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Abstract

In this paper, we present OtterHD-8B, an innovative multimodal model evolved
from Fuyu-8B, specifically engineered to interpret high-resolution visual inputs
with granular precision. Unlike conventional models that are constrained by fixed-
size vision encoders, OtterHD-8B boasts the ability to handle flexible input dimen-
sions, ensuring its versatility across various inference requirements. Alongside
this model, we introduce MagnifierBench, an evaluation framework designed to
scrutinize models’ ability to discern minute details and spatial relationships of
small objects. Our comparative analysis reveals that while current leading mod-
els falter on this benchmark, OtterHD-8B, particularly when directly processing
high-resolution inputs, outperforms its counterparts by a substantial margin. The
findings illuminate the structural variances in visual information processing among
different models and the influence that the vision encoders’ pre-training resolu-
tion disparities have on model effectiveness within such benchmarks. Our study
highlights the critical role of flexibility and high-resolution input capabilities in
large multimodal models and also exemplifies the potential inherent in the Fuyu
architecture’s simplicity for handling complex visual data.
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1 Introduction & Motivation

The remarkable success achieved by scaling language models [44, 6, 12, 55] has ignited interest
in a similar expansion of Large Multi-modality Models (LMMs) [31, 3, 25, 13, 24]. Interestingly,
most recent investigations into LMMs have predominantly centered on enlarging text decoders.
For instance, the Llava [31] and Qwen-VL [4] series release models with different sizes of the
integrated language models, yet maintaining a consistent vision encoder and input resolution. There
has been a relative paucity of efforts directed at amplifying the image component of LMMs. The
PaLl series [9, 7, 8] stands out as one of the few research focusing on scaling up the vision encoder.
They also explored increasing input resolution and evaluating the model on fine-grained OCR tasks.
Such studies underscore that the concurrent scaling of both vision and language components yield
enhanced performance across a broad array of tasks.

The current trend in Large Multimodal Models (LMMs) tends to hinge on the dual-tower architecture,
which is composed of a vision encoder, a language decoder, and a bridging mechanism. The vision
encoder, exemplified by models such as ViT [18] and CLIP [42], typically adheres to fixed resolutions
like 224 x 224 or 336 x336 during training. While it is possible to introduce higher resolution images
during a fine-tuning phase, as demonstrated by models like PaLlI, the inference resolution remains
unchanged, limiting the model’s ability to adapt to varying resolutions and reducing its inference-
time flexibility. This rigidity could impede the model’s capacity to process and recognize inputs at
higher resolutions, despite the vision encoder’s prior knowledge about images. Moreover, effectively
integrating vision and language models of varying sizes into a cohesive system presents an ongoing
and complex challenge for researchers in the field.

Our work is motivated by the Fuyu-8B model [5], which elegantly sidesteps these limitations by
removing the vision encoder altogether and directly incorporating pixel-level information into the
language decoder. The model leverages its native position embeddings to comprehend different image
sizes, obviating the need for separate high and low-resolution training stages as seen in the PaLl
series.

Building upon Fuyu, we introduce OtterHD-8B, an advanced instruction-tuned model to handle
larger and various image resolutions. OtterHD-8B is open-sourced and the instruction tuning process
is specifically designed to accommodate a wide range of image resolutions up to 1024 x 1024 pixels.
Such elasticity allows users to choose the input resolution given their inference budget and task
nature. We evaluate OtterHD on a broad range of benchmarks, including MagnifierBench: a novel
benchmark we developed that focuses on evaluating LMMSs’ capacity to detect minute details in high-
resolution images. The images in MagnifierBench showcase intricate scenes densely populated with
small objects, primarily found in first-person videos of household activities. The dataset compilation
process required annotators to meticulously zoom in and concentrate on these diminutive objects,
which take up roughly 1% of the image size. In our evaluation, we observed that conventional
fixed-resolution models demonstrate limited efficacy on this benchmark, yielding accuracy akin to
random guessing. In contrast, OtterHD, when provided with high-resolution input, significantly
surpasses its counterparts. This study emphasizes the critical importance of adaptable, high-resolution
inputs for LMMs and highlights the strengths of Fuyu’s simple architectural design. Our contributions
can be summarized as follows:

* We present OtterHD-8B, a novel model based on the Fuyu-8B architecture, optimized for
varying input resolutions. Our empirical evaluations suggest that the model exhibits state-of-
the-art performance across multiple tasks when instruction-tuned with higher resolutions.

* We introduce MagnifierBench, a unique benchmark focused on assessing the capabilities of
modern LMMs in recognizing minute attributes and inter-object relationships within large
images.

2 Unified Architecture for Vision and Language

In this section, we first introduce the background of Fuyu-8B [5] and Fuyu’s backbone language
model, Persimmon-8B [19]. We then detail our proposed multi-modal instruction-following model,
OtterHD.



Perception & Recognition Demonstrations <

Query Prompt:
What’s inside this painting?

Model Response:

The image depicts a detailed, traditional East Asian
scene, possibly of Chinese origin. A large,
intricately designed building with multiple tiers
and a sloping roof stands prominently in the left-
center. The architecture, with its wooden beams,
intricate carvings, and elevated structure, is
reminiscent of ancient Chinese temples or palaces.

Query Prompt:
How many camels are inside this image?
Model Response:

It is hard to examine the camels in such intricate
image. However, I find there are three camels
visible in the image.

. J

Figure 1: Perception and recognition demonstration of OtterHD-8B. The image is a traditional
Chinese painting from the Song Dynasty, Along the River During the Qingming Festival. This is a
part of the entire artwork, with a resolution of 2466 x1766.

Table 1: Performance comparison of OtterHD-8B with prominent open-sourced LMMs, detailing
instruction/response data pairs, training, and evaluation resolutions. The term Dynamic refers to train-
ing with varied resolutions as elaborated in Sec. 4.2. The term Original indicates evaluations using
each image’s resolution without any resizing operation, whereas other models undergo evaluations
with images resized to a consistent square resolution at denoted in Eval Res. Details on metrics are
provided in Sec. 4.1.

1
Models UR Pairs | Train Res. | Eval Res. | M2gBench | MME® b | MM-V | MMB | M-Vista
Multi. FF. | Cog. Percep.
Tdefics-9Binsiruer [24] IM 224 224 | 208 13.4]187.9 11650 746 | 237 | 455 | 198
Otter-9B [25] 150K 224 224 | 257 158(3064 12923 | 725 | 247 | 483 | 19.7
InstructBLIP-7B [13] | 1.2M 224 224 56 152| - - - 262 | 36.0 -
InstructBLIP-13B [13]| 1.2M 224 224 38 163]291.8 12128 | 789 | 256 | 339 | 253
LLaVA-7B15 [30] | 3.6M? 336 336 | 268 247| - 15107 | 859 | 30.5 | 59.5 -
Qwen-VL-7Bew [4] | 1.4B 448 448 145 1593607 14875 | - - | 618 -
Fuyu-8B [5] | - - Original | 293 152]2375 7286 | 74.1 | 214 | 107 | 206
512 512 | 335 31.4[280.8 13593 | 861 | 251 | 585 | 223
OtterHD-8B 370K 1024 1024 | 37.8 1372|2885 1313.7| 815 | 198 | 536 | 173
Dynamic | Original | 427 39.9(331.4 12234 | 86.0 | 263 | 583 | 235

2.1 Model Design

Perssimon-8B [19] Persimmon-8B is a decoder-only transformer with modifications like squared
ReLU activation [49], rotary positional encodings [50], and decoupled input\output embeddings.
It also includes a layernorm for the Q and K embeddings before attention calculation [16]. The
model has a hidden size of 4096, 64 heads, and 36 layers, and has seen 737 billion tokens during
training. The released checkpoint has approximately 9.3B parameters, making it slightly larger
than Llama-7B [54], and its inference cost is comparable to an 8B parameter model with combined
embeddings.

Fuyu-8B [S] Fuyu-8B mirrors Persimmon-8B in its design as a decoder-only transformer tailored
to both image and text input without an image encoder. Images are divided into 30 by 30 patches
and processed similarly to text using causal attention. These patches are tokenized in a raster-scan

! The metric for MME is reported by scores, while for other benchmarks, by accuracies. ? The converted
instruction/response pairs in the LLaVA-1.5’s 665K data, where they put multiple instruction/response pairs
towards one image into one sentence. The conversion is made to align with those used in other models in
measuring how many instructions are tuned.



order, with a unique "image-newline" character indicating line breaks of each row. The model uses
its inherent position embeddings to understand varying image sizes, eliminating the necessity for
distinct high and low-resolution training phases like the PaLlI series.

OtterHD-8B  Our OtterHD-8B is a model instruction-tuned from Fuyu-8B, aiming at examining
the impact of increasing resolutions on the performance of downstream tasks. We used the following
instruction format and used Fuyu’s natively defined \x04 as the beginning of the answer token.

{image tokens} User:{instruction} Assistant:\x04 {answer} \eos

Similar to Fuyu-8B, images are first resized to a specified target size and then segmented into
patches of size 30x30, with padding applied to the bottom and right edges. For ablation studies and
comparative analysis, the target size can be set to a fixed or randomly sampled resolution ranging
from 448 %448 to 10241024, as elaborated in Sec. 4. We did not explore image augmentation
methods such as random cropping. By scaling up the original image to a larger resolution while
maintaining a fixed patch size, the patches effectively capture finer details with a smaller receptive
field. Notably, OtterHD represents the first open-source instruction-tuned LMM trained on inputs
up to 1024 x1024. As demonstrated in Sec. 4, it further generalizes to even larger resolutions (e.g.
1440x 1440) during inference.

2.2 Training Details

In preliminary experiments, we found that the Fuyu model exhibited limitations in responding to
specific instructions within certain benchmarks, such as not being able to respond well to option
letters and yes or no. This results in the very weak performance on MME [21] and MMBench [34].

To address these shortcomings, we embarked on instruction tuning Fuyu model on our data mixture
and used a new instruction template. However, the amount of our instruction tuning training is
relatively small compared to state-of-the-art LMMs [31, 4], there’s a possibility that Fuyu’s original
capabilities might be compromised to some extent.

Data Mixture We compiled a total of 370K instruction/response pairs sourced from the follow-
ing public datasets: LLaVA-Instruct [30], VQAV2 [2], GQA [23], OKVQA [36], OCRVQA [38],
A-OKVQA [45], COCO-GOI [33], COCO-Caption [10], TextQA [48], RefCOCO [58], COCO-
ITM [28], ImageNet [17], and LLaVA-RLHF [51]. The data mixture and specific prompt strategies
are motivated by LLaVA-1.5 [30] and Idefics-Instruct [24] to achieve better text formatting
control. All the datasets were organized into instruction/response pairs, aggregated into a single
dataloader and uniformly sampled during the training phase to ensure representational integrity.

On average, each instruction/response pair produces approximately 200 text tokens and 342 image
tokens including |NEWLINE| tokens, when the input resolution is set to 512 x 512. Further details,
including the average dimensions of images in each dataset, can be found in Appendix A.1.

Implementation & Optimization

Our experiments utilize the PyTorch library in conjunction with the HuggingFace transformers [56]
framework. We find that the native HuggingFace implementation of Fuyu-8B is highly unoptimized.
We thus augment the modeling code with FlashAttention-2 [15] and other fused operators including
fused layernorm, fused square ReLU, and fused rotary positional embedding from the FlashAttention
repository [15]. Fuyu’s simplified architecture facilitates us to do this in a fairly convenient way. As
illustrated in Fig. 2, the modifications substantially enhance GPU utilization and throughput.

In the configurations, OB refers to finetuning with full parameters, whereas OB-Light indicates LoRA
finetuning with » = 32 and o = 32. The targeted modules for modification encompass all attention
and linear layers, including the head layer.

Our implementation permits the completion of full-parameter training within 3 hours per epoch on
8xA100 GPUs. Additionally, LoRA finetuning requires just 1 hour per epoch. The model is trained
with a batch size of 64 using the AdamW optimizer, set with a learning rate of 1 x 10~ and a weight
decay of 0.1. A discussion on full-parameters and LoRA tuning are provided in Appendix A.3 and
more details are provided in the Appendix A.2.
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Figure 2: Comparative assessment of throughput across different models. The training throughput
metric, denoted as tokens per second per GPU, is determined by recording the values for each batch
and subsequently computing the average over a 30-minute duration. The tokens encompasses both
image and text tokens.

Object Localization Color Identifying

Question: Where is the laptop? Question: How many training cones Question: What color is the lid of
option hint: are on the grass? the small bottle closest to the
5 5 reen lid of the seasoning jar?
A. On the green sofa Option hint: d Ep
Option hint:

B. On the square dining table A. 3

B. 4 A. Green,
C. On the grey round stool B. Yellow,
D. On the brown round table c. 5 C. White,
Multi. Answer: C D. 6. D. Purple
Freeform Answer: On the grey round Multi. Answer: C Multi. Answer: D
stool Freeform Answer: 5 Freeform Answer: Purple
\ J \ J U J

Figure 3: Sample demonstrations of the three types of questions in the MagnifierBench. Each
question is associated with two types of the questions and answers. The resolutions are 1080x 1920
pixels for both left and right images, while the central image has 640x480 pixels.

3 MagnifierBench

The human visual system can naturally perceive the details of small objects within a wide field
of view, but current benchmarks for testing LMMSs have not specifically focused on assessing this
ability. This may be because the input sizes of mainstream Vision-Language models are constrained
to relatively small resolutions. With the advent of the Fuyu and OtterHD models, we can, for the
first time, extend the input resolution to a much larger range. Therefore, there is an urgent need for
a benchmark that can test the ability to discern the details of small objects in high-resolution input
images. In this paper, we introduce the MagnifierBench to fill this gap.

3.1 Construction Details

The images of MagnifierBench are sourced from the Panoptic Scene Graph Generation (PVSG)
dataset [57], which consists of video data featuring a plethora of complex scenes cluttered with
miscellaneous objects, especially in first-person videos of household chores. To utilize the PVSG
dataset, our annotation team was instructed to first scrutinize the videos to identify distinctive complex
frames, characterized by the presence of numerous small objects. A small square, equivalent to
1% of the image size, was placed beside each video to assist annotators in gauging the scale of
the small items. Once suitable frames were identified and noted, the annotators’ next task was to
develop question-answer pairs of those minute objects. As depicted in Figure 3, each question comes
with the query itself and four potential answers. Our dataset offers two answer formats: multiple-



choice options and freeform responses. In the subsequent post-annotation phase, our authorial team
meticulously reviewed each question-answer entry in the dataset. We eliminated any questions that
referred to excessively large objects or those that could be easily answered with common sense
knowledge. For instance, questions about the color of a remote control were removed, as most
remotes are black, making it an easy guess and excluding colors like red or yellow.

The resulting MagnifierBench dataset aggregates 283 question-answer (QA) pairs derived from 166
images sourced from the PVSG dataset [57]. Specifically, the collection comprises 172 QA pairs
from 108 images in EpicKitchen [14], 80 QAs from 38 images in Ego4D [22], and 31 QA pairs from
20 images in VidOR [46]. The typical resolution of images from EpicKitchen and Ego4D is 1920 x
1080 pixels, while VidOR is usually 640 x 480 pixels.

Figure 3 shows the examples from the MagnifierBench. The types of questions crafted include
identification, numerical, color-related questions, and beyond. We emphasized the importance of
creating distractor answers that are plausibly confusing, yet ensuring that the correct answer remains
unambiguous and singular, as illustrated in the accompanying figure. A crucial criterion for this
dataset is that the questions are intricate enough to necessitate the annotator to be in close proximity
to the screen, zoom in, and be in full-screen mode on a computer in order to accurately respond. The
dataset is readily accessible and can be downloaded from Otter-AI/MagnifierBench.

3.2 Evaluation Methods

Recent LMMs are increasingly tuned for generating extended responses in conversational settings as
opposed to short answers. Building on previous evaluation techniques [34], we split our assessment
into two separate protocols, each designed to quantify the model’s performance differently.

Multiple Choice: In this protocol, the model faces a question accompanied by several answer options.
To steer the model towards responding with a single letter (e.g. A, B, C), we prepend the instruction
Answer with the option letter from the given choices directly as hint before question to prompt models
respond in desired format. In this scenario, only answers that exactly match the correct choice are
deemed accurate.

Free-Form Answering: Providing multiple-choice options can simplify the task, as a random guess
has a 25% chance of being correct. Furthermore, it does not reflect the real scenarios faced by chat
assistants, where users typically do not present the model with predefined options. To eliminate
this potential bias, we also present questions to the model in a straightforward, open-ended manner
without any hinting options. We utilize GPT-4 to evaluate the model’s response against the benchmark
answer, yielding a yes or no verdict for accuracy calculation. The prompt templates for GPT-4, along
with sample responses from both assessment types, can be found in Appendix A.4.

4 Experiments & Analysis

In this section, we analyze the performance of OtterHD evaluated on both our proposed Magnifier-
Bench and several established LMM benchmarks, as outlined in Sec. 4.1. Next, in Section Sec. 4.2,
we share insights garnered during the experimental process. Finally, we demonstrate how OtterHD’s
performance compares with state-of-the-art models in various real-world scenarios in Sec. 4.3.

4.1 Benchmark Evaluation Results

In Table 1, we present a comprehensive comparison between OtterHD-8B and other state-of-the-art
LMMs across a variety of benchmarks. We present performance in accuracy on benchmarks including
POPE [29], MM- Vet [59], MMBench [34], MathVista [35], and our newly developed MagnifierBench
under both the multi-choice protocol and the free-form answering protocol. On MMBench, we report
results on test set. For MME [21], we report the aggregated scores in cognitive and perception
to follow its evaluation convention. We include three different setups for OtterHD: (1) train and
test with a fixed resolution at either 5122 or 10242. (2) employ a dynamic training approach where
images are randomly resized to resolutions from the set [4182, 5122, 7682, 10242] while testing is
conducted at the images’ native resolution in the test set. Our findings reveal that while many models
achieve high scores on established benchmarks such as MME and POPE, their performance often falls
short on our MagnifierBench, demonstrating the necessity of such benchmarks for a more holistic
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Figure 4: Comparison of OtterHD’s performance at different evaluation resolutions. The meanings of
fixed and dynamic are explained in Sec. 4.2.

evaluation of LMMs’ perceptual ability on fine-grained details. On the other hand, OtterHD-8B
showcases outstanding performance on MagnifierBench. Notably, its accuracy improves with higher
resolutions. OtterHD-8B also is capable of adjusting to varied image resolutions and aspect ratios
in the test set when the training process involves dynamic resizing of images. Our overall results
highlight OtterHD-8B’s versatility and superior capability in handling a broad spectrum of tasks and
resolutions, making it an exemplary choice for a wide range of multi-modal applications.

4.2 Empirical Insights

Increasing Resolution and Image-Text Ratios To further explore the effect of increasing resolution
and OtterHD’s ability to generalize to different, potentially larger resolutions, we train Otter8B with
fixed or dynamic resolution and present results in Fig. 4. The z-axis suggests that, as the resolution
grows during evaluation, more image tokens are sent to the language decoder, offering more details
of the image. We compare the performance on MagnifieBench when evaluating across different
resolutions under two training strategies. Fixed represents using the same resolution to square-resize
images during training. Dynamic means that images are resized to different dimensions sampled
uniformly from [448, 512, 768, 1024] during training. We evaluate the two strategies on various
resolutions, including 1440 to further test if the model can generalize to even larger resolutions.
Tab. 3 further shows the image tokens, the image newline tokens, and the average text tokens of
MagnificerBench’s question-answer pair of each setup.

The results reveal that increasing resolution results in better perfor- Table 2: Image and text token
mance on MagnifierBench. Since the average text tokens remain counts at varying resolutions.
unchanged, the image-to-text token ratio gradually increases, and
it suggests a detailed focus on the image, emphasizing the potential

Resolution ‘ 448 512 768 1024

importance of tasks that require detailed visual recognition. This ImageT. | 225 324 676 1225
progression accentuates the significance of resolution in LMMs, NewlineT. | 15 18 26 35
particularly for tasks necessitating intricate visual entailment. Ad- TextT (Avg) | 200 200 200 200

ditionally, the performance variance between the fixed and dynamic

training approaches highlights the benefits of dynamic resizing, especially in preventing overfitting to
specific resolutions. The dynamic strategy further allows the model to generalize to a larger resolution
(1440) not seen during training.

4.3 Qualitative Demonstrations

We bolster our findings with qualitative demonstrations presented in Figs. 5 to 8. These illustrations
shed light on the performance of OtterHD-8B relative to other LMMs in real-world scenarios,
encompassing object counting, detailed scene text comprehension, and screenshot understanding.
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Query Prompt:
How many apples in this image?

Model Response:

Fuyu-8B: 9.

LLaVA-v1.5-13B: There are six apples in this
image.

OtterHD-8B: There are a total of 11 apples
visible in the image.

J/

Detailed OCR

\

Query Prompt:
What's written on this image?

Model Response:

Fuyu-8B: Congratulations Kate & Luke on your
upcoming arrivall

LLaVA-1.5-13B: The image features a cake
with a message written on it, which reads
"Congratulations Kate & Luke on your
upcoming wedding."

OtterHD-8B: The writing on the image reads
"Congratulations Kate & Luke on your
upcoming arrival."

J

Figure 5: Object counting and detailed scene text understanding abilities comparison between LMMs.

Incorrect parts are noted.

.

tailed OCR

Query Prompt:

What are all the scene text in the image?

Model Response:

Fuyu-8B: 3,642,039,905,005,000,0(endless repeating)
LLaVA-1.5-13B:The scene text in the image reads
3642363636363636363636363636363636363636363636363636
3636363636363636363636. . . (endless repeating)
OtterHD-8B: The scene text in the image is
"3,642,039,031,0055. It seems to be an image
of numbers, which seems to be a combination
of numbers, letters, and symbols.

J/

Scene Text + Knowledge + Reasoning

.

Query Prompt:

What dish is it? Which
Chinese city does it
come from?

Model Response:

Fuyu-8B: [ , "HE*

LLaVA-1.5-13B:The dish is a bowl of noodles
with vegetables, possibly a beef noodle
dish, served in a brown bowl. It is a
popular Chinese dish, and it comes from the
city of Chongqging.

OtterHD-8B: The dish displayed in the image
is called “#Tfi”, which is translated as
“Hot dry noodles”. This is a traditional
breakfast dish from Wuhan, the capital city
of Hubei province in Central China...

J

Figure 6: Desktop understanding abilities comparison between LMMs. Incorrect parts are noted.



Desktop Understanding

Query Prompt:

Which website I am in?

Desktop Understanding

Query Prompt:

What can I do in this website?

4 ChatGPT cut off date now April 2023 (coe
43ina AT launches open-source 8k text embedding
4 Running the "Reflections on Trusting Trust' Compiler
How to find a lost phone in a no-cell-coverage camping site?
iLeakage: Browser-Based Timeriess Speculatve Execution Attacks on Apple Devices
.4 Show HN: Instant AP - Bl type-safe e API with JvaSeript
4 Making TV Useful For My 94-yr-old Aunt
5.4 Ask HN: PG's 'Do Things That Don't Scale manual examples?
9.4 Samsung announces 'Shinebolt' HBM3E memory

0. 4 Keyboard Maestro 11

" WackerNews oo | ot commas ok | show o st |

Model Response:
Fuyu-8B: "HBR3E" memory (manas.tech)

"Hacker News.”

OtterHD-8B: According to the information
provided, you are located in chapter
"Hacker News View | comments'

\

LLaVA-1.5-13B:You are in a website called

J

\.

A LLaVA: Large Language and Vision Assistant

=

Model Response:

Fuyu-8B: What is the image description?\n\nThe image
description is "A picture of a website called "Hacker News."".
LLaVA-1.5-13B:1In this website, you can access information about
the services provided by the LVL (Langue, Langage et Vision)
organization. The website is designed to assist people with visual
impairments, offering them support and resources to improve their
language and vision skills.

OtterHD-8B: In this website, you can search for and
upload your visual content. It's a great place to
share videos, photos, music, and other visual media
with others.

J

Figure 7: Detailed scene text (desktop oriented) understanding and reasoning abilities comparison

between LMMs. Incorrect parts are noted.

Desktop Understanding

Query Prompt:

What's important written in this image?

ADEPT Home

Fuyu-8B: A Multimodal
Architecture for Al
Agents ™~

We're open-sourcing Fuyu-88 - a small version of the
multimodal model that powers our product.

-

cueers Bog

Model Response:

for AI Agents

architecture...

OtterHD-8B: The image contains the following
important information:

News from ADEPT
Date: October 17, 2023

AI Agents"

\.

Fuyu-8B: Adept - Fuyu-8B: A Multimodal Architecture

LLaVA-1.5-13B:The image features a website page with
the title “Fuyu-8B: A Multimodal Architecture for AL
Agents.” The page is promoting a product or service
related to artificial intelligence and multimodal

The Headline: "Fuyu-8B Multimodal Architecture for

J

Desktop Understanding

\.

Query Prompt:

What's in my current desktop screenshot?

Model Response:

Fuyu-8B: The "Model Response:
option is displayed.
LLaVA-1.5-13B:In the current desktop
screenshot, there is a computer screen with
a document open, displaying a slide show of
apples. The slide show consists of two
images of apples, one of which is a picture
of a green apple. The images are accompanied
by text, possibly providing information or
context about the apples.

OtterHD-8B: The current desktop screenshot
displays two greeting cards with text on
them.

Fayou-BR"

J

Figure 8: Detailed scene text (desktop oriented) understanding and reasoning abilities comparison

between LMMs. Incorrect parts are noted.



5 Related Work

5.1 Large Mulit-modality Models

The increasing success of large models that focus on a single modality, such as language mod-
els [41, 40, 54, 52, 11] and vision models [43, 20], has sparked a recent surge in research exploring
combinations of these models. The objective is to integrate models from various modalities into
cohesive, end-to-end trainable structures, which are termed Large Multi-modal Models (LMM). As
delineated by Zhang et al. [60], the architectures of current LMMs can be segmented into three com-
ponents: a vision encoder, a projector, and a large language model (LLM). Depending on variations
in the VPG and projector setups, the designs of contemporary LMMs can be classified into four types:
(1) vision encoder + resampler + cross-gated attention layer: This category comprises models like
Flamingo [1, 3] and Otter [25]. Significantly, Otter is an enhanced version of OpenFlamingo [3] with
optimized instructions. Here, the resampler processes a varying number of image or video features
from the vision encoder, producing a fixed number of visual tokens, thus reducing the computational
intensity of the vision-text cross-attention. The cross-gated attention layer block is constructed by
inserting a freshly initialized cross-attention layer before the frozen self-attention block in the original
LLM’s cross-attention layer. (2) vision encoder + Q-former + linear layer: Models like BLIP-2 [27]
are representatives of this configuration, with instructBLIP [13] as its instruction-optimized variant.
This design omits the intricate cross-gated attention layer block found in Flamingo and adopts a
streamlined linear layer as the cross-modality projector. Q-former is a small transformer that utilizes
a collection of learnable query vectors to glean visual features from the stationary image encoder.
(3) vision encoder + linear layer: LLaVA [31] epitomizes this setup. In this configuration, LLaVA
retains all vision tokens to prompt the LLM, preserving the entirety of the visual information. (4)
linear layer only: Models in this category, such as Fuyu, operate as basic decoder-only transformers
without a specialized vision encoder. In this category, image patches are directly transformeed by
a linear layer and projected into the language decoder layers. The advantage of this design lies in
its independence from pre-trained vision encoders for information processing. Consequently, the
model is not constrained by the fixed resolutions adapted by pre-trained vision encoders, allowing for
a more natural adaptation to higher-resolution image inputs. Our OtterHD model also employs this
design approach.

5.2 Benchmarking Detailed Perception

Grasping intricate visual details, particularly those of smaller objects, is crucial for computer vision
models to be effectively applied in real-world scenarios such as autonomous driving and robotics [32,
53]. However, within the Large Multimodal Models (LMMs) domain, current models and benchmarks
have not sufficiently addressed this requirement. Benchmarks like MME [21], MMBench [34],
and SEED-Bench [26] do evaluate the perceptual abilities of LMMs, yet they do not adequately
focus on the nuanced perception of smaller objects. While tasks related to Optical Character
Recognition (OCR) [39, 38, 37, 47] may appear to be suited for evaluating fine-grained details, they
are predominantly concerned with text recognition. In this work, we underscore the critical need to
enhance LMMs’ performance in detailed perception, especially in relation to smaller objects. We
emphasize the importance of specialized benchmarks such as MagnifierBench, aiming to close the
existing gaps and expand the capabilities of LMMs in terms of perception and understanding.

6 Conclusion

In this study, we present the OtterHD-8B model, which builds on the innovative architecture of
Fuyu-8B. This model effectively processes images of various resolutions, moving away from the
traditional limitation of fixed-resolution inputs seen in most LMMs. Specifically designed for
following instructions, OtterHD-8B excels in dealing with high-resolution images. This becomes
especially evident when tested against the new MagnifierBench benchmark that is designed to evaluate
the capability of LMMs to discern fine details in complex scenes, highlighting the crucial role of
resolution flexibility in contemporary LMMs. Our results not only spotlight the promise of Fuyu-like
architectures for future studies but also underscore the need for benchmarks like MagnifierBench to
rigorously test LLMs’ fine-grained perception.
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A Extended Details

A.1 Data Mixture & Average Resolutions

Table 3 offers a detailed comparison of the average image resolutions (width and height in pixels)
and the number of instruction/response pairs in multiple datasets. This table provides essential
insights into the data heterogeneity and scale, serving as a crucial reference for understanding the
computational and statistical characteristics of the datasets involved in our model training.

Table 3: Summary of average width, height and number of instruction/response pairs across various
datasets in our data mixture. The width and height are measured in pixels.

Dataset ‘ LLaVA-DD/CR  VQAv2 GQA OKVQA OCRVQA A-OKVQA COCO-GOI1

Avg. W 571 581 495 617 352 587 586

Avg. H 481 482 409 448 490 482 476
Pairs 53240 20000 30000 18018 16354 34112 20000

Dataset | COCO-Caption TextQA RefCOCO COCO-ITM ImageNet LLaVA-RLHF Combined

Avg. W 578 950 591 571 469 340 542
Avg. H 484 811 486 484 387 572 467
Pairs 20000 19293 20000 20000 50000 50000 371017

A.2 Hyperparameters

Tab. 4 provides a comparative overview of the hyperparameters used in two different instruction
tuning approaches: LoRA and Full-finetune. This comparison serves to elucidate the computational
requirements and settings that yield optimal performance for each approach. However, as the optimal
settings may vary based on the computational resources available and the complexity of the problem
being addressed.

Table 4: Comparison of hyperparameter settings between the LoRA and Full-finetune approaches.

H-Params ‘ Batch Size ‘ LR ‘ LR Schedule ‘ LR Warmup Ratio ‘ Epoch ‘ Optimizer ‘ DeepSpeed ‘ Peak Mem. / GPU

LoRA 128

64

~70G
~72G

le-5
Full-finetune

cosine 0.03

AdamW Zero2

A.3 Full-parameters vs. LoRA finetuning

In assessing the efficacy of Low-Rank Adaptation (LoRA) on model performance during finetuning,
we observed distinct training behaviors as delineated in Figure 9. The left plot of the figure elucidates
that integrating LoRA results in a more stable and consistent reduction in training loss over batch steps,
indicative of an enhanced learning efficiency as opposed to the conventional full parameter finetuning
approach. Furthermore, the right plot in Figure 9 showcases a significantly higher token processing
rate per GPU when utilizing LoRA, highlighting its contribution to improved computational efficiency.

For quantitative performance assessment, Table 5 contrasts the outcomes of full-finetuning and
LoRA-finetuning techniques. Employing the same training regimen on the LLaVA-Instruct-150K
dataset [31] for a single epoch, the LoORA-SFT approach achieved a notable decrease in the estimated
training duration, plummeting from three hours to merely one hour. This remarkable reduction
in training time came with only a marginal dip in performance metrics on MagBench and MM-
Vet benchmarks. These observations accentuate the practical benefits of LoRA, which offers a
compelling tradeoff between efficiency and model performance, making it an attractive alternative
for resource-constrained environments or scenarios requiring rapid model iteration.

The insights gleaned from our experiments suggest that the utilization of LoRA enables researchers
and practitioners to significantly cut down on computational resources and time, which are often
considerable bottlenecks in the finetuning of large language models. While there is an observable
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Figure 9: Training loss and token processing efficiency comparison. Left: Training loss trajectories
for models with and without Low-Rank Adaptation (LoRA) over batch steps during finetuning. Right:
Token processing rates per GPU for models finetuned with full parameters and LoRA.

Table 5: Comparison of model performance between the Full-finetune and LoRA-finetune methods.
The table displays the number of instruction/response pairs (I/R Pairs), the number of epochs used
during training, the estimated time to completion, and performance on the MagBench and MM-Vet
benchmarks.

Models ‘ I-T Pairs ‘ Epoch ‘ MagBench MM-Vet

Fuya8B | - | - | 293 214
Full-params. 150K 1 32.6 24.0
LoRA | 150K 1 29.9 2.1

tradeoff in terms of a slight reduction in benchmark performance, the decrease is relatively small when
weighed against the benefits of reduced training time and computational load. This balance positions
LoRA-finetuning as a strategically viable approach, particularly when quick model deployment is
prioritized, and computational efficiency is of paramount importance.

A.4 MagnifierBench Evaluation Details

In Figure 10, we present a comparative analysis of various LMMs when evaluated on the Magnifier
Benchmark, which encompasses two primary question types: Multiple Choice and Freeform An-
swering. On the left panel, we observe the multiple-choice questions where models are expected
to choose the correct option based on the visual content. On the right panel, freeform answering
questions require models to generate a textual description corresponding to the visual query. The
ground truth highlights the desired responses.

A noticeable observation is the variability in the answers provided by different models, emphasizing
the complexity and challenges associated with integrating visual and textual information. From the
above example provided in Figure 10, it is evident that when options are given, i.e., evaluated with
Multiple Choice, both Fuyu and OtterHD selected the correct answer D. However, when no options
were provided as hints, their answers were incorrect. Consequently, these two evaluation methods
can be used to verify the different behaviors of models on the MagnifierBench. Moreover, we have
open-sourced all the question and answer logs of the models for further analysis by the community.
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ultiple Choice

Question:

Answer with the option letter
from the given choices directly.
What is on top of the microwave?
A. Plate, B. Cup, C. Bowl, D. Jar

Freeform Answering

Question:

What is on top of the microwave?

Model Answers:

Fuyu: D

Qwen: A. Plate
LVA-13B: A
OtterHD: D

Ground Truth: D

Model Answers:

Fuyu: A yellow frisbee is on top

of the microwave.

Qwen: There is a yellow plate on

top of the microwave.

LVA-13B: There are bags on top of
the microwave.

OtterHD: There is a bread on top

of the microwave.

Ground Truth: Jar

Multiple Choice

Question:

Answer with the option letter
from the given choices directly.
What is on the back of the right
chair? A. Socks, B. Towel, C.
Hat, D. Handkerchief

Freeform Answering

Question:

What is on the back of the right
chair?

Model Answers:

Fuyu: C

Qwen: A. Socks
LVA-13B: A
OtterHD: D

Ground Truth: B

Model Answers:

Fuyu: A plate of food.

Qwen: There is a red bag on the
back of the right chair.

LVA-13B: There is a plate of food
on the back of the right chair.
OtterHD: There is a blue towel on
the back of the chair.

Ground Truth: Towel

Figure 10: Comparison of different LLMs responses on MagnifierBench on two types of questions.
The correct responses are underlined.
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