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Abstract. Unified multimodal models (UMMSs) strive to consolidate vi-
sual understanding and visual generation within a single architecture.
However, prevailing training paradigms independently optimize under-
standing via sparse text signals and generation through dense pixel objec-
tives. Such a decoupled strategy yields misaligned representation spaces,
isolating visual understanding from generation and hindering their mu-
tual reinforcement. This work presents the first systematic investiga-
tion into generative post-training, where we formulate hierarchical vi-
sual tasks as generative proxies to bridge the isolation in UMMs. Our
empirical investigation reveals that high-level semantic tasks, particu-
larly image segmentation, serve as optimal proxies. Unlike low-level tasks
that distract models with texture details, segmentation provides struc-
tural semantics that significantly enhance both vision-centric perception
and generative layout fidelity. Building upon these insights, we introduce
Semantic Generative Tuning (SGT), a novel paradigm that leverages
segmentation as a generative proxy to align and synergize multimodal
capabilities. Mechanistic analyses further demonstrate that SGT fun-
damentally improves feature linear separability and optimizes visual-
textual attention allocation pattern. Extensive evaluations show that
SGT consistently improves both multimodal comprehension and gen-
erative fidelity across mainstream benchmarks. Our code is available on
the Project Page.
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1 Introduction

The rapid progress of multimodal models [3,22,27,36,58] has been fundamen-
tally shaped by distinct research trajectories for understanding and generation.
For understanding, models like LLaVA [36] formulate visual comprehension as a
text-generation process, leveraging cross-modal alignment to map visual features
into linguistic spaces for complex understanding and reasoning. As for genera-
tion, studies emphasize generative modeling [3,13,87], where diffusion-based ar-
chitectures have established state-of-the-art performance in high-fidelity content
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Fig. 1: Comparison of alignment strategies for UMMSs. (a) Traditional UMMs
optimize understanding and generation tasks separately, resulting in low synergy. (b)
Recent pixel-level attempts [80] over-focus on high-frequency details, bringing subop-
timal alignment. (c) Our proposed SGT achieves semantic-level alignment, filtering
low-level noise and enabling true synergy between understanding and generation.

synthesis. While these specialized architectures exhibit significant proficiency
within their respective domains, the emergent trend toward UMMs seeks to con-
solidate both visual comprehension and generation within a single streamlined
framework [32,49,64,72,83]. This architectural convergence holds the potential
to facilitate the transfer of bidirectional knowledge and foster mutual reinforce-
ment between understanding and generation [8,10,24,25,46]. Consequently, this
deep integration unlocks advanced capabilities, including interleaved image-text
generation and in-context visual editing, establishing a robust foundation for
general-purpose multimodal systems [48,53].

Despite the structural unification, prevailing training paradigms optimize un-
derstanding and generation through divergent supervisory signals as shown in
Fig. 1(a). Understanding tasks are predominantly driven by sparse text super-
vision (e.g., VQA datasets), while generative capabilities are optimized via low-
level visual objectives (e.g., pixel or visual token reconstruction). This decoupled
training strategy isolates two capabilities and hinders the model from capturing
the inherent dependencies between visual understanding and generation. Con-
sequently, UMMs often fail to achieve true mutual reinforcement, leaving the
framework with a shared architecture but disjointed optimization processes.

As illustrated in Fig. 1(b), recent attempts [80] address this optimization di-
vergence by employing visual reconstruction in the pixel space as a proxy task.
Although this approach yields measurable improvements in generative capabil-
ities, it remains questionable whether low-level visual reconstruction serves as
the optimal proxy for synergizing understanding and generation. Since robust
visual comprehension inherently relies on semantic information rather than the
memorization of low-level textures [1], optimizing for pixel-perfect reconstruction
compels the architecture to focus on irrelevant granular details. This distraction
inherently limits the model’s capacity to enhance visual understanding.
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To resolve this critical inquiry, we conduct the first systematic investigation
to evaluate the efficacy of various visual proxies in coupling understanding and
generation as shown in Fig. 3a and Fig. 3b. Specifically, we establish a hierarchi-
cal taxonomy of visual objectives comprising low-level, mid-level, and high-level
tasks. Each level encapsulates distinct degrees of spatial granularity and semantic
information. This empirical investigation reveals that high-level semantic tasks,
particularly image segmentation, serve as the optimal proxy. Unlike low-level
tasks that over-emphasize textures, segmentation inherently aligns with the se-
mantic demands of visual comprehension.

Guided by these findings, we introduce Semantic Generative Tuning (SGT)
for UMM, as illustrated in Fig. 1(c). This training paradigm leverages image
segmentation as a generative proxy to tightly couple visual understanding and
generation. To elucidate the underlying mechanisms, we investigate feature dis-
tributions and attention dynamics. Our analysis reveals that SGT fundamentally
improves feature linear separability and optimizes visual-textual attention allo-
cation. Consequently, this framework effectively enhances both vision-centric
perception and generative layout fidelity across mainstream architectures and
benchmarks.

The main contributions of this work are summarized as follows.

— We systematically explore generative tuning by formulating various visual
tasks as generative proxies. Our analysis reveals that high-level semantic
tasks, particularly image segmentation, significantly outperform low-level
reconstruction in synergizing visual understanding and generation.

— Guided by these insights, we introduce SGT, a novel paradigm that leverages
segmentation as a generative proxy to synergize multimodal capabilities.
Mechanistic analyses further demonstrate that SGT fundamentally improves
feature separability and optimizes visual-textual attention allocation.

— Extensive evaluations across mainstream UMM architectures validate the ef-
ficacy of SGT. By effectively mitigating representational misalignment, the
proposed paradigm yields consistent improvements in both visual under-
standing and generation across diverse benchmarks. Specifically, the frame-
work achieves a 6.02% performance increase over BAGEL [9] on the CV-
Bench [60] evaluation and attains a 90.0% score on the GenEval [19].

2 Related Work

2.1 Unified Multimodal Models

Recent UMMs [40,44,75,78] focus on any-to-any processing within a single back-
bone through two primary trajectories. The first trajectory [18,67] utilizes dis-
crete visual tokenization and decoder-only autoregression to implement a uni-
fied next-token prediction framework. Models such as Emu3 [67], Janus-Pro [6],
and VARGPT [93] support interleaved reasoning and mixed-modal generation
through this paradigm. The second trajectory [9, 69, 73] employs hybrid archi-
tectures that combine causal language modeling with denoising objectives to
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maintain synthesis quality while unifying reasoning, as demonstrated by Show-
o [81,82] and Transfusion [92]. Research on representation and fusion, including
TokenFlow [52] and Chameleon [57], further addresses the balance between se-
mantic abstraction and structural integrity. These works collectively demonstrate
that unified training and architectural convergence are essential for bridging the
gap between semantic understanding and high-fidelity generation.

2.2 Representation Learning via Generative Objectives

Recent research has explored the utility of generative models, particularly dif-
fusion [13, 15,50, 71], for visual representation learning [11, 74, 85]. Initial ap-
proaches [43, 54, 59] utilize diffusion models as data augmenters to synthesize
diverse training samples, thereby improving zero-shot classification and down-
stream recognition performance. Beyond data augmentation, several frameworks [7,
17,20,23,70] reformulate generative processes as self-supervised objectives. For
instance, SODA [23] optimizes semantic features through a diffusion-based bot-
tleneck, while DDAE [70] interprets diffusion as a form of masked autoencoding
for reconstruction-based learning. Recent evidence [30, 65,68, 84,90] further in-
dicates that intermediate generative features capture rich semantic information
that can complement contrastive representations or be directly transferred to
recognition tasks. While existing efforts primarily focus on pixel-space recon-
struction [26, 45, 63, 80, 88] to bolster visual representations for recognition or
synthesis, our work introduces a systematic investigation into how classical vi-
sual tasks influence UMMs.

2.3 Reconstruction for Understanding and Alignment

Existing frameworks such as ReCA [80], DIVA [66], ROSS [63], and GenHancer
[45] rely on exact pixel reconstruction to enhance model performance. We funda-
mentally diverge from this paradigm by abandoning raw pixel recovery to elim-
inate inherent representational redundancy. Crucially, we present the first sys-
tematic validation of how hierarchical visual proxy tasks impact the generative
tuning of UMMSs. By establishing this comprehensive taxonomy, we conclusively
demonstrate that advanced visual tasks deliver the maximum performance im-
provements. Furthermore, while contemporary studies like UniMRG [55] explore
isolated proxy tasks and Metamorph [61] observes the mutual influence between
perception and synthesis, our work actively bridges the gap between discrimina-
tive and generative capabilities. This unified optimization explicitly establishes a
shared semantic space to capture the structural abstraction essential for general
purpose multimodal learning.

3 Semantic Generative Tuning

This section outlines the whole framework. It begins by formalizing the prelimi-
naries of UMMs in Sec. 3.1. Then, Sec. 3.2 details the training strategies applied
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to representative architectures such as BAGEL [9] and OmniGen2 [73]. For sys-
tematic evaluation over understanding and generative capabilities, Sec. 3.3 in-
troduces a hierarchical suite of tasks within a generative tuning framework and
assesses their influence on six core understanding metrics as well as generative
performance.

3.1 Formulation

UMMs aim to integrate diverse modalities within a single architecture fy by
mapping inputs from the textual space T and image space Z into a shared
representation space. Formally, given a text prompt x € 7 and an optional
reference image v € Z, the model processes various tasks through different input
combinations. For visual understanding tasks, UMMs typically process an input
image using a semantic vision encoder and subsequently integrate the extracted
features with language tokens for unified treatment within a language model. In
the case of visual editing tasks, certain frameworks [6,9,49,73,76] supplement the
semantic vision encoder with a variational autoencoder (VAE) to preserve fine-
grained image details as well as to ensure identity consistency and high-quality
generation.

Without loss of generality, we employ a dual encoder architecture as an il-
lustrative example to introduce the general formulation of UMMs. Specifically, a
ViT-based encoder @, () extracts semantic tokens z,;+ € REXD for multimodal
reasoning, while a VAE-based encoder @,4.(-) encodes the image into a latent
space Zyge € REXWXC to maintain structural and textural details. The mapping
for these tasks is formulated as follows

fo(x, [2vit]) Understanding: y € T
Y= fe(l“, [an‘se}) Generation: y € 7 (1)
f9 (1‘, [zvita Zvaes Znoise]) Editing (/S 1z

where [-] denotes the set of optional inputs and zj,.;s represents the initial
Gaussian noise utilized for generative processes. This formulation categorizes
the operational scope of UMMs into three distinct functional paradigms. For
visual understanding, the model leverages semantic features z,; to generate
textual responses y € 7. In the context of visual generation, the model maps
a text prompt z and the initial noise zp45c to a synthesized image y € Z.
For visual editing tasks, the framework integrates z,i:, Zyae, and the stochastic
component z,.ise to achieve high-fidelity image manipulation. Such a structure
simultaneously yields representations across varying granularities to establish a
robust foundation for UMMs.

3.2 Motivation and Hierarchical Visual Task Taxonomy

Recent advances [4,33,45,63,66] indicate that reconstructing visual inputs from
learned embeddings significantly enhances the representation quality of visual
embeddings. However, pixel-space reconstruction fundamentally optimizes image
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Fig. 2: Overview of the generative tuning paradigm. An RGB image and a concise
textual instruction are processed by respective vision and text encoders to extract
independent embeddings. UMMSs then integrate these embeddings and map the rep-
resentations to the designated task. Because empirical evaluations demonstrate that

visual generation targets at an advanced semantic level yield the most significant per-
formance gains, SGT explicitly adopts image segmentation as its generative objective.

fidelity rather than cross-modal semantic alignment, and its objective is not
invariably the most relevant for visual understanding and reasoning. Driven by
this insight, we pose the question of whether pixel-space reconstruction is truly
the optimal choice for UMMs.

In response to this question, we establish a hierarchical taxonomy to investi-
gate the impact of different levels of visual tasks on UMMs within the generative
tuning framework. Formally, we model the generative tuning as a conditional
generation process y = fo(x, [2vit, Znoise]), Where the output y resides in the
visual space. We define the training objective as £ = L(fo(x, [2vits Znoise))s U)s
where = denotes a concise natural language instruction tailored to the specific
task, and y represents the target visual representation as depicted in Fig. 2.
Here, § denotes the ground truth for diverse visual tasks. Crucially, to isolate
the impact of task granularity, we exclusively utilize visual data for generative
tuning during this investigative phase, strictly excluding other data types such as
visual question answering, text-to-image generation, or standard image editing
data. To ensure a rigorous comparison, all tasks are evaluated using the same
set of input RGB images and an identical volume of training data. Specifically,
our evaluation covers high-level tasks (segmentation, object detection), mid-level
tasks (depth estimation, inpainting), and low-level tasks (edge detection).

3.3 From Empirical Observations to the SGT Paradigm

We begin by evaluating visual proxy tasks across different levels based on em-
pirical model performance variations. To establish a comprehensive and sys-
tematic evaluation protocol, we draw inspiration from the taxonomy proposed
in Cambrian-1 [60]. Specifically, we augment the original categories of general
VQA [5,89], vision-centric perception [60,62], chart/OCR [39,47], and math-
ematical reasoning [41,42] with spatial reasoning [35,86] and hallucination re-
sistance [21,31] to enable a more holistic assessment. Each capability score is
derived from the unweighted average of two representative benchmarks. Genera-
tive capabilities are evaluated via GenEval [19]. We validate our findings across
both BAGEL [9] and OmniGen2 [73] to ensure architectural generalizability,
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Fig. 3: Empirical evaluation of the hierarchical task ladder across diverse understand-
ing and generation dimensions. (a) High-level proxy tasks yield greater performance
gains than low-level tasks in multimodal understanding. (b) Various generative objec-
tives consistently improve performance in the position dimension, yielding comparable
overall gains. (From left to right): Position, Colors, Color Attributes, Counting, Sin-
gle Object, Two Objects, and Overall. The results represent the average performance
computed across twelve random seeds.

with specific model details provided in Sec. 4.1. Our empirical analysis yields
three crucial observations, as visualized in Fig. 3a and Fig. 3b.

Observation 1: High-level semantic tasks outperform low-level cues.
Our analysis indicates that high-level tasks yield substantially greater benefits
for multimodal understanding than their mid- or low-level counterparts. As evi-
denced in Fig. 3a, high-level objectives such as image segmentation consistently
outperform mid-level tasks (e.g., depth estimation) and low-level tasks (e.g., edge
detection). We attribute this to the strong alignment between high-level seman-
tics and the reasoning requirements of understanding models. High-level super-
vision encourages the extraction of semantic and structural essence, whereas
low-level tasks may compel the model to overfit to intricate textural details that
are often redundant for complex reasoning. This observation aligns with findings
in GenHancer [45] and the design philosophy of I-JEPA [1].

Observation 2: Visual supervision enhances perception, not reason-
ing. The generative tuning paradigm predominantly fortifies fundamental visual
perception rather than linguistic priors or abstract logical reasoning. While we
observe significant performance gains in vision-centric tasks, spatial reasoning,
and hallucination resistance, capabilities in chart recognition and mathematical
knowledge remain static or exhibit marginal decline, as shown in Fig. 3a. This
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Table 1: Statistics of the training data.

Data Source SGT General Doc/Chart/Screen Math/Reasoning General OCR  Language
Number 190k 180k 103k 101k 45k 72k

divergence indicates that while visually-derived supervision enhances represen-
tation quality to boost perceptual capabilities, it does not impart additional
knowledge or logical reasoning skills.

Observation 3: Various proxy tasks consistently improve spatial fi-
delity. Diverging from the trends associated with varying granularities observed
in understanding benchmarks, the generative tuning paradigm consistently en-
hances overall generation quality. Moreover, as illustrated in Fig. 3b, the model
demonstrates consistent performance gains on position-aware tasks. This sug-
gests that visual proxy tasks inherently provide explicit spatial constraints, re-
gardless of their semantic granularity. Empirically, the process of reconstructing
these visual structures forces the model to maintain accurate spatial layouts,
thereby naturally enhancing its alignment with positional prompts. This obser-
vation aligns with insights reported in RecA [80].

Synthesizing these three observations, we conclude that within the genera-
tive tuning framework, employing high-level semantic proxy tasks for generative
tuning yields optimal enhancements for UMMs. Consequently, we advocate for
a novel training paradigm termed Semantic Generative Tuning (SGT). This
approach strategically leverages high-level visual proxies, especially image seg-
mentation, to refine the internal representations of UMMSs, thereby harmonizing
visual understanding and generation within a unified framework. Additional ex-
periments show that semantic instance and panoptic segmentation, as well as
class-agnostic segmentation, consistently yield comparable improvements.

4 Experiments

We first detail the experimental configurations and the selection of models in
Sec. 4.1. Sec. 4.2 presents a unified study that (i) benchmarks our approach
against state-of-the-art UMMSs on diverse understanding and generation tasks
and (ii) evaluates alternative visual proxy tasks. Furthermore, we investigate
the optimal data recipe and the scaling properties in Sec. 4.3. In Sec. 4.4, we
analyze how the SGT paradigm alters the feature space and attention allocation
of UMMSs, in order to uncover deeper underlying causes.

4.1 Experimental Setup

Datasets. Although Sec. 3.3 confirms that semantic generative tuning is highly
effective in isolation, we further construct a holistic post-training to fully unleash
the potential of SGT. By synergizing SGT with 500k supervised fine-tuning sam-
ples from LLaVA-OneVision [29], we demonstrate its robustness and scalability.
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To strictly preclude data overlap between the training and evaluation phases, we
source all images for SGT exclusively from the SAM [28] dataset. Specifically, we
curate 190k samples for the SGT dataset, with the detailed source distribution
outlined in Table 1. Regarding the VQA data, we align data mixture with the
official recipe provided by LLaVA-OneVision [29].

Model selection. We conduct our experiments on two mainstream UMM archi-
tectures, BAGEL [9] and OmniGen2 [73], to evaluate our method across distinct
design philosophies. Beyond an approximate twofold difference in parameter
scale, these models differ fundamentally in their feature interaction mechanisms
and training paradigms. Specifically, BAGEL adopts a Mixture of Transform-
ers framework to facilitate layer-wise feature sharing throughout the network.
Conversely, OmniGen2 utilizes hidden states from the understanding module as
semantic guidance to steer the generative process. Their training strategies also
diverge considerably, as BAGEL employs a native interleaved training process,
whereas OmniGen2 pairs a frozen pre-trained vision language model [2] with
a diffusion module trained from scratch. To further validate the universality of
the SGT paradigm beyond these UMMSs, we extend our preliminary evaluation
to single visual encoder architectures. This architectural diversity ensures the
broad applicability of SGT.

Evaluation benchmarks. To comprehensively assess multimodal understand-
ing, we utilize the VLMEvalKit [12] to evaluate model performance across a di-
verse suite of benchmarks. This carefully curated selection encompasses spatial
reasoning, robustness against hallucinations, general visual question answering,
knowledge reasoning, and vision-centric perception to ensure a holistic evalua-
tion. Specifically, we conduct these assessments on CV-Bench [60], MMVP [62],
VSR [35], SIBench-mini [86], POPE [31], Hallusion [21], MMBench-TEST-EN
1.1 [38], MMMU-val [89], RWQA [79], MathVista [41], BLINK [16], MME [14],
and MMStar [5]. Furthermore, we employ GenEval [19] and GEdit-Bench-En [37]
to measure text-to-image generation and image editing capabilities respectively.

4.2 Main Results

Comparison with state-of-the-art UMMSs. We present a comprehensive
comparison between our proposed models and existing leading UMMs in Ta-
ble 2. SGT-BAGEL and SGT-Gen2 represent the enhanced variants of BAGEL
and OmniGen2. We train these variants using segmentation data from the SAM
dataset [28] alongside visual understanding instruction tuning. Quantitative eval-
uations indicate that both SGT-BAGEL and SGT-Gen2 consistently outperform
their original baseline architectures and surpass a broad range of competitive
models across multiple benchmarks. This widespread superiority demonstrates
the efficacy of integrating high-level semantic generative objective into the fine-
tuning of UMMSs. Furthermore, our framework achieves favorable performance
in generative tasks. As Fig. 4 illustrates, SGT demonstrates superior adherence
to complex textual prompts including spatial and color instructions when com-
pared to the baseline model. Such qualitative improvements confirm that SGT
exerts a synergistic benefit on the overall capabilities of UMMs.
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Table 2: Comparison with state-of-the-art UMMs. Best results are in bold, second
best are underlined. “~” indicates not reported. X indicates the model does not support
image editing. t refers to methods using LLM rewriter. *Results are taken from previous
works. I indicates that the first term denotes understanding parameters, and the second
denotes generation parameters.

Model Param: Visual Understanding Visual Generation
ode arams | \iMVP VSR Hallu. MMStar RWQA MathV. | GenEval GEdit-Bench-En
Small-scale Models (<4B)
*Show-o512 [81] 1.3B 50.00 54.26 46.06 - 38.17 - 68.0 X
Harmon [77] 1.5B 60.00 60.88 46.69  38.00 48.00  33.70 73.0 X
ReCA-Harmon [80] 1.5B 47.00 — 36.70  25.53 43.53 24.50 90.0 X
“UniLIP [56] 2B 73.00 5.55  60.57 - 64.18 - 90.0 -
*UniMRG [55] 3.6B 74.67 73.90 64.56 - 66.01 - 55.8 X
*OpenUni [76] 2B 71.67 66.69 60.88 - 65.23 - 51.0 -
OmniGen2 [73] 3B+4Bf | 65.00 77.52 62.35  55.07 64.41 63.50 76.6 6.63
SGT-Gen2 3B+4Bf 68.33 78.85 64.25 57.07 65.10 64.00 78.9 6.83
Large-scale Models (>7B)
Chameleon [57] 7B 50.00 — 31.13  28.93 39.00  21.90 39.0 X
Janus-Pro [6] B 63.00 71.03 60.15 46.80  41.83  42.60 80.0 X
*Emu3 [67] 8B - - - - 5740 - 66.01 X
UniWorld-v1 [34] 7B+12Bi| 77.67 83.34 68.35 63.90 67.58 68.20 84.0t 4.85
BAGEL [9] 7B+7Bf | 83.00 80.45 68.34 67.46 71.26  73.10 88.01 6.64
SGT-BAGEL 7B+7Bif 83.33 81.54 70.24 68.33 72.42 73.90 ‘ 90.0t 6.94

Ablation study. We conduct comprehensive ablation studies to systematically
evaluate the isolated impact of SF'T data alongside its joint training dynamics
with visual tasks across varying semantic levels. As shown in Table 3, SFT+SGT
utilizes the segmentation task from the SAM dataset as the generative target,
whereas SF'T+Reconstruction and SFT-+Edge employ image reconstruction and
edge detection as their respective proxy tasks. All three tasks yield performance
gains across the majority of perception-centric understanding benchmarks. We
observe notable improvements in vision-focused evaluations such as MMVP and
CV-Bench, spatial reasoning assessments including VSR and SIBench-mini, and
various hallucination robustness tests. Crucially, SGT yields the most substantial
performance gains among the evaluated proxy tasks. This outcome directly cor-
roborates the findings detailed in Sec. 3.3 and validates this semantic approach
as the optimal target for generative tuning. In generative evaluations, all three
proxy tasks achieve comparable gains in text-to-image synthesis, while gains in
image editing are positive but smaller in magnitude. This discrepancy suggests
that while generative tuning successfully aligns representational spaces, driving
further substantial gains in complex generative editing may require the integra-
tion of explicit image editing data. Finally, consistent performance improvements
observed across both the BAGEL and OmniGen2 architectures underscore the
generalizability and robustness of SGT.

4.3 More Explorations

Optimal data recipe. While our analysis in Sec. 3.3 indicates that SGT
independently enhances both understanding and generation, we posit that a
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Table 3: Unified performance comparison on various benchmarks. The best results in
each group are highlighted in bold. The results reported for the GenEval benchmark
represent the average performance computed across twelve random seeds.

Vision-Centric Spatial Reasoning Hallucination General Generation

Method CV-Bench MMVP VSR SIBench ~ POPE Hallusion MMBench MMMU MMStar GenEval GEdit-Bench-En
Base Model: OmniGen2
OmniGen2 (Base) 65.94 65.00 77.52 43.29 85.97  62.35 77.04 42.11 55.07 76.58 6.63
SFT 65.99 66.00 77.61 44.37 86.25  64.35 77.04 43.22  55.73 74.54 6.32
SFT+Edge 66.67 65.33  77.99 45.51 86.10 63.72 76.88 42.78  55.53 77.45 6.79
SFT+Reconstruction  66.71 66.33 78.18 45.41 85.92 65.19 77.00 44.44  55.73 77.53 6.81
SET+SGT 66.91 68.33 78.85 45.37 87.29 64.25 77.09 45.89 57.07 78.86 6.83
Base Model: BAGEL

BAGEL (Base) 73.21 83.00 80.45 48.95 85.69  68.34 81.25 46.77  67.46 78.21 6.52
SFT 74.61 82.67 80.69 49.34 86.77  67.92 81.86 47.33  66.93 77.18 6.49
SFT+Edge 74.56 83.67 80.83 49.51 86.48  68.66 81.89 47.56  67.20 79.96 6.72
SFT+Reconstruction  75.23 83.33 80.83 50.59 87.98  68.03 82.18 46.56  67.40 80.82 6.75
SFT+SGT 79.23 83.33 81.54 50.18 88.32 70.24 83.84 48.56 68.33 80.95 6.94
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Fig. 4: Qualitative comparison on compositional text-to-image generation.

comprehensive post-training regime must synergize SGT objectives with SFT
data to maximize performance. Therefore, we conduct an ablation study to
determine the optimal data sampling recipe between VQA instructions and
segmentation-based visual targets within each training batch. To ensure a ro-
bust assessment, we aggregate performance across eight diverse understanding
benchmarks [5,14, 16,21, 31,60, 62,89] and report the average normalized score.
As illustrated in Fig. 5a, a 1:2 intra-batch ratio of VQA to segmentation data
yields the most significant improvements in this aggregate metric for both the
BAGEL and OmniGen2 architectures. Regarding generative tasks, we observe
that performance scales positively with the proportion of generative samples
within the training batch. Balancing these multi-faceted requirements, we adopt
the 1:2 ratio for our final configuration. We reserve the exploration of more com-
plex tripartite mixing strategies involving understanding, generation, and SGT
for future research.
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Fig.5: Ablation studies on segmentation data integration. (a) The optimal
data mixture. We analyze the Segmentation-to-VQA ratio within each training batch,
observing that both models achieve optimal performance at a 2:1 ratio. (b) Data
scalability. Performance improves consistently as the segmentation dataset expands
from 2k to 100k samples (BAGEL: +3.3%, OmniGen2: +2.0%), confirming that our
visual proxy task yields scalable benefits for multimodal understanding.
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Fig. 6: Training dynamics with different SFT:Seg ratios. We compare the train-
ing curves of BAGEL under 1:0 (baseline, no segmentation) and 1:2 (with segmentation
data) ratios across three benchmarks.

Scaling properties of SGT. To verify the scalability of SGT, we fix the VQA
SEFT data and systematically scale the segmentation training data. We report
the aggregate performance across the eight representative benchmarks described
previously. As illustrated in Fig. 5b, the average normalized score exhibits a
monotonic increase commensurate with the volume of segmentation data. Fur-
thermore, an analysis of the training dynamics in Fig. 6 reveals that the inte-
gration of segmentation objectives significantly accelerates convergence on chal-
lenging benchmarks such as CV-Bench and Hallusion. Compared to the baseline
trained exclusively on VQA SFT data, our strategy consistently achieves supe-
rior performance during optimization. This demonstrates that SGT serves as a
scalable approach to continuously enhance multimodal capabilities.

4.4 Mechanistic Insights: Why Semantic Proxies Unlock Synergy?

To further elucidate the impact of the SGT, we employ BAGEL as a representa-
tive architecture to investigate specific representational shifts at both the feature
and attention levels. Our analysis examines the model’s internal dynamics across
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Fig. 7: Feature space analysis on fine-grained classes. Left panels display the
visually confusable categories Grand Piano and Upright Piano. The corresponding
tSNE visualizations on the right reveal that while the baseline BAGEL yields entan-
gled feature spaces, our proposed BAGEL-Segmentation learns highly discriminative
embeddings and achieves clear class separation.
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Fig. 8: Analysis of attention patterns. (a) Layer-wise changes in attention to vi-
sual features for three proxy tasks relative to the BAGEL baseline, demonstrating a
consistent increase in visual focus in deeper layers. (b) Attention distribution over text
tokens. The segmentation objective effectively enhances the focus on critical tokens
(Object, Color, Relation).

three dimensions encompassing the feature space structure of the visual encoder,
the cross-modal attention patterns within the understanding module, and the
attention distribution during generation.

Finding 1: SGT promotes feature linear separability. We first visualize
the visual embeddings z,;; using t-SNE as shown in Fig. 7. The projections re-
veal that training with segmentation data enhances the linear separability of
categories that are semantically similar yet structurally distinct, such as up-
right and grand pianos. In contrast to the baseline model which often yields
diffuse clusters, the incorporation of segmentation supervision significantly im-
proves both the intra-class compactness and inter-class separability of the visual
representations.

Finding 2: Mitigating linguistic over-reliance. We examine the cross-modal
attention dynamics within the understanding module, as shown in Fig. 8a.
Specifically, we observe a higher concentration of attention on visual tokens
within the deeper transformer layers compared to the baseline. This distribution
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indicates that the model anchors its reasoning process more firmly in visual ev-
idence, effectively counteracting the over-reliance on linguistic priors that often
leads to hallucination [51,91]. Crucially, high-level segmentation tasks induce a
more pronounced attention shift than low-level objectives.

Finding 3: Amplifying critical tokens and suppressing irrelevant cues.
We investigate the generative capability using prompts containing position and
attribute constraints sampled from GenEval [19]. We quantify the cross-attention
weights allocated to critical tokens, specifically position, color, and object iden-
tity. As illustrated in Fig. 8b, the integration of segmentation data amplifies the
model’s focus on these attribute-specifying tokens. This further demonstrates
that SGT effectively narrows the representational gap within UMMs and com-
pels the models to prioritize intrinsically meaningful features.

5 Limitations

While SGT effectively aligns understanding and generation for natural scenes,
relying exclusively on segmentation data constrains performance on symboli-
cally dense and knowledge-intensive tasks, as shown in Fig. 3a. This observation
indicates that SGT functions best as a foundational alignment strategy rather
than a standalone training solution. The paradigm successfully retains its sym-
bolic proficiency when SGT is augmented with VQA data, as shown in Table 2.
Future research will explore a comprehensive post-training pipeline integrating
the SGT alignment strategy with understanding data, generative targets, and
reinforcement learning frameworks to achieve optimal cross-modal performance.

6 Conclusion

This work proposes a fine-tuning paradigm for UMMs to mitigate the optimiza-
tion divergence between visual understanding and generation. Previous attempts
leverage pixel space reconstruction to improve multimodal alignment but inad-
vertently introduce granular visual noise that ultimately leads to suboptimal
performance. To overcome this limitation, we introduce Semantic Generative
Tuning as a novel paradigm that shifts the alignment proxy from the pixel space
to the semantic space. Mechanistic analyses reveal that this semantic integration
fundamentally improves feature linear separability and optimizes attention al-
location to directly mitigate representational misalignment. Extensive empirical
evaluations across mainstream architectures demonstrate that SGT consistently
yields significant improvements in both visual understanding accuracy and gen-
erative layout fidelity. The principles established by this paradigm highlight that
aligning multimodal capabilities at the semantic level serves as a crucial foun-
dation for developing cohesive and versatile UMMs.
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