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APPENDIX: ONECAT: DECODER-ONLY AUTO-REGRESSIVE MODEL
FOR UNIFIED UNDERSTANDING AND GENERATION
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A. Related Work

A.1. Compositional MLLMs

The field of Multimodal Large Language Models (MLLMs)
has rapidly evolved, converging on a dominant composi-
tional architecture. This paradigm connects a pre-trained

vision encoder (i.e., CLIP [64], SigLIP [91], and Intern-
ViT [17]), to a powerful LLM through a trainable connec-
tor. Pioneering works [3, 42] propose sophisticated connec-
tor designs. For example, Flamingo [3] introduces gated
cross-attention layers to inject visual information into an
LLM, while BLIP-2 [42] develops the Q-Former to bridge
the modality gap between the vision encoder and LLM. A
significant shift occurs with LLaVA [50], which simplifies
the connector to a lightweight MLP, which become a foun-
dational blueprint for subsequent MLLMs. For example,
recent state-of-the-art models like the InternVL series [15—
17, 78, 94] and the Qwen-VL series [4, 5, 77] adopt this
core principle and achieve superior performance by lever-
aging larger-scale training data and more powerful vision
and language foundation models. However, this successful
compositional design has inherent drawbacks. The separate
nature of the vision and language components complicates
the end-to-end optimization process and introduces two crit-
ical bottlenecks. First, the sequential nature of the architec-
ture, where the vision encoder must fully process an image
before the LLM can begin its generation, leads to high in-
ference latency, especially for the prefilling stage. Second,
the connector acts as an information bottleneck. In this so-
called late fusion pipeline, complex visual information is
compressed into a compact representation for the LLM, in-
evitably causing a loss of fine-grained visual detail. These
fundamental limitations are now motivating a shift in the
field towards more deeply integrated, such as decoder-only
models, that aim to overcome these challenges.

A.2. Decoder-only MLLMs

Decoder-only MLLMs, also known as monolithic MLLMs,
have recently emerged as a minimalist yet powerful alter-
native to the compositional MLLMs. This paradigm aims
to achieve greater efficiency and a more direct early fu-
sion of modalities by removing the separate vision encoder
or tokenizer. For example, Fuyu-8B [6] processes vision
patches by feeding them through a simple linear patch em-
bedding layer directly into the LLM, which markedly re-
duce inference latency. Inspired by this success, subsequent
works [21, 22, 37, 53, 68, 76], further advance decode-only
MLLMs by targeting their training processes and architec-
tures. EVE [21] and VoRA [76] aligns the LLM’s hidden
states with semantic features from a pre-trained ViT. How-
ever, directly using a smaller model (e.g., a ViT with hun-
dreds of millions of parameters) as the teacher to distill
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knowledge into a significantly larger LLM (with several bil-
lion parameters) may restrict the expressive capacity of the
LLM. Differently, Mono-InternVL [53] and EvEv2.0 [22]
adopt a Mixture-of-Experts (MoE) framework, introducing
a dedicated visual expert to handle visual-specific features
more effectively. HoLVE [73] prepends a causal trans-
former to the LLM to explicitly convert both visual and tex-
tual inputs into a shared space. Despite these promising ad-
vancements, the overall training efficiency of decoder-only
MLLMs remains a significant challenge. More importantly,
the potential for the decoder-only architecture to create uni-
fied models that can seamlessly integrate multimodal un-
derstanding, generation, and even image editing capabilities
remains a largely unexplored research avenue.

A.3. Unified Visual Understanding and Generation

Building on the success of MLLMs, the convergence of vi-
sual understanding and generation into a unified framework
now represents a key research frontier [11, 14, 19, 41, 45,
47, 62, 79, 81, 83, 84, 93]. Pioneering unified MLLMs
such as Chameleon [74],Transfusion [93], emu3 [79], show-
o [83] and Synergen-VL [41] utilize vison tokenizer (e.g.,
VQ-VAE) to convert images into discrete tokens, enabling
seamless multimodal understanding and generation within
a single model. However, the discretization inevitably re-
sults in lossy visual information and weakens in extracting
semantic contents. Janus series [14, 81] decouples visual
encoding for understanding and generation using two sep-
arate encoders, but may compromise performance due to
task conflicts in shared LLM parameter space. Metaque-
ries [62], BLIP3-O [11], Uniworld-V [47] assembles off-
the-shelf specialized MLMMs and diffusion models by tun-
ing adapters and learnable query tokens, which sacrifices
true architectural unification for modularity. BAGEL [19]
and Mogao [45] employ a Mixture-of-Transformers (MoT)
architecture, dedicating different components to autoregres-
sive text generation and diffusion-based visual generation.
However, while powerful, this hybrid approach inherits the
significant inference latency of diffusion models and still
requires separate encoders and tokenizers during the infer-
ence.

In contrast to these approaches, our OneCAT intro-
duces a pure decoder-only architecture. By integrat-
ing modality-specific experts directly within the decoder,
OneCAT achieves versatile multimodal capabilities without
the need for external vision encoders or tokenizers at infer-
ence time, thus resolving the trade-off between architectural
purity and inference efficiency.

A.4. Next Scale Prediction for Visual Generation

Autoregressive models based on next-token predic-
tion(NTP) have long faced efficiency challenges in high-
resolution image generation due to the quadratic growth of

sequence length with image size. Similarly, diffusion mod-
els—though widely successful—often suffer from slow it-
erative sampling. To address these limitations, VAR [75]
introduced the next-scale prediction(NSP) paradigm, which
encodes images into hierarchical discrete tokens via a multi-
scale VAE and generates them autoregressively from low
to high resolution, significantly reducing the number of de-
coding steps. Building upon this, Infinity [26] further en-
hanced this approach with bit-level prediction and extended
tokenizer vocabulary, achieving superior generation quality
while maintaining efficient inference. To enable unified un-
derstanding and generation, VARGPT [95] stack the trans-
former from pretrained VAR [75] as a visual decoder atop a
LLM. However, since the visual tokens (i.e., the input of the
visual decoder) must be decoded token-by-token through
the LLM before subsequent next-scale prediction, this ap-
proach compromises the inference efficiency that is the key
advantage of the NSP.

In contrast, our proposed OneCAT seamlessly unifies
next-token prediction for text generation and next-scale pre-
diction for visual generation within a single decoder-only
transformer of the LLM, and proposes the scale-aware
adapter to further exploit the scale-specific representation
for enhanced visual generation.

B. Preliminary of Next-Scale Prediction

B.1. Multiscale Tokenization

Leveraging the inherent coarse-to-fine structure of natural
images, VAR [75] introduces a multi-scale tokenizer that
encodes an image into K token scales (R1, Ra,..., Rk).
The resolution of each scale Ry, denoted as (hg, wy), in-
creases monotonically with the scale index k. Specifically,
given a feature map F' extracted from an image with an im-
age encoder, VAR defines these token scales recursively:

R; = Q(interpolate, (F)), (1)
Ry = Q(interpolate, (F — interpolatey (R1))),  (2)

k—1
Ry, = Q(interpolatek (F — Z interpolateK(Ri))),
i=1
3)
K—1
Ry = Q(F — Z interpolateK(Ri))7 S
i=1

where interpolate, is an operator that resizes its input to the
resolution (h;, w; ), and Q is the quantization operator. For a
given 3D feature map 2 € R4*"**  we implement Q using
Binary Spherical Quantization (BSQ) [92], following Han
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B.2. Visual Auto-Regressive Training

The premise for generation is that the feature map F' can be
well approximated by summing all scales upsampled to the
final resolution: F' =~ Zfil interpolatey (R;). It therefore
suffices to generate the sequence of scales ;. to synthe-
size an image. To achieve this, VAR models the joint dis-
tribution over the scales auto-regressively, factorizing the
log-likelihood as:

K

= logps(Rr | Rix—1)- (6)
k=1

IOgPG (RI:K)

The model, with parameters 6, is trained to maximize this
log-likelihood by learning to predict the current scale Ry
conditioned on all preceding scales Ry.;—1. To enable effi-
cient parallel decoding, VAR assumes that all tokens within
the current scale R are conditionally independent given
Rig_1.

However, this conditional independence assumption,
coupled with imperfect model training, can lead to er-
ror propagation: mistakes in generating early-stage scales
(R1,..., Rr_1) are amplified when generating subsequent,
higher-resolution scales Rj. To mitigate this issue, Han
et al. [26] proposed Bitwise Self-Correction. This technique
involves training the model on corrupted versions of the
conditioning scales R1.;_1, thereby teaching it to generate
the correct R, even when the preceding scales are imper-
fect. This robustifies the model against its own generation
errors during inference.
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Comparison of existing decoder-only MLLM understanding distillation methods, i.e., VoORA [76], EVE [21], when they are
FFEN in this figure for clarity.

B.3. Predefined Scale Schedules

We follows Han et al. [26] and Tian et al. [75] to establish
a set of predefined scale schedules, thus ensuring efficient
training across images with varying aspect ratios. As de-
tailed in Table A1, for each target aspect ratio r, we define
a specific schedule as a sequence of K resolution tuples:
{(h5 i), (W, wio)}.

These schedules are designed based on two fundamen-
tal principles: 1.Aspect Ratio Consistency: Each tuple
(h};, wy,) within a schedule maintains an aspect ratio that
is approximately equal to the target ratio r, especially at
larger scales. 2.Consistent Area Across Scales: For any
given scale level k, the image area, calculated as hj, x wy,
is kept roughly constant across different aspect ratio sched-
ules. This standardization ensures that the training sequence
lengths are similar for various aspect ratios, thereby im-
proving overall training efficiency. During the inference
stage, these predefined schedules enable the model to gen-
erate high-quality images covering a wide range of aspect
ratios.

C. Details of Hyperparameter and Configura-
tion of the Training Recipe Across Stages

We present the detailed hyperparameter and configuration
of the training recipe across stages in Tab. A2.

D. Details of Class-Free Guidance

We follow previous works [ 10, 19] to use CFG for enhanced
visual generation quality. For training, we randomly drop
tokens of conditional text and reference image with prob-
abilities 0.1. For inference, we combine conditional and
unconditional predicted logits to produce outputs.
Specifically, for text-to-image generation, the final log-
its Lgya are computed as a linear combination of the con-
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Table Al. Predefined scale schedules {(h7,w?),..., (h%,w}k)} for different aspect ratios. Following Han et al. [26], OneCAT utilizes
K = 13 scales to generate the highest resolution image, such as a 1024 x 1024 image for the 1:1 aspect ratio, while lower-resolution
images like 512 x 512 can be produced by truncating the schedule to K = 10.

Aspect Ratio  Resolution  Scale Schedule
1.000 (1:1) 1024 x 1024  (1,1) (2,2) (4,4) (6,6) (8,8) (12,12) (16,16) (20,20) (24,24) (32,32) (40,40) (48,48) (64,64)
0.800 (4:5) 896 x 1120 (1,1) (2,2) (3,3) (4,5) (8,10) (12,15) (16,20) (20,25) (24,30) (28,35) (36,45) (44,55) (56,70)
1.250 (5:4) 1120 x 896 (1,1) (2,2) (3,3) (5,4) (10,8) (15,12) (20,16) (25,20) (30,24) (35,28) (45,36) (55,44) (70,56)
0.750 (3:4) 864 x 1152 (1,1) (2,2) (3,4) (6,8) (9,12) (12,16) (15,20) (18,24) (21,28) (27,36) (36,48) (45,60) (54,72)
1.333 (4:3) 1152 x 864  (1,1) (2,2) (4,3) (8,6) (12,9) (16,12) (20,15) (24,18) (28,21) (36,27) (48,36) (60,45) (72,54)
0.666 (2:3) 832 x 1248 (1,1) (2,2) (2,3) (4,6) (6,9) (10,15) (14,21) (18,27) (22,33) (26,39) (32,48) (42,63) (52,78)
1.500 (3:2) 1248 x 832 (1,1) (2,2) (3,2) (6,4) (9,6) (15,10) (21,14) (27,18) (33,22) (39,26) (48,32) (63,42) (78,52)
0.571 (4:7) 768 x 1344 (1,1) (2,2) (3,3) (4,7) (6,11) (8,14) (12,21) (16,28) (20,35) (24,42) (32,56) (40,70) (48,84)
1.750 (7:4) 1344 x 768 (1,1) (2,2) (3,3) (7,4) (11,6) (14,8) (21,12) (28,16) (35,20) (42,24) (56,32) (70,40) (84,48)
0.500 (1:2) 720 x 1440 (1,1) (2,2) (2,4) (3,6) (5,10) (8,16) (11,22) (15,30) (19,38) (23,46) (30,60) (37,74) (45,90)
2.000 (2:1) 1440 x 720 (1,1) (2,2) 4,2) (6,3) (10,5) (16,8) (22,11) (30,15) (38,19) (46,23) (60,30) (74,37) (90,45)
0.400 (2:5) 640 x 1600 (1,1) (2,2) (2,5) (4,10) (6,15) (8,20) (10,25) (12,30) (16,40) (20,50) (26,65) (32,80) (40,100)
2.500 (5:2) 1600 x 640 (1,1) (2,2) (5,2) (10,4) (15,6) (20,8) (25,10) (30,12) (40,16) (50,20) (65,26) (80,32) (100,40)
0.333 (1:3) 592 x 1776 (1,1) (2,2) (2,6) (3,9) (5,15) (7,21) (9,27) (12,36) (15,45) (18,54) (24,72) (30,90) (37,111)
3.000 (3:1) 1776 x 592 (1,1) (2,2) (6,2) (9,3) (15,5) (21,7) (27,9) (36,12) (45,15) (54,18) (72,24) (90,30) (111,37)
Table A2. Detailed hyperparameter and configuration of the training recipe across stages
Hyperparameter / Config Stage 1-1 Stage 1-2 Stage 2 Stage 3
(Teacher Training)  (Expert Pretraining)  (Unified Mid-Training) (Unified SFT)
Learning Rate 2x1073 2x 1074 2x107° 1x107°
LR Scheduler Cosine Cosine Cosine Cosine
Weight Decay 0 0 0.01 0.01
Gradient Norm Clip 1.0 1.0 1.0 1.0
Batch Size 512 2048 512 256
Sequence Length 1024 1024 8192 16384
Number of Sample: Text-Only - - 40M 2M
Number of Sample: Und. 10M 436M 70M 11M
Number of Sample: Gen. - 52M 60M 3M
Number of Token (Total) 5B 0.3T 0.6T 57B
Token Ratio (T:U:G): 0:1:0 0:8:1 1:2:6 1:5:6
Resolution: Und. 448 %448 448 x448 Native Native
Use thumbnail X X v v
. Dynamical Dynamical
Resolution: Gen. - 236x256  (sides: 2§8~864) (#sides: 28)é~1776)
Number of Scales : Gen. - 7 10 10~13

ditional logits L; (with text input) and unconditional logits
Ly (without text input):

Lina = At - Le + (1= X)Ly @)

where )\ is the text guidance scale controlling the influ-
ence of the text condition.

For image editing tasks, which involve both textual and
reference image conditions, we employ a dual-guidance
mechanism. Let L; ; denote the logits with both text and
reference image conditions, L; the logits with text condi-
tion only, and Ly the logits without any conditions. The

refined logits L. are first obtained by blending L; ; and L,
using a reference image guidance scale \;:

Li;+ XLy
1+ X
Then, the final output logits Lg,, are computed by com-
bining L. with the fully unconditional logits Ly using the
text guidance scale \;:

L. = ®)

Lina = Lo + A - (Le — Lg) ®)

This approach allows flexible control over the influence

CVPR

244
245

246

247
248
249
250

251



CVPR

252
253
254
255
256
257
258
259
260
261
262
263
264
265

266

267

268
269
270
271
272
273

CVPR 2025 Submission #. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

Table A3. Effect of CFG for T2I generation on OneCAT-3B

CFG GenEval DPG

5 0.87 83.69

10 0.89 84.37

15 0.88 84.59

20 0.90 84.53

25 0.88 84.42
Und. & Text
M FFN  FFN

Attention Attention
QKV QKV
XN
&

MLP I Enrljéﬁging ]

& E
InternViT

(a) Late Fusion

(b) Early Fusion

Figure A2. Comparison of late fusion and early fusion for multi-
modal understanding in our setting. We show the trained modules
of pretraining stage and omit the Gen. FFN in this figure for clar-

1ty.

of both textual and visual conditions during the image edit-
ing process.

In our experiments, for text-to-image generation, For
text-to-image generation, we set a higher text CFG value of
A+ = 20. We find that in next-scale-prediction for high-
resolution generation (1024x), the number of conditional
text tokens is substantially smaller than the vast quantity
of image tokens being generated. Therefore, a higher CFG
scale is essential to amplify the influence of the limited text
condition and prevent it from being diluted during the gen-
eration process (as shown in Table A3). For image editing,
the reference image itself provides a rich set of visual to-
kens that serve as a strong guiding signal, so we employ
lower CFG values \; = 1 and \; = 3.

E. Additional Ablation Studies
E.1. Effect of Early and Late Fusion in MLLM.

We conduct an ablation study to evaluate the effectiveness
and scaling ability of the decoder-only architecture em-
ployed in our model compared with the late fusion pipeline
for multimodal understanding.

As illustrated in Fig. A2, late fusion corresponds to
the conventional encoder-based MLLM approach, i.e.,

Qwen2.5-VL [77], where images are first processed by a
vision encoder before being fed into the LLM. In contrast,
early fusion represents the decoder-only MLLM paradigm
of our proposed OneCAT.

For late-fusion pretraining, we follow Qwen2.5-VL [5]
by employing a randomly initialized vision encoder (Intern-
ViT in our experiments), where only the vision encoder and
MLP connector are optimized. For early-fusion pretrain-
ing, only the patch embedding layer and the understand-
ing expert are optimzied. In both architectures, the LLM
is initialized from the pretrained Qwen2.5-1.5B-instruct
and remains frozen. Subsequently, all model variants un-
dergo a simplified supervised fine-tuning (SFT) stage on the
LLaVA-665k dataset.

As illustrated in Fig. A3 and the corresponding data
in Tab. A4, which compare the scaling properties of both
models under varying pretraining token budgets, the early
and late fusion approaches evince comparable performance.
This finding further indicates that the performance gap be-
tween OneCAT and Qwen2.5-VL primarily stems from dif-
ferences in data quality and quantity, rather than the fusion
strategy.

E.2. Effect of Distilling Only Visual Tokens

We use the same setting of Sec.4.3.1 in the manuscript to
conduct an ablation study to evaluate the impact of distill-
ing different types of tokens. Tab. A5 shows that distilling
only the continuous visual tokens results in a slight overall
performance drop, suggesting that it is crucial to distill both
visual and text tokens.

E.3. Effect on the Increase of Training Tokens of
Unified Mid-Training (Stage-2)

Fig. A4 provides the performance of our OneCAT-1.5B
model on multimodal understanding and generation bench-
marks at various checkpoints throughout the unified mid-
training stage, corresponding to different amounts of train-
ing tokens.

Before downstream evaluation, the model of each check-
point undergoes a simplified unified SFT with a com-
bined instruction dataset (LLaVA-665K for understanding
and BLIP30-60K for generation) , and we oversample the
BLIP30-60K dataset to achieve a 1:1 training token ratio
for understanding and generation tasks.

E.4. Effect of Multi-Stage Training Pipeline

Tab. A6 provides the performance of OneCAT-1.5B across
different training stage. Before downstream evaluation, the
model of Stage-1 and Stage-2 also undergoes a simplified
unified SFT with a combined instruction dataset (LLaVA-
665K and BLIP30-60K ).
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Table A4. Performance comparison of different fusion strategies and distillation methods for multimodal understanding across varying

training scales in pretraining (stage-1).

Methods #Trained Tokens of Stage-1 MMB MME-S MMVet SEED AI2D ChartQA TextVQA Avg.
8B 43.0 1222 133 468 52.1 10.1 106 314

Encoder-based Late Fusion 20B 49.0 1437 16.7 504 544 11.6 11.3 35.0
70B 51.7 1426 192 554 559 12.0 197 378

8B 42.0 1209 132 47.0 538 10.5 100 314

Decoder-only Early Fusion 20B 457 1312 16.7 51.8 56.4 11.7 119 344
70B 509 1423 169 574 572 14.2 21.0 383

8B 494 1327 155 563 544 11.9 11.3 353

Decoder-only Early Fusion 20B 543 1410 177 61.0 554 13.6 158 383
+ Proposed Distillation 70B 57.6 1476 234 630 572 15.0 250 420
300B 60.7 1526 27.1 634 60.0 19.2 3577 458

Performance Comparison of Different Methods by Training Scale

46 ~ =@= Encoder-based Late Fusion
Decoder-only Early Fusion
—m= Decoder-only Early Fusion + Distillation
44

N
o

Average Score
w
(=<}

w
o

| / //‘

32

8B 20B 708

3008

Trained Tokens of Stage-1 (B)

Figure A3. Performance comparison of different methods for multimodal understanding across varying training scales.

Table AS. Effect of distilling only visual tokens

Methods MMB MME-S MMVet SEED AI2D ChartQA TextVQA  Avg.

w/o distillation 42.0 1209 13.2 47.0 53.8 10.5 10.0 314

distill only visual tokens 48.1 1299 16.7 55.7 55.2 114 10.5 34.8
distill both visual and text tokens  49.4 1327 15.5 56.3 54.4 11.9 11.3 353

E.S. Effect of Modality-MoE

We conduct an ablation study to evaluate the effective-
ness of our proposed Modality-MoE. Three model vari-
ants are compared: (i) Our Modality-MoE: The structure
used in OneCAT, featuring duplicated FFN layers for the
understanding, generation, and text experts; (ii) Modal-
ity Mixture-of-Transformers (MoT): Following BAGEL
[19], this variant duplicates both the FFN and QKV lay-
ers across modalities; (iii) Shared Transformer: A base-

line where the entire transformer block is shared across
all modalities, without any modality-specific parameters.
Specifically, we train each model using 8B sampled tokens
for multimodal understanding pretraining (w/o distillation)
and 8B sampled token for generation pretraining, and then
undergoes a simplified SFT with a combined instruction
dataset (LLaVA-665K and BLIP30-60K).

Results in Tab. A7 show that both Modality-MoE and
MoT surpass the shared transformer by a large margin,
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Figure A4. Performance of OneCAT-1.5B on different multimodal understanding and generation benchmarks with the increase of training

tokens of unified mid-training (Stage-2).

Table A6. Effect of Multi-Stage Training Pipeline. Before downstream evaluation, the model of Stage-1 and Stage-2 also undergoes a
simplified unified SFT with a combined instruction dataset (LLaVA-665K for understanding and BLIP30-60K for generation).

Understanding Generation
MMB MME-S MMVet SEED AI2D ChartQA TextVQA Avg. ‘ GenEval DPG

Stagel-Teacher+ Simplified SFT ~ 64.3 1604 29.1 65.5 59.7 252 51.3 50.3 - -
Stagel + Simplified SFT 60.7 1526 27.1 63.4 60.0 19.2 35.7 45.8 77.0 73.1
Stage2 + Simplified SFT 65.7 1669 383 69.3 64.5 71.2 60.4 61.2 834 80.7
Stage3 72.4 1893 424 70.9 72.4 76.2 67.0 66.9 85.0 81.7

highlighting the importance of modality-specific parame-
ters. Moreover, our Modality-MoE performs on par with
MoT, demonstrating that the MoE design alone is adequate
for the unified autoregressive model, offering a superior
balance of performance and efficiency within a more ele-
gant and simplified architectural framework.

E.6. Additional Efficiency Comparison

As shown in Table A8, we further compare the visual gen-
eration efficiency of OneCAT-1.5B/3B with BAGEL-1.5B.
It should be noted that the pretrained weights of BAGEL-
1.5B are not publicly available; therefore, we conducted in-
house training for a sufficient period to obtain a comparable
model for this evaluation. The results demonstrate that our
OneCAT models achieve a significant speedup while main-
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Table A7. Effect of Modality-MoE. We sample 8B tokens for multimodal understanding (w/o distillation) and 8B tokens for generation

during the pretraining stage (Stage-1).

Understanding Generation
MMB MME-S MMVet SEED AI2D ChartQA TextVQA Avg. \ GenEval DPG
Modality MoE 42.0 1209 13.2 47.0 53.8 10.5 10.0 314 59.0 62.1
Modality MoT 42.4 1237 13.3 46.6 52.9 10.2 10.4 31.5 59.6 61.7
Shared Transformer  39.9 1162 13.4 440 472 8.6 9.3 29.1 47.0 53.7

Table A8. Efficiency comparison for generation (Right), tested
on one NVIDIA H800. Right: We report total inference time for
Text-to-Image (T2I) and Image-Editing.

Model Resolution of T2I Infer. Edit Infer.
QOutput Image Time (s) Time (s)

BAGEL-1.5B 512 x 512 6.93 9.46
OneCAT-1.5B 512 x 512 1.08 (84%)) 1.57(83%.)
OneCAT-3B 512 x 512 1.40 (80%))  2.03 (79%.)
BAGEL-1.5B 1024 x 1024 18.76 27.34
OneCAT-1.5B 1024 x 1024  2.03 (89%)) 3.46 (87%)
OneCAT-3B 1024 x 1024  2.85 (85%)) 4.61 (83%))

taining comparable activated parameters count.

F. Visualization of Discrete Visual Tokens of
Different Scales

We generate two 1024 x 1024 images and present the visu-
alization of discrete visual tokens across different scales and
LLM layers. Inspired by [39, 40], we visualize the intensity
of frequency component by applying Fast Fourier Trans-
form (FFT) to the corresponding tokens’ feature maps. As
shown in Fig A5, the results show that tokens at lower scales
primarily encode low-frequency global information, while
higher-scale tokens capture high-frequency details, validat-
ing the design rationale of our scale-aware adapter.

G. More Qualitative Results

In Fig. A6 and A7, we present qualitative comparisons
for text-to-image generation and image editing against
several open-source models—including Janus-Pro [14],
BAGEL [19], and UniWorld-V1 [47]—as well as the pro-
prietary model GPT-4o-image [61]. We further present ad-
ditional qualitative results to comprehensively demonstrate
the capabilities of our model. Fig. A8 presents text-to-
image generation results from OneCAT under various as-
pect ratios and resolutions. Fig. A9 showcases OneCAT’s
performance on a range of image editing tasks, such as style
transfer, object adjustment, attribute modification, object
removal, and background editing. Additionally, Fig. A10
provides examples of OneCAT’s multimodal understanding

abilities across mathematical reasoning, optical character
recognition (OCR), and detailed image captioning.

H. Detailed Benchmark Information

In Tab.2 of the manuscript, the following benchmark ab-
breviations are used: MMB for MMBench-en-test [51],
MME-P for MME-Perception [86], MME-S for MME-
Sum [86], MMMU for MMMU-Val [90], MMVet for
MM-Vet [89], SEED for Seed-bench [38], MathVista for
MathVista-testmini [52], TextVQA for TextVQA-val [69],
ChartQA for ChartQA-test [56], InfoVQA for InfoVQA-
test [59], DocVQA for DocVQA-test [57], GQA for GQA-
testdev [27], and AI2D for AI2D-test [32]. For VQA
benchmarks, we compute the average scores of TextVQA,
ChartQA, InfoVQA, DocVQA, GQA, and AI2D. For gen-
eral multimodal benchmarks, the average is computed over
MME-S (normalized to a 0-100 scale, where a maxi-
mum score of 2800 corresponds to 100), MMB, MMMU,
MM Vet, MathVista, and SEED.

I. Data Setup Details

We summary the data source of each training stage in
Tab. A9.

Stage-1: For the multimodal understanding, we curate
a large-scale dataset of approximately 436 million image-
text pairs, which is meticulously compiled and processed
through comprehensive filtering and deduplication. This
dataset is collected from two primary sources: (1) Public
Available Image-Text Caption Pairs: We incorporate sev-
eral publicly available, high-quality image-caption datasets,
including Recap-DataComp-1B [43], Capsfusion [87],
Detailed-Caption [44], SA1B-Dense-Caption [18], and
Moondream2-COYO-5M-Captions [31]. (2) Re-captioned
Image Datasets: We generate new image-text pairs by
re-captioning large-scale public image collections using
Qwen2-VL [77]. The source image datasets for this pro-
cess include COYO700M [7], CC12M [8], CC3M [67],
LAION-400M [66], and Zeor250M [82]. From this large-
scale dataset, we randomly sample a small-scale subset of
10 million samples to train the custom teacher.

For image generation, we construct a dataset of 52 mil-
lion text-to-image samples after a rigorous filtering process
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Figure AS. Visualization of discrete visual tokens across scales and LLM layers. Left: Each row shows the reshaped feature maps of token
hidden states at a specific scale throughout LLM layers. The final column displays the feature map of final output codes fed to the image
detokenizer for image reconstruction. All features are resized to 64 x 64 for display. Right: Frequency intensity map of the corresponding
feature maps. Lighter colors indicate larger magnitudes, while pixels closer to the center represent lower frequencies. Zoom in better.

to remove samples with low resolution or poor aesthetic
scores. This collection consists of 1 million class-labeled
images from ImageNet-1k [20], 20 million pairs from pub-
lic collections (i.e., COYO700M [7], LAION-400M [66]
and CC12M [8]), and 30 million in-house synthetic images
generated by FLUX. The overall training token ratio across
multimodal understanding and visual generation samples in
Stage-I is approximately 8:1.

Stage-2: In the unified mid-training, for multimodal un-
derstanding we leverage an curated dataset of 70 million vi-
sual instruction samples. This dataset is specifically curated
to be highly diverse tasks, including general VQA, detailed
image captioning, OCR, multimodal reasoning(i.e., STEM

problem-solving), knowledge, and visual grounding, which
are sourced from Detailed-Caption [44], ALLaVA [9],
ShareGPT4V [12], SA1B-Dense-Caption [18], WIT [71],
pdfa-eng-wds [1], UReader [85], DVQA [58], OCR-
VQA [60], WebSRC [13], GQA [28], visual-genome [34],
GRIT [63], and other in-house synthetic visual instruction
data.

For visual generation, we supplement the text-to-image
samples of Stage-1 with a additional collection of 8 million
image editing samples, resulting a total of 60 million visual
generation samples. These additional image editing sam-
ples are sourced from several public image editing datasets,
including AnyEdit [88], UltraEdit [? ], HQ-Edit [29] and
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Table A9. Summary of Datasets Source in Each Training Stage

Stage Task Type Data Sources
Multimodal Understanding Recap-DataComp-1B  [43], Capsfusion [87], Detailed-Caption [44],
Stage-1 SA1B-Dense-Caption  [18], Moondream2-COYO-5M-Captions  [31],
COYO700M [7], CCI2M [8], CC3M [67], LAION-400M [66], and
Zeor250M [82].
Visual Generation ImageNet-1k [20], COYO700M [7], LAION-400M [66], CC12M [8], and ad-
ditional synthetic images generated by FLUX.
Multimodal Understanding ) )
. Detailed-Caption [44], ALLaVA [9], ShareGPT4V [12], SA1B-Dense-
Stage-2 & Text-only Instruction Caption [18], WIT [71], pdfa-eng-wds [1], UReader [85], DVQA [58], OCR-
VQA [60], WebSRC [13], GQA [28], visual-genome [34], GRIT [63], and
additional in-house visual and text-only instruction samples.
Visual Generation Visual generation data of Stage-1, AnyEdit [88], UltraEdit [? ], HQ-Edit [29],
and OmniEdit [80].
Multimodal Understanding
MAmmoTH-VL [25], AI2D [33], OKVQA [55], VQAv2 [24],
Stage-3 & Text-only Instruction ARTS500K [54], ScienceQA [65], GQA [28], CLEVR-Math [49], COCO-

ReM [70], TallyQA [2], Docmatix [36], DVQA [58], DreamSim [23], and
ShareGPT4o0 [16].

Visual Generation

UniWorld [48], BLIP30-60k [11], ShareGPT-40-Image [10], and additional
synthetic data generated by GPT-40 and FLUX using the partial prompts from
JourneyDB [72].

OmniEdit [80].

Additionally, we incorporate 40 million text-only in-
struction samples to preserve the language ability of LLM.
To ensure a strong focus on visual generation in Stage-
II, we oversample the visual generation data, resulting a
final training token ratio of approximately 1 :2 :6 across
text-only, multimodal understanding, and visual generation
tasks, respectively.

Stage-3: In the SFT stage, for multimodal understand-
ing and text-only instruction, we construct a high-quality
dataset of 13 million samples. This dataset comprises 10
million filtered samples from MAmmoTH-VL dataset [25]
and 3 million samples from other open-source datasets
AI2D [33], OKVQA [55], VQAV2 [24], ART500K [54],
ScienceQA [65], GQA [28], CLEVR-Math [49], COCO-
ReM [70], TallyQA [2], Docmatix [36], DVQA [58],
DreamSim [23], ShareGPT4o [16].

For visual generation, we utilize a total of 3 million sam-
ples, aggregated from UniWorld [48], BLIP30-60k [11],
ShareGPT-40-Image [10], and additional synthetic data
generated by GPT-40 [30] and FLUX [35] using the partial

10

prompts from JourneyDB [72]. The overall training token
ratio across text-only, multimodal understanding, and visual
generation for unified sft is approximately 1 :5 :6.

J. Other Implementation Details

Data Packing and Gradient Accumulation: To optimize
workload balance across distributed processes and increase
training throughput, we employ a data packing strategy that
concatenates multiple variable-length samples into contigu-
ous sequences. Furthermore, to manage the gradient contri-
butions and token ratios between modalities as in Tab. A2,
we utilize an uneven gradient accumulation strategy: prior
to each optimizer step, we accumulate a distinct number
of micro-batches’ gradients for the text and image genera-
tion tasks to obtain a gradient of desired token ratios. Such
an approach provides fine-grained control over the effective
batch sizes of different tasks, ensuring a balanced and stable
joint-training.

Unbiased Global Batch Gradients: When training on
N distributed processes, naively averaging local loss can
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lead to biased gradients when per-process token counts vary.
The ideal objective is to optimize the Global Batch Loss, de-
fined as the loss summed over tokens for all micro-batches,
normalized by the global token count, denoted as Tyjopai-
To this end, we first prefetch all micro-batches for the next
optimizer step, enabling each process to compute the local
token counts; a subsequent All-Reduce collective operation
then aggregates these local token counts into the final global
token count, i.e., Tyjopqi. Similar to [46], we then employ
Global Batch Reduced Loss by dividing each micro-batch
loss by the averaged token count per process, w, which
can be shown that the final synchronized gradient for the
subsequent optimizer step is mathematically equivalent to
the gradient of the global batch loss, enabling training with
unbiased gradients.
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Prompts BAGEL-7B GPT-40 Janus-Pro-7B
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—MNEEZEFHARDA ,
BABENBROHR AR —

76, BRIRES.

... the high-quality 4k resolut
ion, adding to its lifelike pho
torealistic appearance. Posi
tioned next to the monster,

a sparkling star accentuates
its whimsical nature, set ag

ainst a meticulously rendere
d background that showcas
es Pixar's attention to detail.

Neon-lit face close-up, holo
graphic tattoos pulsating, rai
n droplets on synthetic skin,
cyberpunk aesthetic (4:3)

Lively pixel art tavern interio
r, four animated characters

drinking, warm fireplace glo
w (3:4)

a photo of a sandwich belo
w a knife

... lifelike features standing
beside a whimsically fantast
ical creature reminiscent of t
he renowned Studio Ghibli's
style. The creature is adorn
ed with a smooth, glossy co
at that gives off the impressi
on of a vibrant array of textu
res. Both figures are ...

Figure A6. Text-to-Image comparison.
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Reference Prompts BAGEL-7B GPT-40 Uniworld-V1-20B  OneCAT-3B

Change the meadow with
wildflowers background

g in the picture to a dense
tropical rainforest.

Replace the bird in the
image with a small rabbit.

Change the style of this
picture to Van Gogh's
style

Change the pineapple to
blue.

Extract the navy blue
T-shirt worn by the
person in the image.

Change the environment
from daytime to night and
ensure the light
harmonization of the
image.

Figure A7. Image-Editing comparison.
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Penguin sliding on ice under aurora Turtle swimming near ocean surface Van Gogh's Starry Night reimagined
lights, comical pose, arctic environment with sun rays penetrating water, with neon cityscape
with colorful sky reflection. peaceful marine life scene.

Fashion model with iridescent makeup,

Sci-fi warrior woman with glowing visor, Quantum portal opening in desert ruins, prismatic light reflections, high-fashion
electric sparks, metallic reflections, fractal energy waves, archaeologists in studio setting
futuristic armor. exosulits.

Film noir detective close-up, venetian
blind shadows, cigarette smoke swirls

BESKIIRER , BAKESEX , K
HKSESIT | it TETR N Charcoal sketch of an old wizard’s
study, ancient books and potion bottles,

dramatic shadows

Magical library pixel scene, floating
books, glowing runes, enchanted a photo of a red stop sign right of a blue _ABEINEA L BEEL  BAE

book

atmosphere. k., BXLE  BRATEN  BRIE

B, FEREHNE  BANER

Figure A8. Showcase of the text-to-image abilities of the OneCAT model.
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Replace the deer in the image with a lion standing
majestically in the same forest setting, under the glowing
golden light and light snowflakes.

, ;J ]
Remove the human figure from the image, ensuring the Change the blurred environment in the background to an
background is restored to appear natural and seamless. autumn forest with orange and yellow leaves on the trees.

Change this image into classic stained-glass Change this image into Graffiti Art style.
cathedral-window style.

Figure A9. Showcase of the image editing abilities of the OneCAT model.
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-

Solve the following equations:

1) 8z +11 =4z + 14

2) 7d—4=11d—9

Question:
What is d in the last equation?

Response:

To find the value of d in the last equation, we need to solve the equation 7d-4=11d-9.
Step 1: Subtract 7d from both sides of the equation:
7d-4-7d=11d-9-7d

-4=4d-9

Step 2: Add 9 to both sides of the equation:
-4+9=4d-9+9

5=4d

Step 3: Divide both sides by 4:

\frac{54} = \frac{4d {4}

d = \frac{5}4}

Therefore, the value of d is \frac{5}4}.

WL R
4 ”

Question:

B AERIZE R .

Response:

RR—KEHER FRA-ARENENEE, BRER, KIELE, BELA/LKERNE E
MK EIN, FAERTHAUNES, . BRPRE—ADFREFNBR, MEEERD, B,

EEEZHTIE. BROAKBRARG, S LFELENET, BHLRELENLE. BRI
BN, NIRRT, BERNER. BRETE-TLENXF BEEK NAFE,

RTBEM TN EREE, BRTHHEEAIRE MEZEERE, NWRSEN ERNENES.
FREL T 77642025 KEH—" RRBHEE2025FREY— LB, BIRNR THAEER MRS, — 2
‘I U EFE", $—/ 2 COLD ROOM”, BILIXLAZR, BT IUMEMT H X2 —ER I WHE" b T 5 @
BY, HFRANSWMEAFTREERNSE. BRELENNERMENHEE, EiEHEKRMHR
B, WSIMARMERS.

AN

Question:
What are all the Chinese scene text in the image?

Response:

08 & AATBROL EIABEECHAR, DESBEARES, SFHCHREEE

/
~

.

L P R —.

SE—

PORK BELLY :::..

9.80

Question:
What is the original price for pork belly before discount?

Response:

To find the original price for pork belly before the discount, we need to use the given information and
perform a simple calculation.
. Identify the Discounted Price and Discount Percentage:

The discounted price of pork belly is 9.80.

The discount percentage is 30%.

2. Und 1d the Relati hip Between Original Price, Discount, and Discounted Price:
The discounted price is the original price minus the discount amount.

-

The discount amount is calculated as a percentage of the original price.

(2]

. Calculate the Discount Amount:Let P be the original price.
The discount amount is 0.30 \times P (since 30% of P is the discount).
. Set Up the Equation:

IS

The discounted price is the original price minus the discount amount:[9.80 = P - (0.30 \times P)]

o

. Solve for P:

Combine like terms:[9.80 = P - 0.30P][9.80 = 0.70P]

Divide both sides by 0.70 to isolate P:[P = \frac{9.80K0.70}][P = 14]
Therefore, the original price for pork belly before the discount is 14.

Figure A10. Showcase of the visual understanding abilities of the OneCAT model.
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