VAE [86] 8 256 2947  0.86
FLUX.1-dev VAE [62] 8 256 3043 093
RAE (DINOv2-B) [168] 14 256 18.36 047
UniFlow (DINOv2-L) [161] 14 256 30.66 0.94
UAE (DINOv2-L) [35] 14 256 3274 094
FLUX.1-dev VAE [62] 8 512 3156 0.93
Neo-unify (2B) 32 512 31.56  0.85

Table 23 Reconstruction performance with a frozen understanding branch on MS-COCO 2017.

Original Ours RAE FLUX-VAE

Figure 10 Reconstructing out-domain images with 2B NEO-unify under a frozen understanding branch.

efficiency. Using only public text-to-image and editing datasets, it achieves an ImgEdit score of 3.32 after an initial
60K-step mixed training process. Representative editing examples on ImgEdit prompts are shown in Figure 11.
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Reference Image Generated Image Reference Image Generated Image
(1) Add a coffee mug on the table near the center of the image. (R) Remove the animal in the image, ensuring that background ...

(4) Change the trees and grass in the background to a snowy
mountain landscape.

Figure 11 Validating ImgEdit prompts with 2B NEO-unify under a frozen understanding branch.
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Figure 12 Understanding—generation co-training with 8B-MoT backbone. GEdit-Bench scores are normalized to 0-100 scale.

5.2.2 Understanding and Generation Synergize with Native MoT Backbone

Starting from pretrained dual branches, we jointly optimize all components during mid-training. Even with low data
ratios and small understanding loss weights, understanding remains stable while generation converges rapidly. As shown
in Figure 12, the two capabilities co-evolve effectively within the MoT backbone with minimal intrinsic conflict.
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Figure 13 Data-scaling curves of the 8B-MoT backbone. We set the resolution as 512 and 1,024 for DPG-Bench and others.

5.2.3 Native Multimodal Architecture Shows High Data-Scaling Efficiency

We begin with web-scale pretraining, followed by mid-training and supervised fine-tuning using diverse, high-quality data
corpora spanning both understanding and generation tasks. As shown in Figure 13, the model delivers strong data-scaling
efficiency, with both generation quality and understanding—generation synergy improving steadily as training data scale.
Overall, these results further validate the advantages of the native MoT design from three complementary perspectives:
preserving both semantic structure and pixel-level fidelity, reducing intrinsic conflict between understanding and
generation, and enabling efficient scaling across data scale and multimodal generation tasks.

5.3 Visualization Results

In addition to quantitative evaluations, we provide qualitative visualizations to illustrate the behaviors of SenseNova-
Ul in complex multimodal scenarios. We focus on representative cases spanning text-to-image generation, in-
fographic generation, image editing, interleaved image-text generation, visual understanding, and agentic multi-
modal interaction, covering both general and reasoning-intensive settings. Additional showcases are available at
https://github.com/OpenSenseNova/SenseNova-U 1/blob/main/docs/showcases.md.

Vision-Language-Action. We first present representative video-based action reasoning examples in Figure 14. For
each example, four frames are uniformly sampled from the input video and arranged in a single row to illustrate the
temporal progression of the manipulation process. These cases show that SenseNova-U1 can capture action-relevant
visual dynamics across time, maintain coherent visual understanding under embodied settings, and reason about object
states, manipulation trajectories, and task progression from sparse temporal observations.
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Figure 14 Visualizing vision-language-action behaviors of SenseNova-U1 on robotic manipulation videos.
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Put the pink spray bottle into the sink.

Pick up the pen.
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Clear the countertop waste.
|

Pick up the item to wipe away the stain.

/
;

Figure 15 Visualizing world-modeling predictions from the robotic arm view with SenseNova-U1.

World Modeling. We further visualize the world modeling capability of SenseNova-U1 in Figure 15. Given an input
image and an action-oriented instruction, the model is required to predict the corresponding visual outcome. For
readability, simplified instructions are shown in the figure, while the original prompts are used during inference. The
selected examples demonstrate that SenseNova-U1 can translate structured action instructions into plausible visual state
transitions while preserving overall scene consistency and object coherence.
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6 Conclusion

We present a unified multimodal foundation model in which understanding, generation, and reasoning emerge within
a single native architecture rather than through the coordination of separate systems. Across a broad range of tasks,
the model exhibits strong capabilities in vision-language perception, semantic reasoning, high-fidelity generation, and
interleaved multimodal interaction, suggesting that a shared representation can simultaneously support analytical and
creative intelligence. More fundamentally, our results point toward a broader transition in multimodal AI. Rather
than merely aligning isolated modalities, unified models begin to internalize a coherent abstraction of the world itself,
enabling perception, imagination, and decision-making to arise within a shared latent space. Early advances in vision-
language-action models and world modeling further indicate a path from passive understanding toward embodied,
goal-directed intelligence. We believe the next generation of Al will emerge not from increasingly complex collections
of modular components, but from unified architectures grounded in a single underlying intelligence.
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