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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
for 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 1, 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



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

Language High Dense Semantic (word/subword)
Vision Low Sparse Structural (patch)

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]—largely 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 fine-tuning, following prior
work that treats multimodal QA as a sensitive probe of visual
representation quality [31, 33, 46].

3. Learning Global Context with Object-Level
Representation

In this section, we introduce our proposed object-level ob-
jective using the MIM framework [24], providing insights
into future scalable and semantic vision encoder designs for
advancing multimodal intelligence.

3.1. Masked Image Modeling
MIM [24] is a simple self-supervised framework that trains
a vision encoder by learning to reconstruct corrupted images.
In original design, images are corrupted by masking random
patches.

Setup. Given an image x, a tokenizer q partitions it into
M non-overlapping patches {xi}Mi=1. A random mask m ∈
{0, 1}M selects N = Mrpatch patches to remove (mi =
1). The encoder receives the visible sequence x̂patch =

{x̂i|(1−mi)xi}Mi=1. For decoding, removed patches are
replaced by a learnable token e[mask] and re-inserted at their
original positions. Training uses MSE over masked patches
only.

Objective. Let D be the corpus and θ the model parameters.
MIM maximizes:

max
θ

∑
x∈D

EN

[∑
i∈N

logPθ(xi|x̂patch)

]
(1)

where reconstruction is defined over patch tokens. The patch

tokenizer is:
xpatch := q(x; c) (2)

where c is typically the patch size. Here q is a spatial divider,
distinct from semantic tokenizers in Bao et al. [4], Zhou et al.
[58].

3.2. The Object-Centric Objective
We modify MIM by redefining the prediction unit from
patches to objects (illustrated in Figure 2).
Objective. Let each image contain R objects {xj}Rj=1, and
let O = Rrobj denote masked objects under ratio robj. We
rewrite Equation 1 as:

max
θ

∑
x∈D

EO

∑
j∈O

logPθ(xj |x̂obj)

 (3)

where xj denotes a removed object and x̂obj is the image
with entire objects masked out. Unlike contiguous patch
masking, object masking is defined by semantic instance
boundaries, changing the prediction unit rather than only the
mask geometry.
Mask generation and expansion. We obtain object masks
via an object tokenizer:

xobj := q′(x;ϕ) (4)

where q′ produces coarse instance masks. In practice, we
decouple q′ from training and use off-the-shelf SAM [26]
to generate masks. To avoid overfitting to mask shapes,
we expand masks to squares (bounding boxes). Additional
mask-generation details and alternatives (e.g., unsupervised
methods [22]) are deferred to the Appendix.



Figure 3. Reconstruction results of 1) scene reconstruction and 2) object-specific reconstruction.

Integration. Given object masks, we map each object to its
covered patch indices and apply masking at the object level.
Because objects vary in size, we cap the total masked-object
pixels per image to control computation. Masked objects
contribute no pixel tokens to the encoder input; reconstruc-
tion is conditioned only on visible regions, forcing prediction
to rely on global context.

What changes, and what does not. Our method changes
the corruption and reconstruction unit, not the encoder input
interface. The model still consumes standard patch tokens
and therefore should not be interpreted as a new object-native
tokenizer. We view this distinction as a feature rather than a
limitation for the present study: it lets us test whether object-
level removal alone is sufficient to induce more context-
dependent representations. A full tokenizer that represents
objects, parts, and “stuff” regions directly remains an impor-
tant direction for future work.

3.3. Learning Context via Object-Centric Objective

Two-stage learning. Directly optimizing Equation 3 can
be unstable without basic low-level reconstruction ability.
We therefore adopt a two-stage schedule: (i) plain random-
patch MIM pretraining with no object information, then
(ii) object-centric continued pretraining with an additional
size-balancing term.

Optimization. Let xj ∈ R3sj×1 and yj ∈ R3sj×1 be
ground-truth and predicted pixels for masked object j, with
object sizes s = {sj}Oj=1. The reconstruction loss is:

LMIM =
1

Ω(xO)

∑
j∈O

∑
k∈sj

(ykj − xk
j )

2 (5)

where Ω(·) is the total number of pixels across masked ob-
jects. To reduce dominance by large objects, we weight
per-object errors using a softmax over normalized inverse
sizes:

Lobj = Softmax(− s

||s||
)T ·

∑
k∈sj

(ykj − xk
j )

2

O

j=1

(6)

Overall, the second stage minimizes a combined objective:

LOBJ−MIM = LMIM + λ1 · Lobj (7)

with λ1 = 0.4, which we empirically found to be the best.

4. Experiments
In this section, we evaluate whether object-centric mask-
ing improves semantic and contextual visual representations.
Our comparisons are intentionally controlled: we keep the
backbone, training data, and downstream adaptation pipeline
fixed wherever possible, and change primarily the mask-
ing/prediction unit. We primarily consider (i) vision-centric
tasks—visual inpainting, detection, and segmentation via
visual prompting [5]—and (ii) vision–language tasks such
as visual question answering using visual instruction tun-
ing [33]. We additionally include a controlled toy study to
isolate the effect of object-level masking on global context
modeling.

4.1. Evaluating “Semantic Meaningfulness”
A recurring concern for this line of work is that “better se-
mantics” can easily become a vague claim. We therefore
make our evaluation target explicit. Rather than claiming



Property Probe Result/Evidence

Context sensitivity Paired-shape recovery with distractors (Ta-
ble 7).

93.25% recovery vs. 0% for patch masking; the model infers
the correct masked object from surrounding relations.

Factor consistency Controlled color and shape and minimal-
context reconstruction (Figure 5).

Reconstructions preserve the key factor and remain context-
consistent without collapsing to ambiguous local averages.

Downstream transfer Transfer to CVBench, VQA, GQA, Sci-
enceQA, and ImageNet LP/FT (Table 4, Ta-
ble 5, Table 6, Table 10).

Large gains on the hardest spatial tasks (+7.48 / +8.57). Clear
improvement on QAs and no recognition collapse.

Table 2. Semantic probes used in this work. Instead of claiming a single “semantic score,” we evaluate three concrete properties that a
more semantic representation should exhibit.

a single universal scalar for semanticity, we evaluate three
necessary properties of a more semantic visual representa-
tion: (i) context sensitivity—can the model recover a missing
object from inter-object relations rather than local pixels? (ii)
factor consistency—does the model preserve human-salient
factors such as shape/color under controlled cues? and (iii)
transferable abstraction—do these benefits survive transfer
to spatial reasoning and multimodal QA without damag-
ing recognition? Table 2 summarizes how each property is
measured in this paper.

4.2. Qualitative Evaluations

Setup. We evaluate on (i) visual prompting [5], using 4-grid
reference/query inputs for copy, inpainting, colorization, and
detection, and (ii) scene-context reconstruction, which re-
quires predicting missing content from surrounding context.
Following Bar et al. [5], we use a VQGAN tokenizer [15]
to produce discrete visual tokens for sharper reconstructions
than pixel-regression MAE-style models. To increase scene
diversity and contextual complexity, we train/evaluate on
the scene-centric SA-1B dataset [26]. To ensure fairness,
all baselines use the same additional data and evaluation
protocol.

Implementation details. We largely follow Bar et al. [5].
We use a ViT-Large [14] encoder–decoder with 24 encoder
blocks and 8 decoder blocks (hidden sizes 1024/512). Image–
mask pairs are resized to 224× 224 with patch size p = 16.
For VQGAN, we adopt the ImageNet-pretrained codebook
from Bar et al. [5] [11] with vocabulary size |V | = 1024.
Models are initialized from public checkpoints and trained
on 500K images for 50 epochs using AdamW [34] with
a cosine learning-rate schedule (base LR 1 × 10−5). All
experiments run on a single NVIDIA A100. Additional
details are in the Appendix.

Analysis. Figure 4 evaluates visual in-context learning
under the unified prompting template (copy, inpainting, col-
orization, detection). Across tasks, object-centric masking
produces outputs that better preserve semantically meaning-
ful details and adhere to the reference–query relationship.
For instance, in the copy task (first column), our prediction
recovers the small leaf attached to the orange that the patch-

masked baseline omits; similar improvements are observed
in the other prompted tasks.

Figure 3 further tests whether the model captures global
scene semantics beyond local interpolation. In scene re-
construction (top row), patch masking leads to visually in-
consistent artifacts (e.g., abrupt sky-color discontinuities
and implausible structures), whereas object-centric mask-
ing yields more coherent and natural completions consis-
tent with surrounding context. In the harder object-specific
reconstruction (bottom row), where only minimal cues re-
main, our model infers the missing object from relational
context (e.g., person + leash → dog), while patch masking
collapses to unrecognizable content. This behavior is consis-
tent with the “pixel-averaging” shortcut: without object-level
guidance, the model can minimize reconstruction loss via
low-information averages rather than modeling the under-
lying object distribution. Finally, important to clarify that
these gains are not explained by additional training data: the
random-masking model fine-tuned with the same extra data
remains visually similar to the original checkpoint (columns
3 vs. 4), indicating that the primary driver is the object-level
prediction unit.

4.3. Quantitative Evaluations

Setup. We evaluate our method on two task groups: (1)
traditional vision tasks via visual prompting, including fore-
ground segmentation and single object detection [5], and (2)
visual question answering (VQA) [1]. For vision tasks, we
follow the qualitative evaluation setup and report mean IoU
(mIoU ) on Pascal-5i [44] and Pascal VOC 2012 [16]. For
VQA, we pair our visual encoder with an LLM tuned follow-
ing BLIP [30] and LLaVA [33], and evaluate on VQA-V2
[21], GQA [25], ScienceQA [36], and CVBench [46], report-
ing average multiple-choice accuracy. We use the LLaVA
suite as the primary reasoning evaluation and BLIP-VQA as
a second architecture check under fixed compute. Further
benchmark details are in the Appendix.

Implementation details. For multimodal instruction tuning,
we utilize our trained vision encoder and largely follow the
same pipeline and procedure as outlined in Li et al. [31], Liu
et al. [33].



Model Foreground Segmentation mIOU ↑ Single Object Detection mIOU ↑

Split1 Split2 Split3 Split4 Split1 Split2 Split3 Split4

BEiT∗ [4] 5.38 3.94 3.20 3.29 0.17 0.02 0.14 0.16
MIM∗ [23] 17.42 25.7 18.64 16.53 5.49 4.98 5.24 5.84
MIM (wo. Obj Rep) 17.58 25.0 19.14 16.13 5.19 5.30 5.24 5.24
MIM (w. Obj Rep) 18.18 25.89 19.23 17.34 5.52 5.23 5.74 5.98
MIM+VQGAN† [5] 27.83 30.64 26.15 24.00 24.20 25.2 25.35 25.12
MIM+VQGAN (wo. Obj Rep) 27.33 29.24 27.15 24.53 24.21 24.88 25.15 25.99
MIM+VQGAN (w. Obj Rep) 28.32 31.02 27.34 25.13 26.21 26.41 28.19 27.43

Table 3. Results for foreground segmentation and object detection. “†” denotes direct evaluation using public checkpoints, ∗ denotes
entries copied from Bar et al. [5]; notations apply to all subsquent experiments. All other methods are trained using the same data.

Figure 4. (a) Visual in-context learning results on various vision tasks. (b) Reconstruction results on toy “context” dataset.

Model (w. LLaVA) Spatial Relations Object Count Depth Order Relative Distance

MIM† 53.13 44.28 52.90 48.19
SemMAE† 54.59 44.87 51.70 52.95
MIM (wo. Obj Rep) 53.02 45.60 52.64 48.36
MIM (w. Obj Rep) 60.50 45.60 55.65 56.93

Table 4. Performance breakdown on vision-centric tasks
(CVBench).
Analysis: Vision-centric spatial reasoning (CVBench).
Table 4 shows that object-centric masking yields the largest
gains on CVBench, especially on sub-tasks that require
global scene understanding rather than local texture com-
pletion. Compared to patch-based training with the same
backbone and protocol (MIM (wo. Obj Rep)), our method
improves Spatial Relations from 53.02 to 60.50 (+7.48)
and Relative Distance from 48.36 to 56.93 (+8.57), while
also improving Depth Order from 52.64 to 55.65 (+3.01).
In contrast, patch-masked baselines (including MIM† and
SemMAE†) only yield modest changes, and additional data
under random masking does not explain the improvements
(MIM† vs. MIM (wo. Obj Rep) are nearly unchanged across
most columns). These results support our central claim: re-
defining the prediction unit from patches to objects strength-
ens context-dependent visual representations.

Analysis: Vision-language Question Answering. On
standard VQA-style benchmarks, object-centric pretraining
consistently improves downstream MLLM performance (Ta-
ble 5). Our model improves VQA(v2.0) from 53.44 to 56.89
(+3.45), GQA from 36.98 to 40.00 (+3.02), and ScienceQA
from 40.46 to 42.98 (+2.52) over the patch-masked base-

line trained under the same setup. These gains are consis-
tent with better utilization of scene context and composi-
tional cues, which are often required in GQA/ScienceQA
beyond simple recognition. The same trend holds when
using BLIP as the MLLM (Table 6). Object-centric mask-
ing improves the overall VQA(v2.0) average from 51.79 to
52.97 (+1.18), with consistent gains across question types
(e.g., Num.: 36.23→37.30; Other: 41.30→42.88). We report
BLIP on VQA-v2 only as a light-weight cross-architecture
sanity check; the full GQA/ScienceQA suite is run with
LLaVA, which is our primary reasoning testbed. Together,
Table 4, Table 5, and Table 6 indicate that the primary ben-
efit comes from an improved visual token representation
(object-level prediction) rather than from additional data or
model scaling. Finally, we emphasize that our goal is not
to push SOTA, but to test whether improving the objective
and tokenization interface can advance vision encoders for
multimodal reasoning. We also do not directly compare
against CLIP [42] as the vision encoder, since integrating
object-level masking into CLIP’s contrastive training is non-
trivial; recent region-aware CLIP variants instead modify
alignment/localization mechanisms [8, 13, 39, 49], which is
complementary to our findings.

4.4. Toy Study

Setup. To directly test contextual learning in a controlled
setting, we construct a synthetic “shape” dataset with five



Model (w. LLaVA) VQA (v2.0) GQA ScienceQA

MIM† 53.02 36.24 39.04
SemMAE† 55.24 37.45 40.62
MIM (wo. Obj Rep) 53.44 36.98 40.46
MIM (w. Obj Rep) 56.89 40.00 42.98

Table 5. Performance comparison across generic visual question
answering tasks: VQA (v2.0), GQA, and ScienceQA.

Model (w. BLIP)
Fine-Grained Types

Avg
Num. Yes/No Other

MIM† 36.22 71.00 41.32 51.80
SemMAE† 36.28 70.97 41.37 51.85

MIM (wo. Obj Rep) 36.23 71.15 41.30 51.79
MIM (w. Obj Rep) 37.30 71.69 42.88 52.97

Table 6. Fine-grained results on VQA v2.0.

shapes. A yellow circle and a blue triangle form an exclu-
sive co-occurrence pair, while the remaining shapes act as
distractors; all shapes appear with equal frequency. Given a
context pair where one of the paired shapes is visible and the
other is missing, the task is to reconstruct the missing paired
object from context. We generate 200 training images, train
for 100 epochs, and report results in Table 7 (see qualitative
examples in the last column of Figure 4).

Model Context Recovery Rate (%)

MIM+VQGAN† [5] 0.00
MIM+VQGAN (wo. Obj Rep) 0.00
MIM+VQGAN (w. Obj Rep) 93.25

Table 7. Context recovery on the synthetic shape dataset. Only
object-centric masking reliably recovers the paired object, indi-
cating explicit context modeling.

Analysis. As shown in the last column of Figure 4, the
object-centric objective learns the co-occurrence rule: it re-
covers the blue triangle given only the yellow circle (or vice
versa) in 93.25% of cases (Table 7), whereas patch-masked
baselines fail completely (0%). Importantly, the underlying
distribution constrains only the contextual pair; the remain-
ing shapes are unconstrained and may vary, so success is
measured solely by whether the paired object is recovered.
This makes the probe stricter than unconditional object in-
sertion: merely memorizing object frequency is insufficient,
because the model is counted as correct only when it re-
constructs the specific paired object implied by the visible
cue. The consistent failure of random masking suggests that,
without object-level prediction units, the model can mini-
mize reconstruction loss without representing inter-object
dependencies—mirroring the shortcut behavior observed in
subsection 4.2.

5. Discussion, Limitations, and Practical Con-
siderations

In this section, we directly address the common concerns
from readers and clarify the precise scope of the paper.

We propose a masking objective, not a brand new tok-
enizer. A central point of clarification is that our method
does not replace the patch interface of ViTs. The encoder

still receives patches; object masks only modify what must
be inferred during training. We therefore interpret the gains
as evidence that the prediction unit matters and a direction
that is worth deeper study in future research, not as proof
that we have solved semantic tokenization.

Is patch granularity the sole cause of weak visual reason-
ing? No. We do not claim a single-cause explanation for the
gap between vision and language models. Our claim is nar-
rower: when architecture, data, and downstream adaptation
are held fixed, intervening on the prediction unit produces
the largest gains exactly on tasks that require global scene
structure, while recognition remains stable. This makes gran-
ularity a plausible contributing bottleneck, even if it is not
the only one.

Images without clear objects. Objects are an intentionally
conservative first approximation to semantic units, not the
only possible one. Some scenes are dominated by texture,
amorphous “stuff,” or attributes rather than discrete count-
able instances. In those cases, coarse object masks may be
imperfect, and future work should extend the idea to parts,
stuff regions, and learned segment groupings. Nevertheless,
our results show that even this simple approximation is al-
ready useful on scene-centric data and downstream reasoning
benchmarks.

Isolated semantic metric. We do not believe there is a
universally accepted scalar metric of semanticity for visual
encoders. Instead, we use multiple diagnostics that probe
distinct aspects of semantics: relation recovery in the toy
study, factor consistency in controlled reconstructions, and
transfer to context-heavy downstream tasks. Our multi-probe
framing is closer to how semantic quality is often argued in
practice and makes the paper easier to evaluate.

Does removing whole objects make the reconstruction
target too ambiguous? Yes—and that ambiguity is partly
the point of our study. When an entire object is removed,
there can be multiple context-consistent completions. This
makes pure pixel regression a less informative end metric,
which is why our evaluation does not rely only on recon-
struction loss. Instead, we emphasize whether completions
are context-consistent and whether the resulting encoder
transfers better to spatial reasoning and multimodal QA. For
qualitative generation, we further use a discrete VQGAN tar-



get, which reduces the blur/averaging issues of direct pixel
regression. The minimal-context examples in Figure 5 show
exactly this behavior: different valid completions may exist,
but object-centric masking steers the model toward plausible
completions consistent with the scene.
Does object-level masking simply encourage object hallu-
cination? We do observe that whole-object removal can bias
the model toward inserting plausible objects in ambiguous
regions; some examples in Figure 5 illustrate this multi-
modality. To reduce trivial leakage, we expand masks to
bounding boxes rather than exposing the exact object sil-
houette, and we evaluate success using downstream transfer
and controlled context recovery rather than reconstruction
loss alone. We therefore view false-positive insertion as
a genuine limitation of generative reconstruction, not as a
complete alternative explanation for the downstream gains.
Does the gain come from object-level masking or SAM?
Because we use SAM [26] to obtain object masks, a nat-
ural question is whether improvements depend on SAM’s
mask quality rather than the object-level training signal. Our
method only requires coarse masks that roughly localize
objects (we use bounding-box expansions in practice), so
SAM is a convenient tool but not a necessary component.
To isolate this factor, we replace SAM with a fully unsu-
pervised segmentation method [22] to generate masks for
the training set and keep the rest of the pipeline unchanged.
As shown in Table 8, using unsupervised masks achieves
comparable performance, indicating that the gains primarily
arise from object-level masking itself rather than the specific
mask generator.

Model (w. LLaVA) VQA (v2.0) GQA ScienceQA

MIM (mask w/ SAM) 56.89 40.00 42.98
MIM (mask w/o SAM) 57.66 39.12 42.56

Table 8. Ablation study: object mask obtained using/without
using SAM[26]. Results demonstrate that improvement is NOT
tied to SAM.

Finding 1: Object-level masking encourages explicit
context-based semantics in vision models. Qualitative
evidence in Figure 3, Figure 4, and Figure 5 shows that
object-level masking leads to reconstructions that depend on
scene context and inter-object cues rather than purely local
texture completion. The same figure also suggests sensitivity
to human-salient factors such as color and shape [43], while
the minimal-cue examples remain context-consistent despite
ambiguity.
Finding 2: Object-level masking improves reasoning
without hurting recognition. To verify that our gains do
not come at the expense of recognition, we evaluate the same
encoder on ImageNet-1K [11] with linear probing (LP) and
full fine-tuning (FT). Appendix Table 10 reports the full
numbers. Object-centric masking improves both FT and LP

Figure 5. (A) Object Definition and Context: The representations
of objects are learned based on “Color” and “Shape.” (B) Minimal
Context Reconstruction: Reconstruction with minimal context,
with & without object reference.

relative to the matched patch-masked baseline, while random
masking with additional scene-centric data degrades substan-
tially, indicating that the benefit comes from the object-level
training signal rather than extra data alone.
Finding 3. Random masking encourages learning a
“pixel-based shortcut” rather than the true distribution.
As shown in Figure 3, Figure 4, and Figure 5, while our
approach learns to generate based on a meaningful underly-
ing distribution, random masking results in no object being
generated unless it is partially visible. This suggests the
model learns a “pixel-based shortcut” akin to interpolation
rather than capturing true relationships and semantics.
Practicality and optimization. The method does incur
segmentation overhead, but offline preprocessing reduces it
substantially; we report the exact cost table and loss ablation
in the Appendix. Both support the same conclusion: the
main benefit comes from the object-centric corruption signal
rather than from loss reweighting alone.

6. Conclusion
In a controlled MIM testbed, masking whole objects—while
keeping the ViT patch interface unchanged—consistently
yields more context-dependent behavior than random patch
masking. The strongest evidence appears on spatial rea-
soning, controlled context recovery, and multimodal QA
transfer, making object-centric masking a strong workshop-
level case for taking semantic granularity seriously in vision
pretraining.
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Appendix

We provide all additional details for our paper in the follow-
ing sections.

• Border Impact. We discuss the limitations and potential
future follow-up work.

• Details of the Implementation. We provide additional
details of model setup, training schedules.

• Ablation Studies. We provide additional ablation study re-
sults, including masking strategies, model size, and object-
mask ratio.

• Discussions. We address additional questions about the
usage of additional data, the generalization capability of
our proposed tokenization objective, as well as impact of
auxiliary Gan loss.

A. Broader Impact

Limitations and future work. While our method improves
semantic reasoning, there are still some failure cases (Fig-
ure 8). For example, when using fine-grained object masking
during pre-training—where the mask follows the exact shape
of objects—the model may ”cheat” by overfitting to the mask
shape. In such cases, it quickly learns to fill in the masked
area without acquiring meaningful representations. To re-
solve this issue, we expand the mask to the bounding box.
In future work, we aim to develop a more structured and ro-
bust tokenizer to enhance the model’s reasoning capabilities.
Our object masks are coarse and can be produced by multi-
ple mechanisms; nevertheless, object discovery quality and
compute cost remain practical considerations. In addition,
we acknowledge the cost of segmentation overhead, but in
our respectful opinion, our pipeline should be viewed as a
proof-of-concept, and the performance gain is strong enough
to justify studying it.

Ethics Statement. We ensure that our approach adheres to
all legal and ethical guidelines throughout its development,
with no violations. Fair compensation was provided to all
annotators and graduate students involved in this work. The
problems used in our study were collected from publicly ac-
cessible exams1 and resources licensed under CC Licenses23.
This research is conducted solely for academic purposes,
and we strictly prohibit any commercial use of the results.
Additionally, the spurious captions generated in Section 4
are limited to problem-solving contexts and pose no harm to
individuals.

Reproducibility statement. We are committed to efficient
and reproducible research. All code, datasets, and models
will be publicly released.

1https://gate2025.iitr.ac.in/
2https://www.allaboutcircuits.com/worksheets/
3https://ocw.mit.edu/

B. Additional Implementation Details

Mask generation and preprocessing. To efficiently gener-
ate object masks, we leverage off-the-shelf [26], a popular
unsupervised segmentation model, to infer scene-centric im-
ages (where many objects are present). This step yields a
set of binary object masks, which we then convert into the
COCO RLE (Run-Length Encoding) format. Note that this
step can be done either online (during the forward pass of
each batch) or beforehand. Here we test both and empirically
find the pre-processing step crucial as it saves roughly 3×
GPU hours as shown in Table 9. This solution is scalable
as more data can be generated directly using the pre-trained
SAM model.

Model Pre-Processing Training Cost

MIM (w. Obj Rep) ✓ 3.6 (−2.7×)
MIM (w. Obj Rep) × 9.8

MIM+VQGAN(w. Obj Rep) ✓ 5.1 (−2.5×)
MIM+VQGAN(w. Obj Rep) × 13.2

Table 9. Comparison of training costs in GPU hours with and
without pre-processing for 1 epoch training using 500K data and a
single A100 GPU.

Implementation details on downstream tasks. Following
He et al. [24], we first discard the decoder after pre-training is
complete. For end-to-end FT, we use AdamW [35] optimizer
with base learning rate blr = 1.0×10−3, weight decay 0.05,
layer decay 0.75 and train for 20 epochs with 5 rounds of
warmup epochs. Additionally, we use drop path 0.1 with
mixup 0.8 and ensure the effective batch size is 1024 by
accumulating SGD iters. For LP, we use base learning rate
blr = 1.0× 10−1 and an effective batch size of 16384 while
keeping other settings the same. In our model. each self-
attention layer includes α = 16 attention heads.

Implementation details on pertaining. For the first stage,
we use AdamW [35] optimizer with a base learning of blr =
1.5×10−4, weight decay wd = 0.05, and the cosine learning
rate decay scheduler. We accumulate iterations to emulate
the recommended batch size of 4096 and pre-train the model
for 25 epochs with 5 warmup epochs. During this stage, the
mask ratio is set for mrpatch = 75%. For the second stage,
we start from the saved checkpoint from stage one. We apply
an object ratio of mrobj = 50% which randomly masks
out 25 objects in each image by hiding the patches spatially
covering them. To enable batch processing, we apply an
additional mask ratio constraint of mrpatch = 60% on all
images. The mask ratio is set 15% lower to accommodate
increased difficulty in the objective.

Due to constraints in computing resources, we use pub-
licly available pre-trained checkpoints45 as the starting

4https://github.com/facebookresearch/mae
5https://github.com/amirbar/visual prompting



Model FT (%) LP (%)

MIM† [24] 83.66 70.80
SemMAE† [28] 83.73 71.25

MIM (wo. Obj Rep) 67.72 ↓15.94 58.75 ↓12.05
MIM (w. Obj Rep) 84.43 ↑0.77 71.91 ↑1.11

Table 10. Linear probing (LP) and finetuning (FT) results on
ImageNet-1K.

model for both stages of pre-training, unless otherwise speci-
fied. Importantly, using pre-trained checkpoints does not un-
dermine our objective, as they are trained with a patch-level
objective, which aligns with the first stage of our framework
for learning low-level representations (Two Stage Learning
Section). Essentially, we retrain these models on a different
dataset with some adaptations.

Loss function for MIM-VQGAN. MIM-VQGAN was pro-
posed by Bar et al. [5] to study the effectiveness of visual
prompting, which effectively shifted the MIM evaluation
paradigm from fine-tuning on downstream tasks to direct
output generation via prompting. This can be seen as a
unified framework for vision tasks. Unlike He et al. [23],
which computes the MSE loss by directly regressing on pixel
values, MIM-VQGAN instead computes the cross-entropy
(CE) loss on the corresponding patch value in the quantized
codebook. This design effectively alleviates ambiguity in
generation, as the codebook is discrete, unlike pixel val-
ues. Notably, the underlying objective—masked autoencod-
ing—remains unchanged. Hence, MIM-VQGAN provides
an effective way to directly compare our proposed method.
In our experiments, we follow the implementation of Bar
et al. [5].

C. Additional Ablation Study.

Influence of different object masking strategies: As
shown in Figure 9 and Figure 10, we evaluate reconstruc-
tion performance using three masking strategies: masking
strictly based on the object shape, masking the square re-
gion of the object, and a combination of both. While these
visualizations demonstrate the superiority of object-based
masking compared to random masking strategies, they also
reveal certain limitations. Specifically, relying solely on ob-
ject shape masking can lead to the model overfitting to the
mask shape (“cheating”), while using only square masking
results in sub-optimal performance on details. By combining
these two strategies, we achieve more realistic and effective
reconstruction.

Study on how the model captures context: We investigate
and visualize if our model has learned to capture the context
during the pretraining process. Here we focus on learning
the “shape” and “color”, two of the most important ingredi-
ents to human learning. As we have addressed learning the
“shape” in Figure 5 and Discussion Section, we showcase
the learning of color in Figure 7. In this example, when the

Figure 6. Effect of object mask ratio: The number of objects
masked out during masked image modeling.

Model Backbone
Cifar100 Top-1 Acc (%)

FT LP

MIM† ViT-B 89.98 75.01
MIM† ViT-L 92.67 76.20

MIM (w. Obj Rep) ViT-B 90.08 72.44
MIM (w. Obj Rep) ViT-L 93.77 76.65

Table 11. Comparison of different model sizes. Results show our
approach is able to scale with model size.

Figure 7. Extend of color learning example

same pair of examples but with different colors is given to
the model, it is able to reconstruct objects of colors similar
to the example, meaning that it does not infer color based on
memorization but rather from the context that is given.
Study on model sizes: Table 11 shows the LP and FT re-
sults on different vit base models, and the result shows our
observations and findings in Quantitative Evaluation and
Discussion sections hold for different model sizes.
Obj-Mask Ratio. To determine the influence of the masking
strategy, we train our model with different mask ratios, as
shown in Figure 6. Unlike traditional random patch-level
masking, as in He et al. [24], object-level masking becomes
less effective when obj-mask ratios exceed 50%. This de-
cline occurs because random masking often leaves portions
of objects visible, which can help guide reconstruction, while
object-level masking requires the model to learn the seman-
tic relationships between objects only from other objects.
We note that a 50% obj-mask ratio effectively masks out
around 75% of the image.
Loss functions. We further ablate the effect of object bal-
ance loss defined in Equation 7. Results in Table 12 shows
that combining both LMIM and Lobj achieves the best per-
formance.



Figure 8. Failure Cases: (4): Failure case of reconstruction with
fine-grained object masking (Obj-Mask-f). (5)-(6): Remedy by
using coarse object masking (Obj-Mask-c)

Figure 10. Ablation Study of Masking Strategies (B)

Model Variant VQA (v2.0) Acc. (%)

MIM (w. Obj Rep) 53.02
+ LMIM only 55.44
+ Lobj only 52.48
+ LMIM + Lobj (Eq. 7) 56.89

Table 12. Effect of adding different loss terms in Eq. 7 on VQA
(v2.0). Combining both LMIM and Lobj achieves the best perfor-
mance.

Figure 9. Ablation Study of Masking Strategies (A)

D. Additional Discussions.

Model size. Here we show LP results on Cifar-100 classi-
fication with ViT-B and ViT-L. Table 11 indicates that our
approach is scalable with respect to increasing model sizes.
Additional motivation for using object-level representa-
tion. Besides computer vision research, neuroscience studies

Figure 11. GAN loss can further help with better details.

have also found that the human brain uses an object-centric
approach for visual recognition [6, 7, 38]. Within computer
vision research, object segmentations have also been found
to be helpful for tasks such as instance segmentation [19]
and weakly supervised learning [55]. Hence, we conjecture
“object” as a plausible candidate and explore it as the mask-
ing unit in MAE by simply masking out random objects and
inpainting them instead of random patches.
Generalizability of object-centric objective. The surpris-
ing result is that while Patch-MAE severely degrades down-
stream fine-tuning performance, Obj-MIM can recover such
gap in a short GPU-hour, demonstrating that object-centric
learning objective enables the learning of highly semantic
and generalizable features where the original Patch-MIM
cannot, especially given the underlying semantic difference
(domain gap) between the datasets.
Furthur enhancing visual details with Gan loss. Genera-
tive adversarial networks (GAN) [20] learn representation
through the competition of a generator and a discriminator.
Recent studies show that adding GAN losses can enhance
visual details [17, 24, 37, 47]. Following this intuition, we
add an auxiliary GAN loss to our objective in Equation 7:

LOBJ−MAE = LMAE + λ1 · Lobj + λ2 · LGAN (8)

This can be achieved by adding a simple discriminator and
using the original network as the generator; details can be
found in the Appendix. Results in (Figure 11) confirm that
GAN loss can help produce more detailed images.
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