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Abstract

In Multimodal Large Language Models (MLLMs), a vi-
sual projector plays a crucial role in bridging pre-trained
vision encoders with LLMs, enabling profound visual un-
derstanding while harnessing the LLMs’ robust capabili-
ties. Despite the importance of the visual projector, it has
been relatively less explored. In this study, we first identify
two essential projector properties: (i) flexibility in manag-
ing the number of visual tokens, crucial for MLLMs’ over-
all efficiency, and (it) preservation of local context from
visual features, vital for spatial understanding. Based on
these findings, we propose a novel projector design that
is both flexible and locality-enhanced, effectively satisfy-
ing the two desirable properties. Additionally, we present
comprehensive strategies to effectively utilize multiple and
multifaceted instruction datasets. Through extensive exper-
iments, we examine the impact of individual design choices.
Finally, our proposed MLLM, Honeybee, remarkably out-
performs previous state-of-the-art methods across vari-
ous benchmarks, including MME, MMBench, SEED-Bench,
and LLaVA-Bench, achieving significantly higher efficiency.
Code and models are available at https://github.
com/kakaobrain/honeybee.

1. Introduction

Large Language Models (LLMs) have made great progress
in recent years, mainly thanks to instruction tuning. Vi-
sual instruction tuning [34] has been proposed to extend
LLMs into Multimodal LLMs (MLLMs) to perceive and
understand visual signals (e.g., images). The main idea for
MLLMs is to introduce a projector connecting the vision
encoder and LLM, and to learn the projector using visual
instruction data while keeping the parameters of the vision
encoder and LLM. Such a simple technique allows to pre-
serve and leverage the pre-trained knowledge and abilities
in vision encoder and LLM, making resulting MLLMs un-
lock new capabilities, such as generating stories, poems,
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Figure 1. Performance vs. efficiency for projectors where Avg™
means an average of normalized benchmark scores (MME, MM-
Bench, and SEED-Bench) and step time is a single step execution
time during pre-training. Honeybee with the locality-enhanced
projector (i.e., C-Abstractor) offers a more favorable balance be-
tween efficiency and performance over existing projectors.

| MMB  SEED' MME"  MME LLaVAY

Previous SOTA 67.7 [33] 68.1[33] 1531[33] 1848[2] 70.7[33]
Honeybee (Ours) |73.6 (+5.9) 68.6 (+0.5) 1661 (+130) 1977 (+129) 77.5 (+6.8)

Table 1. Comparison with SoTA. The proposed Honeybee out-
performs the previous state-of-the-art MLLMs on various bench-
marks with significant gaps.

advertisements, code, and more from given images; those
tasks have traditionally been considered challenging for
conventional vision-language foundation models [56, 59].
Such success leads to increasing attention for research into
MLLMs taking multimodal inputs (e.g., videos [28], au-
dio [13], 3d world [17], point cloud [52]) beyond text.

For MLLMs, the projector plays a critical role in the fol-
lowing two aspects: 1) performance: as it bridges the vision
and language models by translating visual features into vi-
sual tokens so that the language model can understand, the
quality of conveyed visual tokens directly impacts the over-
all performance of the MLLM; and 2) efficiency: as most of
the computational burden lies with the language model, the
efficiency of MLLMs is heavily influenced by the number
of resulting visual tokens. However, despite its critical im-
portance, the projector has been relatively underexplored in
the literature and most MLLMs simply adopt either linear
projectors [7, 34] or abstractors [2, 11, 27, 54, 66].
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Notably, recent MLLMs prefer abstractors (e.g., resam-
pler, Q-former) to linear projectors; this is primarily due to
their flexibility in handling the number of resulting visual
tokens, thus offering versatile design options for achieving
a preferable balance between efficiency and performance.
However, as shown in Fig. 3, the abstractors face more dif-
ficulties in learning spatial understanding tasks compared to
the linear projectors. This difficulty stems from the abstrac-
tion process lacking a locality-aware design, which causes it
to primarily focus on a few regions, leading to a loss of finer
details essential for spatial comprehension. In contrast, lin-
ear projectors excel at preserving all local contexts of visual
features via one-to-one transformation. This strong preser-
vation of locality allows effective spatial understanding.

Motivated by this, we propose novel locality-enhanced
projectors, which exhibit a more favorable balance between
performance (by locality preservation) and efficiency (by
abstraction capability) as presented in Fig. 1. To be spe-
cific, we introduce two locality-enhanced projectors by em-
ploying two powerful operations in locality modeling—
convolution and deformable attention. Such injection of
locality-aware design into the abstraction process not only
promotes the overall performance improvement of MLLMs
in handling intricate visual information but also capitalizes
on computational efficiency during the subsequent response
generation phase of LLMs.

On top of the MLLM with a locality-enhanced pro-
jector, named Honeybee, we offer a hidden recipe for
cutting-edge MLLMSs. Notably, a prevalent strategy in re-
cent MLLM training involves multiple instruction data: 1)
GPT-assisted instruction-following dataset like LLaVA [34]
and 2) vision-language task datasets with instructization'
process [11]. To take maximized advantage from these
datasets, we present important but less explored design
choices for 1) how to utilize multifaceted instruction data
and 2) the effective way for an instructization process. We
perform extensive experiments to verify the impact of indi-
vidual design choices on diverse benchmarks and hope to
offer valuable insights into training strong MLLMs.

Our main contributions are summarized as follows:

* We identify two crucial properties of projector, 1) locality
preservation of visual features and 2) flexibility to man-
age the number of visual tokens, and propose locality-
enhanced abstractors to achieve the best of both worlds.

* We propose a (hidden) effective way to tackle multi-
faceted datasets as well as the instructization process,
maximizing the benefit from instruction data.

» With the locality-enhanced projector and explored hidden
recipes, our Honeybee achieves state-of-the-art perfor-
mances across the various MLLM benchmarks—MME,
MMBench, SEED-Bench, and LLLaVA-Bench (Table 1).

Unstructization denotes conversion of raw data into instruction-
following format using pre-defined templates.

2. Related Work
2.1. Multimodal Large Language Models

The remarkable instruction-following and generalization
abilities of recent LLMs have ushered in extending LL.Ms
to Multimodal LLMs (MLLMs). Early works such as
Flamingo [1] and BLIP-2 [27] successfully adapted LLMs
to visual tasks, showing notable zero-shot generaliza-
tion and in-context learning capabilities. More recently,
MLLMs are further advanced mainly through visual in-
struction tuning, which includes utilizing vision-language
(VL) datasets [2, 11, 61] and enhancing visual instruction-
following data [32, 34, 40, 63, 65, 66]. Also, several stud-
ies focus on grounding capabilities of MLLMs by uti-
lizing additional datasets specifically designed for these
tasks [7, 45, 53, 55]. However, recent MLLMs have not yet
deeply explored visual projectors, despite the proper design
of projectors is critical in both the effectiveness and effi-
ciency of MLLMs.

2.2. Multimodal Instruction-following Data

The breakthrough from GPT-3 [4] to ChatGPT [43] high-
lights the importance of instruction-following data in em-
powering LLM to understand and follow natural language
instructions. Similarly, integrating visual instruction data
is essential for training MLLMs to handle various instruc-
tions, thus increasing their versatility. Several studies em-
ploy a powerful LLM, e.g., GPT-4 [44], to generate vi-
sual instruction data for complex VL tasks, such as gen-
erating stories, poems, detailed captions from given im-
ages [32, 34, 63, 65, 66]. Another line of studies has
explored transforming existing VL task datasets into an
instruction-following format using pre-defined templates,
called instructization [2, 11, 33, 61]. While there is ac-
tive development and expansion of instruction-following
datasets, the research focusing on how to combine and uti-
lize these datasets remains underexplored.

2.3. Benchmarks for MLLM

MME [14], MMBench [35], and SEED-Bench [25] have
been introduced as comprehensive benchmarks for the ob-
jective evaluation of MLLMs with yes/no or multiple-
choice questions. These benchmarks encompass a broad
spectrum of evaluation tasks, ranging from coarse- and fine-
grained perceptual analysis to visual reasoning tasks. On
the other hand, as the capabilities of MLLMs evolve to han-
dle more complex VL tasks such as visual storytelling and
instruction-following in an open-set manner with free-form
text, other types of benchmarks have been proposed, i.e.,
subjective evaluation. Following NLP studies [9, 36], sev-
eral studies leverage powerful LLMs, e.g., GPT-4 [44], to
assess the response quality of MLLMs [3, 34, 58]. This
approach aims for a more detailed evaluation of the profi-
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Figure 2. Conceptual comparison between projectors in terms of how to convert visual features into visual tokens. (a) Linear projector
performs a one-to-one transformation, thus effective in preserving all local contexts of visual features, but limited in flexibility. (b) Abstrac-
tor such as resampler offers flexibility by abstracting the visual features into a smaller number of visual tokens but is limited in local context
preservation by focusing on salient regions. (c¢) Our locality-enhanced abstractors can achieve both flexibility and locality preservation.

ciency of MLLMs. In this paper, we aim to provide valuable
insights into training a robust and high-performing MLLM
through extensive analysis.

3. Honeybee: Locality-enhanced MLLM
3.1. Overview

Generally, the goal of Multimodal Large Language Models
(MLLMs) is to learn a model that can produce instruction-
following responses for the given multimodal inputs. In this
paper, we consider images as an additional modality input
to MLLMs. Thus, the language model becomes a receiver
of both visual and text (instruction) tokens while generating
text responses in an autoregressive manner. Formally, a mul-
timodal input consists of two types of tokens: image tokens
Xmg and text tokens X ... Then, the language model pre-
dicts the response Y = {w;}¥ ;| conditioned on the multi-
modal input where L means the number of tokens in the
response. Therefore, the response is predicted by

L

p(Y|Ximg7Xtext) = Hp(wi|Ximg7Xtextaw<i)- (1)
i=1

Architecture. MLLMs are generally composed of three
networks: 1) vision encoder, 2) projector, and 3) large lan-
guage model (LLM). The vision encoder provides a se-
quence of region-level visual features for detailed image
understanding. The projector is in charge of transferring the
visual features to visual tokens for the subsequent language
model. Then, the LLM processes the fused visual and in-
struction tokens and produces a response autoregressively.

Efficiency of MLLMs. In the MLLM architecture, the
LLM predominantly accounts for the entire computation
and memory consumption of the MLLM. Thus, with the

same LLM, the efficiency of the MLLM—in terms of com-
putation, memory consumption, and throughput—is mainly
affected not by the efficiency of the visual encoder and pro-
jector, but by the number of resulting visual tokens fed into
the LLM. This is also shown in Fig. 1 and Appendix A.

Revisiting existing projectors. The projector takes the NV
visual features and converts them into M visual tokens. For
the projector, MLLMs adopt an operation between a linear
projection and an abstraction of visual features. The linear
projection is simple yet effective, particularly in preserving
knowledge and understanding of vision encoder (e.g., the
locality of visual features), but faces challenges in scalabil-
ity and efficiency, primarily due to its inherent constraint of
one-to-one transformation between visual features and to-
kens (i.e., M = N). On the other hand, the abstraction of-
fers a more adaptable approach to determining the quantity
of visual tokens (M ). For example, resampler and Q-former
utilize M (generally < N for efficiency) learnable queries
and cross-attention to extract visual cues from visual fea-
tures [1, 2, 11, 54, 66]. While such flexibility by abstraction
allows better efficiency, but it can inherently suffer from a
risk of information loss from the vision encoder.

3.2. Locality-enhanced Projector

In this section, we first describe our motivation for locality-
enhanced projectors. Then, we present two types of locality-
enhanced projectors (C-Abstractor and D-Abstractor) and
describe the training pipeline.

3.2.1 Motivation

The projector is crucial as it bridges visual and language
models, translating image features into a format that is com-
prehensible and utilizable by the language model. Consid-
ering its role, when designing a projector, the most impor-
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Figure 3. (Left) an example of an attention map from the resampler
and (Right) a comparison of spatial understanding capability for
the resampler and linear projector where Avg" is computed using
six spatial understanding tasks from MME, MMB, and SEED".

tant factor is flexibility in deciding the number of resulting
visual tokens. As described above, the number of visual to-
kens produced by the projector determines the overall ef-
ficiency and computational amount of MLLM. Consider-
ing the scenario of handling multiple or large images, im-
proving efficiency through flexibility in reducing the num-
ber of visual tokens is highly required for scalability. This
requirement has led to the preference for abstractors like
resamplers and Q-formers over linear projectors in recent
MLLMs [2, 11,27, 54].

However, we observe the resampler suffers from tackling
spatial understanding tasks compared to the linear projector.
Note that a linear projector retains all the local context of vi-
sual features through a one-to-one projection without loss.
In contrast, in Fig. 3, the resampler tends to summarize in-
formation primarily from a few regions (e.g., man) while
potentially overlooking details in some local regions (e.g.,
meals, cups, background people). We believe that this dif-
ference between two models in the preservation of all local
contexts (during abstraction) significantly impacted spatial
understanding performance.

Stemming from these observations, we propose two
novel visual projectors, C-Abstractor and D-Abstractor, un-
der two key design principles: (¢) enabling flexibility over
the number of visual tokens and (%) effectively preserv-
ing the local context. These new projectors are designed
to maintain the strengths of the abstractor, such as com-
putational efficiency via flexibility in managing visual to-
ken numbers, while also improving the preservation of lo-
cal features. This enhancement not only boosts the overall
performance of MLLMs in handling complex visual infor-
mation but also benefits from the computational efficiency
during the subsequent response generation phase of LLMs.
The conceptual comparison between the existing and pro-
posed projectors is illustrated in Fig. 2.

3.2.2 Architecture

C-Abstractor. In deep learning, convolution has been
the most successful architecture for modeling local con-
text [24, 49, 51]. Thus, we design Convolutional Abstractor,
C-Abstractor, for effective local context modeling. Fig. 4a
depicts the entire architecture, comprising L ResNet
blocks [51] followed by adaptive average pooling and an-
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Figure 4. Conceptual architecture of our proposed projectors.

other L ResNet blocks. This design allows to abstract visual
features to any squared number of visual tokens, and even
project to more visual tokens than the original number of
visual features. We also tested several variants [37, 49] in
Appendix B, but ResNet [51] shows the best performance.

D-Abstractor. While convolution is a successful concept
in local context modeling, one can argue that it introduces
overly strict inductive biases for locality. Hence, we pro-
pose Deformable attention-based Abstractor, D-Abstractor,
enhancing the locality-awareness of the resampler during
abstraction while keeping its flexibility. Specifically, the de-
formable attention [67] benefits in preserving local con-
text; each learnable query gathers visual features via a 2-D
coordinate-based sampling process using reference points
and sampling offsets focusing on near the reference points.
Here, we propose an advanced initialization method of ref-
erence points where the reference points are manually ini-
tialized, distributing uniformly over the whole feature map.
This additional technique allows D-Abstractor to capture
fine-grained and comprehensive information for a given im-
age. More detailed explanations are given in Appendix B.

3.3. Training

We train Honeybee in the two-stage pipeline. In the first
stage, we freeze the vision encoder and LLM, focusing on
training the proposed locality-enhanced projector. In the
second stage, we train both the projector and LLM to en-
hance deeper visual understanding and generation abilities.

Pre-training for vision-language alignment. The goal
of pre-training is to learn a newly introduced visual pro-
jector to build connections between the vision encoder and
LLM. Using the image-text data (e.g., BlipCapFilt [26],
COYO [5]), the pre-training enables MLLM to develop a
nuanced understanding of how visual cues align with tex-
tual descriptions. During pre-training, the vision encoder
and LLM are frozen to keep the fundamental understand-
ing already established in vision and language models.

13820



Task ‘ Datasets #samples
Captioning | BlipCapFilt [26], COYO100M [5] 200M
VQA (Open) | VQAV2 [16], GQA [20], OCRVQA [42], VSR [31] 22M
VQA (MC) |ScienceQA [39], A-OKVQA [48] 0.03M
REC RefCOCO [21], RefCOCO+ [57], RefCOCOg [41], VG [23]| 5.7M
Instruction |LLaVA150K [34], ShareGPT [10] 0.2M

Table 2. List of all training datasets.

Visual instruction tuning. After the pre-training of the
projector for vision-language alignment, in the second
stage, we jointly train the projector and LLM to en-
hance instruction-following capabilities and achieve a more
profound visual understanding. For instruction-following,
we utilize two GPT-assisted instruction-following datasets,
LLaVA [34] and ShareGPT [10]. In addition, to enhance
visual understanding, we instructize a wide range of exist-
ing datasets using templates, as listed in Table 2. Specifi-
cally, our approach includes: 1) employing a range of tasks
such as open-ended VQA [16, 20, 31, 42], multiple-choice
VQA [39, 48], captioning [5, 26], and referring expression
comprehension (visual grounding and grounded captioning)
[21, 23, 41, 57]; 2) using multiple datasets for each task; 3)
applying a fine-grained but single template for each dataset.
Detailed examples and descriptions are in Appendix E. We
thoroughly explore template-based instructization strategies
and the utilization of multifaceted datasets in Section 4.

4. Hidden Recipe for Visual Instruction Tuning

In Section 3, we examine the limitations of current projec-
tors and propose methods for enhancing locality. However,
a clear recipe for training cutting-edge Multimodal LLMs
(MLLMs) remains unclear. While it is widely known that
instruction tuning using existing datasets with the template-
based instructization is beneficial [2, 11, 33], the details
of the instructization process are still underexplored—
questions persist regarding dataset selection, utilization, and
combination strategies. In this section, we aim to clarify
these aspects via following the five research questions: (%)
To what extent does each dataset contribute to the perfor-
mance of specific tasks? (¢¢) What is an effective balancing
strategy between diverse datasets? (i¢¢) What is the appro-
priate granularity for the templates? (¢v) How significant
is the diversity of the templates? (v) Do conversation-like
multi-turn templates provide additional benefits?

Dataset combination. Inrecent MLLM studies, a diverse
range of datasets has been employed for training powerful
MLLMs [2, 6, 11, 33, 61]. This prevalent practice, however,
is not accompanied by comprehensive analysis to identify
which datasets are critical for specific tasks. To offer an in-
depth analysis of this, we design a systematic ablation ex-
periment. As outlined in Table 2, we categorize the datasets
into several task groups. Then, we examine the variations
in benchmark performances by sequentially excluding each
task group during instruction tuning. Through these ablation

experiments, we hope to offer valuable insights into the key
factors for design choice regarding the dataset combination.

Dataset balancing. While a wide range of datasets are
available for training MLLMs, their sizes differ substan-
tially, as shown in Table 2. Also, when training MLLMs, it
is common practice to restrict the number of training itera-
tions to preserve the knowledge of a pre-trained LLM. Con-
sequently, properly balancing the training datasets is crucial
to maximize learning diverse skills within the short train-
ing schedule. To examine this, we compare five different
balancing strategies: 1) per-dataset: uniform sampling for
each dataset, 2) per-task: uniform sampling for each task, 3)
per-sample-100k: uniform sampling for each sample with
clipping the maximum size of each dataset to 100k [50],
4) per-dataset-tuned: empirically tuned balancing based on
per-dataset strategy.

Template granularity. While the use of pre-defined tem-
plates for transforming existing datasets into an instruc-
tion format is widely recognized [11, 33, 50, 61], the ap-
propriate granularity for applying these templates is not
clearly established. We design the experiments to compare
two approaches with different template granularity: 1) fine-
grained: applying unique templates for each dataset [50],
and 2) coarse-grained: applying the shared templates across
datasets within the same task category [11, 33].

Template diversity. Prior to the emergence of GPT-
assisted conversation datasets, securing template diversity
was critical, often achieved by employing a range of di-
verse pre-defined templates alongside input inversion strate-
gi652 [22, 38, 61]. However, the introduction of GPT-
assisted datasets has seemingly diminished the emphasis on
the diversity of templates [33]. The exact role and signifi-
cance of employing multiple templates and input inversion
techniques in the context of GPT-assisted datasets remain
less understood. To investigate this, we compare three dis-
tinct approaches utilizing: 1) a single template, 2) multiple
templates, and 3) multiple templates with input inversion.

Multi-turn template. When utilizing existing datasets,
it’s common to find multiple input-target pairs for a sin-
gle image, as seen in VQA datasets with several QA pairs
per image. The multi-turn strategy merges these pairs into a
single, conversation-like multi-turn example. However, this
approach can merge semantically overlapped input-target
pairs into one example, potentially encouraging simplistic
shortcuts in finding answers, particularly in the autoregres-
sive training of MLLMs. To mitigate this, we introduce an
additional de-duplication strategy, which removes seman-
tically duplicate input-target pairs from the multi-turn ex-
amples, thereby preventing shortcut training. We detail this
strategy with examples in Appendix E.

2Input inversion is a task augmentation strategy by reversing input and
target, e.g., inversion of VQA generating questions from image and answer.
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5. Experiments

5.1. Settings

Benchmarks. We adopt four benchmarks specifically de-
signed for Multimodal LLM (MLLM) evaluation, includ-
ing MME [14], MMBench [35], SEED-Bench [25] and
LLaVA-Bench (In-the-Wild) [34]. The first three assess var-
ious capabilities of MLLMs, such as perceptual understand-
ing and visual reasoning, using binary yes/no questions
(MME) or multiple-choice questions (MMBench, SEED-
Bench). Note that we use splits of MME with percep-
tion tasks (MMEP), MMBench-dev (MMB), and SEED-
Bench Image-only (SEED"), respectively. Our focus on per-
ception tasks in MME are explained in Appendix F. On
the other hand, LLaVA-Bench (In-the-Wild), LLaVAW, ex-
ploits GPT-4 to assess MLLM’s descriptive responses, pro-
viding a comprehensive view of the model’s performance in
natural language generation and human preference.

Metrics. We report the official metrics computed using
official implementation for individual benchmarks by de-
fault; we also report the normalized average AvgN [8, 29]
across benchmarks, defined as the average of scores nor-
malized by their respective upper bound scores, facilitating
straightforward comparisons.

Implementation details. We use 7B and 13B Vicuna-
v1.5 [10] as LLM. We leverage the pre-trained CLIP ViT-
L/14 [46] with 224 and 336 resolutions for 7B- and 13B-
LLM, respectively; we use features from the second-last
layer of CLIP instead of the last layer. Any image indicator
tokens, e.g., special tokens enclosing visual tokens, are not
used. We train the entire LLM instead of parameter-efficient
fine-tuning. For in-depth ablations, we use a short train-
ing schedule (50k pre-training, 4k instruction tuning) with
Vicuna-7B, CLIP ViT-L/14, and C-Abstractor with M =144
visual tokens unless stated otherwise. For the final models,
we adopt a long training schedule (200k pre-training, 10k
instruction tuning). More details are in Appendix C.

5.2. Analysis on Locality-Enhanced Projector

To showcase the value of the proposed projector, we assess
and compare both performance and efficiency against ex-
isting projectors in Table 3 using six spatial understanding
tasks from MME, MMBench, and SEED-Bench. First, Re-
sampler (B2, BS5) shows poor performance due to its lack of
consideration for local context preservation, despite being
flexible to the number of visual tokens M. Second, Lin-
ear projector is limited to M=256 (B4) due to its inflex-
ibility (B1), leading to intractable computational costs in
high-resolution of larger M. Third, for the same computa-
tional budget (A =256), our C-Abstractor offer significantly
improved performance compared to linear one (52.6 (B4) vs.
56.3 (B6)). Lastly, with fewer visual tokens (M =144), our C-
Abstractor demonstrate improved performance (+0.9 point)

MME MMB SEED |, x
POS SR OL PR SR IL |8

B1 [ Linear 144 - Unavailable due to inflexiblity -
B2 |Resampler |144 228 | 75.0 22.2 432 62.5 47.5 50.6| 43.9
B3 | C-Abstractor | 144 2.23 | 135.0 24.4 543 66.7 49.0 58.8| 53.5
B4 | Linear 256 3.04 | 140.0 24.4 40.7 70.8 48.9 60.9| 52.6
B5 |Resampler |256 3.12 | 73.3 244 37.0 79.2 444 51.8| 45.6
B6 | C-Abstractor | 256 3.07 | 136.7 26.7 55.6 75.0 52.7 59.3| 56.3

Projector M  s/step

Table 3. Comparison of spatial understanding capability be-
tween projectors. The abbreviations for task names mean Position
(POS) for MME, Spatial Relationship (SR), Object Localization
(OL), and Physical Relation (PR) for MMBench, Spatial Relation
(SR) and Instance Location (IL) for SEED-Bench. Avg" indicates
the normalized average over six tasks. M means the number of
visual tokens and s/step indicates the execution time for a single
step during pre-training.

and greater efficiency (3.04 (B4) vs. 2.23 (B3) s/step). This
improvement suggests our locality-enhanced projector ex-
cels at abstracting visual features where it integrates local
contexts from neighboring features and provides context-
enriched visual tokens, thus enabling our projectors to out-
perform linear counterparts even with fewer visual tokens.

5.3. Hidden Recipe for Visual Instruction Tuning

Dataset combination. Table 4 shows a comprehensive
ablation study to identify the individual impact of datasets
on various multimodal benchmarks. First, we investigate
the impact of dataset diversity within each task by lever-
aging only a single dataset for each task group (D1 vs.
D2). The overall performance drop highlights the impor-
tance of the dataset diversity within each task. Second, we
explore the impact of each task by sequentially excluding
specific tasks (D1 vs. D3-8). This reveals that task diver-
sity is crucial for learning how to handle a variety of tasks;
each task improves the performance of relevant bench-
marks, VQA (Open) — MME, VQA (MC) — MMB and
SEED!, and captioning and instruction-following data —
LLaVAW. Third, we inspect the impact of using existing
vision-language data (D9 vs. D10). Excluding such data
leads to significant decreases in MME, MMB and SEED'
benchmarks. This suggests that rich knowledge in existing
vision-language datasets enhances MLLM’s perception un-
derstanding or visual reasoning capabilities. In summary,
these experiments emphasize the importance of diversity in
both tasks and datasets within each task.

Dataset balancing. The necessity of hand-crafted dataset
balancing is addressed in previous studies [11, 38]. Based
on our observations in Table 4, we tune the balance of
each dataset with the two principles: limiting epochs for
smaller datasets and allowing up to about a few epochs for
key datasets. Table 5a demonstrates the effectiveness of our
manually tuned per-dataset-tuned approach. Without hand-
crafting, the per-dataset can be a reliable alternative. More
details are provided in Appendix C.
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Task type MLLM benchmark
Template-based GPT-assisted Multiple choice Binary yes/no GPT eval
VQA (Open) VQA (MC) REC Cap | V-Inst T-Inst MMB SEED! MME" MME LLaVAY
D1 v 4 v v v v 69.2 64.2 1568 1861 64.5
D2 e v* v v e e 67.4 (11.8) 63.1 1454 (L114) 1754 (L107) | 62.2(]2.3)
D3| v v V| v v/ | 688 62418 |1310(258) 1605(256) | 670
D4 4 v v 4 v 30.4 (138.8) 20.8 (143.4) 1536 1829 65.4
D5 4 v v 4 4 68.5 63.5 1524 1787 67.0
D6 4 v 4 4 4 69.7 63.9 1540 1846 59.8 (14.7)
D7 4 v 4 v 4 70.0 64.0 1507 1805 51.9 (}12.6)
D8 v v v v v 68.7 64.5 1559 1851 62.7 (}1.8)
DYl v A e 700 645 | 1527 1800 | 26.1(38.4)
D10 v v 437 (125.5) 0.0 (J64.2) | 1123 (|445) 1441 (1420) 67.0

Table 4. The impact of data mixtures during instruction tuning. Abbreviations for instruction data types stand for VQA (Open): open-
ended visual question answering, VQA (MC): visual question answering with multiple choice, REC: referring expression comprehension,
Cap: captioning, V-Inst: visual instruction, T-Inst: text-only instruction-following. The v'* indicates that only one dataset from each task
type is used to train a model, including GQA, ScienceQA, RefCOCO, COYO100M, LLaVA150k, and ShareGPT for each task.

Mixture type | MMB SEED' MME’ | Avg"

per-dataset 68.7 64.1 1543.2| 70.0
per-task 657 62.1 14889 674
per-sample-100k | 63.6  62.8 1494.8 | 67.1
per-dataset-tuned | 69.2 64.2 1568.2 | 70.6

(a) Dataset balancing. Hand-crafted balancing is the best, with per-
dataset strategy serving as an effective starting point for tuning.

Granularity Diversity | MMB SEED' MME® Avg" | LLaVAY

fine single 69.2 642 15682 70.6 64.5
coarse single 689 640 15538 70.2 64.3
fine multi 68.1 642 1581.2 705 61.0
fine multi+flip | 67.4 633 15759 69.8 | 62.7

(c) Template granularity and diversity. The fine-grained and single
template works the best for instructization.

Type Identifier
Inst. instruction 69.2 64.2
Multi. dataset name | 66.8  64.2
Multi. task name 684  64.1

|MMB SEED' MME® Avg" |LLaVA"
15682 70.6 | 64.5
1483.1 684 | 643
1507.5 69.3 | 64.2

(b) Instruction tuning vs. Multi-task learning. Instruction tuning
(inst.) is more effective compared to multi-task learning (multi.).

MT Dedup| MMB SEED' MME" | Avg"

69.1 635 15182 69.5
v 67.8 637 1546.1| 69.6
v v 69.2 642 1568.2| 70.6

(d) Multi-turn and de-duplication strategies. Employing both strate-
gies results in the best score.

Table 5. Ablations on dataset balancing and instructization. AvgN indicates normalized average of MMB, SEED', and MME?. Default

settings are marked in gray .

Instruction tuning vs. multi-task learning. Table 5b
shows the advantages of instruction tuning with template-
based formatting over multi-task learning using simple
identifiers. This result aligns with prior studies [11, 50],
showing the efficacy of instruction tuning in our setting.

Template granularity. Table 5c demonstrates that the
fine-grained template (first row) consistently outperforms
the coarse-grained template (second row) across all bench-
marks. We observe that in datasets such as RefCOCO and
RefCOCO+, while the input distribution p(Xing, Xtext)
is similar, the answer distribution p(Y|Xing, Xtext) dif-
fers. In this scenario, the coarse-grained template makes the
model suffer from differentiating answers for similar inputs.

Template diversity. To compare the effect of template di-
versity on model performance, we evaluate three scenarios
with different diversities: using a single template (single),
employing 10 templates for each dataset (multi), and invert-
ing 3 out of 10 templates (multi+flip). Interestingly, our ex-
periments reveal that increasing template diversity does not
guarantee a performance boost, as shown in Table 5c. This

is consistent results with recent studies [33], showing that
effective zero-shot generalization is achievable even with-
out using multiple templates.

Multi-turn template. Table 5d shows the effectiveness of
both multi-turn template and de-duplication strategies. The
results imply removing the semantically overlapping pairs
in each example is effective for mitigating shortcut training.
Additional recipes. Apart from datasets and instructiza-
tion strategies, training recipes also incorporate several sub-
tle yet crucial design choices, including the selection of fea-
tures in vision encoder, LLMs, LLM training techniques,
image indicators, pre-training and instruction tuning itera-
tions. These recipes are detailed in Appendix D.

Final recipe. In summary, our final recipe is summarized
as 1) adopting flexible, locality-preserving C-Abstractor
or D-Abstractor; 2) leveraging diverse datasets for vari-
ous tasks (Table 4); 3) applying selected ablation options
in Table 5 and Appendix D—the application of per-dataset
balancing with hand-crafted tuning, fine-grained templates,
and multi-turn interactions with deduplication.
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Method | LLM Projector Vision Encoder ~ Res.|MMB MME’ MME SEED' LLaVAY
Approaches using 7B LLM

LLaVA (v1) [34] LLaMA-7B Linear CLIP ViT-L/14 224 | 38.7 502.8 717.5 335 -
MiniGPT-4 [66] Vicuna-7B Resampler EVA-CLIP ViT-G 224 | 243 581.7 726.0 474 -

LLaMA-AdapterV2 [15] | LLaMA-7B LLaMA-Adapter

CLIP ViT-L/14 224 1 41.0 97277 1221.6 327 -

mPLUG-Owl [54] LLaMA-7B Resampler CLIP ViT-L/14 224 | 494 967.3 12434 340 -
InstructBLIP [11] Vicuna-7B Q-former EVA-CLIP VIiT-G 224 | 36.0 - - 58.8 60.9
IDEFICS LLaMA-7B Flamingo OpenCLIP ViT-H/14 224 | 48.2 - - 44.5 -
Shikra [7] Vicuna-7B Linear CLIP ViT-L/14 224 | 58.8 - - -
Qwen-VL [2] Qwen-7B Resampler OpenCLIP ViT-bigG 448 | 38.2 - - 62.3 -
Qwen-VL-Chat [2] Qwen-7B Resampler OpenCLIP ViT-bigG 448 | 60.6 1487.5 18483 654 -
LLaVA-1.5 [33] Vicuna-7B Linear CLIP ViT-L/14 336 | 643 1510.7 - - 63.4
Honeybee (M=144) Vicuna7B  CAbstractor CLIPVITL/14 204 | 101 15842 18913 645 67.1

D-Abstractor

70.8 1544.1 18355 63.8 66.3

Approaches using 13B LLM

MiniGPT-4 [66] Vicuna-13B  Resampler  EVA-CLIP Vi-G 224 | -  866.6 11587 - -
BLIP-2 [27] Vicuna-13B Q-former EVA-CLIP ViT-G 224 - 1293.8 - - 38.1
InstructBLIP [11] Vicuna-13B Q-former EVA-CLIP ViT-G 224 | 440 12128 15046 - 58.2

LLVALS[3|Viewa 13 Liew  CLIPVTLI4 33| 677 15913 18267 681 707
Honeybee (M=256) | Vicuna-13B O A0SIACOT oy jpvinp g 336 | 122 16293 19440 682 757

D-Abstractor

73.5 1632.0 1950.0 66.6 729

Table 6. Comparison with other state-of-the-art MLLMs. Res. and M indicate the image resolution and the number of visual tokens,
respectively. We highlight the best results and second-best results in bold and underline.

5.4. Putting It Altogether

Comparison with existing MLLMs. In Table 6, we com-
pare our Honeybee, trained using the final recipe and a
long training schedule, with other state-of-the-art MLLMs.
Honeybee outperforms comparable 7B-scale MLLMs in
all benchmarks, except for SEED!. It is worth noting that
competing methods like Qwen-VL [2] and LLaVA-1.5 [33]
use larger vision encoders (e.g., ViT-bigG for Qwen-VL)
or larger images (448 and 336) with more visual tokens
(M=256 and 576). In contrast, Honeybee employs ViT-L/14
with 224 resolution and 144 visual tokens striking a balance
between performance and efficiency (Figure 8). For tasks
requiring detailed visual understanding, such as SEED! (see
Appendix F), using larger images or more visual tokens
can be beneficial. When the number of visual tokens is in-
creased from 144 to 256, Honeybee achieves the best score
in SEED! (65.5) among 7B-scale LLMs, as shown in Ta-
ble 7. When scaled up to 13B, Honeybee surpasses all pre-
vious methods in every benchmark. The detailed scores are
available in Appendix G.1.

Pushing the limits. In our final 7B and 13B models, we
use 144 and 256 visual tokens (M), respectively, balanc-
ing efficiency and performance. As indicated in Fig. 1 and
Appendix A, increasing M consistently improves perfor-
mance. Our experiments, aligning M in Honeybee with that
of linear projector (Table 7), show performance enhance-
ment at the cost of efficiency. Additional comparisons with
previous methods are in Appendix G.2.

LLM Res.| M s/step| MMB MME’ MME SEED' LLaVA“

7B 224‘144 2.23 ‘ 70.1 1584.2 18913 64.5 67.1

256 3.07 | 71.0 1592.7 1951.3 65.5 70.6

256 5.52 | 732 1629.3 19440 68.2 75.7
576 9.80 | 73.6 1661.1 1976.5 68.6 71.5

13B 336 ‘

Table 7. Pushing the limits with C-Abstractor by increasing the
number of visual tokens (M). s/step is pre-training step time.

Additional results. We additionally present (i) the de-
tailed scores for MME, MMB, SEED!, and LLaVAY in Ap-
pendix G.1, (ii) ScienceQA [39] results in Appendix G.3,
(iii) additional benchmark (MM-Vet [58], MMMU [60],
POPE [30]) results in Appendix G.4, and (iv) qualitative
examples in Appendix H.2.

6. Conclusion

The advent of visual instruction tuning has brought remark-
able advances in MLLMs. Despite these strides, areas such
as projector design and the approach in handling multi-
faceted data with instructization processes remain underex-
plored or unclear. Inspired by this, we identify the desirable
but overlooked projector property, i.e., locality preservation,
and propose the locality-enhanced projector that offers a
preferable performance-efficiency balance. In addition, we
provide extensive experiments to identify the impact of in-
dividual design choices in handling multifaceted instruction
data, unveiling hidden recipes for high-performing MLLM
development. Finally, Honeybee remarkably outperforms
previous state-of-the-art methods on various benchmarks.
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