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Neural Logic Vision Language Explainer

Xiaofeng Yang, Fayao Liu, Guosheng Lin

Abstract—If we compare how humans reason and how deep
models reason, humans reason in a symbolic manner with a
formal language called logic, while most deep models reason in
black-box. A natural question to ask is ‘“Do the trained deep
models reason similar as humans?” or “Can we explain the
reasoning of deep models in the language of logic?” . In this work,
we present NeurLogX to explain the reasoning process of deep
vision language models in the language of logic. Given a trained
vision language model, our method starts by generating reasoning
facts through augmenting the input data. We then develop a
differentiable inductive logic programming framework to learn
interpretable logic rules from the facts. We show our results on
various popular vision language models. Interestingly, we observe
that almost all of the tested models can reason logically.

I. INTRODUCTION

The beauty of deep learning models is at present obscured
by the cloud of interpretability. This is especially true in
the context of vision + language or visual reasoning [1]-
[3]. While large-scale pre-trained vision language models [1]—
[6] continue to achieve higher performance in benchmarks, it
remains unclear how they actually “reason” to solve problems.
The lack of interpretability makes debugging the large-scale
pre-trained vision language models even harder.

Explainable AI (XAI) methods [7]-[9] aim to give expla-
nations to the decisions made by the deep networks. When
these XAI methods are applied to vision language models, the
majority of them [10]-[14] simply try to find and visualize the
correlation between image patches (language words) and pre-
dictions. Despite their success in interpreting pixel or object-
level importance, investigating whether a pretrained vision
language model can perform reasoning remains an unsolved
problem for the following reasons. First, reasoning is compo-
sitional, as the decision-making process relies on knowledge
of both objects and object relations. However, previous XAI
methods largely overlook object relation information. Second,
reasoning is multi-hop, requiring multiple steps to determine
true or false. Lastly, there is a lack of proper language to
describe the reasoning process beyond simply plotting heat
maps.

Unlike deep networks, humans are naturally endowed with
the ability to reason - we can classify an image even with
only a partial view [15]. The reasoning process of humans
can be formally described with the language of logic [16].
For example, given a visual question answering question from
GQA dataset [17]: “Is the color of the food on the red object
left of the small girl that is holding a hamburger brown?” If we
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Question:
Is the person to the right of the cup
wearing jeans?

Previous XAl Methods:
right of the cup
wearing jeans?

Neural Logic Vision Language
Explainer:

Yes € Jeans(X) A Right(X,Y) A
Cup(Y)

Fig. 1. A comparison of NeurLogX with previous XAI methods. Conventional
XAI methods focus on interpreting the model decisions by plotting the
attention maps. Our method interprets the reasoning process in formal logic
languages. It not only considers the object-level information but also object
relations.

unfold the process of human reasoning, the logic expression
is Yes « Brown(X) A Food(X) A On(X,Y) A Red(Y) A
Left(Y,Z) A Girl(Z) A HoldingBurger(Z). By grounding
each atom onto the image, we can determine if the answer is
affirmative.

In this work, we propose neural logic vision language
explainer (NeurLogX) — a novel framework that interprets
the reasoning process of vision language models in the form
of logic formulas. Our method offers the same advantages as
previous XAI methods: 1) it is applicable to all trained black-
box vision language models; 2) it does not require additional
human annotations. However, unlike previous methods, our
approach interprets the reasoning process in formal logic
languages by not only considering the object-level information
but also object relations. A comparison of our method and
previous XAI methods is demonstrated in Fig. 1.

The proposed NeurLogX follows the same procedure as the
logic rule learning system. A logic rule learning system usually
contains two steps: 1) retrieving positive and negative facts in
first-order-logic form; 2) learning interpretable logic rules from
facts with inductive logic programming.

Generate facts from trained deep models. The positive
and negative facts are generated by augmenting the testing
image. Image samples are generated by randomly masking
objects and changing object positions. After that, the image
samples are converted to facts in first-order-logic forms. The
fact entry is regarded as a positive fact if it produces the same
result as the original image and it is regarded as a negative
fact if it produces a different result.

Learning interpretable rules with inductive logic pro-
gramming (ILP). ILP is a symbolic method that learns to de-
rive a hypothesised logic expression that entails as many posi-
tive facts and as few negative facts. Traditional inductive logic
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programming methods [18] learn rules by iterative searching.
They start by generating a most general logic rule and then
iteratively refine the rule by checking the negative samples.
These traditional methods are data-efficient but usually not
robust to noise and slow when the number of training facts
and types of predicates get larger. Recent advances in symbolic
reasoning [19]-[21] propose neural differential inductive logic
programming, namely using deep neural networks to estimate
the rule learning process. Compared with traditional methods,
the differentiable ILP methods have advantages from both
sides. They are data-efficient and robust to noise. In this
paper, we propose a differentiable ILP network — explain
differentiable inductive logic programming network (ex-0ILP).
Compared with other neural ILP methods that are designed for
large knowledge bases, we design ex-0ILP to be a lightweight
network that works on a small knowledge base (one image)
for vision language tasks.

In experiments, we conduct experiments on two general
seen types of vision language models, the one-stream models
(UNITER [1]) and two-stream models (LXMERT [2]). For
each model, we conduct both qualitative and quantitative anal-
yses on the two popular datasets — VQA [22] and GQA [17]
datasets. The paper is organized as follows: in Sec. II, we
briefly review conventional explainable Al methods, logic and
XAI in vision language models and compare our methods
with other methods. In Sec. III, we introduce the basis of
first-order-logic and inductive logic programming. In Sec. IV,
we introduce the details of our method. In Sec. V, we show
experimental results and ablation studies. Finally, we conclude
our paper and discuss limitations and future works.

To summarize our contributions:

e We propose neural logic vision language explainer
(NeurLogX), a framework that interprets the reasoning
process of vision language models in formal logic lan-
guages. The proposed system is based on our novel ex-
plain differentiable inductive logic programming network,
which enables fast and data-efficient learning of logic
rules.

e We conduct extensive experiments qualitatively and
quantitatively on popular vision language models
LXMERT [2] and UNITER [1], and VQA [22], GQA [17]
datasets.

o Based on our observations of generated logic rules, we
give recommendations for ways to improve current vision
language models.

II. RELATED WORKS
A. Explainable Al (XAl)

Explainable AI methods [7]-[9] aim to interpret the de-
cisions made by deep learning models. Nowadays, as deep
learning models are being utilized in healthcare, finance,
and climate prediction, the importance of XAI has garnered
increasing attention. LIME [11] first perturbs the image by
occluding image regions and then uses a linear model to learn
the correspondence between image super-pixels and model
predictions. CAM [12] generates class activation maps by
back-propagate the gradients through global average pooling.

In general, XAI methods can be categorized into two
types based on their scope: local methods [11], [12], [23],
[24], which explain individual testing instances, and global
methods [19], [25], [26], which provide explanations for the
entire model. Additionally, XAI can be classified based on
when the methods are applied, with intrinsic methods [27]-
[29] integrated into the deep models, and post-hoc methods
[11], [19], [23]-[26], [30] working with pre-trained models.

Our method falls in the category of local and post-hoc.
Nevertheless, as the majority of the previous works focus on
generating heat maps as the explanations, our work is the first
method that explains the reasoning process of deep models
in the formal logic language. Previous works [31], [32] also
study the reasoning of neural networks, however, we are the
first one that gives logic interpretation.

B. Logic in Vision Language Models

There is a long history of using logic expressions and/or
logic rules in deep learning and vision language models [21],
[33]. Early attempts [34]-[36] primarily focus on simulated
datasets [37]. Many of these works don’t explicitly use the
term logic. Instead, they convert language expressions to
executable “programs”. The programs are indeed informal
logic expressions of the language descriptions. Compared with
formal logic expressions, these programs are restricted in two
senses: 1), the programs are usually less diverse than logic
predicates; 2), the programs are executed in a chain-like man-
ner, while logic predicates are connected with logic “and”, “or”
and “not”, and it can be executed in “chain-like” and “tree-
like” manners. Besides the previously mentioned differences,
compared with Johnson et al. [34] who uses LSTM to generate
executable programs, our method does not need ground-truth
program annotations to train and thus can be applied to a
wider range of applications. Compared with Yi et al. [35] who
learns executable programs throughout the training process
and requires human crafted program executors, our method
does not require such program executors. In fact, the need for
human crafted program executors restricts their use case to be
on simulated datasets [37]. On real-world datasets like VQA
and GQA, it is impossible to design such executors due to the
large number of possible programs (logic predicates).

Recent works [38], [39] also use logic to examine and
improve the robustness and consistency of vision language
models on real-world datasets. VQA-LOL [38] creates new
datasets by using simple logical expressions like “not” or
“and” to augment current VQA questions. Work [39] proposes
a logical implication consistency loss to improve the consis-
tency of vision language models.

C. Vision Language Models and Interpretability

Vision Language pretraining learns image-text representa-
tions from large-scale paired vision and language data. There
are two common design choices: the one-stream methods
and two-stream methods. VILBERT [40], LXMERT [2] and
their consequences [5] use two-stream methods. The two-
stream methods usually contain two separate encoders for
language and images and one cross vision-language encoder.
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Besides two-stream methods, one-stream methods such as
VisualBERT [41], Unicoder-VL [42] , UNITER [1] simply
concatenate image features and languages and process them
through a sequence of transformers. Compared with the two-
stream methods, the one-stream methods require more working
memories and usually perform better than the two-stream
methods. The one-stream methods usually have a smaller
model size.

Models finetuned from pretrained parameters achieve state-
of-the-art performance on almost all recent vision language
leader-board [1]-[3], [43]. However, it remains unclear how
reliable these models are or how to interpret the reasoning
process. There are attempts to explain vision language models.
Position Focused Attention Network [28] is a type of the
intrinsic method that enables visualization of attended areas
through position focused attention mechanism. Work [13]
also examines and visualizes the image attention maps. It is
observed that vision language models are able to attend to the
right visual positions. The work [14] systematically studies the
attention weights of vision language models. They conclude
that language modality plays a more important role than
the vision modality. Previous works make great attempts in
interpreting the feature importance based on attention weights.
The question of how the models reason remains unanswered.
In this paper, we focus on interpreting the reasoning process
of vision language models.

ITII. FIRST-ORDER-LOGIC AND INDUCTIVE LOGIC
PROGRAMMING REVISIT

First-Order-Logic. A first-order-logic formula is a rule in
the form of:

P+ ay,..,am, @))

where P is the head and a, ..., a,, is the body. The body of
a first-order-logic formula is formed by logical operation con-
nected atoms. For example, Given a first-order-logic formula:

Grandma(Xy, X3) < Mother(X1, Xo)A
Mother(Xs,, X3),

Grandma(Xy, X3), Mother(X1, Xs5) and Mother(Xa, X3)
are atoms. Logical operations include A and,V or,— not.
Each atom is combined with a predicate and n entities.
In the above case, Grandma and Mother are predicates.
Formally, a predicate is a statement that takes entity as input
and generates either True or False. The arity of a predicate
refers to the number of inputs. In the above example, the
arity of Grandma is 2. Arity 2 predicates are also called
binary predicates. Arity 1 predicates are also called unary
predicates. Entity represents a type of object. In the above
example, X represents the type of human. In this paper, we
use the capital letter X to represent logic variables and x to
represent grounded instances, for example, a person John.

Inductive Logic Programming. Inductive logic program-
ming (ILP) is a symbolic artificial intelligence method that
learns logic formulas from a set of facts.

Traditional ILP methods. Traditional ILP methods like
Progol [44] find a rule hypothesis using the principle of

2

the inverse entailment from facts. These methods are in
general data-efficient, but when the scale of data increases,
the traditional ILP methods are known to be computationally
expensive. In the meantime, the traditional ILP methods are
extremely sensitive to noise [45].

Differentiable ILP methods. Large-scale data raise con-
cerns about traditional ILP for their low processing speed and
sensitivity to noise. On the other hand, deep learning models
can process large-scale data efficiently and are robust to noise.
Previous works [20], [45], [46] propose using deep models
for ILP. Markov logic network [47] first proposes to learn
weights of clauses using a network. Nonetheless, the so-called
“network” is a rather simple one without hidden layers and the
weights can be learned by counting the number of true evi-
dences. Neural Markov Logic Networks [48] extends Markov
logic networks [47] by removing the requirement of pre-
defined premises and learning them together with the clause
weights. Neural LP [20] targets the knowledge base reasoning
problem. To solve the multi-hop reasoning problems, it designs
a LSTM network as the controller to connect the memory and
model predictions (ProL.og operators) at each reasoning step.
Differentiable Inductive Logic Programming [45] proposes a
general framework to learn explainable rules from supervised
training procedures (e.g. MNIST classification), but it does not
specify how to design a proper network to learn weights for
the clauses. NLIL [46] uses transformer network [49] to learn
logic rules from scene graph generation tasks.

Compared with these methods, our method has two unique
contributions. Firstly, we specify how the differentiable ILP
methods can be applied to the XAI problems of vision
language models, including the ways to generate facts and train
the network. Secondly the network design: since our method
is a local XAI method that learns to explain one data instance
at a time, we use the graph attention network as the backbone
and design the network to be a minimal network such that it
can achieve fast learning with a small training data size.

IV. NEURLOGX

The proposed method NeurLogX has two parts: generate
positive and negative facts and learn inductive logic rules from
the facts. An illustration of the framework is shown in Fig. 2.

A. Generate Facts

To facilitate the learning of inductive logic programming,
we first generate facts from the testing instance. The generation
of facts is done in two steps: 1), generate image-level samples.
2), symbolize image to atom facts.

Generate image-level samples. Image-level samples are
generated by augmenting the image. We perform random
object occlusion and random object shifts. For random object
occlusion, the system randomly occludes N objects based
on initial detection results. For random shift, the objects
randomly swap position with other objects by copying and
pasting. Notably, the sample generation is performed before
the feature extraction process of vision language models. High
level features like object detection features usually contain
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Is the person to the right

of the cup wearing jeans? .
Trained
VL
Model

(b)

(c) Yes
I No
(d) Explain (d -
==p  Differentiable Logic
ILP Rules

Jean(Y)

Right(Y,X)

( (a): generate image level samples by occlusion and swapping

(b): symbolize visual concepts to atoms
(c): generate fact labels

| (d): learn explainable logic rules with differentiable ILP

Fig. 2. A detailed illustration of the proposed neural logic vision language explainer. Given an image to learn, we start from generating image level samples
by random occlusion and random object swapping. After that, the image objects are converted to symbols. These symbols form the training facts of our
ex-OILP. In the meantime, we run the trained vision language models to get training labels for the symbolic facts. Finally, the interpretable logic rules are

learned with our ex-OILP module.

rich context information. Therefore, it’s unable to completely
mask out information of a certain object, if the occlusion is
performed only on the feature level. The fact is regarded as
a positive fact if it produces the same result as the original
image and it is regarded as a negative fact if it produces a
different result.

Symbolize image to atom facts. At this stage, the aug-
mented images are converted to symbolic facts. Each fact
is a logical atom. We run an object detection model on the
augmented images and extract objects and object attributes.
Then we convert them to predicate form. For unary predicates,
we choose the types of predicates based on the object classes
and attributes in [50]. Binary predicates include four types
of spatial relations — Left, Right, Front, and Behind. For
example, given two detected objects — a tall man standing to
the right of a white wall, the facts are:

{White(X), Wall(X), Tall(Y), Man(Y), Right(Y, X)}.

B. Learn Explainable Rules from Facts

We propose explain-differentiable-ILP (ex-0ILP) — a mini-
mal differentiable ILP framework for explaining purpose.

Skolem normal form and matrix multiplication. To begin
with, similar to previous work [45], [46], we first turn Eq. 1
into Skolem normal form:

P(—Pl(Xl),...7Pm(Xm)7 3)

Compared with Eq. 1 which may contain nested atoms,
Eq. 3 is much easier because it is only composed of a sequence
of atoms. Therefore, the problem of finding the best logic rule
now becomes finding the best combinations of predicates in
predicate space.

To find the best combination of predicates, formally, con-
sider an image described by a Ax AxC dimensional adjacency
matrix M, where A is the number of entities and C' is the types
of predicates. Each submatrix of the adjacency matrix along C
dimension M, represents whether two entities are connected
by a certain predicate c. Furthermore, consider h; and h, to
be the one-hot embedding of entity  and y. It is easy to verify
that hzTMchy now represents the score of entities x and y
connected by predicate ¢ [S1]. This formula can be further
extended to:

score(x,y) = h_;TMl .. Mch_;. 4)
Eq. 4 shows how to calculate the score that x and y are
connected by predicate path 1...c. In this case, finding
the best combination of predicates is equivalent to find the
predicate path that maximizes the score value.

Logic Operations. Eq. 4 represents a special form of Eq. 3
that the predicates are connected by logic A and operations.
We show three types of logic operations logic A and, V or,
— not and how they can be represented by extending Eq. 4.
Following previous works [46], [51], we represent — not of
predicate ¢ as 1 — M. Mathematically, logic V or operation
can be substituted by combining A and and — not. Therefore,
to make Eq. 4 fully compatible with the three types of logic
operations, the system only needs to change the adjacency
matrices to their negation and add the negation to candidate
predicates.

Explain-differentiable-ILP (ex-OILP). In this section, we
show how to learn the Skolem normal form expression with
our method, namely learn to find a solution of Eq. 4. We show
the model architecture and the learnable parameters. To do that
we first show a soft relaxation of Eq. 4:
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T c
score(x,y) = th H(Z SCMC)h—;, 5)
0 0

where the parameter .S, is a weighting vector over all possible
predicates’ adjacency matrices. The value of S, can be decided
by a sequential decision making process [52], [53]. In other
words, the value of S. depends on not only the M, values
but also previous decisions. In experiments, we use a graph
attention network (GAT) [54] to calculate S.. We regard the
M., values as graph nodes. Formally, given M. values for the
predicates, the network first processes the predicate embedding
and M. (represented as M. for simplicity) with learnable
weight W to get an intermediate parameter:

e =a(WMpy,..., WM,), (6)

where a is an activation function.

Then the relative importance s in Eq 5 can be found
by performing a softmax operation against all intermediate
parameters:

S = softmax(e). 7

Similar to other ILP methods [46], [51], to train the network,
we sample predicate paths from the positive and negative
facts. To integrate the fact labels into the learning system, we
treat positive and negative labels as a special type of entity
and add a special type of predicate Relate to connect the fact
label with every other entity. Given the previous example of
a tall man standing to the right of a white wall, the facts are:
{White(X),Wall(X), Tall(Y), Man(Y), Right(Y, X)}.

An example of the sampled predicate path could be
{Man(Y), Relate(Y,True)}. The training of network is
guided by classifying if the sampled predicate path has
the same result as the fact. Specifically, The h,” value in
Eq. 5 represents the one-hot embedding of starting entity. h,,
represents the one-hot embedding of “True” or “False” entity.

A detailed illustration of the model structure is shown in
Fig. 3. At each graph attention layer, the network outputs the
attention map S. Based on S, we can calculate the score that
currently sampled predicate path holds according to Eq. 5 and
then train the network based on a classification loss.

Extract Interpretable Rules from Trained Parameters.
After the network is trained, the logic rules can be recovered
from learned parameters. The algorithm is described in Algo-
rithm. 1. Specifically, to recover logical rules from the trained
parameter, we select every step’s highest confident predicates
and skip this step if the predicate is already selected in the
previous step.

V. EXPERIMENTS

Implementation details. For each image instance, we gener-
ate 100 facts to train the explainer. Each fact is generated by
randomly occluding 5 objects and swapping the position of 2
objects. The layer of graph attention network is set to 3. We
use RELU as the activation function.

Models and datasets. We conduct experiments on two vision
language models — the one-stream model UNITER [1] and the

two-stream model LXMERT [2]. For both of them, we use
their finetuned models on GQA [17] and VQA [22] datasets
to see how they reason. Compared with the conventional
VQA task, the GQA task requires the model to understand
object relations and perform multi-hop reasoning. We show
our results qualitatively and quantitatively.

A. Qualitative Experiment on Generated Logic Rules.

We show four representative examples in Fig. 4. Example 1
shows an easy question asking the color of the cake. It could
be observed that both of the tested models could generate the
correct answer and the ex-OILP model could correctly learn
the logic rules. Example 2 shows an example that requires
compositional reasoning. Both of the models could generate
correct results and our proposed framework learns meaningful
logic representations. In example 3, we observe that all the
generated facts are positive facts. It means that the two models
can get the result woman even without looking at the images.
We conclude from this example that the models learn dataset
bias because only women wear dress in the whole dataset.
In example 4, LXMERT generates a wrong result, however,
our proposed method shows the reasoning process seems to
be accurate. The mistake is that the model wrongly regards
the monitor to be the computer. Therefore, based on this
observation we can conclude that to improve the accuracy
of this model one thing to do is to improve vision language
grounding.

B. Selected Predicates vs. Attended Objects.

The selected predicates from ex-OILP are regarded as the
most important elements in images for decision making. To
validate that our method learns correctly, we compare and
visualize what our model learns (the predicates) and what
the trained model learns (the attention maps). We show four
examples in Fig. 5. To visualize attention maps, we plot the
top 3 object regions with the highest attention weights. For
our ex-OILP, we plot all regions with their predicate form
in the learned rule. The first two experiments show easy
cases where only one object is related to the question. In
this case, our model could attend to the same object as the
attention maps. Example 3 shows a question with three objects.
The top 3 attended objects include the “child” and the cake,
while our model chooses the woman and the cake. Example
4 shows a failure case of our method. The question asks “Is
the field soft and snowy?”” which does not relate to any object.
Our proposed method ex-OILP fails to generate a logic rule
based on predicates since predicates are related to object-level
semantic information.

C. Speed comparison: Ours vs. Traditional ILP methods

To further validate the effectiveness of our proposed ex-
OILP framework, we compare ourselves with traditional ILP
methods and compare their training speed. For the traditional
method, we use the publicly available implementation of
Aleph [18]. Specifically, the Aleph algorithm is listed below:

1) As long as examples exist, select one to generalize.

Otherwise stop.
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Fig. 3. An illustration of the ex-OILP model structure. We use graph attention network to conduct soft predicate selection. At each step, the attention map

s¢ represents the importance of candidate predicates.

Algorithm 1 Recover Logic Rules from Attention Map.

Input: attention map {s¢ |t =1,...,T}
Notation: Let R; = { Py, ..
Initialize: Ry = {}
for t <~ 1to T do
if t =1 then
Assign P, = argmax(sy)
Add P, to R
else
if P, # argmax(sq) then
Assign P, = argmax(sg)
Add P, to R
return Rp

., P/} be the generated rules at step ¢.

2) Construct the most-specific clause (bottom clause) that
entails the selected example and is within the language
constraints.

3) Find a more general clause that is a subset of the current
literals in the clause.

4) Remove examples covered by the current clause.

5) Repeat process from 1

We compare their training speed by performing training on
100 testing instances and calculate the average speed per im-
age. Ex-OILP experiments are carried out on a single Nvidia-
GTX1080ti GPU, and the Aleph experiments are carried out
on Intel i7-8700 CPU. We observe that our proposed method
takes only 5 mins to generate rules for each testing instance,
while traditional ILP methods take more than 1 hour. The long
training time makes traditional ILP unsuitable for explaining
model behaviors.

D. Measure Logic Rules Accuracy

To validate the learned ex-OILP is consistent with the
trained vision language model, we further design a quantitative
experiment. Specifically, besides the generated positive and

negative facts, we generate additional facts as validation data
for the ex-OILP module. For each image, we generate 100
additional facts as validation facts. After the training on train
facts is finished, we test the generated rule on validation facts.
We perform experiments on UNITER and LXMERT and on
VQA and GQA datasets. We calculate the validation score
by averaging 100 testing instances (10k facts in total). The
testing results are shown in Table. I. We observe that on GQA
dataset, our generated logic rules using the default setting (3
layers) achieve a high validation accuracy of 95%. While on
VQA dataset, our system achieves a validation accuracy of
around 80% with both tested models. The major reason for
this performance gap is the way the datasets are collected. For
VQA dataset, the questions and answers are generated by hu-
man crowd-sourcing. Therefore, although the VQA questions
require fewer reasoning skills, they are more natural and hard
to perform vision language grounding. The GQA questions
are templates generated from ground-truth object labels, which
greatly ease the grounding process and lead to better validation
results. The high validation accuracy proves that our proposed
method is consistent in model behaviors with the trained vision
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Q:

Which color is the cake?
A:

White

LXMERT:

White € Cake (X) A White (X)
UNITER:

White € Cake (X) A White (X)

Q:

Is there a blender to the right of the yellow drink?
A:

Yes

LXMERT:

Yes € Blender (X) A Right (X,Y) A Glass (Y)
UNITER:

Yes € Bottle (X) A Right (Y,X) A Blender (Y)

Q:

Who is wearing the dress?
A:

Woman

LXMERT:
Woman
UNITER:
Woman

Q:

What is the device in front of
the flat computer?

A:

Phone

LXMERT:

Keyboard € Keyboard (X) A Front (X,Y) A Computer (Y)
UNITER:

Phone € Phone (X) A Front (X,Y) A Computer (Y)

Fig. 4. Qualitative examples of our generated logic rules. Example 1: an easy question asking the color of the cake. Both of the tested models could generate
the correct answer and the ex-OILP model could correctly learn the logic rules. Example 2: an example that requires compositional reasonings. Both of the
models could generate correct results and our proposed framework learns meaningful logic representations. In example 3, we observe that all the generated
facts are positive facts. It means that the two models can get the result woman even without looking at the images. In example 4, although the reasoning
process seems to be accurate, LXMERT generates a wrong result. The mistake is that the model wrongly regards the monitor to be the computer.

language model.

We also conduct ablation experiments on the number of
graph attention layers of our method in Table I. We observe
that by reducing the number of layers from 3 to 2, the
performance is greatly reduced. However, by increasing the
layer to 4, the performance is almost the same as the 3 layer
model and the network requires longer processing time.

E. Comparison with other XAl methods

To further validate the accuracy of our proposed method, we
compare our method with the famous XAI method LIME [11].
For both methods, we calculate the IoU (Intersection over
Union) between the XAI methods’ attended objects and the
vision language model’s attended objects using the vision
language model UNITER [1]. A higher IoU score indicates
that the method is more faithful to the original vision language
model. The experiments are carried out on VQA and GQA

datasets and the scores are calculated by averaging results
on 100 instances randomly sampled from the validation set.
Results are shown in Table II. On VQA dataset, our method
achieves an IoU score of 0.53 and on GQA dataset our method
achieves an IoU score of 0.62. GQA score is higher because
the GQA dataset is more related to object level relations,
while VQA dataset contains more questions asking the picture
as a whole. Compared with LIME, our proposed method
gets higher IoU scores, which indicates that our method can
generate more faithful predictions.

F. User Study

We also conduct user studies to quantitatively evaluate our
method. Participants are given the original image, question,
model’s prediction and our generated rules to evaluate whether
the generated rules are correct from a human perspective. The
image and question pairs are randomly sampled instances from
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Q: Which color is the shirt?

Rule: White € White (X) A Shirt (X)
@)

Q: What type of food is to the left of the baby that is
sitting atop the woman?

Rule: Cake € Cake (X) A Left (X,Y) A Woman(Y)
®)

Q: Do you see any cats

Rule: Yes € Cat (X)
)

Q: Is the field soft and snowy?

Rule: No
4

Fig. 5. Selected Predicates vs. Attended Objects. Left: attended objects. Right: objects corresponding to learned predicates. The first two experiments show
easy cases where only one object is related to the question. Our model could attend to the same object as the attention maps. In example 3, the image shows
a question with three objects. The top 3 attended objects include the “child” and the cake, while our model chooses the woman and the cake. Example 4
shows a failure case of our method. The question is not related to any object. Our proposed method ex-OILP fails to generate a logic rule based on predicates

because the predicates are generated from object labels.

Method VQA GQA
LXMERT (2 layers) 63% 2%
LXMERT (3 layers, default) 81% 95%
LXMERT (4 layers) 82% 95%
UNITER (2 layers) 64% T7%
UNITER (3 layers, default) 83% 95%
UNITER (4 layers) 83% 95%

TABLE I
VALIDATION SCORES AND ABLATION EXPERIMENTS. BY USING THE
DEFAULT SETTING (3 LAYERS), ON GQA DATASET, OUR GENERATED
LOGIC RULES ACHIEVE A HIGH VALIDATION ACCURACY OF 95%. WHILE
ON VQA DATASET, OUR SYSTEM ACHIEVES A VALIDATION ACCURACY OF
AROUND 80% WITH BOTH TESTED MODELS.

Method VQA GQA

Ex-OILP (Ours) 0.53 0.62

LIME 0.45 0.47
TABLE II

COMPARISON WITH OTHER XAI METHODS. WE CALCULATE THE IoU
SCORE BETWEEN THE XAI METHODS’ ATTENDED OBJECTS AND THE
VISION LANGUAGE MODEL’S ATTENDED OBJECTS. EXPERIMENTAL
RESULTS INDICATE THAT OUR METHOD IS MORE FAITHFUL TO THE
ORIGINAL VISION LANGUAGE MODEL THAN LIME.

VQA and GQA datasets. We use a total of 100 pairs for user
study. Based on our user studies, it is found that 72% of votes

think our method generates correct logic expressions from a
human perspective.

G. Pretrained Vision Language Model Therapy with Neur-
LogX

In this section, we discuss our key observations and how
these observations could be used to improve current vision
language models.

Vision Language Models Learn Good Reasoning Skills.
Based on our observations in Fig. 4 and accuracy on validation
set, we conclude that current vision language models inherent
good implicit reasoning skills. These reasoning skills can be
concreted by our proposed ex-0ILP.

Visual Features and Vision Language Grounding are the
next bottlenecks. We witness that many wrong predictions
are due to wrong visual classes or vision language grounding.
In fact, even if wrong vision language grounding happens,
the reasoning process itself seems correct most of the time.
This leads to a conclusion that improving the quality of visual
features will likely be more effective than improving the
network structure.

Dataset Bias is another problem preventing the vision
language models from learning better representations. The
dataset bias [55], for example only woman wearing dress
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in this dataset, leads the model to learn biased features. In
such a case, the model will simply remember the correlation
between woman and dress instead of looking at the image
for an answer. The fact generation process of our proposed
method can be used to identify dataset bias. Given an image
and language pair, if the generated facts are all positive (same
as the default image), it means the model could generate an
answer no matter what image is given. Potential therapy to
dataset bias is to generate counter-factual training data. For
example, if the “only woman wears dress” bias is detected,
including “man also wear dress” in training data will help.

Extend object-level features to higher-level features. The
majority of current vision language models take object-level
features as input, so as our explainer. We found drawbacks
while interpreting some of the problems that require under-
standing global context. This observation raises concerns on
using regional features. Since the pioneer work of [50], using
object detector detected regional features becomes the golden
rule for training vision language models. Indeed, regional
features provide more prior semantic information than raw
image pixels. However, they lack information of global and
non-object features. Future works can be done by replacing
regional features with raw image pixels and training the vision
language model at a larger scale.

Combine sub-symbolic features with symbolic repre-
sentations. Symbolic representations refer to discrete and
interpretable symbols like image labels. Sub-symbolic features
refer to continuous and uninterpretable features like regional
features of images. Based on our observation in Section V,
systems using solely symbolic representations can also per-
form vision language tasks, yet achieve interpretability in the
meantime. Future vision language models can be improved
by combining symbolic representations with sub-symbolic fea-
tures. This is validated by Oscar [3]. However, Oscar [3] only
uses object-level symbolic representation (Unary predicates in
our terms). Further exploration can be done by using binary
predicates to represent object relations.

VI. CONCLUSIONS, LIMITATIONS AND FUTURE WORKS

Conclusions. We propose NeurLogX — a novel framework
that interprets the reasoning process of vision language models
in the form of logic formulas. Similar to previous XAI
methods, our method works on all trained black-box vision
language models and it does not need extra human annotations.
Unlike previous methods, our method interprets the reasoning
process in formal logic languages. The interpretation not only
considers object-level information but also object relations.

Our system contains two steps: 1), retrieving positive and
negative facts in first-order-logic form. 2), learning inter-
pretable logic rules from facts with inductive logic program-
ming. We perform experiments on popular vision language
models and datasets and show both qualitative and quantitative
results. Based on our observations, we also give recommen-
dations on how the vision language models could be further
improved.

Limitations. Currently, our method is limited to interpret-
ing object-level concepts and relations. This is the problem

commonly seen in recent symbolic Al methods. For questions
involving global concepts such as weather, season, and time,
our method usually can not generate accurate results. Also,
our method can only handle a subset of first-order-logics. For
example, due to the constraints of Skolem normal form logics,
our method can not be used to explain counting problems, for
example, “how many kids are playing at the ground?”.

Future Works. Future works can be done by integrating our
method into the pretraining of deep vision language models.
There will be two benefits: firstly, the new vision language
can achieve intrinsic interpretability. Secondly, the new model
combines both symbolic features and sub-symbolic features
and could potentially achieve better performance.

Future works can also be done by extending our methods
to handle all first-order-logic rules instead of just a subset of
first-order-logic.
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