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ABSTRACT

This paper introduces reconstructive visual instruction tuning (R0SS), a family of
Large Multimodal Models (LMMs) that exploit vision-centric supervision signals.
In contrast to conventional visual instruction tuning approaches that exclusively
supervise text outputs, ROSS prompts LMMs to supervise visual outputs via recon-
structing input images. By doing so, it capitalizes on the inherent richness and detail
present within input images themselves, which are often lost in pure text supervi-
sion. However, producing meaningful feedback from natural images is challenging
due to the heavy spatial redundancy of visual signals. To address this issue, ROSS
employs a denoising objective to reconstruct latent representations of input images,
avoiding directly regressing exact raw RGB values. This intrinsic activation design
inherently encourages LMMs to maintain image detail, thereby enhancing their
fine-grained comprehension capabilities and reducing hallucinations. Empirically,
ROSS consistently brings significant improvements across different visual encoders
and language models. In comparison with extrinsic assistance state-of-the-art
alternatives that aggregate multiple visual experts, ROSS delivers competitive per-
formance with a single SigL.IP visual encoder, demonstrating the efficacy of our
vision-centric supervision tailored for visual outputs.

1 INTRODUCTION

The success of GPT-style Large Language Models (LLMs) (Radford et al., 2018; 2019; Brown et al.,
2020; OpenAl, 2023b; Yang et al., 2024a; Touvron et al., 2023; Chiang et al., 2023; Dubey et al., 2024)
has motivated researchers to adapt LLMs to understand multimodal inputs (Liu et al., 2023a; 2024a;
Dai et al., 2023; Bai et al., 2023). Notably, visual instruction tuning approaches (Liu et al., 2023a)
demonstrate superior performance with cost-efficient training recipes. Some approaches (Chen et al.,
2024b; Li et al., 2024c) even surpass GPT-4V (ision) (OpenAl, 2023a) on benchmark evaluations.

Typically, these Large Multimodal Models (LMMs) based on visual instruction tuning adopt a plug-in
architecture, as depicted in Figure 1a, where pre-trained vision-language foundation models such as
CLIP (Radford et al., 2021) are responsible for projecting images into visual tokens. They serve as
prefix tokens for multimodal comprehension. However, this type of design, i.e., visual encoder —
connector — LLM <= language instructions, where “<" indicates supervision, is primarily LLM-
centric: (i) visual comprehension largely depends on vision-to-text alignment and the selected vision
models, and (ii) supervision derives exclusively from text data. As a result, they exhibit systematic
visual shortcomings such as recognizing specific visual patterns (Tong et al., 2024b).

Until very recently, some concurrent works proposed vision-centric solutions (Tong et al., 2024a;b).
Ilustrated in Figure 1b, their solutions leverage extrinsic assistance via aggregating several different
visual experts. Inspired by the evolution in image recognition, from manually designed visual

*Corresponding authors. T Project lead.


https://haochen-wang409.github.io/ross

Published as a conference paper at ICLR 2025

Figure 1: Conceptual comparisonbetween different pipelines(a) Typical visual instruction
tuning approaches (Liu et al., 2023a; 2024a) follow a LLM-centric design that solely leverage text
supervision(b) Aggregated visual instruction tuning alternatives (Tong et al., 2024a;b) leverages
extrinsic assistanceia combining several visual experts, requiring a careful selection of visual experts.
(c) Our Ross, with a single visual encodee,.g, CLIP (Radford et al., 2021) and SigLIP (Zhali

et al., 2023), designs extra vision-centric reconstructive supervisimrassic activation In this

way, LMMs are required to preserve every detail of input images, thereby enhancing multimodal
comprehension capabilities and reducing hallucinations.

features (Sanchez & Perronnin, 2011) to learnable deep convolutional models (Krizhevsky et al.,
2012), we suggest thattrinsic activationoffers a more viable path forward. Just as deep models
automatically learn hierarchical and abstract features from raw data, we hielieusic activation
methods are similarly more adaptable for multimodal comprehension, reducing reliance on hand-
crafted engineering, thereby enhancing both generalization and performance. Therefore, we aim to
exploreintrinsic activationsolutions based on the following principles:

1. Supervise Visual Outputs.Current LMMs solely supervise text outputs, neglecting a signif-
icant amount of visual outputsused For instance, LLaVA-v1.5 (Liu et al., 2024a) utilizes
576visual tokens to represent a sin@86 336image, yet their corresponding outputs
remainunsupervisedintuitively, since input images themselves inherently provide rich and
detailed information, we regard LMMeconstructing input imagess the supervision of
those visual outputs. This approach encourages LMMs to maintain low-level details, thereby
enhancing their ne-grained comprehension abilities and reducing hallucinations.

2. Explore the Optimal Formulation. Designing thisself-supervisethsk effectively is not
straightforward. Motivated by the successmdskedautoencoder (He et al., 2022) compared
to its basic version denoising autoencoder (Vincent et al., 2008), we identify hahelivy
spatial redundancy of visual signads the underlying key factor. To this end, we formulate
our approach as follows(i) for reconstructiortargets instead of raw RGB pixels, we
make LMMs reconstrudatent visual tokensand(ii) for reconstructiorobjectivesto avoid
directly regressing exact token values, we adopt per-tdiesising

To this end, we proposRoss, termed ofr emnstructive vsual instruction tuning, which utilizes

input images as direct supervision signals illustrated in Figure 1c. Technically, to address the spatial
redundancy inherent in natural visual signals (He et al., 2022), we train a small denoising network,
which takes high-level visual outputsas conditions to recover low-level ne-grained visual tokens

z, representing an underlying distributip(zjx). These latent tokersare derived from a frozen
teacher tokenizer such as continuous VAE (Kingma, 2013) and discrete VQGAN (Esser et al., 2021).
Unlike extrinsic assistanceolutions (Tong et al., 2024a;b), omtrinsic activationsolution naturally
maintains a lightweight inference procedure. More importantly, when adapting to new visual domains,
our solution avoids a careful choice of new domain-speci c experts, MiDaS-3.0 (Birkl et al.,

2023) for understanding depth maps, which is more ef cient and easier to implement.

Empirically, Ross achieves top performance across a wide range of multimodal comprehension
benchmarks. Notably, olROSS excels in ne-grained vision-centric benchmarks (Tong et al.,
2024b; Masry et al., 2022) and hallucination benchmarks (Guan et al., 2024; Li et al., 2023c). To be
speci ¢, with asingleSigLIP (Zhai et al., 2023) as the visual encod®gss-7B achieves 57.3 on
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HallusionBench (Guan et al., 2024) and 54.7 on MMVP (Tong et al., 2024b), signi cantly outperforms
state-of-the-art alternatives with similar model sizes which aggregate several visual exprtitisiak
assistancee.g, Cambrian-1-8B (Tong et al., 2024a). In-depth analysis demonstrates the effectiveness
of Rossfor directing focus towards visual elements and understanding depth maps. We hope our
research will inspire future work in designing supervision signals for large multimodal models.

2 RELATED WORK

Visual Instruction Tuning. Most visual instruction tuning-based LMMs adopt a plug-in architec-
ture (Liu et al., 2023a; 2024a; Bai et al., 2023; Wang et al., 2024c), where a language-supervised
visual encoder (Radford et al., 2021; Zhai et al., 2023) is responsible for extracting visual tokens. A
connector is used to map those visual representations into the LLM spgc&®esamplers (Alayrac

et al., 2022), Q-Formers (Li et al., 2023b; Dai et al., 2023; Bai et al., 2023; Ge et al., 2024a), and
MLPs (Liu et al., 2023a; 2024a; Li et al., 2024c; Liu et al., 2024b; Li et al., 2024a). These LMMs
usually follow a two-stage training recipe. During the alignment stage, the connector is trained
on high-quality caption data. Next, the full model is trained on single-image visual instruction
tuning data. Howevennly text outputgre supervisedr0ss, on the other hand, introduces novel
vision-centric supervision via reconstructing ne-grained visual tokens conditionetsoal outputs

Visual Encoders for LMMs. As the original CLIP (Radford et al., 2021) adopted by conventional
visual instruction tuning approaches is trained on noisy image-text pairs, it exhibits speci ¢ visual
shortcomings, and thus stronger backbones (Fang et al., 2024; Zhai et al., 2023; Chen et al., 2024c)
have been introduced to LMMs. Some concurrent works (Tong et al., 2024b;a) leesteagsic
assistancewhich further utilizes vision-only self-supervised models (Oquab et al., 2023; Wang

et al., 2023a;b;c; He et al., 2022; Caron et al., 2021) and domain experts (Kirillov et al., 2023; Birkl

et al., 2023; Shen et al., 2023; Gu et al., 2024; Zhang et al., 2024a; Wang et al., 2022; 2024a;b).
Ross, from a newintrinsic activationperspective, aims to catalyze enhanced comprehension through
reconstructing input imagesith no extra visual experts.

Generative Objectives for LMMs. Another line of work introducepre-trainedtext-to-image
diffusion models (Rombach et al., 2022) to make LMMs capable of both comprehensige=and
eration (Dong et al., 2024; Ge et al., 2024a; Sun et al., 2024b; Ge et al., 2024b; Sun et al., 2023;
Ren et al., 2025). OuRoss with a totally different motivation, targets to catalyze multimodal
comprehension vieeconstruction Speci cally, conditions are different, where Dong et al. (2024)
and Sun et al. (2024b) take outputs correspondingdmable queriesas conditions, while our
Rosstakes outputs corresponding\isual inputs Those methods agenerativewvhile Rossis
reconstructive The detailed pipeline comparison can be found in Appendix C.

3 PRELIMINARIES

Large Multimodal Models. In the literature (Radford et al., 2018; 208),—@arameterized LLM
models the canonicakusaldistribution of eachiexttokenx; asp (x) = iT:1 p (XijX<i ), where
fxigl.,; represents a sequence of text tokens. To make LLMs understand visual contents, typical
plug-in style LMMs (Liu et al., 2023a; 2024a) regard a sequence of visual tokens as pre x tokens.
Speci cally, an input imagé 2 RY W 3 s rst projected into a sequence of visual tokens by a
-parameterized visual encodér such as CLIP (Radford et al., 2021) and SigLIP (Zhai et al., 2023),
where(H; W) indicates the spatial resolution. Then, garameterized multimodal projectdr
is utilized to project these visual tokens into the feature space of LLMs. As a result, the canonical
causal distribution in anultimodalsentence containing an imabégecomes

Y
p(X)= p (Xijx<;v); v=H G (), 1)
i=1
where = f ;; gisthe parametersand2 RN P indicates the projected visual tokems.is
the number of visual tokens amd indicates the feature channel. The visual enc@lezould be
either frozen (Liu et al., 2023a; 2024a; Tong et al., 2024a) or ne-tuned (Liu et al., 2024b; Bai et al.,
2023; Li et al., 2024c; Wang et al., 2024e).

Training Recipes for LMMs. LMMs almost follow a two-stage training recipe (Liu et al., 2023a),
i.e, the pre-training stage (or the alignment stage) and the supervised ne-tuning stage (or the
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instruction tuning stage). The instruction (supervision) comes from languages such as the answers to
VQA tasks, maximizing the log-likelihood daéxtoutputs:

text = f:-
LMM - [

1 X .
e logp (XijX<i;V); )
i=N+1
whereN represents the number of visual tokens and visual outputs (one input token corresponds to
one visual output). From Equation (2), we can tell that only text outpyts are supervised.

4 ROSS RECONSTRUCTIVEVISUAL INSTRUCTIONTUNING

In this section, we rst provide an overview of our reconstructive visual instruction turR@se).

Then, we discuss our explorations towards the optimal formulation in the following subsections,
with the ultimate goal ohandling spatial redundancy of visual signadsprovide meaningful visual
supervision. Our explorations mainly include reconstructasgetsand the trainingbjective

Overview. lllustrated in Figure 2, the over-
all philosophy of ourRossis to construct
reconstructivevisual supervision signals
on visual outputx; y . The training ob-
jective includeqi) the original next-token
prediction onx >y shown in the right part
of Figure 2, and(ii) anotherreconstruc-
tive termin the left part of Figure 2j.e,,
Lross = L{&%, + LYsual  Speci cally,
this visual term could be any custom mea-
surement$ betweerx; y and specic
reconstruction targets of image

Lyssal (= f55;  gx;l)
=M@ (xi n)F());
whereJ indicates the -parameterized
post projection that maps the dimensio

of visual tokensx; Ny to be consistent
with the teacher tokenizét .

®3)

A:Sigure 2:Overview of Ross. Given an input image
and the corresponding text to this imagnssaims to
supervise visual outputs by reconstruction.

Variants of Ross Evidently, different choices df andM contribute to different variants-
controls the reconstructidargetwhile M de nes theobjective

1. Towards thearget F can be the pachify operation (Dosovitskiy et al., 2021), resulting in
pixel-levelreconstruction, or pre-trained ne-grained visual tokenizers such as VAE (Kingma,
2013) and VQGAN (Esser et al., 2021), leadinddtent-levelreconstructionF could even
be vision-only models such as DINOv2 (Oquab et al., 2023), making LMMs learn speci ¢
visual patterns fronk , which is also a type dhtent-levelreconstruction.

2. Towards theobjective the most straightforward choice bf is MSE or cosine similarity for
regressingaw pixel values or latent features, respectively. We also exploréeheising
objective (Ho et al., 2020) to avoid being overwhelmed by tting exact values.

We introduce our explorations step by step in the following sections. The ultimate goal of our
exploration is to design an appropriate self-supervised reconstructive pre-text task that provides
meaningful vision-centric supervision signals to LMMs, where handlingffaial redundancyf

visual signals (He et al., 2022) becomes the crux.

4.1 ROSS}: REGRESSING ASRECONSTRUCTIVEVISUAL INSTRUCTION

In this section, we introduce straightforward variants, regressingas reconstructive visual in-
struction. As shown in Figure 3, depending on the choicE pit mainly has three variants: (a)
RossR-Pixel, (b)RossR-Latent, and (CRoss?-Latent2Pixel.
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Figure 3: Variants oRoss}, whereregressiorobjectives are either computed on raw RGB values in
(a) and (c), or speci c latent space determinedroyn (b). We adopt MSE aB for pixel regression
in (a) and (c), and cosine-similarity ftatentregression in (b), respectively.

Directly Regressing Raw RGB ValuesThe most straightforward variant is to directly regress raw
RGB values illustrated in Figure 3a, calleR6ss:-Pixel”. Under such a setting; is the patchify
operation (Dosovitskiy et al., 2021), reshaping the imageR" W 3 into a sequence of attened

2D patches, 2 RN @P%), where(P; P) is the resolution of each image patch atds HW=P?2
indicates the resulting number of patchés. can be a simple MLP, mapping the dimension of visual
outputsx; y fromD to 3P?. The measuremeM is MSE. However, as visual signals suffer from
heavy spatial redundandyie et al., 2022), such a design may not provide meaningful supervision to
LMMs. An intuitive alternative to avoid directly regressing raw RGB values while still reconstructing
the image is to urge LMMs to reconstrdatent tokensintroduced as follows.

Regressing Latent Tokens.lllustrated in Figure 3bRoss?-Latent aims to regress ne-grained
latenttokens extracted by the teacher tokeniZeican be models trained with discriminative tasks
such as DINOv2 (Oquab et al., 2023) and DEIT-III (Touvron et al., 2022). défeoderpart of
models trained with reconstruction tasks such as VQGAN (Esser et al., 2021) and VAE (Kingma,
2013) are also capabl# here is the consine-similarity. Intuitively, tlikecoderpart of the latter

is able to remap latent tokens into the pixel space. Therefore, supervising in the pixel space via
decodingbecomes another valid variant introduced as follows.

Regressing RGB Values via Decodingshown in Figure 3cRoss*-Latent2Pixel requires decoder
to project predicted latent tokedsinto the RGB pixel space, resulting in predicted iméigeetF 1
be thedecodemart of VQGAN (Esser et al., 2021) or VAE (Kingma, 2013), andrégressiveMSE
objectiveM is performed on pixel-space. Note that we simply Esé to represent the decoding
process, which is actuallyotthe inverse function of mathematically.

Discussion.Recall that we need to nd the optimal solution to address the spatial redundancy of
natural visual signals, tharget-levelexploration above achieves this gpalrtially, as theobjective

is limited to vanilla regression. To this end, inspired by Ho et al. (2020) and Li et al. (2024¢e), we
further incorporate a novelenoisingobjective in the following section.

4.2 Ro0sS’: DENOISING ASRECONSTRUCTIVEVISUAL INSTRUCTION

As an objective for handlingeavy spatial redundandy provide meaningful vision-centric super-
vision signals, denoising is better than vanilla regressing, since the introduction of noise into the
training data acts as an implicit form of data augmentation and regularization. The denoising process
encourages the model to focus on the underlying data manifold rather than memorizing speci c
instance values (Chen et al., 2023c; Song & Ermon, 2019; Karras et al., 2022; Yang et al., 2024b).

Techinically, as illustrated in Figure 4a, our n&oss’ takes high-level visual outputs; y

as conditions to recovarlean ne-grained tokenszy from noisytokensz,. Speci cally, clean
tokenszp = F (1) are obtained from the teacher tokenigerBy default, we utilize a continuous

VAE (Kingma, 2013) regularized by Kullback—Leibler (KL) divergence provided by Rombach et al.
(2022), since it is believed to capture suf cient image details. The training procedure of the denoiser
J follows a diffusion process (Ho et al., 2020):

Ll (= foor gxi)=E 3 @oxi wit) % 4)

The denoised actually estimates the conditional expectati€in N (O;1)jz;]. More details
about the background knowledge of diffusion models can be found in Appendix A.
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Figure 4: lllustration of (a) the training procedureRbss® and (b) the detailed architecture of
the denoised . (a) Ross’ introduces visual guidance vilenoising ne-grained visual tokerzs
conditioning on visual outputs; \ . (b) The denoiser takes noisy tokens current timesteps and
conditionsx; N as inputs and outputs the predicted ndiseEach denoiser block consists of three
linear projection layers and a standard self-attention block (Vaswani et al., 2017).

Architecture of the Denoiser. As conditionsx; y arecausa) we introduce a self-attention module

to model the inter-token dependencies illustrated in Figure 4b. Speci cally, the architecture of the
denoiser is a stack of Transformer Encoder blocks (Vaswani et al., 2017) and each block contains
three extra projections for conditiors y , inputsz;, and timesteps, respectively.

Choices of the Teacher TokenizerBy default, we adoptatentdenoising and we take a continuous
tokenizer provided by Rombach et al. (2022)Rassince it manages to reconstruct input images
with a low rFID (Heusel et al., 2017) and thus it is expected to preserve many low-level details of
input images. This extra reconstructive objective, howeverptdimited to any certain tokenizer

F . Discrete tokenizers such as VQGAN (Esser et al., 2021), and vision self-supervised models
such as DINOv2 (Oquab et al., 2023), are also quali ed to be the tokenizer. Even the patchify
operation (Dosovitskiy et al., 2021) is capable, resultingikel denoising.

5 EXPERIMENTS

5.1 ABLATION STUDY

Implementation Details. All ablation studies are implemented based on LLaVA-v1.5 (Liu et al.,
2024a). The visual encod& is CLIP-ViT-L/14@336 (Radford et al., 2021) and the base LLM

is Qwen2-7B-Instruct (Yang et al., 2024a). The training data is LLaVA-558K (Liu et al., 2023a)
and Cambrian-737K (Tong et al., 2024a) for the pre-training stage and the instruction tuning stage,
respectively. We evaluate our each varianRafss mainly on(i) hallucination: POPE (Li et al.,
2023c) and HallusionBench (Guan et al., 204#), ne-grained comprehension: MMVP (Tong

et al., 2024b) and ChartQA (Masry et al., 2022), &yl general comprehension: MMBench (Liu

et al., 2023b) English dev split. All evaluations are conducted with VLMEvalKit (Duan et al., 2024).
Evaluation prompts can be found in Appendix B.

Pixel Regressionv.s. Latent Regression.Starting from the visual instruction tuning baseline (Liu

et al., 2023a; 2024a), we rst explore the effectiveness of uséggessionas the objective for

our reconstructive visual instruction tuning. We utilize a continuous VAE (Kingma, 2013) with an
encoder-decoder architecture provided by Rombach et al. (2022), whesedbéemart serves ab

for Ross-Latent while thedecoderpart isF ! for Ros-Latent2Pixel. As illustrated in Figure 5,

our vision-centric regression supervision outperforms the visual instruction tuning baseline in most
cases. Moreover, latent regression performs the best mgressing raw RGB pixels fails to provide
meaningful supervision signalsegardless of whether utilizing a decoder or not.

Choices ofF . We study the effectiveness across different latent teacher tokeRizerkigure 6,
including KL-16 provided by Rombach et al. (2022), which is a continuous VAE (Kingma, 2013) with
Kullback—-Leibler (KL) divergence, self-supervised DINOv2 (Oquab et al., 2023), fully-supervised
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Figure 5:Pixel Regressiorv.s. Latent Regression.The teacher tokenizét for Ross?-Latent is the
encoderof a continuous VAE (Kingma, 2013) provided by Rombach et al. (2022), whiteiteder
serves ag ! for RossR-Latent2Pixel. Our vision-centric reconstructive supervision surpasses the
visual instruction tuning baseline in most cases. Among three regression vaRasts:-Latent
performs the best, as it avoids explicitly regressing redundant raw RGB values.

Figure 6: Choices of the latent teacher tokenizef~. KL-16 (Rombach et al., 2022) is the

best tokenizer as it is originally used fmconstruction and it is expected to preserve the most
image details. Other alternatives are utilized for classi cation (Touvron et al., 2022), instance-level
representation learning (Oquab et al., 2023), and language alignment (Fang et al., 2024), respectively.

Figure 7:Regressiorv.s. Denoising. With KL-16 as the tokenizer, the denoising objective introduced
in Equation (4) brings signi cant improvements over vanilla regression using MSE as it avoids
over tting exact latent token values, everRibss?-Latent (KL-16) has already outperformed the
visual instruction tuning baseline by a large margin.

Figure 8:Qualitative comparison on attention mapson MMVP (Tong et al., 2024b), where we
keep thesamel LM and training data. With extra vision-centric supervision signRiessurges the
model tofocus on speci ¢ image contents corresponding to the questitinhigher attention values.

DEIT-lll (Touvron et al., 2022), and language-supervised EVAO2CLIP (Fang et al., 2024). Among
them, KL-16 is the best choice. One intuitive explanation is that it is expected to preserve the most
image details, since it was originally designed to accurately reconstruct input images.

Regressiorv.s.Denoising.In Figure 7, we study the effectiveness of ttenoisingobjective over
vanilla regression across different tokenizérs, KL-16 (Rombach et al., 2022) and DINOv2 (Oquab
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Table 2: Generative v.s. Reconstructive. Following Sun et al. (2024b) and Dong et al. (2024),

we adopt 576 learnable latent tokenggteerythe LMM and utilize the corresponding outputs as
conditions to the denoiser for generative cases. Extra 102K caption data from ShareGPT4V (Chen
et al., 2023b) is introduced to the original SFT data, facilitating text-to-image creation. Reconstructive
objectives boost comprehension while generative alternataesot

Method SET Data wi L Visual Hallucination Fine-Grained General
737K 102K POPE Hallu. MMVP ChartQA MME
Baseline 737K Caption102K - - 86.2 551 32.0 30.9 74.4
Reconstructive 737K €aption102K X X 87.6 58.0 38.7 40.4 75.2
Reconstructive 737K €aption102K - X 876 56.3 37.3 39.7 74.9
Generative 737K €reation102K - X 854 52.0 30.0 31.2 73.9

Table 3:The effectiveness of the vision-centric supervision among various LLMs and visual
encoders whereL /'@ manages to bring signi cant improvemernusnsistently

Language Model L} pOPE Hallu. MMVP ChartQA OCRBench MMB
Visual Encoder: CLIP-ViT-L/14@336
. — 863 52.5 28.0 32.9 339 67.0
Vicuna-7BVL5 o 875009 55833 360 80 398 69 350° 11  67.6 06
87.9 55.0 29.3 34.0 363 73.8

Qwen2-7B-Instruct  y gg'4 05 5717 42.0' 127 37.0°31 38118 752 1.4
Visual Encoder: SigLIP-ViT-SO400M/14@384

. — 860 50.4 273 36.2 354 64.5
Vicuna-7B-vl.5 ggeing 53228 380 10.7 41.6 54 365 11 657" 1.2

_ 885 57.3 40.7 44.4 432 76.3
Qwen2-7B-Instruct @87 15 582 09 493 86 463 1.9 448 16  76.9 06

et al., 2023). Notably, even Ross*-Latent (KL-16) has already outperformed the visual instruction
tuning baseline by a large margiRps<s® manages to bring signi cant improvements by replacing
regression with denoising. Therefodenoising is better at handling visual spatial redundancy

Finally, we leverage the insights and conclusions from all our previous studies to traRoas
Speci cally, we regard the optimal formulatioRoss® (KL-16), i.e., denoising with the KL-16
tokenizer, as our naRoss Please refer to Appendix C.2 for ablations on the architecture of the
denoiser, continuous tokenizes. discrete tokenizer, and the denoising schedule.

5.2 IN-DEPTHANALYSIS

Attention Analysis. We compute the attention scoreSable 1:Quantitative comparison on atten-
of thelasttoken with respect tall visual tokenon tion values. We conduct a T-test (Student,
MMVP (Tong et al., 2024b). Quantitative and qualita-908) to compare theeansand a Mann-
tive comparisons between the visual instruction tuninghitney U test (Mann & Whitney, 1947) to
baseline (LLaVA) (Liu et al., 2024a) and OROSS compare thenedian®f the two distributions.
are provided in Table 1 and Figure 8, respectivefhe mean and median &ossare bothsig-
Table 1 reveals that the attention scores achievedyantly higher than those of LLaVA.
Rossaresigni cantly higherthan those of LLaVA,
indicating that the inclusion of vision-centric reconStatistic ( 10 *) LLavA Ross  P-value

structive objectivel /33! effectively directs focus Mean 203 236 1.2710 7
towards input images, thereby enhancing the compresth Percentile  1.50 1.81 -
hending visual signals. Similarly, Figure 8 demon-  Median 190 2.26 4.3910 °

strate that the implementation bf$i@ enables the 75th Percentile  2.42  2.76 -
alignment of attention closely with thelevant visual ~ 95th Percentile  3.51  3.69 -
elementgorresponding to the text query.

Generativev.s. Reconstructive. We ablate the effectiveness of reconstruction over generation in
Table 2. Similar to Sun et al. (2024b) and Dong et al. (2024), for generative cases, we adopt 576
learnable latent tokens tpuerythe LMM and utilize the corresponding outputs as conditions to the
denoiser. The detailed pipeline of these two methods can be found at Figure 11 in Appendix C.2.
However, generative methods requépeci ¢ creation dataand camot be naively implemented on
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Table 4:Comparison to state-of-the-art LMMs. A mixture of 2M caption data and 1.2M instruction
tuning data are utilized for pre-training and ne-tuning, respectively. Our model outperforms them

in most of the settings. We evaluate these models on: POPE (Li et al., 2023c) averaged accuracy,
Hallu.: HallusionBench (Guan et al., 2024) average accuracy, MMBIMBench (Liu et al., 2023b)
English dev split, MME™N: MMBench (Liu et al., 2023b) Chinese dev split, SEEBEED-Bench-1

(Li et al., 2023a) with image accuracy, MMMU (Yue et al., 2024) validation split, MMVP (Tong

et al., 2024b), GQA (Hudson & Manning, 2019) test-dev-balanced split, and Al2D (Hiippala et al.,
2021) test split?We evaluate the of cial checkpoint/api using VLMEvalKit (Duan et al., 2024).

Model POPE Hallu. MMB"Y MMB®N SEED MMMU MMVP GQA Al2D
GPT-4V-1106 (OpenAl, 2023a) 75.4 65.875.8 758 716 538 50.0 36.8 78.2

Gemini-1.5 Pro (Team et al., 2023) — - 73.6 - 70.7 47.9 - - -
MM-1-8B (McKinzie et al., 2024) 86.6 — 72.3 - 69.9 37.0 - 726 -—
Mini-Gemini-8B (Li et al., 2024f) — - 72.7 - 732 373 187 645 735
DeepSeek-VL-7B (Lu et al., 2024) 85.844.% 73.2 72.8 70.4 36.6 - - 64.9

Cambrian-1-8B (Tong et al., 2024a) 87.448.7 75.9 68.9 747 427 51.3 64.6 73.0
Ross7B 88.3 57.1 79.1 771 73.6 46.6 56.7 65.5 79.3
Base LLM: Vicuna-7B-v1.5
LLaVA-v1.5-7B (Liu et al., 2024a) 86.2 47.5 65.5 58.5 66.0 34.4 20.0 62.0 554
LLaVA-v1.6-7B (Liu et al., 2024b) 86.5 35.8 67.4 60.1 70.2 358 37.3 64.2 67.1
ROSS7Byicuna 88.2 55.2 67.7 61.3 67.6 36.9 39.3 63.7 69.3
Base LLM: Vicuna-13B-v1.5
LLaVA-v1.5-13F (Liu et al., 2024a) 82.5 44.9 68.8 63.6 68.2 36.6 32.0 63.3 60.8
LLaVA-v1.6-13B° (Liu et al., 2024b) 86.2 36.7 70.0 64.1 719 36.2 35.365.4 72.4
Mini-Gemini-13B (Li et al., 2024f) — - 68.6 - 73.2 37.3 19.3 63.7 70.1
Cambrian-1-13B (Tong et al., 2024a) 85.%4.00 75.7 65.9 74.4  40.0 41.3 64.3 73.6
R0ss13Biicuna 88.7 56.4 73.6 67.4 711 413 447 65.2 73.8

the original SFT data. To build creation data, we utilize GPT-40 to transfer t@pKoninto text-to-
imagecreation data from ShareGPT4V (Chen et al., 2023b) and combine them with the original SFT
data. From Table 2, we can tell that reconstructive objectives boost comprehension while generative
alternativesannot An intuitive explanation of this evidence can be found in Appendix C.2.

Rosswith Different LLMs and Visual Encoders. To demonstrate the effectiveness of our vision-
centric supervisiot 4@ adopted by ouRoss, we conduct systematic experiments across different
base LLMs and visual encoders. From TableR&ss contributes to signi cant improvements
consistentlyespecially on ne-grained comprehension benchmar&s MMVP (Tong et al., 2024b)

and ChartQA (Masry et al., 2022). Extended experiments on more representative benchmarks can be
found at Table 12 in Appendix C.2.

Reconstruction Results.We ne-tune the denoiser to recover latent tokens from a frozen KL-16
provided by Rombach et al. (2022) conditionedRass-7B features on ImageNet-1K (Deng et al.,
2009) foronly ve epochswhere the denoiser manages to produce reasonable reconstruction results
as illustrated at Figure 9 in Appendix C.1. This interesting nding demonstrates that high-level
Ross 7B featuresactually contain image detaildVe hope this nding will inspire future work.

Computational Overhead. The denoising process introduces a negligible increase in training time
( 10% compared to the baseline), while the bene ts outweigh the minor additional costs. Please
refer to Table 10 in Appendix B for details.

5.3 COMPARISON WITH STATE-OF-THE-ARTS

Rossutlizes asingleSigLIP-ViT-SO400M/14@384 (Zhai et al., 2023) as the visual encdfess

7B utilizes Qwen2-7B-Instruct (Yang et al., 2024a) 80dsSs 13B,;cunaadopts Vicuna-13B-v1.5 (Chi-

ang et al., 2023) as the base LLM. The implementation almost follows LLaVA-v1.5 (Liu et al., 2024a)
withoutthe high-resolution image-slicing technique (Liu et al., 2024b). Thus, our primary compar-
ison of Rosswith alternative methods focuses on benchmarks thataleequire exceptionally
high-resolution inputs. We use a mixture of 2M caption data for the pre-training stage, which consists
of 1246K from ShareGPT4V (Chen et al., 2023b) and 707K from ALLaVA (Chen et al., 2024a). The
instruction tuning data is a mixture of Cambrian-737K (Tong et al., 2024a) and SMR-473K (Zhang
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Table 5:Transfer learning on SpatialBench (Cai et al., 2024). “RGB” indicates using only RGB
images for testing, while “RGB + D” represents taking depth maps as extra inputs. The performance
of GPT-40 is obtained from Cai et al. (2024)MMs can better comprehend depth maps wiijua' .

Method TestInputsL}S@ MiDaS Size Reaching  Position  Existence  Counting Average
RGB - - 20.0 51.7 58.8 70.0 74.6 55.0
LLaVA RGB + D — - 21.7 1.7 45.0#6.7 58.8 65.65.0 77.7' 3.1 53.6#1.4
RGB - X 21.7 60.0 64.7 80.0 84.1 62.1
RGB + D - X 21.7 51.#8.3 70.6" 59 65.0#15.0 91.1" 7.0 60.0#2.1
ROSS RGB X - 25.0 53.3 64.7 70.0 75.3 57.7
RGB +D X - 28.3" 3.3 65.0'11.7 67.6" 2.9 85.0" 15.0 84.6" 8.7 66.1"' 8.4

et al., 2024b). We further incorporate deosswith the “anyres” technique (Liu et al., 2024b) and
compare with others on high-resolution benchmarks at Table 13 in Appendix C.3.

lllustrated in Table 4, we compare oRiosswith both private models (OpenAl, 2023a; Team et al.,
2023; McKinzie et al., 2024) and open-sourced alternatives (Liu et al., 2024a;b; Tong et al., 2024a;
Lietal., 2024f; Lu et al., 2024). The previous open-source state-of-the-art Cambrian-1 (Tong et al.,
2024a) leveragesxtrinsic assistancthat aggregates CLIP (Radford et al., 2021), SigLIP (Zhai et al.,
2023), DINOv2 (Oquab et al., 2023), and ConvNext (Liu et al., 2022). On the other hanlpss
stands foiintrinsic activation With only a single SigLIP (Zhai et al., 2023) model as the visual
encoder, ouRoSssurpasses Cambrian-1 (Tong et al., 2024a), under most ed@tes ta careful

choice of the visual experts and naturally maintains a lightweight inference proc&lss.is also
data-ef cient compared with Cambrian-1 (Tong et al., 2024a), since it requires 7M instruction tuning
data. NotablyRoss-7B even surpasses GPT-4V-1106 and Gemini-1.5 Pro on several benchmarks
such as POPE (Li et al., 2023c), MMBench (Liu et al., 2023b), and MMVP (Tong et al., 2024b).

5.4 APPLICATIONS

Transfer Learning on Understanding Depth Maps. We further evaluate the transfer learning
capability of ourRosson SpatialBench (Cai et al., 2024), which requires the model to understand
depth mapsWe compare ouRosswith the visual instruction tuning baseline, with te@metraining

data and model architecture. Also, we compare the effectiveness eftifirgsic assistancsolution,

i.e, combining a depth expert MiDaS-3.0 (Birkl et al., 2023) to visual instruction tuning, with our
intrinsic activationsolution. Speci cally, the pre-training data is LLaVA-558K (Liu et al., 2023a) and
the ne-tuning data is SpatialQA-853K (Cai et al., 2024), where each conversation contains the RGB
image and thelepthmaps extracted by ZoeDepth (Bhat et al., 2023). The visual encoder is CLIP-
ViT-L/14@336 (Radford et al., 2021) and the base LLM is Qwen2-7B-Instruct (Yang et al., 2024a).
As demonstrated in Table 5, oROssSmanages to make use of the extra depth map, as consistent
and signi cant improvements are observed when taking “RGB + D" inputs for testing. Extrinsic
assistance approacheannottake advantage of extra depth maps when testing. Even GRa&mtwt

fully understand depth maps. Qualitative results can be found at Figure 16 in Appendix C.5.

6 CONCLUSION

This paper introduces reconstructive visual instruction tuniggs), leveraging a vision-centric
reconstructiveobjective to supervise visual outputs. To avoid being overwhelmed by heavily redun-
dant raw RGB values, we train a denoiser to recover clean latent visual representations conditioning
on visual outputs. Experimentally, the proposed objective indeed brings enhanced comprehension
capabilities and reduced hallucinatiomss outperforms the state-of-the-art under most cases with
only asingleSigLIP (Zhai et al., 2023) as the visual encoder. The in-depth analysis demonstrates that
high-level features fronR0ss 7B actually contain suf cient details for low-level image reconstruc-

tion. This nding reveals the possibility of equipping comprehension LMMs with the abilityaife
generatiorwithout the help of generation experts such as Stable Diffusion (Rombach et al., 2022).
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APPENDIX

A LATENT DIFFUSION MODELS

Given a set of clean latent tokeng drawn fromp(z), the forward diffusion process is a Markov
chain that gradually adds random Gaussian noise to the original sample:

. p
A(ztjze 1) = N( tZt 1; tl); (5)
whereN ( ; ) denotes the Gaussian distribution, driddicates discrete timesteps; 2 (0; 1)
indicates a pre-de ned time-dependent variance schedule. According to Ho et al. (2020), to admit
samplingz; at an arbitrary timestepdirectply fromzg, this transition can be reformulated as
A(ztjzo) = N(pitzoi(:L o),
2= P20+ PT 1 N (0;1);
where =1 rand ¢ = itzl t. A latent diffusion model learns t@versethis progressive
noise addition process for latent tokens. Speci cally, to iteratively generate clean tokémsn
pure noisezt conditioned orC, we need to reverse the forward process by
1 1
Zy 1:i9it Zt 917‘ (z;Ct) + (1)
t
where a -parameterized neural network is trained to predict the added noise during the forward
process. ; indicates the posterior noise variance. F'Jl'he training objective @b

L(;20)= By Ji ( 2o+ T 1iGO 2 (8)

(6)

B IMPLEMENTATION DETAILS

Table 6:Hyperparameters of Ross We obtain most of the con gurations from Liu et al. (2024a).

Cong Stage | Stage Il

Trainable parts projector + denoiser projector + LLM + denoiser
Frozen parts visual encoder + LLM + teacher tokenizer visual encoder + teacher tokenizer
Global batch size 256 128

Batch size per GPU 16 4

Accumulated steps 2 4

DeepSpeed zero stage 2 3

Learning rate 1103 2 105

Learning rate schedule warmup + cosine decay

Warmup ratio 0.03

Weight decay 0

Epoch 1

Optimizer Adamw

Precision bf16

Table 7: Details of the instruction tuning Table 8: Details of the instruction tuning

datasetprovided by Tong et al. (2024a). datasetprovided by Zhang et al. (2024b).
Dataset # Samples  Dataset # Samples
LLaVA (Liu et al., 2023a) 158K ScienccQA (Saikh et al., 2022) 9K
ShareGPT (Team, 2023) 40K TextbookQA (Kembhavi et al., 2017)  9.5K
VQAV2 (Goyal et al., 2017) 83K Al2 Diagrams (Kembhavi et al., 2016) 12.4K
GQA (Hudson & Manning, 2019) 72.1K ChartQA (Masry et al., 2022) 28.3K
OKVQA (Marino et al., 2019) 9K DVQA (Ka e et al., 2018) 200K
OCRVQA (Mishra et al., 2019) 80K ArxivQA (Li et al., 2024d) 100K
A-OKVQA (Schwenk et al., 2022) 50K GeoQA3 (Chen et al., 2021) 5K
TextVQA (Singh et al., 2019) 21.9K Geometry3K (Lu et al., 2021) 2.1K
RefCOCO (Kazemzadeh et al., 2014) 30K GeoQA+ (Cao & Xiao, 2022) 72.3K
VG (Krishna et al., 2017) 86.4K MathVision (Wang et al., 2024d) 2.7K
DVQA (Kae et al., 2018) 13K TabMWP (Lu et al., 2022) 30.7K
DocVQA (Mathew et al., 2021) 15K
ChartQA (Masry et al., 2022) 28.1K

Al2 Diagrams (Kembhavi et al., 2016) 15.5K
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Table 9: Summary of the evaluation benchmarks. Prompts are mostly borrowed from
VLMEvalKit (Duan et al., 2024) and Imms-eval (Li et al., 2024b).

Benchmark Response formatting prompts

POPE (Li et al., 2023c) -

HallusionBench (Guan et al., 2024) Answer the question using a single word or phrase.
MMBench (Liu et al., 2023b) Answer with the option’'s letter from the given choices directly.
SEED-Bench (Li et al., 2023a) Answer with the option's letter from the given choices directly.
MMMU (Yue et al., 2024) Answer with the option's letter from the given choices directly.
MMVP (Tong et al., 2024b) Answer with the option's letter from the given choices directly.
AI2D (Hiippala et al., 2021) Answer with the option’'s letter from the given choices directly.
RealWorldQA (xAl, 2024) Answer with the option's letter from the given choices directly.
GQA (Hudson & Manning, 2019) Answer the question using a single word or phrase.

ChartQA (Masry et al., 2022) Answer the question using a single word or phrase.
OCRBench (Liu et al., 2023c) Answer the question using a single word or phrase.
DocVQA (Mathew et al., 2021) Answer the question using a single word or phrase.

InfoVQA (Biten et al., 2022) Answer the question using a single word or phrase.

TextVQA (Singh et al., 2019) Answer the question using a single word or phrase.

Table 10:Comparisons on computational costs during the instruction tuning stagevith Cambrian-

737K (Tong et al., 2024a), where evaluations are conducted using 8 A100 GPUs with a global batch
size of 128. Due to the limited GPU memory, we accumulate 4 gradient steps and the batch size per
GPU is 4. The whole stage requires 5757 training steps. GPU memories are averaged over 8 GPUs
with DeepSpeed Zero 3.

. visual Trainable . ) GPU

Vision Base LLM L om Parameters Speed (sfiter) Time Memory
CLIP-L/336  Qwen2-7B-Instruct - 7.63B 8.31 13h 17min 45.34 G
CLIP-L/336  Qwen2-7B-Instruct X 7.68B 9.02(1.09) 14h25min 46.62 G (1.03)
CLIP-L/336  Vicuna-13B-v1.5 - 13.05B 13.33 21h 19min 48.62 G
CLIP-L/336  Vicuna-13B-v1.5 X 13.11B 14.69 (1.10) 23h 30min 49.07 G (1.01)
SigLIP-L/384 Qwen2-7B-Instruct - 7.63B 8.77 14h 1min  47.08 G
SigLIP-L/384 Qwen2-7B-Instruct X 7.68B 9.48(1.08) 15h9min 52.07 G (1.11)
SigLIP-L/384 Vicuna-13B-v1.5 - 13.05B 14.22 22h 44min 48.80 G

SigLIP-L/384 Vicuna-13B-v1.5 X 13.11B 15.32 (1.08) 24h 30min 52.68 G (1.08)

Hyperparameters. The hyperparameters &ossare provided in Table 6. We simply borrow most
con gurations from LLaVA-v1.5 (Liu et al., 2024a) without further tuning, as we nd it works well
with our Ross, even if we adopt SigLIP (Zhai et al., 2023) and Qwen2 (Yang et al., 2024a) while the
original LLaVA-v1.5 (Liu et al., 2024a) utilized CLIP (Radford et al., 2021) and Vicuna-v1.5 (Chiang
et al., 2023). As SigLIP represents a sing8&1 384image with729tokens and the downsampling
ratio of the teacher tokenjzer KL-16 (Rombach et al., 2022pjsve set the input resolution of the
teacher tokenizer a&32 = 729 16to produce’29 ne-grained tokens as denoising targets.

Instruction Tuning Data. When comparing with state-of-art LMMs in Table 4, dRossis trained

on approximately 1.2M instruction tuning data, which is a mixture of Cambrian-737K (Tong et al.,
2024a) and SMR-473K (Zhang et al., 2024b). Details of these two instruction tuning datasets are
listed in Table 7 and Table 8, respectively. There might be some overlap but we simply concat these
two datasets as it is already empirically effective.

Evaluation Prompts. We provide a thorough examination of all evaluation benchmarks utilized in
this paper in Table 9. Notably, for MMVP (Tong et al., 2024b), which is not of cially supported by
VLMEvalKit (Duan et al., 2024), we follow Cambrian-1 (Tong et al., 2024a) to reformat the original
guestion into a multiple-choice format and compute the accuracy using exact matching.

Computational Costs.As demonstrated in Table 10, the denoising process introduces a negligible
increase in training time (10% compared to the baseline), while the bene ts outweigh the minor
additional costs.
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Figure 9:Reconstruction resultson ImageNet-1K (Deng et al., 2009) validation set. For each tuple,
we show the input image (left) and the reconstructed image (right). Reasonable reconstruction results
demonstrate thdtigh-level features oR0Sss7B can be projected back into the pixel space.

Figure 10:The architecture of the denoiser and the choice of ne-grained tokenizerThe self-
attention module illustrated in Figure 4b is crucial since orange bars consistently outperform others on
hallucination and ne-grained comprehension benchmarks, while maintaining similar performances
on the general understanding benchmark. KL-16 provided by Rombach et al. (2022) is better than
VQ-16 provided by Sun et al. (2024a), as quantization may lead to information loss.

C MOREEXPERIMENTS

C.1 RECONSTRUCTIONRESULTS

We ne-tune the denoiser to recover latent tokens from a frozen KL-16 provided by Rombach et al.
(2022) conditioned on frozeR0ss-7B features on ImageNet-1K (Deng et al., 2009)doty ve
epochswhere the denoiser manages to produce reasonable reconstruction results as illustrated in
Figure 9. This interesting nding demonstrates that high-ld&¥elss-7B featuresactually contain

image details

C.2 MOREABLATIONS

KL-16 v.s.VQ-16. Our default tokenizer is a continuous VAE (Kingma, 2013) with Kullback-Leibler
(KL) divergence trained by Rombach et al. (2022). We further conduct experiments ditbrate
tokenizer provided by Sun et al. (2024a), which is a VQGAN (Esser et al., 20.1)YQVAE (Oord

et al., 2017) with additional perceptual loss (Zhang et al., 2018) and adversarial loss (Goodfellow
et al., 2014). As demonstrated in Figure K0-16 outperforms VQ-160ne intuitive explanation is

that KL-16 preserves more low-level details than VQ-16 since quantization may lead to information
loss. Moreover, quantitatively, on ImageNet (Deng et al., 2009) 256 validation set, KL-16
achieves 0.87 rFID (Heusel et al., 2017) while the rFID (Heusel et al., 2017) of VQ-16 is 2.19.

Architecture of the Denoiser. lllustrated in Figure 10the self-attention module is crucjehs
original visual outputx; y are actuallycausaland we need to model inter-token discrepancy via
self-attention. The number of trainable parametermoighe crux.

Schedule of . We study the effectiveness of different schedules oh Table 11. From the
table, we can tell that even with different schedules oRossconsistentlymproves the baseline,
demonstrating its robustness to the denoising schedule.
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Table 11:Ablations on different schedules of . Rossconsistentlymproves the baseline, demon-
strating its robustness to the denoising schedule.

Schedule of POPE Hallu. MMVP ChartQA  MMBN
- 87.9 55.0 29.3 34.0 73.8
Linear (Ho et al., 2020) 88102 57.3'23 420124 39.2'52 751'13

Scaled Linear (Rombach et al., 2022)88.4" 0.5 58.3" 3.3 40.0' 10.4 40.7" 6.7 75.3" 15
GLIDE Softmax (Nichol et al., 2022) 88.4" 0.5 59.1" 4.1 42.7' 13.4 404" 6.4 752" 1.4
GeoDiff Sigmoid (Xu et al., 2022) 88.20.3 57.7' 27 413 117 38949 755"17

Figure 11: Pipeline comparison between reconstructive and generativeThe reconstructive
objective (left) doesot require speci ¢ data formulations and can be easily combined with current
visual instruction tuning data. However, the generative objective (right) needs sped-to-image
creation data, which could be converted by image-to-text caption data.

Generativev.s.Reconstructive.We offer a detailed pipeline comparison in Figure 11. Experimental
results have already been provided in Table 2. The implementation of generative methods is similar
to Sun et al. (2024b) and Dong et al. (2024), where we adopt 576 learnable queries as inputs and take
the corresponding outputs as conditions for the denoiser.

We hypothesize that the underlying reason for the lower performance of generative methods in
comprehension taskstilse weak correspondence between inputs and superuisider generative
settings, which typically arises from both the (1) data and the (2) design of these methods.

(1) Typical generative methods that explore the synergy of comprehension and generation, usually
leverage image generation conditioned on text instruction§)aiext-to-image datasetsr (ii)
interleaved datasets extra supervision. However, (i) text-to-image datasets are typically designed

to generatdigh-aestheticamples rather than text-aligned ones, and (ii) interleaved datasets aim to
enable few-shot learning via interleaving independent supervised examples, where reasoning becomes
more important than alignment. Therefore, there exists a clear disconnect where the supervision
(image) has little to do with the input (text instruction). For example, the CLIP-Score (Hessel et al.,
2021), which measures the similarity between text and images, is only 0.3043 for the LAION-Art
dataset (Schuhmann et al., 2022) and 0.2842 for the MMC4 dataset (Zhu et al., 2023), indicating that
these datasets anet well-suited for tasks requiring strong text-image alignment.

(2) Even when we attempt to ensure image-text alignment by converting aligned caption data into
creation data for supervision, the results demonstrated in Table 2 remain unsatisfactory. This suggests
that thedesign of generative objectives itself does not inherently require a strong correspondence
between inputs and supervision targets.

In contrast, reconstructive methods liR®ssleverage the original input images as auxiliary super-
vision, ensuring a strong and direct correspondence, which is crucial for tasks requiring accurate
comprehension and interpretation of multimodal data, leading to signi cantly improved performance.

Extended Ablations on Different LLMs and Visual Encoders. We extend the ablation in Table 3 by
incorporating more benchmarks, providing a more balanced and representative distribution of tasks.
Empirical results in Table 12 demonstrate that our proposed vision-centric supervision utilized by
Rossleads to signi cant improvements in most cases. Moreover, we féungs contributes more
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Table 12:Extended ablationson The effectiveness of the vision-centric supervidigf§id’ among
various LLMs and visual encoders. Pre-training data is LLaVA-558K (Liu et al., 2023a) and
instruction tuning data is Cambrian-737K (Tong et al., 2024a). Evaluations of POPE (Li et al., 2023c),
HallusionBench (Guan et al., 2024), MMBench (Liu et al., 2023b), SEED-Bench-1 (Li et al., 2023a),

MMMU (Yue et al., 2024), MMVP (Tong et al., 2024b), AlI2D (Hiippala et al., 2021), OCRBench (Liu
et al., 2023c), and RealWorldQA (xAl, 2024) are conducted with VLMEvalKit (Duan et al., 2024),
while evaluations of ChartQA (Masry et al., 2022), DocVQA (Mathew et al., 2021), InfoVQA (Biten
et al., 2022), and TextVQA (Singh et al., 2019) are conducted with Imms-eval (Li et al., 2024b).

CLIP-VIT-L/14@336

SigLIP-ViT-SO400M/14@384

Vicuna-7B-v1.5

Qwen2-7B-Instruct

Vicuna-7B-v1.5

Qwen2-7B-Instruct

Benchmark LLaVA Ross LLaVA Ross LLaVA Ross LLaVA Ross

POPEcc 86.3 87.2" 0.9 87.9 884" 05 86.0 87.7" 1.7 88.5 88.7" 0.2
HallusionBenchacc 52.5 55.8" 3.3 55.0 59.1" 4.1 50.4 53.8" 3.4 57.3 58.2" 0.9
MMBench-ENsey 67.0 67.6" 0.6 73.8 75.2" 1.4 64.5 69.2" 4.7 76.3 76.9" 0.6
MMBench-CNyev 60.0 59.8#0.2 729 73.7" 0.8 63.1 63.4" 0.3 75.7 76.3" 0.7
SEEDmg 66.7 66.4#0.3 70.3 70.7" 0.4 68.2 69.0" 0.8 72.3 72.1#0.2
MMMU gev 30.0 34.0" 4.0 44.0 45.3" 1.3 33.3 38.0" 4.7 38.7 41.3" 2.6
MMMU yq 35.3 36.0" 0.7 41.9 42.6" 0.7 342 354" 1.2 41.8 43.8" 2.0
MMVP 28.0 36.0" 8.0 29.3 42.7" 134  27.3 38.0" 10.7  40.7 49.3" 8.6
Al2D st 61.2 61.4" 0.2 719 733" 1.4 62.6 62.4#0.2 74.0 745" 0.5
ChartQAest 32.9 39.8" 6.9 36.2 416" 5.4 34.0 48.2" 14.2 444 469" 25
DocVQAa 33.4 41.6" 8.2 31.1 44.7" 13.6 40.4 40.7" 0.3 39.2 39.3" 0.1
InfoVQAal 21.2 26.4" 5.2 221 39.3"16.2 228 23.3"05 240 25.1" 1.1
TextVQAal 55.7 58.7" 3.0 52.0 54.1" 2.1 60.5 62.6" 2.1 56.3 57.5" 1.2
OCRBench 339 350" 11 363 381" 18 354 365" 11 432 448" 16
RealWorldQA 52.753.2" 0.5 56.7 57.4" 0.7 55.0 57.1" 2.1 579 59.1" 1.2
Average 47.850.6" 2.8 52.1 56.4" 4.3 49.2 524" 3.2 55.4 56.9" 1.5

Table 13:Comparison to state-of-the-art LMMs on benchmarks requires high-resolution inputs.

We evaluate models on: ChartQA (Masry et al., 2022), DocVQA (Mathew et al., 2021) val set,
InfoVQA (Biten et al., 2022) val set, TextVQA (Singh et al., 2019) val set, OCRBench (Liu et al.,
2023c), and RealWorldQA (xAl, 20243We evaluate the of cial checkpoint.

Model ChartQA DocVQA InfoVQA TextVQA OCRBench RealWorldQA

GPT-4V-1106 (OpenAl, 2023a) 78.5 88.4 - 78.0 645 61.4
Gemini-1.5 Pro (Team et al., 2023)  81.3 86.5 - 78.1 - 67.5
Grok-1.5 (xAl, 2024)  76.1 85.6 — 78.1 — 68.7
LLaVA-v1.5-7B (Liu et al., 2024a) 18.2 28.1 25.7 58.2 317 54.9
LLaVA-v1.6-7B* (Liu et al., 2024b)  65.5 74.4 371 64.8 532 57.6
Cambrian-1-8B (Tong et al., 2024a)  73.3 77.8 - 71.7 624 64.2
ROSS7Banyres  76.9 81.8 50.5 72.2 607 66.2

signi cant improvements over ne-grained comprehension datasets, such as HallusionBench (Guan
et al., 2024), MMVP (Tong et al., 2024b), and ChartQA (Masry et al., 2022).

C.3 CoOMPARISON ONHIGH-RESOLUTION BENCHMARKS

We incorporate the “anyres” technique proposed by LLaVA-v1.6 (Liu et al., 2024b) intRoss.

Speci cally, for each image, we employ a grid con guration of 382 2,1 {2,3,4}, {2,3,4} 1}

to identify the input resolution, resulting in a maximum of 9= 3,645 visual tokensEach

384 384 crop is required to reconstruct the original input via the denoising objective proposed by
Ross. In Table 13, ouRO0SS 7BanyresSurpasses LLaVA-v1.6-7B (Liu et al., 2024b) and Cambrian-1-
8B (Tong et al., 2024a) under most cases. These results indicadlsatnot only performs well at

lower resolutions but also maintains its competitive edge at higher resolutions, making it a robust and
versatile method.

22



Published as a conference paper at ICLR 2025

Table 14:Evaluations on language performanceWe evaluate multi-modal benchmarks that mainly
require general knowledge following Tong et al. (2024a). Furthermore, we incorporate representative
language benchmarks, including general understanding on MMLU (Hendrycks et al., 2020) and
HellaSwag (Zellers et al., 2019), and instruction-following on IFEval (Zhou et al., 2R3%s does

not harm language capabilities as it brings improvements in most cases.

CLIP-ViT-L/14@336 SigLIP-ViT-SO400M/14@384
Vicuna-7B-v1.5  Qwen2-7B-Instruct  Vicuna-7B-v1.5  Qwen2-7B-Instruct

Benchmark LLaVA Ross LLaVA Ross LLaVA Ross  LLaVA Ross
Vision-Language Benchmarks on Knowledge
ScienceQAvst 68.5 69.0" 0.5 76.5 77.4" 0.9 69.6 71.3" 1.7 78.3 785" 0.2
MMMU gev 30.0 34.0" 4.0 44.0 453" 1.3 33.3 38.0" 4.7 38.7 413" 26
MMMU ya 35.3 36.0" 0.7 41.9 42.6" 0.7 34.2 354" 1.2 41.8 43.8" 2.0
Al2Dtest 61.2 61.4" 0.2 719 733" 1.4 62.6 62.4#0.2 74.0 745" 0.5
Language Benchmarks
MMLU 26.5 27.4" 0.9 57.1 60.7" 3.6 26.0 25.9#0.1 60.9 61.0" 0.1
HellaSwagcc-norm 27.0 26.9#0.1 46.4 46.2#0.2 27.1 27.0#0.1 455 46.6" 1.1
IFEvaktict-inst 41.2 44.6" 3.4 47.1 49.2" 2.1 43.6 43.8" 0.2 47.8 48.1" 0.3
IFEvakrict-prompt 28.7 35.3" 6.7 35.1 37.0" 1.9 32,5 33.1" 0.6 35.3 36.2" 0.9
Average 39.8 41.8" 2.0 525 54.0" 1.5 41.1 421" 1.0 52.8 53.8" 1.0

Table 15:Model scaling of Ross. We take Qwen2.5 series (Team, 2024) as the base language
model and CLIP-ViT-L/14@336 (Radford et al., 2021) as the visual encoder. Pre-training data is
LLaVA-558K (Liu et al., 2023a) and the instruction tuning data is LLaVA-665K (Liu et al., 2024a).
Rossbrings improvements over the baseline across different model sizes in most cases

Benchmark 0.5B 1.5B 3B 7B
LLaVA Ross LLaVA Ross LLavVA Ross LLavVA Ross

POPEcc 50.0 60.4" 10.4 85.3 87.9" 2.4 87.3 88.1" 0.8 87.9 88.4" 0.5
HallusionBenchacc 458 48.0" 2.2 48.7 49.6" 0.9 52.2 52.2 48.753.7" 5.0
MMBench-ENjey 55.2 604" 5.2 67.5 68.2" 1.7 70.6 71.4" 0.8 75.0 75.7" 0.7
MMBench-CNiev 456 48.9" 3.3 62.4 63.9" 1.5 68.0 69.1" 1.1 73.6 73.5#0.1
SEEDmg 55.8 55.6#0.2 66.3 66.8" 0.5 68.2 68.4" 0.2 70.6 71.0" 0.4
OCRBench 229 248" 19 291 298" 7 313 308#5 334 358" 24
MMMU gey 35.2 36.0" 0.8 44.7 45.0" 0.3 48.7 49.0" 0.3 48.0 48.0
MMMU ya 38.0 40.3" 1.7 41.8 43.6" 1.8 41.6 42.7" 1.1 47.3 48.0" 0.7
Al2Dtest 45.3 46.0" 0.7 59.0 59.5" 0.5 62.9 63.2" 0.3 68.3 68.5" 0.2
RealWorldQA 451 46.4" 13 50.5 53.5" 3.0 55.7 579" 2.2 59.5 59.9" 0.4
Average 439 46.7" 2.8 55.3 56.8" 1.5 58.9 59.3" 0.4 61.2 62.3" 1.1

Table 16: Data scaling of Ross We take Qwen2-7B-Instruct (Yang et al., 2024a) as the base
language model and CLIP-ViT-L/14@336 (Radford et al., 2021) as the visual encBdeys
consistently brings signi cant improvements as the training data scale increases.

PT SFT LS popg Hallu. ChartQA OCRBench MMB AI2D

- 87.9 55.0 34.0 363 73.8 72.4
558K 737K X 88.4" 0.5 59.1" 4.1 40.4" 6.4 380" 17 75.2" 1.4 73.3' 0.9

- 88.5 57.3 37.0 389 75.7 74.5
558K 1.2M X 88.8" 0.3 57.8' 0.5 42.0' 5.0 392" 3 76.8" 1.1 74.7' 0.2
oM 737K 88.1 55.6 37.3 384 76.2 72.3

X 88.3" 0.2 56.2' 0.6 41.9'45 398" 14 77.0'08 734" 1.1
oM 1.2M - 88.5 53.8 41.2 388 76.5 73.9

88.9" 0.4 57.3' 2.5 43.2' 2.0 405" 17 78.0" 1.5 741" 0.2

x

C.4 MOREANALYSIS

Language Capabilities.One possible concern &ossis that this type of low-level reconstruction
may harm the high-level language capabilities. To investigate this issue, we evaluate multi-modal
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Figure 12:Qualitative comparison using GradCAM (Selvaraju et al., 2020)on MMVP (Tong

et al., 2024b). We visualize the gradient of the second-to-last block of the LMM using the option of
the ground-truth answer as the target class. Equipped with our proposed vision-centric supervision
signals,Rossprovides more reasonable gradients and urges LMMs to focus on relevant regions (the
spider web) as the training evolves.

Figure 13:Qualitative comparisons on HallusionBench (Guan et al., 2024).

benchmarks that mainly require general knowledge following (Tong et al., 2024a), including Sci-
enceQA (Saikh et al., 2022), MMMU (Yue et al., 2024), and AlI2D (Hiippala et al., 2021). Fur-
thermore, we incorporate representative language benchmarks, including general understanding on
MMLU (Hendrycks et al., 2020) and HellaSwag (Zellers et al., 2019), and instruction-following

on IFEval (Zhou et al., 2023). Empirical results in Table 14 demonstratéthats doesnotharm
language capabilities as it brings improvements in most cases.

Model Scaling Properties. To study the stability and scalability &ossacross different model

sizes, we use the Qwen2.5 series (Team, 2024) with varying sizes as the base language model while
keeping the CLIP-ViT-L/14@336 (Radford et al., 2021) as the visual encoder. The pre-training data
is LLaVA-558K (Liu et al., 2023a), and the instruction tuning data is LLaVA-665K (Liu et al., 2024a).
The results, shown in Table 15, demonstrate fRats brings improvements over the baseline
(LLaVA) across different model sizes in most cases

Data Scaling Properties. To study the impact of the training data scale, we used Qwen2-7B-
Instruct (Yang et al., 2024a) as the base language model and CLIP-ViT-L/14@336 (Radford et al.,
2021) as the visual encoder. We compared the performarRe s and the baseline under different
scales of training data. Table 16 demonstratesRtas consistently brings signi cant improvements

as the training data scale increases.

Gradient Analysis. To better explain the reasoning behind how the vison-centric supervision
enables the model to focus on relevant areas of the image during VQA tasks, we provide qualitative
comparison using GradCAM (Selvaraju et al., 2020) on MMVP (Tong et al., 2024b) in Figure 12,
since GradCAM helps in understanding which parts of the image the model is focusing on, making
the model's decision-making process more transparent. In our analysis, we visualize the gradient of
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What is the name of the place shown? Which image shows the highest contrast? ~ What direction is Italy in the Mediterranean Sea?

A. New Hampshire A. Upper left A. East

B. Connecticut B. Upper right B. South

C. New York C. Down left C. West

D. Rhode Island D. Down right D. North

LLaVA-v1.5-7B A LLaVA-v1.5-7B B LLaVA-v1.5-7B C
Cambrian1-88 A Cambrian1-88 D Cambrian1-8B B
GPT4v C. New York GPT4v D. Downright GPTF4V C. West
ROSs7B D ROSs7B A ROSS7B D

Figure 14: Qualitative comparisons on MMbench (Guan et al., 2024) English dev split.

Is the lock locked or

From which angle is ~ Is the butterfly's
‘ unlocked?

this image taken? abdomen visible in
the image?
A. Yes

A. Front . A. Locked

| B. Side A " B.No .. . 1| B.Unlocked

LLaVA-v1.5-7B B LLaVA-v1.5-7B A LLaVA-v1.5-7B A
Cambrian1-8B B Cambrianl-88 A Cambrianl-8B A
ROSS7B A ROSS7B B ROSS7B B

Are the ears of the In this image, how Can you see the side

dog erect or drooping? many eyes can you windows of the

see on the animal? vehicles?

A. Erect A. One A. Yes

B. Drooping B. Two B. No
LLaVA-v15-7B A LLaVA-v15-7B B LLaVA-v1.5-7B A
Cambrianl-8B A Cambrianl-8B B Cambrianl-88 A
ROSS7B B ROSS7B A ROSS7B B

Figure 15: Qualitative comparisons on MMVP (Tong et al., 2024b).

the second-to-last block of the LMM, regarding the option of the ground-truth answer as the target
class. Specifically in this case, where the providing question is about the spider web, our proposed
vision-centric supervision signals provide more reasonable gradients and urge LMMs to focus on
relevant regions, i.e., the spider web, as the training evolves.

C.5 QUALITATIVE COMPARISONS

We provide sufficient qualitative comparisons in Figure 13, Figure 14, Figure 15, and Figure 16 on
HallusionBench (Guan et al., 2024), MMBench (Liu et al., 2023b) English dev split, MMVP (Tong
et al., 2024b), and SpatialBench (Cai et al., 2024), respectively. In Figure 13, Figure 14, and Figure 15,
we compare our ROSS-7B with the instruction tuning baseline LLaVA-v1.5-7B (Liu et al., 2024a), the
state-of-the-art open-source method using extrinsic assistance Cambrian-1-8B (Tong et al., 2024a),
and GPT-4V (OpenAl, 2023a).

As demonstrated in Figure 13, where we highlight the wrong parts of each prediction in red, our
ROSS manages to correctly answer the question with reduced hallucinations even when GPT-4V
fails. Cambrian-1 (Tong et al., 2024a) even fails to follow the instructions in the second example.
This could be because a super huge SFT data (7M) may harm the instruction-following abilities of
LMMs. Qualitative results shown in Figure 14 demonstrate both enhanced reasoning abilities (the
first example), low-level comprehension capabilities (the second example), and spatial understanding
skills (the third example). Figure 15 illustrates that our ROSS is good at recognizing various visual
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