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Abstract

Deep supervised models possess significant capability to assimilate extensive train-
ing data, thereby presenting an opportunity to enhance model performance through
training on multiple datasets. However, conflicts arising from different label spaces
among datasets may adversely affect model performance. In this paper, we propose
a novel approach to automatically construct a unified label space across multiple
datasets using graph neural networks. This enables semantic segmentation models
to be trained simultaneously on multiple datasets, resulting in performance improve-
ments. Unlike existing methods, our approach facilitates seamless training without
the need for additional manual reannotation or taxonomy reconciliation. This sig-
nificantly enhances the efficiency and effectiveness of multi-dataset segmentation
model training. The results demonstrate that our method significantly outperforms
other multi-dataset training methods when trained on seven datasets simultaneously,
and achieves state-of-the-art performance on the WildDash 2 benchmark. Our code
can be found in https://github.com/Mrhonor/AutoUniSeg.

1 Introduction

Recent advances in computer vision [35, 21]] have shown the advantages of large datasets in training
robust visual models [2]. However, for deep supervised visual models that rely on annotated data,
the collection of such extensive annotated datasets can be prohibitively costly [L1]]. To address this
expense and expand the data available for training, several efforts [4} 23 [30] focus on the challenges
of multi-dataset training, enabling the use of diverse datasets to train more robust and generalizable
models.

Models trained on multiple datasets must confront the challenge of reconciling conflicting annotation
standards and label spaces. For example, the class road in the BDD dataset [46]] can be further divided
into several classes in the Mapillary dataset [33]]: road, lane marking and crosswalk. Similarly, the
Mapillary dataset labels both barrier and curb as distinct classes, while in the IDD dataset [42], they
are combined under the single label curb. These conflicts impact the supervised learning of models,
as they may be incorrectly penalized for predicting finer-grained classes from other datasets.

Another challenge is the task of unifying diverse dataset labels to produce outputs in a standardized
format 29} 24]. Several methods [[11}30] attempt to address this by concatenating the label spaces of
all datasets and using language models to encode label names into a text embedding space. However,
there approaches introduce redundancy and fail to handle issues where labels share names but differ
in annotation granularity. Other methods involve manually constructing universal taxonomies [4, [24]]
or relabeling [23], both of which are time-consuming and labor-intensive. Recent approaches aim to
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Figure 1: Our method consists of three modules. The label encoding provides the semantic text
features of the dataset labels. The GNNs learn the uni ed label embedding space and dataset label
mappings based on the textual features and input images. The segmentation network leverages the
uni ed label embedding space to produce segmentation results in the uni ed label space.

automatically construct universal taxonomiés41], but these methods typically identify inter-label
relations between only two datasets, involving a time-consuming iterative training process.

In this paper, we propose a novel approach leveraging Graph Neural Networks (GXINE) [
automatically construct uni ed label space, enabling segmentation model to be trained simultaneously
on multiple datasets. In contrast to previous approachikgl| 6], our approach eliminates the need

for manual re-annotation or iterative training procedures to construct universal taxonomies, while
also addressing the limitation of language-based methods in distinguishing categories with identical
semantics. As depicted in Figure 1, we utilize a language model to convert the dataset labels into
text features. Then, we apply GNNs to learn the relationships and associations among these labels.
The process creates a uni ed label embedding space and dataset label mappings. The output head
of the segmentation network incorporates the uni ed label embedding space to generate uni ed
segmentation results within this uni ed space. The dataset label mappings are subsequently utilized
to align the uni ed segmentation results with the label spaces relevant to each dataset. This enables
the training of segmentation models and graph neural networks with dataset-speci ¢ annotations.

2 Related work

Multi-datasets Semantic Segmentationln recent years, numerous studi&&,[29] focused on train-

ing semantic segmentation models on multiple datasets. A simple approach involved incorporating
dataset-speci ¢ modules in the model, such as dataset-speci c output [2Sds flataset-speci c

batch normalization layerg{l], to produce predictions tailored to each dataset domain. While these
methods effectively avoided issues of dataset label space con icts, they offered limited applicabil-
ity in real-world scenarios as they could not deliver uni ed predictions. M2&dddressed the
problem at the data level via manual re-annotation processes to resolve label con icts. However, this
approach was time-consuming, error-prone and not easily scalable. Recent methods employed manual
[5] or automatic technique$] to construct universal taxonomies and establish label relationships
between datasets label space and the uni ed label space. These methods, leveraging partial label
learning approached, 12], enabled training with dataset-speci ¢ annotations and producing uni ed
predictions.

Construct Universal Taxonomies.Each dataset has its unique domain, necessitating the construction

of universal taxonomies to enable the model to cover all domains. Several approbtHad [
attempted to concatenate dataset label spaces and differentiated similar classes by aligning text
embedding encoded by language model. However, this approach struggled with classes that had the
same name but different levels of annotation granularity, and direct concatenation of label spaces
could lead to semantic con icts. Other resear2h, 29 attempted to establish a uni ed label space



Figure 2: lllustration of our method that training with dataset-speci c annotations through label
mappings constructed by GNNs. We leverage a uni ed segmentation head (UniSegHead) to enable
simultaneous training on multiple datasets. In the UniSegHead, we compute the matrix product
between pixel embedding and augmented uni ed node features output by the GNNSs, resulting in
predictions for the uni ed label space. We nally utilize the label mappings constructed by GNNs to
map the uni ed predictions to dataset-speci ¢ prediction for training.

through the expertise of human annotators. Additionally, other studie$3] aimed to address

this issue by developing automated mechanisms to create universal taxonomies. However, these
methods either could only construct a uni ed label space between two datasets at @] timeduld

not handle complex class relationship§][ Our approach stands out by automatically constructing
universal taxonomies in a single training session with multiple datasets, resulting in signi cant time
savings compared to methods that require multiple training iterations.

Graph Neural Networks demonstrated exceptional effectiveness in dealing with complex topo-
logical data structures, as highlighted in recent reseat8h [The applicability extended across
various domains, including recommendation systel8f knowledge graph constructiob(], and
skeletal action recognitiorbfl]. In the context of our problem, discovering label relations can be
conceptualized as a link prediction tagl®[22]. However, conventional approaches for graph link
prediction P, 10] are not suitable for our model since we do not possess ground truth links. We use
the values of the learnable adjacency matrix as predictions of whether nodes are linked. Supervision
of the linked predictions relys on the segmentation results of the segmentation network and the
corresponding image annotations.

3 Proposed Method

The comprehensive framework is depicted in Figure 2. We rst de ne the uni ed representation of
the multi-dataset label space. Utilizing this representation, we build a graph neural network to learn
the uni ed label space. Finally, leveraging the uni ed label space, we train our segmentation network
and the graph neural network using the dataset annotations.

3.1 Uni cation of Multi-dataset Label Space

dataset semantic segmentation requires a model to predict within a consistent label space that



S
encompasses all dataset label spdcgsy = :<:1 Li. Each pixel must be assigned to a label
in this uni ed label space. We de né&l unied label nodesA = f ; »;:::; @, Serving as
the nodes in the graph neural networks. Their corresporidiaiimensional learnable embedding

N is often smaller than the total number of dataset claggebecause we aim to merge multiple
identical classes into a single uni ed label. The image is rst encoded into pixel embe&dygthe
segmentation network, which is then projected into the uni ed label embedding space to assign a
uni ed label to each pixel.

Label Mappings. We de ne a mapping from the uni ed label space to the dataset-speci c label space
M; :A! L;,whichis used to train the model with dataset-speci ¢ annotations. Mathematically,
M; 2f0;1g" | L1 is a boolean linear transformation. Each uni ed clasis at most linked to a
classc within a speci ¢ dataseit to prevent label conictsM 1 1. To handle different annotation
granularities, we use label mappings to merge multiple uni ed label nodes representing ne-grained
classes into one super-clasdv 1 1. For example, theurbfrom IDD can be simultaneously
mapped by uni ed label nodes representenib andbarrier. We use uni ed label nodes as input
nodes for the GNNs, which learn the label mappings and uni ed label embedding space, thus enabling
the automated uni cation of multi-dataset label spaces.

3.2 Learning Uni ed Label Space with Graph Neural Networks

Learning the label mappings between dataset label spaces and the uni ed label space can be viewed
as a bipartite graph matching problem. This makes graph neural networks well-suited to address this
issue. Below, we detail our approach of constructing GNNSs for learning a uni ed label space.

Input Nodes. To construct the input feature of dataset-speci c label nodes, as illustrated in Figure 2,
we used the dataset labels in the template "An image of <label> from the dataset <dataset>" as
plain text input and employed ChatGPT to complete the detailed description of each label. Then,
we employ llama-240] to encode these label descriptions and generate text features. To further
distinguish nodes from different datasets, we introduce learnable dataset embedding for each dataset

fdqi;dy;:::;dk g The dataset embedding is combined with the text features to form the input
features for dataset-speci c label nodes:
Xim = ft(li;m )+ di; (l)

wherex;m is the input feature of the-th label from datasdt andf(li., ) is the text feature of

the label descriptiofi.,, encoded by language model. The input features of uni ed label nodes
are randomly initialized to the same dimension as the dataset-speci c label node. To determine
the appropriate number of uni ed label nodes, inspired by the approadsBjnvye used cross-
validation results across different datasets to identify the number of mergeable categories, which
served as the initial selection for the uni ed label nodes. The speci ¢ algorithm can be found in
Appendix B. Together, dataset-speci c label nodes and uni ed label nodes constitute the input nodes
of GNNSs. During the training process, we maintain a constant number of nodes. After the training is
completed, we will remove inactive uni ed label hodes, meaning those that were not assigned to any
dataset-speci c label.

Learnable Adjacency Matrix. To enable label mappings to be updated via gradient descent, we
embed the label mappings as a continuous, learnable graph adjacencyMatrbalues in the
adjacency matrix represent the weights of corresponding edges. Only the edges between uni ed label
nodes and dataset-speci c nodes are learnable, while others are xed to zero. We apply a softmax
operation to the edges connecting each uni ed label node with nodes of a particular dataset, ensuring
that the sum of the edge weightsbetween each uni ed label node and nodes of this dataset equals
one. The element at the intersection of theéh row and thec-th column in the lower triangular
portion ofM , is formulated as:
< e
M ne = . cO2Lj;r02A g"r0c?

eWrc

ifr>jLjandc <jL]j @)

otherwise

Uni ed Label Embedding. The forward propagation of our graph model follows the GraphSAGE
framwork [17] as formulated in Equation 3V ¥ andX ¥ are the weight and feature of tketh GNNs
layer. The indicates nonlinear activation function, implemented as the tanh in this work. The output



Table 1: Training and test datasets in our experiments.

Dataset Domain Training and Validation datasets Unseen test datasets
Driving scene CityScapes [13], Mapillary [33], BDD [46], IDD [42] WildDash 2 [47], KITTI [16], CamVid [8],
Indoor scene SUN RGBD [37] ScanNet-20 [14]

Everyday objects ADE20K [51], COCO [25] PASCAL VOC [15], PASCAL Context [32]

features of the uni ed label nodes from the nal layer serve as the uni ed label embedding space,

XK = (WK[XKKM 2 XX]): (3)

To obtain the dataset label mappings, we partition the adjacency matrix into submatrices, each
corresponding to a speci ¢ dataset. Each submatrix contains only the uni ed label nodes and the
label nodes speci c to that dataset. We compute the label mappings for each dataset based on the
values in its corresponding submatrix, divided into the following two cases. During training, we will
alternately train the segmentation network and the GNNs. When training the GNNs, we directly use
the value of the learnable adjacency matrix to establish label mappings, thereby facilitating weight
updates through gradient descent. When training the segmentation network, we utilize the unbalanced
optimal transport algorithm to solve for the boolean label mappings that satis es the many-to-one
mapping constraints. This algorithm detailed in Appendix C effectively handles the conversion of the
continuous adjacency matrix into a discrete dataset label mappings required for training segmentation
network.

3.3 Training a Universal Model with Dataset-speci ¢ Annotations

Training a universal model is divided into two steps. The rst step involves training a robust encoder-
decoder to provide the pixel embedding for each pixel position in the image, where similar objects
should have similar features. The second step focuses on learning label mappings and uni ed label
embedding space by GNNs. During the training phase, we alternate between these two steps, freezing
one network while training another network. Both of these steps require supervised training using
dataset-speci ¢ annotations. Here, we primarily focus on the training of GNNs, while further details

of the training strategies are provided in the Appendix A.

Training with Dataset-speci ¢ Annotations. During training, an image is randomly sampled from
dataset and fed into an segmentation network, which provides embedding for each pixel position

(UniSegHead) to assign a dataset label to each pixel. In the UniSegHead, We rst project the pixel
embedding into the uni ed label embedding space by multiplying the pixel embedding by the output
feature of uni ed label nod& ,, as shown in Equation 4. Then, to train the universal model with
dataset-speci ¢ annotations, we need to map the predictions in uni ed label space to dataset-speci ¢
label space to obtain the probabilities of dataset-speci c classes. This is achieved by computing
per-pixel dataset-speci ¢ logits by multiplying the dataset-speci ¢ label mappinigk; at each pixel:

Uk = XyPk; 4)
Sk = Mjuy: 5)

Finally, probabilities of dataset-speci c classes are computed by per-pixel softmax operation over the
logits s. This allows us to use dataset-speci ¢ annotations to compute the pixel-wise loss function,
train the network, and update the label mappings. We formulate the cross-entropy loss for a speci ¢
pixel to train the segmentation network:

beil
Lee(y:s) = Yc log(softmax(s)c); (6)
c=1

wherey is the pre-pixel annotatiofl_; j represents the total number of classes in the daitdsan
which the image originates.

Orthogonality Loss. To achieve a con ict-free uni ed label space and avoid redundant uni ed label
nodes that represent the same class or have overly similar features, we introduce soft constraints to
promote orthogonality among the uni ed label node features, inspire@%y This orthogonality

loss encourages uni ed label node embedding to be mutually orthogonal. It not only aligns the uni ed



Table 2: Multi-dataset performance compared with other methods.

Methods Backbone Venue Labelspd¢deCS MPL SUN BDD IDD ADE COCO Mean
MSeg [23] HRNet-wW48 CVPR 20 MR 76.3 519 46.1 635 618 428 486 55.9
NLL+ [4] SNp-RN18 WACV 22 MC 726 39.1 417 585 544310 354 47.5
Uni NLL+ [5] SNp-DN161 1JCV 24 MC 76.1 442 46.9 604 56.7 356 39.3 51.3
Single dataset | HRNet-W48 - DS 770 302 439 624 668 345 38.0 50.4
Multi-SegHead| HRNet-W48 - DS 795 36.1 473 656 670 305 36.7 51.8
Auto univ. [6] | SNp-RN18 BMVC 22 Auto 727 358 423 596 552307 356 47.4
Ours HRNet-W48 - Auto 80.7 43.7 475 655 68.6 420 46.7 56.4

1 Approach to construct label space. MC:Manually Construct, MR:Manually Relabel, DS:Dataset-speci ¢, Auto:Automatically Construct.

2 MSeg train and evaluate on 43 of 65 class in Mapillary dataset, 117 of 150 class in ADE dataset, 122 of 133 class in COCO dataset.

3 These methods were trained and evaluated using 30 classes from the IDD dataset, while we trained and evaluated using the of cially
recommended 26 classes.

Table 3: Performance comparison with two baselines on training and unseen datasets.

Trained dataset Mean results across training datasets Mean results across unseen datasets
or label space| Single dataset Multi-SegHead Single dataset Multi-SegHead
CS 23.9 30.9 314 37.9
MPL 30.6 36.1 36.9 41.0
SUN 12.9 22.0 16.7 28.9
BDD 24.8 29.1 30.4 35.7
IDD 26.0 34.0 28.9 36.4
ADE 28.5 40.3 37.2 49.8
COCO 30.5 38.8 45.1 53.2
Ours 56.4 56.9

label nodes with annotation standards for practical use but also enhances the diversity of the model
and helps in nding a better label mappings:

X
Lorth = softmax(X y X;)i log(softmax(X , x;)i): @)
i=1

The nal loss function used to train the GNNs is represented as follows, vgithis hyperparameters
to adjust the weights of different loss functions:

L= 1lcet 2Llomtn: 8)

4 Experiments

Datasets.We list the semantic segmentation datasets used for training and testing in Table 1. Our
training datasets cover a wide range of scenarios, from indoor scenes to driving scenes. We also
introduce corresponding test datasets, which are not used in the training process, for the respective
scenes to evaluate our generalization capability.

Implementaion Details. Our segmentation model is based on the HRNet-W48 archite@6fe [

while the GNN model is a three-layer GraphSAGH][ We utilize the llama-2-7B model to encode

label descriptions into 4096-dimensional text features. These text features, augmented with dataset
embedding of the same dimensionality, are then employed as node features input into the GraphSAGE.
When forming a minibatch from multiple datasets, we evenly sample 3 images per dataset within a
batch for each GPU. For all images, We rst apply random resizing with a ratio ranging from 0.5 to

2, followed by a random crop operation to achieve a nal image size of<X7B83 pixels. We use
AdamW optimizer 7] with warmup and polynomial learning rate decay, starting with a learning
rate of 0.0001. We train our model for 300k iterations on four 80G A100 GPUs.

4.1 Comparison on Multiple Datasets

In Table 2, we present the accuracy of our methods and compare them to other approaches on the
seven training datasets. We use mean Intersection over Union (mloU) to quantify the performance
of models, a common metric used to evaluate the performance of segmentation models. Different
methods adopt various approaches to construct their label spaatset-Speci aepresents a lack

of a uni ed label space, where the model outputs a separate label space for each Wagatly
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