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Abstract

Vision-Language Models (VLMs) have shown promis-
ing capabilities in handling various multimodal tasks, yet
they struggle in long-context scenarios, particularly tasks
involving videos, high-resolution images, or lengthy image-
text documents. In our work, we first conduct an empiri-
cal analysis of VLMs’ long-context capabilities using our
augmented long-context multimodal datasets. Our findings
reveal that directly applying the positional encoding mech-
anism used for textual tokens to visual tokens is suboptimal,
and VLM performance degrades sharply when the position
encoding exceeds the model’s context window. To address
this, we propose Variable Visual Position Encoding (V2PE),
a novel positional encoding approach that employs variable
and smaller increments for visual tokens, enabling more ef-
ficient management of long multimodal sequences. Our ex-
periments demonstrate the effectiveness of V2PE in enhanc-
ing VLM’ ability to effectively understand and reason over
long multimodal contexts. We further integrate V2PE with
our augmented long-context multimodal datasets to fine-
tune the open-source VLMs. The fine-tuned model achieves
strong performance on both standard and long-context mul-
timodal tasks. Notably, when the sequence length of the
training dataset is increased to 256K tokens, the model is
capable of processing multimodal sequences up to IM to-
kens, highlighting its potential for real-world long-context
applications. We shall release the code, model weights, and
datasets to facilitate further research.

1. Introduction

With the rapid advancement of Large Language Models
(LLMs) [14, 29, 83, 99, 108], Vision-Language Models
(VLMs) have made substantial strides [19, 82, 103, 115],
excelling at tasks like visual captioning [17], visual ques-
tion answering [78], and complex visual reasoning [136].
Despite this progress, existing research [112, 119, 132, 144]
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Figure 1. Performance on the image retrieval task using a token
length of up to 1M on MM-NIAH [119] across different VLM:s.
The GPT-40 [81] version is 2024-08-06, while InternVL2-2B [20]
models are both fine-tuned from the official release, using our aug-
mented data, with token lengths reaching up to 256K per sample.

reveals that VLMs struggle to generalize effectively when
confronted with multimodal long-sequence inputs (e.g.,
long videos [121, 126], high-resolution images [45, 122],
and lengthy image-text documents [3, 105, 151]). This lim-
itation emerges even in relatively straightforward, such as
object counting and passkey duplication, significantly re-
stricting VLMSs’ potential applications and impeding the en-
hancement of user experience [22, 114, 119, 120].

Recent efforts have attempted to extend VLMs’ capabil-
ities to process multiple images or handle long multimodal
sequences. However, these approaches either permit only
a small number of images (typically fewer than five) [52,
65, 149] or primarily target video data (e.g., LongVA [144],
LongVILA [132], LongLLAVA [120],VideoXL [93]).
These studies are only limited to specific application sce-
narios, highlighting the challenges VLMs face in handling
complex and long-sequence multimodal data, which makes
a key research question particularly urgent: Why do VLMs
perform poorly in long-context scenarios, and how can we
unlock their capacity for comprehensive multimodal under-
standing and reasoning over long sequences?

To investigate this, we first construct a large-scale pool

of long-context multimodal datasets to evaluate and ana-
lyze VLM capabilities systematically. By extending the se-
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Figure 2. Illustration from our proposed Variable Visual Position
Encoding (V2PE). Unlike the standard position encoding used in
most VLMs, which shares the same stepwise positional increment
for both visual and textual tokens, our proposed Variable Visual
Positional Encoding (V2PE) uses smaller and variable positional
increments specifically for visual tokens compared to textual to-
kens. This flexible design enables VLMs to handle long-context
multimodal sequences within a limited context window.

quence length of existing instruction-tuning datasets (e.g.,
DocVQA [78], ChartQA [77], SQA [72]) to 32K-64K to-
kens, we adapt these datasets specifically to train and vali-
date VLMs for enhanced long-context capabilities. We also
extend long-context benchmarks from 64K to 1M tokens
(e.g., by employing the official MM-NIAH [119] curation
code) to validate VLM performance with longer contexts,
providing a deeper understanding of the limitations.

Our empirical analysis shows that the design of posi-
tional encodings of visual tokens plays an essential role in
long-context scenarios, which is often overlooked in previ-
ous studies. Specifically, (1) directly applying the LLM po-
sitional encoding mechanism to visual tokens is suboptimal,
and (2) the performance of VLMs degrades significantly
when positional encodings for visual tokens exceed the
trained context window, and previous position encoding ex-
tension methods applicable to LLMs provide only marginal
improvements. These findings highlight the need for spe-
cialized positional encoding methods to manage visual to-
kens in long-context multimodal scenarios effectively.

To address these challenges, we propose Variable Visual
Position Encoding (V2PE), a novel approach for handling
visual token positions in VLMs. Considering the conti-
nuity nature of pixel space, adjacent visual tokens exhibit
greater similarity than adjacent text tokens. Thus, V2PE
uses smaller positional increments for visual tokens than
text tokens (see Fig. 2). Furthermore, V2PE employs vari-
able positional increments for visual tokens during training,
enabling the model to learn and adapt to position encoding
in various scenarios. This variable adjustment allows the
model to effectively handle different numbers and complex-
ities of image inputs during inference, thereby enhancing its
stability and adaptability in long-context processing.

In experiments, we apply V2PE to enhance the long-
context capability of open-source VLMs [19, 20], and fine-
tune them using our extended multimodal datasets. The
resulting models not only maintain strong performance on
standard short-context multimodal benchmarks, but also ex-
cel in tasks requiring long-context handling, which outper-
form traditional token compression and other position en-
coding extension methods. In particular, after further fine-
tuning on multimodal sequences up to 256K tokens, our
model achieves promising performance in multimodal re-
trieval tasks involving sequences as long as 1M tokens, as
shown in Fig. 1. The main contributions of this paper are as
follows:

* We construct mixed datasets to improve VLMs’ long-
context capability by augmenting existing multimodal in-
struction tuning datasets and conduct a thorough investi-
gation into why current VLMs struggle with long-context
multimodal inputs, revealing that directly applying LLM
positional encoding to visual tokens is ineffective.

* We propose Variable Visual Position Encoding (V2PE), a
novel positional encoding strategy that employs variable
and smaller increments for visual tokens, significantly en-
hancing VLMs’ ability to understand and reason over ex-
tended multimodal contexts.

* We apply our V2PE method and extend training data on
the open-source VLMs. The fine-tuned VLMs perform
exceptionally well on both general multimodal bench-
marks and long-context multimodal tasks, with the capac-
ity to handle sequences of up to 1M tokens, significantly
longer than training sequence.

2. Related Works

Vision-Language Models (VLMs). With the development
of Large Language Models (LLMs) [6, 10, 14, 36, 83,
99, 101, 104, 107, 108, 123, 124, 134, 148], the integra-
tion of vision and language modalities is significantly cat-
alyzed. This progress gives rise to Vision-Language Mod-
els (VLM), which can perceive visual contents, conduct vi-
sual reasoning, and engage in multi-modal dialogue with
humans. Both proprietary commercial VLMs [5, 51, 79, 82,
95, 102, 103, 129] and open-source VLMs [46, 73, 75, 106,
113] have witnessed this significant evolution. For commer-
cial entities, GPT-4V [82] incorporates visual inputs to ex-
tend GPT-4 [83] with capabilities of handling multi-modal
content, while Google’s Gemini series [102, 103] are able
to process 1 million multi-modal tokens with significant
performance. For open-source initiatives, BLIP series [27,
58, 59], LLaVA series [63—-65], Qwen-VL series [7, 115],
MiniCPM-V series [135], InternVL series [19, 20, 39], and
others [9, 25, 26, 34, 35, 48, 61, 71, 86, 117, 140, 142]
have also impacted the AGI landscape in the research com-
munity by linking large language models [6, 14, 107] and
large vision models [4, 19, 30, 89] in processing both vi-
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Figure 3. Statistics of our mixed training dataset (Long-MR,
Long-VQA, and short SFT from InternVL2). The left and right
figures illustrate the distributions of token counts and image counts

per training sample, respectively.

sual and textual modality. Specifically, there are also some
works advance VLMs’ power by improving the scale and
quality of data [15, 42, 68], training on high-resolution
images [45, 122] or optimizing vision foundation mod-
els [19, 139].

Long Context Modeling. Due to practical demands, a large
body of research [13, 21, 47, 67, 69, 143, 147] has been de-
veloped to extend the context length of LLMs. One main-
stream direction is to increase the length of LLM’s con-
text window by extrapolation of position encoding [11, 16,
32, 85, 87, 96, 97, 146, 150], which allows the LLM to
process unseen positions during inference. Another line
of research focuses on alleviating the complexity of self-
attention by using sparse attention [8, 18, 23, 31, 88, 138],
linear-complexity state-space modules [40, 41], or approx-
imate attention computation [24, 55, 91, 116] as the alter-
natives for dense global attention. The context can also
be extended by utilizing external memory to retrieve rele-
vant tokens from the compression of past inputs, such as
chunked input [80, 118, 131, 141] or cached KV activa-
tions [2, 49, 109, 127, 128]. Other works [43, 127, 130]
also adopt sliding windows to achieve an infinite context by
only maintaining the activations for the very first and the
latest tokens. Recent efforts [52, 120, 132, 144] aim to im-
prove VLMs’ ability to process multiple images and long
multimodal sequences. However, these studies are often
limited to specific applications, revealing challenges faced
by VLMs in processing complex and long-context data.

Position Encoding in Transformer. To address the lack
of sequential information inherent in self-attention mech-
anisms, Transformers [110] utilize position encoding as a
fundamental component to provide position information.
The common position encoding design can be broadly cat-
egorized into absolute position encoding (APE) and rel-
ative position encoding (RPE). The absolute position en-
coding [12, 53, 56, 110, 111, 145] is simple and intu-
itive, as it embeds each absolute position position into a
position vector which is then added into the representa-
tion of input sequences, but this strategy cannot be ap-
plied effectively for long sequences. To improve the mod-
eling of long-term dependencies, relative positional encod-

ing [28, 74, 87, 90, 92, 98, 100, 133] focuses on utilizing
distance between tokens as the position information. Some
research works [44, 87, 100] aim to utilize relative position
for length extrapolation to train Transformers on short se-
quences and inference on longer contexts. Another research
direction is Rotary Position Encoding (RoPE), which em-
beds position information by rotating the key-query prod-
ucts according to their relative distances. Methods like Posi-
tion Interpolation [16], NTK-Aware scaling [11], and Lon-
gROPE [32] make progress on top of RoPE [98] to improve
its poor extrapolation capability for longer sequences. For
VLMs, most studies [7, 20, 132] adopt the same position
embedding methods used in LLMs, and there are also some
works [38, 76, 125] to explore different diagrams of the po-
sitional encoding schemes.

3. Method
3.1. Augmented Long-context Multimodal Datasets

We introduce two augmented long-context multimodal
datasets: Long Visual Question Answering and Long mul-
timodal Retrieval. These datasets aim to enhance VLMs’
long-context training and establish a systematic evaluation
framework, thereby addressing the challenges associated
with long-context understanding that extend beyond the
scope of existing training data.

Long Visual Question Answering (Long-VQA). The
Long-VQA dataset aims to evaluate the capabilities of
VLMs in understanding and reasoning over long multi-
modal sequences within general visual question-answering
tasks. We extended 17 widely adopted datasets (e.g.,
DocVQA [78], GQA [50], SQA [72]), expanding their con-
text from short sequences to those containing up to 64K to-
kens. The tasks involve answering questions that require
commonsense reasoning, factual knowledge, and interpre-
tation of visual information from charts, documents, and
real-world texts.

To extend existing datasets, we interleaved images from
multiple samples into a single input, increasing sequence
length and complexity to simulate real-world scenarios in-
volving extraneous information. To reduce ambiguity, we
refined questions to be more specific, incorporating instruc-
tions like “Based on page n, answer the following ques-
tion”, which helps models focus on relevant content.

Long-VQA contains 533K samples: 392K for training
(up to 32K tokens) and 141K for validation (up to 64K to-
kens) to evaluate the generalization to longer contexts.

Long Multimodal Retrieval (Long-MR). Inspired by
MM-NIAH (Multimodal Needle-in-a-Haystack) [119], we
developed Long-MR by inserting a target image or textual
segment into sequences of interleaved images and texts.
Long-MR evaluates VLMs’ ability to retrieve specific tar-
gets from ultra-long multimodal sequences, requiring mod-
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els to locate the inserted “needle” and answer associated
questions. We generated two subsets of Long-MR: Long-
MR-32K (488K samples, sequences up to 32K tokens)
and Long-MR-256K (50K samples, sequences up to 256K
tokens), following the data construction process of MM-
NIAH.

To assess the limitation of VLMs’ long-context capabili-
ties, we further extended MM-NIAH evaluation benchmark
following the official code[84], generating testing samples
with sequence lengths ranging from 64K to IM tokens,
named after MM-NIAHy benchmark. This pushes the test-
ing capacity beyond the original MM-NIAH, which is lim-
ited to sequences up to 64K tokens.

We combined the training splits of Long-VQA and
Long-MR with short-context instruction-tuning datasets, as
utilized in InternVL2, to create a mixed training set for our
experiments. Fig. 3 illustrates the distribution of token se-
quence lengths and the number of images in the mixed train-
ing dataset, highlighting our focus on long-context samples.

More details about the construction process, examples,
and statistics of the datasets are provided in Appendix
Sec. C.

3.2. Variable Visual Position Encoding

Position Encoding in Vision-Language Models. Posi-
tion encoding is essential in transformer architectures, en-
abling models to capture sequential relationships by provid-
ing tokens with positional information. It usually involves
two sequential steps: Position Index Derivation fus, which
assigns a positional index p; to each token x;, and Position
Embedding Computation gemp, Which transforms these in-
dices into position embeddings that influence the attention
mechanism.

Formally, the multimodal input in VLMs can be repre-
sented as a sequence of IV interleaved textual and visual
tokens:

X:[.’Eo,ml,...,l’]\]_ﬂ, (1)

where each token z; is either a textual token " or a visual
token .

The Position Index Derivation function fp. is recur-
sively defined to capture the sequential nature of token po-

sitions:

0, ifi =0,
pi = . @)
fpos(pifl,mi), fOI"L:].,Z...,N—l.

In existing LLMs and VLMs, the position index increments

uniformly by 1 for each token, regardless of its modality:
pi:pi—1+1, fori:1,2,...,N—1. (3)

The Position Embedding Computation gemp then trans-

forms these position indices into embeddings. VLMs typ-
ically adopt the same position embedding methods used in

Large Language Models (LLMs), such as Relative Position
Encoding [92] or Rotary Position Embedding (RoPE) [98].
These embeddings are incorporated into the token represen-
tations at each layer to provide positional context during at-
tention computations. For instance, in RoPE encoding, the
token representation h; integrates positional information as:

h; = h; ® gemp (pi), 4)

where ® represents element-wise multiplication, and h; is
subsequently used as query or key embeddings in the Trans-
former attention mechanism.

Variable Position Index Derivation. The uniform incre-
ment of position indices in current VLMs does not account
for the differences in information complexity and redun-
dancy between textual and visual tokens. Visual tokens of-
ten exhibit higher redundancy and greater similarity with
adjacent tokens, suggesting they may require smaller posi-
tional increments than textual tokens. Moreover, the large
number of visual tokens can cause position indices to ex-
ceed the model’s pre-trained context window, leading to de-
graded performance.

To address these issues, we propose a modality-specific
recursive function for position index derivation, assigning
position indices differently for textual and visual tokens:

1, if z; is a textual token,
Pi = pi—1 + (5)

6, if x; is a visual token,

where 0 is a smaller increment (0 < 1) that reduces the
rate at which position indices increase for visual tokens.
The standard increment of 1 is retained for textual tokens
to maintain their positional distinctions.

During training in our experiments, 0 is randomly se-
lected for each image from a set of fractional values:

S e

Note that, § remains constant within a single image to pre-
serve the relative positional relationships among its visual
tokens. For inputs containing multiple images, J can be in-
dependently chosen for each image.

During inference, § can be flexibly selected based on the
input sequence length, allowing us to balance task perfor-
mance and ensure that position indices remain within the
model’s valid context range. Specifically, for long input se-
quences, a smaller § can be employed to control the increase
in position indices, preventing from exceeding the trained
positional embedding range, as illustrated in Fig. 2.

Discussion and Comparison with Previous Methods.
Our Variable Visual Position Encoding (V2PE) offers sev-
eral advantages over existing long-context methods:
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Figure 4. Performance on Long-VQA (long) with sequence lengths up to 32K tokens and its corresponding standard VQA (short) bench-
marks. Compared with GPT-40 and InternVL2-FT-Short, the InternVL2-FT-32K, enhanced with our proposed Long-VQA dataset, effec-
tively narrows the performance gap between short and long-context tasks.
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Figure 5. Performance on image retrieval task in MM-NIAH (left)

and QA task in Long-VQA (right) with different positional incre-
ments. Additionally, we include the results of InternVL2-FT-32K
when utilizing linear interpolation (linear) [16] and NTK-Aware
Scaled RoPE (NTK) [11] position encoding extension methods.

1) Unlike approaches that reduce the number of visual to-
kens through attention pooling or feature pooling, which
potentially result in information loss, V2PE retains all vi-
sual tokens within the VLM, preserving the richness and
granularity of visual content.

2) Position encoding extension methods (e.g., Positional
Interpolation [16] and Extrapolation [96]) adjust position
embeddings during inference to accommodate longer se-
quences. However, extrapolation extends position indices
beyond the model’s trained range, while interpolation meth-
ods (linear [16] / NTK-aware [11]) face performance degra-
dation with unseen position increment, potentially requir-
ing additional fine-tuning [85]. In contrast, V2PE allows
the VLM to adapt position indices with arbitrary intervals
while evaluating zero-shot in longer contexts by dynami-
cally selecting ¢ during training. This strategy avoids unex-
pected position embeddings, ensures consistent model per-
formance across varying input lengths and avoids additional
fine-tuning in longer contexts.

4. Experiment

4.1. Analysis of VLMs’ Long-Context Capabilities

We first analyze the long-context capabilities of existing
VLM by using our constructed long-context multimodal
datasets (see Sec. 3.1). Note that this sub-section does not
use V2PE.

Experimental Setup. We fine-tune InternVL2-2B on two
different training datasets and obtain four finetuned mod-
els: 1) InternVL2-FT-Short: This model is fine-tuned on

Table 1. Performance on Long-VQA task with sequence lengths
up to 64K tokens at various positional increments 9.

Model 6 | 16K 32K 40K 48K 56K 64K | Avg
InternVL2-2B - | 528 273 230 239 226 210|284
InternVL2-FT-32K -~ 630 561 383 355 346 306|430

1/256 | 58.2 528 48.1 454 438 403 | 48.1

17128 | 60.0 537 495 465 453 413|494

1/64 | 61.0 545 50.1 474 459 422|502

1732 | 61.9 554 514 475 464 423|508

InternVL2-V2PE-32K 1/16 | 629 556 512 483 47.0 425|513
1/8 | 632 558 520 47.6 458 419|511

1/4 | 634 557 513 47.0 451 39.7| 504

12 | 633 549 468 368 333 292 | 44.1

1711 623 49.0 300 265 270 259|368

InternVL2-FT-32K (Linear [16]) - 625 S51.3 421 347 314 259 | 409
InternVL2-FT-32K (NTK [11]) - 632 542 449 410 404 343|453

the original instruction-tuning dataset (short-context) used
by InternVL2-2B. It serves as a baseline to evaluate perfor-
mance without exposure to long-context data. 2) InternVL2-
FT-32K: This model is fine-tuned on a mixed training
dataset introduced in Sec. 3.1, incorporating our augmented
long-context training data to enhance its long-context ca-
pacity. 3) InternVL2-32K-s1/16: To explore the effect of
positional encoding increments on visual tokens, we reduce
the positional increment to 1/16 for visual tokens, hold-
ing it fixed across training and inference, while maintaining
training on the same mixed dataset as InternVL2-FT-32K.
4) InternVL2-32K-s1/256: Similarly, we further reduce the
positional increments to 1/256 and keep it fixed to examine
its impact. Notably, the positional increments for this model
also remain fixed during training, without using V2PE.
Evaluation Benchmarks. All models are evaluated on
the Long-VQA validation split and the MM-NIAH bench-
mark. Additionally, performance on the standard multi-
modal VQA benchmarks is assessed if needed.
Effectiveness of Augmented Long-Context Multimodal
Data. We compare the performance of InternVL2-FT-Short
and InternVL2-FT-32K on both the Long-VQA validation
set and standard short-context benchmarks, as shown in
Fig. 4. The results reveal that InternVL2-FT-Short, which
is trained exclusively on short-context data, performs com-
petitively on standard benchmarks but suffers significant
degradation on long-context tasks. Even advanced models,
such as GPT-4o, exhibit notable declines when the input to-
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Table 2. Performance on standard VQA benchmarks with different positional increment §. The highest score is marked in bold.

Model 6 | ChartQA DocVQA AI2D InfoVQA SQA POPE MMMU,; MMBenchgy SEED; | Avg
InternVL2-2B - 71.7 86.9 74.1 58.9 94.1 852 36.3 73.4 709 | 72.4
InternVL2-FT-Short — 76.0 85.7 74.0 57.1 940 889 34.8 73.0 66.6 | 722
InternVL2-FT-32K - 75.6 84.8 73.6 56.5 947  88.7 353 73.8 65.1 | 72.0
1/256 76.2 81.6 72.3 51.7 943  88.0 35.7 73.2 710 | 71.6

1/128 76.5 82.3 72.6 52.9 942  88.1 34.7 73.5 709 | 71.7

1/64 76.4 83.0 72.6 53.6 94.4  88.0 354 73.4 708 | 72.0

1732 76.9 83.6 72.6 54.3 943  88.1 35.7 73.3 71.0 | 722

InternVL2-V2PE-32K  1/16 71.2 84.3 73.0 55.2 945  88.1 35.7 73.3 71.0 | 72.5
1/8 77.0 84.6 73.1 55.4 946  88.1 36.0 72.9 71.0 | 72.5

1/4 771.3 84.7 73.3 56.5 946 882 36.0 73.6 710 | 72.8

172 76.8 84.9 73.5 56.0 949 887 35.8 73.8 71.2 | 72.9

1/1 76.6 84.9 73.7 552 948 884 36.1 73.7 71.1 | 727

Table 3. Performance on the image retrieval task in MM-NIAH with token lengths up to 1M at various position increments ¢. Test samples
exceeding 64K tokens are from our extended MM-NIAH m. The designation “NA” indicates that the GPT-4 results are not applicable due

to the extremely long context length.

Model d ‘ 1K 16K 32K 64K 128K 256K 512K 1M

InternVL2-2B - 239 337 287 260 173 21.8 53 0.0

GPT-40 — 100.0 904 100.0 927 62.1 600 586 NA

1/256 | 100.0 84.7 793 815 612 569 367 6.0

1/64 | 96.0 839 781 795 436 393 234 34

InternVL2-V2PE-32K 1716 | 96.0 824 73.1 654 576 413 19.8 0.0

1/4 96.0 842 762 57.6 489 215 2.8 0.0

1/1 83.0 612 420 275 255 1.5 0.0 0.0

1256 | 96.0 97.1 96.6 971 991 957 951 64.5

1/64 | 96.0 947 966 97.1 97.1 941 941 628

InternVL2-V2PE-256K 1716 | 96.0 947 931 942 100 962 929 451

1/4 96.0 944 1000 97.1 755 752 383 25

1/1 91.0 928 966 93.1 56.1 3.7 10.8 0.0

InternVL2-FT-32K with linear interpolation — 853 760 560 347 264 219 16.3 0.5
InternVL2-FT-32K with NTK interpolation — 783 70.7 39.8 257 123 16.8 14.8 0.0

ken count is increased, underscoring a common limitation
in handling extended sequences. In contrast, InternVL2-FT-
32K, trained on the mixed dataset including long-context
data, effectively narrows the performance gap between short
and long-context tasks. This suggests it is difficult for short-
context VLMs to inherently generalize to long-context mul-
timodal tasks without further finetuning. Targeted exposure
to long-context data is crucial for achieving robust perfor-
mance across varying input lengths.

Impact of Visual Position Encoding. To assess the impact
of position encoding increments for visual tokens, we eval-
uate the models InternVL2-FT-32K, InternVL2-32K-s1/16,
and InternVL2-32K-s1/256 on both the Long-VQA valida-
tion set and MM-NIAH benchmark.

Experimental results, presented in Fig. 5, indicate that
InternVL2-FT-32K continues to experience performance
degradation as input token sequences grow up to 64K to-
kens, despite being trained on sequences up to 32K to-
kens. When the input sequence length exceeds the max-
imum token count during training, performance declines
sharply. Even applying positional encoding extension tech-
niques developed for large language models (LLMs) give
limited benefits. However, models with reduced posi-
tional increments for visual tokens show significant im-
provements. Both InternVL2-32K-s1/16 and InternVL2-

32K-s1/256 maintain stable performance. We hypothesize
that reducing the position increments by factors of 16 and
256 effectively prevents the position indices of visual to-
kens from exceeding the model’s trained context window,
thereby mitigating performance decline.

4.2. Effectiveness of Our Proposed V2PE

Experimental Setup. We fine-tune the InternVL2-2B
model using our proposed V2PE method in a two-stage
training procedure. 1) In the first stage, we fine-tune the re-
leased InternVL2-2B model on our mixed training dataset,
incorporating V2PE. During training, as described in Eq. 6,
the positional increment ¢ is randomly selected, enabling
the model to adapt to varying positional increments for vi-
sual tokens flexibly. The model obtained after this stage is
denoted as InternVL2-V2PE-32K. 2) In the second stage, we
further fine-tune the model on the Long-MR-256K dataset,
with sequence lengths up to 256K tokens. To preserve the
model’s general performance in shorter context, we retain
50% of the data from the first stage. To optimize memory
usage, we apply the Ring Attention [66], enabling model
parallelism across multiple GPUs. The model obtained af-
ter the second stage is denoted as InternVL2-V2PE-256K.

Evaluation Benchmarks. We evaluate our trained mod-
els on various long-context and standard benchmarks, in-
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Table 4. Comparison with existing MLLMs on general MLLM benchmarks. ‘“#Param” denotes the number of parameters. The designation
“—” indicates that the corresponding score is not released. Numbers in gray are results evaluated by ourselves. ¢ is fixed 1/2 during testing.

Model #Param‘CharlQA DocVQA AI2D InfoVQA SQA POPE MMMU,, MMBenchgy SEED; ‘ Avg
InternVL2-2B [20] 208 | 717 869 741 589 941 852 363 734 709 |724
InternVL2-2B-FT32K 20B | 756 849 737 565 947 885 353 734 709 |71.1
DeepSeek-VL-1.3B [71] 20B | 474 365 515 206 684 859 338 66.4 66.0 |52.9
Qwen2-VL-2B [115] 20B | 735 90.1 747 655 777 882 4Ll 74.9 729 [73.1
Aquila-VL-2B [42] 22B | 320 850 751 583 951 831 469 79.0 739 |69.8
MiniCPM-V-2 [135] 288 | 556 719 629 360 807 863 382 64.1 67.1 | 625
Vintern-3B-beta [33] 37B | 683 781 69.01 522 750 874 467 70.6 70.0 | 68.6
Llama 3.2 11B [108] 1B | 834 884 91  — - - 50.7 68.0 - | -
Qwen2-VL-72B [115] 73B | 883 965 881 845 912 872 645 86.9 779 |85.0
GPT-4o [81] - 857 928 847  — 901 972 691 82.1 767 | —
InternVL2-V2PE-32K (5 = 1/2) 20B | 768 849 735 560 949 887 358 73.8 712|729

Table 5. Comparison with existing MLLMs on long context MLLM benchmarks. “#Param” denotes the number of parameters. The
designation “—” indicates that the corresponding score is not released. Numbers in gray are results evaluated by ourselves. 9 is fixed 1/256

during testing.

MM-NIAH

Milebench

Model #Param ‘ VideoMME
| Image  Text Avg T S NI Avg
InternVL2-2B [20] 2.0B 23.0 18.9 21.0 58.2 54.5 37.0 49.9 48.2
InternVL2-2B-FT32K 2.0B 73.0 81.1 717.05 63.6 56.0 96.2 71.9 47.8
Phi-3-Vision [1] 2.7B 24.9 26.3 25.6 46.9 50.0 73.8 56.9 40.7
LongLLaVA [120] 9B 28.8 57.1 43.0 47.3 46.8 50.0 48.0 43.7
LongLLaVA [120] 13B 27.7 55.7 41.7 52.7 52.1 50.0 51.6 51.6
VILAL.5 [62] 13B 54 11.0 8.2 214 48.5 7.7 259 47.4
LongVILA [132] 7B 33.7 34.1 33.9 65.3 55.1 91.9 70.8 60.1
Gemini-1.5 [103] — 28.5 82.1 55.2 50.2 58.3 97.9 68.8 69.6
GPT-4o [81] - 523 75.0 63.7 56.2 63.5 99.8 73.2 64.7
Claude3-Opus [5] — — - — 374 48.1 85.3 56.9 59.7
InternVL2-V2PE-32K (§ = 1/256) 2.0B ‘ 78.1 85.5 81.8 65.3 55.1 96.7 724 523

cluding the Long-VQA validation split, MM-NIAH [119]
(including our augmented MM-NIAH ), and widely used
VQA benchmarks such as ChartQA [77], DocVQA [78],
AI2D [54], InfoQA [54], SQA [72], POPE [60],
MMMU [137], MMBenchgy [70], and SEEDyy,ee [57]. To
systematically assess VLMs’ performance on long-context
tasks, we also compare our model with other state-of-the-
art models on two additional long-context benchmarks:
MileBench [94] for multi-image and video understanding,
and Video-MME [37] for video analysis tasks.

Effectiveness of V2PE. We compare the performance of
InternVL2-V2PE-32K and InternVL2-V2PE-256K on the
Long-VQA validation split, MM-NIAH (including MM-
NIAH ), and other standard multimodal benchmarks. The
results are shown in Tab. 1, Tab. 2, and Tab. 3.

We demonstrate how varying positional increments im-
pact the models’ performance on these benchmarks. Specif-
icallyy, MM-NIAH,y; is evaluated on the image-retrieval
task where both the “needle” and “question” are images,
posing a stringent challenge for multimodal models to han-
dle visual tokens in long-context sequences.

On standard short-context benchmarks (see Fig. 2),
V2PE does not offer obvious advantages. We observe a
performance drop on specific tasks, such as DocVQA and
InfoQA, when the positional increment is reduced. In Ap-
pendix Sec. A, we investigate this issue by applying V2PE
in the pre-training stage of VLMs. The results indicate that
the marginal benefits of V2PE on short-context benchmarks

stem from the fact that InternVL2 was pre-trained and fine-
tuned (SFT) using the default position encoding, making it
inherently adapted to § = 1.

However, on long-context benchmarks like Long-VQA
and MM-NIAH (see Fig. 1 and Fig. 3), V2PE demonstrates
a clear advantage. For instance, on Long-VQA, the best
performance is typically achieved when the positional in-
crements are reduced to around 1/8 or 1/16. Moreover, as
the token sequence length increases, smaller positional in-
crements tend to be optimal.

In the MM-NIAH benchmark, involving longer token
sequences, V2PE demonstrates optimal performance with
positional increments of 1/256. Notably, InternVL2-V2PE-
32K markedly enhances performance on sequences of 256K
tokens, boosting scores from 1.5 to 56.9. This enhancement
is also evident in InternVL2-V2PE-256K, which records the
highest scores across various token sequence lengths when
using a positional increment of 1/256. For sequences of
512K tokens, the score surges from 10.8 to 95.1. Addi-
tionally, with the same positional increment of 1/256, the
InternVL2-V2PE-256K model attains a significant score of
64.5 on sequences reaching 1M tokens.

From our previous experimental results, we observe a
qualitative relationship among the choice of ¢, the context
length, and model performance: with longer context, select-
ing a smaller ¢ improves model’s performance. Therefore,
in later experiments, we set d to 1/2 for evaluating general
and 1/256 for long context benchmarks respectively, based
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Figure 6. Performance on MM-NIAH benchmarks with differ-
ent position encoding strategies across six task types: “image re-
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trieval”, “text retrieval”, “image counting”, “text counting”, “im-
age reasoning” and “text reasoning”. “Image only”, “Text only”,
“Both” and “Baseline” represent applying V2PE to visual tokens,

textual tokens, both simultaneously, and neither, respectively.

80

Performance

---- Token Compression
—e— V2PE AN

1 Yo Ya g 1/616 Y32 Yea 112 2se
Figure 7. Performance on image retrieval task in MM-NIAH
benchmark using V2PE and token compression strategies. To-
ken compression reduces the number of visual tokens by a ratio
§, whereas V2PE employs a smaller positional increment § while
preserving all visual tokens.

on the context length. Furthermore, we provide theoretical
analysis on optimal ¢ selection in the Appendix Sec. B

4.3. Comparison with Other VLMs.

We evaluate the performance of InternVL2-V2PE-32K
against state-of-the-art vision-language models (VLMs) on
both standard and long-context multimodal benchmarks,
with results presented in Tab. 4 and Tab. 5, respectively.
Despite built on a relatively small 2B-parameter model and
incorporating a substantial amount of long-context training
data, InternVL2-V2PE-32K retains highly competitive re-
sults on standard short-context multimodal benchmarks.

On long-context multimodal benchmarks, the model per-
forms exceptionally well, demonstrating that V2PE can sig-
nificantly enhance long-context abilities even built on a rel-
ative small model. These results validate the potential of
V2PE for improving the performance of VLMs on a wide
range of long-context multimodal tasks.

4.4. Ablation Study

Can V2PE be applied to textual tokens? We evaluate the
impact of V2PE on visual tokens, textual tokens, both con-
currently, and neither, with results on six MM-NIAH tasks
presented in Fig. 6. Applying V2PE solely to textual tokens
yields marginal improvements in language understanding
but degrades performance on vision-centric tasks. When
applied to both modalities, model performance exhibits in-
stability. Notably, restricting V2PE to visual tokens consis-
tently enhances performance across all tasks.

®
3

3
270
S
o
S
PSRl N P gt
v .
e —e— Variable (Ours)
.
40 d ---- Fixed

oYy Yy s 1/616 Y32 Yea 11128 Ha2se
Figure 8. Performance on image retrieval task in MM-NIAH
benchmark with variable versus fixed position increments for vi-
sual tokens in the VLMs. “Variable” denotes training with vari-
able increments, allowing evaluation with arbitrary fixed &, while
“Fixed” means training and evaluating with the same fixed .

Is V2PE equivalent to visual token compression? We
also compare V2PE with the token compression strategy,
where visual tokens undergo pooling operations to reduce
token number, allowing more images to be processed ide-
ally. We test various compression ratios and evaluate the
model’s performance on the MM-NIAH image retrieval
task. The results, shown in Fig. 7, reveal that while token
compression results in a rapid performance drop when the
number of visual tokens is reduced 16 times or more, our
method demonstrates stable performance across all settings.

Can positional increment be fixed during training? We
train a set of InternVL2-FT-32K models with both V2PE
method and fixed positional increments under the same set-
tings. Their performance in the image retrieval task of the
MM-NIAH benchmark is shown in Fig. 8. The results indi-
cate that fixing the positional increment does not lead to op-
timal task performance. In contrast, the variable adjustment
of positional increments provides consistent improvements.

Is V2PE superior to the position encoding exten-
sion methods? To compare V2PE with existing po-
sition encoding extension methods, we evaluated both
InternVL2-V2PE-32K and InternVL2-FT-32K models us-
ing two widely adopted position extension techniques: lin-
ear interpolation and NTK-Aware Scaled RoPE. The re-
sults, presented in Fig. 5, Tab. 1, and Tab. 3, show that V2PE
not only offers greater stability but also achieves superior
task performance, especially in long-context scenarios.

5. Conclusion

We investigate the long-context capabilities of the existing
VLMs, using our augmented long-context datasets, and find
that positional encoding for visual tokens is critical for the
long-context capabilities of VLMs. Based on this observa-
tion, we introduce V2PE, a novel position encoding strategy
that applies smaller, variable positional increments to visual
tokens, enabling more efficient handling of long-context
multimodal sequences. By leveraging V2PE and our aug-
mented long-context datasets, we fine-tune the open-source
VLMs successfully, which shows significant improvements
on both general and long-context multimodal benchmarks.
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