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Abstract— We present Y-MAP-Net, a Y-shaped neural net-
work architecture designed for real-time multi-task learning
on RGB images. Y-MAP-Net simultaneously predicts depth,
surface normals, human pose, semantic segmentation, and gen-
erates multi-label captions in a single forward pass. To achieve
this, we adopt a multi-teacher, single-student training paradigm,
where task-specific foundation models supervise the learning of
the network, allowing it to distill their capabilities into a unified
real-time inference architecture. Y-MAP-Net exhibits strong
generalization, architectural simplicity, and computational ef-
ficiency, making it well-suited for resource-constrained robotic
platforms. By providing rich 3D, semantic, and contextual
scene understanding from low-cost RGB cameras, Y-MAP-Net
supports key robotic capabilities such as object manipulation
and human–robot interaction. To encourage future research
and reproducibility, we make our code publicly available [1].

I. INTRODUCTION

Decades of research in computer vision have yielded pow-
erful methods that solve long-standing perception challenges.
Recent foundation models stand out for their generalization
ability, achieved through immense scale and complexity.
Trained on vast datasets with billions of parameters, they
demonstrate zero-shot capabilities across diverse tasks and
robust performance on in-the-wild data. However, their size
comes at a cost: training requires PetaFLOP-scale resources,
and their inference speed and memory footprint make
them impractical for real-time deployment—particularly in
robotics, where computational resources are often limited.

In contrast, compact convolutional architectures such as
the You Only Look Once (YOLO) [2] family demonstrate
how efficient models can achieve wide adoption in real-
world robotic and embedded applications. This motivates
the development of methods that combine the broad per-
ceptual skills of foundation models with the efficiency of
lightweight architectures, enabling real-time, multifaceted
scene understanding for robotics. Such building blocks can
provide robots with unified RGB-based perception, support-
ing tasks such as safe human–robot collaboration, dexterous
manipulation, and navigation in dynamic environments.

Given this motivation, we propose Y-MAP-Net, a Y-
shaped Multi Attribute Prediction neural Network (NN)

Fig. 1. Y-MAP-Net estimates human pose, depth, surface
normals, segmentation and captioning from RGB in real-
time. The image depicts sample pose keypoints, depth and
normal estimations on publicly available youtube videos
from factory floors in human-robot collaboration scenarios.

model that can be used as a closed-loop processor for
RGB streams supplying human pose, depth, surface normals,
image segmentation and a multiclass caption for each frame
(Fig. 6). To achieve this, Y-MAP-Net adopts a multi-teacher,
single-student training paradigm [3], [4], learning from task-
specific foundation models supervising its predictions. This
approach distills large models into a compact architecture,
enabling learning without sacrificing robust generalization.

Y-MAP-Net accepts RGB input and produces 44
heatmap/image outputs and 8 caption tokens in real time.
In summary, our contributions are:

• To the best of our knowledge, Y-MAP-Net is the first
method to achieve end-to-end simultaneous depth, nor-
mal, and human pose estimation while also providing
segmentation and captioning from monocular RGB in a
single convolutional network operating in real time.

• We introduce a novel Y-shaped topology that offers a
simple and pragmatic framework for multitask learning.

• Due to its efficiency on commodity hardware, Y-MAP-
Net enables practical real-time deployment on resource-
constrained robotic platforms in real-world scenarios.
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II. RELATED WORK

Y-MAP-Net addresses multiple computer vision subfields.
Image Classification and Captioning: AlexNET [5] was
the first method to successfully deploy a large scale convolu-
tional neural network, performing 1000-way softmax classi-
fication. DenseCap [6] moved away from labels to dense text
captioning while in the Natural Language Processing (NLP)
field Word2Vec [7], Fasttext [8] and GloVe [9] embeddings
encoded text in a multi-dimensional vector representation.
Transformers [10], a technique built from the ground up to
capture textual conceptual relations, replaced other attempts
based on LSTM [11] or GRUs [12]. ConvCAP [13] was the
last major work on dense, purely convolutional captioning.
Vision transformers (ViTs) [14] inspired the development of
techniques such as CLIP [15] and DINO [16] associating
image and text embeddings, paving the way for VLM foun-
dation models like GPT4, [17] LLAMA [18] and DeepSeek
VL2 [19] that successfully tackle the problem at its core.
Scene Segmentation: An alternative approach to scene
captioning is regional scene annotation. YOLO [2] served
as a seminal work for image region classification. Mask
R-CNN [20] advanced dense segmentation and per-pixel
label classification, inspiring subsequent works like Mask
YOLO [21]—fusing earlier approaches [2], [20]—as well as
Detectron 2 [22], DPText [23], and Segment Anything [24].
Pose Estimation: AlexNET [5] directly inspired Human
Pose Estimation (HPE) methods [25] that adapted it for joint
heatmap regression. OpenPose [26] was a landmark work
that introduced part affinity fields (PAFs) [26]. During the
same year, DensePose [27] explored an alternative formula-
tion of the problem by regressing UV-mapped coordinates
to a 3D model, thus providing a much denser result than
3D joint positions. HRNET [28] modified U-NETs [29]
by featuring a pyramid of different input resolutions and
achieved new levels of precision. The advent of ViTs [14]
shifted focus to transformer-based architectures [30], with
the Sapiens [31] foundation model being the first to achieve
2D joint, depth and normal estimation, as well as part
segmentation, but focusing only on humans.
Depth and Normal Estimation: MiDaS [32] was a
major push toward monocular depth estimation showcas-
ing the power of relative depth. Metric3D, Marigold and
ZoeDepth [33] further refined accuracy, while Dust3R [34],
UniDepth [35] and DepthAnything (DA) [36] scaled both in
model size and training data, leading to a mature framework
that we use as a teacher for depth distillation training.
Training Datasets: Data sources such as Instagram-3.5B,
JFT-300M, Visual Genome, and LAION-5B take advantage
of the effectiveness of big data in deep learning, providing
enormous training corpora for image captioning. For HPE,
Humans-300M [31], Panoptic [37] and AMASS [38] are the
largest datasets. Common Objects in Context (COCO) [39]
remains a balanced middle ground for captioning, scene
segmentation, and HPE. It has sufficient size and scope to fa-
cilitate reproducible research without being too encumbering
in terms of the training resource amount it consumes.

Our approach: Y-MAP-Net stands on the “shoulders of
giants” of research. At its core, our NN topology has
similarities to U-NETs [29], however, being pushed to new
limits in terms of concurrent tasks. Although the letter Y has
been used to describe architectures that feature two output
branches for specialized medical applications in the past [40],
Y-MAP-Net is novel as it is, to the best of our knowledge,
the first Y-shaped architecture to provide 44 heatmap outputs,
as well as caption output for real-time inference. In contrast
to other captioning works such as ConvCAP [13], it does
not iteratively query the network for each captioning token.
Additionally, it simultaneously regresses 2D joint heatmaps
and PAFs, inspired by OpenPose [26] and predicts depth
and surface normals supervised by DepthAnything V2 [41],
with conceptual parallels to DensePose [27]. In addition,
supervised by Detectron 2 [22] and DP-Text [23], Y-MAP-
Net is equipped with per pixel object and scene segmentation
capabilities. A multimodal method similar to ours is the
Sapiens [31] foundation model. However, unlike Y-MAP-
Net, Sapiens focuses solely on the human body, not produc-
ing results for the entire full-scene input image. Contrasting
Sapiens 500M training corpus, our approach relies on just
0.1M samples. Architecturally, Sapiens is transformer-based,
whereas we adopt a convolutional approach. Sapiens’ sepa-
rate encoder models for each modality range from 0.3B to
2.0B parameters. Our monolithic model is 4× smaller than
the aggregate size of the minimum Sapiens setup to tackle
all tasks. In our model, weights are fully shared between
tasks, in contrast to the sequential approach adopted in
Sapiens. Finally, we include captioning on the same model,
in contrast to [31] which lacks this functionality. Due to these
differences in scope and design, the two approaches are not
directly comparable. Even restricting the evaluation to human
regions would not yield a meaningful comparison.

III. MODEL ARCHITECTURE OF Y-MAP-NET

Overview: Y-MAP-Net has a single RGB input or encoder
branch, marked with green in Fig. 2. Outputs diverge in
two dedicated paths. The first (magenta) is the pictorial
decoder for depth, normals, heatmaps, PAFs, and segmenta-
tion masks. The second (blue) is related to caption output.
The two paths are separated at the bridge section (orange
in Fig. 2). This structure effectively combines a U-NET-
like [29] architecture for pixel-level tasks with a densely
connected token encoder ensemble for caption generation.
Encoder branch: This branch distills lower dimensional fea-
ture embeddings until arriving at the bridge. This is achieved
through a series of 3 × 3 kernel convolutions followed by
spatial dropout & avg. pooling as seen in Fig. 3.
Bridge segment: Similar to U-NETs [29], our bridge con-
sists of 3 densely connected layers reconciling multitoken
GloVe [9] embeddings and multifaceted pictorial output.
Pictorial decoder branch: This part of the network produces
44 image channels that contain pixel-level output. We ob-
served that adding a 1 × 1 convolution layer with a very
high number of filters prior to the output layer increases
the fidelity of these images. We experiment with 512-1750
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Fig. 2. Architecture of the proposed Y-MAP-Net. The flow of
data from input to outputs is highlighted with arrows. Resid-
ual connections are indicated with + signs, while rectangles
give a dimensionality overview for each layer. Green layers
(top left) signify encoder blocks originating from 1 RGB
image. The network bridge layers appear in orange color
(middle). Blue layers (bottom) depict 8 captioning output
token GloVe [9] vectors. These can be optionally converted
to multi-hot labels by adding 2 dense layers for some
applications. Magenta (top right) signifies decoder blocks
that lead to 44 multi-modal pictorial outputs. The detailed
encoder and decoder architecture is provided in Figure 3.

element layers (Table I), a decision affected by available
H/W resources (NVIDIA RTX A6000 GPGPU with ≈ 49GB
VRAM). We attribute the benefits of this “pixel-wise” layer
to increased capacity for a richer set of activated features due
to powerful gradients present directly before the final layer.

Both the pictorial output and GloVe token embeddings
use hyperbolic tangent (tanh) output layer activations. This
choice forces output in the range of [-1..1], effectively
controlling gradient flow. The remaining layers utilize Leaky
ReLU [42] activations that allow for a small gradient when
inactive to mitigate vanishing gradients. Toward the same
end, GloVe vectors from captioning output are also normal-
ized to [-1..1], while the first layer after RGB input rescales
the RGB values to [0..1]. Residual connections directly
connect encoder blocks to their respective same-dimensional
decoder counterparts (black horizontal arrows in Fig 2).
Token/caption output branch: The token/caption output
branch departs from previous designs. In the past, captioning
networks used GRUs [12] featuring recurrent connections.
ConvCAP [13] maintained a purely convolutional recurrent
approach expecting previously regressed tokens as input
to iteratively produce the next ones until full sentence

Fig. 3. Encoder (green) and decoder (magenta) blocks of Y-
MAP-Net (Fig. 2) are tasked with down-scaling input images
to the bridge representation and then up-scaling to pictorial
outputs. They consist of layers and skip connections shown
in this figure. Full Tensorflow source code available at [1].

formation. This would be a prohibitive design choice
for Y-MAP-Net because it would greatly slow down the
processing framerate. It should be noted that although
ConvCAP experimented with an early pairwise mechanism
similar to transformer attention, this proved to have a small
positive impact on the core ConvCAP architecture [13].
Similarly, modern transformer architectures rely on
calculating attention scores for all possible output
pairs, increasing network complexity. Architectures like
differential transformers [43] are now specifically built to
tackle this problem by canceling out attention scores on
“noisy”/unimportant token pairs, while research is being
conducted on the attention heads themselves [44] and the
roles they are called to accomplish. In contrast to all this
complexity, we follow a more straightforward approach by
eliminating the so called stop-word [45] tokens and using
GloVe [9] as a continuous token vector space. This helps
with ordering the various responses of the network while
training it. Lastly, residual connections from each token
output to the next are incorporated to form encoding chains
between tokens that build on previous tokens.

The captioning branch (Fig. 2) features Layer instead of
Batch normalization between layers. 20% dropout is applied
after each token layer and is reduced conversely as we go
through to the last token. Residual connections from one
token to the next are scaled to 30% of their initial magnitude
to tackle the network that produces the same token multiple
times. Finally, output dimensions can vary depending on the
task and computational resources. In general, Y-MAP-Net,
produces 44 heatmaps and 8 tokens: Heatmaps #1 to #17
encode 2D joints, #18-#29 PAFs [26], heatmap #30 depth,
#31-#33 normals and #34-#44 encode class segmentation.

2D Human Pose Estimation (HPE): HPE is formulated as a
series of transformations of an input RGB image to heatmaps
activated only in the vicinity of a specific human body joint.
Typical skeletons like the one used in COCO include 17
joints that contain the eyes, ears, shoulders, elbows, hands,
hips, knees and ankles. To limit the already very broad scope
of Y-MAP-Net , we opted to not focus on more than these
17 joints. 2D keypoints are very useful for detecting the
presence of humans. However, connecting the dots of the

19983



joints to form complete skeletons is equally important. The
output of a 2D HPE module should not only be 2D joints
but a list of humans with each joint associated to a specific
skeleton. This is achieved by PAFs [26], which are heatmaps
active between neighboring joints and zero everywhere else,
indicating connected joint pairs. Therefore, we include joint
PAF regression using the outputs #18 to #29.

Depth and Normals Estimation: COCO [39], much like
all non-synthetic, in-the-wild datasets, does not contain
depth data for training. We selected Depth Anything V2
(DAv2) [41] as a teacher model to generate them. DAv2
offers state of the art accuracy, and with it we can produce a
depthmap for each RGB training sample of COCO. Although
DAv2 produces FP32 depth (similar to Y-MAP-Net), its
implementation’s .png output is encoded as 8-bit values. We
therefore modify it to encode depth as 16-bit. DAv2 features
2 families of models, extracting metric and normalized range
depth results. It also features multiple model sizes. We used
the largest available (vitl 335M) and use normalized depth
ranges since they produce rich details and are preferred in
the literature for visual fidelity [32].

Given a depth image DI for each training sample, we
compute the partial gradients ∂DI

∂x and ∂DI

∂y applying Sobel
filters along the x and y directions, respectively. After
performing gradient calculations, we compute the norm of
the vectors, also adding a small value ϵ to avoid division by
zero. We then compute the normal images nx, ny and nz .
At first glance, including normal data as an output of our
NN seems counterintuitive, since a network regressing depth
already encodes normals in the depthmap. In practice, we
observe that the normal output has better fidelity compared
to the depth output. This is attributed to neighboring data that
have a similar appearance in RGB maintaining similar nx, ny

and nz in their local neighborhoods, effectively reducing
noise. We therefore leverage this behavior, using the output
normals to refine the output depth as seen in Fig. 4.

Iterative depth refinement: Assuming an output depth
image DO and normal maps Nx, Ny and Nz , we compute
gradients in x and y directions by locally sampling depth:
Gx = ∂DO/∂x, Gy = ∂DO/∂y. Normalizing gradients
with their magnitude M we obtain the normalized maps
Gnor

x , Gnor
y , Gnor

z and calculate the differences in the target
normals and gradients of the normalized depth map to
find inconsistencies: ∆x = Nx − Gnor

x , ∆y = Ny −
Gnor

y , ∆z = Nz − Gnor
z . We finally update the improved

output depth map DO minimizing the normal difference:
DO = DO+α (∆x ·Gx +∆y ·Gy +∆z) . This is executed
for 35 iterations with α = 0.01. We mask far areas to
skip calculations and respect our real-time target. As seen in
Fig. 4, this process produces noticeable improvements, sharp-
ening resulting depthmaps and suppressing output noise.

Image Segmentation: COCO 17 contains 183 segmentation
label categories that depict vehicles, animals, objects, and
other elements commonly visible in digital photographs. To
perform per-pixel segmentation, we need to arrange the data
in a way where each pixel has an associated output label.

Fig. 4. NN output normals (left) enforced on NN depth
output (mid) through our algorithm improves depth (right).

Encoding all possible discrete values into a single heatmap
proved infeasible in practice for training, since the neural
network predictably lacks the capacity to produce such finely
detailed activations at the segmentation output layer. We thus
decouple various labels as different heatmaps, similarly to the
way 2D joints are treated to make the task feasible.

However, using 183 separate 256×256 heatmaps requires
broadcasting ≈ 12 million elements per training sample,
leading to prohibitively long training times. We attempted
to encode all classes in one image yielding only 65K for
transit to the GPGPU per training sample, and perform
one hot encoding inside the loss function. Although this
restores training times, with some expressivity loss, the
capacity of the output layer does not allow this to work in
practice. To overcome this problem, we group segmentation
classes in 11 broad categories, namely Persons, Vehicles, An-
imals, Objects, Furniture, Appliances, Materials, Obstacles,
Buildings, Nature and Text. Each label is assigned to its
respective group, yielding 11 segmentation images with the
union of all visible classes. This balanced divide & conquer
approach helps the network tackle a large number of labels
successfully while minimizing training overhead.
Multi-Label Captioning: Captioning an image can be posed
as selecting words that describe it and putting them in a
sentence. However, there is a severe class imbalance among
different tokens/labels. Works such as [46] highlight the
intricate differences between multi-label, multi-instance, and
regular captioning, motivating us to follow the former. To
improve data distribution and conserve NN capacity, we
remove stop-words. After limiting tokens to the 2048 most
popular ones, initially, we naively attempted to perform
multi-hot encoding for 8 output tokens, yielding 8 × 2048
captioning outputs for each sample. However, this approach
did not work since token order is very important and the task
proved too difficult for a lightweight convolutional approach.
Performing the union over these tokens and emitting a
multi-hot 2048 class vector with 8 active labels per sample
showed promise. This approach eliminated token ordering,
significantly simplifying the task. Despite performing class
weighting based on token frequencies, the model tended to
only produce results for a subset of tokens and frequently
made errors. This behavior is understandable: tokens like
man, boy, woman, girl, person, and human have similar
representations in images. However, despite their conceptual
similarity, misclassifying a person as a man versus a cat
incurs the same loss penalty, leading to problematic training.

To improve on this, we employed Global Vectors
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(GloVe) [9] for word representation. GloVe offers different
publicly available pre-trained databases. We select GloVe
6B which is uncased and trained on Wikipedia 2014 and
Gigaword 5, with 6B tokens, a 400K vocabulary, and offers
50, 100, 200 or 300 dimensional embeddings for each word.
Employing GloVe, we lose the ability to perform a union (or
sum) of words as a combined output. However, attempting
to predict 8 × 300 captioning outputs, this time using an
MSE loss, showed signs of promise even from very early
experiments. During runtime, to transform the GloVe 300D
output back to words, we follow three steps. First, we
threshold the 300D GloVe vector norm against zero, filtering
it out when close to zero. We then select the word token with
the highest cosine similarity to our output. As a final step,
we can perform a second threshold operation filtering out
tokens without a high cosine similarity to any word / vector.

We observed artifacts at this stage including multiple out-
puts that regressed to similar embedding values. To support
the formation of diverse token sequences, we introduced
residual connections from each token to the next. We ini-
tially observed that this further increased token repetition.
However, using tanh output activations, normalizing GloVe
embeddings to [-1..1], employing dropout and layer instead
of batch normalization, and scaling down the magnitude of
the residual connections to 30% mitigated this. As reported
by methods such as ConvCAP [13], GloVe embeddings can
be used as intermediate output supervision. Adding a final
two-layer densely connected tail (bottom of Fig. 2) with sig-
moid or softmax activations yields easy-to-use output. This
eliminates the need for extra computations, since directly
thresholding the returned pseudo-probabilities is sufficient.

Data Augmentation: COCO 17 contains 118K training
samples. To enhance Y-MAP-Net’s generalization with this
relatively limited amount of data and allow for a multi-epoch
training regime without over-fitting, we employ aggressive
data augmentation. The average sample dimension of COCO
is close to VGA resolution. However, our input and output
images have a 256 × 256 size. Each image augmentation
has an independent activation chance thus allowing multiple
augmentations on an image. A sample has 45% chance for
pan & zoom. It has 50% chance to have brightness/contrast
alterations, out of which, for 50% samples we perform uni-
form brightness/contrast changes across all channels, while
the rest have individual R,G,B alterations with up to a
±20% change. There is a 15% chance of Gaussian noise
perturbation, 50% chance of adding up to 10 burned pixels
(1/6553 corruption in 256 × 256 images). If persons are
present, at least 30% of their joints remain visible in the
cropped image, while if a sample does not contain any
persons, there is a 1% chance of completely replacing the
image with random noise. This maximizes use of our limited
human pose training data while conditioning the network to
filter out erratic input. Finally, pan & zoom augmentation
has a strict 1.1x zoom limit. Since captions describe the
full image, aggressive zooming may crop out smaller or
peripheral objects. Zoom is limited to prevent exclusion
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1 4 46M 110 48 - - ✓ - - - - 0.69 0.56
2 4 31M 220 96 - - ✓ - - - - 0.70 0.71
3 4 39M 200 100 - - ✓ - - - - 0.70 0.69
4 5 48M 256 256 - - ✓ - - - - 0.70 0.70
5 5 54M 300 288 - - ✓ - - - - 0.82 0.84
6 6 70M 256 256 - - ✓ - - - - 0.66 0.67
7 7 231M 128 128 - - ✓ - - - - 0.42 0.52
8 7 136M 420 384 - - ✓ ✓ - - - 0.75 0.76
9 7 278M 420 384 - - ✓ ✓ - - 19 0.74 0.77
10 8 401M 420 256 - - ✓ ✓ - - 19 0.74 0.77
11 7 315M 256 256 - - ✓ ✓ ✓ - 3 0.56 0.61
12 7 316M 256 256 1.6K - ✓ ✓ ✓ - 3 0.62 0.67
13 7 172M 256 256 1.6K ✓ ✓ ✓ ✓ - 3 0.66 0.72
14 7 213M 256 256 1.7K ✓ ✓ ✓ ✓ - 2 0.53 0.59
15 7 298M 256 256 1.5K ✓ ✓ ✓ ✓ ✓ 11 0.64 0.72
16 7 347M 256 256 0.5K ✓ ✓ ✓ ✓ ✓ 11 0.76 0.83

TABLE I. We record enc/dec branch layer depth, model
size (millions of weights), input and output dimensionality
(images are rectangular so 256 is equivalent to 256x256),
NN features such as pixelwise layer before output, residual
connections in enc/dec blocks, output modalities enabled
in an experiment (PAFs, Normals, Class segmentation) and
the training/validation HDM score for each configuration.
Up: Limiting output to joint+depth modalities we find that
shallow networks perform better than more complex ones
that over-fit. Down: As more modalities are introduced the
problem becomes harder and tensor sizes need to be reduced
to maintain real-time performance. The final row contains the
Y-MAP-Net 1-8-44 configuration. Its weights are increased
compared to previous experiments due to the captioning
branch. Each experiment requires ≈ 1 week to run.
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OpenPose [26] 28M ✓ ✓ - - - - -
DAv2 [41] 335M - - ✓ ✓ - - -
Detectron2 [22] 63M - - - - ✓ - -
DPText [23] 44M - - - - - ✓ -
VisionGPT2 [47] 239M - - - - - - ✓
Y-MAP-Net (Ours) 347M ✓ ✓ ✓ ✓ ✓ ✓ ✓

TABLE II. We tackle multiple tasks with a monolithic
network using 48.94% of the weights typically required. We
use [22], [23], [41], [47] as teachers during training.

of captioned content, which can cause concept drift (e.g.
surfboards being misassociated with the sea).

Model Training: Training is performed using Keras 3.9.2 /
TensorFlow 2.19.0. We use a batch size of 32 on an AMD
Ryzen Threadripper PRO 3955WX CPU. Backpropagation
runs on an NVIDIA RTX A6000 GPU. Model weights
use FP32 precision, while images are stored as INT8 to
improve CPU-GPU throughput. Weights are initialized with
Glorot/Xavier initialization. We use the ADAM optimizer
with a learning rate starting at 2.4 × 10−4 and linearly
decaying to 1.0 × 10−4 after 100 epochs. Training runs for
up to 250 epochs with early stopping patience of 65 epochs.

The heatmap target outputs also have a decay schedule
with joints that have a Gaussian size of 23× 23 during the
start of training and then decay to a target limit of 8 × 8.
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HDM HDM HDM HDM
Modality Teacher 0.1 0.3 0.5 0.8 MSE
Joints COCO GT 0.98 0.98 0.99 0.99 1.34
PAFs [26] COCO GT 0.97 0.97 0.97 0.98 1.09
Depth DAv2 [41] 0.53 0.57 0.57 0.58 58.49
Normals DAv2 [41] 0.50 0.60 0.63 0.68 54.59
Text Segm. DPText [23] 0.98 0.98 0.98 0.98 0.67
Class Segm. Detectron 2 [22] 0.97 0.97 0.97 0.98 1.62

TABLE III. Quantitative results for specific NN output
modalities using MSE and HDM for various T thresholds
(0.1 - 0.8). Our network scores competitively in a wide range
of tasks with depth estimation proving the hardest task.

In a similar manner, PAFs start from a line width of 6 and
decay down to 2. This reduction happens linearly, with the
size being reduced by one step every 20 epochs. This helps
the NN to identify joints early on during training, since
their magnitude is comparable to other output modalities, but
also ensures better localized joint responses for fully trained
models. The loss function L we use is the following:

L = w ·
∑
i

gi ·
1

N

N∑
j=1

(ytrue, i,j − ypred, i,j)
2
.

In the above equation, i runs over 7 different terms. Each
MSE term represents the mean squared error between the true
and predicted values for the respective channels, weighted
by its corresponding gain gi. We experimentally determined
gi values that promote harder aspects of the problem by
increasing their relative contribution to the total loss. These 7
values are: gG = 10.0 for GloVe tokens (tok. 1-8), gJ = 2.4
for joint heatmaps (chan. 1-17), gPAF = 1.0 for PAFs (chan.
18-29), gD = 1.0 (for Depth chan. 30), gN = 1.0 (for
Normals chan. 31-33), gT = 1.0 (for Text chan. 34) and
gS = 2.0 (for Segmentation chan. ≥ 35). We use cosine
similarity to monitor GloVe tokens. For image output we
define Heatmap Distance Metric (HDM) which measures the
fraction of all predicted pixels within relative threshold T
from their target value. Assuming that ytrue and ypred are true
and predicted heatmaps in the [0..1] range, HDM is defined
as the percentage of pixels for which: |ytrue − ypred| ≤ T . In
experiments, T = 0.1 unless otherwise stated.

IV. EXPERIMENTS

Ablation Study: We conduct a series of ablation experiments
with different I/O sizes, different relative depths of the
network, gradually adding output modalities and broadening
the size and scope of our NN until accommodating pose,
depth, normal, segmentation and captioning and reaching our
target. These experiments are summarized in Table I. We
control network size by altering the number of filters in the
enc/dec branches (Fig. 2). For example, as seen in rows #6
and #7 of Table I we can have a bigger NN that has enc / dec
depth of 6 layers and a 3× larger NN that handles half of
the dimensionality of input and output in each dimension.
As seen in experiment #4, a 5-layer enc/dec architecture
that only tackles pose and depth has excellent performance.
To achieve a similar HDM metric with #4 for all involved
outputs, we need a substantially larger architecture with more

capacity, such as exp. #13+. Residual connections and the
1×1 pixel-wise layer, add representational capacity allowing
stronger networks that tackle more modalities. However,
the width of the pixel-wise layer is constrained by GPU
VRAM. Introducing a captioning branch does not increase
the size of the image output branch, while caption features
reaching the bridge layer (Fig. 2) appear to benefit the
decoder. The upper part of Table I shows that when limiting
output to joint + depth, shallow networks perform better than
more complex ones that suffer from over-fitting. Runtime
performance results are summarized in Figure 5.

Quantitative Results: Y-MAP-Net uses DAv2 [41], Detec-
tron 2 [22], DP-Text [23] and VisionGPT2 [47] as teacher
models in the multi-teacher, single-student setting we adopt.
It is trained on just 118K COCO 17 samples, orders of mag-
nitude fewer than the millions of samples training corpora of
our teacher models. Furthermore, our model is less than half
the size of the combined weights of its teachers (Table II)
and works in real time. Last but not least, our method uses
a single set of weights to simultaneously handle all output
modalities, while each teacher is specialized for only one
task. We therefore expect our method to produce “distilled”
output of reduced yet comparable accuracy, compared to its
teachers. Since no existing method integrates the range of
functionalities we target, our primary comparisons are thus
made against the individual teacher models.

We evaluated our model on the COCO 17 validation set,
using ground truth data generated by our teacher models. Our
quantitative metrics, summarized in Table III, reveal varying
performance across different tasks. Depth estimation yielded
the lowest accuracy, which is consistent with its inherent
complexity. In contrast to joints, PAFs and class segmen-
tations that have coarse “on/off” values and large inactive
areas, depth maps return a response for all pixels. Further-
more, even minor inaccuracies in depth predictions result
in significantly larger error contributions, particularly when
depth is assigned to an incorrect distance. Estimating object
depth in in-the-wild images presents additional challenges
due to the absence of reference scale, multiple viewpoints,
or motion cues, as discussed in [48]. Our depth teacher,
DAv2 [41], is trained on more than 60M images, two orders
of magnitude more than our training corpus, and has a larger
size, fully dedicated to its single task as seen in Table II.
Normals perform better, with improved fidelity in areas with
edges. We take advantage of this with our iterative algorithm
(Fig. 4). Class segmentation performs better and Joint/PAF
estimation achieves the highest accuracy. We partly attribute
this to the quality of human-annotated training data, since
unsupervised, model generated labels introduce inaccuracies.
For captioning, we use the cosine similarity metric, achieving
similarity scores of 0.59, 0.62, 0.64, 0.64, 0.53, 0.27, 0.08,
and 0.01 for caption tokens 1 through 8, respectively. Overall,
we observe good generic scene descriptions.

Qualitative Results: We tested Y-MAP-Net on a variety of
input sources. We observe strong generalization on images
from the COCO 17 validation set (Fig. 6). Since we aim
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Fig. 5. We profile Y-MAP-Net using TensorBoard. Left: 45.2% of operations are Conv2D. On an RTX 5080, the FP32
model achieves 25.4Hz while using 21% of GPU compute capacity. Right: Memory profiling shows 4.71GB GPU VRAM
usage, making it attractive for computer vision applications requiring multi-modal scene understanding from RGB. We only
use 48.94% of our teachers’ weights (Table II) to simultaneously reproduce their outputs with comparable accuracy.

Fig. 6. Qualitative results on COCO 17 [39] validation with raw model outputs. Joints, PAFs and segmentation columns
show the union of joint, PAF and class heatmaps. The “Response Text” column lists tokens with confidence > 25%.

for real-time applications in production environments, we
experiment with Youtube videos featuring workers in pro-
duction lines (see Fig. 1). We observe normal and depth
estimation consistent with input, pose estimation results that
follow the bodies even when wearing protective equipment,
multi-token captioning output that describes the major visible
components of the RGB image and class segmentation that,
when observing a few objects/subjects, is very sharp. For
a more extensive collection of qualitative results, see the
supplementary video material [49] accompanying this paper.

V. CONCLUSIONS

We introduced Y-MAP-Net, the first framework to jointly
address depth, surface normal, human pose, semantic seg-
mentation, and multi-label captioning in real time from
monocular RGB. The proposed Y-shaped architecture is
compact, versatile, and efficient, providing a unified alterna-
tive to task-specific networks and sparse architectures such as

YOLO. By delivering rich multi-modal scene understanding
at low computational cost, Y-MAP-Net is well suited for
robotics, where onboard resources are limited but robust
perception is critical for world navigation, manipulation, and
human–robot interaction. Future directions include extending
our multi-teacher paradigm with mixtures of experts for each
modality, and scaling training to broader and robot-centric
datasets captured from embodied platforms. Our code is
released publicly [1] to support robotics perception research.
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