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Abstract
Abstract visual reasoning (AVR) is a critical ability of hu-
mans, and it has been widely studied, but arithmetic visual
reasoning, a unique task in AVR to reason over number sense,
is less studied in the literature. To facilitate this research, we
construct a Machine Number Reasoning (MNR) dataset to
assess the model’s ability in arithmetic visual reasoning over
number sense and spatial layouts. To solve the MNR tasks,
we propose a Dual-branch Arithmetic Regression Reasoning
(DARR) framework, which includes an Intra-Image Arith-
metic Regression Reasoning (IIARR) module and a Cross-
Image Arithmetic Regression Reasoning (CIARR) module.
The IIARR includes a set of Intra-Image Regression Blocks
to identify the correct number orders and the underlying arith-
metic rules within individual images, and an Order Gate to
determine the correct number order. The CIARR establishes
the arithmetic relations across different images through a ‘3-
to-1’ regressor and a set of ‘2-to-1’ regressors, with a Selec-
tion Gate to select the most suitable ‘2-to-1’ regressor and a
gated fusion to combine the two kinds of regressors. Experi-
ments on the MNR dataset show that the DARR outperforms
state-of-the-art models for arithmetic visual reasoning.

Code — https://github.com/Yang8823/DARR-MNR

Introduction
Abstract Visual Reasoning (AVR) is part of the long-
standing efforts to develop artificial general intelligence (Fei
et al. 2022). It is essential for evaluating machine intelli-
gence, identifying the problems that a general AI system
should solve, and providing insights into the limitations of
current systems (Hernández-Orallo et al. 2016). The devel-
oped techniques have been applied beyond AVR, e.g., rela-
tional networks for semantic segmentation (Mou, Hua, and
Zhu 2019), relational reasoning in deep reinforcement learn-
ing (Zambaldi et al. 2019), contrastive AVR mechanisms
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Figure 1: Left: A sample question in the MNR dataset.
Given three context images, the task is to select the cor-
rect answer from eight candidates that follow the same arith-
metic expression. Right: Illustration of the proposed Dual-
branch Arithmetic Regression Reasoning (DARR), where
Intra-Image Reasoning Block (IIRB) aims to explicitly un-
cover the arithmetic expression through regression reason-
ing within each sample image, and Cross-Image Reasoning
Block (CIRB) aims to uncover the arithmetic expression by
regressing the arithmetic relations across images.

for scene graph parsing (Huang et al. 2020), and many oth-
ers (Małkiński and Mańdziuk 2023).

AVR spans a variety of tasks, including Raven’s Pro-
gressive Matrices (RPMs) (Hu et al. 2021), odd-one-
out (Mańdziuk and Żychowski 2019), Bongard prob-
lems (Nie et al. 2020), arithmetic visual reasoning (Zhang
et al. 2020) and many emerging ones (Małkiński and
Mańdziuk 2023; Li et al. 2024). Among these, arithmetic
visual reasoning is a unique challenge for a solver to reason
about number sense (Dehaene 2011), a special intuition that
helps humans make sense of numbers, identify mathemati-
cal relations, discover underlying patterns, and infer general
knowledge on numbers. Indeed, arithmetic reasoning is one
of the key abilities of humans, while lacking to some extent
in existing machine intelligence (Zhang et al. 2020).

Recently, Zhang et al. (2020) developed an MNS dataset
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to assess visual number sense by discovering the underlying
arithmetic expression and generating the missing number in
the question image. However, a tiny variation in the expres-
sion may yield a totally different number. Thus, the problem
is solved by a brute-force search for a specific sequence of
arithmetic operations in (Zhang et al. 2020). such a search
algorithm could hardly assess the reasoning ability, as a rea-
soning model should analyze the mathematical meaning be-
hind numbers and comprehend the arithmetic expressions
behind the observed images, rather than merely searching a
perfect fit by iterating all possible enumerations. To deeply
comprehend number sense, a Machine Number Reasoning
(MNR) dataset is constructed in this paper. Given three con-
text images following a common arithmetic expression, the
target is to identify the image with the same expression from
eight candidates, as shown in Fig. 1. This task is different
from previous ones in two aspects. 1) Instead of brute-force
search, the MNR task requests the model to deduce an arith-
metic expression from images, assess the expression similar-
ity between candidate and context images, and determine the
one with the same expression as context images, which bet-
ter assesses the reasoning ability over numbers. 2) The MNR
dataset combines visual number sense and abstract spatial
reasoning, while the latter is missing in the MNS dataset. In
addition, more difficult rules are included to challenge the
model’s reasoning ability, e.g., large variations in shape and
spatial layout, and longer expression.

The MNR dataset poses challenges to existing reasoning
models. Firstly, the underlying rules are complicated. For
each task, both the order of numbers and the expression of
numbers need to be deduced. It is challenging to reason out
the exact expression of the ordered numbers. Secondly, nu-
merous potential expressions can be deduced from a single
image in the MNR dataset, as the evaluation result of the
expression is unknown in advance and needs to be deter-
mined along with the number order and the expression itself.
It is also difficult to discern the unique common expression
across context images from a large feasible search space.

To tackle these challenges, we propose an end-to-end
Dual-branch Arithmetic Regression Reasoning (DARR)
framework, consisting of an Intra-Image Arithmetic
Regression Reasoning (IIARR) module to explore the feasi-
ble arithmetic expressions through regression reasoning over
numbers within an image, and a Cross-Image Arithmetic
Regression Reasoning (CIARR) module to contrast the
numbers across images to uncover the common underly-
ing expression. Specifically, in IIARR, the encoded feature
maps are first divided into patches of equal size, and one
patch is randomly selected as the target, while the rest are
assembled into an ordered patch sequence. To encapsulate
the underlying expression, an Intra-Image Regression Block
(IIRB) is designed to regress the target patch using the re-
maining ones. Upon converging, the IIRB well embeds the
arithmetic expression for the ordered numbers. The patch
sequence is permuted to enumerate feasible number orders
in the expression. To identify the one following the correct
order, an Order Gate (OG) is designed. In such a way, the
correct number order and the arithmetic expression are ex-
plicitly embedded into the IIARR.

The proposed CIARR is designed to uncover the arith-
metic relations across images and, hence, implicitly model
the underlying expression. In particular, a Cross-Image
Regression Block (CIRB) is designed to utilize the con-
text images to regress the candidate image, thereby discover-
ing the relations among the ordered numbers at correspond-
ing positions across images. Considering the fact that the
ordered numbers in context images and the correct candi-
date image obey a common expression, the regressed rela-
tion, hence, implicitly embeds the common expression into
the CIRB. To further improve the robustness of irrelevant
context features during regression, in addition to a ‘3-to-1’
regressor that directly utilizes the three context images to
regress the target, we also develop a set of ‘2-to-1’ regres-
sors that select two context images to regress the target, to
mitigate the potential distortion from irrelevant context fea-
tures. A Selection Gate (SG) is then designed to select the
more suitable ‘2-to-1’ regressor, and two types of regressors
are combined through a Gated Fusion (GF) scheme. In such
a way, the proposed CIARR implicitly but effectively encap-
sulates the common expression by establishing the mapping
between ordered numbers across images.

Our contribution can be summarized as follows. 1) To fa-
cilitate the research on arithmetic visual reasoning, we con-
struct the Machine Number Reasoning dataset, and propose
a Dual-branch Arithmetic Regression Reasoning framework
for solving MNR tasks. 2) The proposed IIARR explicitly
models the underlying expressions by directly regressing a
target image patch by using the rest patches, with an Order
Gate to determine the correct number order. 3) The proposed
CIARR implicitly captures the common expression by ex-
tracting the relations among the ordered numbers at respec-
tive positions across images through CIRB, and suppresses
irrelevant features through the Selection Gate. 4) Extensive
experiments show that the MNR dataset is challenging for
abstract arithmetic reasoning while our DARR significantly
outperforms state-of-the-art models on this dataset.

Related Work
Abstract Visual Reasoning. In the field of image reason-
ing (Zhang et al. 2024b,a; Song et al. 2023), AVR has re-
cently attracted significant attention (He et al. 2025, 2024).
Models for solving AVR tasks often contain two modules:
one for visual perception and the other for analogical rea-
soning (Małkiński and Mańdziuk 2023). WReN (Barrett
et al. 2018) encodes panels through a convolutional neu-
ral network (CNN) and employs a relation network to in-
fer relations across panels. RelBase (Spratley, Ehinger, and
Miller 2020) utilizes a two-stage encoder to extract visual
features first and extract relations based on the features.
SCL (Wu et al. 2020) utilizes three convolutional blocks
for perception, and a scattering transformation to derive the
relations. MRNet (Benny, Pekar, and Wolf 2021) utilizes
multi-scale convolutional layers for visual perception and
explores relations by enforcing the rule consistency across
rows and columns. STSN (Mondal, Webb, and Cohen 2023)
presents object-centric attention for visual perception and
a transformer for reasoning. PredRNet (Yang et al. 2023)
extracts high-level abstract relations through a prediction
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Figure 2: Overview of proposed DARR. It contains two main modules: IIARR and CIARR. The IIARR consists of K IIRBs,
each containing a set of shared-weight regression networks and an Order Gate, to encapsulate arithmetic rules and number
orders within an image. The CIARR contains L CIRBs, each containing one ‘3-to-1’ regressor, three ‘2-to-1’ regressors, a
Selection Gate, and a Gated Fusion, to establish the relations across images and implicitly embed the underlying expression.

network. Recently, SCAR (Małkiński and Mańdziuk 2024)
introduced a linear Structure-Aware dynamic Layer (SAL)
that is adaptable for different types of tasks. Despite these
advancements, existing methods still struggle to address the
challenges posed by arithmetic visual reasoning.
Gate Mechanisms. Gate mechanisms control the flow of
information within neural networks (Van den Oord et al.
2016), including spatial-wise, channel-wise, and layer-wise
gates. Li et al. (2020) utilized fine-grained spatial-wise and
channel-wise gates to fuse multi-level features for semantic
segmentation. Yang et al. (2020) introduced a channel-wise
gate to better cooperate or compete for information across
different channels. Zhao et al. (2020) employed multi-level
gate units to control the information transfer between the en-
coder and decoder, and suppress non-salient features. Yang
et al. (2022) designed task-aware layer-wise gates to auto-
mate the selection of sub-models for specific tasks in contin-
ual object detection. In this paper, various gates are designed
to select and fuse regression reasoning results.
AVR Datasets. AVR has various task formula-
tions (Małkiński and Mańdziuk 2023), e.g., RPMs such as
PGM (Barrett et al. 2018), RAVEN (Zhang et al. 2019) and
its variants (Hu et al. 2021; Benny, Pekar, and Wolf 2021);
same-different tasks such as the SVRT dataset (Fleuret et al.
2011); odd-one-out tasks such as the CVR dataset (Zerroug
et al. 2022); and arithmetic visual reasoning (Zhang et al.

2020). Among these, arithmetic visual reasoning is unique,
requiring the model to reason explicit or implicit rules over
numbers. In addition, Unicode Analogies Challenge (Sprat-
ley, Ehinger, and Miller 2023) increases the difficulty by
including attributes with greater variability, and the ARC
dataset (Chollet 2019) assesses the model’s generalization
ability from a few examples to a diverse set of problems.
Very recently, Lu et al. (2023) introduced the MathVista
dataset, which is targeted for evaluating Large Language
Models and heavily integrated with textual contexts, which
may lose focus on abstract visual reasoning.

Proposed DARR
Overview of Proposed DARR
As shown in Fig. 2, given three context images {Ci}3i=1,
the task is to identify the candidate among eight candidates
{Aj}8j=1 following the same rule as the context images. The
rules in MNR tasks involve the number order and arithmetic
expression. Since numerous number orders and arithmetic
expressions can be formed, it is very challenging to deter-
mine the underlying rules from merely three context images.

To tackle the challenges, we propose a Dual-branch
Arithmetic Regression Reasoning (DARR) model. The
first branch, Intra-Image Arithmetic Regression Reasoning
(IIARR) module, is designed to explicitly model the under-
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lying rules. It first divides the encoded features into a set
of patches of equal size. One patch is randomly selected as
the target, while the remaining ones are arranged into an
ordered patch sequence. Then, an Intra-Image Regression
Block (IIRB) is proposed to regress the target patch based
using other patches in the same image. We enumerate all
the possible permutations of the patch sequence to simulate
the number orders, and design an Order Gate (OG) to se-
lect the most suitable sequence with minimal regression er-
ror. The other branch, Cross-Image Arithmetic Regression
Reasoning (CIARR) module, contains a set of Cross-Image
Regression Blocks (CIRBs), each of which utilizes the con-
text images to regress a target image, implicitly revealing
the relations between ordered numbers in different images.
Besides the common formulation of ‘3-to-1’ regression, i.e.,
utilizing three context images to regress the target, a set of
‘2-to-1’ regressors are designed to mitigate the irrelevant
features in context images and minimize their disturbance to
the regression process. Furthermore, we design a Selection
Gate (SG) to select the most suitable ‘2-to-1’ regressor with
minimal regression error, and a Gated Fusion (GF) scheme
to combine the results of ‘3-to-1’ regressor and ‘2-to-1’ re-
gressor. Formally, the goal of DARR is to find a mapping
function between a candidate image and context images,

ŷj = R(E({Ci}3i=1,Aj), (1)

where E is the perception module, R is the reasoning mod-
ule, and ŷj is the predicted score for the candidate answer
Aj . The DARR aims to minimize Cross Entropy loss,

L = −
8∑

j=1

yj log (ŷj), (2)

where yj denotes the one-hot labels for the j-th option.

Intra-Image Arithmetic Regression Reasoning
Intra-Image Regression Block. Eight ResNet
blocks (Yang et al. 2023) are utilized as the perception
encoder to extract image features {F c

i }3i=1 and {F a
j }8j=1

for for context images and candidate images respectively.
We concatenate the context features with the features of a
candidate image, and examine the probability that they share
the same underlying arithmetic expression. For simplicity,
we use one of the combinations X1 = [F c

1 ,F
c
2 ,F

c
3 ,F

a
1 ] as

an example.
Specifically, we divide the feature maps into four patches

of equal size. One patch P t is randomly selected as the tar-
get and the other three {Pi}3i=1 regress the target as,

P̂ t = FIIR({Pi}3i=1), (3)

where FIIR(·) denotes the intra-image regression network.
By minimizing the regression error P t

ϵ = P t − P̂ t, we es-
tablish the relation between the target patch and the other
three patches. As the patches carry feature attributes such as
the numbers and their spatial layouts, such a regression re-
lation FIIR(·) could establish the underlying expressions of
the ordered numbers. Upon training convergence, the IIRB
explicitly embeds the underlying expression. More impor-
tantly, the IIRB is shared among four images in X1. Such

a network-sharing strategy explicitly enforces the rule con-
sistency between the candidate and the context images, so
that the same underlying rule is embedded into the IIRB for
these four images. Although the regression error is not di-
rectly utilized as the training loss, it is implicitly related to
the training label as follows: when the candidate does share
the same underlying rule with the three context images, the
regression error will be small across four images, and it will
be large otherwise. The training label hence could help the
IIRB converge and the inherent network design could help
explicitly encapsulate the underlying rules over numbers.

Order Gate. One of the key challenges of MNR is to
determine the correct number order before building up the
arithmetic expression. To tackle this, we enumerate all per-
mutations of the patch sequence and perform regression rea-
soning over each sequence as shown in the previous sec-
tion. To select the correct sequence, an Order Gate is de-
signed. Specifically, after the IIRB, the prediction error is
concatenated back with the other three patches as Y =
[{FP (Pi}3i=1),P

t
ϵ ], where FP (·) is a permutation function.

We have 6 different permutations for the three context im-
ages and hence 6 sets of features {Yi}6i=1. The gate coeffi-
cient for each set of features is derived as,

rOG
i = σ(

6∑
j=1

W OG
i,j Yj), (4)

where σ represents the Sigmoid activation function, and
W OG

i,j denotes the network parameter to capture the relations
among the six sets of features. When the i-th permutation
does not contain the correct number order, rOG

i will be small,
and large otherwise. In such a way, the correct number order
could be identified along with the expression. The features
after the Order Gate are then obtained as,

Ŷ =
6∑

i=1

rOG
i Yi +X1, (5)

X1 are added back to form the input features Ŷ for the next
IIRB. To handle complex rules, we stack K IIRBs as,

Ŷ k = Fk
IIRB(Ŷ

k−1), (6)

where Fk
IIRB(·) denotes the k-th IIRB, Ŷ k−1 and Ŷ k are the

input and output of the k-th IIRB, and Ŷ 0 = X1.

Cross-Image Arithmetic Regression Reasoning
While IIARR module explicitly establishes the underlying
expression within an image, the shared network design that
explicitly enforces the rule consistency across images may
be a hard constraint that four images may not satisfy. To bet-
ter exploit the rule consistency across images, we directly
contrast the candidate image with the three context images
through arithmetic regression reasoning similar to that in
IIARR. Instead of regressing patches, we regress the fea-
tures of a candidate image using the features of context im-
ages. The intuition behind this is that if the target image
shares the same underlying expression as the context im-
ages, the regression relation from the context images to the
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target will implicitly reflect this underlying expression so
that the regression error will be minimized, and the error will
be large otherwise. An illustrative sample, together with a
detailed explanation, is provided in Supplementary Material
but omitted here due to the page limit.

Cross-Image Regression Block. We design multiple re-
gressions in CIRB to represent potential interpretations
of the underlying arithmetic rules. We still use X1 =
[F c

1 ,F
c
2 ,F

c
3 ,F

a
1 ] as an input example. We first design a

‘3-to-1’ regression for uncovering the underlying arithmetic
rules across images, i.e., we utilize the three context features
[F c

1 ,F
c
2 ,F

c
3 ] to regress the target image F a

1 as,

F̂ a
1 = FCIR3(F

c
1 ,F

c
2 ,F

c
3 ), (7)

where FCIR3(·) denotes the cross-image regression network.
By minimizing the regression error F̄ a

1 = F a
1 − F̂ a

1 , the re-
gression network FCIR3(·) implicitly captures the underlying
arithmetic expression. This error is small if the target shares
the same expression as context images, and large otherwise.

The ‘3-to-1’ regression is effective in leveraging three
context images to implicitly infer the common rules, but it
has limitations when the derived features cannot accurately
represent image attributes such as numbers and spatial po-
sitions, or there are abundant irrelevant features, making it
more challenging to precisely infer the relation across im-
ages. To tackle this issue, we design a ‘2-to-1’ regressor by
randomly selecting two context images to regress the target,

F̃ a
1 = FCIR2(FS({F c

i }3i=1), (8)

where FS(·) is a function to randomly select two context
images from the given three, and FCIR2(·) is the regres-
sion network. The regression error is then calculated as
F

a

1 = F a
1 −F̃ a

1 . The ‘2-to-1’ regressor considers fewer con-
text images, but explores broader possible arithmetic rules,
increasing the likelihood of identifying a valid common rule.
The complementary use of both ‘2-to-1’ and ‘3-to-1’ regres-
sors enhances the robustness and accuracy of the model. By
minimizing the regression errors, the CIRB gradually cap-
tures the common underlying arithmetic rules across images.

Selection Gate. FS(·) yield three permutations and hence
we have three ‘2-to-1’ regressions respectively. Multiple po-
tential rules may exist in these regressions, especially when
the common rules are ambiguous or have multiple valid in-
terpretations. To identify more suitable ‘2-to-1’ regressions,
we design a Selection Gate to select the ‘2-to-1’ regressor
that best captures the distinct underlying rules,

rSG
i = σ(

3∑
j=1

W SG
i,j Zj), i = 1, 2, 3, (9)

where Zi is the features for the i-th permutation after the re-
gression, and rSG

i is a scalar representing the importance of
Zi. By focusing on the features that offer clearer, more con-
sistent arithmetic relations, the Selection Gate ensures that
the model extracts the most reliable information, thereby en-
hancing its ability to accurately identify the underlying rule.

The features after the Selection Gate are obtained as,

ZSG =
3∑

i=1

rSG
i Zi. (10)

Gated Fusion. To fuse the results of ‘3-to-1’ and ‘2-to-1’
regressors, we design a Gated Fusion scheme to synthesize
the strengths of both regressors, ensuring that the final fea-
tures reflect a more comprehensive and accurate understand-
ing of the underlying arithmetic rules, i.e.,

Ẑ = FGF(Z
SG,ZCIR3), (11)

where ZCIR3 is the features after the ‘3-to-1’ regressor. To
handle complex arithmetic rules, we stack L CIRBs as,

Ẑl = F l
CIRB(Ẑ

l−1), (12)

where Ẑl−1 and Ẑl are the input and output of the l-th CIRB
F l

CIRB, respectively. The proposed CIRB effectively com-
bines ‘2-to-1’ and ‘3-to-1’ regression results through Gated
Fusion, enabling the model to accurately capture and reason
about the common arithmetic rules across images, ultimately
improving the robustness of arithmetic reasoning.

Finally, Ŷ K and ẐL are concatenated and fused through
an MLP FMLP, and a two-layer fully-connected layer FC is
utilized as the classifier to make the final prediction as,

y = FC(FMLP(Ŷ
K , ẐL)). (13)

Construction of MNR Dataset
As shown in Fig. 1, each question image in the MNR dataset
consists of three context images and eight candidate images,
in which the numbers in the three context images and one of
the candidate answers follow a common arithmetic expres-
sion. The task is to identify the candidate answer following
the same underlying rule as the three context images.
Question Panel Generation. The three context images are
generated using an And-Or Graph (AOG) (Zhang et al.
2020). We define three problem types, i.e., combination,
composition, and partition, as shown in Fig. 3.
Each category consists of two major attributes: a spatial
and geometric attribute layout, and an arithmetic algebra.
The layout consists of two attributes. 1) Geometric shape,
including circle, triangle, hexagon, square, and
rectangle. 2) Spatial relations. In the combination
category, the relations include inclusion, overlap, and
tangent. In the composition category, the arrange-
ments include circle, square, triangle, cross, and
line. In the partition category, a shape can be parti-
tioned into 2, 4, 6, and 8 parts. The algebra has two com-
ponents, i.e., arithmetic objects and interpretation. The for-
mer refers to numbers and arithmetic operators, and the lat-
ter corresponds to the basic style of human cognition (Nis-
bett et al. 2001): holistic where all numbers are calculated
together, and analytic where numbers are grouped and cal-
culated separately. The context images are then generated
based on the same rule of problem type, spatial layout and
algebra, differing from specific numbers in the expression.
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Figure 3: Left: AOG for context set generation with each
leaf node representing a problem configuration. Right: An
example of context set image generation in the MNR dataset.

The other seven wrong candidate answers are generated
from modifying the underlying arithmetic expression by mu-
tating the operators in the AOG of the underlying expres-
sion. For shorter analytic interpretation, the numbers of the
expression are mutated following a Gaussian distribution, as
empirical study shows that it may lead to clear clues to solve
the problem if only mutating the operators in a short expres-
sion. More details on dataset generation are provided in the
Supplementary Material.
Dataset Statistics. The MNR dataset consists of three types
of problems: combination, composition, and partition, and
each type includes two interpretations, holistic and analytic.
The ratios for combination, composition, and partition are
3 : 3, 9 : 5, and 4 : 5 for holistic and analytic interpre-
tations, respectively. Additionally, for each interpretation of
each problem type, there are five possible shapes that can be
used to generate problems. In total, the MNR dataset con-
sists of 145 problem configurations, with 1000 sample ques-
tions in each configuration. Each question contains 3 context
images and 8 candidate answer images of size 80×80 pixels.
Evaluation Protocol. Two evaluation protocols are adopted.
1) Protocol I: For each configuration, the dataset is split into
training, testing, and validation sets with a ratio of 6 : 2 : 2.
e.g., 600, 200, and 200 samples per configuration for train-
ing, testing, and validation, respectively. This is the default
protocol in this paper. 2) Protocol II: The dataset is split
according to problem configurations. Of the 145 configura-
tions, 87, 29 and 29 are selected as the training, validation,
and test set respectively following a ratio of 6 : 2 : 2. This
protocol evaluates models in an out-of-distribution setting.

Experimental Results
Experimental Setup
The MNR dataset and three RAVEN datasets, RAVEN
(RVN) (Zhang et al. 2019), I-RAVEN (I-RVN) (Hu et al.
2021) and RAVEN-FAIR (RVN-F) (Benny, Pekar, and Wolf
2021), are utilized for evaluation. Each RAVEN dataset con-
sists of 70K question sets, where each contains 8 question
images and 8 candidate answer images. The question images
are generated in the same way for three datasets, but the an-
swer images are generated through different schemes. The

three RAVEN datasets have been widely utilized for evalua-
tion abstract visual reasoning models. We strictly follow the
standard evaluation protocol of the three RAVEN datasets as
in (Małkiński and Mańdziuk 2024; Mondal, Webb, and Co-
hen 2023; Yang et al. 2023; Benny, Pekar, and Wolf 2021),
i.e., the dataset is randomly split into 10 folds, with 6 folds
for training, 2 folds for validation and 2 folds for testing
respectively. Detailed dataset descriptions are omitted here
and readers may refer to the original paper for more details.

The proposed method is compared with the following
state-of-the-art methods. WReN (Barrett et al. 2018) en-
codes panels through a convolutional neural network, and
employs multiple relation networks to infer pair-wise rela-
tions across images. RelBase (Spratley, Ehinger, and Miller
2020) utilizes a 4-layer encoder for feature extraction and
1D convolutional layers to learn sequential rules. SCL (Wu
et al. 2020) utilizes scattering transformation to compute
compositional representations of images extracted by three
convolutional neural networks. MRNet (Benny, Pekar, and
Wolf 2021) utilizes multi-scale convolutional layers for fea-
ture extraction and permutation-invariant operator DIST3 to
uncover underlying rules. STSN (Mondal, Webb, and Co-
hen 2023) employs a generic transformer to perform rea-
soning over the representation extracted by an object-centric
encoder with slot attention. PredRNet (Yang et al. 2023)
employs four residual blocks as the perception module and
reasons the underlying rules through a prediction network.
SCAR (Małkiński and Mańdziuk 2024) employs a dynamic
linear layer with weights computed using a sliding window
mechanism for both perception and reasoning.

The input image size is configured to 80 × 80. The
datasets are divided into training, validation, and test sets
following the standard evaluation protocols, with the val-
idation set used for hyperparameter tuning. No additional
auxiliary supervision is applied during training. The default
number of IIRBs is set to K = 3 and the default number
of CIRBs is set to L = 3. The maximum number of train-
ing epochs is 50. The Adam optimizer is used with an initial
learning rate of 0.001. The batch size is 64.

Comparisons on MNR Dataset
We have compared state-of-the-art models for abstract vi-
sual reasoning on the MNR dataset under both Protocol I
and II, where Comb., Comp. and Par. denote three prob-
lem types combination, composition, and partition, and Hol.
and Ana. denote two types of interpretations holistic and an-
alytic respectively. From Table 1, the following can be ob-
served. 1) Under both Protocols, the proposed DARR out-
performs all the compared models under all settings. Specifi-
cally, compared to the second-best method, PredRNet (Yang
et al. 2023), the performance gains in terms of the average
accuracy are 6.0% and 5.7% under Protocol I and II, re-
spectively, which clearly demonstrates that our approach can
effectively tackle the MNR problems under various prob-
lem configurations. 2) For combination analytic and parti-
tion analytics that other models struggle with, the DARR
outperforms PredRNet by 9.7% and 8.5% under protocol I,
and 8.0% and 7.3% under protocol II, respectively, which
suggests that the DARR is particularly well-suited for han-
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Methods Avg. Comb. Comp. Par. FLOPs
(G)

Params
(M)Hol. Ana. Hol. Ana. Hol. Ana.

WReN (2018) 12.3/12.5 12.2/13.18 11.0/11.5 12.3/12.5 12.6/12.1 12.6/14.1 12.6/12.5 0.28 1.21
SCL (2020) 12.5/12.5 11.6/13.5 12.2/13.0 13.0/12.9 12.8/12.0 13.1/13.0 12.3/11.8 0.07 0.13
STSN (2023) 15.6/15.4 19.7/20.3 12.7/12.0 17.3/18.7 13.1/12.7 22.2/19.5 12.7/13.0 109.85 0.57
RelBase (2020) 32.6/32.0 43.4/40.6 26.2/26.3 37.5/37.5 25.7/26.3 45.9/44.4 26.9/25.3 12.10 1.91
MRNet (2021) 35.5/35.2 46.2/46.5 28.4/27.5 40.8/41.3 27.1/26.8 53.7/52.3 28.3/28.1 5.72 4.91
SCAR (2024) 48.6/45.5 51.3/52.6 46.8/41.2 41.5/43.1 49.8/43.3 56.6/56.7 47.2/40.9 2.58 0.41
PredRNet (2023) 49.0/48.1 54.1/54.5 45.8/44.5 45.5/45.0 47.2/46.2 59.8/57.5 45.9/45.0 2.62 1.26

Proposed DARR 55.0/53.8 56.2/55.3 55.5/52.5 47.0/48.2 56.7/55.2 60.1/59.3 54.4/52.3 5.00 2.07

Table 1: Comparisons with state-of-the-art models on the MNR dataset under Protocol I (left) and Protocol II (right), along with
the computational complexity and model size. The proposed DARR consistently and significantly outperforms all the compared
methods for all settings under both Protocol I and II.

dling complex arithmetic reasoning tasks that involve in-
tricate arithmetic logical relations. 3) Although the DARR
faces difficulty in the composition-holistic setting, where its
performance gain is less pronounced compared to other set-
tings, it still outperforms PredRNet by 1.5% and 3.2% un-
der both Protocol I and II respectively. This highlights that
despite the challenges posed by certain configurations, the
DARR remains a robust and effective solution. 4) Overall,
the performance of other models has not surpassed 50%.
WReN (Barrett et al. 2018) and SCL (Wu et al. 2020) even
approach random guess. This suggests that the dataset chal-
lenges the reasoning capabilities of compared models, push-
ing the boundaries of current methodologies. 5) The average
performance of all models in Protocol II is lower than that
in Protocol I, which indicates that Protocol II, as an out-of-
distribution setting, is more challenging and requires more
sophisticated reasoning. 6) Lastly, the dual-branch structure
of DARR leverages both intra-image and cross-image rela-
tions and hence significantly surpasses state-of-the-art meth-
ods in terms of accuracy, while requiring competitive FLOPs
and model size compared to MRNet (Benny, Pekar, and
Wolf 2021), RelBase (Spratley, Ehinger, and Miller 2020)
and STSN (Mondal, Webb, and Cohen 2023), showing its
efficiency and effectiveness in arithmetic visual reasoning.

The MNR dataset consists of a huge amount of train-
ing samples. To evaluate the generalization performance of
models on smaller training datasets, we conduct experiments
with training set sizes of 10%, 20%, and 50%. From Table 2,
the following can be observed. 1) The proposed DARR out-
performs all the compared methods for all different training
set sizes. Specifically, compared to the second-best method,
PredRNet (Yang et al. 2023), the performance gains using
10%, 20%, 50% and 100% of training dataset are 1.2%,
1%, 7.2% and 6.0%, respectively. The results demonstrate
that DARR has robust generalization capability, even when
trained on smaller datasets. 2) When reducing the training
samples, other models show a significant drop in perfor-
mance, e.g., SCAR (Małkiński and Mańdziuk 2024) has a
performance drop of 32.3% when using only 10% of train-
ing samples. In contrast, DARR maintains an accuracy of
31.0%, which suggests that DARR has better generalization

Methods 10% 20% 50% 100%
WReN (2018) 13.0 12.8 12.6 12.3
SCL (2020) 12.7 12.5 12.3 12.5
STSN (2023) 12.6 14.4 12.8 15.6
RelBase (2020) 29.0 29.7 30.0 32.6
MRNet (2021) 29.4 30.2 33.3 35.5
SCAR (2024) 16.3 15.5 43.6 48.6
PredRNet (2023) 29.8 31.7 44.2 49.0

Proposed DARR 31.0 32.7 51.4 55.0

Table 2: Evaluation of models’ generalization performance
by using different percentages of the training dataset.

ability and is more efficient at learning from limited data.
3) When training samples are limited to just 10% and 20%,
all the model struggles to reason accurately due to the small
sample size, resulting in low performance across all models.
The results indicate that the MNR dataset is challenging and
there is still a long way to go for developing a robust and
generalized model for arithmetic reasoning.

Comparisons on RAVEN Datasets
The comparison results with state-of-the-art approaches on
the three RAVEN datasets (Zhang et al. 2019; Benny, Pekar,
and Wolf 2021; Hu et al. 2021) are summarized in Tab. 3.
Key observations include: 1) On all three RAVEN datasets,
the proposed DARR outperforms all the compared meth-
ods. Specifically, compared to the second-best method, Pre-
dRNet (Yang et al. 2023), DARR achieves an average per-
formance gain of 2.7%, demonstrating its ability to not
only solve the MNR problem but also efficiently tackle
other AVR challenges. 2) DARR achieves an accuracy ex-
ceeding 99.0% across all three RAVEN datasets, high-
lighting its exceptional reasoning capabilities. These results
clearly demonstrate that IIARR effectively uncovers the
intra-relationships within the images, enabling a deeper un-
derstanding of attribute patterns. Meanwhile, CIARR cap-
tures inter-relationships among different image samples, en-
abling comprehensive reasoning over underlying rules.
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Models Avg. O-RVN I-RVN RVN-F

WReN (2018) 23.6 16.8 23.8 30.3
MRNet (2021) 83.9 84.0 81.0 86.8
RelBase (2020) 92.1 91.7 91.1 93.5
SCL (2020) 92.2 91.6 95.0 90.1
SCAR (2024) 93.8 92.8 94.7 93.9
STSN (2023) 93.6 89.7 95.7 95.4
PredRNet (2023) 96.5 95.8 96.5 97.1

Proposed DARR 99.2 99.0 99.4 99.2

Table 3: Comparison with state-of-the-art models on the
original RAVEN (Zhang et al. 2019), I-RAVEN (Hu et al.
2021) and RAVEN-FAIR (Benny, Pekar, and Wolf 2021)
datasets. Results of compared methods are obtained from
their original papers.

Baseline IIARR CIARR DARRw. OG w/o OG w. SG w/o SG

48.7 53.4 52.4 53.0 51.0 55.0

Table 4: Ablation study of major components. Both modules
demonstrate significant performance gains.

Ablation Studies
Ablation of Major Components of DARR. We ablate the
two major components of DARR, IIARR and CIARR, on
the MNR dataset. The baseline model consists of the same
encoder containing eight residual convolutional blocks with
two fully-connected layers as the reasoner. As shown in Ta-
ble 4, by adding the IIARR, a significant performance gain
of 4.7% is achieved over the baseline model, demonstrat-
ing the capability of IIARR to explicitly model the under-
lying arithmetic expressions. The performance gain brought
by CIARR is 4.3% over the baseline model, showing that
CIARR can effectively discover the relations among the or-
dered numbers at corresponding positions across different
images, and hence implicitly model the underlying rules. By
adopting both IIARR and CIARR simultaneously, the ac-
curacy is further boosted to 55.0%, demonstrating the con-
tributions of both IIARR and CIARR. To further investi-
gate the effectiveness of the gate mechanism, we also ablate
OG and SG. If removing OG or SG, a performance drop of
1.0% and 2.0% can be observed from Table 4 respectively,
demonstrating that the IIARR with OG effectively captures
the number order, while the CIARR with SG is more robust
in cross-image regression reasoning. The ablation results
demonstrate the effectiveness of the two proposed modules.

Ablation of K and L. We further ablate the number of
IIRBs K and the number of CIRBs L on the MNR dataset.
From Table 5, the following observations can be made. 1)
When K is increased from 1 to 3, there is a noticeable
performance improvement from 52.4% to 55.0%, indicating
that adding more IIRBs enhances the model reasoning ca-
pability up to a certain point. The performance for K = 4

Avg. Comb. Comp. Par.
Hol. Ana. Hol. Ana. Hol. Ana.

K=1 52.4 56.5 50.4 46.9 53.1 58.6 50.7
K=2 53.9 56.1 54.1 46.6 54.9 59.6 53.6
K=3 55.0 56.2 55.5 47.0 56.7 60.1 54.4
K=4 53.6 57.5 53.0 46.9 53.4 59.9 54.0

L=1 52.6 55.9 53.3 46.2 53.3 58.8 50.4
L=2 53.8 56.1 54.2 46.6 54.5 59.7 53.4
L=3 55.0 56.2 55.5 47.0 56.7 60.1 54.4
L=4 53.8 56.8 53.1 48.3 53.5 61.1 52.7

Table 5: Ablation study of hyperparameter K and L.

WReN SCL STSN RelBase MRNet SCAR PredRNet

12.3 12.5 15.6 32.6 35.5 48.6 49.0

50.7 36.1 31.3 49.9 47.6 50.3 53.3

Table 6: Ablation of DARR as a plug-and-play reasoner.

drops to 53.6%, possibly due to over-fitting from using too
many IIRBs. 2) When L is increased from 1 to 3 yields a
performance boost of from 52.6% to 55.0%. However, when
L = 4, the performance of CIRBs decreases to 53.8%, pos-
sibly due to overfitting. The results show that the optimal
number of blocks is K = 3 and L = 3. These parameters
are used as the default values for our model.

DARR as Plug-and-Play Reasoning Module. The pro-
posed DARR could serve as a plug-and-play reasoning mod-
ule. We replace the reasoning module of all the compared
methods by DARR and summarize the comparison results
in Table 6. As shown in Table 6, the proposed DARR con-
sistently boosts the performance of all the compared models
regardless of their specific perception module, demonstrat-
ing its effectiveness for abstract arithmetic visual reasoning
and its generalization ability as a plug-and-play module.

Conclusion
In this paper, we propose an MNR dataset to facilitate the
research on arithmetic visual reasoning over number sense
and spatial layout. To tackle the challenges of solving MNR
tasks, we propose a Dual-branch Arithmetic Regression
Reasoning framework. The proposed IIARR module focuses
on intra-image arithmetic reasoning by explicitly modeling
the arithmetic rules within individual images, with the help
of the Order Gate to determine the correct number order. The
proposed CIARR module establishes the underlying numer-
ical relations across images through ‘2-to-1’ regressors and
‘3-to-1’ regressors, and hence implicitly models the under-
lying arithmetic rules. Furthermore, we design a Selection
Gate in CIARR to select the most suitable ‘2-to-1’ regres-
sor, and a Gated Fusion to fuse the results of two kinds of
regressors. Extensive experiments on the MNR dataset and
the three RAVEN datasets demonstrate that our DARR sig-
nificantly outperforms existing state-of-the-art methods in
machine number reasoning and abstract visual reasoning.
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