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Abstract

Unified multimodal models use a shared Trans-
former backbone for visual understanding and
image generation. Existing post-training sig-
nals primarily constrain final outputs, output-
side representations, or task-level behavior,
providing limited supervision for how visual
semantics are organized across intermediate
layers. We propose HiSVR, a hierarchi-
cal semantic visual reconstruction method for
post-training unified multimodal models. A
frozen semantic visual tokenizer extracts resid-
ual semantic codes from each training im-
age, which supervise image-associated hidden
states at different Transformer depths. Shal-
low layers predict shorter semantic-code pre-
fixes, while deeper layers reconstruct longer
prefixes, yielding coarse-to-fine supervision
over intermediate representations. To balance
the differing optimization difficulty across
depths and prefix lengths, we introduce an
uncertainty-weighted progressive reconstruc-
tion loss. HiSVR is used only during train-
ing and removed at inference, preserving the
original architecture and inference cost. Ex-
periments on unified multimodal backbones
show that HiSVR improves visual understand-
ing while maintaining image generation qual-
ity. These results indicate that hierarchical
semantic reconstruction effectively regularizes
intermediate representations in unified multi-
modal models.

1 Introduction

Unified multimodal models (UMMs) have re-
cently emerged as a promising paradigm for in-
tegrating visual understanding and image gener-
ation within a single architecture (Zhang et al.,
2025; Xie et al., 2025b; Team, 2024; Wang et al.,
2024b; Chen et al., 2025b). Instead of relying
on separate systems for perception and synthe-
sis, UMMSs represent text, images, and task in-
structions in a unified token space and process
them with a shared Transformer backbone. This

formulation provides a unified interface for di-
verse multimodal tasks, including visual question
answering, image captioning, and text-to-image
generation, while enabling understanding-oriented
and generation-oriented learning signals to inter-
act within the same model.

Recent post-training methods have begun to ex-
plicitly leverage the interaction between under-
standing and generation. Some methods align
representations between understanding and gener-
ation pathways (Xie et al., 2025a), while others
introduce generation-assisted supervision through
multi-representation generation (Su et al., 2026) or
self-adversarial training (Su et al., 2025). Recent
work also explores preference optimization to im-
prove generated images (Jiang et al., 2025). These
methods enhance UMMs from different perspec-
tives, but their supervision is typically imposed on
final outputs, output-side representations, or task-
level behaviors. As a result, the intermediate lay-
ers of the shared backbone, where visual informa-
tion is progressively transformed before final pre-
diction, remain weakly constrained by direct se-
mantic supervision.

This lack of intermediate semantic supervision
is particularly important for UMM post-training.
Visual understanding requires the model to cap-
ture objects, attributes, relations, and scene-level
semantics, while image generation requires the
model to preserve spatial layouts, local details,
and visual consistency. When the same back-
bone serves both understanding and generation,
visual semantics should not only be available at
the final prediction stage, but also be organized
and preserved across intermediate representations.
Otherwise, the model may rely mainly on late-
layer states or task-specific output heads, without
developing stable visual semantic representations
throughout the backbone.

To address this issue, we propose HiSVR
(Hierarchical Semantic Visual Reconstruction), a
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Figure 1: Motivation of HiSVR compared with existing UMM post-training strategies. Prior methods mainly
couple visual understanding and image generation through output-level objectives or final representations, pro-
viding limited direct supervision to intermediate visual states in the shared backbone. HiSVR instead attaches
training-time semantic reconstruction objectives to image-associated hidden states at multiple depths, encouraging
hierarchical visual semantics to be organized inside the UMM.

hierarchical semantic reconstruction method for
post-training UMMs. HiSVR uses a frozen se-
mantic visual tokenizer to extract residual se-
mantic codes from each training image and em-
ploys these codes as auxiliary supervision for in-
termediate hidden states in the shared backbone.
Specifically, we select image-associated hidden
states from multiple Transformer depths and at-
tach lightweight reconstruction heads to predict se-
mantic code prefixes of different lengths. Shallow
layers are encouraged to predict shorter prefixes,
while deeper hidden states predict longer prefixes,
forming a coarse-to-fine supervision scheme over
intermediate semantic visual representations.

The key idea is that residual semantic code
prefixes provide supervision targets with gradu-
ally increasing complexity. Shorter prefixes of-
fer relatively coarse semantic information, while
longer prefixes contain richer and more detailed
visual semantics. Compared with applying seman-
tic supervision only near the final prediction stage,
HiSVR directly regularizes image-associated rep-
resentations at multiple backbone depths, encour-
aging visual semantics to be preserved more con-
sistently throughout the model. To balance the
varying optimization difficulty introduced by dif-
ferent depths and prefix lengths, we further in-
troduce an uncertainty-weighted progressive re-
construction (UPR) loss (Kendall et al., 2018),
which adaptively weights the hierarchical recon-
struction objectives during post-training.

HiSVR is used only as an auxiliary training
mechanism and does not alter the native under-
standing or generation pathway of the underly-
ing UMM. During post-training, the semantic tok-

enizer and reconstruction heads provide additional
semantic supervision to the shared backbone. At
inference, all auxiliary components are removed,
and the model is used with its original architecture
and inference cost. Experiments on representative
unified multimodal backbones show that HISVR
improves visual understanding while maintaining
image generation quality, demonstrating the effec-
tiveness of hierarchical intermediate semantic su-
pervision for UMM post-training.
Our contributions are summarized as follows:

* We propose HiSVR, a training-time hierar-
chical semantic visual reconstruction method
for post-training unified multimodal models,
introducing no additional inference cost.

* We introduce hierarchical intermediate super-
vision that aligns image-associated hidden
states from multiple Transformer depths with
semantic code prefixes of increasing length.

* We design an uncertainty-weighted progres-
sive reconstruction loss to balance reconstruc-
tion objectives across different depth and pre-
fix lengths.

2 Related Work

Unified Multimodal Models. Recent unified
multimodal models differ mainly in how they
represent images and how tightly they cou-
ple understanding and generation. Early-fusion
models such as Chameleon (Team, 2024) and
Emu3 (Wang et al., 2024b) formulate images and
text as mixed token sequences and scale next-
token prediction to multimodal data. Show-o (Xie
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Figure 2: Overview of HiSVR. Given a training image, a frozen semantic tokenizer extracts residual semantic
codes. HiSVR supervises image-associated hidden states from selected Transformer depths to reconstruct semantic
code prefixes of different lengths through the HSCA module. The UPR loss adaptively balances the resulting
layer-level reconstruction objectives. The semantic reconstruction branch is used only during post-training and is
removed at inference. Snowflake and flame icons denote frozen and trainable modules, respectively.

et al., 2025b), BLIP3-o0 (Chen et al., 2025a), IL-
LUME (Wang et al., 2024a), VILA-U (Wu et al.,
2025d), and Harmon (Wu et al., 2025¢) further
explore shared backbones or harmonized visual
representations for both understanding and gener-
ation. Another line improves the visual representa-
tion itself: Janus and Janus-Pro decouple visual
pathways for understanding and generation (Wu
et al., 2025a; Chen et al., 2025b), while Token-
Flow, DualToken, and UniWorld study unified to-
kenizers or semantic encoders that better serve
the two tasks (Qu et al., 2025; Song et al., 2025;
Lin et al., 2025). More recently, LLaDA?2.0-Uni
extends unified modeling to diffusion large lan-
guage models, supporting understanding, genera-
tion, editing, and interleaved reasoning within one
framework (Bie et al., 2026). These works provide
stronger architectures and visual token spaces; our
work focuses on how post-training can shape the
intermediate visual representations of an existing
unified backbone.

Post-training of UMMSs. Post-training has be-
come a practical way to improve the interac-
tion between understanding and generation af-
ter the base UMM is built. RecA aligns un-
derstanding and generation by reconstructing im-
ages from understanding-side representations (Xie
et al., 2025a). UniMRG uses multi-representation

generation to turn generation-side information into
supervision for visual understanding (Su et al.,
2026), and UniGame studies self-adversarial post-
training within a unified model (Su et al., 2025).
Recent work further studies the bidirectional re-
lation between the two abilities: UNO uses un-
derstanding supervision to steer visual genera-
tion (Liu et al.,, 2026), while LatentUMM fo-
cuses on latent-space consistency and semantic
drift between generation and re-encoding (Luo
et al., 2026). Preference- or reward-driven meth-
ods also optimize generated images with explicit
preference objectives (Jiang et al., 2025). These
methods mainly operate on final outputs, output-
side representations, generated results, or latent
transition consistency. HiSVR instead places se-
mantic supervision directly on image-associated
hidden states at multiple backbone depths. Related
semantic visual reconstruction work shows that re-
constructing semantic visual tokens is more bene-
ficial for visual understanding than reconstructing
low-level appearance tokens (Wang et al., 2025);
we further extend this supervision from final repre-
sentations to intermediate Transformer depths and
use residual semantic code prefixes to construct hi-
erarchical intermediate supervision.
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3 Method

3.1 Overview

We propose HiSVR, a training-time hierarchical
semantic visual reconstruction method for post-
training unified multimodal models (UMMs), as
shown in Figure 2. Given a training image, a
frozen semantic visual tokenizer extracts residual
semantic codes. HiSVR then supervises image-
associated hidden states from selected Trans-
former depths to predict semantic code prefixes of
different lengths through a Hierarchical Seman-
tic Code Alignment (HSCA) module. The re-
construction targets become progressively longer
at deeper layers, forming a coarse-to-fine schedule
over the backbone depth. The resulting losses are
balanced by an Uncertainty-weighted Progres-
sive Reconstruction (UPR) loss. All HISVR com-
ponents are used only during post-training and are
removed at inference.

3.2 Unified Multimodal Backbone

A unified multimodal model processes visual and
textual signals through a shared Transformer back-
bone. Given a multimodal input sequence X, the
backbone produces hidden states layer by layer:
H=FX), [=1,...,L, (1)
where L denotes the total number of Transformer

layers. We denote the image-associated hidden
states at layer [ as:

Hf € RV*4, )

where N is the number of image-associated tokens
and d is the hidden dimension.

The definition of image-associated hidden states
depends on the native UMM input format. For
visual understanding samples, H, l] corresponds to
the hidden states at input visual token positions.
For image generation samples, Hll corresponds
to the hidden states at target image token posi-
tions. Thus, HiSVR can be added to different
post-training samples without changing the origi-
nal UMM formulation.

We denote the original UMM post-training ob-
jective as Luymm, which may include textual re-
sponse supervision, image generation loss, or both.
HiSVR adds an auxiliary representation-level loss
on top of this native objective.

3.3 Hierarchical Semantic Visual Codes

For each training image I, we use a frozen seman-
tic visual tokenizer Teem to extract discrete resid-
ual semantic codes:

Qsem — Eem(I) c ZPXD, (3)

where P denotes the number of spatial positions
and D denotes the number of residual code lev-
els. In our implementation, the tokenizer is an RQ-
VAE with a SigL.IP encoder that produces codes
with spatial resolution P = 27 x 27 = 729 and
D = 8 residual levels.

Each spatial position p is represented by a resid-
ual code sequence (gp.1,¢p2;---,qp,p). We use
prefixes of this sequence as reconstruction targets:

TR ={py |1<p<P 1<j<K} (4

The prefix length K controls the amount and diffi-
culty of semantic information to be reconstructed,
enabling auxiliary targets of different complexity.

3.4 Hierarchical Semantic Code Alignment

The HSCA module maps intermediate hidden
states from selected Transformer depths to the se-
mantic code space. It consists of spatial align-
ment, depth-specific projection, and prefix recon-
struction.

Spatial alignment. The number of image-
associated tokens NV in the UMM may differ from
the spatial size P of the semantic tokenizer. For ex-
ample, the UMM may use N = 32x32 = 1024 vi-
sual tokens while the semantic tokenizer operates
at P = 27 x 27 = 729 positions. To bridge this
gap, we reshape H, lI into a 2D spatial grid and ap-
ply bilinear interpolation:

H} = Interpolate(H{, N — P) e RFP*?. (5)

Depth-specific projection. Let S = {l1,l2,13}
denote the selected Transformer layers corre-
sponding to shallow, middle, and deep positions.
For each layer group g € {shallow, mid,deep},
HSCA maintains an independent projection head
P, implemented as a two-layer MLP:

7y = Py(H/) = Wo GELU(W1H} + by) + ba,
(6)
where Z; € RP*% and d, is the projection dimen-
sion.
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Table 1:

Comparison with understanding-only and unified multimodal models on visual understanding bench-

marks. We further report our post-training results on both Show-o and Harmon backbones; baseline rows in the
post-training block are filled from our server-side VLMEvalKit evaluations.

Type Model Encoder LLM Scale POPEt MME-Pt MME-CT MMB1 SEEDT GQAt MMMUT MMVP{ VSRt RWQfT
LLaVA-v1.5 (Liu et al., 2023b) CLIP ViT-L 1.3B 84.1 1128 - - - 56.5 30.7 - - -
MobileVLM (Chu et al., 2023) CLIP ViT-L 1.4B 84.5 1196 - 532 - 56.1 - - - -

Und. Only MobileVLM-V2 (Chu et al., 2024) CLIP ViT-L 1.4B 84.3 1303 - 577 - 59.3 - - - -
DeepSeekVL (Lu et al., 2024) SigLIP-Large 1.3B 88.3 1307 225 64.6 - 59.3 33.8 - - -
MiniGemini (Li et al., 2024) CLIP ViT-L + ConvNeXt-L 2B 83.9 1341 312 59.8 - 59.9 - - - -
ILLUME (Wang et al., 2024a) OpenCLIP ViT-H 7B 88.5 1445 - 65.1 729 - 382 - - -
TokenFlow-XL (Qu et al., 2025)  CLIP ViT-B(VQ) 13B 86.8 1546 - 68.9 68.7 62.7 38.7 - - -
LWM (Liu et al., 2024a) VQGAN 7B 75.2 - - - - 44.8 - - - -
VILA-U (Wu et al., 2025d) SigLIP-Large(VQ) 7B 85.8 1402 - - 59.0 60.8 - - - -
Chameleon (Team, 2024) VQGAN 7B - - - - - - 224 - - -

Unified D-DiT (Li et al., 2025) VAE 2.0B 84.0 1125 - - - 59.2 - - - -
Janus (Wu et al., 2025a) SigLIP-Large 1.3B 87.0 1338 222 69.4 63.7 59.1 30.5 - - -
Janus-Pro (Chen et al., 2025b) SigLIP-Large 1.5B 86.2 1444 268 75.5 68.3 59.3 36.3 - - -
Harmon-0.5B (Wu et al., 2025¢) MAR-B 0.5B 86.5 1148 260 59.8 62.5 56.3 342 - - -

Post-training Results

Post-training on Show-o0-1.3B
Show-o baseline MAGVIT-v2 1.3B 80.8 1004 242.9 49.9 564  58.6 26.7 50.0 543 382

Post-train + SFT MAGVIT-v2 1.3B 81.1 998 244.1 48.0 56.8 583 27.0 50.7 51.6 377
+ RecA (Xie et al., 2025a) MAGVIT-v2 1.5B - - - - - - - 473 544 362
+ UniMRG (Su et al., 2026) MAGVIT-v2 1.5B - — — 47.4 - — - 48.1 51.3 39.8
+ Ours MAGVIT-v2 1.3B 824 1048 258.4 51.3 59.1 60.3 294 522 553 407

Post-training on Harmon-1.5B
Harmon-1.5B baseline MAR-H 1.5B 83.8 1158 266.4 49.2 65.0 589 35.6 59.3 61.1 472

Post-train * SFT ) MAR-H 1.5B 84.1 1149 269.2 49.0 653 584 359 58.7 61.7 468
+ RecA (Xie et al., 2025a) MAR-H 1.5B - 1223 - - 652  58.8 35.7 61.0 59.0 495
+ UniMRG (Su et al., 2026) MAR-H 1.5B - - 52.2 - - - 62.7 61.2 51.9
+ Ours MAR-H 1.5B 85.2 1205 281.8 51.8 674 604 38.2 62.4 63.6 504

Prefix reconstruction. HSCA assigns a seman-
tic code prefix length to each selected layer
through a function K (I). Our default configura-
tion uses:

K(ll) =2, K(ZQ) =9, K(l3) =38, (7)

where [1,l2,1l3 correspond to layers 8, 16, and
24 of a 24-layer Transformer, respectively. The
selected layers reconstruct cumulative prefixes
rather than disjoint code ranges. Thus, deeper
layers retain the targets assigned to earlier layers
while reconstructing additional residual levels.

For each selected layer [, the projected features
Z; are passed through level-specific classification
heads to predict the residual codes:

Qu; = D;(Zy),

. (8)
Qi e ROVl =1 K(®I).

where |Vj;| is the vocabulary size of the j-th resid-
ual semantic codebook.

3.5 Uncertainty-weighted Progressive
Reconstruction (UPR) Loss

For each selected layer [ and residual level j <
K (1), the reconstruction loss is:

P

1 .
p=1

rec __

Li ©))

Different layers and residual levels can have
different reconstruction difficulty. We adopt ho-
moscedastic uncertainty weighting (Kendall et al.,

2018) to balance these objectives. For each layer-
level pair (I,7), we introduce a learnable log-
variance parameter s; ; and define:

> ;10

K(1)
Lorr =D
les j=1
where the exponential term adaptively scales each
reconstruction objective and the log-variance term
prevents the model from trivially increasing all un-
certainties.

557

(ma 05+

3.6 Training Objective

The final training objective combines the original
UMM loss with the UPR loss:

L = Lumm + A Lupr, (11)

where A controls the weight of the hierarchical se-
mantic reconstruction.

During training, the semantic visual tokenizer
is frozen. The UMM backbone, the HSCA pro-
jection heads, and the semantic decoder are opti-
mized jointly. During inference, all auxiliary com-
ponents (HSCA module, semantic decoder, and
uncertainty parameters) are removed, introducing
no additional inference cost.

4 Experiments

4.1 Experimental Setup

Model Architectures. We evaluate HiSVR on
two representative UMM architectures with differ-
ent generation paradigms:
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Table 2: Evaluation of text-to-image generation on GenEval (Ghosh et al., 2023) benchmark. We compare rep-
resentative generation-only and unified multimodal models, and further report post-training results on the Show-o

backbone.

Type Method Single Obj.t Two Obj.7 Counting? Colorst PositionT  Color Attri.7  Overallf
SDXL (Podell et al., 2024) 0.98 0.74 0.39 0.85 0.15 0.23 0.55

Gen. Only DALL-E 3 (Betker et al., 2023) 0.96 0.87 0.47 0.83 0.43 0.45 0.67
SD3-Medium (Esser et al., 2024) 0.99 0.94 0.72 0.89 0.33 0.60 0.74
SEED-X (Ge et al., 2024) 0.97 0.58 0.26 0.80 0.19 0.14 0.49
D-DiT (Li et al., 2025) 0.97 0.80 0.54 0.76 0.32 0.50 0.65
TokenFlow-XL (Qu et al., 2025) 0.95 0.60 0.41 0.81 0.16 0.24 0.55

Unified OmniGen2 (Wu et al., 2025b) 0.99 0.86 0.64 0.85 0.31 0.55 0.70
Chameleon (Team, 2024) - - - - - - 0.39
Janus-Pro (Chen et al., 2025b) 0.99 0.89 0.59 0.90 0.79 0.66 0.80

Ours Post-training Results

Post-training on Show-o-1.3B
Show-o baseline 0.97 0.84 0.65 0.80 0.27 0.45 0.66
+ SFT 0.96 0.84 0.67 0.77 0.30 0.54 0.68

Post-train  + RecA (Xie et al., 2025a) - - - - - 0.72
+ UniMRG (Su et al., 2026) - - - - - - 0.71
+ Ours 0.98 0.88 0.67 0.81 0.34 0.56 0.71

¢ AR: Show-o (Xie et al., 2025b). Show-o is a
unified multimodal Transformer that supports
both visual understanding and image genera-
tion. We apply HiSVR to intermediate hid-
den states at visual-token positions in its mul-
timodal backbone.

AR+MAR: Harmon (Wu et al., 2025c).
Harmon uses a shared masked autoregressive
backbone for visual comprehension and gen-
eration. We apply the same HiSVR objective
to its unified backbone to examine whether
the proposed supervision transfers across gen-
eration paradigms.

For both models, the HSCA module and UPR
loss are used only during post-training and are re-
moved at inference time, leaving the original infer-
ence pathway unchanged.

Implementation Details. We use LLaVA-Mix-
665K as visual instruction data and BLIP30-60K
image—text data for generation-side post-training.
For each training image, we pre-extract 27 x 27 X 8
hierarchical semantic visual codes using a frozen
RQ-VAE semantic tokenizer (Lee et al., 2022).
Unless otherwise specified, HSCA is attached to
three Transformer depths (layers 8, 16, and 24),
following the default configuration in Section 3.4.
More implementation details are provided in Ap-
pendix A.

Evaluation Metrics. For visual understanding,
we use VLMEvalKit to evaluate POPE, MME,
MMBench, SEEDBench, GQA, MMMU, MMVP,
VSR, RealWorldQA, TextVQA, and ScienceQA.

For image generation, we report GenEval (Ghosh
et al., 2023). Appendix B gives the detailed evalu-
ation protocols.

4.2 Results on Visual Understanding

Table 1 presents the main visual understanding
results. On the Show-o backbone, HiSVR im-
proves the post-trained model on the majority of
evaluated benchmarks, with particularly consis-
tent gains on perception-oriented tasks. On Har-
mon, the same training objective also yields im-
provements, suggesting that the benefit is not tied
to a single generation paradigm. We further pro-
vide qualitative comparisons in Figure 3.

4.3 Results on Image Generation

Table 2 reports the text-to-image generation re-
sults on the GenEval benchmark. On the Show-
o backbone, HiSVR achieves an overall score
of 0.71, improving over both the original Show-
o baseline (0.66) and the SFT baseline (0.68).
Compared with SFT, HiSVR improves on several
composition- and attribute-sensitive categories, in-
cluding Two Object (0.88 vs. 0.84), Position (0.34
vs. 0.30), and Color Attribution (0.56 vs. 0.54),
while matching Counting (0.67). These results
indicate that intermediate semantic reconstruction
preserves image generation ability while improv-
ing several relation- and attribute-sensitive genera-
tion cases.

4.4 Case Study

Figure 3 presents representative cases for visual
understanding and image generation. For vi-
sual understanding, HiSVR better preserves fine-
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Figure 3: Qualitative case studies on visual understanding and image generation. (a) Eight challenging examples
from the MM VP benchmark where the baseline model fails but our model succeeds, spanning spatial orientation
(C1, C6, C8), object state recognition (C2, C4, C7), counting (C3), and attribute perception (C5). v and x
denote correct and incorrect answers, respectively. (b) Four representative text-to-image generation examples from
GenEval where our method outperforms the baseline on counting, two-object composition, and spatial relationship

tasks.

grained cues such as object state, spatial orienta-
tion, counting, and attributes. For image genera-
tion, HiSVR follows compositional prompts more
faithfully, especially when multiple objects, color
attributes, or spatial relations are involved. These
examples complement the quantitative results and
illustrate how intermediate semantic supervision
improves sensitivity to visual structure without
changing the inference architecture.

4.5 Ablation Studies

‘We conduct ablation studies to isolate the contribu-
tion of the main design choices in HiSVR. Table 3
summarizes the results.

Table 3: Ablation studies of HISVR on Show-o visual
understanding benchmarks.

Method MMMU MMBench POPE Overall
Post-training on Show-o-1.3B

Final-layer only 27.9 494 80.6 525
Inverted prefix schedule 28.6 48.7 81.0 529
Disjoint prefix ranges 28.2 50.3 80.8 534
Uniform loss weighting 28.9 50.7 81.6 53.8
HiSVR (Ours) 294 51.2 82.3 54.3

Effect of multi-depth supervision. We first
compare HiSVR with a final-layer-only variant

that applies semantic reconstruction only to the
last Transformer layer using the full code prefix.
This comparison tests whether semantic supervi-
sion should be concentrated near the output side
or distributed across intermediate depths.

Effect of prefix schedule. We then compare the
proposed cumulative prefix schedule with two al-
ternatives. The inverted prefix schedule assigns
the longest prefix to the shallow layer and the
shortest prefix to the deepest layer. The disjoint
prefix schedule assigns non-overlapping residual
code ranges to different depths. These variants test
whether the coarse-to-fine cumulative design mat-
ters beyond simply adding reconstruction losses at
multiple layers.

Effect of UPR loss. We compare the UPR loss
(Eq. 10) with a uniform weighting baseline where
all reconstruction objectives are equally weighted.
This comparison evaluates whether adaptive loss
balancing is useful when reconstruction targets dif-
fer in depth, prefix length, and optimization diffi-
culty.
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Figure 4: Layer-wise semantic diagnostics and learned UPR balancing on the Show-o backbone. (a) A lightweight
linear probe predicts frozen RQ-VAE semantic-token features from image-associated hidden states at layers 8, 16,
and 24. Higher R? indicates that semantic visual structure is more linearly recoverable from the corresponding
Transformer layer. (b) Learned UPR log variances s; ; over assigned layer-prefix objectives; blank cells denote

prefix levels not used by the cumulative schedule.

4.6 Analysis

The benchmark results show that HiSVR improves
downstream understanding and generation, but
they do not by themselves reveal where the im-
provement comes from inside the UMM. Since
HiSVR explicitly supervises image-associated hid-
den states at multiple Transformer depths, the
most direct diagnostic is to ask whether visual
semantics become easier to recover from those
intermediate representations. We therefore fo-
cus our analysis on two complementary questions:
whether frozen hidden states expose stronger se-
mantic information after HISVR, and whether the
learned UPR weights behave as a stable balancing
mechanism across heterogeneous layer-prefix ob-
jectives.

Layer-wise semantic probing. To directly test
whether HiSVR improves intermediate visual rep-
resentations, we freeze the backbone and train a
lightweight linear probe on image-associated hid-
den states from layers 8, 16, and 24. The probe
predicts patch-level semantic features extracted by
the frozen RQ-VAE semantic tokenizer, using un-
labeled POPE images only as natural image in-
puts. We sample 96 semantic-token positions per
image from 240 images and use an image-level
75/25 train-test split, so no patch from a test im-
age is seen during probe training. As shown in
Figure 4(a), HiSVR consistently improves seman-
tic recoverability over the original Show-o back-
bone, increasing R? from 0.272 to 0.303 at layer
8, from 0.261 to 0.328 at layer 16, and from 0.243
to 0.392 at layer 24. The same trend appears
under cosine similarity, which improves from

0.713/0.709/0.696 to 0.726/0.740/0.748 across the
three layers. The gain is largest at the deep-
est probed layer, but improvements also appear
at the shallow and middle layers, indicating that
HiSVR does not merely alter the final decoding in-
terface. Instead, it makes frozen visual semantics
more accessible throughout the supervised depth
range, which directly supports our main hypoth-
esis that hierarchical semantic reconstruction im-
proves the organization of intermediate UMM rep-
resentations.

Learned UPR weights. Figure 4(b) shows the
learned UPR log variances for all assigned layer-
prefix objectives. The learned values remain
within a narrow range, but they are target-specific
across layers and residual prefix levels rather than
manually fixed. This mild adaptive reweighting is
consistent with the role of UPR: it balances hetero-
geneous reconstruction targets while keeping the
auxiliary supervision numerically stable. We pro-
vide the corresponding reconstruction-loss curves
in Appendix C.

5 Conclusion

We propose HiSVR, a training-time hierarchical
semantic visual reconstruction method for unified
multimodal model post-training. HiSVR super-
vises image-associated hidden states with resid-
ual semantic code prefixes, providing intermediate
semantic supervision beyond conventional output-
side objectives. Since the auxiliary reconstruc-
tion branch is removed at inference, HiSVR pre-
serves the original model architecture and infer-
ence cost. Experiments on unified multimodal
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backbones show that HiSVR improves visual un-
derstanding while maintaining image generation
quality, suggesting that coarse-to-fine semantic re-
construction is an effective way to regularize inter-
mediate multimodal representations.

Limitations

Our work has several limitations. First, HISVR re-
lies on a frozen semantic visual tokenizer, so its
supervision quality is bounded by the tokenizer’s
capacity. Second, we evaluate HiSVR on two uni-
fied multimodal backbones with up to 1.5B param-
eters, and its effectiveness on larger models re-
mains to be studied. Third, the current layer se-
lection and prefix schedule are fixed, while adap-
tive strategies may further improve performance.
Finally, although HiSVR adds no inference cost,
it introduces extra training-time computation. Its
real-world use may also inherit risks from the un-
derlying model and data, including hallucinated
visual answers, biased generations, and failures
under out-of-distribution inputs. Therefore, high-
stakes applications require additional safety evalu-
ation and human verification.
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A Implementation Details

A.1 Post-training Data

We use publicly available research artifacts,
including Show-o, Harmon, LLaVA-style in-
struction data, LLaVA-NeXT-738K, BLIP30-60K,
GenEval, and VLMEvalKit, following their re-
leased licenses and terms of use. The semantic to-
kenizer is used only for training-time supervision
and is not redistributed as part of the submitted pa-
per.

For Show-o post-training, we use LLaVA-style
visual instruction data for image-to-text learning
and BLIP30-60K text—-image shards for text-to-
image learning. The Show-o configuration uses
the full BLIP30-60K shard set, including DALL-
E 3, GenEval-train, human gesture, JourneyDB,
MSCOCO-human, object, occupation, and text-
oriented subsets. For Harmon post-training, we
use LLaVA-NeXT-738K for multimodal under-
standing and BLIP30-60K for text-to-image gen-
eration. Unless otherwise stated, we follow the of-
ficial training and evaluation splits of each bench-
mark.

A.2 Semantic Code Extraction

For each training image, we extract hierarchical
semantic visual codes offline using a frozen RQ-
VAE semantic tokenizer with a SigLIP encoder.
The tokenizer produces a spatial code map with
resolution 27 x 27, corresponding to P = 729
spatial positions, and D = 8 residual code levels.
These residual levels form the semantic code hier-
archy used by HiSVR. The semantic tokenizer is
frozen throughout post-training and is not used at
inference.

A.3 Post-training Hyperparameters

Tables 4—6 summarize the post-training setup used
for the two UMM backbones. We split the config-
uration into optimization settings, data/tokenizer
settings, and HiSVR-specific module settings to
keep the appendix readable. The Show-o setup fol-
lows the discrete HiSVR configuration with a 15K-
step schedule, while the Harmon setup follows the

Table 4: Optimization hyperparameters for HiSVR
post-training.

Show-o-1.3B Harmon-1.5B
Optimizer AdamW AdamW
Learning rate 5x 1077 1x107°
HiSVR branch learning rate 5x107° 1x107°
B, B2 (0.9,0.999) (0.9,0.95)
Weight decay 0.01 0.02
Learning-rate schedule Cosine Linear warmup + cosine
Warmup 500 steps 1% of total iterations
Training length 15K steps 15K iterations
Gradient accumulation 5 40
Batch size T2I: 1, MMU: 2 32
Mixed precision bfloat16 bfloat16
Max gradient norm 1.0 1.0
GPUs 1 x NVIDIA A800 1 x NVIDIA A800

Table 5: Data and tokenizer setup for HiSVR post-
training.

Show-o-1.3B Harmon-1.5B

LLaVA-NeXT-738K
BLIP30-60K shards
512 x 512

Understanding data
Generation data
Generation resolution

LLaVA-style instruction data
BLIP30-60K shards
512 x 512

Max text length 128 128

Generation tokenizer MAGVIT-v2 MAR tokenizer

Semantic tokenizer Frozen RQ-VAE semantic tokenizer Frozen RQ-VAE semantic tokenizer
Tokenizer encoder SigLIP SigLIP

Semantic code resolution 27 x 27 27 x 27

Residual code levels 8 8

MMU+T2I HiSVR configuration launched on a
single NVIDIA A800 GPU.

A.4 Inference-time Auxiliary Branch
Removal

HiSVR is used only during post-training. At in-
ference, the semantic tokenizer, HSCA projec-
tion heads, semantic decoder, and uncertainty pa-
rameters are removed. Therefore, HISVR does
not change the native model architecture, decod-
ing procedure, or inference cost of the underlying
UMM.

B Evaluation Protocols

B.1 Visual Understanding Benchmarks

We evaluate visual understanding  with
VLMEvalKit when the benchmark is sup-
ported. The benchmark suite includes POPE,
MME, MMBench, SEEDBench, GQA, MMMU,
MMVP, VSR, RealWorldQA, TextVQA, and
ScienceQA. We use the official split and metric
for each benchmark unless otherwise specified.

* POPE (Lietal., 2023b): object-hallucination
evaluation with a balanced, image-grounded
design; the test split contains 9000 question-
answer pairs.

* MME (Fu et al., 2023): a comprehensive
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Table 6: HiISVR module and loss-weight setup.

Show-o-1.3B Harmon-1.5B
Selected Transformer layers 8, 16,24 9,18,28
Depth ranges [0,2),[0,5),[0,8) [0,2),[0,5),[0,8)
Prefix schedule K (1) 2,5,8 2,5,8
Projection head 2-layer MLP 2-layer MLP
Projection dimension 2048 2048

Semantic decoder

Frozen modules

Trainable modules
Inference-time auxiliary modules

Level-specific classifiers Level-specific classifiers
Semantic tokenizer Semantic tokenizer
Backbone, HSCA, decoder Backbone, HSCA, decoder
Removed Removed

Text-to-image loss 1.0 1.0
Image-to-text/MMU loss 1.0 1.0
HiSVR loss 1.0 1.0

UPR uncertainty weights Learned Learned

benchmark covering perception and cogni-
tion abilities of multimodal models.

e MMBench (Liu et al.,, 2024b): a curated
multiple-choice benchmark; it contains 1164
dev questions and 1784 test questions.

e SEEDBench (Li et al.,, 2023a): a multi-
dimensional benchmark for evaluating gener-
ative comprehension across diverse visual un-
derstanding dimensions.

* GQA (Hudson and Manning, 2019): a com-
positional visual question answering bench-
mark requiring multi-step reasoning over
scene graphs.

e MMMU (Yue et al, 2024): a college-
level multimodal reasoning benchmark with
11 500 questions across multiple disciplines.

* MMYVP (Tong et al., 2024): a benchmark
targeting fine-grained visual patterns that
are difficult for CLIP-based vision-language
models.

* VSR (Liu et al., 2023a): a visual spatial rea-
soning benchmark focused on spatial relation-
ships between objects.

* RealWorldQA: a visual question answering
benchmark built from diverse real-world im-
ages.

* TextVQA: a text-centric visual question an-
swering benchmark that requires reading and
reasoning over image text.

* ScienceQA: a multimodal science question
answering benchmark covering visual and
textual reasoning.
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Figure 5: Overall auxiliary semantic reconstruction
loss during HiSVR post-training on the Show-o back-
bone. The curve is smoothed only for visualization.

B.2 Text-to-image Generation Benchmark

We evaluate text-to-image generation with
GenEval (Ghosh et al.,, 2023). Following the
official protocol, generated images are scored
on six compositional dimensions: single object,
two objects, counting, colors, position, and color
attribution. We report both category-level scores
and the overall score in Table 2.

C Additional Analysis Details

C.1 Diagnostic Probing Protocol

For the layer-wise semantic probing experiment in
Figure 4(a), we freeze the original and HiSVR-
tuned Show-o backbones and extract image-
associated hidden states from Transformer layers
8, 16, and 24. We use 240 images from POPE
as unlabeled natural image inputs and do not use
their question or answer annotations. For each im-
age, we sample 96 positions from the 27 x 27
semantic-token grid and align the corresponding
Show-o image-token hidden states to this grid by
bilinear interpolation from the native 32 x 32 VQ-
token layout. The probing target is the continu-
ous patch-level semantic feature from the frozen
RQ-VAE semantic tokenizer. We train an indepen-
dent ridge-linear probe for each model and layer
with an image-level 75/25 train-test split, prevent-
ing patches from the same image from appearing
in both splits. We report test-set R? in the main
figure and use cosine similarity as an additional di-
agnostic statistic in the text.

C.2 Training Diagnostics

Training dynamics. Figure 5 shows the aux-
iliary reconstruction objective from the Show-o
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Figure 6: Layer-group reconstruction losses at the se-
lected Show-o Transformer depths. The curves are
smoothed only for visualization.

HiSVR training log. Using the average of the first
and last 40 logged points, the HiSVR reconstruc-
tion loss decreases from 120.84 to 53.09, corre-
sponding to a relative reduction of 56.1%. This
confirms that the semantic reconstruction branch
is actively optimized during post-training rather
than serving as a static regularizer.

Layer-wise reconstruction behavior. We fur-
ther inspect the reconstruction losses at the se-
lected Transformer depths in Figure 6. The layer
groups at depths 8, 16, and 24 reduce their recon-
struction losses by 44.4%, 43.1%, and 41.7%, re-
spectively, but they maintain different magnitudes
throughout training. This supports supervising
multiple depths: the intermediate targets are op-
timized successfully, but they exhibit distinct dif-
ficulty profiles rather than collapsing to a single
shared trend.
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