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Abstract

Existing image-text modality alignment in Vision Language Models (VLMs) treats
each text token equally in an autoregressive manner. Despite being simple and effec-
tive, this method results in sub-optimal cross-modal alignment by over-emphasizing
the text tokens that are less correlated with or even contradictory with the input
images. In this paper, we advocate for assigning distinct contributions for each text
token based on its visual correlation. Specifically, we present by contrasting image
inputs, the difference in prediction logits on each text token provides strong guid-
ance of visual correlation. We therefore introduce Contrastive ALignment (CAL), a
simple yet effective re-weighting strategy that prioritizes visually correlated tokens.
Our experimental results demonstrate that CAL consistently improves different
types of VLMs across different resolutions and model sizes on various bench-
marks. Importantly, our method incurs minimal additional computational overhead,
rendering it highly efficient compared to alternative data scaling strategies.

1 Introduction

Recent advancements in Large Language Models (LLMs) [I—4] have opened up new avenues in
multimodal understanding, giving rise to a novel model category known as Vision Language Models
(VLMs) [5-8]. Many recent studies on VLMs are centered around enhancing their capabilities, either
through increasing the resolution of input images [9—12] or incorporating higher-quality training
datasets [13—16]. Additionally, research efforts have been directed towards exploring variations of
vision models, such as replacing or augmenting vision encoders beyond CLIP [17, 18], including
approaches like SigLIP [19], DINO [20, 21] or ConvNeXt [22, 23]. The integration of these
techniques has spurred the development of VLMs, continually enhancing their performance across
various benchmarks including visual question answering [24-28], image captioning [29, 30], and
visual grounding [31, 32].

Despite these advancements, whether the current alignment strategy on existing image-text datasets
performs satisfactorily is often less studied. Existing alignment strategies simply treat all text tokens
equally in an auto-regressive manner. Although such a method has been proven to be simple and
effective, many text tokens exhibit limited relevance to the visual inputs, which contribute little to
image-text modality alignment. Figure 1a presents a sample drawn from the ShareGPT4V [16] dataset,
where a large proportion of text tokens including unique, context presents little visual correlation.
Treating these text tokens in equal weights results in ineffective training and can introduce negative
effects by prioritizing more on fitting the distribution of these visually irrelevant tokens, rather than
the image-text modality alignment.
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ShareGPT4V LLaVA-Instruct-DecailCap.
Q: Please describe the image in P

detail.

45.0% 42.61%
A: The image features a unique 55.0% 57.33%
... The backdrop of the image
provides context to the loca-
-tion of the traffic lights tree.
1t is situated on a busy street

Samples contain no visually
contradictory tokens (clean samples)

: visually correlated tokens with a red truck and a black o
: visually contradictory tokens car captured in motion. Samples contain visually
contradictory tokens (noisy samples)
(a) Tokens correlate differently with the image. (b) Human evaluations.

Figure 1: Figure la is one sample drawn from the ShareGPT4V dataset, which contains text tokens
that are even contradictory with the given image. Figure 1b further presents our human evaluation
results on the proportion of noisy samples that contain contradictory tokens.

Moreover, there also exists a proportion of tokens that contradicts visual conditions, which is
inevitable in model generated datasets [7, 16, 13, 15, 14], presented in Figure la. In particular, we
conduct human evaluations on the broadly used GPT-assisted datasets including ShareGPT4V and
the detail caption subset of LLaVA-Instruct in Figure b by sampling 100 samples from each dataset.
We score each sample by 0 and 1 based on whether there exist text tokens that contradict with visual
input, and the score is averaged by three annotators. We found approximately half of the sampled
datasets contain visually contradictory tokens in both datasets. Imitating the text distribution on
these contradictory tokens further harms the image-text modality alignment. Consequently, recent
evaluations on existing VLMs [33, 34, 5, 35, 6, 8] present the shortcomings of current alignment
strategy from various aspects, including hallucination [36, 37, 33] and responding without depending
on visual conditions [27, 38].

Fortunately, inspired by recent training-free visual contrastive decoding researches [36, 33, 39], we
present that the visual correlation can be directly indicated by contrasting input image conditions. In
particular, we investigate the change in prediction logits of text tokens with or without the image input
and observe strong relevance between the logit change of each text token and its visual correlation. We
therefore propose Contrastive ALignment (CAL), which is a surprisingly simple re-weighting strategy
to prioritize the training of text tokens that are highly correlated with the input image to enhance image-
text modality alignment. Experiments have shown that our proposed method can improve leading
VLMs of different kinds including LLaVA-1.5/LLaVA-NeXT [7, 6, 10], MiniGeminiMGM)/MGM-
HD [11], across different resolution and model size on various types of benchmarks including visual
question answering, captioning and grounding. Especially, CAL on LLaVA-Next-13B [10] can bring
an impressive performance of 1.7 ANLS on VQAP® [26], 3.4 relaxed accuracy on VQAChart 257,
2.2 CIDEr [40] on COCO [30] and 6.3 CIDEr on TextCaps [29], 0.6/0.7 IoU on validation/test set of
RefCOCOg [32]. Moreover, our method introduces little computational overhead, with one auxiliary
gradient-free forward operation in each training step. The lightweight feature while the impressive
performance of CAL brings current VLMs to a new stage, highlighting the importance of a delicate
image-text modality alignment strategy design. We further conduct extensive qualitative analysis for
CAL and present the improved ability of OCR recognition and image-captioning.

In summary, our contributions are listed as follows.

* We present that by contrasting image inputs, existing VLMs are able to distinguish visually
correlated tokens both visually irrelevant and visually contradictory ones.

» We propose CAL , a contrastive image-text alignment method via token re-weighting, which
is lightweight and effective. CAL requires little additional training cost and no additional
inference cost.

» Experiments show that our CAL can consistently improve VLMs of different kinds, across
different resolutions and sizes in various types of benchmarks.



(a) oi[}jj , heat map. (b) Training procedures a@AL

Figure 2: Overview ofCAL . Figure 2a presents a sample drawn from the ShareGPT4V dataset. We
calculate the logit difference w/ or w/o image inputs and plot the heat map on partial text tokens.
Figure 2b presents the training procedur€aifL , which re-weights the importance of label tokens
based on the contrasting logits.

2 Contrastive Alignment

In this section, we describe the detailed desig€AL. First of all, we review the existing image-text
modality alignment method and provide the notations in Section 2.1. Secondly, we show the token
discrepancy in cross-modal datasets can be inferred via contrasting image inputs in Section 2.2.
Finally, we present a detailed description of our propdSad in Section 2.3.

2.1 Preliminary and Notations

Preliminary Most existing VLMs adopt a two-stage strategy to align pre-trained image features
with text embeddings in Large Language Models, i.e., a PreTraining (PT) stage that uses quantitative
while noisy datasets for rough alignment, and an Instruction-Tuning (IT) stage that uses high-quality
datasets to enhance the alignment. Both stages treat all tokens equally in an auto-regressive generation
manner, i.e., the Maximum Likelihood Estimation (MLE) objective.

Notations In this paper, we denote the alignment dat&etonsisting paired image-text samples
D=f(I%ThH;(1%4T?);:: (1", T")g, and denote the logit computation functionfds) where

is the weight of VLMs. For thq'ath sample(l'; T') in the training dataset, whefe consists of a
sequence dftokensT! = [t 1;t"2;:::;t% ], we denote the prediction logit distribution without input
| aso, and prediction logit distribution with inputase, depicted in the following equation:

ol =f (T'9 )68 =f (1579 1)
whereT9  represents all previous tokens before posifionthei™ sample. We further usca%tjj] or
ei[;tjj] to represent the prediction logit in th€ sample at tokety . As aresult, the MLE loss objective
for the giveni™ sample at tokety is written in the following equation by treating the weightf

each token equally, whersis set tol:
Lile = € 10Ggotmal O} 1) 2)
2.2 Tokens Differ in Image-text Modality alignment

In this section, we present the necessity of token re-weighting in Section 2.2.1, and show that the
re-weighting guidance could be naturally inferred by contrasting image inputs in Section 2.2.2.

2.2.1 Discrepancy exists in text tokens

Our proposed method begins with the discrepancy in the training label tokens. For image-text
modality alignment, the training labels are usually natural texts, where not all text tokens have a



strong correlation with the image inputs. Moreover, due to the existence of model generated datasets,
there also exist noisy text tokens that harm the alignment process, which is depicted in Figure 1.

Based on the relevance between corresponding input images, text tokens can be naturally divided
into three kinds. (1Yisually correlated tokens, which contain clear visual concepts and movements
depicted in the image. (jisually irrelevant tokens, which contain either irrelevant to the image
inputs or could be easily inferred by previous text tokens\M8lally contradictory tokens, which

contain hallucinated objects, especially in the model generated datasets.

2.2.2 Visually correlation can be inferred by contrasting image inputs.

Inspired by VCD B6] and IBD [33], which both enhance the generation by contrasting image inputs,
we further present that the contrastive method can also provide clear guidance for visually correlation
on each token.

We take the prediction logit of each label token under two circumstances, i.e., with or without the
image inputs, which we denote agj] ando'[fJ - Then denote o'[ﬁj] = e'[;t’j] 0'[1‘11 as the difference
between the predictions logits across two circumstances, we mﬁfc] on each token in Figure 2a to

visualize the effect of image conditions.

From Figure 2a, oi[;tjj] performs impressively in distinguishing text tokens of three kinds. B:}{tjj .
the visually correlated tokerbke traf c lights tree, busy street, red trueke specially high-lighted
while other tokens, especially the visually contradictory tokebtack carare light-colored.

In summary, the discrepancy in the label tokens motivates us to apply the token-wise dynamics on
loss to enhance the image-text modality alignment. By contrasting the image inputs, the difference in

the prediction logits oi[;t"j ] aids us with clear guidance for visually correlation of each text token.
2.3 Contrastive Alignment (CAL)

In this section, we present the details of our propdSAd. CAL proposed to re-assign the contribution
of each token based on their visually correlation weights. The overview of our method is shown in
Figure 2b and the detailed algorithm is depicted in Algorithm 1.

Following the previous sectioiGAL rst dy- - X .
namically computes the visually correlatiof\lgorithm 1 Detail Procedure of ¢,

weight Ol[fj] of each tokert; by contrast- |nput: i Imagel',i™ TextT = t1;ty;::;tn, VLM f
ing the image conditions. To avoid the effects . )

of extreme values, we additionally introducel: Compute contrastive logit. = _
post-processing methods including clampin D= E T )et = (15T )

(o]
and average pooling. We clamplogit by % Comﬁ’;}“e_ 'g%'t' ol

setting the upper bound to and the lower Om1= Oy Oyl
boundto ( > = 0). By setting tothe 3: Compute weights by post-processing'[’t‘j].
extreme valued, CAL neglects the visually witi = poolingw (clamp. ( 0 )

[tj]
g tokens.

|0950ftmaxf (GI[;tJJ ]

irrelevant toke_ns and visually contradictory to. Compute CAL loss by re-weightin
kens. By setting to the extreme value 1 |, it
CAL tolerates the circumstances where some CAL
visually correlated tokens occupy most of theutput: L i,
importance weights in all label tokens:

witi = clamp; ( Oi[;tjj]) e

— 1 it
= P W"
! w it Kk !
k=1

We further introduce average pooling with a window sizé\bto smooth the visually correlation
weights of each token, where we denote as:

w"'i = poolingw (w"!) (4)

The nal loss objective ofCAL is the weighted average of the original MLE objective based/on
and is de ned as:

L IC/lJ\L = P|—Wi_tkW|’t ! lOgsoftmaxf (el[tjJ ]) (5)
k=1 W



Table 1: Visual Question Answering benchmark<afL on leading methods including LLaVA-1.5,
LLaVA-NeXT?!, and MGM/MGM-HD. Our results are marked with. VQAT™ is evaluated without
OCR tokens. Abbreviations: OCRB. (OCR-Bench), MMS. (MMStar), MMT. (MMT-Bench).
VQA

| )
Method LLM OCRB. Doc Chart Toxt SQA MMS. MMT . Win/All
Low resolution setting
MGM Gemma-2B 335 39.8 234 48.1 60.6 255 43.4 6/7
MGM+CAL Gemma-2B 360 44.8 27.0 51.8 64.0 25.4 45.4
MGM Vicuna-7B 431 57.7 43.2 61.1 69.9 32.8 50.3 6/7
MGM+CAL Vicuna-7B 443 58.0 42.8 63.0 70.4 355 51.4
MGM Vicuna-13B 452 61.7 48.8 62.6 69.1 30.4 49.1 5/7
MGM+CAL Vicuna-13B 466 61.6 48.0 63.8 71.9 33.7 51.9
LLaVA-1.5 Vicuna-7B 315 28.5 175 476 68.2 324 48.6 5/7
LLaVA-1.5+CAL Vicuna-7B 328 30.6 17.5 47.5 68.7 32.9 48.8
LLaVA-1.5 Vicuna-13B 341 311 18.3 49.0 721 335 51.1 7/7
LLaVA-1.5+CAL Vicuna-13B 347 32.6 18.4 49.6 72.7 35.7 51.2
High resolution setting
MGM-HD Vicuna-7B 477 72.0 49.3 65.5 68.4 31.0 47.9 6/7
MGM-HD+CAL Vicuna-7B 503 73.4 49.6 67.1 69.2 30.1 50.5
MGM-HD Vicuna-13B 502 7.7 55.8 67.2 735 34.2 50.9 6/7
MGM-HD+CAL Vicuna-13B 535 78.0 57.2 68.8 73.1 38.5 514
LLaVA-NeXT Vicuna-7B 542 75.1 62.2 64.2 68.5 33.7 49.5 717
LLaVA-NeXT+CAL  Vicuna-7B 561 77.3 64.3 65.0 70.1 355 50.7
LLaVA-NeXT Vicuna-13B 553 78.4 63.8 67.0 718 375 50.4 6/7
LLaVA-NeXT+CAL  Vicuna-13B 574 80.1 67.2 67.1 715 38.1 52.4

3 Experiments

3.1 Experimental Setup

Implementation Details In this paper, we verify our propos€AL on two leading model structures:
LLaVA-1.5/LLaVA-NeXT [6, 10] and Mini-Gemini/Mini-Gemini-HD [L1]. LLaVA-1.5 uses CLIP-
pretrained ViT-L as the visual encoder. For resolution scaling, LLaVA-NeXT employs a simple
while adaptive image cropping strategy, encodes each image and concatenates them in one single
sequence. Mini-Gemini (MGM) further introduces a LAION-pretrained ConvNeXi4, 41] for
high-resolution re nement. For MGM/MGM-HD/LLaVA-1.5, we follow the same setting as the
original paper as it is public available, where the learning rate for the PT stage islseftand

the IT stage is set te ° for both Vicuna-7B and Vicuna-13B. For LLaVA-NeXT, where only the
evaluation code is made public, we reproduce LLaVA-NeXT with the same learning rate as MGM,
and set the learning rate of ViT to 1/10 of the base learning rate (our reproduction presents on-par
performance with the original paper/blog. We present a comparison of our reproduction results with
those of the original papers in Appendix A.1). We also set the lower bousnal upper bound in
Equation(3) to 1 and 5 respectively, and we $éh Equation(4) to 3 for all experiments. We use 16

A100 for experiments, except for 8 GPUs in LLavA-1.5/Gemma-2B and 32 GPUs in MGM-HD-13B.

Datasets For experiments on LLaVA-NeXTI[0], since the detailed composition of training datasets

is not publicly available, we use a slightly different training dataset combination, where we include the
mixture of LLaVAggsk [6], VQAPC [26], VQAChat[25] and the ShareGPT4ML[]. For experiments

of LLaVA-1.5 [6] and MGM/MGM-HD [11], we use the same dataset combination with original
paper. The training datasets include LLaVA- ltered CC3M], ALLaVA [ 141, ShareGPT4V 16,
LAION-GPT-4V [43], LIMA [ 44], OpenAssistant245], VQAP© [26], VQAChat[25] DVQA [46]

and AI2D [47]. Finally, we report results on widely-adopted VLM benchmarks, including
VQAT [48](without providing OCR tokens), VQ®° [26], VQAC [25], OCR-Bench {9,

MMT [ 28], MMStar [27], SQA' [50], COCO Caption $0], TextCaps 29|, and RefCOCOg32] in

our main experiments which observe signi cant improvement in majority settings, and additional
benchmarks MME 4], POPE B7], SEED-I [51], VQAT™ [48](with OCR tokens given), with
comparable performance in Appendix A.2.

We reproduce the results on LLaVA-NeXT on a slightly different training data combination, since the
instruction-tuning data is not made public.



Table 2: Image captioning and visual grounding benchmarks on LLaVA-1.5, LLaVA-NeXT, and
MGM/MGM-HD?. Our results are marked witi.

Method LLM | COCO Caption TextCaps Refcocogy Refcocogst | Win/All
Low resolution setting

MGM Gemma-2B 8.0 141 46.2 46.7 44
MGM+CAL Gemma-2B 29.7 25.1 50.9 51.1

MGM Vicuna-7B 18.2 314 66.4 66.7 4/4
MGM+CAL Vicuna-7B 21.8 33.6 68.5 68.6

MGM Vicuna-13B 17.6 27.1 73.2 73.5 4/4
MGM+CAL Vicuna-13B 18.6 32.1 73.7 74.1

LLaVA-1.5 Vicuna-7B 111.1 100.7 72.2 72.2 4/4
LLaVA-1.5+CAL Vicuna-7B 111.8 106.7 73.5 72.6

LLaVA-1.5 Vicuna-13B 115.9 102.4 74.6 75.2 3/4
LLaVA-1.5+CAL Vicuna-13B 119.4 105.6 75.3 75.2

High resolution setting

MGM-HD Vicuna-7B 334 42.4 70.2 70.6 3/4
MGM-HD+CAL Vicuna-7B 31.3 52.6 70.9 71.5

MGM-HD Vicuna-13B 22.2 42.1 76.8 77.7 3/4
MGM-HD+CAL Vicuna-13B 30.0 51.6 77.2 77.1

LLaVA-NeXT Vicuna-7B 112.0 115.0 77.6 77.5 474
LLaVA-NeXT+CAL  Vicuna-7B 114.7 124.7 78.4 78.1

LLaVA-NeXT Vicuna-13B 118.5 118.2 79.8 79.6 474
LLaVA-NeXT+CAL  Vicuna-13B 120.6 124.4 80.4 80.3

3.2 Main Results

CAL effectively improves various VLMs in Visual Question Answering scenarios Table 1
presents the performance of VLMs on Visual Question Answering.@ilr consistently improves

the performance on most of the understanding benchmarks with impressive margin, on different
resolution settings on both MGM/MGM-HD and LLaVA-1.5/LLaVA-NeXT which have different
vision model architectures. Especially on the high resolution settingzAlpresents impressive
performance improvement on OCR centric benchma@&l can bring improvement in 7 out of

8 benchmarks on LLaVA-NeXT-7B, MGM-HD-7B/13B, and 6 out of 8 benchmarks on LLaVA-
NeXT-13B. Especially, on LLaVA-NeXT-13BCAL improves VQAC by 1.7 ANLS, VQAChatpy

3.4 relaxed accuracy, and OCR-Bench by 21 points.

Effectiveness ofCAL is consistent on other benchmarks including Image captioning and Ground-

ing More promisingly, we found the improvement GAL is not limited to Visual Question An-
swering benchmarks, but even more impressive on image-caption and visual grounding benchmarks.
Table 2 presents the performance of VLMs on COCO Caption, TextCaps and both validation and test
set of RefCOCOg. EspeciallAL improves LLaVA-NeXT-13B 2.1 CIDEr score on COCO Caption
benchmark, 6.2 CIDEr score on TextCaps, 0.6/0.7 loU on the validation/test set of RefCOCOg.

3.3 Ablation Studies

Stages of ConductingCAL within VLM Training CAL can be integrated into both the PreTraining
(PT) stage and the Instruction Tuning (IT) stage in existing VLMs. In this section, we investigate
which stage bene ts the most fro@AL in Table 3. Integratin@CAL into the IT stage contributes
most of the improvement in all listed benchmarks, &#l in the PT stage further enhances the
performance with notable improvement on MMT-Bench and OCR-Bench.

CAL relieve the effect of noisy labels in the training data CAL can impressively reduce the effect

of the contradictory label tokens in training data. To distinctly presents the denoising abiliiof

we pollute the original training data with a ratio of 10 %, 20 % and 30 % by exchanging the training
images and their labels, i.e., we sel@ict T') and(1!; T!) with a probability ofp and replace them
with (1'; TV) and(l!; T'). We plot the performance difference when the noise rate is varied on four

2Note that the caption score of MGM/MGM-HD is signi cantly lower than LLaVA-NeXT. The training split
of MGM does not include the training set for both COCO Caption and TextCaps, where we provide the zero-shot
performance for MGM in all settings on these two benchmarks.



(a) COCO Caption (b) VQAP®© (c) VQA™* (d) OCR-Bench

Figure 3: Accuracy difference when different noise ratios applied. The performance of the baseline is
marked with red lines, an@AL is marked with green lines. The dashed line represents the asymptote.

(a) LLaVA-1.5-7B (b) LLaVA-1.5-13B () LLaVA-NEXT-7B  (d) LLaVA-NEXT-13B

Figure 4: o distribution for LLaVA models on 100 random sampled cases.

Table 3: Performance difference wheALis Table 4: Performance difference when applying

applied at different training stages. different weightq ; ] for clamping.
PT T | VQAD® TextCaps MMT. OCRB. [ ] | VQA™®* VQA OCRB. _Refcocoga
78.4 1181 504 553 [0[? *1] 1| 794 66.6 563 794
0,5 80.4 66.3 570 79.7
X 85 1167 509 554 L+1]| 791 66.8 571 785
X | 799 1248 515 564 L5 | 80.1 67.2 574 80.4
X X | 801 1244 524 574 Baseline| 78.4 63.8 553 79.8

different benchmarks, including COCO caption, VEA VQA™!and OCR-Bench. From Figure 3,
the performance of baseline drops signi cantly when the noise rate is increased G#tileerforms
more robust to noise.

Hyper-parameters for [; ]in clamping We further conduct ablation study onand to study
the effect of the hyperparameters in our clamping operation.

First, we plot the o distribution on LLaVA series in Figure 4. Tokens whose is lower tharb

nearly occupy approximateB0% of the total label sequences. Therefore, we sélext the upper

bound . To prevent the context dependent tokens being totally neglected, we set the lower bound
to 1. We then extend both lower bound and upper bound to extreme valueBarel+ 1 . The

results are shown in Table 4. (1) Both setting the lower bourtdated setting the upper bound to

+1 causes performance degradation. (2) Even when setting the lower bodn@Ad still achieves

better performance compared with the original baseline, indicating that totally neglecting the context

dependent/visually contradictory tokens while focusing on the visually dependent ones still brings

steady improvement.

Complementary Ablations We further provide ablations on the image contrasting conditions in
Appendix A.3, where we compaf@AL when different kinds of augmentation strategy is used.

3.4 Analysis

CAL presents better capability in OCR recognition and capturing details We provide qualitative
analysis in Table 5 to analyze the improved caption abilit€AL. In the table CAL presents much
better ability in OCR recognition by accurately distinguishing bewildering OCR casesCAQ.,
accurately tells the difference between hand-writtensciousnesand construction world and
would Such ability contributes to the superior performanc€At on the TextCaps benchmark.



Meanwhile,CAL also presents better ability in capturing visually-conditioned details. For instance,
compared with baselin€AL captures the material detadsl cover and the numerical details by
telling two men on horsesom a man on a horseThe capability ofCAL to capture intricate details
leads to sustained enhancements in the COCO caption bench@vklempowers the model to
identify more accurate elements within images, including objectsalittelley andthe number 8
which might otherwise be incorrectly recognized or overlooked.

Complementary Analysis We rst provide statistics for computational overhead in Appendix A.6.
And we further provide more qualitative analysis on studying the quality of image-text modality
alignment. The attention map scores are visualized in Appendix B.1, and the aligned image features
are visualized in Appendix B.2.

4 Related Work

Vision Language Models LLMs[1, 52, 2, 53, 4] have made signi cant strides in Natural Language
Processing (NLP) tasks, including text generation and question-answering, paving the way for VLMs
that integrate vision ability with LLMs. In the realm of visual language learning, CLIR4] has

set a milestone by employing extensive image-text pair contrastive learning to achieve multimodal
alignment. Recently, numerous VLMS,[7, 8, 55, 34, 56-59, 35, 60, 61] have leveraged the robust
capabilities of LLMs for cross-modal understanding and generation tasks. Models like BE]P-2 [
and MiniGPT-4 B] have improved cross-modal alignment through comprehensive image-text pair
pre-training. LLaVA [7] has further advanced its comprehension of complex prompts via re ned
instruction ne-tuning. Additionally, recent research-L1] has incorporated higher resolution
input images and longer sequences to enhance VLMs' understanding capabilities. Mini-Gemini
(MGM) [11] introduces a LAION-pretrained ConvNeXt-L [22] for high-resolution re nement.

Image-text Modality Alignment Image-text modality alignment has long been regarded as the
core problem in cross-modal understanding and generation tasks. Traditional image-text alignment
strategies include both contrastive learning across different modalities and generative learning that
train text tokens in an autoregressive manriét p2—64]. The combination of both techniques

is also proven to be effective in the early era of VLMs, where BLiPdroposes a multi-stage
alignment strategy, with contrastive learning in early alignment and generative learning in the latter
stage. However, in recent researchg&sl])], contrastive learning is discarded for being redundant

in image-text modality alignment of VLMs, and researchers propose to enhance the cross-modal
alignment through dataset scaling and image resolution scali@[65, 10]. Despite being simple

in application, the existing generative alignment method simply treats each text token with equal
importance, resulting in sub-optimal alignment performance.

More recently, due to the great success in Reinforcement Learning (RL) in the alignment of LLMs,
many recent works€s, 37, 67] have also integrated Reinforcement Learning methods to align
existing VLMs with human preference. However, these RL-based methods require high-quality
human-labeled pair-wise data and focus more on aligning with human preference rather than modality
alignment.

Training-free Contrastive Decoding Recently, many researchers have proposed to improve the
generation quality via contrastive decodi@f70, 36, 33]. Especially, in the eld of LLMs, CID [/]]

utilizes contrastive decoding on paired text inputs for model de-biasing. Such method is also proven
to be effective in enhancing the reasoning ability of LLMs in various asp€ets’fl]. Similar
investigations have also been taking in VLMs. Recently, both V@) &nd IBD [33] propose to
enhance the generation of VLMs by contrasting the prediction logits between the original visual input
and the perturbed ones. CR&] further proposes to improve the grounding ability without training

via contrasting differently masked images. However, these training-free methods require additional
computation during the decoding stage, making it highly ineffective for application.

5 Limitation

Despite the superiority dEAL in various model structures, resolution settings and model scales on
various benchmarks, limitations still exist in our proposed method. First of all, there lacks a clear and






