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Abstract

Mainstream multimodal large language models (MLLMs)
rely on patch-based tokenization methods, which compro-
mise the integrity of objects and thereby limit the model’s per-
ception capabilities while triggering object-related hallucina-
tions. To address this issue, we propose ObjecTok, an inno-
vative object tokenization framework. ObjecTok generates a
single, holistic object token for each object in an image. This
token is produced by a specially trained object encoder that
embeds the object’s semantic, positional, and shape informa-
tion into a single compact representation, thereby preserving
the object’s integrity. To mitigate the imperfections of up-
stream object proposer models, we introduce learnable con-
fidence embeddings. These embeddings enable the MLLM
to learn the reliability of each object’s information, signifi-
cantly enhancing the model’s robustness. Additionally, Ob-
jecTok employs a hybrid input strategy, combining object to-
kens with traditional image patch tokens, allowing the model
to leverage both object-level information and global scene
context. By integrating ObjecTok into the LLaVA architec-
ture, we achieve notable performance improvements on mul-
tiple object-centric benchmarks, effectively reducing object
hallucinations and enhancing perception capabilities. Exper-
imental results robustly demonstrate that the object tokens
generated by our ObjecTok framework hold great potential
for building more powerful and reliable MLLMs.

Introduction
In recent years, the integration of visual and linguistic
modalities has become a central focus in the development
of artificial intelligence, particularly in tasks requiring pre-
cise understanding of images and their contextual mean-
ings. Currently, significant achievements have been made
in the advancement of Multimodal Large Language Models
(MLLMs) (Wang et al. 2024; Zhu et al. 2024; Ye et al. 2023;
Liu et al. 2023; Dai et al. 2024; Bai et al. 2025), yet most of
them rely on a mainstream patch-based tokenization frame-
work. This framework divides images into fixed-size grid-
like patches, which are then converted into token sequences
for processing (Dosovitskiy et al. 2021), as shown in Fig. 1.
Although this method proves effective in many scenarios, its
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How many people 
are in this image? I can see 6 people 

in this image.

There are 5 people 
in this image.

Patch Tokens

Object Tokens

Figure 1: Visualization of different image tokenization
methods. Patch tokenization splits images into fixed-sized
sequences, which breaks the integrity of the objects. On the
other hand, the object tokenization method directly converts
all objects within the image into tokens, preserving their se-
mantic and geometric information, so that the MLLM will
have a better perception of the objects in the scene.

inherent limitations still exist (Qian et al. 2022). A semanti-
cally coherent and complete object, such as a person or a car,
is often forcibly split and scattered across multiple indepen-
dent tokens, disrupting the holistic structure of the object.
Meanwhile, larger patches could fuse multiple objects into
one token, which causes polysemanticity, this could hinder
the effective representation learning (Chen et al. 2025).

Patch tokenization not only breaks the morphological
structure of the image (Palmer 1977), but also could lead
to the loss of critical information, including its high-level
semantics, precise spatial position, and distinctive geomet-
ric shape. Such informational incompleteness severely lim-
its the model’s perception capabilities, resulting in poor per-
formance on tasks like precise object counting (Li et al.
2023b), spatial relationship reasoning (Fu et al. 2023), etc.
Moreover, it becomes one of the primary causes of object-
related hallucinations (Bai et al. 2024), where the model er-
roneously generates details that do not exist in the image.

To overcome these limitations, we argue that MLLMs
should organize visual inputs into discrete, meaningful ob-
ject units, rather than arbitrary image patches, much like hu-
mans do, as shown in Fig. 1. Based on these inspirations, we
propose ObjecTok, an innovative object tokenization frame-
work designed to provide MLLMs with explicit, disentan-
gled representations of individual objects. To achieve this,
we utilize an open-vocabulary panoptic segmentation model
(Kirillov et al. 2019; Xu et al. 2023) as the upstream object
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proposer to provide crucial information about objects within
images for ObjecTok to convert into object tokens.

We adopt three key features for ObjecTok: holistic object
token generation, robustness against segmentation errors
and hybrid strategy for preserving global context. Firstly,
we need to generate a single, holistic object token for each
detected object in an image. To achieve this, we designed
a novel encoder-decoder scheme to train a dedicated ob-
ject encoder. This encoder embeds the complete informa-
tion of each object, including its semantics, position, and
shape, into a single compact representation, the object to-
ken, thereby preserving the object’s integrity. Secondly, any
method relying on upstream object proposer models must
contend with their imperfections. To address this, we in-
troduce learnable confidence embeddings. We transform the
confidence scores provided by the object proposer for each
object into an embedding vector and incorporate it into
the corresponding object token. This allows the MLLM to
implicitly learn the reliability of each object’s information
during training, effectively mitigating the negative impact
of imperfect segmentation and significantly enhancing the
model’s robustness. Thirdly, we recognize that relying solely
on object information while lacking global context may limit
the model’s comprehensive reasoning ability. Therefore, Ob-
jecTok adopts a hybrid input strategy, combining our novel
object tokens with conventional patch tokens when feed-
ing them into the MLLM. This design enables the model
to leverage both information streams synergistically: object
tokens provide a structured entity-level view, while patch to-
kens supplement global scene context and background infor-
mation, achieving overall complementary advantages.

Finally, to validate the effectiveness of our approach,
we integrate the ObjecTok framework into the predominant
MLLM architecture, LLaVA (Liu et al. 2023, 2024a,b), to
train our own ObjecTok-LLaVA. On multiple object-centric
benchmarks (Li et al. 2023b; Fu et al. 2023), our model
achieves significant performance improvements. Further-
more, through dedicated robustness tests, we demonstrate
that our ObjecTok framework maintains stable high perfor-
mance even when upstream object proposer’s segmentation
quality degrades. These results strongly underscore the im-
mense potential of object-level representations (i.e., object
tokens) for building more powerful and reliable MLLMs.

In summary, our main contributions are as follows:

• We propose ObjecTok, which shifts visual tokens in
MLLMs from fragmented image patches to holistic
object-level representations. For each object, we generate
a single, compact object token via a specially trained en-
coder. We designed a dedicated encoder-decoder scheme
to train the object encoder, to ensure the object’s core se-
mantic, positional, and shape information is preserved.

• To address the inherent imperfections of upstream ob-
ject proposers, we introduce learnable confidence em-
beddings. This novel component leverages meta informa-
tion from the object proposer and allows the MLLM to
learn the reliability of each object’s information, enhanc-
ing the ObjecTok’s robustness against upstream errors.

• We combine our proposed object tokens with conven-

tional patch tokens. This hybrid input enables the MLLM
to leverage both entity-level details from object tokens
and the broader global context provided by patch tokens,
resulting in MLLM’s stronger perception capabilities.

Related Works
Multimodal Large Language Models
Recent years have witnessed a surge in the development
of Multimodal Large Language Models (MLLMs), which
extend the impressive capabilities of LLMs to understand
and process visual information. Early pioneering works like
Flamingo (Alayrac et al. 2022) and the BLIP series (Li et al.
2023a; Dai et al. 2024) established a dominant paradigm.
This typically involves using a pre-trained vision encoder
(e.g., ViT (Dosovitskiy et al. 2021) or CLIP’s vision trans-
former (Radford et al. 2021)) to extract image features,
which are then fed into a large language model via a sim-
ple projection layer or a more complex adapter like a Q-
Former. Subsequent models, such as LLaVA series (Liu et al.
2023, 2024a), MiniGPT-4 (Zhu et al. 2024), and Qwen-
VL series (Bai et al. 2023a), have further advanced this
field by leveraging large-scale vision-language instruction
tuning datasets, significantly improving their conversational
and instruction-following abilities. More recent architec-
tures like CogVLM series (Wang et al. 2024; Hong et al.
2024) have explored deeper fusion mechanisms between the
vision and linguistic modalities. While these models have
achieved remarkable success, the vast majority still rely on a
fixed-size patch representation of the visual input, which is
inherently flawed. Our ObjecTok framework aims to address
this primary bottleneck of patch-based representations.

Visual Representations in MLLMs
The representation of visual information is a cornerstone
of MLLM design. Inspired by the success of Vision Trans-
formers (ViTs) (Dosovitskiy et al. 2021), the patch tokeniza-
tion method has become the de facto standard. The most
predominant visual-language encoders used in MLLMs like
CLIP (Radford et al. 2021), EVA-CLIP (Sun et al. 2023)
and SigLIP (Zhai et al. 2023), are all derived from ViT. In
this approach, an image is divided into a fixed-size grid of
non-overlapping patches. Each patch is linearly projected
into a vector, which is then treated as a “visual token” by
the model. This method is simple and effective for cap-
turing global scene context. However, it is inherently non-
object-centric. A single object may be fragmented across
multiple patches, while a single patch can contain parts of
multiple objects or background clutter (Chen et al. 2025).
This spatial and semantic entanglement makes it challeng-
ing for MLLMs to perform fine-grained tasks such as pre-
cise object counting, localization, or attribute association,
often leading to hallucinatory responses (Bai et al. 2024).
Some works have attempted to enhance visual representa-
tions by increasing image resolution or utilizing a variable
number of patches (Bai et al. 2023b; Liu et al. 2024a; Li et al.
2024c; McKinzie et al. 2024). A more recent work, VCoder
(Jain, Yang, and Shi 2024), utilizes additional visual inputs,
such as ground-truth segmentation and depth maps, to aid
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Figure 2: Overall pipeline of our ObjecTok framework. For each object within the input image, we extract an object token
that embeds the semantics, shape, and positional information of the object. A confidence embedding, derived from the object’s
confidence score, is then added for robustness against segmentation errors. In total, an image with No objects will result in No

object embeddings.

MLLMs in perception. Although these methods demonstrate
reasonable performance, they do not fundamentally alter the
patch-based nature and its associated limitations. Our work,
ObjecTok, moves beyond the patch tokens, proposing that
representations based on semantically meaningful objects,
which is more aligned with object-centric tasks.

Methodology
Overall Architecture
As illustrated in Fig. 2, the ObjecTok framework transforms
a single input image into a hybrid sequence of tokens for an
MLLM. The overall pipeline consists of four main stages:

1. Object Proposal: To extract all objects within the input
image, we first employ a pre-trained open-vocabulary
panoptic segmentation (Kirillov et al. 2019) model to
parse the input image. This model (Xu et al. 2023) out-
puts a set of masks, each corresponding to a distinct ob-
ject instance, along with its scalar confidence scores.

2. Object Tokens Generation: To convert each detected ob-
ject into a single, compact object token, we input them
as RGBA images into a specially trained object encoder.
The object encoder is pre-trained in an encoder-decoder
scheme to encapsulate semantic, positional, and shape in-
formation of the object into one single object token.

3. Confidence Embeddings Generation: To enhance robust-
ness, the confidence scores from the object proposer
are converted into learnable confidence embeddings and
added to its corresponding object token. This provides
the MLLM extra meta information and thus it can de-
velop robustness against upstream segmentation errors.

4. Integration with MLLMs: The generated object tokens
are combined with the standard patch tokens extracted

from the entire image. This hybrid sequence of tokens is
passed to the MLLM for response generation. We utilize
a dual-stage fine-tuning method for training the MLLM.

We explain each part in detail in the following sections.

Object Proposer
The foundational step of our ObjecTok framework requires a
proposer capable of identifying and segmenting objects in a
flexible and generalizable manner, without being restricted
to a predefined set of categories. To this end, we employ
ODISE (Xu et al. 2023), an open-vocabulary panoptic seg-
mentation model, as our object proposer. ODISE is uniquely
suited for this task as it leverages the rich internal represen-
tations of diffusion models (Rombach et al. 2022) to perform
class-agnostic segmentation. This allows it to identify a di-
verse range of objects and segments within an image, far be-
yond the scope of closed-set detectors. The object proposer
not only generates the masks for each object in the input im-
age, but it also outputs scalar confidence scores; these scores
are also an essential part of our ObjectTok framework.

Training Object Encoder
The cornerstone of our framework is the ability to create a
single token that holistically represents an object. To achieve
this, we design a transformer-based object encoder architec-
ture and train it using an encoder-decoder scheme. The train-
ing pipeline of the object encoder is illustrated in Fig. 3.

Object Token Generation For an RGB input image
IRGB ∈ RH×W×3, where H and W are height and width
of the image, contains a variable-length set of No ob-
jects, we have a set of binary masks M = {mi}No

i=1 ∈
{0, 1}No×(H×W ) is representing each object. For each ob-
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Figure 3: Training pipeline of our object encoder. We learn
a holistic representation for each object through an encoder-
decoder scheme. The training process has three distinct ob-
jectives to ensure that the final object tokens contain seman-
tic, shape, and positional information of the object.

ject Oi, we apply the mask mi to the alpha channel and cre-
ate an RGBA image IRGBA

i ∈ RH×W×4 for the object. We
then utilize the pre-trained Alpha-CLIP (Sun et al. 2024) im-
age encoder Vclip, which is specifically designed to process
RGBA inputs for processing regional semantics, to extract
initial features. The encoder outputs a sequence of spatial
feature tokens along with a global [CLS] token:

Vclip(I
RGBA
i ) = {vclsi , vspatiali,1 , vspatiali,2 , . . . , vspatiali,Na

},
(1)

where vclsi represents the global semantics of the object and
V spatial
i = {vspatiali,j }Mj=1 ∈ RNa×dclip are the spatial to-

kens of that object, where Na is the number of patches and
dclip is the embedding size of Alpha-CLIP. The [CLS] to-
ken contains the overall semantics of the object, and the spa-
tial tokens contain the fine-grained semantics of the object
(Qian et al. 2022). However, the spatial tokens are highly
sparse (Chen et al. 2024b; Shang et al. 2024; Li et al. 2025;
Lin et al. 2025; Yu et al. 2024), which is suboptimal for large
models like MLLMs to process. Thus, we need to convert
them into a single, holistic object token. To achieve this, we
introduce a transformer-based semantic encoder Esem.

The architecture of the semantic encoder, follows the de-
sign of Perceiver Resampler (Alayrac et al. 2022). But un-
like the original Perceiver Resampler, we zero initialized the
learnable object query token tobji ∈ R1×d for stable conver-
gence. Overall, the semantic encoder aggregates the spatial
tokens into a single object token tobji :

tobji = Esem(V spatial
i , tobji ). (2)

Esem should embed the semantic and geometric informa-
tion of each input object into corresponding object tokens.
To achieve this, we propose a semantic alignment process
to retain semantic information and a geometric decoder to
encapsulate positional and shape information.

Semantic Alignment To ensure tobji is semantically
meaningful, we train Esem using a contrastive learning ob-

jective. Specifically, we align tobji with the high-level seman-
tic representations from Alpha-CLIP. We leverage both the
visual [CLS] token vclsi ∈ R1×dclip from the image en-
coder and the corresponding text [CLS] embedding lclsi ∈
R1×dclip from the text encoder (fed with the object’s class
name, e.g., “a black cat”). For each tobji , we randomly cal-
culate its InfoNCE loss (Oord, Li, and Vinyals 2018) against
vclsi or lclsi . This ensures that the object tokens not only con-
tain the visual semantic information, but also contain the tex-
tual semantic information. The semantic loss is formulated
as:

Lsem(tobji ) =

{
LInfoNCE(t

obj
i , vclsi ) if z = 0,

LInfoNCE(t
obj
i , lclsi ) if z = 1,

(3)

where z ∼ Bernoulli(p) (p = 0.5) indicates the random
choice process. In addition, we employ cosine similarity for
calculating sample distances in the InfoNCE loss.

Geometric Decoder While Lsem embeds semantic infor-
mation, it does not explicitly preserve the object’s posi-
tion and shape. To address this, we introduce a dual-stream
transformer-based geometric decoder that is trained jointly
with the Esem. Its sole purpose is to compel the object token
to learn geometric information. To achieve this, the decoder
performs two parallel tasks on each stream: masked mask
reconstruction for learning shape information and bounding
box prediction for learning positional information.

Masked mask reconstruction. Inspired by MAE (He et al.
2022), for each object Oi and corresponding object token
tobji , we patchify the mask of the object and randomly re-
place visible tokens qvisi ∈ RNv×d with randomly initial-
ized [MASK] query tokens qmask

i ∈ RNm×d, where Nv

and Nm are the number of visible and masked patches, and
Nt = Nv +Nm is the total number of patches. This formu-
late the reconstruction sequence Qrec

i = {qvisi , qmask
i } ∈

RNt×D. Qrec
i first obtains information from tobji through

a cross attention mechanism. Then Qrec
i provides informa-

tion for bounding box prediction through bidirectional atten-
tion. Subsequently, qpredi also provides information for re-
construction through a similar bidirectional attention mech-
anism. This is because the shape and positional informa-
tion are relevant, and through this bidirectional informa-
tion exchange, we ensure that all the necessary information
for reconstruction and prediction is fully utilized. Then all
[MASK] tokens qmask

i are linearly projected to generate re-
constructed patches Âi ∈ RNm×(h×w×3), where h and w
are the height and width of each patch. We calculate average
MSE loss across all masked patches as the objective:

Lrec =
1

Nm
LMSE(Âi, Ai), (4)

where Ai ∈ RNm×(h×w×3) are the ground truth patches.
Through this objective, we ensure the object tokens contain
the shape information of the corresponding object.

Bounding box prediction. The prediction is performed
on another stream of the geometric encoder. To accelerate
training convergence, we initialize a detection query token
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qpredi ∈ Rd from tobji . As described before, qpredi exchange
information with Qrec

i through bidirectional attention mech-
anism. qpredi is passed through a two-layer MLP to predict
the bounding box B̂i ∈ R4. We then calculate the prediction
loss with L1 loss and GIoU loss as the objectives:

Lpred = LL1(B̂i, Bi) + LGIoU (B̂i, Bi), (5)

where Bi ∈ R4 is the ground truth bounding box corre-
sponding to object Oi. Through this objective, the object to-
ken is forced to learn the positional information of the cor-
responding object, thus fulfilling our intention.

Overall objectives for Esem. The total loss for training the
object encoder is a combination of the objectives:

L = λ1Lsem + λ2Lrec + λ3Lpred, (6)

where λ1, λ2 and λ3 are the balancing coefficients.

Object Encoder The object encoder contains both Alpha-
CLIP image encoder and semantic encoder is defined as our
object encoder Eobj :

tobji = Eobj(Oi) = Esem(Vclip(I
RGBA
i ), tobji ). (7)

Once the object encoder is trained, it is frozen and integrated
into the MLLM pipeline, as shown in Fig. 2. The object to-
ken tobji is projected through a two-layer MLP to align the
embedding size of the base LLM.

Robustness via Confidence Embeddings
The object proposer is imperfect. To make our framework
robust to upstream errors, we utilize the confidence score
provided by the object proposer. For each object, the scalar
confidence score si ∈ [0, 1] is passed through a two-
layer MLP to produce a confidence embedding econfi ∈
R1×dLLM , where dLLM is the embedding size of the LLM.
This embedding is then added to its corresponding object
token tobji to achieve a final object embedding:

eobji = tobji + econfi , (8)

where eobji ∈ R1×dLLM is the object embedding. Through
the confidence embedding, the MLLM can implicitly learn
to down-weight information from low-confidence objects
during the training stages. For a image contains No objects,
we obtain a sequence of object embeddings S = {ei}No

i=1.

ObjecTok-based MLLMs
Integration We recognize that relying solely on object
information while lacking global context may limit the
model’s comprehensive reasoning ability; therefore, we
adopt a hybrid tokenization strategy to integrate ObjecTok
with MLLMs.Each image is converted into both fixed-size
patch tokens and variable-length object tokens, and then pro-
jected into the same embedding size with the base LLM for
generating responses. Following the setting of LLaVA (Li
et al. 2024b; Liu et al. 2024a), the patch tokens are also pro-
jected to align with the embedding space of the base LLM.

Thus, we format the input in order of (a) fixed-size
patch tokens, (b) variable-length object tokens, and (c)

variable-length text tokens. For object tokens, we order them
by area. Thus, the prompt template for the final MLLM
is “<img>\n<obj><obj>...<obj>\n<inst>”. The
“<img>” is replaced with the sequence of patch tokens, and
each “<obj>” is replaced with the corresponding object to-
ken. The “<inst>” represents the text instructions.

Training The training of the MLLM with ObjecTok pro-
ceeds in two stages inspired by LLaVA (Li et al. 2024b;
Liu et al. 2024a): (1) Pre-training for Alignment: In the
first stage, we use a single-round image captioning dataset.
We freeze the visual encoder and our object encoder, as
well as the LLM. The primary goal is to adapt the LLM
to understand the new vocabulary of object tokens, aligning
them with the patch tokens and word embeddings. All pro-
jection layers, including confidence embedding layers, are
zero-initialized to minimize the disruption caused by the in-
troduction of new modalities. (2) Instruction Fine-tuning: In
the second stage, we fine-tune the model with a multi-round,
multi-modal chat dataset. This stage teaches the MLLM to
be more general in visual tasks.

Experiments
Setup
Dataset We use GrIT-20M (Peng et al. 2023) to train the
object encoder. GrIT-20m dataset contains ∼20M images
with bounding boxes for objects and their text captions. We
process the dataset with SAM2 (Ravi et al. 2025). By lever-
aging the ground truth bounding boxes as prompts, through
SAM2, we obtain the masks for the labeled objects.

For training the MLLM with our ObjecTok framework,
we build our pre-training and fine-tuning dataset based
on ALLaVA-4V (Chen et al. 2024a). ALLaVA-Caption-4V
is combined with LLaVA-ReCap-558K dataset (Li et al.
2024a) to be used for pre-training the projection layers
and the confidence embedding layers. Then we utilize
LLaVA-NeXT-Instruction (Liu et al. 2024b) together with
ALLaVA-Instruct-4V for instruction fine-tuning the MLLM.
All datasets are processed by ODISE (Xu et al. 2023) to
extract objects from images along with their corresponding
confidence scores. We treat the pixels that are not labeled in
the segmentation results as zero-confidence masks.

Training Details For training the object encoder, we use
the balancing coefficients as λ1 = λ2 = λ3 = 1, and the
embedding size is set to the same as Alpha-CLIP (Sun et al.
2024). Following the set of LLaVA-1.5 (Liu et al. 2024a), we
also start from vanilla Vicuna-7B (Chiang et al. 2023) as the
base LLM an, and use the same CLIP ViT-L/14-336px (Rad-
ford et al. 2021) as the patch-based visual encoder. We call
this model ObjecTok-LLaVA. We set the learning rate of
the confidence embedding layers twice as the learning rate of
the projection layers. All models are trained on 8 × NVIDIA
A100 80G using DeepSpeed ZeRO-2/3 (Rasley et al. 2020;
Rajbhandari et al. 2020), with object encoder trained for 3
epochs and ObjecTok-LLaVA for 1 epoch (both pre-training
and fine-tuning stage). We provide more details on hyperpa-
rameters in the supplementary materials.
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Model #Params
Random Popular Adversarial Total

(Avg. F1)Accuracy F1 Score Accuracy F1 Score Accuracy F1 Score

MiniGPT-4 7B 77.83 78.86 68.30 72.21 66.60 71.37 74.15
InsructBLIP 14B 88.73 89.29 81.37 83.45 74.37 78.45 83.73
Qwen-VL 7B 84.37 82.67 84.13 82.06 82.26 80.37 81.70
LLaVA-1.5 7B 88.00 87.14 87.43 86.24 85.50 84.46 85.95

ObjecTok-LLaVA (Ours) 7B 90.55 90.84 88.60 88.48 85.57 85.60 88.31

Table 1: Comparison with different MLLMs on POPE benchmark. All results are reported in percentage (%). #Params show
the number of each model’s parameters. We signify the best and the second best result with boldface and underline.

Total
(821.19)

Commonsense
Reasoning
(137.86)

Color
(170.00)

Position
(140.00)

Count
(178.33)

Existence
(195.00)

ObjecTok-LLaVA
LLaVA-1.5

Qwen-VL
InstructBLIP

MiniGPT-4

Figure 4: Comparison with different MLLMs on MME
benchmark. The chart shows our ObjecTok-LLaVA im-
proves on all evaluated MME tasks, including existence,
count, position, color and commonsense reasoning.

Benchmarks We use POPE (Li et al. 2023b) and MME
as benchmarks (Fu et al. 2023) to validate our ObjecTok-
LLaVA. POPE is a benchmark designed to evaluate
MLLM’s object-centric hallucination level by querying
binary-choice questions about objects within images. We re-
port the accuracies and F1 scores on MSCOCO (Lin et al.
2014) tasks. MME is a benchmark designed to evaluate
MLLM’s capabilities across multiple domains comprehen-
sively. Specifically, MME contains object-centric tasks, such
as object existence, count, and position, to assess MLLM’s
object-level hallucination level. We report the scores (based
on accuracy) for object existence, count, position, and color
tasks, along with an additional evaluation of a commonsense
reasoning task to demonstrate the effectiveness of our Ob-
jecTok framework on general perception capabilities.

User How many uncut fruits are in the image?

LLaVA-1.5 There are four uncut fruits in the image.

ObjecTok-LLaVA There are three uncut mangosteens in the image.

Table 2: Comparison between outputs of ObjecTok-LLaVA
and LLaVA-1.5. In this example, ObjecTok-LLaVA not
only outperforms LLaVA-1.5 on counting the number of
uncut fruits in the image, but also recognizes the name of
the fruit as “mangosteens” accurately.

Baselines We compare our ObjecTok-LLaVA with sev-
eral well-known MLLMs, including MiniGPT-4 (Zhu et al.
2024), InstructBLIP (Dai et al. 2024), Qwen-VL (Bai et al.
2023b) and LLaVA-1.5 (Liu et al. 2024a). These MLLMs
have similar scales of parameters and training data sizes to
our ObjecTok-LLaVA, thus suitable for comparison.

Results
The results are shown in Tab. 1 and Fig. 4. We give detailed
analysis about the results in the following section, and an ex-
ample of ObjecTok-LLaVA’s output in Tab. 2 for reference.

Results on Object Hallucination (POPE) The results are
summarized in Tab. 1. Our ObjecTok-LLaVA achieves the
highest F1 scores across all three subtasks: Random, Pop-
ular, and Adversarial, and culminating in a top overall F1
score of 88.31%. A direct comparison with LLaVA-1.5,
which shares the identical 7B base model, signify the con-
tribution of our ObjecTok framework. Our model demon-
strates consistent and significant improvements, outperform-
ing LLaVA-1.5 by +3.70%, +2.24%, and +1.14% in F1
scores on the Random, Popular, and Adversarial settings, re-
spectively. This results in a +2.36% uplift in the total average
F1 score. These results affirm the effectiveness of our object
token in promoting accurate object-centric reasoning.

Results on Comprehensive Perception (MME) As illus-
trated in Fig. 4, our ObjecTok-LLaVA achieves a leading
total score of 821.19, establishing its superior performance
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Figure 5: Robustness test on POPE dataset. (a) The distri-
bution of each sample’s top-1 confidence score of all seg-
mented objects within the sample on the POPE dataset. (b)
The average F1 score against top-1 confidence score of cor-
responding image. The results show the performance stabil-
ity of ObjecTok-LLaVA across varying image qualities.

over strong baselines. A breakdown of the results reveals
three key insights. First, ObjecTok-LLaVA shows its most
pronounced advantages in fundamental perception tasks. It
achieves the highest scores in existence, count, and posi-
tion, which directly validates our hypothesis that the ded-
icated object encoder effectively captures essential object
attributes, including semantic, shape, and positional infor-
mation. Second, and perhaps more importantly, this special-
ization does not come at the cost of general reasoning. Our
model also achieves the top score in commonsense reason-
ing. This suggests that the structured object information pro-
vided by ObjecTok not only improves the perception capa-
bilities of the MLLM on object-centric tasks but also en-
hances its high-level cognitive abilities, demonstrating the
generalizability and broad utility of our approach. Third, the
improvements on the color tasks are not as significant as in
other tasks. We attribute this to a theory that the color tasks
are primarily performed by the patch tokens, and we evalu-
ate this hypothesis in the further ablation studies.

Analysis
Robustness Tests In real-world applications, the object
proposer is not always perfect. A robust vision-language
model should be able to function effectively even with
these imperfect, noisy, or incomplete segmentation inputs.
To evaluate this crucial capability, we analyze the results of
POPE benchmarks. We use the top-1 confidence score pro-
vided by the object proposer for object masks within an im-
age as an indicator for the image’s overall quality. A low top-
1 confidence score generally indicates a higher likelihood
of an inaccurate or poor-quality segmentation. We split the
samples into bins with a 0.01 top-1 confidence score width.
By plotting the F1 score against the top-1 confidence score,
we can directly observe how our ObjecTok’s performance
correlates with the quality of the input segmentation.

The results of our robustness test are presented in Fig. 5,
which demonstrates that ObjecTok-LLaVA is highly robust
to variations in segmentation quality. Its ability to maintain
high performance even with noisy inputs is a critical ad-
vantage, making it more practical for real-world scenarios

Model Existence Count Position Color Commonsense
Reasoning

OT-L 195.00 178.33 140.00 170.00 137.86
w/o GD 170.00 165.00 113.33 151.67 110.71
w/o CE 145.00 156.67 140.00 136.67 107.86
w/o PT 110.00 108.33 93.33 88.33 93.57

Table 3: Results on ablating parts of ObjecTok. OT-L: base-
line results. w/o GE: removing geometric encoder during
training object encoder. w/o CE: removing confidence em-
beddings during training MLLM. w/o PT: removing patch
tokens during training MLLM.

where perfect segmentations cannot be guaranteed.

Ablations To dissect the contribution of each key compo-
nent within our ObjecTok framework, we conduct a series
of ablation studies on the MME benchmark. The results are
shown in Tab. 3. Overall, we highlight three key insights.
First, removing the geometric decoder during the object en-
coder’s training phase resulted in a significant performance
drop, particularly on position and count tasks. This directly
validates our interpretation: the decoder’s reconstruction and
prediction objectives compel the single object token to co-
encode not only semantic information but also crucial spatial
information, such as position and shape. Second, removing
the confidence embeddings resulted in a noticeable decline
in overall performance, particularly on object-centric tasks
like existence, count and position. This demonstrates the
value of this component as a robustness mechanism, as it al-
lows the MLLM to learn to weigh the reliability of each ob-
ject’s information, effectively mitigating the negative impact
of imperfect upstream segmentations. Third, when we re-
moved the conventional patch tokens and fed only object to-
kens to the model, performance dropped substantially, espe-
cially in commonsense reasoning and color perception. This
aligns with our intention of employing a hybrid strategy,
where object tokens provide an object-centric view, while
patch tokens supply the global context for high-level rea-
soning. In addition, this also evaluates our hypothesis that
the color tasks is mainly carried out by the patch tokens.

Conclusion
In this paper, we introduced ObjecTok, a novel framework
designed to address the limitations of patch-based tokeniza-
tion in MLLMs. By changing the method from patches to
object-level representations, ObjecTok generates a single,
holistic token for each detected object that embeds its se-
mantic, positional, and shape information. Our proposed
hybrid strategy, which combines these object tokens with
traditional patch tokens, and learnable confidence embed-
dings for robustness, allows the MLLM to achieve a more
comprehensive and reliable understanding of visual scenes.
Extensive experiments demonstrate that ObjecTok signif-
icantly enhances performance on object-centric tasks and
shows strong resilience to imperfect segmentations. For fu-
ture work, we aim to extend the ObjecTok concept to the
video domain, enabling the MLLMs to track and reason
about object interactions better and state changes over time.
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