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Abstract. We propose a novel architecture for depth estimation from
a single image. The architecture itself is based on the popular encoder-
decoder architecture that is frequently used as a starting point for all
dense regression tasks. We build on AdaBins which estimates a global
distribution of depth values for the input image and evolve the architec-
ture in two ways. First, instead of predicting global depth distributions,
we predict depth distributions of local neighborhoods at every pixel. Sec-
ond, instead of predicting depth distributions only towards the end of
the decoder, we involve all layers of the decoder. We call this new ar-
chitecture LocalBins. Our results demonstrate a clear improvement over
the state-of-the-art in all metrics on the NYU-Depth V2 dataset. Code
and pretrained models will be made publicly available3.
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1 Introduction

In this paper, we propose a new architecture for learning to estimate depth values
given a single input image. In this line of work there are two main approaches
that have been followed recently. Combining to train on multiple datasets at
once while factoring out scale, e.g. [12,28] and training on a single dataset with
consistent scale, e.g. [8,19,34,13,35,9,15,2,20,16,4]. Our approach falls in the sec-
ond category. There are multiple published competing architectures, with Ad-
aBins [4] currently being the most successful architecture on datasets such as
NYU-Depth V2 [29]. Our newly proposed architecture, called LocalBins aims to
improve upon this work.

The main idea of AdaBins is to predict adaptive bins that estimate one
“global” depth distribution per image. This prediction works both as auxiliary
supervision of depth estimation, but also directly influences the depth prediction.

We initially formulated two objectives in evolving AdaBins. First, we wanted
to see if predicting local distributions around each pixel can improve upon pre-
dicting one global distribution for the complete input image. Second, we wanted
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Fig. 1. Illustration of global adaptive bins vs local adaptive bins. While AdaBins pre-
dicts a depth distribution for a complete image, LocalBins predicts a depth distribution
for the neighborhood of each pixel.

to design the architecture such that depth distribution supervision can be in-
jected earlier in the network, preferably in a multi-scale fashion. AdaBins needs
a special architecture design to work. Estimating global adaptive bins needs a
transformer at “high resolution”. Estimation of bins is done close to the out-
put layer and most of the work is delegated to a specialized module based on
a transformer. Even though this improves performance significantly, this offload
of work may prevent earlier layers to fully exploit the “distribution supervision”
to learn better representations. We call this the ‘late injection problem’ in our
arguments. Any attempts to estimate global adaptive bins earlier in the network
(e.g. near the bottleneck) or without a transformer leads to unstable training -
divergence or convergence to a suboptimal point.

We realize these ideas in the following manner. To perform local predictions of
depth distributions, we propose to use bin estimation at every pixel, and impose
regularization on bin predictions via a query and response training scheme. Our
proposed module is regularized to predict the depth distributions within the
randomly selected bounding boxes within the image.

To perform multi-scale predictions of depth distributions, we let the network
predict local depth distributions in a gradual step-wise manner throughout the
decoder. Starting with a small Nseed number of bins, at the bottleneck each bin is
subsequently split into two at every decoder layer, i.e., the ith layer of the decoder
estimates 2iNseed bins at every pixel position. Together with locality, this coarse-
to-fine construction lets us avoid unstable training and simultaneously solves the
late injection problem.

Our proposed LocalBins module is lightweight (adding only �1M params)
and can be used in conjunction with any encoder-decoder network.

To summarize, we make the following contributions:
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{ We propose a new architecture for single image depth estimation that im-
proves upon the state-of-the-art in all metrics on the NYU-Depth V2 [29]
dataset. Models and code will be made publicly available.

{ We propose two novel architecture ideas to single image depth estimation:
1) estimating local histograms instead of a single global histogram and 2)
estimating histograms in a multi-scale fashion to benefit from distribution
supervision earlier in the pipeline. Even beyond depth estimation, we are
not aware of existing similar concepts and we believe that these ideas could
be beneficial beyond depth estimation.

2 Related Work

There are multiple categories of depth estimation methods. The first category
are unsupervised methods [33,41,10,11,5,12,22,40,32]. These methods do not use
ground truth depth data, but use self-supervision generally by some form of
3D reconstruction to learn depth values. These methods typically use videos or
stereo videos as input. The second category of methods learn depth estimation
from multiple datasets [23,28,27] jointly. Combining multiple datasets requires
considering the different depth scales of the scenes. Therefore, methods that
train on multiple datasets are generally not comparable to methods that train
on a single dataset, because the test protocol is different. The third category of
algorithms are domain transfer methods [3,38,31,7,1]. These techniques assume
the availability of ground truth data in one domain during training, but the
images in the target domain do not have ground truth depth (or only a few
of them have ground truth depth [39]). The fourth category are depth estima-
tion methods that learn a depth estimation network for each dataset separately
[8,19,34,13,35,9,15,2,20,16,4]. Our method belongs to this category of supervised
monocular depth estimation. These methods formulate the task as the regres-
sion of a depth map from a single RGB input image. The current dominant
architecture follows an encoder-decoder network. Most high performing meth-
ods apply such architecture with some variations on the process of extracting
of relevant feature maps during encoding and the fusion of these features with
the intermediate maps produced during the decoding stage. Finally, we men-
tion two very recent arXiv submissions that are concurrent to our work for the
sake of completeness. The first is GLP-depth [17] which proposes a hierarchi-
cal transformer encoder that captures global features and a simple decoder that
considers the local context. The second method [37] employs a neural window
fully-connected Conditional Random Fields (CRFs) module for the decoder and
a vision transformer for the encoder.

3 Methodology

3.1 Background

AdaBins [4] divides the depth interval (dmin; dmax) into bins. This bin-division
is global (one proposed bin-division per image) and adaptive (varies from image
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Fig. 2. Architecture overview. LocalBins module contains pixel-wise operations and
estimate local neighborhood bin density for each pixel location.

to image), and re
ects the global depth distribution for the input image. Each
bin can have a di�erent size and the predicted bin centers are closer to each
other near more frequently occurring depth values. AdaBins employs an encoder-
decoder architecture followed by a transformer based module to predict the
adaptive bins. The �nal depth estimation is obtained by predicting the pixel-
wise probability distribution over the bins and computing an expectation over
the predicted global bin centers. This can also be seen as expressing the �nal
depth value as a linear combination of bin centers. The reader is referred to [4]
for more details.

We build upon the basic idea of AdaBins to estimate depth distributions,
but we change the architecture design to incorporate two novel ideas. First,
instead of predicting a single global depth bin-division, our architecture esti-
mates a bin-division at every pixel, re
ecting the depth distribution in the local
neighborhood. Thus, the bin-divisions not only can vary from image to image
(adaptiveness) but also from pixel to pixel (locality). Second, we do not use a
transformer as a subsequent separate architecture block but integrate the depth
prediction more tightly in the decoder. We utilize all the layers of the convolu-
tional decoder to gradually re�ne the bin-division proposed for each pixel. The
details of our architecture are described in the next section.

3.2 Architecture

Our architecture has two major components (see Fig. 2): 1) a standard encoder-
decoder block and 2) our proposed LocalBins module.

Encoder-decoder We use the same encoder-decoder architecture as Ad-
aBins to facilitate a fair comparison (E�cientNet-B5 with skip connections).

LocalBins module The LocalBins module uses the bottleneck features and
the decoder features from the encoder-decoder block to estimate the local distri-
bution of depth values at every pixel. As in AdaBins, the estimated distributions
are encoded as the adaptive bin-divisions of the depth range interval, with the
density of resulting bin-centers directly re
ecting the density of the depth val-
ues in the local neighborhood. In practice, the bin-divisions are formulated as a
vector of normalized bin-widths at every pixel from which the bin-centers can
be easily obtained via Eq. 5. To estimate the bin-divisions at every pixel, we
employ a coarse-to-�ne binning strategy. Starting with Nseed number of bins for
every pixel at the bottleneck, the number of bins doubles at every decoder layer.
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Fig. 3. Design of the LocalBins module. See Sec 3.2 for more details.

The LocalBins module consists of three main types of layers: a) Bin embed-
ding layers b) Seed bin width estimators c) Bin splitters. All these layers are
composed of pointwise MLPs (a.k.a 1� 1 convolutional blocks) with two hidden
layers with hidden dimension h.

a) Bin embedding layers All the feature blocks input to the LocalBins
module (the bottleneck features from the encoder and the decoder features of
all scales) are �rst fed to bin embedding layers. These layers project the features
of varying channel dimensionality into the same space (dim=128) that we refer
to as the `bin embedding space'. The further layers in the LocalBins module
`decide' the bin-division for each pixel based on their bin-embeddings.

b) Seed bin width estimator This layer takes bin embeddings from
the bottleneck as input and predicts Nseed number of bins at each pixel of the
bottleneck. This bin-division estimate is taken as the seed and subsequently
each bin is divided into two bins for every subsequent decoder layer by the bin
splitters (along with the spatial 2x interpolation).

c) Bin splitters These pointwise MLPs are used to realize our coarse-to-
�ne binning strategy. Loosely speaking, bin splitters `decide' where to put more
bin-centers for each pixel based on their bin-embeddings. As illustrated in the
Fig. 3, bin-embeddings and bin-widths from the previous layer are �rst bilinearly
upsampled to match the spatial resolution of the current layer. A bin splitter
MLP at layer k, denoted asSk , takes as input the `current' layer bin-embeddings
after a residual connection with the upsampled previous layer bin-embeddings.
The output is then used to split each bin-width from the previous layer into two.
Speci�cally, let bij 2 Rm be the normalizedm-bin-widths at pixel location ( i; j )
(after 2x interpolation). Then, the new 2m-bin-widths b0

ij 2 R2m are given by:

� ij = � (Sk (ek � 1
ij + ek

ij )) (1)
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where, � (�) represents the splitter activation function that outputs values
� 2 (0; 1), ek

ij is the bin-embedding of the pixel at (i; j ) at the kth layer and va

represent the components of a vectorv .
We explore three designs of the splitter activation function � (�), namely:
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Fig. 4. Illustration of Query-Response training. See Sec 3.3 for more details.

1. Constant splitter: � (x) = 0 :5 8x, that divides a bin in half irrespective of
the splitter MLP output (and indirectly the bin-embeddings).

2. Sigmoid splitter: where � (�) represents the sigmoid activation function.
3. Linear norm splitter: In this case, we let the splitter MLP Sk output two

positive values (x1; x2) (via ReLU) for each bin. Then the linear norm split
is given by:

� (x1; x2) =
x1

x1 + x2 + �
(3)

where � = 1e� 4 is used for numerical stability.

Refer to Sec. 5.3 for their comparison.
Since the number of bins doubles every layer, we have 2n Nseed bins at the

end of an n-layer decoder. Therefore we useoutput channels = 2 n Nseed for the
last convolutional layer in the decoder. We then use the hybrid regression as
in AdaBins, to obtain the �nal depth map. The di�erence is that now the bins
change from pixel-to-pixel:

c(bk
ij ) = dmin + ( dmax � dmin )(bk

ij =2 +
k � 1X

s=1

bs
ij ) (4)

~dij =
2n N seedX

k=1

c(bk
ij )pk

ij (5)

where ~dij is the �nal estimated depth value, bij and pij are the bin-widths at
the output layer and softmax scores respectively at location (i; j ).

3.3 Training

Our network needs supervision in two forms. First, we need a pixel-wise loss
(L pixel ) to provide supervision for the �nal estimated depth values. For this we
use the Scale-Invariant Loss as used in recent works [4,20]. Second, we need to
supervise our network such that the bin predictions at a pixel actually re
ect
the density of depth values in its local neighborhood.
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