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Abstract

We introduce a new task called Defeasible Visual Entailment
(DVE), where the goal is to allow the modification of the en-
tailment relationship between an image premise and a text
hypothesis based on an additional update. While this concept
is well-established in Natural Language Inference, it remains
unexplored in visual entailment. At a high level, DVE enables
models to refine their initial interpretations, leading to im-
proved accuracy and reliability in various applications such as
detecting misleading information in images, enhancing visual
question answering, and refining decision-making processes
in autonomous systems. Existing metrics do not adequately
capture the change in the entailment relationship brought by
updates. To address this, we propose a novel inference-aware
evaluator designed to capture changes in entailment strength
induced by updates, using pairwise contrastive learning and
categorical information learning. Additionally, we introduce
a reward-driven update optimization method to further en-
hance the quality of updates generated by multimodal mod-
els. Experimental results demonstrate the effectiveness of our
proposed evaluator and optimization method.

Introduction
Natural Language Inference (NLI) (Bos and Markert 2005;
Dagan, Glickman, and Magnini 2005; MacCartney and
Manning 2009; Bowman et al. 2015) is a fundamental task
that involves determining the logical relationship between
two sentences, specifically identifying whether one sentence
entails, contradicts, or is neutral with respect to the other. To
further investigate the logical relationship across modalities,
researchers have introduced a new inference task called Vi-
sual Entailment (VE). In VE, the premise is provided by an
image and the hypothesis by a sentence and the task is to
determine whether the image supports, contradicts, or is un-
related to the statement in the sentence (Xie et al. 2019).

Existing approaches to the VE task typically leverage pre-
trained vision-language models, such as OFA (Wang et al.
2022), UNITER (Chen et al. 2020c), FGAIF (Jing and Du
2024), and CoCa (Yu et al. 2022). These models are de-
signed to understand and reason across visual and textual
modalities and have greatly improved our ability to accu-
rately link and interpret images and text.
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Premise

A dog chases a rabbit.

Hypothesis Update and Type

strengthener: The dog
is a hunting dog.

weakener: The ball
bounces once.

Figure 1: An example of defeasibility in visual entailment.

Despite progress in this area, existing works on VE have
mostly focused on clear, definite relationships and have not
fully considered the uncertainties that can affect how images
and text relate to each other. These uncertainties stem from
factors such as incomplete information, unseen elements,
image complexity, ambiguity, varying interpretations, differ-
ing perspectives, context, and the inherent subjectivity in vi-
sual perception.

To address this gap, we introduce the concept of Defea-
sible Visual Entailment (DVE). The aim of DVE is to pro-
vide additional textual information that can either strengthen
or weaken the relationship between an image premise and a
text hypothesis. As illustrated in Figure 1, the premise shows
a brown dog running through a grassy field. A strengthener
could argue that “The dog is a hunting dog,” which strength-
ens the premise because a hunting dog is more likely to
chase a rabbit. On the other hand, a weakener might state
“The ball bounces once,” suggesting the dog is more likely
chasing the ball than the rabbit.

A key challenge with the DVE task is that existing
datasets used in visual entailment research are not suitable
for evaluating and benchmarking methods designed to solve
the DVE task. More specifically, previous benchmarks in vi-
sual entailment have primarily focused on definite relation-
ships, often overlooking the role of defeasibility when un-
certainties are present. Therefore, to fully harness the poten-
tial of defeasible inference in visual entailment, we intro-
duce a new benchmark. To create this benchmark, we de-
veloped a new dataset for the DVE task by replacing the
premises in the δ-NLI dataset (Rudinger et al. 2020) with
images from the Flickr30k dataset (Young et al. 2014). This
approach minimizes costs while maximizing the use of ex-
isting resources. In our dataset, each premise-hypothesis pair



includes multiple strengtheners and weakeners.
Building upon this dataset, we propose two specific DVE

tasks: (1) Classification Task: predicting whether a provided
update (sentence) acts as a strengthener or a weakener for
the premise-hypothesis pair. (2) Generation Task: given a
premise-hypothesis pair as input, generate an update sen-
tence that weakens or strengthens the hypothesis. While the
classification task can be easily evaluated using accuracy,
the generation task lacks a metric that effectively captures
the change in entailment strength introduced by the gener-
ated update. An ideal metric should reflect how the update
influences the increase or decrease in entailment strength.

To address this issue, we propose a new evaluator capable
of measuring the change of entailment strength brought by
the generated update. We also introduce a learning scheme
that employs pairwise contrastive learning and categorical
information learning to train the evaluator in an unsuper-
vised manner. Our evaluator outputs a value representing
the entailment strength for a given triplet (update, premise,
hypothesis). We conducted a human evaluation to compare
the performance of our evaluator with existing metrics, such
as ROUGE-L (Lin 2004), and CLIPScore (Hessel et al.
2021). Our experimental results demonstrate that our met-
ric achieves the best correlation with human evaluation re-
sults and existing metrics are unable to accurately capture
the change of reasoning relationship brought by the update.

In our experiments, we found that directly adapting ex-
isting VE methods for the DVE task (baseline approaches)
results in low-quality updates, which often fail to alter the
entailment relationship between the premise and hypothe-
sis. To address this, we developed a reward-driven update
optimization technique that leverages the evaluation results
from our evaluator to further refine the generated updates.
Our experimental results demonstrate that this new method
produces higher-quality updates compared to baseline ap-
proaches. In summary, our contributions are:
1. We propose a defeasible visual entailment task and build

the first benchmark1 for it. This benchmark enables a
thorough investigation of the fine-grained multimodal
understanding capabilities of state-of-the-art models.

2. We devise a novel inference-aware evaluator that lever-
ages advanced pairwise contrastive learning and categor-
ical information learning for capturing the change of en-
tailment strength brought by the update.

3. We propose a new reward-driven update optimization
method and demonstrate experimentally that our method
significantly enhances the quality of generated updates,
outperforming state-of-the-art models.

Task Defination
In this paper, we follow the definition of the defeasible task
(Rudinger et al. 2020)

Given an image premise I , a hypothesis H is defea-
sible if there exists an update U (consistent with I)
such that a human would find H less likely to be true

1Our code and data are available at https://github.com/
skywalkerzhang/Defeasible Visual Entailment.

after learning U . Specifically, an update U is called
a weakener if given a premise I and hypothesis H , a
human would most likely find H less likely to be true
after learning U ; if they find H more likely to be true,
then we call U a strengthener.

Classification Task
Formulation The goal of the classification task is to find
a classification model Mc which predicts the update type
based on the premise I , hypothesis H , and update U as fol-
lows,

L̂ = Mc(I,H,U), (1)

where L̂ ∈ {w, s} denotes the predicted update type. L̂ = s
(strengthener) is assigned if U makes the hypothesis H more
likely given the image I while L̂ = w (weakener) is assigned
if U makes the hypothesis H less likely given the image I .

Evaluation Metric We use accuracy as the metric.

Generation Task
Formulation In this task, the model aims to generate an
update based on the input premise I , hypothesis H , and goal
G ∈ {w, s} (i.e., weakener or strengthener) as follows,

Û = Mg(I,H,G), (2)

where Û is the generated (textual) update.

Evaluation Metric To comprehensively assess the qual-
ity of the generation model Mg , we utilize a variety of
evaluation metrics, including traditional evaluation metrics:
ROUGE-L (Lin 2004), BLEU-4 (Papineni et al. 2002), deep
learning-based metrics: BERTScore (Zhang et al. 2020) and
CLIPScore (Hessel et al. 2021), and our custom-designed
reference-free Inference-aware Evaluator, which is detailed
in the later section.

Defeasible Visual Entailment Dataset
Dataset Construction
In this section, we describe the construction of our dataset
for the DVE task, which leverages three existing datasets:
Flickr30k (Young et al. 2014), SNLI (Bowman et al. 2015)
and the δ-NLI dataset (Rudinger et al. 2020).

Flickr30k is a well-known image captioning dataset com-
prising 31,783 images and 158,915 captions, depicting ev-
eryday activities, events, and scenes. Each image in the
dataset is annotated with five captions generated through
crowdsourcing, providing diverse descriptions of the visual
content. This dataset is essential for developing models that
can understand and generate natural language descriptions
of images, as it offers a rich set of image-caption pairs that
cover a broad range of scenarios and objects.

The SNLI dataset is a large annotated textual entail-
ment dataset. It comprises approximately 570,000 premise-
hypothesis (T,H) pairs, as well as their corresponding la-
bel categorized into three classes: entailment, neutral, and
contradiction. The premise was originally collected from the
captions in Flickr30k. The hypothesis was written via Ama-
zon Mechanical Turk for each class.
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Figure 2: The workflow of generating the DVE dataset by
integrating premises and hypotheses from SNLI with images
from Flickr30k and updates from δ-NLI.

The δ-NLI dataset is designed to collect strengtheners and
weakeners for the NLI task, which can be used to further in-
vestigate the semantic understanding ability in models. The
new dataset was devised for the defeasible inference tasks
in natural language. This dataset contains 10,000 neutral
premise-hypothesis pairs derived from the SNLI dataset. In
the context of SNLI, neutral premise-hypothesis pairs are
those where the hypothesis is neither entailed nor contra-
dicted by the premise, thereby making it easy to issue ad-
ditional information to strengthen or weaken the statement
under appropriate conditions. The premise is from the cap-
tions in the Flickr30k dataset. Crowdsourced workers were
assigned the task of writing updates, including both strength-
eners and weakeners.

Although existing datasets have been successful in assess-
ing the semantic entailment capability of models, defeasi-
bility in the visual domain has not been explored. There-
fore, our work focuses on creating a novel dataset for DVE,
which consists of image premises, text hypotheses, and up-
dates (including weakeners and strengtheners) for premise-
hypothesis pairs. To simplify and save cost, we constructed
our new dataset based on the Flickr30k, SNLI, and δ-
NLI datasets. Specifically, for each premise-hypothesis pair
(T,H) pair in the SNLI dataset, we replace the text premise
with its corresponding image in Flickr30k, with the premise-
hypothesis pair formulated as (I,H). Thereafter, we incor-
porate the update from δ-NLI into our DVE dataset. We only
retain the premise-hypothesis pair that has an update in the
δ-NLI dataset. The overall workflow is shown in Figure 2.

Statistics of DVE
In this section, we present the statistical overview of the
DVE dataset, divided into training, development, and test
sets. The statistics are summarized in Table 1. Overall, the
DVE dataset’s balanced and diverse data support compre-
hensive training and evaluation of models on visual defea-
sible inference tasks. We further compare our DVE dataset
with the related datasets in the supplementary material.

Statistics Train
set

Validation
set

Test
set

Total samples 93,082 1,888 1,972
Update type dist.

Weakener 46,541 944 986
Strengthener 46,541 944 986

Average premise length 12.83 13.82 13.21
Average hypothesis length 8.27 8.41 8.23
Unique premises 9,293 191 200
Unique hypotheses 9,438 195 203
Average updates per image 9.79 9.68 9.71
Unique images 9,507 195 203

Table 1: Statistics of the DVE dataset.

Estimating the Impact of Updates on
Multimodal Defeasible Reasoning

For the generation task, we utilize standard generation eval-
uation metrics such as BLEU, ROUGE, and BERTScore to
measure the quality of the generated updates. These metrics
assess the lexical or semantic similarity between the gener-
ated update and the reference updates, but it is not realistic
to collect a comprehensive set of ground-truth references for
such open-domain tasks, where answers can vary widely. We
also employ the reference-free metric CLIPScore, which pri-
marily evaluates the similarity between the answer and the
image. While these metrics provide some insight into the
quality of the updates, they are not well-suited to accurately
capture the changes in entailment strength brought about by
strengtheners and weakeners. To address this, we propose a
new reference-free evaluation approach utilizing contrastive
learning to train an unsupervised model capable of repre-
senting the entailment strength of the changes caused by up-
dates.

Inference-aware Evaluator
As mentioned before, for the generation task, we designed
a novel reference-free evaluation method that leverages con-
trastive learning to capture the impact of updates on infer-
ence strength. Our model consists of the following compo-
nents. The overall architecture of the model is illustrated in
Figure 3, which consists of three modules: Multimodal Em-
bedding, Feature Fusion, and Multitask Learning.

Multimodal Embedding The input data for the model
consists of both images and text. To feed the multimodal
data into our model, we first get the embeddings of the text
and image as follows.

Visual Embedding Since ResNet (He et al. 2016) has
shown great success on vision tasks, such as image classi-
fication (Russakovsky et al. 2015; Krizhevsky, Hinton et al.
2009), object detection (Everingham et al. 2010; Lin et al.
2014), semantic segmentation (Zhou et al. 2017), we also
use it to extract the visual embedding. Specifically, we use
the pretrained ResNet-50 model to extract the visual embed-
ding as follows,

i = ResNet(I), (3)
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Figure 3: The architecture of our Inference-aware Evaluator, including three modules: Multimodal Embedding, Feature Fusion,
and Multitask Learning. HC/HU Embedding means the embedding of the hypothesis-caption/hypothesis-update pair. Similarly,
HC/HU Multimodal Representation stands for the multimodel representation of the hypothesis-caption/hypothesis-update pair.

where i ∈ Rd1 denotes the image embedding of the image
premise I . d1 is the embedding size. ResNet(·) refers to the
ResNet-50 model.

Texual Embedding It is known that BERT (Devlin et al.
2019) achieves superior performance on various natural lan-
guage models, such as Language Understanding (Wang et al.
2019), Question Answering (Rajpurkar et al. 2016) and
Commonsense Inference (Zellers et al. 2018). Therefore, we
use BERT to extract the textual features. In particular, we
encode a pair of text inputs: the hypothesis and update with
BERT as follows,

e = BERT([H,U ]), (4)

where e ∈ Rd2 represent the embedding of the [CLS] token
output from BERT, which is used to represent the overall se-
mantics of the text pairs. BERT(·) refers to the BERT model.

Feature Fusion We propose to concatenate the extracted
visual and textual features to form a combined multimodal
feature representation, denoted as m:

m = [i, e], (5)

where [, ] denotes the concatenation operation. In this con-
text, m ∈ Rd1+d2 represents the combined features that in-
tegrate the multimodal information, enabling the model to
leverage both visual and textual contexts effectively.

Multitask Learning Our evaluator employs a multitask
learning framework to jointly perform classification and in-
ference strength tasks, utilizing shared representations to im-
prove overall performance. The inference strength score is
ultimately used to represent the strength of visual entailment
brought by updates.

Pairwise Contrastive Learning Since the existing entail-
ment datasets only label update classes without indicating

entailment strength, they cannot be used to train a model that
predicts this strength for a given (premise, hypothesis, and
update) triplet. While human scoring could be an option, it
is impractical due to its difficulty, cost, and lack of scalabil-
ity. Instead, motivated by the contrastive learning framework
(Chen et al. 2020b), we develop an unsupervised method
to train our evaluator by comparing the entailment strength
between pairs, requiring only knowledge of which pair has
stronger entailment.

Specifically, we first devise an entailment strength head
to output a numerical score s representing the impact of the
update on the hypothesis as follows,

s = Wsm+ bs, (6)

where Ws ∈ Rd1+d2 and bs ∈ R1 are the trainable weights
and bias of the entailment strength layer respectively. The
entailment strength score s is used as the final measure of
the strength of entailment inference, indicating how the up-
date affects the hypothesis. A higher score indicates that the
update makes the hypothesis more likely in relation to the
premise. In contrast, a lower score indicates that the update
makes the hypothesis less likely in relation to the premise.

To train the evaluator, we design a custom pairwise con-
trastive loss function that can capture the change in entail-
ment strength by comparing triplets (update, premise, and
hypothesis). It is evident that the the entailment strength of
the triplet (strengthener, premise, and hypothesis) is bigger
than the triplet (caption, premise, and hypothesis) and the
the entailment strength of the triplet (weakener, premise, and
hypothesis) is smaller than the triplet (caption, premise, and
hypothesis). Therefore, we devise the pairwise contrastive



loss function as follows,

Lp = − 1

N

N∑
i=1

log
(
σ((siu − sic) · li)

)
, (7)

where siu is the score computed by the Eqn.(6) for the triplet
(update, premise, and hypothesis). sic is the score computed
by the Eqn.(6) for the triplet (caption, premise, and hypoth-
esis). li ∈ {−1, 1}, where −1 represents the update is a
weakener and 1 represents the update is a strengthener. σ(·)
is the sigmoid function, and N is the number of samples.

Categorical Information Learning To further learn the
category information of the update, we devise a categori-
cal information loss function. Specifically, we first design a
classification head that aims to classify the update as either
a strengthener or a weakener as follows,

ŷ = σ(Wcmu + bc), (8)

where σ is the sigmoid activation function. Wc ∈ Rd1+d2

and bc ∈ R2 are the trainable weight and bias of the classi-
fication layer. mu is the combined multimodal feature rep-
resentation by Eqn.(5) for the triplet (update, premise, hy-
pothesis). ŷ ∈ R2 is the corresponding predicted label (i.e.,
strengthener and weakener) for the above triplet. Thereafter,
we utilize the cross-entry loss function to learn the categori-
cal information as follows,

Lc = − 1

N

N∑
i=1

C∑
j=1

yij log ŷij , (9)

where N is the number of samples, C is the number of
classes, yij is the ground truth label for the i-th sample and
the j-th class (1 if the sample belongs to the class, otherwise
0), and ŷij is the predicted probability for the i-th sample
and the j-th class.

Training
The overall loss function for multitask learning is a weighted
sum of the classification loss and the pairwise contrastive
loss as follows,

L = (1− α)Lp + αLc, (10)

where Lc is the binary cross-entropy loss for the classifi-
cation task, Lp is the pairwise contrastive loss, and α is a
hyper-parameter to balance their contributions.

Meta-evaluate Evaluator for Automatic
Evaluation

To verify the effectiveness of our automatic evaluator, we
conduct human evaluations on the whole test dataset. For the
evaluation model, we select answers from LLaVA-1.5 (Liu
et al. 2023) and GPT-4o. More implementation details can
be found in the supplementary material.

Human Evaluations
As we mentioned before, we select LLaVA-1.5 and GPT-
4o to generate strengthener and weakener for the 203 im-
ages in the testing set, a total 203 × 2 × 2 = 812 samples.

Metric r(%) ρ(%) τ(%)

GPT-4o
ROUGE-L -0.1265 -0.1631 -0.1180
BLEU -0.0081 -0.0295 -0.0265
BERTScore -0.0566 -0.0821 -0.0558
CLIPScore 0.1068 0.1179 0.0853
Ours 0.8262 0.8037 0.6552

LLaVA-1.5
ROUGE-L -0.1964 -0.2047 -0.1502
BLEU -0.0777 -0.0601 -0.0528
BERTScore -0.0950 -0.1069 -0.0795
CLIPScore 0.2760 0.2690 0.2035
Ours 0.7733 0.7368 0.6024

Table 2: Correlation between each evaluation metric and hu-
man judgment on VDI, measured by Pearson’s r, Spear-
man’s ρ, and Kendall’s τ . The best metrics for each correla-
tion coefficient are highlighted in bold.

We employed 3 workers for annotation, with each person
annotating 812 testing samples. For each test example, we
meticulously designed an annotation process to evaluate the
scores of the models’ generated answers. The score was con-
ducted on a 5-point scale, ranging from “weakens a lot” to
“strengthens a lot,” with a middle category of “neutral” for
updates that have no effect. Each worker was paid 15-20
USD per hour. After the annotation process, we calculated
the inter-annotator agreement rate using Fleiss’ κ, achiev-
ing a result of 80.4%, which involved all annotators. This
level of concordance among the evaluators suggests that the
human evaluation results are reliable.

Correlations with Human Evaluations
We evaluate our proposed metric against traditional met-
rics commonly used for generation tasks, such as ROUGE-
L, BLEU, BERTScore, and CLIPScore. These metrics are
widely recognized for their effectiveness in evaluating text
generation (Narayan, Cohen, and Lapata 2018; Lin et al.
2020) and vision-language tasks (Lin et al. 2014; Sidorov
et al. 2020). To quantify the alignment between human anno-
tations and model-generated evaluations, we employed three
different correlation coefficients: Pearson’s r, Spearman’s ρ,
and Kendall’s τ .

We show the correlation between automatic evaluation
and human evaluation in Table 2. Except for our metric and
CLIPScore, other evaluation metrics (e.g., ROUGE-L and
BLEU) show negative correlations across both GPT-4o and
LLaVA-1.5’s results. This indicates that these metrics do
not align well with human judgments. One potential reason
is that these metrics pay more attention to the text overlap
but this is not suitable for open-domain generation, espe-
cially when the answer is not a fixed one. Notably, our pro-
posed metric consistently outperforms other metrics across
all correlation measures, which indicates the effectiveness
of our metric. In addition, a key virtue of our method is
that compared with some traditional metrics (e.g., BLEU
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and ROUGE-L), our metric is reference-free. We provide the
case study for the evaluator in the supplementary material.

Reward-driven Update Optimization
In the generation task, our objective is to generate updates
based on given premises to either strengthen or weaken hy-
potheses. In our experiments, we observed that the initial
updates may suffer from quality issues, such as simply cap-
tioning the images rather than effectively achieving the in-
tended goal.

To address this issue, we propose a new reward-driven
update optimization method, which leverages the entail-
ment strength of the generated update. Figure 4 presents an
overview of the proposed method. Our method consists of
the following steps:

1. Initial Response Generation: We submit the user re-
quest to the Large Vision-Language Model (LVLM), to
generate the initial response. This response serves as the
baseline for subsequent comparisons with the refined re-
sponses produced by our method.

2. Critique: Our inference-aware evaluator serves as the
critique, assessing the entailment strength of the gener-
ated updates. If the critique assigns a low score, we pro-
ceed to the next step (i.e., Refinement) to improve the
response. We establish a threshold η to evaluate the qual-
ity of the generated update. Specifically, if the score of
a generated strengthener is less than η or the score of a
generated weakener exceeds −η, we classify the update
as low-quality. Conversely, if the score indicates the up-
date is of high quality, we output the current response as
the final result.

3. Refinement: In this step, we feed the score along with
the current generation result into the LVLM to refine the
response. After generating a new update, we return to
the critique step to obtain a new score. This process is
repeated until the model produces a high-quality update
(as defined in the critique step) or until the loop reaches
a maximum iteration count of M .

Evaluate Models on DVE Tasks
Experimental Setup
For the Classification Task, we selected seven models, cate-
gorized into two types: finetuning-based methods and mod-
els evaluated in the zero-shot setting. The finetuning-based

Model ROUGE-L BLEU BERTScore CLIPScore Ours
Strengthener

InstructBLIP 0.0601 0.0141 0.1891 0.2111 0.7211
Multimodal-GPT 0.0541 0.0033 0.7774 0.2426 1.0690
MiniGPT-4 0.1376 0.0180 0.7696 0.2705 1.4998
mPLUG-Owl 0.3308 0.0781 0.8815 0.2733 2.2887
LLaVA-1.5 0.3163 0.0612 0.8847 0.2788 2.7868
GPT-4o 0.2702 0.0423 0.8954 0.2867 3.6413
GPT-4o (Optimized) 0.2653 0.0410 0.8787 0.2872 4.0679

Weakner
InstructBLIP 0.0817 0.0280 0.2614 0.2161 0.4231
Multimodal-GPT 0.0481 0.0032 0.7748 0.2406 0.7194
MiniGPT-4 0.1193 0.0128 0.7183 0.2639 0.9776
mPLUG-Owl 0.3386 0.0858 0.8842 0.2732 1.0274
LLaVA-1.5 0.3438 0.0773 0.8865 0.2702 0.4834
GPT-4o 0.2800 0.0451 0.8957 0.2782 -2.5212
GPT-4o (Optimized) 0.2768 0.0440 0.8798 0.2762 -2.9240

Table 3: Evaluation metrics for strengtheners and weakeners
across different models. For our metric, a higher value repre-
sents a higher entailment strength brought by updates, while
a lower value indicates a lower entailment strength. There-
fore, for strengtheners, a higher value reflects a stronger en-
tailment strength update. Conversely, for weakeners, a lower
value indicates a more effective weakening update. The best
results in each category are highlighted in bold.

models include VILT (Kim, Son, and Kim 2021), FLAVA
(Singh et al. 2022), and CLIP (Radford et al. 2021). We
fine-tuned these models on our training set with standard
cross-entropy classification loss function. The models under
the zero-shot setting include InstructBLIP (Dai et al. 2023),
LLaVA-1.5, mPLUG-Owl (Ye et al. 2023), and GPT-4o. We
directly prompt these pretrained LVLMs to generate a pre-
diction for classification results. For the Generation Task,
we selected six widely used LVLMs in a zero-shot setting as
baselines: 1) InstructBLIP; 2) Multimodal-GPT (Gong et al.
2023); 3) MiniGPT-4 (Zhu et al. 2023); 4) mPLUG-Owl; 5)
LLaVA-1.5; 6) GPT-4o. We select GPT-4o as the LVLM in
reward-driven update optimization. More details of the ex-
periments can be found in the supplementary material.

Results and Analysis
Classification Task Table 4 presents the accuracy of the
various models on the classification task. From this table,
we observe that: (1) Among the finetuning-based models,
CLIP achieves the highest accuracy at 71.10%, followed by
FLAVA at 70.03%, and VILT at 68.10%. The likely reason is
that the pretraining dataset for CLIP is larger than those used
for the other models. (2) The closed-source GPT-4o signif-



Model Accuracy (%)
VILT 68.10
FLAVA 70.03
CLIP 71.10

InstructBLIP 31.32
mPLUG-Owl 31.16
LLaVA-1.5 52.07
GPT-4o 81.76

Table 4: Performance comparison among different methods
in the classification task.

icantly outperforms all other open-source models with an
accuracy of 81.76%, demonstrating its robust capability. (3)
The fine-tuning-based models outperform most LVLMs in
the zero-shot setting, except for GPT-4o. This suggests that
despite being trained on large-scale datasets, current LVLMs
still lack sufficient knowledge for our classification task.

Generation Task Table 3 presents the performance of
supporter and defeater generation across various assessment
metrics. Notably, even GPT-4o does not achieve high scores
according to existing generation metrics, highlighting the
limitations of current metrics in accurately evaluating the
quality of generated updates. This underscores the neces-
sity of our proposed metric. MiniGPT-4 and Multimodal-
GPT outperform InstructBLIP in BERTScore, likely due to
their more fluent and coherent outputs. This advantage can
be attributed to the more advanced language models used by
MiniGPT-4 and Multimodal-GPT, which are better equipped
to generate contextually appropriate sentences.

Among all baselines, GPT-4o achieved the best perfor-
mance, demonstrating its robustness. Our proposed frame-
work, GPT-4o (Optimized), performs even better than GPT-
4o alone. This improvement is due to our framework’s abil-
ity to provide feedback to GPT-4o, enabling it to refine low-
quality responses. Additionally, it is evident that all mod-
els perform worse in generating weakeners, with only GPT-
4o-based models being able to produce effective weakeners.
This is likely because most models tend to default to simple
image captioning rather than generating nuanced defeaters.

We also assessed human performance based on our eval-
uator. The average score for the strengthener is 5.0998, and
the weakener score is -4.5412. This demonstrates that there
is a significant gap between the model’s performance and
human performance. Finally, we provide a case study of our
proposed optimization method in the supplement.

Related Work
Natural Language Inference Textual entailment (Bow-
man et al. 2015; Williams, Nangia, and Bowman 2018;
Nie et al. 2020), defined as determining whether a human
would typically consider a hypothesis to be likely true given
a premise, has become a cornerstone task in natural lan-
guage processing. However, the task of textual entailment
has faced criticism, studies have shown significant variabil-
ity in human agreement on entailment judgments (Pavlick

and Kwiatkowski 2019), leading to the proposal of alterna-
tive approaches that use ordinal or numeric values to repre-
sent plausibility (Zhang et al. 2017; Sakaguchi and Durme
2018; Chen et al. 2020a; Talman et al. 2023). This shift
aims to capture the nuanced nature of entailment more ac-
curately. In recent years, the focus has shifted towards the
defeasibility of textual entailments, which involves revising
or overturning conclusions based on new evidence. The δ-
NLI dataset extends existing NLI datasets by including sce-
narios where new information can alter inferences, provid-
ing a more realistic evaluation of models’ reasoning abilities
(Rudinger et al. 2020). Similarly, the BoardgameQA dataset
measures the reasoning capacity of language models when
faced with contradictory information, guided by source pref-
erences and implicit background knowledge, better reflect-
ing real-world reasoning challenges (Kazemi et al. 2023).
However, the defeasible entailment inference in the multi-
modal setting is still unexplored.

Visual Understanding Tasks Visual Question Answering
(VQA), image captioning, and visual reasoning are com-
mon visual understanding tasks. VQA aims to answer nat-
ural language questions based on provided visual informa-
tion. The VQA-v1.0 dataset (Antol et al. 2015) was one of
the first to address this task, focusing on the basic interac-
tion between visual content and natural language questions.
However, it faced issues related to biases and limited rea-
soning capabilities (Xie et al. 2019). To address these lim-
itations, several datasets (Johnson et al. 2017; Goyal et al.
2017; Han et al. 2023; Mathew et al. 2022; Lu et al. 2021)
have been developed to reduce biases and enhance reason-
ing capabilities. While VQA focuses on understanding and
answering questions about visual content, image captioning
involves generating natural language descriptions of an im-
age’s content (Lin et al. 2014; Young et al. 2014; Sidorov
et al. 2020; Jing et al. 2024; Chang et al. 2024; Jing, Zuo,
and Zhang 2024). In addition, visual reasoning involves un-
derstanding relationships and interactions between visual el-
ements, enhancing comprehension of visual content (Thrush
et al. 2022; Wu et al. 2023; Qiao et al. 2023). However, these
tasks can not capture fine-grained semantics reasoning rela-
tion change brought by the new information.

Conclusion
In this paper, we present a novel defeasible visual entail-
ment task and a new benchmark for studying defeasibility in
visual entailment. We also propose a novel inference-ware
evaluator for capturing the change of entailment strength
brought by the update and a new reward-driven update op-
timization method to further improve the quality of the up-
date generated by the multimodal model. Our experimen-
tal results clearly show the effectiveness of our proposed
inference-aware evaluator and reward-driven update opti-
mization method.
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