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Abstract

Dense prediction infers per-pixel values from a single image and underlies 3D perception
and robotics. Real-world scenes are highly structured, yet standard dense prediction models
typically decode spatial outputs without explicitly tying reconstruction to a learned hierarchy
of image regions. We propose SHED, an encoder—decoder that constructs an explicit
hierarchy of image segments and reverses this hierarchy during decoding. The encoder
groups image regions into progressively coarser segment tokens, and the decoder unpools
coarse representations back to finer regions through the learned assignments rather than
generic feature upsampling. The hierarchy is trained end-to-end from the dense prediction
objective alone, without segmentation labels. SHED improves mean monocular-depth
accuracy over a matched DPT baseline, with the largest relative gain under HyperSim-
to-NYUv2 transfer without target scale or shift alignment. Beyond per-pixel accuracy,
boundary, object-wise, and Chamfer evaluations show smaller mean differences in geometric
structure. Representations learned under depth supervision also improve alignment with
held-out PartNet part annotations. Finally, applying the reverse hierarchy to RAFT reduces
end-point error under matched optical-flow training on FlyingChairs.

1 Introduction

Dense prediction tasks, such as monocular depth estimation and semantic segmentation, serve as the foundation
for spatial reasoning in robotics (Liu et al., 2024). At their core, these tasks require an understanding of how
2D image projections relate to the underlying 3D structure of the world. Modern models based on Vision
Transformers (ViTs) (Dosovitskiy, 2020) capture dependencies across image locations. However, standard
grid-based decoding does not explicitly tie the reconstruction of dense outputs to a learned hierarchy of image
regions. This suggests a region-aware reconstruction mechanism that connects coarse scene structure to local
predictions, with the goal of preserving object boundaries and surface geometry (Figure 1, row 1).

Hierarchical accounts of human vision motivate this bidirectional design (Hochstein & Ahissar, 2002). Reverse
hierarchy theory describes how a high-level scene interpretation guides access to finer visual details. Motivated
by this perspective, we organize dense prediction through a hierarchy that groups fine-grained image regions
into progressively coarser segments. This structural scaffold then guides the refinement of local details. Coarse
segment features are propagated back to finer regions, allowing broader scene context to inform local depth
estimates. This coarse-to-fine reconstruction aims to improve boundary alignment and within-region depth
consistency (Figure 1, row 2).

To realize this idea, we propose SHED, Segment Hierarchy for Dense Prediction, a novel architecture that
reconceptualizes dense prediction as a process of hierarchical grouping and reconstruction. Starting from
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Figure 1: Segment hierarchy for dense prediction (SHED). Conventional methods such as DPT (Ranftl
et al., 2021) combine contextualized grid features with convolutional decoding. SHED uses a hierarchy of
segment tokens to guide dense prediction. In the illustrated segment-token configuration, the encoder pools
superpixel tokens into coarser segment tokens, and the decoder propagates coarse segment features back to
finer regions by reusing the learned pooling assignments, producing depth maps with structural coherence.

RGB-derived superpixels, SHED learns an explicit hierarchy of segments that adaptively decompose the
scene. The hierarchy requires no segmentation annotations. Its grouping assignments are learned end-to-end,
guided solely by the dense prediction objective. While encoder-side grouping builds on prior work (Ke et al.,
2024), our central contribution is reverse structural decoding for dense prediction. The decoder propagates
coarse segment information back to finer regions through the same learned assignments used to construct the
hierarchy, directly tying reconstruction to the image-dependent grouping structure. Coarse regional context
and fine-level features are then combined to produce dense outputs.

The technical core of SHED lies in its bidirectional flow. While the encoder iteratively groups fine regions
into increasingly abstract segment tokens, the decoder reverses this flow by propagating features from coarse
to fine regions. To produce a structured dense map, SHED’s decoder unpools features from coarser segments
to finer ones using probabilistic assignments computed during the encoding phase. This reverse hierarchy,
which has no counterpart in encoder-only segmentation frameworks, enables coarse structural context to
directly inform fine-grained predictions. By distributing segment-level features across associated regions, the
model couples predictions within each region through shared features, while retaining fine-level information
for local detail.

Our contributions are summarized as follows:

¢ Reverse structural decoding. We introduce a dense prediction architecture that couples a learned
forward segment hierarchy with coarse-to-fine decoding through the same pooling assignments. The
decoder transports coarse features to finer regions, combines them with encoder skips, and integrates the
decoded hierarchy states through multi-level spatial readout.

e Segment-consistent depth estimation. SHED improves mean depth accuracy under
NYUv2 (Nathan Silberman & Fergus, 2012) training and cross-domain transfer, with the clearest rel-
ative gains under HyperSim (Roberts et al., 2021)-to-NYUv2 transfer. Boundary, object-wise, and 3D
reconstruction evaluations further characterize the geometric structure of its predictions.

e Structure-aware representations. Representations learned under depth supervision align with held-out
PartNet (Mo et al., 2019) annotations and support image retrieval. Supervised semantic-segmentation fine-
tuning further evaluates transfer beyond depth. Separately, applying the reverse hierarchy to RAFT (Teed
& Deng, 2020) improves motion correspondence under matched optical-flow training.
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Figure 2: SHED introduces a bidirectional segment hierarchy for dense prediction. SHED
decomposes dense prediction into two complementary processes: structural abstraction and structural
inversion. 1) The encoder constructs a forward hierarchy by grouping superpixel tokens into increasingly
abstract segments. 2) The decoder inverts this hierarchy by unpooling segment representations from coarse
to fine, enabling global structural context to directly inform pixel-level predictions. Decoded segment tokens
are projected into region-aligned 2D feature maps and fused across hierarchy levels. These features are then
combined with early convolutional features to recover fine details and produce the final dense map. The
spatial-unpooling inset illustrates two hierarchy levels; in the full model, the readout uses all four decoded
hierarchy states aligned through the composed assignments.

2 Related Work

Dense prediction is a core problem in computer vision, aiming to assign pixel-level outputs across an
image (Forsyth & Ponce, 2002). It includes tasks such as semantic segmentation (Long et al., 2015), depth
estimation (Eigen et al., 2014), optical flow (Teed & Deng, 2020), and image editing (Isola et al., 2017).
Modern approaches typically adopt encoder-decoder architectures, such as U-Net (Ronneberger et al., 2015)
and DPT (Ranftl et al., 2021), trained using task-specific supervision. Large-scale systems such as Segment
Anything (Ravi et al., 2025) and Depth Anything (Yang et al., 2024) have further advanced dense visual
prediction. However, recent analyses suggest that strong benchmark performance does not necessarily imply
structural consistency (El Banani et al., 2024; Man et al., 2024).

Monocular depth estimation is a representative dense prediction task that infers per-pixel depth from
a single image. It is widely used in 3D reconstruction (Song et al., 2017), autonomous driving (Geiger
et al., 2012), and robotic perception (Tateno et al., 2017). Structural cues in depth estimation have been
extensively explored to enhance geometric coherence. Existing approaches can be broadly categorized into
four types: 1) Representation-based approaches modify how depth is encoded, such as by discretizing depth
values (Fu et al., 2018; Bhat et al., 2021; Li et al., 2024) or modeling spatial dependencies (Liu et al.,
2015; Cheng et al., 2018; Yuan et al., 2022). 2) Regularization imposes geometric constraints through loss
functions that promote smooth surfaces (Godard et al., 2017; Zhan et al., 2018; Bian et al., 2019), consistent
normals (Yang et al., 2018), or planar regions (Yin et al., 2019; Watson et al., 2019). 3) Multi-task learning
jointly estimates depth with auxiliary signals, such as scene geometry (Eigen & Fergus, 2015; Yin & Shi,
2018) or semantics (Mousavian et al., 2016; Kendall et al., 2018; Chen et al., 2019; Guizilini et al., 2020; Zhu
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et al., 2020). 4) Post-processing refines predictions using off-the-shelf techniques (Krdhenbiihl & Koltun,
2011; Chen et al., 2016).

Several multi-task approaches have explored segmentation as an auxiliary signal to improve depth estimation.
Early works used segmentation as an additional supervision signal (Mousavian et al., 2016; Kendall et al.,
2018), while more recent ones leveraged segment regions or boundaries to guide depth discontinuities (Chen
et al., 2019; Guizilini et al., 2020; Zhu et al., 2020). In contrast, SHED integrates learned segment structure
directly into the model’s internal representation, organizing dense prediction through a learned hierarchical
decomposition of the image. Moreover, the segment hierarchy in SHED is learned through depth supervision,
without additional segmentation annotations.

Perceptual grouping is a key mechanism in human vision that organizes low-level elements into coherent
global structures (Wertheimer, 1938; Marr, 2010). This principle has inspired a broad range of computer
vision research, including perception (Locatello et al., 2020; Mo et al., 2021; Kang et al., 2022; Deng et al.,
2023; Ranasinghe et al., 2023), segmentation (Arbeldez et al., 2012; Hwang et al., 2019; Ke et al., 2022; Xu
et al., 2022), and generation (Hong et al., 2018; Mo et al., 2018; He et al., 2022). In particular, CAST (Ke
et al., 2024) recently applied it to ViTs for concurrent segmentation and recognition. However, most of these
methods, including CAST, consider only a forward hierarchy, constructing representations and segmentations
in a bottom-up manner. For dense prediction, an additional question is how the learned grouping assignments
can guide the reconstruction of fine-grained spatial outputs. To address this, we adopt the complementary
concept of a reverse hierarchy (Hochstein & Ahissar, 2002), where global structures guide and refine local
parts through top-down feedback. While prior works (Anderson et al., 2018; Shi et al., 2023; Eftekhar et al.,
2023) have explored top-down visual processing in high-level visual tasks, they do not address hierarchical
reconstruction for dense prediction. Other studies (Eslami et al., 2016; Sajjadi et al., 2022; Seitzer et al.,
2022) apply related ideas to encoder-decoder architectures, but focus on object-centric representations rather
than explicit segment hierarchies for dense prediction. SHED differs from these approaches by using the same
learned segment assignments for both forward hierarchical grouping and reverse coarse-to-fine reconstruction
within a ViT-based dense prediction model.

3 SHED: Segment Hierarchy for Dense Prediction

We propose SHED, a dense prediction architecture that explicitly models a bidirectional segment hierarchy
(see Figure 2). The encoder groups image regions into segment tokens and progressively pools them into
coarser representations, while the decoder reverses this process by unpooling segment features from coarse to
fine. By propagating segment-level features back toward pixel-level predictions, SHED uses coarse regional
context to guide dense reconstruction. Unlike generic feature upsampling, the decoder transports coarse
features back to finer regions through the same learned assignments that formed the forward hierarchy.

3.1 Encoder: Grouping segments via forward hierarchy

The encoder constructs a forward segment hierarchy that abstracts fine-grained regions into increasingly coarse
structural units. This hierarchy serves as the structural backbone of SHED, linking fine and coarse image
regions. While similar hierarchical grouping strategies have been explored for image-level recognition, we use
the resulting hierarchy and its learned assignments for coarse-to-fine feature reconstruction in dense prediction.
To construct the forward hierarchy, we adopt a segment-based tokenization strategy that groups image
features into superpixel tokens and progressively clusters them based on feature similarity. This grouping
mechanism follows prior work on hierarchical segmentation (Ke et al., 2024), and provides the intermediate
segment features and learned assignments used by SHED’s decoder for coarse-to-fine reconstruction.

Unlike encoder-only hierarchical segmentation models, the forward hierarchy in SHED serves as an intermediate
structural representation that is subsequently inverted by the decoder for dense prediction.

Tokenization. Given an image X € R?***¢ the encoder produces hierarchical segmentations Sy, S1, . ..
and corresponding embeddings Zj, Z1, ..., ordered from fine to coarse. We first divide the image into ng
superpixels using SEEDS (Van den Bergh et al., 2012), a fixed preprocessing step based only on RGB. We
extract a convolutional feature map Fiopn, € R(70%0)X4 with spatial stride 8 (hg = h/8, wo = w/8). We resize
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the superpixel label map to this feature resolution using nearest-neighbor interpolation and represent it as a
one-hot assignment matrix Sy € R(0'wo)xm0 which maps each feature-grid location to a superpixel. We then
add fixed sinusoidal positional embeddings to Fi.ny and average-pool features within each superpixel to obtain
initial embeddings Z, € R"0*4, The default 384 x 384 token schedule is (ng,n1,n2,n3) = (576,256,128, 64),
matching DPT’s 24 x 24 token grid. For global context modeling, we prepend a learnable class token to form
Zy € Rmot1)xd anq feed it into the first ViT block.

Hierarchical clustering. Coarser segments are obtained by alternating ViT blocks and graph pooling (Ke
et al., 2024). At each level [, given Z;_; and S;_; from the previous layer, we prepend the current class token
to form Z;_1, apply ViT blocks, and obtain updated features, excluding the class token. Below, Z;_; denotes
these updated segment features. To form coarser tokens Z; € R™*?, we first select n; seed indices c1,; from
Z;_1 via farthest point sampling (Qi et al., 2017). The corresponding seed features are C;[j] = Z;_1[c; ;]. Let
Qi = Gi(Z;—1) denote the features produced by the learned attention-based grouping transformation. We
compute the soft assignment matrix P, € R™-1*™ using a row-wise softmax over scaled cosine similarities:

exp(a sim(Qq[i], Qi[ci 4]))
2 ke exP(a sim(Qu[i], Qulck]))

Fi(i = j) =

Here, [n] := {0,...,n — 1}. Rows correspond to fine segments and columns to coarse segments; each row
sums to one.

We refine the seed features by aggregating transformed fine-level features, normalizing by the total assignment
weight of each coarse segment, and adding a residual connection:

Z1=C+ 9l,2((Pngl,1(Zl—1)) %) (PlTl)) .

Here, g;1 and g2 are learned pointwise transformations before and after aggregation, respectively, and ©
denotes element-wise division with the denominator broadcast across channels.

To propagate segment assignments through the hierarchy, we compute coarser segmentations by composing
the assignment matrices: -
S =85_1P, 1=1,2,..., lhax,

where P, is a hard assignment matrix obtained by taking the argmax over each row of P,. The soft assignments
P, are retained for feature pooling and reverse unpooling.

3.2 Decoder: Predicting outputs via reverse hierarchy

The decoder reconstructs spatial feature maps by reversing the encoder’s segment hierarchy, progressively
propagating features from coarse to fine segment levels. This involves two steps: 1) computing decoder
features Z] by unpooling from Zj , and fusing them with encoder features Z; via skip connections; and 2)
projecting the decoded hierarchy features into the spatial domain and fusing information from all hierarchy
levels to produce the final dense prediction.

Unpooling segment tokens. Formally, the reverse hierarchy distributes coarse segment features to finer
segments through the learned encoder assignments. We initialize the coarsest decoder feature as 7, =2, .
At each level I = lax — 1, ..., 0, we reuse the encoder assignment Py € R™*™+1 to transport coarse features
to the corresponding fine segments:

Uy = P41Z],, € RM*%

As each row of Pjy; sums to one, the unpooled feature for each fine segment is a weighted combination of
coarse-segment features. We then fuse the transported features with the encoder features at the same level
and refine them using MLP and ViT blocks:

Zl/ = ViT, (MLP[ (Ul + Zl)) .

The encoder skip supplies fine-level information, while the transported features provide context from coarser
segments. The MLP acts independently on each segment token, whereas the ViT blocks jointly update the
segment tokens and the class token, which is omitted from the equation for clarity.
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Spatial readout. We convert the decoded segment tokens into spatial feature maps by composing the
hierarchy assignments:
Py =PPFP- ---P € R™oX"m,

The decoded state at each hierarchy level is first aligned with the finest segment space:
Zh =7}, Z = PouZl, 1=1,... lmax
Accordingly, the spatial feature map contributed by level [ is
Fy = S0Z] = SoPosiZ],  F € Rowo)xd,

where Py_,o = I. Thus, every decoded hierarchy level contributes a spatial feature map through the same
assignments that formed the encoder hierarchy.

To combine these multi-level features, we concatenate all aligned hierarchy states in the finest segment space
and project them back to the decoder feature dimension:

Imax

Znier = Z{, + Proj (Concat [Z('), Z, .7 D )

The fused hierarchy representation is then projected to the spatial domain using the initial superpixel
assignment:
Fhier = SOZhier-

This operation fuses the decoded hierarchy states in the common finest-segment space before projecting the
resulting representation to the spatial domain. The resulting feature map is combined with the stride-8 and
stride-4 convolutional features and refined through convolution and upsampling to produce the final dense
prediction.

A common design in dense prediction is to build a spatial hierarchy by assembling feature maps from
multiple representation levels. DPT (Ranftl et al., 2021) is a representative example of this approach. It
reassembles features from different ViT layers into regular-grid feature maps at multiple spatial resolutions
and progressively fuses them through a convolutional decoder.

In SHED, the hierarchy is defined over learned segment regions. The number of segment tokens progressively
decreases as the encoder forms coarser regions, and the same learned assignments guide coarse-to-fine feature
transport during decoding. The decoded hierarchy states are projected onto a common hg X wq feature grid
at stride 8 and fused across abstraction levels. The subsequent convolutional decoder incorporates stride-4
features and upsamples the prediction to the input resolution.

4 Experiments

We evaluate SHED along three dimensions. First, we assess depth prediction and cross-domain transfer
through per-pixel accuracy, occlusion-boundary quality, object-wise depth accuracy, and 3D reconstruction.
Second, we analyze the structure captured by representations learned under depth supervision through learned
region hierarchies, part-level alignment, and image retrieval. Third, we evaluate SHED on additional dense
prediction tasks through supervised semantic-segmentation fine-tuning and matched optical-flow training.
Controlled ablations further examine tokenization, learned grouping, reverse reconstruction, and multi-level
spatial readout. We also report computational cost.

4.1 Setup

Following the hybrid CNN-Transformer design of DPT-Hybrid (Ranftl et al., 2021), we use a ResNet-50/ViT-
Small baseline for controlled comparisons with SHED. Our configuration uses the stem and first two residual
stages of ResNet-50 (He et al., 2016), a 1 x 1 feature projection, and a 12-block, 384-dimensional ViT-Small
trunk (Dosovitskiy, 2020). We refer to this configuration as DPT throughout the paper. In the primary
NYUv2 comparison, DPT and SHED share the supervised ImageNet-1K initialization for corresponding
backbone and trunk weights, training data, optimization, and evaluation protocol.
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For in-domain depth evaluation, we train and evaluate on NYUv2 (Nathan Silberman & Fergus, 2012), a
standard benchmark for indoor depth estimation. For cross-domain evaluation, we train both DPT and
SHED on the synthetic HyperSim dataset (Roberts et al., 2021) and assess their synthetic-to-real transfer
to the real-world NYUv2 dataset. Throughout the paper, DPT is our primary controlled baseline. This
comparison evaluates the overall model design; decoder alternatives and multi-level spatial readout are
examined further in the controlled ablations. Released relative and metric-HyperSim checkpoints of Depth
Anything v2 Small (Yang et al., 2024) are included as contextual references because their architecture and
pretraining differ from those of the controlled DPT-SHED comparison.

Tokenization. We generate superpixels from RGB images using the SEEDS algorithm (Van den Bergh et al.,
2012). SEEDS is fixed and non-differentiable and uses neither semantic nor instance annotations. The primary
NYUv2 comparison uses 480 x 640 inputs with a segment-token schedule of 1200 — 512 — 256 — 128, matching
DPT’s 30 x 40 grid at the finest level. The decoder/readout controls and computational measurements use
384 x 384 inputs with 576 — 256 — 128 — 64 tokens, matching a 24 x 24 grid. Features are extracted from
intermediate ResNet-50 blocks at 1/4 and 1/8 of the input resolution; both are passed to the final decoder
via skip connections. In the interleaved segment-token configuration, SHED initializes segment tokens by
pooling the stride-8 convolutional features within superpixels before ViT processing. The primary NYUv2
comparison and the decoder/readout controls use a variant that instead initializes the segment hierarchy by
pooling the output features of a 12-block grid-token ViT within the superpixels.

Architecture. The interleaved segment-token configuration described in Section 3 is used for the HyperSim-
trained SHED model. The encoder consists of three stages, each with two ViT blocks followed by graph
pooling, progressively reducing the number of segment tokens to 256, 128, and 64 at 384 x 384 input resolution.
The decoder mirrors this with unpooling and receives skip connections from the corresponding encoder stages.
Each decoder stage contains two ViT blocks, giving six encoder blocks and six decoder blocks in total. We use
this token-count schedule as a fixed multiscale scaffold. The pooling assignments and the content routed into
each segment remain learned and image-dependent. At each reverse stage, the learned pooling assignment
transports coarse features back to the corresponding finer segments. These features are added to the encoder
skip and processed by an MLP followed by the stage’s ViT blocks. The four hierarchy states are combined by
the multi-level spatial readout described in Section 3.

The primary NYUv2 comparison and the decoder/readout controls use a grid-token configuration. A 12-block
VIiT first processes the CNN-derived grid tokens. Its output features are pooled within SEEDS superpixels
to initialize a segment hierarchy with three forward transitions. A shared pooling module constructs the
hierarchy, and a shared reverse-refinement module propagates coarse features back through the learned
assignments. The primary NYUv2 configuration uses all four hierarchy states for spatial readout. The
decoder /readout controls additionally retain a shared DPT-style spatial pyramid to evaluate reconstruction
while preserving progressive spatial upsampling.

Metric-depth output. For the primary NYUv2 comparison, DPT predicts d=10 sigmoid(z) and SHED
predicts d=10 sigmoid(z + b ), with depth expressed in meters. Here z is the spatial output logit, and b
is a learned, image-dependent scalar bias obtained by averaging the four CLS-conditioned level logits used in
the hierarchy readout. Neither model uses target-fitted scale or shift at inference.

For the primary NYUv2 comparison in Table 1, DPT and the SHED configuration with a grid-token encoder
are trained for 40,000 optimizer steps at 480 x 640 resolution with a batch size of 16. Both use AdamW
with weight decay 0.02 and a one-cycle learning-rate schedule. The maximum learning rates are 2 x 10~° for
pretrained parameters and 2 x 10~* for newly initialized parameters. Both models use the same training
images and augmentations, with a scale-invariant logarithmic loss (SILog, A = 0.85) computed against
ground-truth depth.

We evaluate the final-step checkpoint from each run on the official 654-image NYUv2 test split using the same
crop and valid-depth range. Results are reported as mean + sample standard deviation over training seeds
0, 1,2, with paired-seed confidence intervals reported for the primary comparison. The 384 x 384 control
experiments restore predictions to 480 x 640 by bilinear interpolation before evaluation. For synthetic-to-real
transfer, the HyperSim-trained DPT and SHED models are evaluated on NYUv2 without test-time scale,
shift, or affine alignment. Their results are reported over training seeds 0, 1, 2.
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Figure 3: SHED produces structurally coherent depth predictions aligned with scene layout. We
visualize the learned fine-to-coarse segment hierarchy alongside the final depth prediction and ground-truth
(GT) depth on NYUv2 test examples. Superpixels and learned segment boundaries are shown as yellow
overlays on the same input image at every hierarchy level, allowing the fine-to-coarse grouping to be compared
directly. In the first example, the learned regions delineate classroom desks, with the corresponding depth
prediction separating them from the background. In the second, SHED partitions the table into multiple
regions while preserving a smooth depth variation toward the back.

4.2 Segment-consistent depth estimation

We evaluate the accuracy and geometric structure of SHED’s depth predictions. We first visualize the learned
region hierarchies together with their corresponding depth maps. We then report per-pixel accuracy and
cross-domain transfer, alongside contextual comparisons with released depth foundation models. Finally, we
assess structural quality through occlusion-boundary localization, object-wise depth accuracy, and 3D scene
reconstruction.

Qualitative depth and region structure. Figure 3 shows the learned segment hierarchies together with
their corresponding depth predictions. The examples illustrate region boundaries around classroom desks and
the partitioning of a tabletop into multiple regions. We display the superpixels and all subsequent hierarchy
levels using the same boundary-overlay style on the input image, facilitating comparison across levels. The
examples illustrate region boundaries around classroom desks and the partitioning of a tabletop into multiple
regions, alongside the corresponding depth predictions.

Per-pixel metrics & generalization. Table 1 reports standard per-pixel depth metrics under both
in-domain and cross-domain settings. Under matched NYUv2 training, mean results favor SHED on all
reported metrics. The paired 95% confidence interval over training-seed differences is above zero for ;. The
NYUv2 evaluation split was also used for configuration selection; this interval therefore quantifies variation
across training seeds conditional on that selection. Under HyperSim-to-NYUv2 transfer, SHED improves all
reported mean metrics over the HyperSim-trained DPT baseline. Both models are trained only on HyperSim
and evaluated without test-time scale, shift, or affine alignment.

Table 1 also reports NYUv2-to-SUN-RGBD transfer using the same NYUv2-trained checkpoints without
target fine-tuning or calibration. Across the transfer settings, the largest relative gains occur in AbsRel and
RMSE for HyperSim-to-NYUv2 transfer.

Comparison with foundation models. Table 3 places our primary NYUv2 depth results alongside the
released Depth Anything v2 ViT-S model (Yang et al., 2024). DPT and SHED use matched supervised
ImageNet-1K initialization and NYUv2 training, and are evaluated without test-time scale or shift alignment.
Their results are reproduced from Table 1.

In block A, we evaluate the released relative-depth checkpoint after fitting a least-squares scale and shift in
depth space separately for each image using valid NYUv2 ground-truth pixels. In block B, we evaluate the
released metric-HyperSim checkpoint without target-derived calibration. SHED achieves better mean depth
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Figure 4: SHED shows sharper object contours and clearer occlusion boundaries in these
examples. We compare depth maps (cols. 2—4) and occlusion boundaries (cols. 5-6) from DPT and SHED
on the NYUv2-OC++ dataset. Boundaries are extracted using a Canny edge detector and compared with
the reference annotations. Ground-truth edges are shown in yellow, matched predicted edges in green, and
unmatched predicted edges in red. These examples highlight clearer separation around furniture in the
bedroom (row 1) and around the armchair and ottoman (row 2).

Table 1: SHED improves mean depth accuracy across in-domain and cross-domain evaluations.
We evaluate on the 654-image NYUv2 test split and the 5,050-image SUN-RGBD test split. DPT and SHED
are compared under matched training and evaluation protocols within each block. The NYUv2-trained
SHED uses the grid-token configuration; the HyperSim-trained model uses the interleaved segment-token
configuration. All predictions are evaluated without target-derived scale or shift alignment. The NYUv2
evaluation split was used for configuration selection. SUN-RGBD evaluation uses the same NYUv2 checkpoints
without target fine-tuning or calibration. Results are mean + sample standard deviation over training seeds
0,1,2. Bold denotes the better displayed mean within each block.

Depth accuracy Depth error
Method Train o1 1 o2 1 o3 1 AbsRell] RMSE] logo 4
Trained on NYUv2, tested on NYUv2
DPT NYUv2 0.8644£0.0005  0.9785+0.0008  0.99494+0.0004  0.1205+0.0007  0.4144£0.0031  0.0510£0.0004

SHED (ours) NYUv2 0.8687+0.0008 0.97994+0.0012 0.9951+0.0004 0.11894+0.0012 0.4088+0.0018 0.0501+0.0003

Trained on HyperSim, tested on NYUv2

DPT HyperSim  0.42614+0.0088  0.7810+£0.0046  0.9354+0.0046  0.3617+£0.0092  1.0381+0.0054  0.1303=+0.0020
SHED (ours) HyperSim 0.4764+0.0170 0.8033+0.0115 0.9356+0.0035 0.3272+0.0164 0.9501+0.0264 0.1231+0.0032
Trained on NYUv2, tested on SUN-RGBD

DPT NYUv2 0.7608£0.0016  0.9449+0.0001 0.98584+0.0003 0.1677+0.0010  0.4932£0.0020  0.0698+0.0002
SHED (ours) NYUv2 0.7637+£0.0012 0.9461+0.0011 0.9858+0.0005 0.1670+0.0018 0.4887+0.0021 0.0693+0.0003

metrics than DPT within each matched comparison. Comparisons with the released Depth Anything v2
checkpoints additionally reflect differences in architecture, pretraining, supervision, and calibration protocol.

Boundary accuracy. We assess the structural quality of SHED by comparing occlusion boundaries against
DPT on the NYUv2-OC++ dataset (Ramamonjisoa et al., 2020). Figure 4 shows predicted depth maps and
their occlusion boundaries, extracted using a Canny edge detector (Canny, 1986).

For quantitative boundary evaluation, we use the matched 384 x 384 configuration and fixed normalized Canny
thresholds of 0.15/0.30. We report ¢,, the mean localization error of predicted edges satisfying the strict
10-pixel eligibility rule, and &., the symmetric 10-pixel-clipped Chamfer error normalized by the combined
edge count. The complete evaluation protocol is specified in Section A.
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Table 2: SHED achieves lower mean boundary errors and better mean object-wise depth metrics.
Boundary evaluation uses the matched 384 x 384 configuration; predictions are bilinearly restored to the native
480 x 640 evaluation grid before computing &, and e, with fixed Canny thresholds of 0.15/0.30. Object-wise
depth evaluation uses the primary 480 x 640 NYUv2 checkpoints and computes instance-macro metrics using
the original instance annotations. DPT and SHED use matched training and evaluation protocols within each
evaluation block. Results are mean £ sample standard deviation over training seeds 0, 1, 2. Bold denotes the
better displayed mean.

Boundary Object-wise depth
Method €a gc 011 RMSE| logqo 4
DPT 5.5148+0.0425 9.5716+0.0073 0.8487+0.0025 0.44714+0.0044 0.0540+0.0005

SHED (ours) 5.3988+0.0782 9.5466+0.0195 0.8506+0.0029 0.4451+0.0036 0.0537+0.0004

Table 3: Comparison with matched DPT baselines and released Depth Anything v2 references.
All results use the 654-image NYUv2 test split. DPT and SHED results are mean + sample standard deviation
over three training seeds; DAv2-S uses fixed released weights. Bold denotes the better displayed mean within
each matched DPT-SHED comparison.

Depth accuracy Depth error
Method o1 1 02 T o3 1 AbsRel | RMSE | logo
A. In-domain comparison with a target-aligned relative-depth reference
DPT 0.8644£0.0005 0.97854+0.0008 0.9949+0.0004 0.1205£0.0007 0.414440.0031 0.0510=£0.0004
SHED (ours) 0.8687+0.0008 0.9799+0.0012 0.9951+0.0004 0.1189-+0.0012 0.4088+0.0018 0.0501+0.0003
DAv2-S (relative) 0.8747 0.9680 0.9907 0.1131 0.4417 0.0472
B. Synthetic-to-real comparison without target calibration
DPT 0.4261£0.0088 0.7810+0.0046 0.9354+0.0046 0.3617£0.0092 1.038140.0054 0.1303+0.0020
SHED (ours) 0.4764+0.0170 0.8033+0.0115 0.9356£0.0035 0.3272£0.0164 0.9501+0.0264 0.1231+0.0032
DAv2-S (metric-HyperSim) 0.3991 0.8747 0.9763 0.3285 0.9196 0.1192

At the primary Canny setting, SHED has lower mean ¢, and lower mean e.. Table 10 shows the same mean
ordering at three fixed thresholds. Predicted-edge density is slightly higher for SHED, so the mean error
reductions are not explained by predicting fewer edges. The paired 95% confidence intervals over training-seed
differences include zero for both boundary metrics. We therefore report a repeated mean ordering, not a
statistically established boundary improvement.

Object-wise depth accuracy. Beyond boundary localization, we evaluate depth accuracy within annotated
object regions on NYUv2 (Nathan Silberman & Fergus, 2012), using ground-truth object masks as structural
references. As shown in Table 2, SHED achieves higher mean d; and lower mean RMSE and log,, error than
DPT. The paired 95% confidence intervals over the three training seeds include zero for all three metric
differences. The within-object gains are modest and vary by error measure.

3D scene reconstruction. We evaluate the geometric structure of predicted depth by reconstructing
3D point clouds on NYUv2 (Nathan Silberman & Fergus, 2012). Predicted and ground-truth depths are
back-projected using NYUv2 camera intrinsics. DPT and SHED use the same intrinsics and valid-pixel masks.
Depth values are expressed in meters, and evaluation is performed without test-time scale or pose alignment.

Figure 5 shows frontal and bird’s-eye views of point clouds reconstructed from the same RGB image. In this
example, SHED produces straighter wall contours than DPT, illustrating how differences in predicted depth
affect the reconstructed surface geometry.

We quantify reconstruction performance with the Chamfer distance (Fan et al., 2017) in both directions.
Each direction measures the mean Euclidean distance from points in one cloud to their nearest neighbors in
the other. As shown in Table 4, SHED has lower mean Chamfer distances in both directions, corresponding
to closer aggregate agreement between the predicted and ground-truth surfaces. Figure 6 illustrates how
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) SHED (ours)

Figure 5: SHED produces structured 3D reconstructions. We visualize 3D point clouds reconstructed
from single-view depth maps, using predictions from DPT and SHED, together with ground-truth depth, for
an NYUv2 example. Frontal views (cols. 2-4) and bird’s-eye views (cols. 5-7) show the reconstructed scene
from different viewpoints. In this example, SHED produces flatter wall geometry than DPT, as seen most
clearly in the bird’s-eye views.

Segment 3D Parts

Table 4: SHED achieves lower mean
Chamfer distance in both directions.
We evaluate point clouds reconstructed from
predicted and ground-truth depth on the
654-image NYUvV2 test split. Both directed
distances are reported in meters, without
test-time scale or pose alignment. Results
are mean + sample standard deviation over
training seeds 0, 1, 2. Bold denotes the lower
displayed mean in each direction.

Figure 6: SHED lifts learned segments into structured
3D regions. We show the input image, learned segment parti-
tion, and corresponding 3D region decomposition obtained using

Method Pred.—GT | GT—Pred. | ) . .
DPT 01738000015 0.191940.0010 SHED-predicted depth.. segmentation or Part ar.lnotatlons. The
SHED (ours)  0.1726+0.0026  0.1892+0.0047 segments are learned with depth supervision, without semantic

learned image regions can be lifted with predicted depth into 3D region decompositions. The model learns
these regions through depth supervision, without semantic segmentation or part annotations. The depth and
region predictions thus provide complementary descriptions of scene geometry.

4.3 Structure-aware representations

We examine the structure captured by SHED representations learned under depth supervision through
region-hierarchy visualization, part-level alignment, and image retrieval. These analyses assess whether the
learned representations encode scene and object structure beyond per-pixel depth accuracy.

Learned region hierarchies. We analyze the segment hierarchy learned by SHED by comparing it to CAST,
an encoder trained for image recognition using segment-based representations. Specifically, we use CAST,
trained on ImageNet (Deng et al., 2009) with the self-supervised MoCo-v3 objective (Chen et al., 2021). For
this visualization, we configure SHED to produce 64, 32, and 16 segments from 196 initial superpixels at
224 x 224, matching the hierarchy sizes of CAST.

Figure 7 shows the resulting partitions at three levels of granularity. In these examples, several boundaries of
the depth-trained SHED hierarchy follow object and surface outlines visible in the RGB and depth references.
Both methods progressively form coarser region groupings. The illustrated region structure emerges during
depth training without region or part annotations.

Part-level structural alignment on PartNet. We evaluate whether depth-trained representations align
with held-out 3D part annotations from PartNet (Mo et al., 2019). We use a custom-rendered subset of the
official test split containing 807 shapes from 17 categories and 6,456 fixed views. Four shapes have no valid
rendered part annotations in any view, leaving 6,424 views for scoring. PartNet annotations are used only for
evaluation, never for training, clustering, checkpoint selection, or hyperparameter tuning.

11
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Image GT segments GT depth SHED: 64, 32, 16 boundaries

i:

CAST: 64, 32, 16 boundaries

Figure 7: SHED learns depth-aware segment hierarchies. We compare segmentations from SHED and
CAST (Ke et al., 2024) at the same hierarchy levels: 64, 32, and 16 segments. Both methods are visualized
at 224 x 224 resolution with 196 initial superpixels; levels are ordered from fine to coarse within each method.
All predicted partitions are shown as yellow boundary overlays on the same input image. Ground-truth
segments and depth are included for reference. In these examples, SHED boundaries follow the bed and its
components (row 1) and form progressively coarser groupings across the floor (row 2). SHED is trained with
depth supervision; the CAST reference is trained on ImageNet using the self-supervised MoCo-v3 objective.

Table 5: SHED achieves higher mean part-level structural alignment than DPT on PartNet.
We score 6,424 nonempty views from 6,456 renderings of 807 test shapes across 17 categories, using part
annotations only for evaluation. Metrics are averaged over views within each shape, shapes within each
category, and then equally over categories. Coarse and fine ARI use 17 categories; the other metrics use
nine categories with middle-level annotations. Hier. denotes aggregation over coarse, middle, and fine levels;
Boundary F is also aggregated over these levels. DPT and SHED report mean + sample standard deviation
over training seeds 0,1,2. SEEDS and CAST-S are fixed single-run references. Bold denotes the highest
displayed mean in each column.

Method Hier. ARI 1 Coarse ARI 1 Middle ARI 1 Fine ARI 1 Hier. oracle mIoU 1 Boundary F 1
DPT 0.1183 £ 0.0026 0.11954+0.0019  0.1409+0.0037  0.0825 % 0.0028 0.3040 £ 0.0032 0.1518 £ 0.0004
SEEDS 0.1305 0.1335 0.1508 0.1159 0.2799 0.2408
CAST-S 0.1512 0.1667 0.2012 0.0817 0.3637 0.2269

SHED (ours) 0.1640+0.0044 0.1781 £0.0025 0.1925 +0.0048 0.1300 + 0.0035 0.3557 £ 0.0128 0.2158 £ 0.0030

We render eight fixed 384 x 384 views per shape at 45° azimuth intervals, 20° elevation, and camera distance 3.
We use the same frozen NYUv2-trained DPT and SHED checkpoints as in the primary depth evaluation. For
DPT, we cluster final-block patch tokens; for SHED, we cluster fine-level features after reverse reconstruction.
For both models, features are fs-normalized before deterministic spherical k-means at K € {16, 32,64}.
All methods use the same renderings, camera parameters, and valid-point masks. Rendered ground-truth
depth lifts the resulting regions into 3D, isolating representation alignment from depth-prediction error.
Quantitative results are reported in Table 5.

SHED improves all reported mean metrics over DPT. Among the evaluated methods, SHED also achieves the
highest mean hierarchical, coarse, and fine ARI. CAST-S leads on middle-level ARI and hierarchical oracle
mloU, and SEEDS leads on boundary F-score. Fixed qualitative examples are shown in Figure 8. These
results indicate that part-level structure is reflected in features learned under depth supervision, without
PartNet supervision.

Image retrieval. We additionally evaluate representations learned under depth supervision through image
retrieval using mean-pooled encoder patch tokens for both DPT and SHED. The evaluation protocol and
results are reported in Section C. SHED achieves higher mean retrieval scores with this shared readout. Both
models use the same readout without a model-specific retrieval head.
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Figure 8: SHED captures visible part structure without PartNet supervision. We compare DPT,
CAST-S, and SHED using the same rendered views, with the corresponding PartNet annotations shown at
the right. Fine and coarse partitions are displayed as yellow boundary overlays on the input image for every
method. PartNet annotations are used only for evaluation. White contours show the common rendered-object
silhouette; yellow contours show each method’s fine and coarse partition boundaries.

Table 6: SHED achieves higher mIoU and boundary F-score than CAST on ADE20K. We fine-tune
SHED on the ADE20K training set using semantic labels for 240 epochs with a batch size of 16 and evaluate
on the official validation split. ViT-Small and CAST values are reported reference results from Ke et al.
(2024). Bold denotes the highest reported value in each column.

Method mloU 1T Boundary F-score 1
ViT-Small 41.7 —

CAST 43.1 36.5

SHED (ours) 44.5 37.7

4.4 Additional dense prediction tasks

Semantic segmentation. We evaluate supervised transfer to ADE20K by fine-tuning SHED on the training
set using semantic labels for 240 epochs with batch size 16. Following the CAST evaluation protocol, we
report region-level mIoU and boundary F-score on the official validation split in Table 6. SHED achieves
higher reported mloU than the ViT-Small and CAST references, together with a higher reported boundary
F-score than CAST. The gains over CAST extend to both region overlap and boundary alignment.

Optical flow. We further evaluate assignment-tied reverse-hierarchy features for optical flow with
RAFT (Teed & Deng, 2020). Both variants use the same ResNet-50/12-block Transformer backbone
initialized from the same supervised ImageNet-1K DPT-12E checkpoint. They also instantiate and execute
the same online SEEDS, hierarchy, and reverse-processing modules. Neither variant uses a depth-trained
checkpoint, depth predictions, a teacher, or pseudo-labels.

We denote the matched grid-feature control as RAFT-DPT. It supplies the final block-12 Transformer grid to
RAFT’s correlation module. Although the control executes the hierarchy branch for compute matching, its
output selector retains the DPT grid. RAFT-SHED instead supplies the grid refined by the assignment-tied
reverse-hierarchy residual. The comparison therefore isolates whether reverse-hierarchy information is included
in the correlation features.
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Table 7: RAFT-SHED achieves lower optical-flow EPE in all three training seeds. We compare
RAFT using grid features with RAFT using SHED reverse-hierarchy features. Both variants share the
backbone, initialization, training data, and optimization recipe, and are trained on FlyingChairs for 5,000
steps with a batch size of 8. We evaluate the final checkpoints on 640 validation image pairs using 24 RAFT
update iterations. We report end-point error (EPE) in pixels for each training seed and the mean + sample
standard deviation across seeds. Bold denotes the lower displayed EPE in each column.

Method Seed 0 Seed 1 Seed 2 Mean + SD
RAFT-DPT (grid features) 1.8840 1.7864 1.7934 1.8213+0.0545
RAFT-SHED (ours) 1.7805 1.7540 1.7530 1.7625+0.0156
SHED error

Frame 1 Frame 2 RAFT-DPT RAFT-SHED (ours) GT flow DPT error

(

D sl
|

i ] y

Figure 9: Qualitative optical-flow comparison with the DPT-grid control. Both methods use the
matched 5,000-step protocol. The last two columns show per-pixel end-point error under the same color scale;
darker pixels indicate lower error. Across the full 640-pair validation set, RAFT-SHED obtains lower error on
542 pairs (84.7%).

We train both variants on FlyingChairs for 5,000 steps with a batch size of 8 and training seeds 0,1, 2.
Training data, crops, optimizer, learning-rate schedule, and the remaining RAFT components are shared. We
evaluate the exact final checkpoint from every run on all 640 validation image pairs using 24 RAFT update
iterations.

As shown in Table 7, RAFT-SHED achieves lower end-point error (EPE) than RAFT-DPT in every paired
training seed. Figure 9 shows the corresponding seed-0 RAFT-DPT and RAFT-SHED predictions. The
displayed examples illustrate cases in which the reverse-hierarchy features better preserve object-motion
structure and reduce errors around motion boundaries. The complete per-image evaluation for the same seed
also favors RAFT-SHED on a large majority of the validation pairs. The reverse-hierarchy features therefore
improve motion correspondence under the tested flow-supervised training protocol.

4.5 Ablation studies and computational cost

Decoder control. Table 8 compares SHED with ConvCap+Spatial after 2,500 training steps. Both models
retain the grid-token encoder, SEEDS tokenizer, learned forward hierarchy, and DPT-style spatial pyramid.
SHED uses assignment-tied reverse processing and all-level readout, whereas ConvCap+Spatial reconstructs
fine features from global summaries of the forward hierarchy before spatial decoding. This comparison
evaluates the combined reverse hierarchy and readout while preserving progressive spatial upsampling. Both
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Table 8: SHED achieves lower mean depth and boundary errors in the 2,500-step decoder control.
We compare SHED with ConvCap+Spatial on NYUv2 while retaining SEEDS, the learned forward hierarchy,
and a DPT-style spatial pyramid in both models. SHED uses assignment-tied reverse processing and all-level
readout; ConvCap+Spatial reconstructs fine features from global hierarchy summaries. Both models use
384 x 384 inputs and Canny thresholds of 0.15/0.30. Results are mean + sample standard deviation over
seeds 0,1,2. Bold denotes the better displayed mean in each column.

Method 01T AbsRell RMSE| logyo 4 €a 4 ecd
ConvCap+Spatial 0.77054+0.0026 0.1638+0.0012 0.5660£0.0019  0.067940.0004 5.723+0.120 9.623+0.018
SHED (ours) 0.7705+£0.0009 0.16314+0.0007 0.5655+0.0014 0.0677+0.0002 5.554+0.082 9.573+0.013

Table 9: All-level versus finest-only readout from frozen NYUv2 checkpoints. Both settings retain
the complete reverse hierarchy. Only the readout configuration is changed at inference, without retraining.
Results are mean 4 sample standard deviation over the same three fixed checkpoints. Bold denotes the better
mean between the two settings.

Readout o1 7 o2 T AbsRel] RMSE]

Finest only (Lo) 0.8673+£0.0007 0.9794+0.0011 0.1195+0.0017 0.4106+0.0010
All four levels (Lo, L1, L2, L3) 0.8687+0.0008 0.9799+0.0012 0.1189+0.0012 0.4088+0.0018

models use 384 x 384 inputs and seeds 0, 1,2. SHED achieves lower mean errors on all reported error metrics,
while 6 is tied at the displayed precision. The training-seed-level evidence for an improvement in . remains
inconclusive. Within this training budget, the combined reverse hierarchy and readout show their largest
relative mean error reduction in boundary localization.

Tokenizer and grouping controls. The complete 2,500-step five-arm study additionally evaluates regular-
grid initial regions and fixed grouping under the same recipe. Its results are reported in Table 11. The
tokenizer and grouping comparisons show small depth-accuracy differences and more noticeable changes in
mean boundary localization within the tested configurations.

Multi-level spatial readout. Table 9 compares all-level and finest-only readout using the three fixed
primary NYUv2 checkpoints without retraining. Both settings retain the complete reverse hierarchy; only the
readout configuration changes at inference. All-level readout yields better mean values on all four reported
metrics than finest-only readout. For these fixed checkpoints, directly reading the coarser states complements
their propagation through the reverse hierarchy.

Computational characteristics. Table 12 reports the inference cost of DPT and the grid-token encoder
configuration of SHED at 384 x 384, with batch size 1 and BF16 on an NVIDIA H100. We report both
model-only and end-to-end latency, with the latter including online SEEDS with 50 refinement iterations.T
he measured grid-token implementation has a similar parameter count and peak GPU memory usage to DPT,
with additional latency from both neural processing and online SEEDS.

5 Conclusion

We presented SHED, a dense prediction architecture that couples a learned forward segment hierarchy with
reverse coarse-to-fine decoding through the same grouping assignments. The hierarchy is learned end-to-end
from the task objective without segmentation labels. Under matched training, SHED achieves better mean
monocular-depth metrics than DPT, with the largest relative gains under HyperSim-to-NYUv2 transfer
without target calibration. Representations learned under depth supervision also show stronger part-level
alignment on PartNet, and applying the reverse hierarchy to RAFT consistently reduces optical-flow error
across training seeds. Boundary localization, object-wise depth, and 3D reconstruction show smaller mean
differences that further characterize the geometric effects of the model. Taken together, these results suggest
that tying dense reconstruction to a learned region hierarchy is a useful inductive bias for dense prediction.
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Reproducibility. Implementation details are in Section A. Code and trained models are available at
https://github.com/1sh3163/SHED.
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A Implementation Details

A.1 Training details

The NYUv2 training settings and input resolutions are specified in the main experimental setup. RGB
images are resized using bilinear interpolation, while depth maps and valid-depth masks use nearest-neighbor
interpolation. Raw depth values are converted from millimeters to meters.

Both models use the same augmentation policy. Horizontal flipping is applied with probability 0.5. Geometric
transformations are applied jointly to RGB, depth, and valid-depth masks, while photometric transformations
affect only RGB. The policy includes brightness, contrast, saturation, gamma, and hue adjustments, together
with translation, scaling, and rotation.

Tokenization. For SHED, SEEDS (Van den Bergh et al., 2012) operates on the spatially augmented
RGB image, converted to Lab, before photometric augmentation and ImageNet normalization. OpenCV
SEEDS uses one internal level, prior 2, five histogram bins, and 50 refinement iterations. The primary
480 x 640 NYUv2 configuration uses 1,200 initial superpixels; the 384 x 384 control experiments use 576. The
corresponding hierarchy schedules are specified in the main text.

A.2 Depth and structural evaluation

We evaluate on the 654-image NYUv2 test split (Nathan Silberman & Fergus, 2012) at 480 x 640 resolution,
bilinearly resizing lower-resolution predictions when needed. Crop coordinates below are zero-based and
half-open, with rows specified before columns.

Per-pixel depth metrics. We use the crop [45:471,41:601] and valid ground-truth depths satisfying
0.01 < d < 10.0 meters. Predictions are clamped to [0.01,10.0] meters. Threshold accuracy dj, is the fraction
of valid pixels satisfying max(c?/d, d/J) < 1.25% for k = 1,2,3. We also report AbsRel, RMSE, and mean
absolute log;, error. Each metric is computed per image and then averaged over images.

NYUv2-OC++ boundary protocol. Boundary evaluation uses the crop [20:460,24:616]. Zero
depth is invalid. Predicted depth is min—max normalized over valid support in float32 before applying
skimage.feature.canny with o = v/2 and thresholds 0.15/0.30. ¢, is the mean distance to the nearest
ground-truth boundary over predicted boundary pixels whose distance is strictly below 10 pixels. ¢, sums
nearest-boundary distances in both directions, clipped at 10 pixels, and divides by the combined predicted
and ground-truth boundary-pixel count. If the eligibility set for €, is empty, we assign both ¢, and . a value
of 10 pixels.

Object-wise depth metrics. We compute the depth metrics separately within each annotated object mask
intersected with valid-depth support. For each training seed, scores are averaged uniformly over all valid
object instances across the evaluation set.

3D evaluation. Predicted and ground-truth depths are back-projected using the same NYUv2 camera
intrinsics and valid-pixel masks. Chamfer distances are computed per image in both directions and averaged
over the 654 test images.

A.3 Efficiency measurement protocol

We measure inference on one NVIDIA H100 in BF16 with batch size one at 384 x 384. Each of five fresh-process
repeats includes 50 warm-up iterations and 500 measured iterations with explicit CUDA synchronization; we
report the median over repeats. Model-only latency covers the GPU forward pass. End-to-end latency starts
from an in-memory RGB image and includes tensor preparation, online SEEDS, host-to-device transfer, and
depth decoding; disk decoding is excluded. SEEDS uses 576 initial regions, 50 refinement iterations, and one
CPU worker for this measurement. Peak allocated GPU memory excludes CPU memory used by SEEDS,
and neural FLOPs exclude CPU preprocessing. Measured costs are reported in Table 12.
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Table 10: SHED lowers both boundary-error means across three fixed Canny settings on
NYUv2-OC++. The same frozen matched-384 predictions are evaluated at every displayed threshold pair.
Predictions are bilinearly restored to the native 480 x 640 evaluation grid before scoring. Results are mean
+ sample standard deviation over training seeds 0,1, 2. Density is the percentage of cropped image pixels
detected as boundaries and is reported as a diagnostic with no preferred direction. Bold denotes the lower
displayed mean boundary error within each threshold pair.

Thresholds Method €a ecd Density (%)
0.10/0.20 DPT 4.8419+0.0279 9.1683+£0.0233  0.27834+0.0100
SHED (ours) 4.7787+0.0432 9.1489+0.0407 0.2912+0.0127
0.15/0.30 DPT 5.51484+0.0425 9.5716+0.0073  0.12924-0.0037
SHED (ours) 5.3988+0.0782 9.5466+0.0195 0.1388+0.0057
0.20/0.40 DPT 6.83454+0.0561 9.7842+0.0067  0.059940.0033

SHED (ours) 6.5790+0.0786 9.7652+0.0103 0.0677+0.0027

B Additional Controls and Robustness Analyses

B.1 Boundary-threshold and edge-density sensitivity

Table 10 evaluates the same frozen matched-384 predictions used for the boundary block of Table 2. Predictions
are bilinearly restored to the native 480 x 640 evaluation grid before scoring. Following the reviewer’s request,
we report predicted-edge density together with a sensitivity analysis over three fixed Canny threshold pairs
spanning the tested range. The middle pair, 0.15/0.30, is the primary setting, and the sweep is not used to
select a favorable threshold for either method.

Across the three fixed Canny settings, SHED has lower mean ¢, and ¢, than DPT at every setting. The
reductions in e, are 1.3%, 2.1%, and 3.7% at 0.10/0.20, 0.15/0.30, and 0.20/0.40, respectively. The
corresponding reductions in €. are also preserved at all three operating points. This repeated mean ordering
shows that the reported boundary result is not tied to a single Canny threshold.

SHED produces denser edge maps, with absolute density increases of 0.0129, 0.0096, and 0.0078 percentage
points across the three settings. We report these values explicitly because edge density can affect boundary
metrics. Notably, the density increase is not accompanied by worse predicted-to-reference localization: &,
which penalizes spurious or mislocalized predicted edges, is lower for SHED at every threshold. Moreover, the
improvement occurs simultaneously in €, and the symmetric error €. throughout the tested threshold range.
These results support a favorable localization—coverage trade-off rather than indiscriminate edge proliferation.

B.2 Factor-isolation controls

Table 11 reorganizes the complete five-arm, 2,500-step experiment into three direct factor contrasts. All
variants use the same training data, initialization protocol, optimization, 384 x 384 input resolution, training
budget, evaluation inventory, and three training seeds. Within each contrast, the named component is
changed while the remaining hierarchy and prediction pipeline are retained.

Tokenizer control. The RH and Grid+RH arms differ only in their initial regions: RH uses SEEDS
regions, whereas Grid+RH uses a regular 24 x 24 token grid. Their depth results are nearly identical. RH
has lower ¢, by 0.046, whereas Grid+RH has lower . by 0.013. Thus, the reverse-hierarchy model retains
comparable depth and boundary behavior after the hand-crafted SEEDS boundary prior is removed. The
structural behavior therefore cannot be explained solely by SEEDS snapping the initial regions to RGB
gradients.

Learned-grouping control. The RH and Fixed4+RH arms retain the same tokenizer, hierarchy sizes,
reverse-processing path, and training recipe. Fixed+RH replaces the learned fine-to-coarse assignments with
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Table 11: Matched factor controls isolate the tokenizer, learned grouping, and assignment-tied
reverse reconstruction. All controls use 384 x 384 inputs, 2,500 training steps, and training seeds 0, 1, 2.
Each row changes only the factor named in the first column. We report the gain produced by the proposed
factor: for &1, gain is proposed minus control, whereas for error metrics it is control minus proposed. Positive
values therefore favor the proposed factor. The tokenizer comparison is a stress test of the SEEDS prior:
replacing SEEDS with regular grid tokens produces only small, mixed changes, showing that the reverse
hierarchy does not depend on the hand-crafted boundary prior. Learned assignments and assignment-tied
reverse reconstruction improve both boundary-error directions. The boundary intervals are 95% paired-image
bootstrap intervals conditioned on the three fixed training seeds.

Factor isolated Controlled replacement Gain in 61 Gain in AbsRel Gain in e, Gain in &,
Tokenizer dependence  Grid tokens — SEEDS +0.0004 +-0.0000 +0.046 —0.013
Learned grouping Fixed — learned assignments +0.0003 +0.0000 +0.216 +0.035
Reverse reconstruction ConvCap — assignment-tied reverse  +0.0000 +0.0007 +0.169 +0.050

fixed spatial assignments. Restoring the learned assignments reduces ¢, from 5.550 to 5.334 and &, from 9.574
to 9.539, corresponding to improvements of 0.216 and 0.035. The conditional paired-image 95% confidence
intervals are [0.131,0.305] and [0.023, 0.046], respectively. This controlled comparison isolates a favorable
contribution from learning the hierarchy assignments rather than merely imposing fixed multiscale grouping.

Reverse-reconstruction control. The SHED+Spatial and ConvCap+Spatial arms retain SEEDS, the
learned forward hierarchy, the same DPT-style spatial pyramid, and identical total and trainable parameter
counts. ConvCap+Spatial replaces assignment-tied reverse transport and all-level hierarchy readout with
reconstruction conditioned on global hierarchy summaries. Restoring the proposed reverse reconstruction
improves AbsRel from 0.1638 to 0.1631 and reduces ¢, from 5.723 to 5.554 and . from 9.623 to 9.573. The
corresponding boundary improvements are 0.169 and 0.050, with conditional paired-image 95% confidence
intervals of [0.074, 0.263] and [0.037,0.063]. Table 8 is the 2,500-step decoder control. The primary 40,000-step
comparison remains SHED versus DPT in Table 1.

Together, these contrasts separate the three principal architectural explanations. Removing SEEDS does
not remove the structural behavior, learned assignments improve both boundary errors over fixed grouping,
and assignment-tied reverse reconstruction improves AbsRel and both boundary errors over the matched
reconstruction control. The paired-image intervals quantify consistency across the fixed 654-image evaluation
set and are reported separately from training-seed-level inference.

B.3 Computational cost

Table 12 includes online SEEDS in the end-to-end inference path. Under this protocol, SHED requires more
neural FLOPs, latency, and peak allocated GPU memory than DPT.

Table 12: Inference cost at 384 x 384. Latencies are milliseconds per image under the protocol in Section A.
Neural FLOPs exclude CPU preprocessing. End-to-end (E2E) latency includes online 50-iteration SEEDS.
GPU memory is peak allocated memory for the end-to-end path.

Method Params (M) GFLOPs SEEDS (ms) Model (ms) E2E (ms) GPU (MB)

DPT 32.32 122.34 - 8.84 9.10 242.9
SHED 32.52 132.29 133.84 58.87 193.41 245.3

Recorded training cost. Recorded task-training runs account for 311.95 GPU-hours, including auxiliary
experiments but excluding evaluation and unrecorded or failed development runs. Optical-flow runs have a
separate recorded service-time upper bound of 11.44 GPU-hours, including evaluation and service overhead.
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C Layout-aware Retrieval

C.1 Scene and frame retrieval

We evaluate scene-level and frame-level retrieval on NYUv2 using the depth-trained representations of DPT
and SHED. For each image, we extract the class token from the final ViT layer, apply ¢ normalization, and
rank the other images by cosine similarity. Scene-level retrieval treats other frames from the same annotated
scene as relevant matches. Frame-k retrieval evaluates matches to temporally neighboring frames within
range k. We report Top-K retrieval accuracy for K € {1, 3,5}.

Figure 10 presents the original scene-level and frame-level results, together with Top-5 retrieval examples.
SHED achieves higher retrieval accuracy than DPT at all three reported ranks in both settings. Figure 11
provides additional Top-1 examples. These CLS-based evaluations allow same-scene and temporal matches;
the following evaluation uses a common patch-token representation and cross-scene candidates to control for
these factors.

a) Top-5 retrieval examples

b) Top-K retrieval accuracy (%)

Method Top-1 Top-3 Top-5

Scene retrieval

DPT 45.2 69.7 77.2
SHED (ours) 60.5 78.7 87.0

Frame retrieval (k=5)

DPT 18.5 31.0 38.3
SHED (ours) 30.5 42.3 48.3

(smo) qaHS

=3 N\
Query 0.885 0.844 . 0.787

Figure 10: SHED learns layout-aware representations through depth supervision. We evaluate
image retrieval on NYUv2 based on cosine similarity between class tokens from the final ViT block. a) Top-5
results (ranked left to right), with similarity scores shown below. SHED retrieves images with similar layouts,
such as a central desk and a rear bookshelf, while DPT retrieves unrelated scenes. b) Top-K accuracy at the
scene and frame level (k = 5), where the targets are different views from the same scene or nearby frames.
SHED achieves higher retrieval accuracy than DPT at all three reported ranks in both scene and frame
retrieval.

Figure 11: Comparison of top-1 image retrieval results. SHED retrieves samples that are more
structurally similar to the query, indicating that its global embedding effectively captures scene layouts. In
contrast, DPT focuses more on visual appearance, as shown in column 3, where it retrieves an image from a
different scene that shares a similar color of blue.
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C.2 Retrieval with mean-pooled patch tokens

We evaluate DPT and SHED using mean-pooled encoder patch tokens to compare their representations
with a common readout. For each image, we average the 576 patch tokens from the final encoder block,
apply ¢> normalization, and rank gallery images by cosine similarity. Both models produce 384-dimensional
descriptors. We evaluate the three NYUv2 depth-training seeds 0,1,2. To control for scene identity, we use
disjoint query and gallery sets from the 654-image NYUv2 test inventory. All gallery candidates come from a
different recording scene from the query, excluding same-scene and temporal matches.

We construct retrieval relevance labels from the available ground-truth depth maps. A model-independent,
scale-neutral descriptor of ground-truth log depth and gradients defines geometric similarity. For each query,
we select five geometry-nearest images among appearance-dissimilar candidates as positives. We additionally
select 59 appearance-nearest images among geometry-dissimilar candidates as negatives, forming a fixed
64-image candidate set. Thus, positives are defined by a depth-based similarity criterion rather than manually
annotated image-pair labels. The candidate sets and relevance labels are identical for DPT and SHED and
are fixed before model evaluation. Ground-truth depth is used to construct the evaluation targets; the models
rank candidates solely using their image representations.

Table 13: Retrieval with mean-pooled patch tokens. Values are percentages, reported as mean =+
sample standard deviation over three training seeds. AP is average precision and MRR is mean reciprocal
rank. Bold denotes the higher mean.

Method AP 1 R@1 1 R@3 1 R@5 1 MRR 1

DPT 18.52+£0.57  14.92+1.28  32.82+2.49 47.63+£1.98  30.57£1.23
SHED 20.03+0.33 19.24+1.70 37.24+2.66 49.691+1.60 34.18+1.28

SHED achieves higher means on all five retrieval metrics in Table 13.

D Additional Visualizations

D.1 More visualizations of depth maps

Figure 12: Comparison of depth maps. SHED captures more accurate shapes with sharper boundaries,
whereas DPT produces blurrier results.
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D.2 More visualizations of 3D reconstruction

Image DPT SHED (ours) GT DPT SHED (ours) GT

Figure 13: Comparison of 3D reconstruction results. Frontal views (cols 2-4) and bird’s-eye views (cols
5-7). DPT yields curved wall boundaries in the frontal views, which lead to distorted 3D reconstructions
visible in the bird’s-eye views. In contrast, SHED produces sharp depth edges that preserve straight object
contours and more faithfully represent the ground-truth 3D geometry.

E Limitations and Broader Impacts

E.1 Limitations

SHED uses a fixed token-count schedule, although the learned grouping assignments remain image-dependent.
We have not established robustness to arbitrary schedules or tokenizers, and content-adaptive token counts
remain a possible extension. SEEDS is non-differentiable and contributes substantial CPU latency under the
measured protocol. The reported controls cover specific configurations and do not show uniform gains from
every hierarchy component. Evaluation on the selected datasets does not establish reliability under all scene,
sensor, or domain shifts.

E.2 Broader impacts

Structured depth may benefit mapping and robotics, but SHED has not been validated for safety-critical use.
More detailed scene reconstruction can also facilitate surveillance or expose private spatial information about
people and locations, so deployment requires appropriate data-access and privacy safeguards.

ImageNet pretraining and the depth datasets may encode geographic, demographic, scene, and sensor biases;
we have not measured performance across demographic groups. Recorded training costs and their exclusions
are reported in Section B. The supplement includes model implementations, NYUv2 training configurations
and drivers, and result summaries. It does not include every task-specific training and evaluation driver or
all trained checkpoints.
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