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Abstract

In LLMs, emergent capabilities such as in-context learning
and chain-of-thought reasoning have been closely associated
with learning over discrete prediction units that are often se-
mantically meaningful. In contrast, vision transformers, and
multimodal LLMs (MLLMs) built on top of them, have yet
to exhibit similarly robust capabilities. We hypothesize that
this discrepancy stems in part from vision encoders being
typically pre-trained over spatial patch tokens that are only
weakly aligned with semantic entities, leading to representa-
tions that are less object-aware and less sensitive to global
context, and therefore transfer less effectively to downstream
tasks such as VQA and spatial reasoning. To bridge this gap,
we propose to model objects as a stronger semantic unit
Jor visual prediction, encouraging the encoder to learn the
global context and semantics among visual elements. Specifi-
cally, we conduct a pilot study in the masked image modeling
setting, where this hypothesis can be tested cleanly by mask-
ing visual objects rather than random patches during pre-
training. Across qualitative analyses and quantitative bench-
marks, we show that an object-centric objective reduces
pixel-averaging shortcuts and yields more globally coherent
and context-consistent representations. When used as the
vision encoder in the MLLM frameworks LLaVA and BLIP,
the resulting representations improve multimodal QA and
vision-centric understanding benchmarks, including VQA,
GQA, ScienceQA, and CVBench, by up to 8.57 points, in-
dicating stronger context utilization. Overall, our results
highlight object-centric prediction as a simple yet effective
design choice for learning more semantic-rich and context-
aware vision encoders, offering a promising direction for
improving visual and multimodal intelligence.

1. Introduction

Large language models (LLMs) trained with predictive objec-
tives over discrete tokens have demonstrated robust context-
dependent behavior, including in-context learning and chain-

of-thought prompting [40, 53, 54]. One practical advantage
of language modeling is that prediction is defined over units
that often correlate with semantic entities and relations. By
contrast, despite extensive progress in architectures and scal-
ing, vision transformers (ViTs)—and the multimodal LLMs
(MLLMs) that build on them—are still predominantly pre-
trained over fixed spatial patches [5, 14, 23, 46]. These
patches are effective computational units, but they are only
weakly aligned with objects, parts, and scene relations.

We study this gap through the lens of representation
granularity. As summarized in Table |, language modeling
uses a token interface that is comparatively dense in seman-
tic content, whereas ViTs operate on structural patch tokens.
This mismatch suggests that predictive learning in vision
may admit shortcut solutions that do not require modeling
objects and relations. Indeed, Figure 1 illustrates a character-
istic failure mode in masked image modeling (MIM): when
trained with random patch masking [23], reconstruction can
be satisfied by local interpolation or low-information aver-
ages, with limited reliance on global scene context.

Motivated by this observation, we investigate whether
object-level removal can serve as a stronger semantic super-
vision signal than random patch removal. We use masked
image modeling (MIM) [24] as a simple and controllable
testbed because it lets us intervene directly on the corrup-
tion/prediction unit while still allowing qualitative visualiza-
tion and downstream transfer evaluation. Concretely, we
propose an object-centric MIM objective that masks en-
tire objects (via coarse instance masks) rather than random
patches, and reconstructs them from the surrounding context.
By removing object-specific cues, this objective encourages
the model to rely on global scene context and inter-object
relationships instead of patch-local statistics.

Scope and non-claims. We intentionally do not claim
that our method solves visual tokenization in general. The en-
coder still ingests patch tokens, and not every image admits
a clean decomposition into discrete “objects.” We instead
position object-centric masking as a first-order semantic
probe: if changing only the masking/prediction unit already
improves context use and transfer, then granularity is likely
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Figure 1. By masking out random patches, current MIM setup
encourages shortcut learning where generation is entirely based
on surrounding pixels with limited reference to global context.

‘ Token—Semantics Alignment ‘ Semantic Info Density ‘ Representation Granularity

Semantic (word/subword)
Structural (patch)

Language High Dense
Vision Low Sparse

Table 1. Language tokens align more directly with semantic
entities, while patch tokens are weakly aligned, motivating
object-level prediction as a training signal.

an important part of the broader vision—language mismatch.
This framing also addresses an important practical point: our
method is a minimal change to standard patch-based MIM
pipelines rather than a replacement for them.

We evaluate our method on both multimodal and vision-
only tasks. Qualitatively, object-centric masking produces
more coherent scene reconstructions and stronger contextual
behavior under visual prompting. Quantitatively, it yields es-
pecially strong gains on vision-centric spatial reasoning (up
to 8.57 points on CVBench) and consistently improves VQA-
style benchmarks when used as the vision encoder in both
LLaVA and BLIP pipelines. To avoid overselling the phrase
“semantic representation,” we also make our evaluation tar-
get explicit: we measure whether the learned representation
is more context-sensitive, more factor-consistent, and more
transferable than the patch-masked alternative.

To summarize, our contributions are four-fold:

* We identify representation granularity as a concrete and
testable source of the vision-language mismatch, and we
frame object-centric masking as a controlled probe of that
hypothesis.

* We propose a simple object-centric masked image model-
ing objective that changes the prediction unit from random
patches to whole objects while keeping the underlying ViT
patch encoder unchanged.

* We operationalize “better semantics” through explicit
diagnostics—context recovery, factor consistency, and
downstream transfer without recognition collapse—rather
than relying only on headline benchmark gains.

* We show through qualitative, quantitative, and abla-
tion studies that this simple objective improves context-
dependent visual behavior and downstream multimodal
reasoning, making it a strong workshop-level baseline and
a useful direction for future tokenizer research.

2. Related Works

Vision encoders for MLLMs. The vision encoder is an in-
tegral part of modern MLLMs. Earlier designs such as BLIP
[30, 31] rely on pretrained ViT backbones, while LLaVA
[33] leverages contrastively pretrained encoders (CLIP [42]).
Subsequent systems—including MiniGPT-4 [59], Instruct-
BLIP [10], and Qwen-VL series [2, 3, 50]—Ilargely retain
patch-based visual interfaces. Our work is complementary to
these systems: we do not redesign the MLLM architecture,
but instead ask whether a different pretraining objective can
make the resulting visual representation more context-aware
before alignment to language.

Masked image modeling and semantic guidance. MIM
learns representations by reconstructing corrupted images.
Early work used CNNs [41, 48], while MAE [23] estab-
lished transformer-based random patch masking as a strong
baseline. Subsequent methods enriched the target space or
objective, including discrete token prediction in BEiT and its
variants [4, 5, 12, 32], contrastive/self-distillation variants
such as iBOT and Siamese-MIM [45, 58], and semantic-
aware masking as in SemMAE [28, 29]. Relative to this
literature, our goal is narrower and more diagnostic: we
isolate the effect of replacing random patch removal with
whole-object removal while keeping the rest of the patch-
based pipeline largely fixed. This distinction matters because
masking semantically important patches or object parts can
still leave strong identity cues visible, whereas whole-object
removal more directly tests whether the encoder can recover
missing content from surrounding relations and scene con-
text.

Region- and object-aware visual learning. A growing
body of work augments patch-based representations with
region, mask, or localization signals [8, 13, 19, 39, 49, 55].
These studies support the broad intuition that objectness and
localization are useful inductive biases. Our paper differs
in emphasis: rather than improving detection/localization
directly, we study whether object-level corruption changes
what the encoder must model in order to reconstruct and
transfer.

Visual in-context learning and MLLMs as evaluators. Vi-
sual prompting and in-context learning unify tasks such as
colorization, detection, segmentation, and inpainting into
a single generative interface [5, 9, 18, 27, 51, 52, 56, 57].
These settings are particularly useful here because they ex-
pose whether a model is relying on local texture completion
or on higher-level scene context. We further evaluate the



Figure 2. Overall pipeline for Object-Centric MIM. We utilize a pre-trained segmentation model as an object tokenizer to segment
the image into coarse object regions. The masked autoencoder is then trained using object-centric masking, and to further enhance
the training of the object-centric encoder, we develop object-balanced loss.

learned encoder through MLLM ne-tuning, following prior  tokenizer is:
work that treats multimodal QA as a sensitive probe of visual Xpatch = 4(X; €) (2)

representation quality [31, 33, 46]. wherec is typically the patch size. Hegis a spatial divider,

distinct from semantic tokenizers in Bao et[dl], Zhou et al.
[58].

_ . _ . 3.2. The Object-Centric Objective
In this section, we introduce our proposed object-level ob-

jective using the MIM frameworkd4], providing insights W& modify MIM by rede ning the prediction unit from
into future scalable and semantic vision encoder designs forPatches to objects (illustrated in Figure 2).

3. Learning Global Context with Object-Level
Representation

advancing multimodal intelligence. Objective. Let each image contaR objectsfx ; ngil ,and
_ let O = Rr op; denote masked objects under ratig; . We
3.1. Masked Image Modellng rewrite Equation 1 as:
MIM [ 24] is a simple self-supervised framework that trains X 2X 3
avision encod_er by learning to reconstruct corrup_ted images. max  Eo4  logP (X;Rob;)5 3)
In original design, images are corrupted by masking random oD 0
patches. :
Setup. Given an image, a tokenizer partitions it into ~ Wherex; denotes a removed object afgh; is the image
M non-overlapping patchés ; g, . A random maskn 2 with entire objects masked out. Unlike contiguous patch
f0; 1gM selectsN = Mr puen patches to removen(; = masking, object masking is de ned by semantic instance
1). The encoder receives the visible sequebgg:n = boundaries, changing the prediction unit rather than only the

fR:j(1 m )xig", . For decoding, removed patches are mask geometry.

replaced by a learnable tokep,s and re-inserted at their Mask generation and expansion. We obtain object masks
original positions. Training uses MSE over masked patchesvia an object tokenizer:

only.

o Xobj = q%x; ) (4)
Objective. LetD be the corpus andthe model parameters.
MIM maximizes: whereq? produces coarse instance masks. In practice, we
X " X # decoupleg? from training and use off-the-shelf SAM2 ]
max  Ep log P (X R patch ) L to generate masks. To avoid over tting to mask shapes,
2D N we expand masks to squares (bounding boxes). Additional

mask-generation details and alternatives (e.g., unsupervised
where reconstruction is de ned over patch tokens. The patchmethods [22]) are deferred to the Appendix.
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