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Figure 1: Left: Performance plot on First-Sentence-
Retrieval task revealing compact nature of image tokens
in representing long content. Right: Radar chart demonstrat-
ing the superior performance of the SEEKER (ours) model
across both short and long-context multimodal tasks.

Abstract

The rapid progress in Multimodal Large Lan-
guage Models (MLLMSs) has significantly ad-
vanced their ability to process and understand
complex visual and textual information. However,
the integration of multiple images and extensive
textual contexts remains a challenge due to the in-
herent limitation of the models’ capacity to handle
long input sequences efficiently. In this paper, we
introduce SEEKER, a multimodal large language
model designed to tackle this issue. SEEKER
aims to optimize the compact encoding of long
text by compressing the text sequence into the
visual pixel space via images, enabling the model
to handle long text within a fixed token-length
budget efficiently. Our empirical experiments on
six long-context multimodal tasks demonstrate
that SEEKER can leverage fewer image tokens to
convey the same amount of textual information
compared with the OCR-based approach, and is
more efficient in understanding long-form mul-
timodal input and generating long-form textual
output, outperforming all existing proprietary and
open-source MLLMs by large margins.
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1. SEEKER: Long-context Vision and
Language Understanding

We propose SEEKER, a multimodal large language model
designed to handle long-context images and texts. In Sec-
tion 1.1, we discuss the innovative use of image tokens to
represent lengthy textual data compactly. Then we intro-
duce long-context multimodal task and instruction data in
Section 1.2. Finally, in Section 1.3, we illustrate the archi-
tecture of our SEEKER to support both long-context and
short-context multimodal understanding.

1.1. Using Image Tokens to Encode Text Helps Context
Length Extrapolation

We follow the approach outlined in (Xiong et al., 2023)
to evaluate model’s extrapolation capability in the First-
Sentence-Retrieval task. In this task, models are required
to retrieve the first sentence at a specific length. We con-
duct this synthetic task on various numbers of documents
with different page counts. We probe the performance of
GPT-4-Vision Image by feeding its images of documents
and compare it with GPT-4-Vision Text and GPT-4, which
receive extracted text using the OCR model Nougat (Blecher
et al., 2023). Nougat achieves over a 90 BLEU score on
OCR text from scientific documents. All these models have
a context length limit of 128k tokens.

On the left side of Figure 1, we visualize the Rouge-L (Lin,
2004) score in relation to the total number of pages of input
documents, which range from 1 (approximately 1% text to-
kens) to 448 (approximately 500k text tokens). We observe
a significant performance degradation in models fed with
text input. In contrast, without any additional changes, we
see improved extrapolation when representing length text
content with visual tokens by feeding images of documents
directly to the model.

1.2. Long-Context Multimodal Task

We mainly consider two categories of long-context multi-
modal capabilities, as outlined in Table 1: 1) Long-form
multimodal input: This involves multiple text-rich images
interleaved with text as the input context. 2) Long-form text
output: This requires generating long text.
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Table 1: Long-Context Multimodal Task. Img/#1n: the
number of input images, Text Tok/#In and #0ut: the
number of input and output text tokens. Full examples are
presented in Appendix D.1.

| Img  Text Tok

Task Prompt Example
| #In.  #In.  #Out.

Long-Form Multi-Image Input

Index ‘Which Image contains the given sentence? 6.6 100.4 1.0
SentRetrie What is the first sentence on the first image? 1.0 23.0 35.5
ArxivQA What is the main purpose of the article as stated in the abstract? | 8.2 13.9 35.0
PassKey What is the {PASSKEY/;, in the provided images? 4.0 95.4 2.6

Long-Form Text Output

Arxiverb

Read the text in the image verbatim. 1.0 10.0  1301.6
WikiVerb

Read the text in the image verbatim. 1.0 16.0 1107.1

Instruction Data for Long-Form Multi-Image Input
First, we combine an arbitrary number of single-image vi-
sual instruction data (Liu et al., 2023c¢) sourced from CC3M
into the multi-image format for the intra-image reasoning
task. This helps initiate model’s capability of understand-
ing sequences of images (e.g., tmgy This image depicts a...
imgs This image shows a...). To enable understanding of
long-form text-rich image sequences, we collect compiled
PDFs from arXiv documents. Each page from these docu-
ments is processed as images, ranging from 4 to 24 pages.
We use GPT-4V to generate descriptive or conversational
instruction data for these scientific documents. To further
improve the model’s understanding of each provided image,
we create a multi-image text grounding task, requiring the
model to ground the question to the referred image (e.g.,
imgy imgs ... imgs Which image contains the answer to
the question / Which image contains the sentence...).

Instruction Data for Long-Form Text Qutput To en-
hance long-form text generation capabilities related to the
given image, we propose a task that involves reading the
text in the image verbatim (e.g., img1 Quote the text in the
image verbatim.). This challenging task requires the vision
backbone to encode character-level image details and the
language backbone to attend to the image token while pro-
ducing very long text without hallucinating on previously
generated content.

1.3. Long-Context Multimodal Large Language Model

To enable long-context multimodal reasoning, our model
architecture should: 1) encode multiple images interleaved
with text, 2) align images and text at a fine-grained level,
and 3) decode long texts that attend to extended multimodal
contexts. The following paragraphs illustrate the design of
our proposed SEEKER for this purpose.

Long-Context Multi-Image Encoding For effective fea-
ture integration in scenarios involving multiple images, it is
crucial to include image separators to concatenate text and

image sequences as:

N

Query = Query, ., + Z (Qimg,i + Quxt,i)

i=1

Qimg,; = start(img, i) + content(img, ) + end(img, 7)
ey
Specifically, we use start(img,i) and end(img,i) as special
tokens ‘jstartofimgij’ and ‘jendofimgij’ to distinguish
the start and end of each image, respectively. We observe
this strategy is essential for maintaining model performance,
especially when training is limited to a small dataset of
long-context multimodal instructions. The encoding process
and the concatenation of the feature vectors of the input

sequence can be described as:

t; = Ency(T;), v; = MLPy_,¢(Ency (I;))

2
Q = [to;v1;t1; 025125 .. .5 v,; 0] @

Here, Enc, encodes each image 7 into a feature vector and
projects it to the word embedding space. The concatenated
vector () integrates sequences of image and text feature
vectors, where [;] denotes concatenation along the feature
dimension.

Dense Image-Text Alignment We inherit the general
image-text alignment from the pre-training image-text pairs.
To enhance the visual representation of dense text in images,
and improve the alignment between image and text repre-
sentation of rendered text, we curate a visual-embedded task
that renders text into visual space.

Supervised Fine-tuning Strategy We aim to leverage
sequential data processing to fine-tune models on a combi-
nation of textual and visual inputs, enabling them to generate
coherent and contextually relevant responses based on both
text and image data, using autoregressive training objective.

2. Main Results

2.1. Long Image and Text Context

Long-Form  Multi-Image Input In Table 3,
SEEKER achieves significantly surpassing larger
open-source MLLMs across all four long-form multi-image
input tasks. We concatenate the images for models that
can not handle image sequences. Additionally, SEEKER-
TINY ranks second best. On average, our models also
outperform the proprietary GPT-4V model. This indicates
our auxiliary tasks, as detailed in Section 1.2, enhance the
models’ reasoning across multiple images and grounding
content to specific images. Thus our models excel at
handling long-context tasks involving long-form multiple
text-rich image inputs.
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Table 2: Short Image and Text Context.

: proprietary models,

: the proposed models.

| Multi-Image

Single-1mage

Models
| NLVR2 BLINK Avg MMB MMC SEED CCBench AIRD LLaVAB ChartQA TextVQA Avg
Close-source MLLMs
GPT-4V (OpenAl, 2023b) | 717 511 614 751 744 716 46.5 759 931 785 780 603
Open-source MLLMs
Qwen-VL-Chat (Bai et al., 2023b) 30.8 281 295 60.6 563 6438 41.2 63.0 677 49.8 60.7  58.0
LLaVA-1.5-7B (Liu et al., 2023a) 61.7 371 494 652 590 658 275 55.5 61.8 17.8 454 498
LLaVA-Next-7B (Liu et al., 2024) 58.7 412 499 674 623 69.6 24.3 67.0 727 55.4 644 604
LLaVA-Next-7B (Mistral) (Liu et al., 2024) |  43.5 375 405 695 613 724 30.0 69.0  67.8 51.8 65.2  63.1
DeepSeek-VL-7B (Lu et al., 2024) 46.6 40.9 437 741 714 704 51.7 65.3  77.8 59.1 64.9 668
IDEFICS2-8B (Laurengon et al., 2024) 79.9 468 634 753 673 719 37.6 723 491 24.36 68.9 663
Monkey-Chat-10B (Li et al., 2023) 66.0 40.5 533 710 658  68.9 48.4 68.5 60.5 59.5 655 635
LLaVA-1.5-13B (Liu et al., 2023a) 66.2 42.7 544 69.2 650  68.2 30.4 61.1 66.1 18.2 48.9 534
LLaVA-Next-13B (Liu et al., 2024) 64.3 426 534 707 790 719 28.8 722 739 61.4 669  65.6
Open-source Tiny MLLMs
DeepSeek-VL-1.3B (Lu et al., 2024) 61.3 388 501 640 629  66.0 37.6 51.5 51.1 47.4 57.8 548
MiniCPM-V-3B (Hu et al., 2024) 63.1 40.0 515 679 626  65.6 41.4 56.: 51.3 44.2 56.6  55.7
Ours
SEEKER-TINY -1.3B 69.9 405 552 648  63.7  66.0 37.3 49.0 817 45.4 56.3  58.0
SEEKER -7B 724 421 572 740 726 711 52.0 64.6  79.3 58.3 65.3 671
Long-Form Text OQOutput In Table 3, our Tokens/l
. okens/Image Quer
SEEKER  achieves the best performance for long- 0.0006 /image Query
.. Tokens/OCR-Text Query
context tasks requiring long-form text output. On average,
. 0.0005
LLaVA-Next (Liu et al., 2024)-13B also performs well,
likely because these tasks usually require a single image. 200004
o . . . . .. %]
Its feature of splitting images into four tiles as additional S
. . . .. . & o.0003
2304 image tokens, combined with the original image,
greatly enhances its ability to capture visual details. This is 0.0002
particularly beneficial for verbatim tasks involving Arxiv 6.0001 \/
and Wikipedia content rendered in the image. Meanwhile, ' /\ K
0.0000

DeepSeek-VL (Lu et al., 2024) achieves the best scores
among other open-source 7B MLLMs , primarily due to
its alignment of image and text by enforcing text reading
from a large scale of visual-situated real-world data, such
as documents and PDFs. By incorporating our small-scale
verbatim task data, which includes images rendered with
text of various font sizes, into the instruction-tuning stage,
our models achieve a 38.1% performance improvement.

Fix-length Image Tokens are more Expressive than Text
Tokens If a model can interpret text within images, it con-
firms that this method is a valid way to present information.
Additionally, if the model requires fewer image tokens than
text tokens to understand the text, this indicates that pixels
can represent text more compactly. To investigate this, we
conduct a probing task involving question-answering using
various pages of documents fed into the model, as shown
in Table 4. Notably, in this task, we use a version of our
SEEKER with the same context length as the compared
model, which is 4,096 tokens. Our observations indicate
that when the text token count is up to around 4,000, the
response accuracy remains within the context length limit
of 4,096 tokens without performance degradation for the

2000 4000 6000 8000

Token Count

10000 12000 14000

Figure 2: Density plot comparing token counts for image
token (blue) and OCR-text (orange) representations. Image
tokens are more compact than text, fitting well within 8192
context length.

language model (LLM). When the text token count exceeds
4,000 but the image token count remains below 4,000, the
vision-language model (VLM) outperforms the LLM by 4 to
8 percentage points. However, when the image token count
exceeds 4,000, the performance of the VLM also declines,
though it remains slightly superior to that of the LLM.

3. Analysis
3.1. Context Length Extrapolation

We analyze the effectiveness of using image tokens versus
OCR text tokens for image representation. The density plot
in Figure 2 illustrates the distribution of token counts for
both methods. The Image token representation is notably
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Table 3:Long Image and Text Context : proprietary models : the proposed modelgTok/Img : the number of
tokens per image. We report accuracy on multiple-choiceltasdx , and Rouge-L score for other tasks.

Models params  #Tok/lm Long-Form Multi-image Input Long-Form Text Output

Index SentRetrie ArxivQA PassKey Avg ArxivWerb WikiVerb  Avg
Close-source MLLMs
GPT-4V (OpenAl, 2023b) 85 \ 3250 7110 4519 27:16 4398 3258 5:96 19:27
Open-source MLLMs
Qwen-VL-Chat (Bai et al., 2023b) 7B 2:49 2505 824 000 894 490 541 515
LLaVA-1.5 (Liu et al., 2023b) 7B 576 2374 3061 3560 00 2248 414 380 397
LLaVA-Next (Liu et al., 2024) 7B 2880 17.49 3435 2050 00 1808 2233 2294 2263
LLaVA-Next (Mistral) (Liu et al., 2024) 7B 2880 17:49 3445 2139 000 1833 2011 2092 2051
DeepSeek-VL (Lu et al., 2024) 7B 576 1374 1037 1983 017 1102 3159 16:48 2403
IDEFICS2 (Laurencon et al., 2024) 8B 64 10:83 6346 968 013 2102 1212 593 902
Monkey-Chat (Li et al., 2023) 10B 16:24 2365 17.90 00 1444 582 208 395
LLaVA-1.5 (Liu et al., 2023a) 13B 576 22:49 4102 3231 00 2395 957 712 834
LLaVA-Next (Liu et al., 2024) 13B 2880 11:24 3755 1560 00 1609 2714 3105 29.09
Open-source Tiny MLLMs
DeepSeek-VL (Lu et al., 2024) 1:3B 576 14:99 1046 2129 015 1172 2006 1043 1524
MiniCPM-V (Hu et al., 2024) 3B 8:74 1201 3142 00 1304 150 298 224
Ours
SEEKER-TINY 1:3B 576 33.74 66:99 42.68 2499 4210 2352 25:33 2442
SEEKER 7B 576 ‘ 27:49 71.33 42:35 37.91 44.77 31.85 34.98 33.41

Table 4: Probing Question Answering with Varying Page
Context: OUrSEEKER model seeks more accurate text
answers within compact image tokens of image sequences
compared to OCR-based approaches with the same context

length.
ArxivQA
Models Input Type ‘p:4:6 p=6:8 p=8:10 p=10:12 Avg
LLM

DeepSeek-LLM OCR Txt ‘35:79 3574 3600 2999 3438

SEEKER-LLM OCR Txt 4526 4617 5057 3918 4529
MLLM

DeepSeek-VL Seqlmg | 29:30 3797 3667 2838 3308 Figure 3: Generation times f@BEEKER and SEEKER-

SEEKER Seq Img+OCR Txt| 3530 4122 4073 3349 3768 . .

SEEKER Seq Img 4443 5081 5810 3995 4832  TINY with and without OCR.

more compact, with a signi cant peak at lower token counts, ,
whereas the OCR-text displays a broader distribution wit{n°re €f ciently compared to the OCR-based approach.

higher counts. This variation shows that OCR-text length O €xample, when comparing the inference time cost of
can be vulnerable and uncontrollable in images rich in textSEEKER With and without OCR, the latter rst extracts

often leading to wide-ranging token counts. In contrast!oNd text from multiple images and then feeds text into

image tokens maintain a consistent token length regardlesscEKER - By eliminating the time-consuming OCR step,
of textual density. With a model context length set to 81920U" m_odel ac_hleves a signi cant reduction in mference_: time.
tokens, image tokens are handled 100% of the time withoupP€CI €ally, in the longest context scenariBEEKER is
truncation, whereas OCR-text frequently exceeds this "mit{:lpproxmately three tlme§ fagter than, OCR-based approach,
achieving only 66.25% execution success without truncatiorphowcasing the substantial time ef ciency.

Meanwhile, truncating OCR text compromises performance

as shown in Table 4. This highlights the advantages o#. Conclusion

image tokens for predictable and ef cient encoding of long

multimodal contexts. Our SEEKER advances the eld of long-context comprehen-

sion in multimodal large language models. By enhancing
the processing of lengthy texts presented in visual formats
and continual instruction-tuning on extended context tasks,
In addition to its context length extrapolation capability, SEEKER surpasses existing multimodal large language mod-
our modelSEEKER solves long-context multimodal tasks els in handling extensive multimodal contexts.

3.2. Inference Ef ciency

4
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A. Background

Multimodal Large Language Model Recent advance-
ments of proprietary Large Language Models, GPT-
4 (OpenAl, 2023a), Gemini (Team et al., 2023), Claude,
QWen (Bai et al.,, 2023a), and open-source ones,
LLaMA (Touvron et al., 2023a;b), Mistral, have shown
groundbreaking applications. Their counterparts in the
visual domain are followed up, including GPT-4V (Ope-
nAl, 2023b), Gemini-Vision (Team et al., 2023), Claude3-
Opus-VL, Qwen-VL (Bai et al., 2023b), InstructBLIP (Dai
et al., 2023), LLaVA (Liu et al., 2023d). Some work (Lu
et al., 2023; Wu et al., 2024) reveals the de cit of these
MLLMs in multiple images reasoning, and recent mod-
els (McKinzie et al., 2024; Laureon et al., 2024; Jiang

et al., 2024) improve such capabilities. Other work(Rust
etal., 2023; Gao et al., 2024) explore to process both text and
images within pixels via task-speci ¢ netuning. However,
the long-context capabilities of these MLLMs are underex-
plored. Our proposeB8eEKER advances the long-context
multimodal understanding of MLLMs from two aspects,
long-form image inputs and long-form text outputs.

Long Context Transformer The Transformer-dominated
LLMs have struggled with long context length as studied
in (Liu et al., 2023e). LongLLaMA (Tworkowski et al.,
2023), Self-Extend (Jin et al., 2024) have been proposed to
increase the effective context length by either ne-tuning or
training-free approach based on pre-trained LLMs . When
it comes to MLLMs, additional long-context issues are in-
troduced from Vision Transformers (ViTs) (Dosovitskiy
et al., 2021) for image processing, and connecting with the
LLMs. The concept of Dynamic Tokens (Wang et al., 2021)
introduces a novel approach where the allocation of compu-
tational resources is adapted dynamically, emphasizing that
not all image parts equally contribute to the recognition task.
Additionally, the development of the Self-slimmed Vision
Transformer (Zong et al., 2022) introduces a mechanism
for model slimming during the inference phase, reducing
computational overhead without signi cant loss in accuracy.
In contrast, our proposeBEEKER utilizes image tokens as
compact representations for image and text, alleviating the
context length required for the same amount of semantic in-
formation in the language model backbone when processing
multimodal content.
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B. Implementation Details of SEEKER
B.1. Training Loss Curve

In Figure 6, we show the training loss curve of our
SEEKER andSEEKER-TINY . Though both model have a
quick loss drop initially, we observe a smoother and more
consistent decrease BEEKER thanSEEKER-TINY . In the
end,SEEKER stabilizes at a lower loss value, suggesting its
potentially better generalization capabilities ttfS#FEKER-
TINY .

B.2. Evaluation Benchmarks and Metrics

We consider four long-form multi-image input tasks: 1)
Index : the multiple-choice image indexing task, given a
sequence of images and a question, the model selects the
option with the index of the image that contains the answer,
2) SentRetrie  : the sentence retrieval task, given a se-
guence of images of rendered text sampled from Wikipedia,
the model is required to retrieve the rst sentence from the
rstimage, 3)ArxivQA : the question answering on arxiv
documents, the model is required to answer the question ac-
cording to visual image of arxivdocuments.P@ssKey :
the passkey retrieval task slightly modi ed for multimodal
model, given the sentence with a masked word, the model
need to answer what is the masked word by reading the
visually-situated text content from arxiv document. We
consider two long-form text output tasks: AjxivVerb
extract text from the image of arxiv documents verbatim, 2)
WikiVerb : extract text from the image of rendered text
from Wikipedia verbatim.
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Figure 4: $EKER Figure 5: SEKER-TINY

Figure 6: Training Loss Curve.
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C. More Analysis

C.1. Tradeoff of Compact Context Length and High
Resolution

In Figure 7, we show GPT-4-Vision with low and high
resolution setting on rst-sentence-retrieval. With high-
resolution mode, more tokens will be used to represent the
same image. Although high-resolution usually brings more
details and better performance, we can see it tradeoffs capa-
bility of extrapolating long page document understanding.
And thus only GPT-4-Vision low-resolution model preserves
the performance in this probing task. On the right we can
see that high-resolution usually take more image tokens to
represent text-rich image than text tokens of OCR-extracted
content, and thus even drops more quickly than feeding text.

Figure 7: Performance plot on First-Sentence-Retrieval task.
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D. Long-Context Multimodal Tasks
D.1. Task Examples

In Section 1.2, we rstintroduce multimodal long-context
tasks categorized in long-form multi-image input and long-
form text output. And in Figure 8-13, we visualize full task
examples.

11
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Figure 8: Taskndex .
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Figure 9: TaskPassKey .
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Question: What is the definition of a Latin square according to Definition
1.17

Answer: According to Definition 1.1, a Latin square of order n is an n x n
matrix where each row and each column is a permutation of elements of [n].

Figure 10: Task ArxivQA.
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Figure 11: Task ArxivVerbatim.

15



