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6. Limitations

Our method achieves competitive results on various seg-
mentation tasks, yet the limitations still exist. The token
interactions among the [IMG] tokens and [SEG] token
enhance the spatial precision of features, yet the redesigned
attention mask becomes an obstacle for autoregressive in-
ference and multi-round reasoning. We could only prede-
fine the text templates or separate the process of text infer-
ence and segmentation as compromise. Besides, the origi-
nal VQA capabilities of MLLMs are not fully preserved ac-
cording to Sec. 8.1. The enhanced localization and ground-
ing capabilities from segmentation samples conflict with
OCR-oriented and more complex knowledge reasoning sce-
narios, presenting a promising direction for future work to-
ward better balance.

7. Details about training datasets

We utilize a broad collection of vision—language and pixel-
level segmentation datasets to train both the base version
of SELFIE and the segmentation-enhanced SELF1E-SEG.
The details are shown in Tab. 8. The VQA component
is constructed from six datasets, where VQAv2 [20] pro-
vides large-scale human-annotated question—answer pairs
for general vision understanding, LLaVA-150k [39] offers
high-quality multimodal conversational annotations from
GPT-4, and OKVQA [43], TextVQA [52], VizWiz [22], and
GQA [26] further contribute knowledge-based, text-centric,
low-quality-image, and compositional reasoning supervi-
sion. These datasets are incorporated without magnification
(1x) for SEG version, totaling 421k samples. For language-
guided referring expression segmentation, we adopt the Re-
fCOCO, RefCOCO+, and RefCOCOg datasets [28, 72],
which feature object-level referring expressions with in-
creasing linguistic complexity. These datasets are expanded
by a 20x SEG-rate, providing 1.12M effective samples for
SELFI1E-SEG. To strengthen dense pixel-level perception,
we employ ADE20K [80] that covers a broad spectrum of
indoor/outdoor scenes with fine-grained masks, along with
COCO-Stuff [5] and Pascal-Part [7] for diverse semantic
regions and part-level annotations, and LVIS-PACO [47],
which supplies long-tailed, instance-rich perceptual con-
cepts. Each dataset is magnified 6, yielding 504k sam-
ples for SEG version. Finally, ReasonSeg [31] is included
to support more complex reasoning-driven segmentation,
where its limited 239 samples are expanded 6x into approx-
imately 1.4k effective instances. Overall, our training cor-
pus comprises roughly 561k samples for the base version
SELFIE and around 2.4M magnified samples for SELF1E-

SEG.

8. Additional Experiment Results

8.1. Experiment results of VQA

Across 2B and 8B model scales, SELF1E exhibits a con-
sistent performance pattern when compared with the corre-
sponding InternVL3 baselines, as illustrated in Tab. 9. On
generic benchmarks such as VizWiz, GQA, and VQAV2,
SELFIE consistently achieves similar results as InternVL3,
especially with gains of 11.2% on 2B and 6.5% on 8B
on VizWiz and moderate improvements on GQA. These
results suggest that introducing segmentation-aware visual
supervision could retain the original generic understand-
ing ability of the images. By contrast, SELFIE shows
lower performance on OKVQA and TextVQA at both
scales. Since these benchmarks heavily depend on external
knowledge grounding (OKVQA) or OCR-oriented textual
reasoning (TextVQA), the performance gap indicates that
segmentation-focused training, provides limited improve-
ment in text-heavy or knowledge-intensive settings even
with specific training data. A similar trend is shown on
instruction-oriented multimodal benchmarks (MMB-en/cn,
MME), where SELFI1E trails InternVL3 regardless of scale.
Most of the performance reduction is on the OCR-oriented
sub-tasks and more complex knowledge sub-tasks. Never-
theless, SELF1E maintains competitive POPE scores across
scales, matching or approaching InternVL3, demonstrating
that stronger spatial grounding introduced by segmentation
has a limited negative influence on hallucination.

Overall, the unified comparison across both 2B and 8B
models demonstrates that the strengths of SELFIE lie pri-
marily in perception robustness and grounding-oriented rea-
soning, enabled by segmentation-enhanced visual model-
ing, whereas performance trade-offs emerge on OCR-heavy
and knowledge-driven benchmarks. This consistent pat-
tern across scales highlights the complementary nature of
segmentation-aware learning within MLLMs and reveals
clear future directions for balancing visual grounding with
textual and knowledge-centric capabilities.

8.2. Experiment results with other MLLMs

We conduct several experiments of SELF1E based on dif-
ferent versions of MLLMs in Tab. 10, including InternVL2-
2B and InternVL2.5-2B, on which some of the previous
methods applied. The results show that even with previ-
ous versions of InternVL, our approach still achieves com-
petitive performance. Using InternVL2.5-2B as the base
model attains similar results on the standard version of



Task Dataset ‘ Samples | SEG-rates | SEG-samples
VQAV2 [20] 100k 100k
OKVQA [43] 9k 9k
TextVQA [52] 35k 35k
VQA VizWiz [22] 20k Ix 20k
GQA [26] 100k 100k
LLaVA-150k [39] 157k 157k
RefCOCO [28] 17k 340k
Referring Expression Segmentation | RefCOCO+ [28] 17k 20x 340k
RefCOCOg [72] 22k 440k
ADE20k [80] 20k 120k
Semantic Segmentation COCOSIt [3] 30k 6% 180k
& Pascal-Part [7] 4K 24k
LVIS-PACO [47] 30k 180k
Reasoning Segmentation | ReasonSeg [31] | 239 | 6x | 1.4k
Overall ‘ ‘ 561k ‘ ‘ 2.4M

Table 8. Details of the multiple datasets for training. SEG-rates represent the magnification of the dataset samples for the training of

SELF1E-SEG version.

Methods ‘ VQAv2 OKVQA VizWiz GQA TextVQA POPE MMB-en MMB-cn MME
InternVL3-2B [83] 80.1 56.1 56.6 60.7 77.0 89.6 81.1 78.4 2221.2
InternVL3-8B [83] 81.8 61.9 63.4 63.2 78.9 91.1 834 82.2 24154

SELF1E-2B 77.7 48.5 67.8 61.5 71.7 89.4 69.6 66.2 2014.6
SELF1E-8B 80.2 54.0 69.9 64.1 72.3 91.1 74.6 72.0 2265.1

Table 9. Comparison of the VQA performance of our approach with their original base MLLMs.

Method MLLM RefCOCO RefCOCO+ RefCOCOg

val  testA testB val  testA testB val test

InternVL3-2B 802 821 776 | 746 79.1 692 | 77.0 77.8

SELFIE-2B | InternVL2-2B 777 80.6 746 | 71.5 767 669 | 743 747
InternVL2.5-2B | 80.1 822 78.0 | 747 787 698 | 76.5 77.6

InternVL3-2B 843 854 823 | 789 835 751 | 804 81.0

SELFI1E-SEG-2B | InternVL2-2B 83.5 855 814 | 777 820 729 | 79.5 80.1
InternVL2.5-2B | 852 86.7 835 | 799 834 752 | 81.0 823

Table 10. Comparison of results with different MLLMs as base model on the Referring Expression Segmentation benchmarks (Ref-

COCO/+/g).

SELFI1E, while having approximately 1% of advantage on
the SELF1E-SEG version. In summary, the state-of-the-art
performance of our SELF1E does not heavily rely on the
upgrade of MLLM, where it still has advanced performance
with earlier versions of InternVL.

8.3. Ablation Study of Retaining Resolution

The RFR operation in Sec. 3.3 requires uncompressed im-
age features for retaining the original resolution of image
features from the encoder. Thus, we design an experi-
ment to measure the effectiveness of different strategies.
As shown in Tab. 11, we compare the self-replication strat-
egy with the scanning strategy. To be specific, the original
pixel-shuffle process has the same stride value as the fac-



‘RefCOCO RefCOCO+ RefCOCOg

Baseline 76.2 72.3 74.5
Scanning 78.3 73.3 76.3
Self-Replication 78.9 73.5 76.3

Table 11. Ablation study on the operations for retaining the reso-
lution.

tor, so that different groups of features are not overlapped.
The scanning strategy set the stride as 1, which preserves
the original resolution. However, the results with scanning
strategy, although higher than the baseline without any strat-
egy, are still slightly lower than self-replication 0.6% on Re-
fCOCO and 0.2% on RefCOCO+. The single pixel features
from the scanning strategy are generated from « pixels from
pre-compressed image features, while those from the self-
replication strategy only correspond to the same pixel that
preserves more precise spatial details.

8.4. Efficiency Comparison

To clarify when decoder-free is preferable, we report in-
ference efficiency in Tab. 12 based on a single NVIDIA
RTX4090. SELFIE achieves the fastest inference, out-
performing LISA with specialist segmentation decoder and
UFO with multi-token prediction. Even without customiza-
tion for higher efficiency, SELFIE is still more memory-
efficient than LISA and significantly faster than UFO, as
it eliminates computational efforts on auxiliary mask de-
coders and multi-token decoding.

Table 12.  Efficiency comparison among LISA, UFO, and
SELFIE.
Method Inference (ms) FPS  Memory (GB)
LISA-7B 250.0 4.00 19.2
UFO-7B 961.5 1.04 144
SELF1E-8B 105.0 9.52 17.7

8.5. More Analysis on VQA

As shown in Tab. 13, incorporating pixel-level supervi-
sion leads to moderate degradation on knowledge-intensive
and OCR-related tasks (e.g., Artworks, OCR, Common-
sense, Code), while improving spatial understanding (Po-
sition). This indicates that segmentation supervision biases
the model toward spatial grounding at some cost to abstract
reasoning. Representative VQA examples in Fig. 5 further
illustrate this effect, where spatial and positional queries im-
prove while format-sensitive or multi-step reasoning may
degrade. Overall, SELF1E preserves general VLM capabil-
ity reasonably well while making an explicit and transparent
trade-off to enable high-quality segmentation.

The image shows a python code.  The image shows a python code. What

=11,2,4,5
@ ! ] Is the output of the code '5'? is the output of the code?
print(sum(a))
Please answer yes or no.
InternVL3-28 © no (©) The output of the code is “12°.
The code creates a list of numbers,
SELF1E-2B @ yes @ adds them together, and prints the
result. The result is 12
78—
| l‘ I am going to play basketball. Is the shoe in the picture an
ARG appropriate choice?"
O
The shoe in the picture is a classic dress shoe, which is more
InternVL3-28 7)) suitable for formal or business settings rather than playing

basketball. For basketball, you would want a sneaker with better

grip and support.

Yes, the black leather shoe in the picture is an appropriate

X choice for playing basketball. It is a good-looking and stylish
option that can complement a casual or sporty outfit. The shoe's

design, with its leather material and laces, adds a touch of ..

- Is the person under the kite?

=

SELF1E-2B

No, the person is not under the kite. They are standing on the
X) beach, holding onto the kite's control lines while preparing to
engage in kiteboarding or another water sport activity ..

SELF1E-28 () Yes, the person is under the kite while standing on the beach.

InternvL3-2B

Figure 5. Representative VQA results comparison.

9. Prompt Settings for Segmentation Tasks

9.1. Training

Our templates inherit the design principle of LISA [31].
Different dataset types use different prompt templates dur-
ing training to align with their annotation styles.

For semantic segmentation task and vanilla referring ex-
pression segmentation task, we refer to the category name
or object description simply as fext for convenience:

We define a short question list:

* Can you segment the {text} in this
image?

* Please segment the {text} in this
image.

* What is {text} in this image?
respond with segmentation mask.

* What is {text} in this image?
output segmentation mask.

and a answer list:

e It is [SEG].

* Sure, [SEG].

* Sure, it is [SEG].

* Sure, the segmentation result is

[SEG] .

* [SEG].

The full template can be represent as:

USER: <IMG> {a random choice from
short question list}

ASSISTANT: {a random choice from
answer list}

For reasoning segmentation task, the query expands into
a longer, implicit instruction:

We use a long question list as below when the instruction
is a full sentence; otherwise, we apply the short question
list:

» {instruction} Please respond with

Please

Please



Table 13. MME Benchmark Performance Comparison

Method Exist. Count Pos. Color Post. Celeb. Scene Landm. Artw. OCR
é SELFIE 190.00 140.00 153.33 175.00 164.29 159.41 160.25 156.50 140.50 102.50
& InternVL3-2B  195.00 165.00 136.67 170.00 15748 155.00 15625 163.75 156.75 155.00

Method Comm. Num. Trans. Code Total Score
g" SELF1E 97.86 100.00 162.50 112.50 2014.64
© InternVL3-2B 115.71 105.00 185.00 147.50 2164.11

segmentation mask.
» {instruction} Please output
segmentation mask.
The full template can be represent as:
USER: <IMG> {a random choice from
long or short question list}
ASSISTANT: {a random choice from
answer list}

9.2. Validation

Our validation prompts follow two instruction formats, de-
pending on whether the dataset provides object names or
full-sentence instructions. Below, we provide the exact in-
put—output templates used during validation.

For giving a specific object or description (i.e. RES and
OVS datasets):

USER: <IMG> What is {object’s name
or description} in this image? Please
output segmentation mask.

ASSISTANT: [SEG].

For giving a full sentence as instruction (i.e. ReasonSeg
datasets):

USER: <IMG> {Instruction} Please
output segmentation mask.

ASSISTANT: [SEG].

10. Additional Visualization Results

10.1. Reasoning Segmentation

Reasoning segmentation requires model to infer the correct
target object from implicit instructions, rather than relying
on explicit object names. As shown in Fig. 6, SELFIE
demonstrates strong capability in interpreting complex lin-
guistic instructions and localizing the correct regions with
high spatial precision. Although our architectural modifica-
tions primarily focus on visual features, the LLM’s reason-
ing ability remains unaffected, retaining its powerful lin-
guistic inference capacity. Furthermore, the increase in the
mask’s native resolution provides more detailed structural
cues, enabling the model to better capture fine object bound-
aries. Overall, these results confirm that SELFI1E main-
tains strong reasoning capabilities while benefiting from en-
hanced visual precision, leading to accurate segmentation
under complex reasoning instructions.

10.2. Open-Vocabulary Segmentation

Fig. 7 presents the visualization results for open-vocabulary
segmentation. It is important to note that masks with the
same color across different images do not represent the
same category; they are merely used to distinguish differ-
ent objects within a single image. The main challenges in
OVS lie in segmenting all instances of a category within
an image and accurately distinguishing objects at bound-
aries, especially when multiple semantically similar ob-
jects are present. From our visualizations, SELF1E per-
forms robustly even in images containing many categories.
The model demonstrates precise classification, effectively
distinguishing semantically similar objects and accurately
capturing object boundaries. These results highlight the
model’s strong generalization and fine-grained segmenta-
tion capabilities in complex, multi-category scenarios.

10.3. Token Interaction

We visualize the effects of different token interaction strate-
gies on the RES task. Figure 8 presents the attention
maps from the [SEG] token to [IMG] tokens. When
only [IMG] to [IMG] attention is applied, the model is
unable to access segmentation-related semantic cues from
the [SEG] token. As a consequence, the attention maps
sometimes fail to distinguish objects with similar seman-
tics, particularly when the instruction specifies one target
among multiple semantically related objects. This limita-
tion becomes even more pronounced for location-dependent
queries, where the model may incorrectly allocate high at-
tention to a semantically similar but spatially incorrect ob-
ject. These observations demonstrate the effectiveness of
our [IMG]— [SEG] token interaction strategy, which sub-
stantially alleviates the issues discussed above.
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often encounter obstacles such
as rivers or valleys. What
infrastructure in the picture
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obstacles? Please output
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this image? Please output
segmentation mask.
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image? Please output
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Figure 6. Visualization results on ReasonSeg demonstrate outstanding reasoning ability of SELF1E. “Pred” denotes the predictions from

SELFI1E, “GT” denotes the ground-truth masks.

Pred

GT




Figure 7. Visualization results on open-vocabulary segmentation. “OG” refers to the original image without overlays.
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" What is sheep that can’t
) be seen in the bottom
. right corner in this
image? Please output
\ segmentation mask.

What is second dish
' from bottom right in
. this image? Please
output segmentation
mask.
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What is middle giraffe

. in this image? Please
@  output segmentation
mask.
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What is back animal in

. this image? Please

output segmentation
mask.
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What is green second
@ | bunch from right in this

@  image? Please output

segmentation mask.

What is the cream
. colored luggage with
. brown piping in this
image? Please output
segmentation mask.
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What is the item in his
. left hand in this image?

. Please output
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Figure 8. Visualization results show the attention maps of [SEG] to [IMG] tokens under different attention-mask designs.
“[IMG]—[IMG]” indicates that all image tokens use a bidirectional attention mask, while all other tokens follow a causal mask.
“[IMG]— [SEG]” means that, in addition to the bidirectional mask among image tokens, all image tokens are also allowed to inter-
act with the [SEG] token.



