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ApDepth combines a pretrained depth prior with a diffusion U-Net for deterministic single-step monocular
depth estimation. Its original recipe uses a separate feature-alignment stage followed by reconstruction and late
frequency-domain refinement. This update revisits local geometry supervision while retaining the single-step
predictor. We introduce a continuous fine-tuning recipe initialized directly from Stable Diffusion 2.1, with
persistent reconstruction constraints, delayed decoder adaptation, and Spatially Debiased Window Transport
(SDWT). Building on the local matching formulation of Marigold V2, SDWT combines depth and spatial costs,
subtracts self-transport terms, evaluates two offset window grids, and weights windows by valid support.
These choices are intended to tolerate small supervision misalignments without discarding local geometry.
We also correct the auxiliary-prior interface and separate optional measured far-depth supervision from the
default objective. This working manuscript specifies the implemented method and a controlled evaluation
protocol; benchmark improvements and efficiency gains remain to be established experimentally.

Additional Key Words and Phrases: Monocular depth estimation, single-step prediction, local optimal transport,
decoder adaptation

1 Introduction

Pretrained image generators provide a useful starting point for monocular depth estimation, as
demonstrated by Marigold and its extensions [18, 19]. Our earlier ApDepth [38] combines this
generative initialization with a frozen Depth Anything V2 prior [44]. A deterministic U-Net predicts
a depth latent in one pass, while two-stage training first aligns representations and then emphasizes
depth reconstruction and frequency content. The architecture avoids iterative denoising, but the
recipe leaves several questions open: is a separate alignment stage necessary, can spectral refinement
reliably localize edges, and does a frozen image decoder limit depth-specific adaptation?

The present update focuses on these questions. A Fourier-magnitude objective constrains spatial
frequency content but does not uniquely determine its location: even a translated signal can preserve
its magnitude spectrum. Conversely, pointwise losses penalize a small displacement of an otherwise
sharp depth boundary. Such conflicts matter around thin structures and ambiguous annotations.
Marigold V2 [23] addresses this issue using local Sinkhorn matching, which relaxes exact pixel
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correspondence. We adopt this motivation and examine how to retain spatial information in the
relaxed objective.

ApDepth V2 keeps the prior-conditioned U-Net and replaces mandatory two-stage initialization
with one continuous SD2.1 fine-tuning run. Reconstruction and gradient supervision establish
the initial mapping; SDWT and decoder adaptation are introduced later. SDWT extends local
depth matching with a displacement penalty, a standard self-cost correction, offset windows, and
valid-support aggregation. Frequency supervision remains an optional auxiliary term, rather than
becoming the only objective.

This scope differs from our companion ApDepth-G manuscript [39], which studies sky-depth
collapse using validity-guided completion in a multi-step diffusion process. Here, the main ob-
jective supervises observed local geometry. An optional far-depth branch supplies targets where
the dataset identifies known far values; it is not a semantic sky detector. Our contributions are
the implemented refinement formulation, its continuous training recipe, and an evaluation design
separating geometry supervision from interface corrections. Their empirical value remains open in
this pre-experiment draft.

2 Related Work

Depth predictors and generalization. Supervised depth prediction has evolved from multiscale
regression and ordinal or planar representations [6, 8, 21, 47] to mixed-dataset training and
transformer-based models [4, 5, 27, 28]. Self-supervised approaches exploit image reconstruc-
tion [13, 14]. Depth Anything and Depth Anything V2 [43, 44] use large-scale visual representations,
including DINOv2 [22], to support broad generalization. Metric reconstruction and fine-boundary
prediction motivate complementary designs such as UniDepth and Depth Pro [1, 26]. We use a
pretrained relative-depth predictor as a condition, not as metric ground truth.

Repurposing generative models. Latent diffusion [30] and U-Net backbones [31] underpin Marigold,
GeoWizard, and DepthFM [9, 15, 18]. Efficient adaptations include E2E fine-tuning, GenPercept, and
Lotus [11, 17, 42]; BetterDepth [48] conditions refinement on an existing depth estimate. Diffusion
transformers [24], image-editing models [40], and recent depth systems such as Lotus-2, Pixel-
Perfect Depth, and InfiniDepth [16, 41, 45] broaden the accuracy-detail trade-off. We retain SD2.1
to isolate supervision changes from backbone capacity.

Representations, boundaries, and transport. REPA and iREPA [34, 46] motivate representation align-
ment; DepthMaster [36] and the original ApDepth apply related ideas to depth. SharpDepth [25]
and boundary-oriented evaluation [20] emphasize quality beyond aggregate error. Our closest
methodological reference is Marigold V2’s SinkLoss [23], based on local entropy-regularized match-
ing [2, 35]. We extend its application with spatial costs and masked aggregation, and adopt the
established Sinkhorn-divergence self-cost correction [7]. Neither local transport nor debiasing
alone is claimed as a new general principle.

3 Method
3.1 Single-Step Predictor and Prior Interface

For RGB input I, let P(I) be the frozen DA2-Giant prediction, & the frozen VAE encoder, and Dy
the decoder. With R denoting replication into three channels, the predictor is

a=8&0), z=8Rp), 2=fillzpzlle) d=Dy(2). M
The VAE encoder uses its posterior mean with latent scale 0.18215; decoder outputs are averaged
over three channels. The U-Net accepts eight channels, ordered as prior then RGB, and directly
predicts a depth latent at fixed timestep 1. No random depth initialization or scheduler integration
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ApDepth V2: Training Framework
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Fig. 1. Training framework for ApDepth v2

is used. Thus single-step means one U-Net evaluation; DA2 and both encoding paths still contribute
to end-to-end cost.

For metric depth D and valid mask M, we retain clipped linear depth normalization:

D
d =2 dlipy,, [0 |y, @)
~ 902

where quantiles use positive valid depths. This representation does not provide calibrated met-
ric scale at inference. Degenerate valid-depth ranges must be excluded or handled explicitly in
preprocessing.

The updated DAZ2 interface converts ApDepth RGB from [—-1, 1] to [0, 1] and applies the ImageNet
channel normalization expected by its encoder. Its disparity-like output u = P(I), where larger
means nearer, is mapped to

U= g,
max(q'ys — q',, 1076)
These quantiles use the per-image prior, not ground truth. This corrects ordering and dynamic
range; it is not metric inversion of disparity. Controlled training and evaluation must share this

correction: replacing the interface only at test time changes the conditioning distribution of an
older checkpoint.

p= 1-2 Chp[(),l] (3)

3.2 Spatially Debiased Window Transport

Depth-only local matching can assign the same cost to different spatial permutations inside a
window. This permits annotation tolerance but weakens localization. We retain the relaxation while
making displacement costly.
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For a K X K window w, remove invalid positions before constructing transport matrices. Let
Ay = {(di,x;)};2; and B,, = {(d;,x;)}; contain prediction and target samples at shared valid
positions. Coordinates are local pixel indices divided by 2(K — 1), so their maximum pairwise

Manhattan distance is one. The joint cost is
Cij = pe(di = dj) + Allxi = xjlli, pe(a) = Va? + €2 —e. (4)

The smooth absolute-depth penalty reduces sensitivity to large residuals compared with squared
error. The spatial term discourages distant exchanges, without imposing a hard displacement
threshold.

With uniform marginals 1/n,,, define

7.(A, B) = min
M>0: =M 1=1/n,,

(H,C)+TZH,-jlogH,-j . (5)
ij

We approximate this objective using ten log-domain Sinkhorn normalization iterations, differenti-

ating through the iterations. Following Sinkhorn divergences [7], the window loss is

Sw=[T:(Aw, B) = § T (A Ay) = $T:(Bo B , - ©)

Self-terms remove the entropic self-cost; identical inputs give zero up to numerical precision. The
implementation clamps finite-iteration negative values to zero. A fixed iteration count does not
establish exact metric guarantees or convergence. The target self-term is evaluated without a
gradient graph.

We evaluate grids with offsets (0,0) and (| K/2], |K/2]). Padded positions are invalid. For
nonempty windows W from both grids,

2wew MwSw
2iwew Nw

Lspwr = (7)
The second grid allows some boundaries split by the first grid to be compared within a window; it
reduces dependence on one partition without ensuring translation invariance. Support weighting
prevents a one-pixel window from receiving the same weight as a fully observed window. Empty
support contributes zero. Defaults are K = 5, 7 = 0.1, A; = 0.15, and € = 1073, Windows are grouped
by support size and processed in chunks of 512 with activation checkpointing. Debiasing and offset
windows add training computation but no inference module.

3.3 Continuous Training and Decoder Adaptation

We initialize from base SD2.1 without the original feature-alignment checkpoint. The four-channel
input convolution is duplicated and halved to accept eight channels. The text encoder, DA2, VAE
encoder, and quantization convolution remain frozen. Initially only the U-Net is trained; the VAE
decoder and post-quantization convolution become trainable after 8,000 completed optimizer
updates.

Let £, be masked latent MSE and £, masked pixel L;. A latent cell is supervised only if every
pixel in its associated 8 X 8 mask block is valid; this rule does not confine the VAE receptive field to
that block. Gradient supervision uses first differences with both endpoints valid:

_ Z(i,j)ENM |(‘2i - dj) - (di - dj)l
B max(|Nyl, 1) ’

L, ®)
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ApDepth V2: Inference Framework
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Fig. 2. ApDepth v2 inference framework

where N)s contains horizontal and vertical adjacent valid pairs. For completed update count s, let
r(s) = clipjg ) ((s —8000)/4000). The implemented objective is

L(s)=(1-05rL,+(1- 0.757).£P + (0.5 — 0.4}’).£g
+rLspwrt + Ar(s) Lr. )

The basic configuration sets A = 0; the FFT variant uses Ap = 0.2r. Here L is the inherited mean
absolute difference of centered latent Fourier magnitudes, with radial high-frequency weighting.
Invalid latent locations are zeroed before the FFT. The transform is unnormalized and its scale
depends on resolution and mask structure; a small coefficient alone does not ensure a small gradient
contribution. Loss and gradient scales should therefore be monitored.

Equation (9) retains reconstruction throughout refinement, replacing the original late switch
to frequency-only supervision. Decoder adaptation lets pixel-space objectives change the latent-
to-depth mapping while the target encoder stays fixed. It may reduce reconstruction artifacts but
cannot restore information already discarded by the latent representation. The learned U-Net and
VAE must be loaded together; the updated checkpoint loader supports this pairing.

3.4 Optional Known-Far Supervision

A separate post-training recipe, inspired by ApDepth-G [39], uses native Virtual KITTI depths
in 80, 655.35] m, excluded from the standard 80 m valid range, as known-far support F. These
positions receive target +1 before VAE encoding. Quantiles still use ordinary valid depths. Additional
latent supervision covers cells fully supported by M U F but not fully supported by M, including
mixed valid/far cells. A separately normalized latent-MSE plus pixel-L; term is weighted by 0.5.

This branch is disabled in both default SDWT configurations. Unknown invalid pixels remain
unsupervised, and known-far values may describe buildings as well as sky. The branch provides
a bounded far-ordering cue, not evidence that SDWT resolves sky collapse. Its effect requires a
separate ablation. The legacy post-training configuration also needs explicit adaptation before
combination with a learned SDWT decoder.



6 Wang et al.

Table 1. Planned zero-shot comparison using the original grouped table style. All values await matched-
protocol evaluation; — means not measured. Columns report 100 AbsRel and 100 §;. DIODE requires native
validity, not the legacy edge-filtered mask.

NYUv2 KITTI ETH3D ScanNet DIODE
Method AbsRel| &1 T AbsRel| 6; T AbsRel| &; T AbsRel| §; T AbsRel] 6; T

Discriminative reference
DA2 [44] - - - — - - - - — -

Generative-pretrained references

Marigold [18] — — — — — — - — — _
DepthMaster [36] — - — — — — — — _ _
Marigold V2 [23] — — — — — — — — _ —

ApDepth [38] — — — — - — — — — -
ApDepth-G [39]
ApDepth V2 — — — — - - — — — -
ApDepth V2 + FFT — - — — — — - — — —

4 Experimental

Status and training settings. All table entries marked — are pending measurements; no new result
is reported. The recipe specifies 21,000 updates, effective batch size 32, Adam, initial learning rates
3 x 107 for the U-Net and 3 x 107° for the decoder, 100 warm-up steps, exponential decay, and
gradient clipping at 1.0. Training samples Hypersim [29] and Virtual KITTI [10] in a 9:1 ratio using
the original manifests. Hypersim is resized to 480 x 640; Virtual KITTI uses the inherited benchmark
crop. Hardware, runtime, and retained sample counts will be recorded with the runs. These settings
are starting points, not validated optima.

Accuracy and boundaries. We plan zero-shot evaluation on NYUv2 [33], KITTI [12], ETH3D [32],
ScanNet [3], and DIODE [37]. Each prediction is aligned to valid ground-truth depth with least-
squares scale and shift, then clipped to the dataset range. Table 1 retains the original grouped
dataset columns and paired AbsRel/d; metrics, expressed as percentages. Splits, crops, alignment,
resolution, and prior checkpoints must match across methods.

The inherited DIODE loader additionally excludes pixels whose ground-truth Sobel-gradient
magnitude exceeds 0.3. This legacy edge-filtered protocol differs from the standard validity mask.
Our primary comparison requires native-validity evaluation; historical edge-filtered scores must
be reported separately. This evaluator change remains to be implemented before experiments.
Boundary-metric utilities also exist but are not called by the default evaluator. Boundary F1 should
use valid adjacent pairs, fixed thresholds, and consistent alignment, accompanied by thin-structure
crops. Aggregate depth error alone cannot establish improved localization.

Controlled ablations. Table 2 separates historical replication from method ablations. A historical
checkpoint and interface document the original system; a retrained original recipe with the corrected
interface isolates the implementation correction. Component ablations then share direct SD2.1
initialization, data order, update budget, and corrected DA2 interface. The supplied SDWT ablation
configurations inherit the no-FFT base; the FFT variant is tested separately. The curriculum remains
fixed unless the schedule itself is the experimental factor.

The supplied no-debias switch returns the unregularized cost of the entropy-fitted cross plan. It
changes both self-cost subtraction and the scalar objective, so it is not a pure self-term ablation. A
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Table 2. Planned ablations, with pending accuracy values in the same percentage convention as Table 1.
SDWT uses no FFT. Transport controls marked " require additional implementation.

NYUv2 KITTI
Setting AbsRel| &6; T AbsRel] 6; 7

Original recipe, historical interface - — — —
Original recipe, corrected interface — — — —

SDWT (full, no FFT) - — — —
Without transport — — — —
Without spatial cost - — - —
Cross transport cost only - - — —
Regularized cross objective only ' — — — —
Single grid - - — —
Equal window weights - — — —
Frozen decoder — — - -

SinkLoss reference — — — _
SDWT + FFT — — _ _

Table 3. Planned cost accounting at matched precision, resolution, batch size, and hardware. All values are
pending. End-to-end latency includes DA2 and VAE processing.

Setting Training  Peak training U-Net End-to-end
GPU-hours memory (GB) latency (ms) latency (ms)

Original ApDepth - - — —

ApDepth V2 - - — —

ApDepth V2 + FFT - - - -

control retaining the regularized cross objective is needed to isolate debiasing. A faithful SinkLoss
reference should separately reproduce Marigold V2’s cost, masking, grid, and iteration settings.
Main comparisons should use multiple training seeds and report per-seed results and uncertainty.

Efficiency and targeted diagnostics. Table 3 distinguishes training simplification from inference
speed. Time the prior, encoders, U-Net, decoder, and total pipeline on identical hardware and
resolution, with warm-up and device synchronization. Report training GPU-hours, throughput, and
peak allocated memory, including the original feature-alignment stage. SDWT adds no inference-
time loss computation, but its three transport solves per window and two grids increase training
cost. Removing an initialization stage alone does not establish lower total GPU-hours.

Targeted diagnostics should test small boundary shifts, larger within-window permutations,
window-grid offsets, and different valid-support fractions. These perturbations test intended loss
behavior without substituting for trained-model evaluation. Optional far supervision requires
separate known-far and sky diagnostics alongside foreground accuracy, since sensor masks often
exclude the regions at issue.

5 Limitations and Conclusion

ApDepth V2 updates the training of a prior-conditioned single-step depth predictor through
geometry-aware local transport, persistent reconstruction, and delayed decoder adaptation. The
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RGB Ground truth  ApDepth  ApDepth V2
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Figure reserved for the experimental draft.

Fig. 3. Reserved qualitative comparison. Use identical crops and depth color normalization, and show invalid
ground-truth regions. No predictions are presented in this draft.

implementation motivates tests of boundary localization, annotation tolerance, and decoder artifacts,
but does not yet establish benchmark improvements.

The method retains an expensive and imperfect external prior. Local transport permits rear-
rangements and may suppress genuine tiny structures; spatial weighting trades tolerance against
localization. Masked supervision does not constrain wholly unobserved sky, while decoder adapta-
tion may overfit. Finite transport iterations, mask-induced spectral artifacts, and removing explicit
representation alignment introduce further trade-offs. The planned experiments will determine
whether the combination offers a useful accuracy-detail-cost balance.
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