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Abstract

Unified vision-language models (VLMs) integrate visual001
understanding and visual generation within a single au-002
toregressive backbone, but their joint training is computa-003
tionally expensive and largely overlooked from an efficiency004
perspective. In this work, we study the feasibility and lim-005
its of token-reduction-based acceleration for unified VLM006
training. Through a systematic analysis of layerwise atten-007
tion allocation, we uncover a fundamental asymmetry: vi-008
sual understanding exhibits substantial late-layer visual re-009
dundancy, whereas visual generation maintains persistent010
dependence on image tokens across depth. Guided by this011
observation, we design task-specific accelerators that selec-012
tively reduce image-token computation for each objective.013
While these methods achieve significant efficiency gains in014
isolated settings, we observe a consistent synergy loss un-015
der unified training—task-specific token dropping necessi-016
tates divergent parameter pathways and eliminates the mu-017
tual performance gains typically observed in joint optimiza-018
tion. Our findings suggest that efficient unified modeling re-019
quires preserving shared cross-task structures, highlighting020
the need for synergy-aware acceleration strategies.021

1. Introduction022

Unified Vision-Language Models (VLMs) [11, 25, 26, 36,023
38, 39] integrate visual generation [6, 7, 29, 33] and un-024
derstanding [4, 21, 22, 27] within a single model and have025
demonstrated remarkable scalability and cross-task poten-026
tial [32, 37, 39]. However, the training of these models027
is prohibitively expensive; for instance, VILA-U [39] re-028
quires approximately 20K A100 GPU hours. While many029
prior methods propose to reduce inference-time computa-030
tion in understanding-only VLMs via token pruning or spe-031
cial attention masks [1, 3, 12, 24, 28, 30, 44], these strate-032
gies do not directly translate to improve training-time ef-033
ficiency. Furthermore, existing acceleration techniques for034
visual understanding do not account for the distinct struc-035
tural requirements of visual generation, nor do they study036
the complexities inherent in unifying generative and dis-037
criminative objectives within a single VLM.038

In this paper, we investigate the feasibility and limits of 039
accelerating the training of unified vision language models. 040
We adopt the pure autoregressive framework as our testbed, 041
as it represents one of the most prevalent architectures for 042
integrating multimodal capabilities [9, 14, 23, 36, 39, 41– 043
43]. Through an analysis of the attention dynamics within 044
this framework (in Figure 2), we reveal a critical asymme- 045
try in task-specific redundancy: while visual understanding 046
tasks exhibit high token redundancy in the deeper layers, 047
visual generation depends heavily on the context of pre- 048
viously generated image tokens within many deep layers. 049
Building on these insights, we develop task-specific strate- 050
gies to accelerate training by selectively dropping image to- 051
kens tailored to the unique requirements of each objective. 052

Furthermore, we reveal a critical ”synergy loss” phe- 053
nomenon that occurs when task-specific token reduction 054
methods are applied to the joint training of unified mod- 055
els. We find that task-specific token dropping disrupts the 056
inherent synergy between understanding and generation by: 057
(1) necessitating divergent sets of image-related model pa- 058
rameters, and (2) eliminating the mutual performance gains 059
typically observed when both tasks are trained concurrently. 060
Our diagnostic analysis suggests that aggressive token drop- 061
ping amplifies task conflicts, offering a cautionary lesson 062
and a new perspective for future research in efficient unified 063
modeling. Our contributions are summarized as follows: 064

• Unified Redundancy Analysis: We characterize task- 065
specific attention patterns in unified VLMs, identifying 066
distinct redundancy zones. 067

• Task-Specific Accelerators: We design and implement 068
training-time acceleration for isolated tasks. 069

• Discovery of Synergy Loss: We discover that task- 070
specific optimization strategies fail in unified settings, re- 071
vealing that forced token reduction disrupts mutual im- 072
provements of discriminative and generative objectives. 073

• Lessons for Unified Acceleration: Our results suggest 074
that effective acceleration methods may benefit from pre- 075
serving shared cross-task structures and carefully ac- 076
counting for impact on cross-task learning dynamics. 077
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Figure 1. Unified autoregressive VLM. A single Transformer
backbone processes multimodal sequences under a unified next-
token prediction objective. (a) In visual understanding, the model
predicts text tokens conditioned on image and textual context. (b)
In visual generation, the model autoregressively predicts image
tokens conditioned on preceding text and image tokens.

2. Related Works078

Unified Vision-Language Models. Recent advancements079
have shifted toward unifying perception and generation080
within a single framework. Models like VILA-U [39], Janus081
[37], and Chameleon [32] utilize discrete visual tokenizers082
(e.g., VQVAE [35]) to treat images as a ”foreign language.”083
While these models simplify the pipeline by using a single084
next-token prediction objective, their joint training is com-085
putationally demanding. Many other hybrid models that086
append diffusion heads [29] to a transformer also require087
fine-tuning the entire backbone across multiple modalities,088
creating the need for efficient training.089

Efficiency in Vision-Language Models. Efficiency re-090
search in VLMs has primarily focused on visual under-091
standing during inference-time [3, 12, 17, 20, 24, 30, 45].092
For instance, LLaVA-PruMerge [30] and LLaMA-VID [19]093
reduce the number of visual tokens by identifying spatial094
redundancy and merging tokens. Other works explore ef-095
ficient attention mechanisms or special masks to skip re-096
dundant computations during inference [44, 46]. However,097
these methods are often designed for ”understanding-only”098
tasks where the model’s output is limited to text, and a com-099
plete set of image tokens is treated as input, thus having100
difficulty applying to visual generation, and how to reduce101
training-time computation remains a challenging problem.102

Token Reduction and Attention Redundancy. The con-103
cept of ”token reduction” or ”pruning” originates from the104

Vision Transformer (ViT) and NLP literature to handle 105
long-sequence data [1, 10, 28, 40]. These methods typi- 106
cally use attention weights or activation statistics as prox- 107
ies for token importance. In the multimodal domain, recent 108
studies have analyzed attention sinks [40] and sparsity to 109
prune background patches. While effective for single-task 110
models, these importance metrics are not directly transfer- 111
able to unified models where tokens must serve dual roles 112
in discriminative perception and generative synthesis. 113

Multi-task Synergy in VLMs. The relationship between 114
understanding and generation has been a subject of ongo- 115
ing debate. While some studies suggest that generative 116
pre-training provides a stronger world model for percep- 117
tion [36, 41], others have noted the difficulty of balancing 118
these disparate objectives during joint optimization [37]. 119
We build upon this line of inquiry by investigating how 120
structural constraints—specifically, token dropping—affect 121
the stability and synergy of this multi-task learning process. 122

123

3. Problem Setup 124

3.1. Unified Autoregressive Vision-Language Model 125

We study a unified vision-language model (VLM) that 126
jointly performs visual understanding and visual genera- 127
tion within a single autoregressive Transformer backbone, 128
following the unified next-token prediction paradigm of 129
VILA-U (7B) [39]. Let x = (x1, . . . , xT ) denote text to- 130
kens and v = (v1, . . . , vM ) denote discrete image tokens 131
obtained from a visual tokenizer (e.g., VQ-based). We con- 132
struct a multimodal sequence 133

z = (z1, . . . , z|z|) = (system, x, v). 134

The model, parameterized by θ, is trained using autore- 135
gressive next-token prediction: 136

Pθ(z) =

|z|∏
t=1

Pθ(zt | z<t). 137

Under this formulation, both text and image tokens are 138
treated uniformly as discrete tokens in a single sequence, 139
and a shared next-token objective is applied across modali- 140
ties. We visualize the generation process in Figure 1. 141

3.2. Training Objective 142

Unified training mixes data from visual understanding and 143
visual generation tasks under a single objective. For a mul- 144
timodal training sample z, the loss is defined as the negative 145
log-likelihood: 146

Lunified = −
|z|∑
t=1

logPθ(zt | z<t). (1) 147
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Figure 2. Asymmetric depth-wise attention patterns in unified VLMs. Visualization of self-attention heatmaps across layers for
understanding (a) and generation (b). Understanding exhibits strong early cross-modal interactions followed by a sharp decay in image-
token attention. Generation, however, preserves substantial image-token attention throughout depth, highlighting a fundamental asymmetry
in token utilization.

This unified objective simultaneously optimizes: Visual148
Understanding: predicting text tokens conditioned on im-149
age and textual context; Visual Generation: predicting im-150
age tokens conditioned on preceding text and image tokens.151

3.3. Computational Bottleneck152

Let N = |z| denote the total sequence length. A stan-153
dard Transformer layer incurs quadratic self-attention cost:154
FLOPs per layer ∝ N2. Since N = T +M , where T and155
M are the numbers of text and image tokens respectively,156

(T +M)2 = T 2 + 2TM +M2.157

In unified VLM training, image tokens typically dominate158
the sequence (M ≫ T ), making the M2 term the primary159
computational bottleneck.160

This naturally motivates token reduction strategies that161
limit the effective participation of image tokens in atten-162
tion. In this work, we investigate the effectiveness and lim-163
itations of token-reduction-based training acceleration for164
visual understanding, visual generation, and their unifica-165
tion. We begin by analyzing task-specific redundancy pat-166
terns through attention statistics.167

4. Redundancy Analysis168
To guide the design of our acceleration strategies, we ana-169
lyze the layerwise attention behavior of a pre-trained uni-170
fied VLM. Our goal is to analyze task-specific redundancy171
in visual tokens that inspires method design.172

4.1. Analysis Setup 173

Model and Data. We analyze the VILA-U model and 174
collect attention statistics on both visual understanding 175
(with ShareGPT-4v dataset) and visual generation (with 176
JournyDB dataset). For each task, we record attention maps 177
across all transformer layers. 178

Attention Allocation. Following prior attention decom- 179
position analysis [3], we measure how attention mass is dis- 180

tributed across token segments. Let A(ℓ,h)
i,j denote the atten- 181

tion weight at layer ℓ and head h from query token i to key 182
token j, with 183∑

j

A
(ℓ,h)
i,j = 1. 184

Given a partition of tokens into segments (e.g., system, 185
image, instruction, output), the attention alloca- 186
tion of segment S at layer ℓ is defined as: 187

α
(ℓ)
S =

1

H

H∑
h=1

∑
i

∑
j∈S

A
(ℓ,h)
i,j . (2) 188

This metric captures the fraction of total attention mass 189

directed to each token segment at a given layer. We use α(ℓ)
S 190

to quantify redundancy patterns across depth. 191
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Figure 3. Quantitative attention allocation reveals depth-dependent visual redundancy asymmetry. Left: Attention mass distribution
over token segments (system, image, instruction, output) at representative shallow and deep layers. Right: Layerwise attention allocation
across the full transformer depth. For visual understanding (top), attention to image tokens sharply decreases in deeper layers, while in-
struction and output tokens dominate, indicating substantial late-layer visual redundancy. In contrast, visual generation (bottom) maintains
consistently high attention to image tokens across layers, with increasing allocation to output image tokens in deep layers, reflecting per-
sistent autoregressive dependence on generated image tokens.

4.2. Task-Specific Attention Patterns192

We visualize (1) attention allocation (Figure 3) across token193
segments over layers and (2) attention heatmaps (Figure 2)194
at representative layers for both visual understanding (U)195
and visual generation (G). The results reveal a clear asym-196
metry in visual token redundancy patterns in different tasks.197

Visual Understanding (U). For perception tasks (e.g.,198
VQA), visual tokens exhibit clear depth-dependent redun-199
dancy. As shown in Figure 2 and Figure 3, attention rapidly200
shifts away from image tokens as depth increases. Image201
tokens account for roughly ∼30% of attention in the first202
layer, but this drops below 10% in middle and late lay-203
ers. Instead, attention becomes dominated by instruction204
and output tokens, which together exceed 80% of the total205
attention mass in deeper layers. Across layers, we observe206
a consistent transition:207

• Early layers: Strong cross-modal interactions between208
image and text tokens, indicating visual grounding and209
alignment.210

• Middle layers: Attention increasingly concentrates on211
text tokens, with diminishing image-to-image and image-212
to-text interactions.213

• Late layers: Attention is almost entirely confined to tex-214
tual tokens, suggesting that high-level reasoning becomes215
predominantly linguistic.216

Visual Generation (G). In contrast to understanding, im- 217
age generation exhibits a persistent and structured depen- 218
dence on image tokens. Output (image) tokens receive a 219
substantial fraction of attention across early and late lay- 220
ers, typically ranging from 30% to 60%. Unlike the rapid 221
decay observed in understanding tasks, attention to image 222
tokens exhibits a consistent increase of attention allocation 223
in deeper layers. Across depth, the attention pattern follows 224
a hierarchical structure: 225

• Early layers: Broad attention over both textual prompts 226
and previously generated image tokens, establishing 227
global conditioning. 228

• Middle layers: Attention concentrates on recent image 229
tokens and specific prefix positions, reflecting localized 230
autoregressive dependencies. 231

• Late layers: Image-token attention becomes increasingly 232
significant, ensuring consistency in token prediction. 233

Robustness Across Scales. We repeat the same analy- 234
sis on a smaller-scale VILA-U model trained by ourselves 235
(LLaMA-3-3B backbone [5]). The qualitative and quanti- 236
tative patterns remain consistent: late-layer visual redun- 237
dancy emerges for understanding, while generation pre- 238
serves significant image-token attention. This suggests the 239
observed asymmetry is not scale-specific. 240

4



CVPR
#*****

CVPR
#*****

CVPR 2026 Submission #*****. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

Figure 4. Task-specific token-reduction-based acceleration mechanisms for unified VLM training. From left to right: (1) Vanilla
Transformer layer, where both text and image tokens participate fully in self-attention and feed-forward computation. (2) HiMix (Under-
standing) reduce image tokens from the query stream while retaining them in key/value projections, eliminating quadratic image-to-image
attention while preserving text-to-image interactions. (3) HMGen–Full layer (Generation) maintains full autoregressive attention but sep-
arates image- and text-related projections for stable hierarchical conditioning. (4) HMGen–Shallow layer (Generation) skips image-token
attention and feed-forward updates, forwarding their hidden states to reduce computation while preserving autoregressive structure.

4.3. Implications for Acceleration241

This implies token reduction must be task-aware:242

1. Understanding: Visual tokens are redundant after the243
first few layers. It is possible to reduce image tokens244
in some way and significantly reduce quadratic attention245
cost with minimal performance impact.246

2. Generation: Visual tokens are autoregressively gener-247
ated during inference, and removing training compu-248
tation on them must still enable the same next-token249
prediction for inference. Deep layers in visual genera-250
tion also have limited bandwidth to reduce image token-251
related computation.252

Therefore, a unified model cannot rely on a single token-253
dropping rule. The structural roles of visual tokens differ254
fundamentally between discriminative and generative ob-255
jectives. We introduce the task-specific training accelera-256
tion methods below.257

5. Proposed Task-Specific Accelerators258
Motivated by the task-specific redundancy revealed in259
Sec. 4, we investigate whether token-reduction-based accel-260
eration can be done separately for visual understanding and261
generation. We first evaluate these strategies in isolation262
before analyzing their behavior under unified training.263

5.1. Understanding (U)264

Method. We adopt HiMix [46] as the baseline accelerator265
for visual understanding. Unlike token merging/dropping266
given complete image token sets based on inference-time267
analysis, HiMix modifies the attention computation in a268
manner compatible with both training and inference, mak-269
ing it suitable for unified autoregressive VLMs. The key270
idea is to reduce tokens in queries.271

Specifically, as illustrated in Figure 4, image tokens are272

removed from the query projections while retained in the 273
key and value projections. This eliminates quadratic image- 274
to-image attention while preserving text-to-image interac- 275
tions. As shown in Sec. 4, visual tokens become increas- 276
ingly redundant in deeper layers for understanding tasks; 277
thus, removing them from queries reduces computation 278
with minimal impact on prediction. Moreover, noticing that 279
the final output of each layer only includes text tokens as 280
image tokens are removed from queries, this strategy re- 281
quires the input original image tokens to each layer of the 282
transformer. 283

Theoretical Efficiency. For a sequence with T text tokens 284
and M image tokens (total length T +M ) and hidden size 285
d, the per-layer complexity of a vanilla Transformer can be 286
decomposed into: (i) self-attention, dominated by the QK⊤ 287
operation, O((T + M)2d); and (ii) the feed-forward net- 288
work (two linear layers), O(8(T +M)d2). Thus, 289

Costbase = O
(
(T +M)2d + 8(T +M)d2

)
. 290

With HiMix, image tokens are removed from the query 291
stream, so attention is computed only for T text queries 292
over (T + M) keys/values, reducing the attention term to 293
O(T (T +M)d) while keeping the FFN term unchanged: 294

CostHiMix = O
(
T (T +M)d + 8Td2

)
. 295

When M ≫ T , the dominant O(M2d) attention term is 296
removed. In practice, this leads to substantial FLOPs re- 297
duction while preserving the cross-modal interactions nec- 298
essary for visual understanding. 299

Experimental Results. We evaluate HiMix in an 300
understanding-only setting of VILA-U (LLaMA-3-3B 301
backbone [5, 34]), with the ShareGPT-4v dataset [2]. We 302
follow VILA-U to conduct pretraining and finetuning each 303
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Table 1. HiMix for visual understanding. Performance and computational cost comparison between the understanding-only VILA-U
baseline and HiMix. HiMix reduces training FLOPs to 0.24× (76% reduction) by removing image-token queries, while incurring only
moderate performance degradation across GQA, MME, POPE, and SeedBench benchmarks. The relatively small accuracy drop compared
to the substantial computational savings confirms significant late-layer visual redundancy in understanding tasks.

Method GQA MME-C MME-P POPE-A POPE-P POPE-R POPE-F1 SeedBench-Img FLOPs

VILA-U (U-only) 52.86 258.21 1054.88 81.30 84.67 74.76 79.40 46.05 1×
HiMix (U-only) 49.92 224.64 983.30 78.56 78.03 79.49 78.75 40.88 0.24×

for one epoch, and evaluate on several visual understanding304
benchmarks [8, 13, 15, 18]. Results are in Table 1.305

HiMix reduces FLOPs to 0.24× of the baseline, corre-306
sponding to a 76% reduction in computation. Despite this307
substantial saving, performance degradation remains mod-308
erate. For example, GQA accuracy decreases from 52.86 to309
49.92, while POPE F1 drops slightly from 79.40 to 78.75.310
Notably, the performance drop is significantly smaller than311
the reduction in computational cost, indicating substantial312
redundancy in late-layer visual processing for understand-313
ing tasks. Overall, these results confirm that visual under-314
standing exhibits considerable late-layer image redundancy.315
Structured removal of image-token queries yields large ef-316
ficiency gains while largely preserving cross-modal reason-317
ing capability.318

5.2. Generation (G)319

Design Constraints from Autoregressive Image Genera-320
tion. Unlike visual understanding, visual generation fol-321
lows a strict autoregressive process: each predicted image322
token is appended to the sequence and must serve as a323
valid query for predicting subsequent tokens. Therefore,324
image tokens must remain in the query stream. Remov-325
ing them from queries would break the autoregressive de-326
pendency chain and make inference inconsistent with train-327
ing. This constraint fundamentally differentiates generation328
from understanding and prevents directly applying HiMix-329
style query removal.330

One might instead consider removing image tokens from331
key/value projections while keeping them in queries. Al-332
though this reduces part of the attention computation, two333
major issues arise. (1) Limited FLOPs Reduction. Even if334
image-to-image attention is partially suppressed, the feed-335
forward network (FFN) still processes all image tokens.336
When M ≫ T , the dominant O(8Md2) FFN term remains337
intact, resulting in minimal overall computational savings.338
(2) Severe Performance Degradation. Image generation339
exhibits persistent image-token dependence across depth340
(Sec. 4). Suppressing key/value participation disrupts hier-341
archical autoregressive conditioning, leading to substantial342
quality degradation in practice. Empirically, we observe343
that this naive modification yields both limited efficiency344
gains and large drops in generative performance. For ex-345
ample, applying this design to one middle layer leads to a346
significant drop (-3.52) on MJHQ-30K [16].347

Figure 5. Inference-time-only HMGen. Qualitative comparison
between the original model (bottom) and inference-time-only HM-
Gen (top), where image-token computation in shallow layers is
skipped without retraining. Visual quality and semantic consis-
tency are largely preserved despite reduced computation.

HMGen: Hierarchical Mixture for Generation. Mo- 348
tivated by the hierarchical attention structure observed in 349
Sec. 4, we instead propose HMGen, which is composed 350
of two kinds of layers illustrated in Figure 4. HMGen pre- 351
serves the autoregressive structure with image in query from 352
model level while reducing tokens in specific layers. 353

We introduce K designated shallow layers in the middle 354
portion of the transformer (out of L total layers) while other 355
layers remain as full layers. This is because early full layers 356
are required to preserve global conditioning, while late full 357
layers are required to ensure high-fidelity final token predic- 358
tion. We empirically find that alternating shallow and full 359
layers in the middle layers yields the best trade-off between 360
efficiency and generation quality. 361

In shallow layers, image-token attention computation is 362
skipped, and the feed-forward network is applied only to 363
text tokens. The image-token hidden states are directly for- 364
warded from the previous layer to the next without partici- 365
pating in self-attention or FFN updates. 366

In full layers, we further introduce separate projection 367
parameters for image and text tokens. Although the back- 368
bone remains unified, decoupling image-related projections 369
stabilizes training and improves generation quality. This 370
separation allows image-token representations to maintain 371
dedicated pathways even when their participation in atten- 372
tion is selectively reduced. Empirically, we observe im- 373
proved performance compared to fully shared parameteri- 374
zation under the same FLOPs budget. 375

Theoretical Efficiency. HMGen maintains the autore- 376
gressive dependency chain while reducing computation in 377
K designated middle “shallow” layers (out of L total) by 378
skipping image-token attention/MLP computation and for- 379
warding their hidden states. Using the same decomposition 380
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as above, a vanilla layer costs381

Costbase = O
(
(T +M)2d + 8(T +M)d2

)
.382

In a shallow layer, attention is computed only for T text383
queries, giving O(T 2d), and the FFN is applied only to text384
tokens, giving O(8Td2):385

Costshallow = O
(
T 2d + 8Td2

)
.386

The total complexity across L layers is therefore387

CostHMGen = (L−K)O
(
(T +M)2d+ 8(T +M)d2

)
388

+KO
(
T 2d+ 8Td2

)
.389

When M ≫ T , each shallow layer removes the domi-390
nant image-related costs in both attention and FFN, i.e., the391
O(M2d) and O(8Md2) terms. Consequently, the overall392
FLOPs reduction scales with the fraction of layers made393
shallow (K/L), and is upper-bounded by the compute in394
the remaining (L −K) full layers. In the idealized regime395
where shallow layers contribute negligible cost relative to396
full layers, the relative cost approaches 1 − K/L, yielding397
an approximate speedup of 1/(1−K/L).398

Experimental Results. We first evaluate HMGen in a399
generation-only setting of VILA-U using the JourneyDB400
[31] dataset, and evaluate visual generation on MJHQ-30K401
[16]. Quantitative results are shown in Table 2, and quali-402
tative inference-time only results (without training, just di-403
rectly skipping image-related computations in middle lay-404
ers) are visualized in Figure 5.405
(1) Inference-Time Applicability. Figure 5 demonstrates406
that HMGen can be directly applied at inference time with-407
out architectural modification. By design, shallow layers408
preserve the autoregressive query structure, allowing image409
tokens to be appended and used as subsequent queries dur-410
ing generation. This confirms that HMGen is not merely411
a training-time approximation but a structurally consistent412
acceleration mechanism.413
(2) Reasonable FLOPs Reduction. As shown in Table 2,414
introducing K shallow layers yields significant computa-415
tional savings. With K = 3, FLOPs are reduced to 0.85×416
of the baseline, and with K = 5, to 0.75×. Since each417
shallow layer removes both the dominant O(M2d) atten-418
tion term and the O(8Md2) FFN term, the efficiency gain419
scales approximately with the fraction of shallow layers.420
(3) Improved Generation Quality. Notably, HMGen421
achieves substantially better MJHQ-30K scores compared422
to the generation-only VILA-U baseline (17.45 → 12.16423
with K = 3). This improvement arises from our separa-424
tion of image and text projection parameters within the full425
layers. By decoupling image-specific transformations, the426
model maintains more stable hierarchical image representa-427
tions even when computation is selectively reduced.428

Table 2. HMGen for visual generation. Introducing shallow lay-
ers reduces FLOPs (to 0.85× and 0.75×) while improving genera-
tive quality compared to the VILA-U baseline, demonstrating ef-
ficient and structure-aware acceleration.

Method #Shallow Layers MJHQ-30K FLOPs

VILA-U (G-only) 0 17.45 1×
HMGen 3 12.16 0.85x
HMGen 5 12.55 0.75x

Overall, HMGen not only reduces computation but also 429
enhances generative quality, demonstrating that hierarchi- 430
cal, structure-aware acceleration is better aligned with the 431
intrinsic dependencies of visual generation. 432

6. The Limits of Unified Efficiency 433
While the task-specific token-reduction-based accelerators 434
in Sec. 4 demonstrate substantial efficiency gains when ap- 435
plied to understanding or generation in isolation, our pri- 436
mary objective is to evaluate their behavior under unified 437
training. In unified VLMs, both objectives are optimized 438
jointly under a shared backbone, and improvements in one 439
task often influence the other through shared representa- 440
tions. Efficiency modifications may therefore interact with 441
cross-task learning dynamics in subtle ways. In this section, 442
we examine whether task-specific acceleration strategies re- 443
main effective in a unified setting, and identify structural 444
barriers that emerge during joint optimization. 445

6.1. Synergy Breakage: The Cost of Efficiency 446

Positive Cross-Task Synergy Baseline We first examine
the unified baseline without token reduction. From Table 3,
joint training improves both tasks relative to their single-
task counterparts. Understanding improves under unified
training: GQA increases from 52.86 (U-only) to 56 (Uni-
fied), POPE F1 from 79.40 to 82.3, and SeedBench from
46.05 to 47.88. Generation also improves: MJHQ-30K
improves from 17.45 (G-only) to 15.78 (Unified), indicat-
ing better generative quality. Formally, let performance on
understanding and generation be U(θ) and G(θ). For the
unified baseline,

U(θunified) > U(θU-only), G(θunified) > G(θG-only).

This mutual improvement confirms the presence of positive 447
cross-task transfer, which motivates unified modeling. 448

Severe Collapse with Fully Shared Parameters in 449
HiMix-HMGen. The row HiMix–HMGen (Share All) in 450
Table 3 shows substantial degradation than HiMix (U-only) 451
and HMGen (g-only): GQA drops from 56 to 33, POPE 452
F1 from 82.3 to 67.59, SeedBench from 47.88 to 31.38, 453
while MJHQ-30K worsens from 12.16 to 12.53. Although 454
FLOPs are reduced to 0.56×, both tasks suffer significant 455
performance collapse. Notably, unified performance be- 456
comes worse than the single-task baseline in some metrics, 457
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Table 3. Unified training performance and efficiency. The unified baseline improves both understanding (e.g., GQA 0.5600 vs. 0.5286
U-only) and generation (MJHQ 15.78 vs. 17.45 G-only), demonstrating positive cross-task synergy. However, combining HiMix and
HMGen under joint training substantially reduces FLOPs (0.55–0.56×) but degrades performance on both objectives (e.g., GQA drops to
0.4705/0.3300 and MJHQ worsens to 14.54/12.53), indicating that task-specific token reduction disrupts mutual gains.

Method GQA MME-C MME-P POPE-A POPE-P POPE-R POPE-F1 SeedBench-Img MJHQ FLOPs

VILA-U (U-only) 52.86 258.21 1054.88 81.30 84.67 74.76 79.40 46.05 – 1×
VILA-U (G-only) – – – – – – – – 17.45 1×
VILA-U (Unified) 56.00 250.00 1135.91 83.37 87.95 77.33 82.30 47.88 15.78 1×
HiMix (U-only) 49.92 224.64 983.30 78.56 78.03 79.49 78.75 40.88 – 0.24×
HMGen (G-only) – – – – – – – – 12.16 0.85×
HiMix-HMGen
(Share All Params) 33.00 233.21 662.26 60.84 57.66 81.64 67.59 31.38 12.53 0.56×
HiMix-HMGen
(Share Partial Params) 47.05 255.00 847.82 76.43 76.10 77.10 76.58 34.50 14.54 0.55×

Figure 6. Separate image projection strategy. To reduce inter-
ference between task-specific routing, we decouple image-related
projection parameters (e.g., WQ

v , WK
v , WV

v ) for HiMix (high-
lighted by yellow) and HMGen-Full (highlighted by blue), while
keeping the backbone shared. This design aims to stabilize hi-
erarchical image representations when token participation differs
across tasks.

indicating negative transfer. Thus, naively combining task-458
specific accelerators destroys cross-task synergy.459

6.2. Separate Image Projection Strategy460

To mitigate this issue, we introduce partial decoupling of
image-related projections, as illustrated in Figure 6. Instead
of fully shared projections, we decompose:

WQ
v = {WQ

vu,W
Q
vx},

and similarly for WK
v and WV

v . This creates semi-461
independent image pathways while preserving the unified462
backbone. From Table 3, HiMix–HMGen (Share Partial)463
improves over the fully shared variant significantly: GQA464
increases from 33 to 47.05, POPE F1 from 67.59 to 76.58,465
and MJHQ-30K from 12.53 to 14.54. However, perfor-466
mance still falls short of the unified baseline per understand-467
ing, while better than the unified baseline on generation468
(56 GQA and 15.78 MJHQ-30K), indicating that parame-469
ter separation partially restores synergy.470

6.3. Structural Drivers of Synergy Loss 471

We discuss possible drivers of the observed synergy break- 472
age below to guide future investigation. Unified training 473
implicitly assumes a shared latent space ϕ(z; θ), where dis- 474
criminative and generative signals co-shape representations. 475
Task-specific token dropping changes which tokens partic- 476
ipate in attention and which parameters receive gradients. 477
Consequently, gradients ∇θLU and ∇θLG are computed 478
under incompatible masking operators, leading to poten- 479
tially fragmented optimization dynamics. This hypothesis 480
is also supported by the separate image projection strategy. 481

Key Takeaway. Table 3 reveals a consistent pattern: 482
the unified baseline exhibits positive cross-task transfer, 483
whereas task-specific token reduction eliminates or reverses 484
these gains. Efficiency improvements achieved in isolation 485
do not compose under unified optimization. Effective uni- 486
fied acceleration must therefore preserve shared computa- 487
tional pathways that enable cross-task representation align- 488
ment, rather than simply aggregating task-optimal pruning 489
strategies. 490

7. Conclusion 491

We investigate the feasibility and limits of token-reduction- 492
based acceleration for unified vision-language models and 493
identify a fundamental asymmetry in visual token us- 494
age: visual understanding exhibits substantial late-layer re- 495
dundancy, whereas visual generation maintains persistent 496
image-token dependence across depth. Based on this in- 497
sight, we design task-specific accelerators that achieve sig- 498
nificant efficiency gains in isolated settings; however, when 499
combined under unified training, they induce a consistent 500
synergy loss, as task-specific token dropping leads to diver- 501
gent parameter usage and removes the mutual performance 502
gains typically observed in joint optimization. Our findings 503
suggest that efficient unified modeling requires preserving 504
shared computational pathways that enable cross-task rep- 505
resentation alignment, rather than simply aggregating task- 506
specific strategies. 507
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