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Abstract

Large Vision-Language Models (LVLMs) have ex-
perienced significant advancements in recent years.
However, their performance still falls short in tasks
requiring deep visual perception, such as identify-
ing subtle differences between images. A poten-
tial cause is the scarcity of visual knowledge in
popular instruction-tuning corpora, resulting in in-
adequate visual perception and reasoning capabil-
ities. To address this challenge, we introduce a
self-improvement framework grounded in a novel
visual knowledge-intensive task, Causality-driven
Visual object Completion (CVC). This task re-
quires LVLMs to infer the masked object in an im-
age based on its causal relationships with the other
visible information. We first obtain rich exam-
ples cheaply through our automated instance con-
struction pipeline, without relying on sophisticated
LVLMs (e.g., GPT-4V) or human assistance. Then,
LVLMs effectively self-improve through trial and
error learning using these created instances. Our
experiments demonstrate substantial gains across
four challenging specialized tasks and four widely-
used comprehensive benchmarks. Especially on
specialized tasks, our method achieves an aver-
age improvement of 5.4% and 4.0% compared to
the corresponding baselines when utilizing LLaVA-
1.5-7B and LLaVA-1.5-13B, respectively. Code
and the supplementary file are available at https:
//github.com/XMUDeepLIT/CVC.

1 Introduction

In the pursuit of Artificial General Intelligence (AGI), the
ability to effectively process and understand multimodal in-
formation is of paramount importance. The surge in Large
Language Models (LLMs) [Achiam et al., 2023] has cat-
alyzed the development of powerful Large Vision-Language
Models (LVLMs) [Yang et al., 2023; Team ef al., 2023]. The
main idea of most LVLMs is to integrate a pretrained visual
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What factors can influence the success
of the man's swing?

Several factors can influence the success of the man's
swing in the tennis game. Some of the essential factors
include body positioning, timing, racquet grip, stance,
and technique. Proper body positioning and stance
ensure a strong foundation for a successful swing.

(a) Conventional Visual Reasoning
Involves Few Visual Knowledge

What could the object occluded in the
man's hand be?

1. First, we can see the man in sportswear, seemingly
engaged in some activity.

2. Second, the yellow item above his head appears to
be a tennis ball, matching its typical color and shape.

3. Third, the red clay and the net suggest this is a tennis
court, as these are common features of tennis court.
Therefore, the occluded object is a tennis racket.

(b) Our CVC Demands
Visual Knowledge-Intensive R

Figure 1: Comparison between conventional and our CVC instances
for visual reasoning, where contents involving visual knowledge and
linguistic commonsense knowledge are highlighted in green and red,
respectively.

encoder [Radford er al., 2021] with LLMs using an align-
ment module [Liu et al., 2023b]. By leveraging the inherent
capabilities of LLMs, these LVLMs have achieved excellent
performance in various visual tasks, such as image caption-
ing [Yang et al., 2023], visual question answering [Lan et
al., 2024a; Liu et al., 2024a], and multimodal machine trans-
lation [Lin et al., 2020; Lan et al., 2023; Yin et al., 2023;
Lan et al., 2024b].

Despite the remarkable progress made by LVLMs, they
still struggle with some basic visual perception and reason-
ing tasks, which humans can solve almost unerringly [Tong
et al., 2024; Fu et al., 2024]. For instance, [Tong et al.,
2024] demonstrate that existing LVLMs may perceive im-
ages with clear visual differences as similar, thus failing to
distinguish them. This issue may stem from the inherent
deficiency of current LVLM training corpora, which prior-
itize commonsense knowledge over visual knowledge and
lack complex reasoning tasks involving visual scenarios. In
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Figure 1(a), we showcase a typical example categorized as
“complex reasoning” within the popular LLaVA training cor-
pus [Liu et al., 2023b]. The overall reasoning process in-
volves limited visual knowledge (“playing tennis™), but in-
stead, mostly relies on the LLM’s intrinsic commonsense
knowledge (“the factors influencing the success of swing”).
This can be because widely-used corpora [Zhao et al., 2023;
Liu ef al., 2023b] are mostly crafted from strong language-
only GPT-4 [Achiam et al., 2023], thus naturally contain a
large amount of linguistic knowledge. As a result, train-
ing with these instances only may limit the exploitation of
LVLMs’ capabilities in visual perception and reasoning.

To tackle this issue, we propose a novel self-improvement
framework for further exploiting the visual capabilities of
LVLMs autonomously. Specially, in addition to existing
vision-language tasks [Goyal et al., 2017; Krishna et al.,
2017; Kang et al., 2023], we introduce causality-driven visual
object completion (CVC), a challenging visual knowledge-
intensive reasoning task for multimodal instruction tuning.
This task is inspired by “visual completion” [Pessoa et al.,
1998] in perceptual psychology, where humans with high-
level cognitive processing and reasoning skills are capable
of extracting meaning even from incomplete visual informa-
tion. Taking Figure 1(b) for example, given an image where
an object is masked, the LVLM has to take the visible con-
text as evidence and provide a step-by-step reasoning path
(rationale) for explicitly inferring the masked object. Similar
ideas have been successfully applied to the fields of vision-
language for self-supervised pretraining [Chen er al., 2020].
However, unlike these studies where the masked area is ran-
domly selected, we especially emphasize the high causality
between the masked object and its surroundings. This pre-
vents the LVLM from forcibly fitting training targets that are
uncertain and difficult to infer, encouraging it to conduct rea-
sonable inference over the masked image.

To cost-effectively produce training instances of CVC, we
first leverage widely available image-caption pairs [Lin et al.,
2014] and occlude the high-causality objects recognized in
images. Particularly, the causality score between an object
and its image context is empirically estimated by the confi-
dence of a Masked Language Model (e.g., RoBERTa [Liu et
al., 2019]) on its corresponding caption entity.

With the crafted CVC instances above, we aim to synthe-
size valid rationales that lead to the target answer for LVLM
training. To address this challenge, we apply trial and error
learning [Young, 2009] to LVLMs for self-improvement: for
each CVC instance, we first ask an LVLM to synthesize mul-
tiple rationales (trials) for inferring the masked object. Then,
the difficulty of each instance is assessed based on the fre-
quency of its trials yielding the target answer. We select chal-
lenging instances that are valuable for training to enhance the
LVLM’s learning efficiency. Finally, these successful self-
generated trials are fed to the LVLM for self-improvement.
In this way, the LVLM is not only taught to recognize the
detailed information of images (visual perception), but also
encouraged to conduct “slow thinking” [Daniel, 2017] for ex-
plicitly predicting the masked object by leveraging its rele-
vant surroundings (visual reasoning). Thus, the visual capa-
bilities of the LVLM can be comprehensively improved with-
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out the help of humans or sophisticated LVLMs (e.g., GPT-
4V [Achiam et al., 2023]).

To demonstrate the effectiveness of our proposed self-
improvement framework, we conduct extensive experiments
on challenging specialized tasks, including MMVP [Tong et
al., 2024], Winoground [Thrush et al., 2022], V*Bench [Wu
and Xie, 2024], VSR [Liu et al., 2023b] and comprehensive
benchmarks: MME [Fu et al., 2023], MMBench [Liu et al.,
2023c], SEEDBench [Li et al., 2023] and MM-Vet [Yu et al.,
2023]. The results on LLaVA-1.5 family LVLMs show that
our method consistently outperforms the corresponding base-
lines, particularly on the more challenging tasks of MM VP
and Winoground, with improvements of +10.0% and +8.2%,
respectively. Detailed analyses also indicate that our method
can scale to larger data volumes, validating the promise of our
method for more pervasive use.

2 Related Work

Large Vision-Language Models (LVLMs). Mainstream
LVLMs adopt a similar architecture [Liu et al., 2023b], where
a vision encoder is linked to an LLM via an alignment mod-
ule, enabling perception of visual information. Nowadays,
LVLMs have shown excellent performance in downstream
tasks. However, recent studies highlight their limitations
in visual understanding. For instance, [Tong ef al., 2024]
benchmark LVLMs on distinguishing fine-grained visual dif-
ferences, revealing the poor performance of existing LVLMs.
Similarly, [Fu er al., 2024] point out that existing bench-
marks overlook visual perception, and instead use classic vi-
sion tasks to assess LVLMs. Though easy for humans, these
tasks remain challenging for current models.

Learning from Rationales. Early studies have demon-
strated that human-annotated rationales can enhance model
performance [Zhang et al., 2023]. Today, thanks to the
emerging reasoning abilities in LLMs [Wei et al., 2022;
Wang et al., 2025], many studies [Ho er al., 2022; Hsieh
et al., 2023] apply knowledge distillation to learn from syn-
thetic rationales generated by advanced LLMs with hundreds
of billions of parameters. However, the above approaches can
be costly. Therefore, an alternative line of research focuses
on self-improvement methodologies, enabling LLMs to learn
from self-generated rationales [Huang et al., 2022]. In the
field of LVLMs, such self-improvement techniques remain
under-explored. In this paper, we harness LVLMs’ inherent
reasoning abilities to autonomously generate rationales, using
them to cheaply enhance the LVLM’s visual capabilities.

Mask-then-Predict. This paradigm aims to enhance model
performance by recovering masked signals. It has been ex-
tensively investigated in both language [Devlin et al., 2018;
Liu et al., 2019] and vision [Bao et al., 2021; He et al., 2022]
domains separately. Along this line, a series of works [Chen
et al., 2020; Kwon et al., 2022] employ this paradigm to con-
duct Vision-Language Pre-training (VLP). Unlike conven-
tional approaches in VLP where masked signals are directly
predicted, our method requires the LVLM to infer the masked
object through a step-by-step rationale. Additionally, we em-
phasize the high causality between the masked object and its
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3. Instruction Generation

Figure 2: Overview of our data construction pipeline. Using widely available image-caption pairs, we construct CVC instances cost-
effectively. Each CVC instance consists of a high-causality entity, an occluded image, and a task instruction.

surroundings, rather than applying random masking. By do-
ing so, our method can further develop the LVLM’s ability to
utilize visible context and conduct reasonable inference over
the masked image.

3 Our Framework

In this section, we introduce an innovative self-improvement
framework for LVLMs. We start by providing a detailed for-
mal definition of causality-driven visual object completion
(CVO), a challenging visual knowledge-intensive reasoning
task for LVLMs (§3.1). Next, we present an overview of
the pipeline used to construct task instances cheaply (§3.2).
Finally, using the constructed CVC instances, we utilize an
LVLM to autonomously synthesize valid rationales. These
self-generated data are used as additional training data for the
multimodal instruction tuning of the LVLM (§3.3).

3.1 Task Definition

Formally, given an occluded image I\., where an object
e! having high causality with its surroundings is artificially
masked, we ask an LVLM to infer the masked object by pro-
viding a step-by-step rationale r:

r =LVLM(I\c,q,p), ey

where the rationale r refers to natural language explanations
that support the model’s final prediction, ¢ is the task in-
struction (e.g., “What is the occluded object?”), and p is the
Chain-of-Thought (CoT) prompt (i.e., “Let’s think step by
step”) used to elicit the rationale. In this context, high causal-
ity refers to the strong logical association between the masked
object and its surroundings, enabling reasonable inference.

Compared with predicting the object e only, providing a
step-by-step rationale r can better help the LVLM learn to
search for relevant cues in the visible context and then con-
duct causal reasoning over them to infer the answer. There-
fore, deep visual perception and reasoning capabilities of the
LVLM can be promoted through this process.

3.2 Data Preparation
Based on widely available image-caption pairs, we develop
an automatic data construction pipeline to create the dataset

'For the sake of clarity, we denote both an object in an image and
its corresponding entity by e.

of CVC, where each instance is composed of {e, I\., q}. As
shown in Figure 2, we successively construct the three ele-
ments of each instance through (i) high-causality entity col-
lection, (ii) image occlusion, and (iii) instruction generation.
We describe these steps in detail below.”

High-Causality Entity Collection. Directly estimating the
causality between an object and its image context is non-
trivial. Therefore, we empirically compute the causality score
of an object by utilizing the uncertainty estimation of the cor-
responding entity in the caption, which shares the same se-
mantic meaning as the corresponding image. Specifically,
given an image-caption pair {I, T}, where I denotes the im-
age and T represents the caption, we first employ LLaMA2-
7B [Touvron et al., 2023] to extract entities (e.g., e;) from
T via in-context learning. Next, we mask an entity e; in the
caption 7, yielding the masked text T\ .,. We then feed T\,
into RoBERTa [Liu et al., 2019] (denoted as ¢) to predict the
masked tokens. The prediction probability of e; serves as the
causality score: p(e; | T\c,; ¢). Intuitively, entities with high
causality are more easily predicted based on their context,
resulting in higher probabilities compared to low-causality
entities. Finally, we select those high-causality entities with
scores exceeding a threshold ~.

Image Occlusion. After collecting high-causality entities,
we proceed to occlude these entities in their corresponding
images. First, we utilize GLIP [Li et al., 2022] to ground each
entity’s corresponding object in the image, thereby yield-
ing a bounding box. This bounding box serves as input for
SAM [Kirillov et al., 20231, which predicts a mask that pre-
cisely delineates the region of the object. We then apply
heavy occlusion to the segmented pixels. We use rectangu-
lar boxes instead of actual contours to occlude objects. This
prevents the LVLM from relying on shapes for predictions
thus hindering its effective use of surroundings for reasoning.

Instruction Generation. The task instruction aims to elicit
the desired LVLM predictions. Given the diverse range of en-
tities we collected, a fixed instruction (e.g., “What is the oc-
cluded object?”’) might lead to ambiguous references, thereby
reducing the data efficiency because it is hard for an LVLM to
yield the answers exactly. Besides, it limits the data diversity,

%Final processed data, along with more implementation details,
will be provided in our supplementary file.
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1. Trial Sampling

The occluded machine is near food and T
. . . ( other kitchen appliances ... It's a refrigerator.
What kind of machine might
the occluded object be?
It may be related to printing or document
production tasks ... So it a 3D printer. T

o &<

The image shows a craft room ... there is a
K machine to assist in creating crafts or
garments. This might be a sewing machine.

2. Trial Learning

Figure 3: Overview of our self-improvement approach. Based on
trial and error learning, the LVLM samples multiple rationales (tri-
als) for a given CVC instance. The sampled trials are selectively
learned based on their correctness and estimated difficulty.

which can be crucial for model generalization. Therefore, we
construct a specialized instruction for each entity. To achieve
this, we manually craft several examples of entity-instruction
pairs and use LLaMA2-7B through in-context learning to
generate a new instruction based on the input entity.

3.3 Model Training

Thus far, the crafted CVC instances still lacks valid rationales
that lead to the target entity. To address this, we apply trial
and error learning [Young, 2009], a core learning mecha-
nism in behavioral science, to LVLMs for self-improvement:
faced with an unfamiliar problem, the learner experiments
with multiple trials, evaluates their successfulness based on
environmental feedback, and learns from successful attempts
to improve problem-solving capabilities. As shown in Fig-
ure 3, we illustrate how successful trials are sampled and then
fed back into the LVLM for self-improvement.

Trial Sampling. Given each CVC instance {e, I\, ¢} and
an LVLM parameterized by 6, each rationale produced by the
LVLM for inferring the masked object is treated as a trial. We
adopt the popular nucleus sampling [Holtzman er al., 2019]
to obtain [V different trials:

r1,72,...,TN NLVLM(I\e7q7p) 2

Then, we assess the successfulness of each trial 7; by ver-
ifying its corresponding answer €; against the target entity
e. Concretely, for each trial 7, we extract the answer é; uti-
lizing LLaMA2-7B through in-context learning®, and r; is
successful when ¢; = e.

Trial Learning. With the obtained successful trials for each
instance, we only select challenging ones that are worth learn-
ing to train the LVLM for improving learning efficiency. To
achieve this, we measure the difficulty of a CVC instance by
calculating the inverse frequency of its trials that yield the
target answer e: F = 1 — < Zgzl I(é, = e), where I()
denotes the indicator function. Then, only successful trials

3We provide the prompting examples in our supplementary file.
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from instances with difficulty scores higher than the thresh-
old « are chosen. Finally, for an instance {e, I\, q} with a
successful trial 7/, we train the LVLM by hybridizing the trial
and target entity as supervised signals, using the following
standard cross-entropy loss:

L=~ (logp(e| Ie,q;0) +logp(r' | Ie,q,p;0)) . (3)
The hybrid loss term promotes the “fast and slow thinking” of
the LVLM via learning to not only predict the direct answer
but also decompose the complex visual completion process
step by step. To maintain the LVLM’s instruction-following
ability, we combine our data with general multimodal instruc-
tion data and jointly perform multimodal instruction tuning.

Through this process, without the need for sophisticated
LVLMs (e.g., GPT-4V) or human annotations, the LVLM au-
tonomously learns from its own scarce but successful trials.
While achieving proficiency in CVC, the LVLM’s visual per-
ception and reasoning capabilities are further developed.

4 Experiments
4.1 Setup

Evaluation Datasets. We conduct in-depth analyses on a
range of challenging specialized tasks and widely-used com-
prehensive benchmarks, aiming to test the effectiveness of
our method on the deep visual perception and general capa-
bilities of LVLMs, respectively.

¢ Challenging specialized tasks: MMVP [Tong et al.,
2024], Winoground [Thrush et al., 2022], V*Bench [Wu
and Xie, 2024], and VSR [Liu et al, 2023al.
Among these, MMVP focuses on distinguishing fine-
grained visual differences that LVLMs often overlook.
Winoground tasks LVLMs to select the correct caption
for an image from two options with easily confused spa-
tial relationships. V*Bench challenges the model to rec-
ognize subtle visual details, and VSR assesses visual
spatial understanding capability.

» Comprehensive benchmarks: MME [Fu et al., 2023],
MMBench [Liu et al., 2023c], SEEDBench [Li ef al.,
2023], and MM-Vet [Yu et al., 2023]. These bench-
marks encompass a wide range of subtasks, providing
a thorough assessment of our method’s generalization.

We follow [Liu et al., 2024a] to use the same testing scripts
and evaluation metrics for fair comparison.

Implementation Details. Since most mainstream LVLMs
share the same architecture, we follow [Zhou et al., 2024]
to choose popular LLaVA-1.5 [Liu et al., 2024a] for exper-
iments. Both the 7B and 13B versions are used for demon-
strating the scalability of our method across various model
sizes. The CVC instances are constructed based on COCO
dataset [Lin ef al., 2014]. We set v, N, and « to 0.3, 16, and
0.75, respectively. By default, we use 90K of our data for
training across all experiments unless otherwise noted. Dur-
ing training, we combine our data with the 665K instruction
data from LLaVA-1.5 for multimodal instruction tuning. To
ensure a fair comparison, our training starts from the pre-
trained (i.e., not yet instruction-tuned) weights of LLaVA-
1.5, following the same training hyperparameters. All exper-
iments are conducted on 8 x A100 80G GPUs.
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Specialized Task Comprehensive Benchmark
Method MMVP  Winoground V*Bench VSR MME MMBench SEEDBench MM-Vet
LLaVA [Liu et al., 2023b] 6.0 - 35.6 - 809.6 38.7 37.0 255
InstructBLIP [Dai et al., 2023] 16.7 - 34.0 - 1212.8 36.0 58.8 26.2
Gemini Pro [Team et al., 2023] 40.7 - 48.2 - 1496.6 73.6 62.4 64.3
GPT-4V [Achiam ez al., 2023] 38.7 - 55.0 - 1409.4 81.0 69.1 67.7
Naive-VC 273 29.5 48.7 66.9 1473.8 65.6 66.3 30.8
LLaVA-1.5-7B [Liu et al., 2024a] 20.7 253 47.6 66.9 1510.7 64.3 66.1 31.1
w/ CVC 30.7 33.5 49.7 68.1 1519.5 66.6 67.1 34.1
A +10.0 +8.2 +2.1 +1.2 488 +2.3 +1.0 +3.0
LLaVA-1.5-13B [Liu et al., 2024a] 333 343 48.7 67.3 15313 67.7 68.2 36.1
w/ CVC 36.0 39.0 51.8 72.7 1543.8 70.1 68.2 38.2
A +2.7 +4.7 +3.1 +54 +125 +2.4 +0.0 +2.1

Table 1: Performance of our method on LLaVA-1.5 across all evaluation datasets. Baseline results are primarily sourced from [Tong et al.,
2024], [Wu and Xie, 2024] and [Liu et al., 2024a]. Results for GPT-4V and Gemini Pro on comprehensive benchmarks are obtained from the

respective official leaderboards.*

MMBench SEEDBench
Method LR RR AR VR AP 1I
LLaVA-1.5-13B 44.1 626 704 77.0 386 732

LLaVA-1.5-7B 305 53.0 734 767 337 69.1
w/ CVC 331 644 704 77.6 370 70.1
A +2.6 +114 -3.0 +09 +33 +1.0

Table 2: Results on visual reasoning tasks. The abbreviations for
these tasks are as follows: Logical Reasoning (LR), Relation Rea-
soning (RR), and Attribute Reasoning (AR) for MMBench; and Vi-
sual Reasoning (VR), Action Prediction (AP), and Instance Interac-
tion (II) for SEEDBench.

Baselines. To better validate the effect of our framework,
we introduce a baseline termed Naive-VC. It is based on
LLaVA-1.5-7B and trained extensively on data of the naive
visual completion task, where entities are randomly selected
before masking the corresponding objects in images. Addi-
tionally, we include results from other open-source LVLMs
like LLaVA [Liu ef al., 2023b] and InstructBLIP [Dai et
al., 2023], as well as state-of-the-art models like GPT-
4V [Achiam et al., 2023] and Gemini Pro [Team et al., 20231,
to further demonstrate the effectiveness of our method.

4.2 Main Results

Our Method Notably Boosts Deep Visual Perception. As
shown in Table 1, our method achieves notable improvements
on 4 challenging specialized tasks. For LLaVA-1.5-7B, our
method achieves nearly a 10% improvement on the two dif-
ficult tasks of Winoground and MMVP. Consistent perfor-
mance gains are also significant in V*Bench and VSR. Com-
pared with Naive-VC, our method achieves more pronounced
improvements. It is because CVC encourages the LVLM to
engage in reasonable inference by leveraging richer contex-
tual cues, demonstrating the importance of leveraging high-
causality objects for visual completion. Notably, LLaVA-

*We provide the URL for the leaderboard of each comprehensive
benchmark in our supplementary file.
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1.5-7B equipped with CVC data achieves performance com-
parable to or even surpassing vanilla LLaVA-1.5-13B on
these tasks. For LLaVA-1.5-13B, our method also achieves
substantial performance gains, with improvements of nearly
2%~5%. These results demonstrate that our method can ef-
fectively enhance this more advanced LVLM, showcasing its
potential to improve well-developed models at larger scales.
Regarding comprehensive benchmarks, although our method
is task-agnostic, it effectively enhances the performance of
both LLaVA-1.5-7B and LLaVA-1.5-13B, achieving average
improvements of 1.69% and 1.28%, respectively. Given that
these tasks do not emphasize deep perception but involve a
broader range of visual knowledge, these results indicate that
our method effectively injects intensive visual knowledge into
LVLMs and further aligns it within the language domain,
demonstrating the generalizability of our approach.

Our Method Further Enhances Reasoning in Visual Sce-
narios. Since our method also encourages the LVLM to en-
gage in visual reasoning, we further investigate how it im-
pacts the reasoning ability of the LVLM in visual scenarios.
To this end, we assess performance on several reasoning sub-
tasks from MMBench and SEEDBench, which require not
only basic perception but also cognitive inference [Li ef al.,
2023; Liu et al., 2023c]. As shown in Table 2, the perfor-
mance of LLaVA-1.5-7B is generally improved on these rea-
soning tasks. Notably, the performance on relation reasoning
exhibits the most substantial improvement, with an increase
of 11.4%. These results indicate that our method effectively
enhances the LVLM’s reasoning ability, further validating its
effectiveness from another perspective.

4.3 Analysis

Effect of Scaling Up CVC Data. We further investigate the
effect of CVC data scale on downstream visual tasks. We
apply our method to LLaVA-1.5-7B with varying CVC data
scales, ranging from 30K to 150K. To highlight the effec-
tiveness of our method on the deep visual perception, we
focus on three challenging tasks: MMVP, Winoground and
V*Bench. The results are shown in Figure 4. We can observe



Proceedings of the Thirty-Fourth International Joint Conference on Artificial Intelligence (IJCAI-25)

Specialized Task Comprehensive Benchmark
Synthesizer Recall (%) MMVP Winoground V*Bench VSR MME MMBench SEEDBench MM-Vet
MiniGPT-v2 17.3 32.7 323 52.9 68.7 1516.5 65.8 67.4 32.7
LLaVA-1.5-7B 12.1 30.7 33.5 49.7 68.1 1519.5 66.6 67.1 34.1
LLaVA-NeXT-34B 10.3 30.7 31.8 48.7 70.8 1497.8 66.3 67.6 332

Table 3: Comparison of different LVLMs used as the rationale synthesizer. All training is conducted on LLaVA-1.5-7B. Recall indicates the
proportion of successful rationales generated by each synthesizer. The best results are bolded, and the second-best results are underlined.
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Figure 4: Results of scaling up CVC data for LLaVA-1.5-7B.

a consistent trend of performance improvement across three
tasks as the CVC data scale increases. Notably, after train-
ing with 150K of CVC data, our method achieves an accu-
racy of 36.3% on Winoground and 32.0% on MMVP, show-
ing absolute improvements of 11.0% and 11.3% compared to
the vanilla LLaVA-1.5-7B. A positive impact of CVC data
scale on V*Bench is also observed, though it is relatively less
pronounced. Analyzing the effect of each data scale setting,
we find that the 30K setting yields the most significant in-
cremental improvement across the three tasks. After exceed-
ing 90K, the rate of performance improvement slows, but the
LVLM continues to benefit from additional data. However,
in general scenarios (e.g., SEEDBench), we observe a slight
performance decline when scaling up to 150K. This may
be attributed to the excessive proportion of CVC data in the
training corpus, which diminishes the impact of general data.
Nonetheless, from the perspective of core visual perception,
these results demonstrate that our method is not only efficient
with limited data but also scalable to larger data volumes.

Influence of Different Synthesizers. So far, we have shown
the effectiveness of our method in self-improvement. Never-
theless, other LVLMs can also function as the rationale syn-
thesizer within our framework. In Table 3, we present the
performance of MiniGPT-v2 [Chen et al., 2023] and LLaVA-
NeXT-34B [Liu et al., 2024b] as the synthesizer. Specifi-
cally, MiniGPT-v2 is an LVLM based on LLaMA2-7B, and
LLaVA-NeXT-34B is a more advanced LVLM trained on su-
perior multimodal data. The results first reveal that CVC

80
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Figure 5: Comparison between two different task instruction settings
in the distribution of F across all CVC instances. Both settings use
LLaVA-1.5-7B for rationale synthesis.

presents a substantial challenge to current LVLMs, as evi-
denced by the extremely low recall of each synthesizer. Sec-
ond, our results show that different synthesizers yield compa-
rable improvements. We attribute this to our method ensuring
comparable data quality across the synthesizers by validating
rationales with gold answers. As a result, our method is still
effective when applied to less sophisticated LVLMs. Third,
the improvement of our method in deep visual perception is
closely tied to the synthesizer’s performance on CVC. For
example, MiniGPT-v2, with the highest recall of 17.3%, ex-
hibits overall more advanced performance on 4 challenging
specialized tasks. In contrast, although LLaVA-NeXT-34B
has achieved state-of-the-art results across a wide range of
benchmarks [Liu et al., 2024b], its lower proficiency in CVC
results in relatively modest improvements. This suggests that
utilizing LVLMs with higher proficiency in CVC could fur-
ther enhance the potential of our method. We hope these find-
ings offer valuable insights for future research.

Generated Instruction Promotes Data Diversity. To evalu-
ate the effect of generated instruction, we compare this set-
ting with using a fixed instruction (“What is the occluded ob-
Jject?”). First, our results demonstrate that using generated
instructions significantly outperforms a fixed instruction in
terms of data diversity. As shown in Figure 5, using a fixed
instruction results in nearly 20% more CVC instances with
no successful rationale compared to using generated instruc-
tions. This indicates that generated instruction can lead to
more specific references, thereby aiding the LVLM in pro-
ducing accurate answers. Due to this design, our data covers
nearly 2,000 different entities, ensuring data diversity. Sec-
ond, in Table 4, using generated instructions exhibits better
performance on both specialized and general visual tasks.
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Question:

What pattern is in the picture?
A. Pumpkin Lights

B. Butss/

LLaVA-1.5-7B:

Ours:

A. There are orange and purple candles; thus, the pattern is related to candles. B. There are bats in the air,
which is also in the shape of a bat pattern ... This pattern could be related to pumpkins since a pumpkin is
a natural image associated with Halloween, and there are candles in the image. C. Although bats may
come in handy, the focus of the image is most likely pumpkins as the pattern.

So, the pattern in the picture is a combination of a pumpkin theme, candles, and the presence of bats.
However, since we have found the most valid and fitting pattern, A. is the correct answer.

First, we know that the image has a spooky atmosphere due to the ghost and pumpkin decorations.
Second, we also know that there is a moon ... Now, let's consider the possible pattern in the picture.

A: Pumpkin Lights - While there is a possibility of pumpkin decorations as a pattern, considering the other
elements of the scene, like the ghosts, we can disregard option A.

B: Bats - Given the available information, we can safely conclude that the bats have a significant role in the
pattern in the picture. They are scattered throughout, both in the sky and hovering around the ghost.

Figure 6: An example comparison of LLaVA-1.5-7B with and without our method. Left: A test sample from MMVP includes a question and
an image, with the correct option annotated. Right: The reasoning processes and relative attention maps of the two methods. The highlighted
regions in the attention map reveal where this method places more attention compared to the other.

Wino  SEED

Direct Wino  SEED

Method MMVP ground Bench MM-Vet Rationale Answer MMVP ground Bench MM-Vet
LLaVA-1.5-7B 20.7 253 66.1 31.1 X X 20.7 253 66.1 31.1
w/ CVC (o = 0.5) 30.0 29.5 66.9 31.7 v X 28.0 26.0 66.8 29.4
w/ CVC (o = 0.75) 30.7 33.5 67.1 34.1 X v 30.7 27.0 66.3 29.2
w/o Generated Inst. 28.7 32.5 67.1 31.8 v v 30.7 335 67.1 34.1

Table 4: Results of our method enhanced by introducing generated
instructions (Generated Inst.) and harder CVC instances. We con-
duct this ablation study on LLaVA-1.5-7B.

Harder CVC Instances Boost Greater Performance. We
measure the difficulty of a CVC instance based on the fre-
quency of its trials that yield the target answer. To investigate
how the difficulty of CVC instances impacts LVLM perfor-
mance, we collect CVC instances with different difficulties
for LVLMs training. As depicted in Table 4, the harder CVC
instances (o = 0.75) exhibit a more pronounced performance
improvement compared to the easier ones (o« = 0.5). This
finding underscores that training with harder CVC instances
drives the LVLM to achieve more substantial gains in tack-
ling complex visual scenarios, highlighting the importance of
instance difficulty in boosting model performance.

Effect of Hybrid Loss. Another key decision of our method
is how to format the synthesized data for LVLMs training. To
investigate this, we conduct an ablation study of the hybrid
loss. As shown in Table 5, both rationale-only and direct-
answer-only training can generally enhance the LVLM’s per-
formance on downstream visual tasks, with the exception of
MM-Vet. When combining both rationale and direct answer
for training, the hybrid loss enables the LVLM to engage in
“fast and slow thinking,” leading to further improvements in
overall performance.

4.4 Case Study

We present a case study to underscore the efficacy of our
method in visual reasoning that demands deep perception. As
shown in Figure 6, although vanilla LLaVA-1.5-7B success-
fully identifies the key visual features (“bats”), it tends to
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Table 5: Ablation study of the hybrid loss on LLaVA-1.5-7B.

rely on its linguistic commonsense knowledge (i.e., “pumpkin
lights” is a more Halloween-related pattern), leading to an in-
correct inference. In contrast, our method enables the LVLM
to confidently harness its visual perception capability, accu-
rately identify the key pattern (“bats”) and conduct a reason-
able inference over the image. Additionally, by comparing
the relative attention maps of the two methods, we observe
that our method places most attention on the key visual fea-
tures, demonstrating a more precise and focused attention pat-
tern. Conversely, the vanilla LLaVA-1.5-7B exhibits a more
dispersed attention distribution, failing to effectively isolate
the key visual features. These results further validate that our
method effectively promotes the visual perception and rea-
soning capabilities of LVLMs.

5 Conclusion

In this paper, we propose a self-improvement framework that
autonomously enhances the visual perception and reason-
ing capabilities of LVLMs. This framework is grounded in
causality-driven visual object completion (CVC), which re-
quires LVLMs to perform visual knowledge-intensive rea-
soning. We first develop a pipeline for constructing high-
causality CVC instances. Then, leveraging trial-and-error
learning, we harness the LVLM’s inherent reasoning ability to
synthesize rationales for each CVC instance and select more
challenging ones for self-improvement. Experiments con-
ducted on both challenging specialized tasks and comprehen-
sive benchmarks demonstrate that our method significantly
enhances the visual capabilities of LVLMs, particularly in
scenarios demanding deep visual perception and reasoning.
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