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ABSTRACT

The visual projector, which bridges the vision and language modalities and facili-
tates cross-modal alignment, serves as a crucial component in Multimodal Large
Language Models (MLLMs). However, measuring the effectiveness of projectors
in vision-language alignment remains under-explored, with current evaluations
relying primarily on the performance of MLLMs on downstream tasks. Motivated
by this gap, this study conducts an in-depth examination of the projector module by
analyzing the vision-language semantic flow within MLLMs. Our findings reveal
that compressive projectors (e.g., QFormer) reduce the number of visual tokens by
abstracting visual patches into a limited set of semantic concepts, such as objects or
attributes, leading to a deficiency we term “double abstraction” in MLLMs. This
phenomenon involves i) an initial visual semantic abstraction by the projector in
the vision modality, which refers to pre-defined query tokens, and ii) a secondary
extraction by the LLM in the language modality based on text instructions. The
double abstraction is inefficient during training and leads to cumulative deficiencies
in visual semantics. To address this issue, we propose the key insight of “Decouple
Token Compression from Semantic Abstraction (DeCo)”, where projectors com-
press visual tokens at the patch level non-semantically, while allowing the LLM to
fully manage semantic understanding and abstraction. Consequently, we employ
a simple compressor, i.e., 2D Adaptive Pooling, to downsample visual patches in
a parameter-free manner. Empirical evaluations demonstrate that 2D Adaptive
Pooling outperforms traditional compressive projectors in both performance and
efficiency, achieving gains of 0.9%, 7.1%, and 2.9% across the MLLM Benchmarks,
Visual Localization, and Open-ended VQA tasks, respectively, while utilizing fewer
trainable parameters and achieving faster convergence. Furthermore, it preserves
vision spatial locality and exhibits robustness across various MLLM configurations,
including different vision backbones, image resolutions, and LLMs.

1 INTRODUCTION

Multimodal Large Language Models (MLLMs) (OpenAl, 2023; Gemini Team, 2023; Reka, 2024)
endow Large Language Models (LLMs) with vision perception capability, which have shown their
versatility and expertise in diverse vision-language tasks (Kafle et al., 2018; Yu et al., 2016; Singh
et al., 2019; Bigham et al., 2010; Li et al., 2024; Yao et al., 2023; 2022; Chen et al., 2023b). For
MLLMs, learning good vision-language alignment is at the core of their intelligence (Li et al., 2023d;
Zhu et al., 2023; Ren et al., 2023b; 2024). To achieve cross-modal alignment, recent studies utilize
an intermediate module, i.e., the projector (Liu et al., 2023b; Zhu et al., 2023; Madureira, 2021;
Dai et al., 2023), to map representations of image patches (Dosovitskiy et al., 2020) into the LLM
embedding space as visual tokens.

Widely used projectors can be roughly summarized into two branches: non-compressive and
compressive. The non-compressed projector (Liu et al., 2023b) directly uses linear layers that translate
the visual token dimension to the LLM’s while keeping the visual token number unchanged. Despite
its simplicity and effectiveness, the linear projector struggles with high training resources and costs
due to the length of the visual token sequence. The sequence would be long in two common scenarios:
(1) the length increases quadratically with the input resolution (Li et al., 2023a; Chen et al., 2023c);
(ii) the length increases linearly with the image number for handling video frames (Ren et al., 2023c;
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Figure 1: Visualization of the R-GAE relevance map from compressed visual tokens (Query) to original image
patches (Patch) of the QFormer (Li et al., 2023d) projector. The QFormer reduces the original 576 visual (patch)
tokens to 64 (equal to 8 x 8) learned query tokens. The relevance maps are obtained from the image-to-text
generation process of the MLLM. From the Query-to-Patch map (zoomed in), each query token is activated with
diverse visual concepts at the semantic level, such as objects (zebras, grassland, the skateboard), attributes (black
and white texture of zebras), and backgrounds (the sea level). However, different query tokens from the same
image are visually sparse and showcase repetitive patterns (highlighted in the same color frame), limiting their
capacity for visual semantic expression.

Song et al., 2023; Ren et al., 2023a), potentially resulting in sequences up to a million tokens long (Liu
et al., 2024a). On the other branch, prevalent compressive projectors, e.g., QFormer (Li et al., 2023d;
Dai et al., 2023), Resampler (Alayrac et al., 2022), and D-Abstractor (Cha et al., 2024), condense
the original visual tokens into fewer query tokens to reduce visual redundancy, which have a better
balance between performance and efficiency.

However, how existing projectors affect the vision-to-language semantic alignment in an explainable
perspective is still under-explored. Understanding this question is crucial for facilitating better
architectural improvement and providing broader practicability in demanding scenarios such as high
image resolutions and video applications. In this study, we investigate this problem by analyzing the
relevance between generated textual tokens, raw visual patches and intermediate projector outputs.
We start by tracing the language-to-vision semantic flow using a novel R-GAE explainability tool.
Specifically, we decouple the overall Text-to-Patch semantic relevance to Text-to-Query and Query-
to-Patch sub-flows during the image-to-text generation. Among the sub-flows, the Text-to-Patch
relevance reveals the effective visual context from ViT patch tokens (Patch) leveraged by the LLM
(Text). Meanwhile, the Query-to-Patch relevance interprets the visual patterns learned from original
visual patches (Patch) by query tokens (Query).

Based on the R-GAE analysis, we derive two important findings: Firstly, the query tokens compress
the number of visual tokens by abstracting semantic-level visual concepts, leading to visual semantics
deficiency such as loss of fine-grained attributes and spatial locality. As Figure 1 illustrates, different
query tokens are activated with varied visual concepts such as objects, attributes or backgrounds
from the original images. For the top image with zebras in the grassland, query tokens attend to
visual patterns such as three zebras, their body parts, surface textures, and distant backgrounds
respectively. However, the fixed number of queries can only express limited visual semantics.
Specifically, different query tokens show repetitive patterns across images (highlighted by color
frames in Figure 1). Moreover, they tend to lose fine-grained visual attributes (e.g., “purple and
red” in Figure 3). Furthermore, the vanilla QFormer has been demonstrated to lose visual spatial
locality (Cha et al., 2024) during semantic abstraction.

Secondly, the LLM acts as an excellent visual-semantic abstractor directly from patch features. As
Figure 3 first row shows, utilizing a non-compressive linear projector allows the LLM to perceive
patch-level visual representations and attend to accurate vision regions without prior semantic
deficiency. Consequently, the QFormer-based MLLM system redundantly extracts visual semantics
twice—once by the QFormer and again by the LLM—a phenomenon we refer to as Redundant Double
Abstraction. This double abstraction introduces two major drawbacks: (i) increased training resource,
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Figure 2: The overall analysis framework of a typical MLLM. During image-to-text generation, we
trace back the language-to-vision semantic flow utilizing R-GAE relevance maps.

such as GPUs and data, are required to optimize an external visual semantic abstractor as the projector,
and (ii) without careful training, an accumulation of visual semantic deficiencies will propagate from
the projector to the LLM, such as the loss of fine-grained semantics and spatial locality caused by a
poorly performing QFormer. As a result, the initial visual semantic abstraction by QFormer adds
unnecessary burden to the MLLM system.

To overcome the double abstraction problem, we propose to Decouple token number Compression
(DeCo) from vision semantic abstraction. The core of DeCo is using a simpler projector, which
operates and outcomes visual tokens directly at the patch level non-semantically to reduce the visual
token number. Subsequently, the LLM acts as an expertise to understand and abstract both visual
and textual semantics. To quantitatively validate the DeCo insight, we adopt the naive Adaptive
Average Pooling as a natural down-sampler at the patch level and then use the linear layers to map
the reduced visual tokens. Under fair experimental settings, quantitative results demonstrate that a
simple Adaptive Pooling design consistently outperforms semantic-level compressed projectors in
both effectiveness and efficiency. Additionally, experiments across various MLLM configurations,
including different vision backbones, image resolutions, and LLMs, further highlight the robustness
of Adaptive Pooling. Through both qualitative and quantitative analysis, our DeCo insight aims to
illuminate ways to improve the efficiency of the projector module in current MLLM systems. We
also hope that it will serve as a valuable reference for future architectural improvements in projector
design.

2 VisUAL PROJECTOR ANALYSIS

In this section, we analyze the impact of projector modules in Multimodal Large Language Models
(MLLMs) from a semantic flow perspective using a novel R-GAE explainability tool. During image-
to-text generation, visual context plays an indispensable role in the perception of Large Language
Models (LLMs). The related relevance maps between image and text, such as attention maps (Vaswani
et al., 2017), can serve as an interpretation of the vision-language semantic alignment (Chefer et al.,
2021b; Xu et al., 2015; Carion et al., 2020; Ren et al., 2021). As Figure 2 shows, given an oracle
description in the MLLM architecture, the backtracking relevance map from text words to visual
patches (referred to as Text-to-Patch) exhibits the visual semantics aligned with the LLM and further
indicates the effective visual context leveraged by the LLM. To examine the impact of projectors
as the intermediate module, we dissect the Text-to-Patch relevance map into Text-to-Query and
Query-to-Patch sub-maps. The Query-to-Patch map can explain the visual patterns learned by the
query (or compressed) tokens, while the difference between Text-to-Patch and Text-to-Query, exerted
by the projector, reveals its impact on the vision-language semantic alignment.

2.1 ProBLEM FORMULATION

A typical MLLM architecture comprises a Vision Transformer (ViT) to acquire visual representations
T € RN*41 containing N patches, a projector to transform visual representations into the textual
embedding space, and an LLM that handles both vision and instruction tokens to output hidden
states 7 € RL>47 and generate responses Y = {y1,¥2,...,yr}. We summarize widely adopted
projectors into two branches:
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Figure 3: Visualization of the R-GAE relevance maps across the same MLLM architecture except for projector
modules. The linear projector is non-compressive while the QFormer and Adaptive Average Pooling (ours)
compress the original 576 vision tokens to 64 tokens. Text-to-Patch relevance reveals the effective vision semantics
aligned with the LLM during image-to-text generation. For QFormer in the second row, its Query-to-Patch map
discards the fine-grained visual semantics about “purple and red”. This semantic deficiency is transmitted to the
final Text-to-Patch map and leads to a misalignment of vision patches and textual words.

Non-compressive Projectors maintain the number of patch tokens N and only transform the visual
embedding dimension to match the dimension of the LLM, as exemplified by the linear projector (Liu
et al., 2023b). The projected visual tokens can be denoted as Q € RV *dr

Compressive Projectors reduce the number of patch tokens IV to a specified lesser number M
(M < N), conserving training resources. For instance, QFormer (Li et al., 2023d) learns pre-defined
query tokens to compress original visual tokens. These compressed query tokens Q € RM*47 are
then fed into the LLM providing vision information.

For clear clarification, we distinguish the compression and abstraction concepts in this study. The
compression refers to the reduction of vision token number in particular, whereas abstraction denotes
the extraction of vision semantic concepts (e.g., objects and attributes, etc.).

2.2 R-GAE: RELEVANCE MAPS IN MLLMs Derivep FrRoMm GAE

We aim to employ the dissected Text-to-Query and Query-to-Patch relevance maps to examine the
projector module. A straightforward attempt is utilizing the raw attention maps in MLLM layers as
the relevance map (Ren et al., 2021). However, the attention map exhibits the interaction between
tokens in a single layer (Chefer et al., 2021b). Instead, we require a relevance map that traces
back inter-token alignment in arbitrary two layers in the MLLM, for instance, the alignment from
intermediate-layer query tokens to initial-layer input patch tokens. To achieve this goal, we propose a
novel R-GAE relevance map derived from the Generic Attention Explainability (GAE) (Chefer et al.,
2021a). R-GAE extends the GAE method originally designed for classification tasks, to generative
MLLMs, and adapts it to the typical MLLM architecture consisting of a ViT, a projector, and an LLM.
The R-GAE can acquire relevance maps from any two arbitrary layers within the MLLM through
propagation.

We initialize three R-GAE relevance maps including a Text-to-Patch map as Ry, 7, a Text-to-Query
map as Ry_, o, and a Query-to-Patch map as Rg_,7. Each map is an identity matrix based on the
intuition that each input token’s relevance score is equal in the beginning. Given an image and an
instruction (e.g., “Please describe the image with a concise sentence”), an MLLM will generate a
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textual description Y = {y1, 9o, . . .,y } referring to the visual information. During the generation
step t, we can cache the attention maps across the ViT, the projector and the LLM during a forward
pass. Then, specifying a word class 7; as the target prediction, we can obtain the related gradients
through a backward pass. For each layer, a single R-GAE relevance map is obtained by utilizing
gradients to average across the attention heads. For step ¢, we can propagate the Text-to-Query
map R%_, o € R™M from the LLM’s first layer to its last layer to get the final map. Similarly,

the Query-to-Patch map R"Q 7 € RM*N can be propagated from the first layer to the last layer
of the projector. Subsequently, the overall Text-to-Patch relevance map can be obtained by matrix
multiplication of Text-to-Query and Query-to-Patch maps:

R%’—>I = R?T—>Q X RtQ—>I (H

For a complete sentence Y, we integrate the R-GAE relevance maps from each time step ¢ by
averaging to obtain the overall visual relevance related to a factual sentence. We set the ground-truth
description from an image-text pair as the target response to perform the backward process. This
limits MLLMs with different projectors having the same Oracle Text-to-Patch visualization. We
provide the background of GAE and the specific propagation formula of R-GAE in Appendix A.
Moreover, we compare the visualization between R-GAE and original attention maps in Appendix B.

2.3 A REDUNDANT DOUBLE-ABSTRACTION PHENOMENON

Based on the R-GAE maps, we analyze the different types of projectors and investigate how they
affect the vision-to-language semantic alignment. For fair comparison and analysis, we train MLLMs
under the same architecture, except for the projector module, and keep all other variables the same
(experimental details are provided in § 3.1). We visualize the R-GAE maps of a non-compressive
projector (i.e., linear layers) and a compressive projector (i.e., QFormer) in Figure 3 and draw the
following findings.

Observation 1. LLMs are good visual semantic abstractors directly from patch representation.

The non-compressive projector directly inputs the patch representation to the LLM. As shown in
the first row of Figure 3, given a description containing visual objects (i.e., the remote and buttons)
and attributes (i.e., purple and red), the LLM can highlight the most relevant visual regions in a
fine-grained manner, as it discriminates the accurate remote with purple and red buttons among other
similar remotes. This indicates that the LLM has built a strong alignment between textual and visual
semantics based on the patch representation. The recent success of MLLMs (Liu et al., 2024b; Li
et al., 2023b; Chen et al., 2023a) with non-compressive projection further demonstrates that the LLM
itself is an efficient visual semantic abstractor. For instance, LLaVA-Next (Liu et al., 2024b), which
employs a simple Multi-layer Perceptron (MLP), achieves state-of-the-art performance across diverse
multimodal benchmarks.

Observation 2. Compressive projectors extract limited visual semantic concepts from patches.
Compressive projectors like QFormer pre-extract visual semantic concepts from patches and provide
reduced visual tokens at the semantic level to the LLM. As the Query-to-Patch map in Figure 3
shows, the compressed 8x8 query tokens are activated with visual semantic patterns such as different
remotes, buttons, control panels, and the black background board. However, the fixed number of
query tokens can only cover limited visual semantic concepts from the image. Comparing the visual
patterns among 64 tokens, we find that they are visually repetitive and semantically sparse. For
instance, query tokens indexing (0, 1) and (2, 0) are nearly identical and all attend to the bottom-right
panel of the right remote. These sparse query tokens lead to a deficiency in visual semantics, losing
the fine-grained attribute of “purple and red buttons”. Consequently, the LLM suffers from this
irreversible visual semantic deficiency when re-extracting visual context in the query semantic space.
As the Text-to-Query map shows, the LLM primarily attends to the query tokens indexing (0, 2),
(0,4), and (4, 5) (framed in red), resulting in a misalignment of text words and patches verified in the
Text-to-Patch map. More visualization cases are presented in Appendix D.

Insight. An inefficient MLLM system due to the double abstraction of visual semantics.

Based on these observations, we conclude that existing compressive projectors, which learn a fixed
number of query tokens, are inefficient compressors for reducing the number of vision tokens.
They result in a “Double Abstraction” MLLM system, where visual semantics are first abstracted
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by projectors and then re-extracted by the LLM. This dual-abstraction procedure has two main
shortcomings: (i) Accumulative visual semantics loss. The projector serves as an intermediate module
bridging the ViT and LLM, therefore, the visual semantics lost during the initial abstraction by the
projector become a bottleneck for the MLLM system. (ii) Increased training complexity. Optimizing
a projector to be an effective semantic abstractor is essential for alleviating semantic loss; however,
this increases the training cost and complexity.

2.4 DgCo: DEcouPLING VisION ToKEN COMPRESSION FROM SEMANTIC ABSTRACTION

Inspired by the analysis in §2.3, we pro- wxa
pose a DeCo insight to Decouple vision to- [~
ken Compression from semantic abstraction in
MLLMs. In this approach, the compressive
projectors focus on reducing the number of vi-
sual tokens with patch-level outcomes, while the
LLM serves as the expert semantic abstractor.
Consequently, the DeCo system only requires a Projosied
simple projector that compresses visual tokens == Pateh Tokens Visual Token
at the patch level. This design removes the inter- )

mediate semantic bottleneck and simplifies the ~ Figure 4: Visualization of the 2D Adaptive Pooling.
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Based on the DeCo insight, we employ a straightforward 2D Adaptive Average Pooling (referred to
as AdaptiveAvgPool) as a natural contrast to downsample the visual tokens at the patch level. As
Figure 4 illustrates, given N patch tokens from the ViT, the adaptive pooling can reduce the token
number to a lesser square number M. Specifically, we reshape the N visual tokens to 2D tensors

with size (N 3, N %) and utilize a 2D adaptive average pooling to get compressed tokens with size

(M B , M B ). Subsequently, the compressed 2D tensor is flattened into M tokens. These tokens are
finally projected by the linear layer to match the textual embedding dimension, serving as visual
inputs to the LLM. During compression, the adaptive pooling ' automatically calculates the stride S
and kernel size K in a parameter-free mode. It averages patches in a spatial X x K window into a
mixed token. In essence, the 2D AdaptiveAvgPool merges the spatial neighbor patch tokens which
tend to have high visual redundancy.

As illustrated in the third row of Figure 3, the Query-to-Patch mapping of the AdaptiveAvgPool
projector forms a 2D grating pattern. It uniformly down-samples the grouped patches over the
2D spatial space of the original image. This uniform patch-level sampling preserves dense visual
context compared to the QFormer abstractor. For instance, the compressed token indexed at (3, 3),
highlighted in the red frame, retains the fine-grained representation of the “purple and red buttons”.
Subsequently, the LLM can attend to the accurate visual region by leveraging the visual context
from the AdaptiveAvgPool, as shown in the Text-to-Patch map. Furthermore, the Text-to-Patch maps
of the linear projector and AdaptiveAvgPool are nearly identical. This similarity reveals that the
Adaptive AvgPool projector achieves a superior combination of (i) effectiveness, approximating the
linear projector in preserving visual context, and (ii) efficiency, reducing the number of vision tokens,
similar to the QFormer abstractor.

3  QUANTITATIVE RESULTS

In this section, we qualitatively validate the simple AdaptiveAvgPool following the DeCo insight,
by comparing it with prevailing compressive projectors, including QFormer, C-Abstractor, and
D-Abstractor (Cha et al., 2024), in terms of both effectiveness and efficiency.

3.1 EXPERIMENT SETTING

Training data and Evaluation. We utilize the open-sourced 558K pre-training data (sourced
from LAION (Schuhmann et al., 2021), Conceptual Captions (Changpinyo et al., 2021) and SBU
Captions (Ordonez et al., 2011)) and 665K instruction-following data (containing LLaVa Synthetic

! Apply the torch.nn.Adaptive AvgPool2d function in the PyTorch framework.
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Table 1: Overall performance compared to existing compressive projectors including Linear Projector (Liu et al.,
2023a), QFormer (Li et al., 2023d), and C-Abstractor/D-Abstractor (Cha et al., 2024). All results are conducted
under the same architecture and settings. We All compressive projectors reduce the vision token number (#V)
from 576 to 144. * indicates reproduced results using LoRA while 1 denotes the full-training results reported in
LLaVA v1.5. Avg" means an average of normalized benchmark scores. The best and second-best results are
bolded and underlined, respectively.

Projectors ‘#V ‘SEEDI MME? POPE Refcoco Refcoco+ Refcocog VizWiz VQA'? GQA VQAT ‘ Avg®

Linear' 576 66.2 1524.6 86.4 54.4 47.8 49.8 53.6 76.3 60.0 58.9 63.0
Linear” 576 65.1 1338.6 86.8 46.9 41.6 46.3 50.2 74.9 56.5 58.4 59.4
QFormer 144 55.3 1312.7 79.0 15.1 10.5 11.6 51.2 65.6 48.6 50.7 453
C-Abstractor | 144 60.5 1411.8 84.5 40.6 343 384 47.8 70.9 52.6 559 55.6
D-Abstractor | 144 60.0 1313.2 84.6 329 27.6 324 49.7 71.1 53.1 55.1 532
DeCo (Ours) | 144 62.8 1373.4 85.9 434 38.5 39.3 49.7 74.0 54.1 56.2 57.3

Table 2: Performance comparison on more fine-

grained benchmarks includes the informative di- .. . . . .

agram benchmark AI2D (Chen et al., 2024) and Table 3: Vision spatial understanding capability: Posi-
ChartQA (Masry et al., 2022) for chart-related ques- tion (I_DOS,) for MME, Spatla! Relatlon_shlp (SR), Object
tion answering, document understanding benchmarks Localization (OI,‘)’ and Ehysmal Relation (PR) for M.M'
such as DocVQA (Mathew et al., 2021), and science Bench, and Spatial Relation (SR) and Instance Location

topic question answering with ScienceQA (Lu et al., (IL) for SEED-Bench.

2022).
Projector #V % MMB SEED Avg
Projectors ‘ AIRD ChartQA DocVQA  SciQAi™ ‘ Avg® POS SR _OL PR SR L
QFormer 504 124 158 68.4 373 Linear 576 1233 20.0 519 333 502 596 564
C-Abstracter | 53.9 14.3 19.0 69.1 39.1 QFormer 144 733 178 333 333 390 489 409
D-Abstractor | 52.2 14.2 19.4 68.0 38.5 C-Abstractor 144 116.7 15.6 420 542 435 544 544
DeCo (Ours) | 52.8 15.4 20.9 68.4 394 DeCo (Ours) 144 116.7 244 48.1 417 46.6 585 56.0

Data (Liu et al., 2023b), VQA"? (Goyal et al., 2017), GQA (Hudson & Manning, 2019), OK-
VQA (Marino et al., 2019), OCR-VQA (Mishra et al., 2019), A-OKVQA (Schwenk et al., 2022),
TextCaps (Sidorov et al., 2020), RefCOCO (Yu et al., 2016), Visual Genome (Krishna et al., 2017) and
ShareGPT (ShareGPT, 2023)) following LLaVA v1.5 (Liu et al., 2023a). For evaluation, we measure
model performance spanning three aspects. Multimodal LLM Benchmarks including SEED-Bench (Li
et al., 2023c) (report image-only set as SEED'), MME (Fu et al., 2023) (report perception set as
MMEP) and POPE (Li et al., 2023g) are specially designed for instruction-following MLLMs. Visual
Localization task encompassing RefCOCO, RefCOCO+, and RefCOCOg (Kazemzadeh et al., 2014;
Yu et al., 2016) is to measure the bounding box prediction accuracy. Open-Ended Visual Question
Answering task consisting of VizWiz (Bigham et al., 2010), VQA"? (Goyal et al., 2017), GQA (Hudson
& Manning, 2019) and TextVQA (Singh et al., 2019) aims to evaluate visual reasoning capability.

Implementation Details. DeCo is primarily built on the LLaVA v1.5 framework, encompassing
model architectures, training data, and training strategies. We replace the original two-layer MLP
projector with QFormer (Li et al., 2023d), C-Abstractor (Cha et al., 2024), D-Abstractor (Cha et al.,
2024) and AdaptiveAvgPool respectively for fair comparison. The default configuration includes
a CLIP ViT-L/14 336px (Radford et al., 2021) and Vicuna v1.5 7B (Chiang et al., 2023) with a
two-stage training strategy. The first pre-training stage updates only the projector while the second
instruction-tuning stage optimizes both the projector and the LLM using LoRA (Hu et al., 2022). The
main results are derived from this default configuration. Additionally, we conduct generalization
experiments using a more lightweight setup that involves only the instruction tuning stage as outlined
in PRISM (Karamcheti et al., 2024). Specific training hyper-parameters are detailed in Appendix C.

3.2 CoMPARED WITH EXISTING PROJECTORS

To showcase the efficiency and effectiveness of the DeCo method with AdaptiveAvgPool, we compare
it with common projectors including the Linear projector (Liu et al., 2023b), QFormer (Li et al.,
2023d), C-Abstractor (Cha et al., 2024), and D-Abstractor(Cha et al., 2024).

Performance Effectiveness. Table | presents the overall performance of different projectors. The
non-compressive linear projector preserves all vision information and achieves the best overall
performance. In the compressive projector category, DeCo outperforms existing solutions across
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Table 4: Comprehensive comparison between the C-Abstractor (C-Abstr) and Adaptive Averaging Pooling
(AvgPool) across various settings including different vision backbones, image resolutions and LLMs. All
experiments are conducted on the one-stage instruction tuning (665K data) referring to PRISM (Karamcheti
et al., 2024) to speed up training. Res. denotes image resolution. Compress. means the compression ratio of
each projector from the raw visual token number to the projected vision token number.

ViT LLM Res. Compress. Project. POPE  Refcoco/+/g VizWiz VQAY* GQA VQAT

Bl  SigLIP VIT-SO Phi-2 224 2565144 C-Abstr 66.1 11.5/6.5/8.4 18.7 47.8 42.0 34.6
(2.7B) AvgPool  84.1 21.5/13.6/15.6 34.5 68.1 52.6 41.2

B2 CLIP ViT-L Phi-2 336 5765144 C-Abstr  73.7 11.8/737/6.9 18.0 525 453 36.7
(2.7B) AvgPool  84.5 15.0/9.3/8.8 28.4 64.6 48.9 40.8

B3  SigLIP VIT-SO Phi-2 384 729144 C-Abstr  78.8 129/82/7.7 41.3 532 45.1 354
(2.7B) AvgPool  81.7 17.4/11.4/11.0 39.5 60.3 48.0 40.2

B4 DINOV2+SigLIP Phi-2 384 729->144 C-Abstr 52.6 13.5/6.6/7.5 29.2 40.9 36.3 349
(2.7B) AvgPool  85.7  24.9/17.3/21.6 24.0 63.9 52.6 39.2

BS DINOV2+SigLIP Qwen-Chat 384 729->144 C-Abstr  49.9 8.7/43/7.6 17.7 53.8 45.1 28.9
(0.5B) AvgPool  49.9 12.9/9.7/11.2 25.3 58.3 46.5 314

B6 DINOv2+SigLIP Vicuna-v1.5 384 7295144 C-Abstr 86.0 31.7/255/292 39.1 62.6 523 46.5
(7B) AvgPool  87.0 42.3/33.1/37.6 52.2 69.8 55.4 49.3

most benchmarks. Specifically, DeCo achieves gain margins of SEED! +2.3 and POPE +1.3 in the
instruction-following MLLM benchmarks, RefCOCO/RefCOCO+/RefCOCOg +2.8/4.2/0.9 for visual
localization, and VQAY? +3.9, GQA +1.0, VQAT* +0.3 for open-ended visual question answering.
The superior results of DeCo under the same compression ratio (576->144) demonstrate that naive
compression at the patch level effectively transmits visual context while reducing the token number.
Among the existing projectors, the locality-enhanced C-Abstractor produces results comparable
to DeCo. Additionally, we observe that QFormer performs poorly on the visual localization task,
particularly in predicting visual coordinates. This poor performance is due to the loss of spatial
locality during projector compression, resulting in cumulative spatial context deficiency. Besides, as
Table 2 shows, AdaptiveAvgPool also performs the best on fine-grained tasks. The remarkable result
gain on the ChartQA (+7.69%) and DocVQA (+7.73%) dataset requiring fine-grained visual cues
(e.g., flowchart labels, plot axes) reveals that AdaptiveAvgPool is efficient in both widely-used general
benchmarks and more challenging sets.

Training Efficiency. Besides the remarkable
performance, DeCo also has efficiency advan- \
tages because it conducts parameter-free com- | |
pression clarified in § 2.4. Among exist- \
ing compressive projectors, the sub-optimal C- \
Abstractor comprises 3-layer ResNet blocks (Xie - A
et al., 2017), the adaptive average pooling and e

another 3-layer ResNet blocks. Meanwhile, we NN A A e AR
adopt a two-layer QFormer consisting of a self-

attention and a cross-attention layer initialized » o
from the BLIP-2 (Li et al., 2023d) pretraining

weights. Compared with them, the AdaptiveAvg- Figure 5: Pre-training loss convergence of AdaptiveAvg-
Pool in DeCo method is more lightweight and 00! (brown), and '
efficient. Figure 5 depicts that DeCo has faster training convergence during pre-training.

Spatial Locality Reservation. Spatial understanding capability in vision modality is essential to
achieve accurate visual location, fine-grained vision reasoning, object relation perception and etc.
We verify the spatial understanding capability of DeCo in Table 3 across six spatial understanding
tasks from MLLM benchmarks. As Honeybee (Cha et al., 2024) points out, the vanilla resampler
architecture like QFormer will lose the visual spatial locality, therefore, it obtains a low average
score of 40.9. The locality-enhanced projector, i.e., C-Abstractor, has remarkable improvements and
achieves 54.4. Overall, the DeCo with AdaptiveAvgPool well reserves the significant spatial context



Under review as a conference paper at ICLR 2025

POPE POPE

w
S

80.5
Text-VQA Refcoco Text-VQA Refcoco

woos A
S O

G

2 RefCOCO+  GQA 0 Refcoco+

NN
S

Accuracy@ 0.5 10U (%)
&8
8
4

—e— Avg Pool

12 3 248 558 2 186
676 Lo, 24 634 bas o8
—e— CAbstractor
vea-v2 RefCOCO vea-v2 RefCOCO
—e— Q-Former AV \} © N any = “ N

64 144 256 400 576
# Tokens

—
@

"
o

Vizwiz Vizwiz
— Max Pool Avg Pool m—One-Stage Two-Stage

Figure 6: Compression ratio reducing Figure 7: Comparison of Max Figure 8: Comparison of one-
576 tokens to 400/256/144/64 tokens. Pooling and Average Pooling. stage and two-stage training.

and achieves the closest score (56.0) to the linear projector (56.4). This benefits from the kernel and
stride operation of 2D AdaptiveAvgPool similar to the convolutional network (Li et al., 2021).

3.3 GENERALIZATION RESULTS

To explore the performance of DeCo under different configurations, we select varied vision backbones,
image resolutions and LLLMs, and report results in Table 4. To speed up training, all results are
obtained through the one-stage training (i.e., instruction tuning) according to PRISM (Karamcheti
et al., 2024). We select the most comparative baseline C-Abstractor (refer to Table 1) as a reference.

For vision backbones (B2, B3, and B4), we adopt the CLIP ViT-L, SigL.IP ViT-SO (Zhai et al.,
2023), and the DINOvV2 (Oquab et al., 2023)+SigLIP ensemble in embedding dimension. For
scaling image resolution (B1 and B3), we compare 224px and 384px image inputs using the SigLIP
ViT-SO backbone. For LLMs (B4, B5, and B6), we employ three levels of model scope, including
Qwen-Chat-0.5B (Bai et al., 2023a), Phi-2-2.7B (Javaheripi et al., 2023), and Vicuna-v1.5 (Chiang
et al., 2023).

The overall results in Table 4 under six different settings demonstrate the robustness of DeCo as a
compressive projector across diverse MLLM architectures. It surpasses the C-Abstractor notably in
almost all metrics and all settings.

3.4 ABLATION STUDY

Compression Ratio Analysis. There is a trade-off between visual information deficiency and training
cost based on the compression ratio. In Figure 6, we compress the visual tokens from 24 x 24 to
20 x 20, 16 x 16, 12 x 12, and 8 x 8 respectively, and report the average Accuracy @loU=0.5 on the
visual localization task. Results reveal that a quarter compression from 24 x 24 to 12 x 12 provides
the best balance for AdaptiveAvgPool.

Average Pooling vs. Max Pooling. Average pooling and max pooling are two widely-used
downsampling operations. We compare these two operations in the DeCo method in Figure 7.
Results show that adaptive average pooling performs better across almost all metrics, especially visual
localization. The reason is that the averaging operation integrates each patch within the kernel-size
window and can serve more visual context.

One-Stage vs. Multi-Stage Training. PRISM (Karamcheti et al., 2024) indicates simple linear
projectors only require one-stage instruction tuning. Inspired by this, we compare the one-stage and
two-stage training results of DeCo and find that two-stage training is recommended, as shown in
Figure 8.

4 REeLATED WORK

Multimodal Large Language Models. The development of large vision-language models has accel-
erated recently (OpenAl, 2023; Reka, 2024; Gemini Team, 2023; Li et al., 2023e). Flamingo (Alayrac
et al., 2022; Awadalla et al., 2023) and IDEFICS (Laurencon et al., 2023) have showcased the
effectiveness of consolidating LLMs with vision encoders. The Q-Former from BLIP-2 (Li et al.,
2023d) has helped bridge the gap between the visual and text modalities. InstructBLIP (Dai et al.,
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2023), Ying-VLM (Li et al., 2023f) and MM-ICL (Zhao et al., 2023) further integrate instructions into
the vision-text alignment process for improved in-context learning ability (Dong et al., 2022). Various
approaches have been proposed to align visual encoders and LLMs effectively. MiniGPT-4 (Zhu et al.,
2023) and LLaVA (Liu et al., 2023b;a) use a single projection layer, while mPLUG-Owl (Ye et al.,
2023) adopts LoRA tuning (Hu et al., 2022; Ma et al., 2024), showing promising results. Qwen-VL-
Chat (Bai et al., 2023b) has scaled up multi-modal pre-training with more datasets. Fuyu-8 (Bavishi
et al., 2023) proposes a new architecture by segmenting images into pixel patches, treating them
as visual tokens to train a conditional multi-modal language model directly. However, these works
employ projector modules empirically or simply refer to the final performance of the MLLMs on
downstream tasks without conducting an in-depth analysis of the projectors’ effectiveness. In this
paper, we examine this significant component by tracking the vision-and-language semantic flow
within MLLMs. We visualize the internal patterns learned by projectors and highlight their drawbacks,
offering valuable insights for future development.

Transformer Explainability. Explainability tools have been widely explored for Transformers
to better visualize their inner decision-making processes. Raw attention maps in Transformers
usually provide interpretations for a single layer. Abnar et al. (Abnar & Zuidema, 2020) combine
the attention scores across multiple layers and propose the rollout method. Chefer et al. (Chefer
et al., 2021b) introduce the relevance map through information propagation from all layers and
components in Transformers. LRP (Voita et al., 2019) captures the relative importance between
different attention heads using gradients. Casual Interpretation (Rohekar et al., 2023) can identify the
most important input tokens corresponding to the model output. However, these methods are only
applicable to Transformers with self-attention layers. As an alternative, the GAE (Chefer et al., 2021a)
method extends the propagated relevance maps to bi-modal scenarios with cross-attention layers.
Moreover, several studies (Aflalo et al., 2022; Liu et al., 2023c; Lyu et al., 2022; Ramesh & Koh, 2022;
Swamy et al., 2024) focus on the multimodal system interpretation. Recently, LVLM-Interpret (Ben
Melech Stan et al., 2024) has developed an interactive application for interpreting MLLMs. Despite
these efforts, in-depth explainability of existing MLLMs is rarely explored. In this study, we propose
the R-GAE method derived from GAE for MLLMs to investigate how projector modules affect the
vision-and-language semantic alignment of MLLMs.

5 CONCLUSION

We introduce DeCo to decouple visual token compression from semantic abstraction. It is motivated by
the “Double Abstraction” problem of existing projectors disentangling the Text-to-Patch, Text-to-Query
and Query-to-Patch R-GAE maps in the vision-and-language semantic alignment. The DeCo method
simplifies existing compressive projectors with a naive AdaptiveAvgPool, which downsamples spatial
vision tokens directly at the spatial level. Experiments across diverse configurations demonstrate the
efficiency, effectiveness, and robustness of DeCo. Eventually, the intuition of “DeCo” is not limited
to the specific AdaptiveAvgPool projector design, there is great potential to improve it to perform
more effectively under more demanding scenarios like high compression ratio.

LiMITATIONS

We present limitations in this work to facilitate future research. Firstly, the AdaptiveAvgPool
adopted in the DeCo method may cause severe visual information deficiency in an increasingly
high compression ratio compared to semantic-level compression projectors. In a high-compression
scenario, the averaging pooling will erase the fine-grained visual context in a kernel scope. Secondly,
the superiority of DeCo lies in a limited training resource application including limited GPUs to train
a long visual token sequence and limited training data to optimize a desirable semantic QFormer-type
projector. Otherwise, when have abundant training resources, the architecture of projectors tend to be
insignificant in an MLLM system as pointed out in the MM1 (McKinzie et al., 2024).

REFERENCES
Samira Abnar and Willem Zuidema. Quantifying attention flow in transformers. arXiv preprint

arXiv:2005.00928, 2020.

10



Under review as a conference paper at ICLR 2025

Estelle Aflalo, Meng Du, Shao-Yen Tseng, Yongfei Liu, Chenfei Wu, Nan Duan, and Vasudev
Lal. Vl-interpret: An interactive visualization tool for interpreting vision-language transformers.
In Proceedings of the IEEE/CVF Conference on computer vision and pattern recognition, pp.
21406-21415, 2022.

Jean-Baptiste Alayrac, Jeff Donahue, Pauline Luc, Antoine Miech, Iain Barr, Yana Hasson, Karel
Lenc, Arthur Mensch, Katie Millican, Malcolm Reynolds, Roman Ring, Eliza Rutherford, Serkan
Cabi, Tengda Han, Zhitao Gong, Sina Samangooei, Marianne Monteiro, Jacob Menick, Sebastian
Borgeaud, Andy Brock, Aida Nematzadeh, Sahand Sharifzadeh, Mikolaj Binkowski, Ricardo
Barreira, Oriol Vinyals, Andrew Zisserman, and Karen Simonyan. Flamingo: a visual language
model for few-shot learning. ArXiv, abs/2204.14198, 2022.

Anas Awadalla, Irena Gao, Josh Gardner, Jack Hessel, Yusuf Hanafy, Wanrong Zhu, Kalyani Marathe,
Yonatan Bitton, Samir Gadre, Shiori Sagawa, Jenia Jitsev, Simon Kornblith, Pang Wei Koh, Gabriel
Ilharco, Mitchell Wortsman, and Ludwig Schmidt. Openflamingo: An open-source framework for
training large autoregressive vision-language models. ArXiv preprint, abs/2308.01390, 2023.

Jinze Bai, Shuai Bai, Yunfei Chu, Zeyu Cui, Kai Dang, Xiaodong Deng, Yang Fan, Wenbin Ge,
Yu Han, Fei Huang, et al. Qwen technical report. arXiv preprint arXiv:2309.16609, 2023a.

Jinze Bai, Shuai Bai, Shusheng Yang, Shijie Wang, Sinan Tan, Peng Wang, Junyang Lin, Chang Zhou,
and Jingren Zhou. Qwen-vl: A frontier large vision-language model with versatile abilities. ArXiv
preprint, abs/2308.12966, 2023b.

Rohan Bavishi, Erich Elsen, Curtis Hawthorne, Maxwell Nye, Augustus Odena, Arushi Somani, and
Sagnak Tagirlar. Introducing our multimodal models, 2023. URL https://www.adept.ai/
blog/fuyu-8b.

Gabriela Ben Melech Stan, Raanan Yehezkel Rohekar, Yaniv Gurwicz, Matthew Lyle Olson, Anahita
Bhiwandiwalla, Estelle Aflalo, Chenfei Wu, Nan Duan, Shao-Yen Tseng, and Vasudev Lal. Lvlm-
intrepret: An interpretability tool for large vision-language models. arXiv e-prints, pp. arXiv—2404,
2024.

Jeffrey P Bigham, Chandrika Jayant, Hanjie Ji, Greg Little, Andrew Miller, Robert C Miller, Robin
Miller, Aubrey Tatarowicz, Brandyn White, Samual White, et al. Vizwiz: nearly real-time answers
to visual questions. In Proceedings of the 23nd annual ACM symposium on User interface software
and technology, pp. 333-342, 2010.

Nicolas Carion, Francisco Massa, Gabriel Synnaeve, Nicolas Usunier, Alexander Kirillov, and Sergey
Zagoruyko. End-to-end object detection with transformers. In European conference on computer
vision, pp. 213-229. Springer, 2020.

Junbum Cha, Wooyoung Kang, Jonghwan Mun, and Byungseok Roh. Honeybee: Locality-enhanced
projector for multimodal llm. In Proceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition (CVPR), 2024.

Soravit Changpinyo, Piyush Kumar Sharma, Nan Ding, and Radu Soricut. Conceptual 12m:
Pushing web-scale image-text pre-training to recognize long-tail visual concepts. 2021 IEEE/CVF
Conference on Computer Vision and Pattern Recognition (CVPR), pp. 3557-3567, 2021.

Hila Chefer, Shir Gur, and Lior Wolf. Generic attention-model explainability for interpreting bi-modal
and encoder-decoder transformers. In Proceedings of the IEEE/CVF International Conference on
Computer Vision, pp. 397-406, 2021a.

Hila Chefer, Shir Gur, and Lior Wolf. Transformer interpretability beyond attention visualization. In
Proceedings of the IEEE/CVF conference on computer vision and pattern recognition, pp. 782-791,
2021b.

Kaibing Chen, Dong Shen, Hanwen Zhong, Huasong Zhong, Kui Xia, Di Xu, Wei Yuan, Yifei Hu,
Bin Wen, Tianke Zhang, et al. Evim: An efficient vision-language model for visual understanding.
arXiv preprint arXiv:2407.14177, 2024.

Keqin Chen, Zhao Zhang, Weili Zeng, Richong Zhang, Feng Zhu, and Rui Zhao. Shikra: Unleashing
multimodal llm’s referential dialogue magic. arXiv preprint arXiv:2306.15195, 2023a.

11


https://www.adept.ai/blog/fuyu-8b
https://www.adept.ai/blog/fuyu-8b

Under review as a conference paper at ICLR 2025

Weijing Chen, Linli Yao, and Qin Jin. Rethinking benchmarks for cross-modal image-text retrieval.
In Proceedings of the 46th International ACM SIGIR Conference on Research and Development in
Information Retrieval, pp. 1241-1251, 2023b.

Zhe Chen, Jiannan Wu, Wenhai Wang, Weijie Su, Guo Chen, Sen Xing, Muyan Zhong, Qinglong
Zhang, Xizhou Zhu, Lewei Lu, Bin Li, Ping Luo, Tong Lu, Yu Qiao, and Jifeng Dai. Internvl:
Scaling up vision foundation models and aligning for generic visual-linguistic tasks. arXiv preprint
arXiv:2312.14238, 2023c.

Wei-Lin Chiang, Zhuohan Li, Zi Lin, Ying Sheng, Zhanghao Wu, Hao Zhang, Lianmin Zheng,
Siyuan Zhuang, Yonghao Zhuang, Joseph E. Gonzalez, Ion Stoica, and Eric P. Xing. Vicuna: An
open-source chatbot impressing gpt-4 with 90%* chatgpt quality, March 2023. URL https:
//lmsys.org/blog/2023-03-30-vicuna/.

Wenliang Dai, Junnan Li, Dongxu Li, Anthony Meng Huat Tiong, Junqi Zhao, Weisheng Wang,
Boyang Li, Pascale Fung, and Steven Hoi. Instructblip: Towards general-purpose vision-language
models with instruction tuning. ArXiv preprint, abs/2305.06500, 2023.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and Kristina Toutanova. BERT: Pre-training of deep
bidirectional transformers for language understanding. In Proceedings of the 2019 Conference of
the North American Chapter of the Association for Computational Linguistics: Human Language
Technologies, Volume 1 (Long and Short Papers), pp. 4171-4186, 2019.

Qingxiu Dong, Lei Li, Damai Dai, Ce Zheng, Zhiyong Wu, Baobao Chang, Xu Sun, Jingjing Xu, Lei
Li, and Zhifang Sui. A survey for in-context learning, 2022.

Alexey Dosovitskiy, Lucas Beyer, Alexander Kolesnikov, Dirk Weissenborn, Xiaohua Zhai, Thomas
Unterthiner, Mostafa Dehghani, Matthias Minderer, Georg Heigold, Sylvain Gelly, et al. An image is
worth 16x16 words: Transformers for image recognition at scale. arXiv preprint arXiv:2010.11929,
2020.

Chaoyou Fu, Peixian Chen, Yunhang Shen, Yulei Qin, Mengdan Zhang, Xu Lin, Zhenyu Qiu, Wei Lin,
Jinrui Yang, Xiawu Zheng, Ke Li, Xing Sun, and Rongrong Ji. Mme: A comprehensive evaluation
benchmark for multimodal large language models. arXiv preprint arXiv:2306.13394, 2023.

Gemini Team. Gemini: a family of highly capable multimodal models. arXiv preprint
arXiv:2312.11805, 2023.

Yash Goyal, Tejas Khot, Douglas Summers-Stay, Dhruv Batra, and Devi Parikh. Making the V in
VQA matter: Elevating the role of image understanding in visual question answering. In 2017
IEEE Conference on Computer Vision and Pattern Recognition, CVPR 2017, Honolulu, HI, USA,
July 21-26, 2017, pp. 6325-6334, 2017.

Edward J. Hu, Yelong Shen, Phillip Wallis, Zeyuan Allen-Zhu, Yuanzhi Li, Shean Wang, Lu Wang,
and Weizhu Chen. Lora: Low-rank adaptation of large language models. In The Tenth International
Conference on Learning Representations, ICLR 2022, Virtual Event, April 25-29, 2022, 2022.

Drew A. Hudson and Christopher D. Manning. GQA: A new dataset for real-world visual reasoning
and compositional question answering. In IEEE Conference on Computer Vision and Pattern
Recognition, CVPR 2019, Long Beach, CA, USA, June 16-20, 2019, pp. 6700-6709, 2019.

Mojan Javaheripi, Sébastien Bubeck, Marah Abdin, Jyoti Aneja, Sebastien Bubeck, Caio César Teodoro
Mendes, Weizhu Chen, Allie Del Giorno, Ronen Eldan, Sivakanth Gopi, et al. Phi-2: The surprising
power of small language models. Microsoft Research Blog, 2023.

Kushal Kafle, Brian Price, Scott Cohen, and Christopher Kanan. Dvqa: Understanding data
visualizations via question answering. In Proceedings of the IEEE conference on computer vision
and pattern recognition, pp. 5648-5656, 2018.

Siddharth Karamcheti, Suraj Nair, Ashwin Balakrishna, Percy Liang, Thomas Kollar, and Dorsa
Sadigh. Prismatic vims: Investigating the design space of visually-conditioned language models.
arXiv preprint arXiv:2402.07865, 2024.

12


https://lmsys.org/blog/2023-03-30-vicuna/
https://lmsys.org/blog/2023-03-30-vicuna/

Under review as a conference paper at ICLR 2025

Sahar Kazemzadeh, Vicente Ordonez, Mark Matten, and Tamara Berg. Referitgame: Referring to
objects in photographs of natural scenes. In Proceedings of the 2014 conference on empirical
methods in natural language processing (EMNLP), pp. 787-798, 2014.

Ranjay Krishna, Yuke Zhu, Oliver Groth, Justin Johnson, Kenji Hata, Joshua Kravitz, Stephanie Chen,
Yannis Kalantidis, Li-Jia Li, David A Shamma, et al. Visual genome: Connecting language and
vision using crowdsourced dense image annotations. International journal of computer vision, 123:
32-73,2017.

Hugo Laurencon, Lucile Saulnier, Léo Tronchon, Stas Bekman, Amanpreet Singh, Anton Lozhkov,
Thomas Wang, Siddharth Karamcheti, Alexander M. Rush, Douwe Kiela, Matthieu Cord, and
Victor Sanh. Obelics: An open web-scale filtered dataset of interleaved image-text documents,
2023.

Bo Li, Peiyuan Zhang, Jingkang Yang, Yuanhan Zhang, Fanyi Pu, and Ziwei Liu. Otterhd: A
high-resolution multi-modality model. arXiv preprint arXiv:2311.04219, 2023a.

Bo Li, Yuanhan Zhang, Liangyu Chen, Jinghao Wang, Jingkang Yang, and Ziwei Liu. Otter: A
multi-modal model with in-context instruction tuning. ArXiv preprint, abs/2305.03726, 2023b.

Bohao Li, Rui Wang, Guangzhi Wang, Yuying Ge, Yixiao Ge, and Ying Shan. Seed-bench:
Benchmarking multimodal llms with generative comprehension. arXiv preprint arXiv:2307.16125,
2023c.

Junnan Li, Dongxu Li, Silvio Savarese, and Steven Hoi. Blip-2: Bootstrapping language-image
pre-training with frozen image encoders and large language models. ArXiv preprint, abs/2301.12597,
2023d.

Lei Li, Zhihui Xie, Mukai Li, Shunian Chen, Peiyi Wang, Liang Chen, Yazheng Yang, Benyou Wang,
and Lingpeng Kong. Silkie: Preference distillation for large visual language models. 2023e.

Lei Li, Yuwei Yin, Shicheng Li, Liang Chen, Peiyi Wang, Shuhuai Ren, Mukai Li, Yazheng Yang,
Jingjing Xu, Xu Sun, Lingpeng Kong, and Qi Liu. M3IT: A large-scale dataset towards multi-modal
multilingual instruction tuning. ArXiv preprint, abs/2306.04387, 2023f.

Lei Li, Yuqi Wang, Runxin Xu, Peiyi Wang, Xiachong Feng, Lingpeng Kong, and Qi Liu. Multimodal
arxiv: A dataset for improving scientific comprehension of large vision-language models, 2024.

Yifan Li, Yifan Du, Kun Zhou, Jinpeng Wang, Wayne Xin Zhao, and Ji-Rong Wen. Evaluating object
hallucination in large vision-language models. In Proceedings of the 2023 Conference on Empirical
Methods in Natural Language Processing, pp. 292-305, 2023g.

Zewen Li, Fan Liu, Wenjie Yang, Shouheng Peng, and Jun Zhou. A survey of convolutional neural
networks: analysis, applications, and prospects. IEEE transactions on neural networks and learning
systems, 33(12):6999-7019, 2021.

Hao Liu, Wilson Yan, Matei Zaharia, and Pieter Abbeel. World model on million-length video and
language with blockwise ringattention, 2024a.

Haotian Liu, Chunyuan Li, Yuheng Li, and Yong Jae Lee. Improved baselines with visual instruction
tuning, 2023a.

Haotian Liu, Chunyuan Li, Qingyang Wu, and Yong Jae Lee. Visual instruction tuning. ArXiv
preprint, abs/2304.08485, 2023b.

Haotian Liu, Chunyuan Li, Yuheng Li, Bo Li, Yuanhan Zhang, Sheng Shen, and Yong Jae Lee.
Llava-next: Improved reasoning, ocr, and world knowledge, January 2024b. URL https:
//1llava-vl.github.io/blog/2024-01-30-1lava—-next/.

Zhuang Liu, Yunpu Ma, Matthias Schubert, Yuanxin Ouyang, Wenge Rong, and Zhang Xiong.

Multimodal contrastive transformer for explainable recommendation. IEEE Transactions on
Computational Social Systems, 2023c.

13


https://llava-vl.github.io/blog/2024-01-30-llava-next/
https://llava-vl.github.io/blog/2024-01-30-llava-next/

Under review as a conference paper at ICLR 2025

Pan Lu, Swaroop Mishra, Tanglin Xia, Liang Qiu, Kai-Wei Chang, Song-Chun Zhu, Oyvind Tafjord,
Peter Clark, and Ashwin Kalyan. Learn to explain: Multimodal reasoning via thought chains for
science question answering. Advances in Neural Information Processing Systems, 35:2507-2521,
2022.

Yiwei Lyu, Paul Pu Liang, Zihao Deng, Ruslan Salakhutdinov, and Louis-Philippe Morency.
Dime: Fine-grained interpretations of multimodal models via disentangled local explanations. In
Proceedings of the 2022 AAAI/ACM Conference on Al, Ethics, and Society, pp. 455-467, 2022.

Xinyu Ma, Xu Chu, Zhibang Yang, Yang Lin, Xin Gao, and Junfeng Zhao. Parameter efficient
quasi-orthogonal fine-tuning via givens rotation. arXiv preprint arXiv:2404.04316, 2024.

Brielen Madureira. Flamingos and hedgehogs in the croquet-ground: Teaching evaluation of NLP
systems for undergraduate students. In Proceedings of the Fifth Workshop on Teaching NLP, pp.
87-91, 2021.

Kenneth Marino, Mohammad Rastegari, Ali Farhadi, and Roozbeh Mottaghi. OK-VQA: A visual
question answering benchmark requiring external knowledge. In IEEE Conference on Computer
Vision and Pattern Recognition, CVPR 2019, Long Beach, CA, USA, June 16-20, 2019, pp.
3195-3204, 2019.

Ahmed Masry, Xuan Long Do, Jia Qing Tan, Shafiq Joty, and Enamul Hoque. Chartqa: A benchmark
for question answering about charts with visual and logical reasoning. In Findings of the Association
for Computational Linguistics: ACL 2022, pp. 2263-2279, 2022.

Minesh Mathew, Dimosthenis Karatzas, and CV Jawahar. Docvga: A dataset for vqa on document

images. In Proceedings of the IEEE/CVF winter conference on applications of computer vision, pp.
2200-2209, 2021.

Brandon McKinzie, Zhe Gan, Jean-Philippe Fauconnier, Sam Dodge, Bowen Zhang, Philipp Dufter,
Dhruti Shah, Xianzhi Du, Futang Peng, Floris Weers, et al. Mm1: Methods, analysis & insights
from multimodal llm pre-training. arXiv preprint arXiv:2403.09611, 2024.

Anand Mishra, Shashank Shekhar, Ajeet Kumar Singh, and Anirban Chakraborty. Ocr-vqa: Visual
question answering by reading text in images. In 2019 international conference on document
analysis and recognition (ICDAR), pp. 947-952. IEEE, 2019.

OpenAl. Gpt-4v(ision) system card, 2023.

Maxime Oquab, Timothée Darcet, Théo Moutakanni, Huy Vo, Marc Szafraniec, Vasil Khalidov,
Pierre Fernandez, Daniel Haziza, Francisco Massa, Alaaeldin El-Nouby, et al. Dinov2: Learning
robust visual features without supervision. arXiv preprint arXiv:2304.07193, 2023.

Vicente Ordonez, Girish Kulkarni, and Tamara Berg. Im2text: Describing images using 1 million
captioned photographs. Advances in neural information processing systems, 24, 2011.

Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya Ramesh, Gabriel Goh, Sandhini Agarwal,
Girish Sastry, Amanda Askell, Pamela Mishkin, Jack Clark, Gretchen Krueger, and Ilya Sutskever.
Learning transferable visual models from natural language supervision. In International Conference
on Machine Learning, 2021.

Krithik Ramesh and Yun Sing Koh. Investigation of explainability techniques for multimodal
transformers. In Australasian Conference on Data Mining, pp. 90-98. Springer, 2022.

Team Reka. Reka Core, Flash, and Edge: A series of powerful multimodal language models, 2024.

Shuhuai Ren, Junyang Lin, Guangxiang Zhao, Rui Men, An Yang, Jingren Zhou, Xu Sun, and Hongxia
Yang. Learning relation alignment for calibrated cross-modal retrieval. In Proceedings of the 59th
Annual Meeting of the Association for Computational Linguistics and the 11th International Joint
Conference on Natural Language Processing (Volume 1: Long Papers), 2021.

Shuhuai Ren, Sishuo Chen, Shicheng Li, Xu Sun, and Lu Hou. TESTA: Temporal-spatial token
aggregation for long-form video-language understanding. In Findings of the Association for
Computational Linguistics: EMNLP 2023. Association for Computational Linguistics, December
2023a.

14



Under review as a conference paper at ICLR 2025

Shuhuai Ren, Lei Li, Xuancheng Ren, Guangxiang Zhao, and Xu Sun. Delving into the openness of
CLIP. In Findings of the Association for Computational Linguistics: ACL 2023. Association for
Computational Linguistics, July 2023b.

Shuhuai Ren, Linli Yao, Shicheng Li, Xu Sun, and Lu Hou. Timechat: A time-sensitive multimodal
large language model for long video understanding. ArXiv, abs/2312.02051, 2023c.

Shuhuai Ren, Aston Zhang, Yi Zhu, Shuai Zhang, Shuai Zheng, Mu Li, Alexander J Smola, and
Xu Sun. Prompt pre-training with twenty-thousand classes for open-vocabulary visual recognition.
Advances in Neural Information Processing Systems, 36, 2024.

Raanan Y Rohekar, Yaniv Gurwicz, and Shami Nisimov. Causal interpretation of self-attention in
pre-trained transformers. Advances in Neural Information Processing Systems, 36, 2023.

Christoph Schuhmann, Richard Vencu, Romain Beaumont, Robert Kaczmarczyk, Clayton Mullis,
Aarush Katta, Theo Coombes, Jenia Jitsev, and Aran Komatsuzaki. Laion-400m: Open dataset of
clip-filtered 400 million image-text pairs. ArXiv preprint, abs/2111.02114, 2021.

Dustin Schwenk, Apoorv Khandelwal, Christopher Clark, Kenneth Marino, and Roozbeh Mottaghi.
A-okvqa: A benchmark for visual question answering using world knowledge. In Computer Vision—
ECCV 2022: 17th European Conference, Tel Aviv, Israel, October 23-27, 2022, Proceedings, Part
VI, pp. 146-162. Springer, 2022.

ShareGPT. Sharegpt. 2023.

Oleksii Sidorov, Ronghang Hu, Marcus Rohrbach, and Amanpreet Singh. Textcaps: a dataset for
image captioning with reading comprehension. In Computer Vision—-ECCV 2020: 16th European
Conference, Glasgow, UK, August 2328, 2020, Proceedings, Part II 16, pp. 742-758. Springer,
2020.

Amanpreet Singh, Vivek Natarajan, Meet Shah, Yu Jiang, Xinlei Chen, Dhruv Batra, Devi Parikh, and
Marcus Rohrbach. Towards VQA models that can read. In IEEE Conference on Computer Vision
and Pattern Recognition, CVPR 2019, Long Beach, CA, USA, June 16-20, 2019, pp. 8317-8326,
2019.

Enxin Song, Wenhao Chai, Guanhong Wang, Yucheng Zhang, Haoyang Zhou, Feiyang Wu, Xun Guo,
Tian Ye, Yan Lu, Jeng-Neng Hwang, et al. Moviechat: From dense token to sparse memory for
long video understanding. arXiv preprint arXiv:2307.16449, 2023.

Vinitra Swamy, Malika Satayeva, Jibril Frej, Thierry Bossy, Thijs Vogels, Martin Jaggi, Tanja Késer,
and Mary-Anne Hartley. Multimodn—multimodal, multi-task, interpretable modular networks.
Advances in Neural Information Processing Systems, 36, 2024.

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N Gomez, L.ukasz
Kaiser, and Illia Polosukhin. Attention is all you need. Advances in neural information processing
systems, 30, 2017.

Elena Voita, David Talbot, Fedor Moiseev, Rico Sennrich, and Ivan Titov. Analyzing multi-head
self-attention: Specialized heads do the heavy lifting, the rest can be pruned. In Proceedings of the
57th Annual Meeting of the Association for Computational Linguistics, pp. 5797-5808, 2019.

Saining Xie, Ross Girshick, Piotr Dollar, Zhuowen Tu, and Kaiming He. Aggregated residual
transformations for deep neural networks. In Proceedings of the IEEE conference on computer
vision and pattern recognition, pp. 1492-1500, 2017.

Kelvin Xu, Jimmy Ba, Ryan Kiros, Kyunghyun Cho, Aaron Courville, Ruslan Salakhudinov, Rich
Zemel, and Yoshua Bengio. Show, attend and tell: Neural image caption generation with visual
attention. In International conference on machine learning, pp. 2048-2057. PMLR, 2015.

Linli Yao, Weiying Wang, and Qin Jin. Image difference captioning with pre-training and contrastive
learning. In Proceedings of the AAAI Conference on Artificial Intelligence, volume 36, pp.
3108-3116, 2022.

15



Under review as a conference paper at ICLR 2025

Linli Yao, Yuanmeng Zhang, Ziheng Wang, Xinglin Hou, Tiezheng Ge, Yuning Jiang, and Qin Jin.
Edit as you wish: Video description editing with multi-grained commands, 2023.

Qinghao Ye, Haiyang Xu, Guohai Xu, Jiabo Ye, Ming Yan, Yiyang Zhou, Junyang Wang, Anwen Hu,
Pengcheng Shi, Yaya Shi, Chaoya Jiang, Chenliang Li, Yuanhong Xu, Hehong Chen, Junfeng Tian,
Qian Qi, Ji Zhang, and Fei Huang. mplug-owl: Modularization empowers large language models
with multimodality, 2023.

Licheng Yu, Patrick Poirson, Shan Yang, Alexander C Berg, and Tamara L Berg. Modeling context in
referring expressions. In Computer Vision—-ECCV 2016: 14th European Conference, Amsterdam,
The Netherlands, October 11-14, 2016, Proceedings, Part Il 14, pp. 69-85. Springer, 2016.

Xiaohua Zhai, Basil Mustafa, Alexander Kolesnikov, and Lucas Beyer. Sigmoid loss for language
image pre-training. In Proceedings of the IEEE/CVF International Conference on Computer Vision,
pp. 11975-11986, 2023.

Haozhe Zhao, Zefan Cai, Shuzheng Si, Xiaojian Ma, Kaikai An, Liang Chen, Zixuan Liu, Sheng
Wang, Wenjuan Han, and Baobao Chang. Mmicl: Empowering vision-language model with
multi-modal in-context learning. ArXiv preprint, abs/2309.07915, 2023.

Deyao Zhu, Jun Chen, Xiaogian Shen, Xiang Li, and Mohamed Elhoseiny. Minigpt-4: En-
hancing vision-language understanding with advanced large language models. ArXiv preprint,
abs/2304.10592, 2023.

Xizhou Zhu, Weijie Su, Lewei Lu, Bin Li, Xiaogang Wang, and Jifeng Dai. Deformable detr:
Deformable transformers for end-to-end object detection. In International Conference on Learning
Representations, 2020.

A DetaiLs oF R-GAE ExpLANABILITY TOOL

A.1 BACKGROUND: GAE EXPLAINABILITY FOR TRANSFORMER LLAYERS

The Generic Attention Explainability (GAE) (Chefer et al., 2021a) is a powerful method to interpret
predictions for bi-modality Transformer-based architectures. It has the advantage of acquiring the
relevance map from two arbitrary layers in the Transformer through propagation. Essentially, the
GAE method generates a relevance map A for each self-attention layer or cross-attention layer by
integrating raw attention maps and gradients. Then it aggregating the relevance maps of all layers
into a overall single map R. Formally, denote a Transformer architecture as ¢, its attention map of
each layer as A, the input modality tokens as € R™*? and the output predict class as y. We aim to
visualize the relevance map R_.; € RY from class y to input tokens I. Take the self-attention layer
as an example, the relevance map A for each layer and the propagation of final map R, are termed
as:

A=E, (VAo A)T), 2)

R—R+A R, 3)

where each layer’s attention map A can be obtained through a forward pass and the related gradient

VA = ()gx/) can be cached during a backward pass. ® is the Hadamard product, (-)T represents the
operation of setting negative values to 0, and [E;, is the mean across the attention heads dimension. The
overall map R is initialized as the identity matrix with the intuition that each input token’s relevance
score is identical in the beginning. The propagation Formula 3 updates the R from a start layer L to
an end layer L. (L. > Ly ) in the Transformer. The cross-attention propagation is similar, which
maintains two relevance matrices for two modalities and updates them through the layer interaction.
Please refer to the details of the propagation formula across cross-attention layer from the original

paper.
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A.2 R-GAE ProraGaTiON FOR MLLMs

The traditional GAE map is designed for a classification task with the special CLS token. We
adapt it to MLLM architectures and propose the R-GAE explainability tool. As Figure 2 shows, a
typical MLLM architecture comprises a Vision Transformer (ViT) ¢,, to acquire patch-level visual
representations Z € RY X4/ (containing N patches), a projector @, to transform visual representations
into the textual embedding space as Q, and an LLM ¢, that handles both vision and instruction tokens
to output hidden states 7 € RZ*97 and generate responses Y = {y1, v, ..., yr}. We summarize
widely adopted projectors into two branches:

Non-compressive Projectors maintain the number of patch tokens N and only transform the visual
embedding dimension to match the dimension of the LLM, as exemplified by the linear projector (Liu
et al., 2023b). The projected visual tokens can be denoted as Q € RY*dr

Compressive Projectors reduce the number of patch tokens N to a specified lesser number M
(M < N), conserving training resources. For instance, QFormer (Li et al., 2023d) learns pre-defined
query tokens to compress original visual tokens. These compressed query tokens Q € RM*47 are
then fed into the LLM providing vision information.

We initialize three GAE relevance maps including a Text-to-Patch map as Ry, 7, a Text-to-Query
map as R7_, o, and a Query-to-Patch map as Rg_,7. As Figure 3 depicts, given an image and an
instruction (e.g., “Please describe the image with a concise sentense”), an MLLM will generate a
textual description Y = {y1,¥s,. ..,y } referring to the visual information. During the generation
step ¢, we can cache the attention map A, A,, A; across the ViT, the projector and the LLM during
a forward pass. Then specifying a word class ; as the target predict, we can get the gradients VA,,
VA,, VA, in each module through a backward pass. The LLM module in MLLMs substantially
contains self-attention layers, therefore, we can propagate the R%-_, o € R**M according to Formula 3
from LLM’s first layer to its last layer. The QFormer-type projector consisting of self-attention and
cross-attention layers can also be propagated similarly to get Rtg 1 € RM*N - Subsequently, the
overall text-to-patch relevance map can be obtained by matrix multiplication of text-to-query and
query-to-patch maps:

R%’%I = R’tTHQ X RtQ%I “

For a complete sentence Y, we integrate the GAE relevance maps from each time step ¢ by averaging
them to obtain the overall visual relevance related to a factual sentence. The final three maps are
formulated as followings, in which R+_,z € RN Ry, o € RV*M and Rg_,7 € RM*N,

L L L
1 1 1
Rr,o= I E Rg’an Ro 7z = i3 § RtQaTa Rroz = i § R%’%I &)
t=1 t=1 t=1

For non-compression projectors maintaining the number of original patches, such as linear layers, the
Query-to-Patch map is an identity mapping based on the one-to-one correspondence between queries
and patches. Consequently, the Query-to-Image map visualizes the original image consisting of 576
patches. The Text-to-Query map is obtained in the same manner as in the QFormer, which propagates
from the R-GAE maps in the Language Model (LLM).

For the AdaptiveAvgPool projector in the DeCo method, a 2D spatial down-sampling mapping is
constructed from the original tokens to the compressed tokens. For an operation window with kernel
size K, the merged token is assigned a relevance score equal to 1/K? of the sum of the relevance
scores of each raw token within the window. The corresponding Query-to-Patch map can be calculated
using this simple mapping rule. Similar to the QFormer, the Text-to-Query map is obtained from the
LLM layers.

B ComprarisoN BETWEEN R-GAE AND Raw ATTENTION MAPS

The R-GAE map offers two advantages over raw attention maps: (i) it demonstrates better explain-
ability (Chefer et al., 2021a) by integrating both attention maps and gradients, and (ii) it can track
token relevance from a target layer (e.g., output textual tokens) to the first layer (e.g., original patch
tokens). In contrast, the attention map commonly used from the last layer of the Large Language
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Figure 9: Comparison between the R-GAE and raw attention map explainability on the same case
from the QFormer projector, which compresses 576 vision tokens to 64 query tokens.

Model (LLM) can only show the relevance of mixed tokens in that layer, where the tokens related to
the vision input position or the output word position have incorporated the semantics of other tokens
through attention operation in previous layers.

Figure 9 visualizes the R-GAE relevance maps and the raw attention maps for a comparative analysis.
The Query-to-Patch map of raw attention is obtained from the last cross-attention layer in the QFormer,
while the Text-to-Query map of raw attention is derived from the last layer in the LLM. By visualizing
the same model and image-text pair, it becomes evident that R-GAE provides a more interpretable
representation of the inner vision-language alignment of an MLLM. In contrast, the raw attention
map highlights an unrelated visual patch, such as the sky, which introduces an additional error in the
explainability procedure when analyzing semantic alignment. An in-depth analysis reveals that the
error in the raw attention map primarily originates from the Text-to-Query map of the last LLM layer.
This can be attributed to the fact that the LLM consists of 32 self-attention layers, and the relevance
among query tokens and text tokens in the last layer has deviated due to the fusion of semantics
from other tokens in previous layers. On the other hand, the Query-to-Patch map exhibits relatively
similar characteristics to the R-GAE map. This similarity can be explained by the architecture of the
QFormer, which only employs a single cross-attention layer, thus minimizing the influence of token
fusion across layers for raw attention.

C TRrRAINING HYPER-PARAMETERS

Architecture of Used Projectors.

1. C-Abstractor comprises 3-layer ResNet blocks (Xie et al., 2017), the adaptive average pooling
and another 3-layer ResNet blocks.

2. D-Abstractor leverages Deformable Attention (Zhu et al., 2020) to replace the vanilla
attention and conduct well-designed initialization of query tokens. We adopt a two-layer
D-Abstractor.

3. QFormer is a two-layer BERT (Devlin et al., 2019) architecture same as the the BLIP-2 (Li
et al., 2023d) and we load the BLIP-2 pre-training weights as an initialization.

4. Linear projector is a two-layer MLP with the GELU activation same as the LLaVA v1.5 (Liu
et al., 2023a).

5. AdaptiveAvgPool is parameter-free, we utilize a two-layer MLP as the linear projector to
map the vision feature dimension to the LLM’s.
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Training Parameters. Our experiments are conducted under two primary training settings. The
main experiments are built on the LLaVA v1.5 framework, as shown in Table 5. The generalization
experiments are constructed using a more lightweight setup that involves only the instruction tuning
stage, referring to the PRISM (Karamcheti et al., 2024) approach. Specific training hyperparameters
are detailed in Table 6.

Table 5: Hyper-parameters of main experiments.

Hyperparameter | Pretrain Finetune

batch size 256 128
Ir le-3 2e-5
Ir schedule cosine decay
Ir warmup ratio 0.03
weight decay 0

epoch 1
optimizer AdamW
DeepSpeed stage 2 3

Table 6: Hyper-parameters of generalization experiments.

Hyperparameter | Value

Batch Size 128

Max Gradient Norm 1.0

Weight Decay 0.1

Learning Rate 2e-5
Optimizer AdamW
Scheduler Warmup & Cosine Decay
Warmup Ratio 0.03

D More R-GAE RELEVANCE MAPS

Figure 10 presents additional visualized cases of the R-GAE relevance map across different projectors.

E BROADER IMPACTS

Our work utilizes off-the-shelf frozen LLMs, which means it shares some of their intrinsic drawbacks,
such as generating hallucinated, ungrounded text or biased outputs. We mitigate these issues by
enhancing the model’s grounding in both visual and instruction inputs. Additionally, our training
dataset includes 40K examples of safety data sourced from ShareGPT, instructing the models to
refuse responses to toxic, inappropriate, or otherwise unsafe inputs. However, we do not recommend
applying our models to any downstream applications without a prior assessment of safety and fairness
specific to that application.
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(a) R-GAE maps related to the generated text “small orange Nissan pick up truck in traffic”. In this case, all
projectors reserve the effective visual representation and translate it to the LLM. Specifically, the Qformer-based
MLLM attends to the query indexing (0, 2) which highlights the “Nissan” semantics on the image. This indicates
extracting effective visual semantic concepts in the first abstraction by the QFormer is important for the traditional
compressive projectors.

Text: skateboard of boy wearing red and white tennis shoes
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(b) R-GAE maps related to the generated text “skateboard of boy wearing red and white tennis shoes” are shown
in Figure 10. In this case, the QFormer-based MLLM fails to attend to the relevant patches with the “red and
white tennis shoes” attributes. In contrast, both the linear projector and the AdaptiveAvgPool highlight the
correct patches.

Figure 10: Visualization of additional R-GAE relevance maps. The linear projector is non-compressive,
while the QFormer and Adaptive Average Pooling (AdaptiveAvgPool) compress the original 576
vision tokens to 64. For better visualization, the highlighted query tokens from the text are framed in
red.
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