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Abstract: Visual entailment ( VE) is a prototypical task in
multimodal visual reasoning, where current methods
frequently utilize large language models ( LLMs) as the
knowledge base to assist in answering questions. These
methods heavily rely on the textual modality, which
inherently cannot capture the full extent of information
contained within images. We propose a context-aware visual
entailment ( CAVE) model, which introduces a novel
aggregation module designed to extract high-level semantic
features from images. This module integrates lower-level
semantic image features into high-level visual tokens,
formatting them similarly to text tokens so that they can
serve as inputs for LLMs. The CAVE model compensates
for the loss of image information and integrates it more
effectively with textual comprehension. Additionally, the
CAVE model incorporates a new input format and training
methodology, which is rooted in instruction tuning and
in-context learning techniques. The objective of this
research is to maximize the inherent logical reasoning
capabilities of LLMs. Experimental results on the E-SNLI-
VE dataset show that the proposed CAVE model exhibits
outstanding performance.

Keywords: visual entailment ( VE) ; textual-visual integration;
instruction tuning; in-context learning
CLC number: TP181

Article ID: 1672-5220(2025)02-0177-10

Document code: A

Open Science Identity
(OSID)

0 Introduction

Multimodal visual reasoning'"® refers to a method
that leverages multimodal information for answering
visual questions. It aims to understand and reason about
images by jointly encoding and learning the associations
between visual and linguistic cues. Currently, there are
three paradigms of multimodal visual reasoning models.

1) Explainer-based explicit models' ™. These
models utilize convolutional neural networks ( CNNs) o
to extract prominent image features and incorporate
attention mechanisms to prioritize the image features that
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are pertinent to the question. They explicitly model the
logical relationship between the image and the text
question, and predict reasons using an explainer such as
long short-term memory ( LSTM )"’ or generative pre-
trained transformer 2 ( GPT-2) """,

2) Two-stage pre-trained transformer models >'*"" .
These models consist of a pre-training stage followed by
fine-tuning. [Initially, they learn the joint semantic
features of images and texts through contrastive learning
on a large-scale and noisy dataset of image-text pairs.
Then, they undergo fine-tuning using high-quality
annotated data from specific downstream tasks. These
models  significantly  improve  performance  and
generalizability but remain close-set and domain-
dependent, with limited answer diversity and a tendency
to generate only short texts linked to predefined visual-
textual tasks.

3) Fine-tuning large-scale language models'*'**"".
These models utilize powerful pre-trained language models
(such as GPT-3'*") to adjust to different scenarios and
needs in multimodal applications. Gui et al.™ and Lin
et al"”’ proposed novel architectures that utilized GPT-3
as a knowledge engine to assist in multimodal visual
reasoning, even though they functioned solely in the
domain of text-based question answering. However,
relying only on captions without direct image analyses can
lead to the model erroneously determining the entailment
relationship between texts and images. Insufficient or
misleading information within captions might cause the
model to inappropriately classify a text as not entailing or
irrelevant to an image. For example, this occurs when a
crucial detail in the image is left out of the caption but is
mentioned in the text. Consequently, the model may make
judgments based solely on caption data, potentially
misinterpreting the true visual-linguistic alignment.

To address this issue, we propose an aggregation
module that extracts high-level semantic features from
images as visual tokens, aligning the image and text
domains. This implicit approach aims to alleviate the
challenges posed by visual ambiguities and missing
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semantic information, ensuring a more comprehensive
understanding of the interplay between visual content and
textual description. We enhance the model’s logical
reasoning ability by utilizing specific instructions and
in-context learning techniques to leverage the text reasoning
power of large language models ( LLMs ) in multimodal
tasks. The contrastive language-image pre-training
(CLIP)™ and the aggregation layer jointly operate as an
image encoder, effectively transforming images into visual
tokens. Vicuna'®"' is used as a text decoder, with inputs that
include visual tokens, image captions, hypotheses and
answers. These elements are meticulously adjusted according
to specific instructions to construct coherent and
comprehensive sentences. These sentences are then input
into Vicuna to generate the predicted answer.

Overall, the contributions are as follows.

1) A novel context-aware visual entailment ( CAVE)
model is presented, which integrates CLIP and Vicuna,
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and this model converts a classification task into a
generation task.

2)An aggregation module is proposed, which
extracts high-level semantic features from images,
converting them into virtual tokens, thereby aligning the
image and text modules.

3) An efficient instruction is designed for input
samples, and in-context learning is utilized during the
training process to optimize and enhance model performance.

4) The proposed model has been experimentally
validated and its substantial performance on the E-SNLI-
VE dataset' ™’ has been demonstrated.

1 Related Works

1.1 Explainer-based explicit models
Figure 1 provides an illustrative overview of the
proposed CAVE model.

A woman with a green headscarf, a blue shirt and a very big grin.

[ Hypothesis The woman is very happy.

Answer

Fig.1 An illustrative overview of the proposed CAVE model

Researchers encoded images and questions to obtain
joint features, learned attentional characteristics from
questions to images, and used LSTM to predict reasons' " .
Thomas et al."” employed multi-instance learning to make
fine-grained predictions of the logical relationships between
knowledge elements in images and texts. Although this
method demonstrates the modeling of semantic relationships
between images and texts, the explainable generator falls
short in its ability to comprehend the global context and
interact with it effectively, resulting in suboptimal
integration of cross-modal information.

1.2 Two-stage pre-trained transformer models

Researchers have made significant advancements in
recent years within the field of artificial intelligence,
particularly at the intersection of natural language
processing ( NLP) and computer vision (CV )" '
These models typically consist of two main stages:
pre-training and fine-tuning. In the pre-training stage, the
model is trained using large-scale unlabeled or weakly-
labeled pairs of images and texts, often sourced from the
Internet or other extensive datasets where there may be
some association between the images and texts, but not
always precise alignment. The primary goal during this
stage is to enable the model to learn joint semantic features
between images and texts. This is commonly achieved
through contrastive learning, where the model learns to

distinguish between matching image-text pairs and non-
matching pairs. To achieve this, the model creates an
embedding space where corresponding image and text
representations are brought closer together, while disparate
ones are pushed apart. During the fine-tuning stage, the
model is trained using high-quality annotated data for
downstream tasks. These tasks usually relate to specific
application scenarios such as image captioning, visual
question answering ( VQA), and image retrieval. At this
stage, the model adjusts its parameters based on the task
requirements to optimize performance on that particular
dataset. While these models have shown improvements in
both performance and generalization, they still have
certain limitations. Notably, neural networks tend to be
closed-set and domain-dependent. It means that they are
good at new tasks which are similar to those encountered
during training. However, their performance may
deteriorate when faced with tasks that are substantially
different from the distribution of the training data.
1.3 Fine-tuning large-scale language models

In the realm of multi-modal visual reasoning,
several methods leveraging LLMs have emerged, such as
in VQA tasks where Yang et al.” used captions
generated from images and questions directly inputted into
the LLM to produce answers. Additionally, Gui et al.'"”’
and Lin et al.'" utilized the knowledge about questions
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and captions within the LLM to serve as candidate
justifications for assisting in the training of VQA models.
However, captions provide limited descriptions that fail
to capture the full informational content of an image.
Therefore, we propose a novel aggregation module to
extract higher-level semantic features from images,
compensating for the information gap in captions.
Simultaneously, we explore a new input scheme and
training strategy based on specific instructions and
in-context learning to fully leverage the understanding and
reasoning capabilities of LLMs in completing visual
entailment ( VE) tasks.

2 Methods

2.1 Problem description
Given an image [ as the premise, a simple caption of

CLIP

Aggregation layer

Soccer

the image ¢, and a sentence s as the hypothesis, the goal
is to determine whether the image semantically entails,
neutral concerning or contradicts the hypothesis. There
are three possible outcomes a: entailment, neutrality and
contradiction. Consequently, each instance in the dataset
can be denoted as a tuple {I, ¢, h, af.
2.2 Model architecture

The proposed CAVE model consists of three key
components: an aggregation-based image encoder which
includes a CLIP encoder and an aggregation layer; a
context-aware text decoder consisting of Vicuna and
several contextual samples; an instruction-guided cross-
modal information integration operation. The overall
architecture of the proposed CAVE model is illustrated in
Fig.2, where I}, I,,---, I. (i=1, 2,---, N) denote the
ith given image patch features, and I, I,,---, I. denote
the image patch features for inference.

Please check if the given premise can infer

hypothesis. The premise consists of an image and

its corresponding caption, while the hypothesis is a >
sentence. The answer can be entailment,

contradiction, or neutrality

1

iy Man premise <img>[} ][1,]..[} ]</img>
Caption: some men are pla) ing a sport

- Hypothesis: they are kicking a soccer ball

i Soccer Answer: entailment

Vicuna
Contradiction

i Premise: <1mg>[‘i|][‘71]...[‘7S]</1mg>.
i Caption: two people are laughing.
— Hypothesis: two men are smiling and laughing at —
P the cats playing on the floor.
s Answer: neutrality.

i Premise: <img>[i|][l‘l],,.[ix]</img>,

. Caption: a person is cooking.
Hypothesis: the man is sleeping.

i Answer:

Instruction setting

Fig.2 Opverall architecture of the proposed CAVE model

2.2.1 Aggregation-based image encoding

The model is built upon the foundation of CLIP’ s
image encoder and an innovative aggregation network.
CLIP, introduced by Radford et al.”*’ in 2021, is a self-
supervised learning framework that excels particularly in
image classification tasks. This model integrates an image
encoder and a text decoder. Through large-scale training
on aligned image-text pairs, it achieves instance-level
cross-modal feature matching, demonstrating remarkable
generalization capabilities. Within this module, we
utilize the CLIP image encoder f, to extract visual
features v, and mathematically express its application as

v =faw(D), (1)

wherey € R represents the un-pooled features from
the last layer of the CLIP image encoder that is flattened
out; N, and D represent the dimensions of v. These patch-
level features provide rich semantic information as input
to the downstream aggregation project module.

VE tasks demand a more comprehensive set of image
features to provide the necessary context for determining
whether a hypothesis holds, necessitating further
refinement of high-level semantic visual features and
effective mapping of these into the textual feature space.

We design an innovative aggregation mapping
architecture, as depicted in Fig. 3, which incorporates
two complementary pathways. On one pathway, a linear
transformation layer FC ( - ), followed by a softmax
function Softmax ( - ) and a transpose operation, is
employed to perform the process of feature selection and
aggregation, thereby yielding a feature selection matrix

m e R where N, and N, represent the dimensions of m.
m = Softmax(FC(v))". (2)

This matrix effectively condenses the essential
information from the image into a structured
representation that can be more closely aligned with the
textual modality. On the other pathway, the multi-layer
perceptron is used to support the deep transformation of

features, enhancing their expressive capacity and
generating candidate featuresv_ € R"™.
Vew = MLP(v) (3)

where MLP refers to a function that transforms the input
features v into more expressive features v .

This component enhances the feature selection
process by incorporating a non-linear mapping that can
capture more intricate relationships within the visual data.
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The multi-layer perceptron essentially refines these image
features into semantically richer representations, ensuring
that they carry sufficient information for accurate
entailment judgment when integrated with textual
information in the context of VE tasks. Ultimately, the

outputs from both pathways are combined to produce a
. N, xD
novel aggregated feature representationv, € R * .

V,=m v, (4)

V

)
can

N, xD
Transposition FC (2D, D)
Softmax ReLU
TM %N, T N, x2D
FC (D, N,) FC (D, 2D)
v
N; xD

Fig.3 Tllustration of aggregation mapping module

2.2.2 Context-aware text decoding

With an extremely large number of parameters, the
Vicuna model boasts an enhanced capacity for
representation learning when tackling complex text
understanding and generation tasks. The larger model
capacity enables it to capture a broader range of linguistic
rules, patterns and subtle semantic distinctions, thereby
increasing the likelihood of generating high-quality text
output. During its construction, the Vicuna model
leverages vast amounts of diverse and heterogeneous
textual data for pre-training, covering a wide array of
topics and domains. This ensures that the model develops
a profound understanding and broad adaptability to
various types of textual content. Vicuna model is favored
for its superior in-context learning ability and task
adaptiveness. It can learn from just a few examples of
input-output pairs without requiring fine-tuning when
transferred to new tasks. The key to the LLM’s
performance lies in its attention layers, which facilitate an
implicit parameter optimization process during inference,
similar to explicit optimization through gradient descent
during fine-tuning. Building upon this, the proposed
model introduces in-context learning in two stages.

In the first stage, the aggregation network learns to
infer a latent concept by utilizing the four components of

a prompt: input, output, format and input-output
mapping. These latent concepts encompass lexical
distributions, formats and syntactic relationships, which
means premise —hypothesis—relationship. In the second
stage, despite examples being concatenated in a non-
continuous manner, the LLM can still make predictions
by leveraging shared concepts ( premise — hypothesis —
relationship ) , indicating that in-context learning has
occurred.

Let the Vicuna model be denoted as f,., and then
the output is depicted as

y :fdec(f()rmat(vu? x«l ’ th’ xl3)) ’ (5)

where format ( +) represents the input setting, the first
stage involves tensor concatenation, and the second stage
encompasses the instruction step; x,,x, and x, denote
textual embedding vectors for captions, hypotheses and

answers, respectively;y € R>™" represents the prediction
by the Vicuna language model, /, denotes the maximum
length of the output tokens, and D, refers to the size of
the vocabulary.
2.2.3  Instruction-guided cross-modal information
integration

In the cross-modal fusion phase, we incorporate
principles of instruction learning by using a carefully
designed set of instructions to guide Vicuna on how to
dynamically combine features from both modalities based
on task-specific requirements, as depicted in Fig. 4.

Here, [imgl ][ img2] --- [ imgN ] represent visual
tokens extracted from image features, while X, X,, and
X, denote textual tokens for captions, hypotheses and
answers, respectively. The black text represents fixed
prompt information, whereas green-marked symbols such
as <STOP> and <IMG>, and double-hash symbol (##)
serve as auxiliary indicators that signal the start and end
of dialogues, the boundaries of image markers and the
conclusion of answer sections. These instructions not only
specify how the image and text features interact but also
define the emphasis on one modality ’ s information or
how to harmonize the relationship between them in
specific application scenarios. For example, when an
instruction requires the model to determine entailment
based on a text description, the system will prioritize
guiding text features while also integrating image features
in its assessment. During an image classification task, the
model may rely more heavily on image features while still
referring to text descriptions to improve accuracy.
Operationally , Vicuna incorporates specific instructions as
additional inputs. It then adjusts weight assignments
within self-attention layers or cross-modal attention layers
using these instruction signals to achieve a dynamic fusion
of the visual and textual feature vectors.
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Xtask_definition <STOP>\n

Human: Premise: <IMG> [imgl][img2]...[imgN] <IMG~. Caption: X . Hypothesis: X,. <STOP>\n

Assistant: Answer: X, ##

Fig. 4 Diagram of instruction step

2.2.4 Objective function

The objective is to minimize the discrepancy
between the predicted probability distribution and the true
probability distribution. Concretely, the proposed model
predicts a probability distributionp, = (p,, p,, ***, p,)

for each sample p,, wherep,; € R denotes the prediction
of the jth word. ¥, =(a,, a,, -, a,) represents the label
for the ith sample, where a; denotes the one-hot vector of
the jth word. N denotes the number of the dataset; / denotes
the maximum length for each sample; iel, 2, --- | N;
jel, 2, - I The loss function L is defined as

N 1
L=-13% Y 5logp, (6)
N ==
2.3 Training details
We utilize original image inputs of size 224x224x3
and extract high-level visual features using the ViT-Base
model from CLIP. Concurrently, a seven billion-
parameter Vicuna-7B language model is utilized for text
comprehension and generation. The training process is
executed on an NVIDIA TITAN RTX GPU with a batch
size set to 4 to strike a balance between computational
resources and memory efficiency. For optimizing model
performance, we utilize the AdamW optimizer™™ as the
update strategy, initializing the learning rate at 3x107°.
This value has been empirically determined through
preliminary experimentation as the optimal starting point.
Our training process consists of two periods. The initial
training period allows the model to train the aggregation
layer without instructions. During this period, we record
and monitor performance metrics of the validation set at
each iteration to identify the optimal model weights during
the training process. After the initial training period, we
enter the in-context learning period, during which we load
the parameters from the optimal model and then freeze
them for in-context learning. This enables the model to
leverage its foundational knowledge to comprehend and
adjust to contextual information unique to the task
environment, thereby improving performance on VE tasks.
Throughout the entire training regimen, techniques such as
early stopping are also implemented to prevent overfitting
and ensure the model’ s generalization capabilities.

3 Experimental Section

3.1 Dataset and metrics

E-SNLI-VE'® | serving as a cutting-edge
benchmark dataset for the VE task, not only extends and
refines SNLI-VE'® by integrating image descriptions

from Flickr30k'”' with VE principles but also, after
rectifying annotation errors in the original dataset'™’
provides 401 700 training samples, 14 300 validation
samples and 14 700 test samples to gauge models’ cross-
modal understanding capabilities between images and texts.

Three advanced automated evaluation metrics are
employed to evaluate model performance: metric for
evaluation of translation with explicit ordering
( METEOR ) " | bidirectional encoder representations
from Transformers score ( BERTScore) ™ and accuracy
(Acc). METEOR provides a holistic assessment of
translation quality by considering word matches, phrase
matches and semantic similarity. Additionally, it
quantifies the degree of lexical overlap between the
generated and reference texts. BERTScore, which
leverages the pre-trained language model BERT,
computes semantic similarity between sentences and is
widely used in assessing outcomes in areas such as text
generation and machine translations. Acc assesses the
classification performance of the proposed model. In the
VE task, there are three prediction classes: entailment,
neutrality and contradiction.
3.2 Baseline models

We compared our proposed model with several
advanced baseline models, including pointing and
justification explanation ( PJ-X) 18] faithful multimodal
explanation ( FME )'” |  Rationale'” Transformer
(RVT )™ question-answering-only ( QA-only ) >
e-UG'™' | natural language explanations in vision and
vision-language tasks ( NLX-GPT )™’ and one for all
( OFA-X )", The performance of these models is
evaluated in the E-SNLI-VE test dataset.
3.3 Quantitative analysis

Table 1 illustrates that CAVE achieves the highest
scores across all evaluation metrics, indicating its ability
in generating high-quality text that is semantically
coherent and accurate. CAVE encompasses two
variations; CAVE _ ENC, where labels remain as the
original text, entailment, neutrality and contradiction;
CAVE_YNU, which modifies these labels to yes,
unknown and no. CAVE_YNU outperforms CAVE_ENC
by 1.5% in METEOR (M), 4.3% in BERTScore
(BS), and 3.6% in Acc, respectively. Note that all
percentage increases mentioned in this section are absolute
improvements. The rationale behind this differentiation is
that the original label format poses a greater challenge for
generating the corresponding tokens in Vicuna. Words
like “ entailment” and “ contradiction” are split into
multiple tokens ( “entail” and “ment”, “contradict” and
“tion” , respectively). Assuming that each token predicts

’
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the probability p,, then the correct prediction of
entailment or contradiction requires p, Xp,, where p, is
the probability of the first token and p, is the probability
of the second token. Since CAVE_YNU only needs to
predict the probability of one token ( yes, unknown or
no) , it is simpler for the model.

Table 1  Comparative evaluation of model performance in
E-SNLI-VE test dataset
Metric score/ %
Model

M BS Acc
pJ-X'8 14.7 79. 1 69.2
FME!"! 15.6 79.7 73.7
RVT 18.8 81.1 72.0
QA-only'*’ 18.7 81. 1 —
e-UG! 19.6 81.7 79.5
NLX-GPT"* 18.8 80.8 73.9
OFA-X!! 18.6 85.7 80.9
CAVE_ENC 19.0 86.3 83.2
CAVE_YNU 20.5 90. 6 86.8

To further investigate the impact of the proposed
individual components on the overall performance of the
model, we conducted an ablation analysis, as illustrated
in Table 2. The first row of data represents the proposed
model as a baseline reference. Subsequently, one of the
following components was removed ( expressed as w/o in
Table 2) : image tokens, image captions, instructions or
context learning ( ICL ) strategy. In the experiment
involving the removal of image tokens, we trained the
image features by replacing them with random vectors
sampled from a normal distribution. It can be observed
that all three metrics decrease, highlighting the
significance of image tokens in model performance. After
removing image captions, the accuracy drops significantly
by 10. 5% , while BERTScore and METEOR decrease by
5.8% and 2.8%, respectively. This shows that image
captions are indispensable for modeling logical reasoning.
After removing the ICL strategy, all three metrics
decrease, but the decrease is not significant, and the
impact on model performance is negligible. To
summarize, image tokens and image captions contribute
the most to the model’ s performance. The ICL strategy
optimizes the model performance, demonstrating the
effectiveness of our input sample settings.

Table 2 Ablation study

Metric score/ %

Model setting

M BS Acc
CAVE_YNU 20.5 90. 6 86. 8
w/0 image token 18.4 87.4 83.8
w/0 image caption 17.7 84.8 76.3
w/0 instruction 20.3 89.9 86. 1
w/0 ICL 20.4 90. 1 85.9

Table 3 shows a comparison of the results of the
mapping layer between image features and text features
using different structures, including the linear layer, the
self-attention layer, and the aggregation layer we
designed. It can be seen that the aggregation layer
achieves the highest accuracy, followed by the self-
attention layer, with the linear layer performing the least
effectively in terms of accuracy. In addition, the number
of training parameters in the aggregation layer is lower
than that in the self-attention layer, but higher than that
in the linear layer. This proves that it is effective to
introduce more complex nonlinear mapping when
converting the original feature distribution of the image
encoder and text decoder. The aggregation layer is
superior to the self-attention layer, indicating that not all
image candidate features are beneficial to downstream text
feature alignment and inference. Our proposed
aggregation layer is effective in this respect, and it can
better fusion image information to extract high-level
semantic features.

Table 3 Comparison results of mapping layer

Training Metric score/%

parameters M BS Acc
3. 8x10’ 19.1 87.3 83.5
Self-attention 1. 17x10°  20.3 89.7 86. 2

Aggregation (ours) 6. 7x10’ 20.5 90.6 86. 8

Mapping layer

Linear

Table 4 shows the comparative experimental results of
the CAVE model with different aggregate token lengths
under two label settings: CAVE_ENC and CAVE_YNU.
The results indicate that the CAVE _ YNU -configuration
outperforms CAVE _ENC in terms of overall performance
metrics. Furthermore, an intriguing trend is observed in
relation to the token length: there is a notable decrease in
performance metrics as the length of input tokens grows,
which is more pronounced than what was initially expected.
This suggests that longer inputs may introduce additional
complexity or noise, adversely affecting model performance.

Table 4 Comparative experiments of different aggregate token

lengths
Model Token Metric score/ %

length M BS Acc
CAVE_ENC 19.0 86.3 83.2
CAVE_YNU > 20.5 90. 6 86. 8
CAVE_ENC 10 18.9 85.6 82.0
CAVE_YNU 20.1 89.5 84.7
CAVE_ENC 15 18. 8 84.5 80.2
CAVE_YNU 20.1 87.1 83.9

Figure 5 shows the performance comparison across
different training epochs for ICL samples. It can be seen
that when the number of training epochs equals three, the
model performance reaches its peak.
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Fig.5 Performance comparison for different ICL samples
3.4 Qualitative analysis

To visually show the results of converting image
features into visual tokens, we select the five words that
are most similar to visual tokens by calculating the cosine
similarity between visual token vectors and all token
Then,

vectors in the vocabulary. these words are

arranged in descending order of the similarity score, and
visualized in the form of a word cloud map, as shown in
Fig. 6. In the four pairs of images shown, the word with
the highest similarity in each image is the main semantic

information in the image, such as “sitting” “woman”
and “young child”. For example, in the first word
cloud, we observe words such as “legs” *“ brown”

“glass” and “hair” , which describe the various object
concepts in the image. It is worth noting that these
concepts are in the graph. The description or hypothesis
of the image is not mentioned in the text, thus
highlighting the effectiveness of the aggregation network
for capturing image semantic features. In the second
image, we see words related to “button” “ holding”
“taking 7, etc., which further complement semantic
information not fully covered in the caption description of
the image. Overall, the visualizations in Fig. 6 once
again validate that the aggregation network extracts
effective and high-level semantic features.

ing arms brown  glass
Caption A girl working blowing glass into a image.
S l t t l n Hypothesis Woman creates glass art.
hands, e working o
.:lﬂ\t l O nl tt ;'f Ground truth Entailment.
¢ halk=€Sd
akes W O m a n = Caption A woman focuses her digital camera at
taking 2 major event.
Hypothesis The woman doesn't own a camera.
o1r Wi; h . Ground truth ~ Contradiction
g1l lm eution '
- _—; am er
peri hea h l ]_ d artist Caption A bronze street performer pretends to make
l 0 | r I gird
"g‘y O a A4 amovie while a confused boy watches.
© =3
S o : » — Hypothesis A boy is watching a street performer.
tou ]-El t ' Ground truth ~ Entailment.
personalkmgg
e elst amm Caption A woman in a yellow shirt is walking past
::y ‘ O W ayellow SUV.
I, W O m a ] n Hypothesis A woman walking past a car.
; - Ground truth Entailment.

Fig. 6 Word cloud visualization of visual tokens

In Fig. 7, we visualize the predicted answers. As
can be seen, the first sentence of the predicted answer
follows a template construction consistent with the
template structure we provided in the training data.

The LLM Vicuna plays a key role in this process. It
enables our model to go beyond the traditional three-
category classification task, establish the connection
between the image and the text based on the image
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features provided by the aggregation layer.
Furthermore, it explains the reason based on the

caption, demonstrating its ability in semantic

understanding and logical reasoning.

Hypothesis

Ground truth ~ Entailment.

Prediction

The woman is very happy.

Caption A woman with a green headscarf, a blue shirt and a very big grin.

Answer: entailment. The premise describe a specific with details of a woman is laughing.

Hypothesis A tall human jumping.

Caption .
parked near a road sign.

Ground truth  Entailment.

= Prediction

A bearded man jumps in the snow with the ocean in the background and an orange, recumbent bike

Answer: entailment. The premise describes a specific scenario involving a bearded man jumping.

Hypothesis

Ground truth ~ Neutrality.

Prediction

A person is waiting for a train.

Caption A person in orange clothing rests above a metro entrance.

Answer: neutral. The premise simply describes a person in orange clothing above a metro entrance,
without explicitly stating that the person is waiting for a train.

Hypothesis

Ground truth ~ Neutrality.

Prediction

A man getting ready to play golf.

Caption A man in a black tank top wearing a red plaid hat.

Answer: neutral. The premise does not provide any direct information or implication about the man'
activities or intentions related to playing golf.

Hypothesis The lioness is sleeping.

Ground truth ~ Contradiction.

Prediction

Caption A lioness closes in on its prey.

Answer: contradiction. The premise indicates that the lioness is actively hunting its prey, which
contradicts the hypothesis that the lioness is sleeping.

Hypothesis The car is yellow.
Caption A biker races.

Ground truth ~ Contradiction.

Prediction

Answer: contradiction. The two statements are not logically connected, and both of them do not
necessarily imply the hypothesis.

Fig. 7 Some qualitative examples from our model on the E-SNLI-VE test split

3.5 Strengths and limitations
3.5.1 Strengths

The main strengths of the proposed CAVE model
are: the exploitation of cutting-edge pre-trained models
( CLIP and Vicuna ) to bolster cross-modal
comprehension; the utilization of a tailored aggregation
mechanism that facilitates smooth interaction and fusion
of information across modalities; task specificity through
instruction design, which guides and focuses the model’ s
reasoning process for improved performance in targeted
tasks.
3.5.2 Limitations

Despite these strengths, the proposed CAVE model
is inherently constrained by its task-specificity, being
primarily designed for logical reasoning in multimodal
contexts. It does not readily generalize to other question-
answering ( QA ) tasks without additional adaptation.
More specifically, to broaden the model’ s applicability
spectrum, there is a need to train a supplementary
aggregation module capable of flexibly and effectively
integrating various types of input data in different
scenarios. This highlights the current limitation in terms
of direct transferability to diverse QA tasks and represents
a potential area for future improvement in the model’ s

versatility and adaptability.

4 Conclusions

In this paper, we propose a novel model named
CAVE, which integrates an established CLIP image
encoder with an LLM, Vicuna, serving as the decoder.
To facilitate the integration, we introduce a streamlined
aggregation network that acts as a transformative interface
between the visual and textual modalities. It not only
extracts high-level semantic features of images but also
converts them into visual tokens to align texts effectively.
Also, the proposed model combines instruction tuning
and in-context learning in the training process to improve
the training efficiency. The qualitative experiments show
our significant results on the E-SNLI-VE dataset.
Nevertheless, multimodal visual reasoning still faces
many challenges, such as math reasoning capabilities,
which we will explore further in the future.
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