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Abstract

Transformer-based detectors model long-range context effectively, yet their representations
remain dominated by RGB appearance and can become unreliable in cluttered, occluded, or
crowded scenes. We present BMF-DETR, a pseudo-depth-guided detector that introduces
RGB-derived geometric structure without requiring a depth sensor. DA3Mono-Large
from Depth Anything 3 generates spatially aligned pseudo-depth maps offline, while two
ResNet-50 streams encode appearance and relative geometry. Bidirectional cross-modal
attention (BCMA) establishes two-way correspondence, and multi-strategy fusion (MSF)
combines the streams through global calibration, channel allocation, and spatial gating
before squeeze-and-excitation (SE) recalibration. On the fixed validation/evaluation split of
the 2024 Roboflow-curated PASCAL VOC derivative, the complete model reaches 60.80 AP,
compared with 52.80 AP for a capacity-matched dual-RGB control. BMF-DETR obtains
49.30 AP on COCO 2017. Its detector contains 58 M parameters and requires 103 GFLOPs;
these figures exclude offline pseudo-depth generation. A shared-low-level variant retains
60.10 AP with 50 M parameters and 87 GFLOPs. The results show that pseudo-depth can
serve as a useful auxiliary representation when its contribution is separated from capacity
effects and evaluated under controlled fusion settings.

Keywords: end-to-end object detection; DETR; pseudo-depth; cross-representation fusion;
bidirectional attention; geometric prior

1. Introduction
Building on the Transformer architecture [1], DETR reformulates object detection

as a set-prediction problem and removes the need for hand-crafted anchors and non-
maximum suppression [2]. Subsequent work has substantially improved its convergence
and multi-scale representation. Deformable DETR limits attention to sparse sampling
points [3]; Conditional DETR and DAB-DETR strengthen spatial priors in the query for-
mulation [4,5]; DN-DETR and DINO improve optimization through denoising and better
query initialization [6,7]; and RT-DETR demonstrates that an end-to-end detector can also
be designed for real-time operation [8]. Despite these advances, the representation used by
most DETR-family models remains largely appearance-driven.

Appearance cues are often sufficient in ordinary scenes, but they become less reliable
when foreground and background share similar texture, when the visible part of an object
is small, or when instances overlap heavily. Relative geometry offers a different description
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of the same scene: foreground–background ordering, contour continuity, and coarse spatial
hierarchy. Sensor-based RGB-D systems exploit this information directly [9–13], but an
additional depth sensor increases cost, synchronization requirements, and deployment
complexity. Modern monocular depth models, including MiDaS, Depth Anything, and
Depth Anything V2 [14–16], provide another option by deriving a depth-like representation
from an RGB image alone.

Pseudo-depth, however, is not an independent physical observation. It is inferred
from the same RGB image and therefore remains correlated with appearance. It may also
contain local errors around small objects, weak boundaries, reflective surfaces, and severe
occlusion. The key question is consequently not whether pseudo-depth can simply be
added to an RGB detector, but whether the detector can extract useful structure from this
derived representation while limiting duplicated or unreliable responses. This distinction
matters because otherwise gains can be wrongly attributed to geometry when they may
partly come from an extra backbone, additional parameters, or an easier optimization path.

BMF-DETR addresses this issue by retaining separate RGB and pseudo-depth streams
long enough to establish bidirectional correspondence, followed by content-dependent
fusion across global, channel, and spatial dimensions. The contribution lies in this organi-
zation of heterogeneous-but-correlated representations; cross-attention, SE recalibration,
and monocular depth estimation themselves are established techniques. The experimental
design therefore includes capacity matching, shuffled and degraded pseudo-depth, sim-
ple fusion, unidirectional interaction, MSF component ablations, fusion-level ablations,
runtime accounting, lightweight variants, and depth-model adaptation.

The main contributions are threefold. First, we formulate a two-stage pseudo-depth-
assisted detection pipeline in which DA3Mono-Large generates reusable depth maps offline
and the detector learns from paired RGB and cached pseudo-depth inputs. Second, we
organize bidirectional residual interaction, global calibration, channel allocation, spatial
gating, and channel recalibration across three semantic levels. Third, controlled experiments
separate the effects of auxiliary content, network capacity, fusion direction, fusion strategy,
and detector cost. The contribution is this tested organization of correlated representations
rather than a claim of a new attention operator.

2. Related Work
2.1. DETR-Based End-to-End Object Detection

DETR combines a Transformer encoder–decoder, learnable object queries, and Hun-
garian matching to predict a set of object instances directly [2]. The original formulation
is conceptually simple but converges slowly and is weak on small objects. Deformable
DETR addresses both issues by replacing dense global attention with sparse, reference-
point-based sampling [3]. Conditional DETR and DAB-DETR alter query representation
to improve spatial conditioning [4,5], whereas DN-DETR and DINO stabilize matching
and accelerate optimization through denoising [6,7]. These methods provide the detector
framework used in this study but continue to build their feature hierarchy mainly from
RGB appearance.

2.2. Pseudo-Depth and RGB-Derived Auxiliary Representations

Depth information has long been used to complement RGB in detection and segmenta-
tion [9–13]. Sensor depth and infrared images are independent observations with their own
noise characteristics. Pseudo-depth is different: it is generated from RGB and therefore
inherits both the visual evidence and the priors learned by the monocular depth model.
MiDaS improves cross-dataset relative-depth generalization [14], while Depth Anything
and Depth Anything V2 scale this idea using large amounts of unlabeled imagery [15,16].
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This makes pseudo-depth attractive when no depth sensor or manual depth annotation
is available, but it also means that any gain must be interpreted as better use of a derived
representation rather than as the addition of a new physical modality.

Recent object-detection studies have begun to exploit this setting directly. Li et al. [17]
generate pseudo-depth with Depth Anything V2 and use a dual-branch detector, while
Hou and Liu [18] introduce depth-guided quality cues into an aerial detector. These works
are closer to BMF-DETR than conventional RGB-D methods. Our difference lies in the
organization of interaction and fusion: the two streams are updated bidirectionally at three
semantic levels and are subsequently fused through global calibration, channel allocation,
spatial gating, and SE recalibration before Deformable-DETR-style set prediction.

2.3. Heterogeneous Representation Interaction and Fusion

Concatenation, element-wise addition, and fixed-weight fusion are easy to implement
but cannot adapt the relative contribution of appearance and geometry to object scale,
occlusion, or scene content. Attention-based modules such as SENet and CBAM show that
feature channels and spatial positions do not contribute equally [19,20]. Cross-attention
further allows one representation to query another, which has been exploited in RGB-X
segmentation, multispectral detection, and token-level multimodal fusion [12,13,21–23].

The challenge in pseudo-depth fusion is more specific because the two streams share
the same visual source. Their relationship is simultaneously complementary and redundant.
BMF-DETR does not explicitly estimate depth uncertainty, and its learned weights should
not be read as calibrated reliability scores. Instead, the architecture provides a flexible
interaction and allocation mechanism whose behavior is evaluated empirically using
capacity, shuffling, degradation, and simple-fusion controls.

3. Materials and Methods
3.1. Overall Architecture

BMF-DETR follows a two-stage pipeline. In the preparation stage, DA3Mono-Large
from Depth Anything 3 [24,25] is run once for each RGB image and the resulting pseudo-
depth map is cached. The model uses a ViT-L encoder and a DPT prediction head; the
weight identifier is depth-anything/DA3MONO-LARGE. During detector training and
evaluation, paired RGB and cached pseudo-depth inputs pass through two ResNet-50
streams, three interaction-fusion levels, multi-scale projection, and a Deformable-DETR-
style encoder–decoder. The depth generator is outside the detector optimization graph in
the main configuration.

D = Φd(I) (1)

Figure 1 shows the complete data flow. The selected fusion locations are denoted
L1-L3 throughout the manuscript and correspond to the second, third, and fourth output
stages of the two ResNet-50 branches, with 512, 1024, and 2048 channels, respectively. At
each level, BCMA first updates the streams in both directions; MSF then performs global,
channel, and spatial allocation, and SE recalibrates the fused output before its projection to
the detector.

F̂i = SE(MSF(BCMA(Frgb
i , Fd

i ))), i ∈ {1, 2, 3} (2)
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Figure 1. Overall architecture and two-stage data flow of BMF-DETR. Pseudo-depth is prepared
offline and cached before detector training. Colors distinguish schematic components and do not
encode quantitative measurements.

3.2. Offline Pseudo-Depth Construction and Dual-Stream Encoding

Pseudo-depth is produced by single-image DA3Mono-Large inference with pro-
cess_res = 756. The prediction is restored to the original image size by bilinear interpolation.
For each image, valid responses are clipped at the 2nd and 98th percentiles, linearly mapped
to [0, 255], and stored as an 8-bit grayscale PNG, with nearer regions represented by larger
values. The detector loader applies a second per-image 1st/99th-percentile clipping step to
the cached PNG, maps the result to [0, 255], repeats it over three channels, and standard-
izes it with mean 127.5 and standard deviation 127.5. These maps encode relative scene
structure rather than metric depth.

Dc = clip(D, q0.02, q0.98), Dg = 255
Dc − Dmin

Dmax − Dmin + ε
, ε = 1× 10−6 (3)

RGB images, cached pseudo-depth maps, and annotations are paired by image identi-
fier. The RGB and depth arrays are concatenated into a six-channel sample before augmen-
tation, so the same random flip, resize, crop, and bounding-box transformation is applied
to both representations. Training uses a horizontal flip probability of 0.5 and multi-scale re-
size/crop branches; no RGB-only color jitter is used. This shared geometric path preserves
pixel-level alignment between the two inputs and the boxes. Figure 2 shows examples of
paired RGB images and pseudo-depth maps.

 

Figure 2. Examples of RGB images and their corresponding pseudo-depth representations.

Both branches use independently parameterized ResNet-50 backbones initialized
from ImageNet [26,27]. The first stage and its normalization statistics are frozen. Fusion is
applied to the next three outputs, whose channel widths are 512, 1024, and 2048. Replicating
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the grayscale pseudo-depth map over three channels adds no information; it only preserves
compatibility with the pretrained backbone interface.

Frgb
i = Ergb

i (Frgb
i−1), Fd

i = Ed
i (Fd

i−1) (4)

3.3. Bidirectional Cross-Modal Attention

As illustrated in Figure 3, BCMA establishes two-way correspondence before irre-
versible fusion. Each feature map is adaptively pooled to 14 × 14, flattened into tokens,
and layer-normalized. Eight attention heads are used at every fusion level. In one direction,
RGB tokens query pseudo-depth keys and values; in the other direction, pseudo-depth
tokens query RGB keys and values. The two attended outputs are restored to the original
feature resolution and added residually to their respective branches.

Xrgb
i = LN(Flatten(Pool(Frgb

i ))), Xd
i = LN(Flatten(Pool(Fd

i ))) (5)

Figure 3. Structure of the bidirectional cross-modal attention (BCMA) module.

In the depth-to-RGB path, RGB tokens query pseudo-depth keys and values; in the
reverse path, pseudo-depth tokens query RGB keys and values. The attended tokens
are reshaped to spatial maps, bilinearly restored to the original feature resolution, and
added residually to the corresponding branch. This residual form preserves branch-specific
information and delays irreversible fusion until MSF.

Yrgb←d = MCA(Xrgb, Xd, Xd), Yd←rgb = MCA(Xd, Xrgb, Xrgb) (6)

∼
F

rgb

i = Frgb
i + Up(Reshape(Yrgb←d)),

∼
F

d

i = Fd
i + Up(Reshape(Yd←rgb)) (7)

3.4. Multi-Strategy Fusion and Channel Recalibration

BCMA outputs two enhanced but still separate streams. As shown in Figure 4, MSF
converts them into a unified representation in three steps. First, global descriptors from
one stream calibrate the other, introducing sample-level cross-branch conditioning. Second,
global and local descriptors are used to allocate channel contributions competitively be-
tween RGB and pseudo-depth. Third, a spatial gate allocates the two representations at
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each location. The local pooling kernel is k = 3, and GroupNorm uses 32 groups whenever
the channel count permits.

zrgb
i = GAP(

∼
F

rgb

i ), zd
i = GAP(

∼
F

d

i ) (8)

[ω
rgb
i , ωd

i ] = Softmax(Ψ([sglobal
i , slocal

i ])), ω
rgb
i + ωd

i = 1 (9)

Figure 4. Structure of the multi-strategy fusion (MSF) module.

The weighted streams are concatenated, normalized, and projected by a 1 × 1 convolu-
tion. A standard SE block with reduction ratio 16 then recalibrates the fused channels [19].
The weights are learned through the detection objective only; they are not explicit estimates
of depth confidence. Figure 5 summarizes the complete BCMA–MSF–SE fusion module.

Ffuse
i = Conv1×1(GN(Concat(Frgb∗

i , Fd∗
i ))), F̂i = SE(Ffuse

i ) (10)

Figure 5. Organization of BCMA, MSF, and SE within a fusion block.

3.5. Multi-Scale Set Prediction and Optimization

The three fused outputs are projected to 256 channels. A fourth, lower-resolution
feature level is generated by a stride-2 projection from the highest-level fused feature.
The Deformable-DETR encoder and decoder each contain six layers, and the decoder
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uses 300 object queries. These settings are kept fixed for the RGB baseline and con-
trolled ablations.

Training uses Hungarian bipartite matching. The classification term is Focal Loss,
while box regression combines L1 and generalized IoU losses. The loss weights are λcls = 2,
λL1 = 5, and λGIoU = 2; the same coefficients are used in the matching cost. Auxiliary
supervision is applied to intermediate decoder layers.

L = 2Lcls + 5LL1 + 2LGIoU (11)

Given the paired RGB and cached pseudo-depth tensors, the detector performs set
prediction without anchors or non-maximum suppression. The auxiliary adaptation study
in Section 4.5 changes the depth-training boundary and is reported separately from the
main offline configuration.

4. Results and Discussion
4.1. Experimental Settings and Reproducibility

Experiments use a Roboflow-curated PASCAL VOC 2012 public derivative exported on
6 February 2024 [28], rather than the official VOC 2012 train/validation/test partition [29,30].
Its COCO-format annotations contain 17,112 images from the 2007–2012 VOC releases:
13,690 training images with 31,356 boxes and 3422 validation images with 7835 boxes.
RGB, pseudo-depth, and annotation file counts agree one-to-one, and no overlap was
found between the two splits after the removal of the Roboflow export suffix from the
original image identifiers. The validation split is evaluated after every epoch, is used to
select the checkpoint with the highest coco/bbox_mAP, and supplies the final reported
VOC-derived results; no independent test set is used. COCO experiments use train2017
and val2017. Evaluation follows the COCO bounding-box protocol [31,32]: AP averages
IoU thresholds from 0.50 to 0.95 in steps of 0.05, and AP50, AP75, APs, APm, and APl are
reported separately.

All detector variants are trained for 50 epochs with AdamW [33], an initial learning rate
of 2 × 10−4, weight decay of 1 × 10−4, and gradient clipping at 0.1. The first 500 iterations
use linear warm-up from a factor of 0.001; the learning rate is multiplied by 0.1 at epochs
40 and 48. The training batch size is 3 per training process, the validation batch size is
2, and automatic learning-rate scaling is disabled. Both backbones use ImageNet initial-
ization, while the detector is initialized from a COCO-pretrained two-stage Deformable
DETR checkpoint.

Training samples use shared RGB-depth resizing with short-side choices of 480, 512,
544, 576, 608, and 640 pixels and a maximum long side of 800 pixels. The alternate
augmentation branch resizes to 640, 704, or 768 pixels, applies a 384 × 600 random crop,
and resizes again. Validation uses a ratio-preserving 800 × 640 resize. Depth preparation
retains its separate process_res = 756 setting, which should not be confused with the
detector input policy. Table 1 summarizes the implementation settings.

For the cross-paper comparison, DETR, Deformable DETR, DN-DETR, DAB-DETR,
and REGO-DETR retain values reported in their respective publications, whereas CF-DETR
is a 50-epoch local reproduction. The supplementary comparison protocol records the result
source, backbone, input convention, feature levels, training duration, and augmentation
provenance. Because these settings are heterogeneous, the cross-paper comparison in
Section 4.3 is used only for context. Claims about the fusion design rely on the controlled
experiments in Section 4.2.
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Table 1. Experimental environment and key settings.

Item Configuration
Workstation Dell workstation

OS Ubuntu 24.04
CPU Intel Core i7-12400F
GPU NVIDIA A6000

Memory 128 GB
Storage Samsung 970 EVO Plus 3 TB

Framework PyTorch 1.12.1; CUDA 11.6

Detector input training short side 480–640; maximum long side
800; validation 800 × 640

Depth generator Depth Anything 3 DA3Mono-Large;
process_res = 756; offline cache

VOC-derived dataset Roboflow PASCAL VOC 2012 public derivative;
export dated 6 February 2024; 17,112 images

Data split train 13,690; validation/evaluation 3422; no
separate independent test set

Optimization AdamW; 50 epochs; batch = 3 per training process;
no automatic LR scaling

The gray header row identifies column labels; shading has no quantitative meaning.

4.2. Controlled Ablation Studies

We begin with the original module-combination sequence. The complete model
reaches 60.80 AP compared with 49.10 AP for the RGB baseline. This 11.70-point difference
is not assigned to BCMA alone because the pseudo-depth branch and additional capacity
enter the model together. Table 2 therefore serves as a component-combination record,
while Tables 3 and 4 isolate capacity, representation content, fusion strategy, MSF operations,
and fusion placement.

Table 2. Core module combinations on the fixed validation/evaluation split of the Roboflow-curated
VOC-derived dataset.

RGB BCMA MSF SE AP AP50 AP75 APs APm APl ∆AP
✓ 49.10 68.70 53.30 13.70 31.60 61.10 —
✓ ✓ 57.60 73.50 63.20 15.40 38.30 70.80 +8.50
✓ ✓ ✓ 58.70 74.80 64.10 16.90 40.20 71.30 +9.60
✓ ✓ ✓ 59.90 76.60 65.30 15.60 42.60 72.80 +10.80
✓ ✓ ✓ ✓ 60.80 76.60 65.70 17.90 42.50 72.90 +11.70

The gray header row identifies column labels; shading has no quantitative meaning.

The final SE step is not uniformly beneficial across every metric. AP rises from 59.90 to
60.80 and APs from 15.60 to 17.90, but APm changes from 42.60 to 42.50 and AP50 remains
76.60. We therefore describe SE as a modest refinement rather than as a universal gain
across scales.

The capacity-matched control is more informative. When the second branch receives
another copy of RGB and all remaining architecture is unchanged, AP is 52.80, well below
the complete 60.80 AP. Shuffling pseudo-depth across images reduces AP to 50.70, while
controlled pseudo-depth degradation yields 57.10. Simple concatenation and element-wise
addition reach 54.60 and 53.80 AP, and a CBAM-based gating baseline reaches 56.60. These
results indicate that neither a second backbone nor generic fusion is sufficient to reproduce
the complete-model gain.
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Table 3. Controlled representation and fusion ablations under a common training schedule.

Variant AP AP50 AP75 APs APm APl
RGB only 49.10 68.70 53.30 13.70 31.60 61.10

Pseudo-depth only 43.20 62.10 46.00 10.80 27.90 55.40
Concat + 1 × 1 54.60 71.80 58.90 14.60 35.70 66.20

Element-wise add 53.80 71.10 57.80 14.20 35.10 65.50
No BCMA (MSF + SE) 56.20 73.30 60.70 15.40 37.60 68.30

Depth→RGB only 58.90 75.40 63.70 16.20 40.00 71.40
RGB→Depth only 58.40 75.00 63.10 16.00 39.50 70.90

Dual-RGB capacity control 52.80 70.20 56.70 14.10 34.10 64.20
Shuffled pseudo-depth 50.70 69.30 54.60 13.50 32.90 62.30

Degraded pseudo-depth 57.10 73.90 61.70 15.10 38.70 69.60
MSF only 55.10 72.50 59.50 14.90 36.40 67.10
SE only 50.30 69.40 54.20 14.20 32.20 61.90

CBAM gating baseline 56.60 73.60 61.10 15.20 37.90 68.80
BMF-DETR (full) 60.80 76.60 65.70 17.90 42.50 72.90

The gray header row identifies column labels; shading has no quantitative meaning.

Table 4. MSF-operation and fusion-level ablations.

MSF Variant AP Fusion Levels AP
Full MSF 60.80 L1 only 57.40

w/o global calibration 59.60 L2 only 58.10
w/o channel allocation 59.20 L3 only 57.70

w/o spatial gating 58.90 L1 + L2 59.10
— — L1 + L3 58.80
— — L2 + L3 59.40
— — L1 + L2 + L3 60.80

The gray header row identifies column labels; shading has no quantitative meaning.

Directionality also matters: depth→RGB and RGB→depth interactions reach
58.90 and 58.40 AP, respectively, both below the bidirectional model. Removing global
calibration, channel allocation, or spatial gating from MSF reduces AP by 1.20, 1.60, and
1.90 points. No single fusion level matches the three-level design; L2 + L3 is the strongest
two-level configuration at 59.40 AP.

4.3. Comparison with End-to-End Detectors on COCO 2017

Table 5 provides a contextual comparison on COCO 2017. BMF-DETR reaches 49.30 AP,
68.40 AP50, and 52.90 AP75. Its 58 M parameters and 103 GFLOPs cover the detector with
prepared RGB and pseudo-depth tensors and exclude DA3Mono-Large. CF-DETR is the
only external baseline reproduced locally for 50 epochs; the remaining rows retain their
published values. Differences across these heterogeneous rows are therefore not treated as
controlled estimates of the fusion gain.

Detailed provenance and protocol descriptors for every contextual comparison row
are provided in Appendix A.1. Published rows retain their source authors’ training and
augmentation settings, whereas CF-DETR is identified as our local reproduction. Its
parameter count and GFLOPs remain unreported because they were not recomputed with
the same complexity script. The causal interpretation of BMF-DETR therefore rests on the
common-code-path ablations in Section 4.2.
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Table 5. Contextual comparison with representative end-to-end detectors on COCO 2017.

Method Epochs GFLOPs Params (M) AP AP50 AP75 APs APm APl
DETR [2] 500 86 41 42.0 62.4 44.2 20.5 45.8 61.1

Deformable DETR [3] 50 173 40 43.8 62.6 47.7 26.4 47.1 58.0
DN-DETR [6] 50 94 44 44.1 64.4 46.7 22.9 48.0 63.4

DAB-DETR [5] 50 216 44 45.7 66.2 49.0 26.1 49.4 63.1
CF-DETR [34] (reproduced) 50 96 45 48.2 67.1 52.7 31.5 51.0 63.2

REGO-DETR [35] 50 190 54 47.6 66.8 51.6 29.6 50.6 62.3
BMF-DETR (ours) 50 103 58 49.3 68.4 52.9 30.3 52.3 66.2

The gray header row identifies column labels; shading has no quantitative meaning.

Among the listed results, BMF-DETR has the highest AP, AP50, AP75, APm, and APl,
while the reproduced CF-DETR result has slightly higher APs. Because the rows differ in
implementation and input policy, this pattern is reported descriptively and is not used to
infer a specific advantage for small or large objects.

4.4. Computational Cost and Reporting Boundary

The reported 58 M parameters and 103 GFLOPs describe the BMF-DETR detector with
cached pseudo-depth already available. This boundary includes the two ResNet-50 streams,
BCMA, MSF, SE, multi-scale projection, encoder, decoder, and detection heads. It does not
include DA3Mono-Large preprocessing, depth inference, resizing, or cache generation.

Table 6 retains only measurements that can be matched to the detector boundary.
Under the recorded A6000 setting, the RGB baseline detector takes 24.8 ms per image, and
the cached-input BMF detector takes 35.7 ms per image. DA3Mono-Large and the complete
RGB-to-depth-to-detection path were not remeasured under the same tool, precision,
and input protocol; their parameters, FLOPs, latency, throughput, and peak memory are
therefore not reported. The manuscript makes no real-time or complete-pipeline efficiency
claim. A protocol with 100 warm-up iterations and 1000 timed iterations is suggested for
future reproduction, but those counts are not presented as an experiment performed here
or as a journal requirement.

Table 6. Detector complexity and runtime under the cached-input boundary.

Scope Params GFLOPs Latency Eq. FPS Peak
VRAM

RGB baseline detector 40 M 73 24.8 ms 40.3 5.6 GB
BMF detector (cached

depth) 58 M 103 35.7 ms 28.0 7.8 GB

The gray header row identifies column labels; shading has no quantitative meaning. Eq. FPS is
calculated as 1000 divided by latency in milliseconds and is not a separately measured throughput.

4.5. Lightweight Design and Depth-Model Adaptation

Three detector-side variants are evaluated to address the cost of the dual-stream
design. C1 halves the width of the pseudo-depth branch after the stem; C2 retains only
the L2 and L3 fusion blocks; and C3 shares the stem and first residual stage between the
two streams while keeping higher-level encoders separate. All complexity values use
the same detector-only boundary as the complete model. Detailed values are reported in
Appendix A.2.

C1 provides the lowest detector cost, whereas C3 gives the strongest accuracy-
efficiency compromise: it removes 8 M parameters and 16 GFLOPs while losing only
0.70 AP. We therefore regard C3 as the preferred deployment-oriented variant rather than
claiming that the full model is intrinsically lightweight.
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We also examine whether the pseudo-depth representation can be adapted to the
detection task. The main configuration keeps DA3Mono-Large frozen and uses a fixed
offline cache. D1 trains a lightweight residual adapter on the cached depth response. D2 is
an isolated online-training variant that partially unfreezes the depth model; it is not used
to explain the behavior of the main offline model or to support deployment claims. The
corresponding results are reported in Appendix A.3.

The adaptation gains are modest and are not presented as statistically significant
because repeated-run variance is not available. Their purpose is to show that task-aware
depth updating is feasible. The frozen offline configuration remains the main model
because it decouples depth preparation from detector training and allows the same auxiliary
representation to be reused in all controlled ablations.

5. Conclusions
This study examined how an RGB-derived pseudo-depth representation can be incor-

porated into a DETR-style detector without treating it as an independent sensor modality.
BMF-DETR keeps appearance and relative geometry in separate streams, establishes bidi-
rectional correspondence at three feature levels, and then performs global, channel, and
spatial allocation before channel recalibration. The method is therefore best understood as
an organization of correlated representations rather than as a new attention primitive.

The controlled experiments clarify the source of the gain. The capacity-matched dual-
RGB control reaches 52.80 AP, shuffled pseudo-depth 50.70 AP, concatenation 54.60 AP,
and element-wise addition 53.80 AP, compared with 60.80 AP for the complete model.
Unidirectional interaction is also weaker than bidirectional interaction. These results show
that both the content of the paired pseudo-depth representation and the way it is integrated
matter for performance.

On COCO 2017, BMF-DETR reaches 49.30 AP. The cached-input detector requires
58 M parameters and 103 GFLOPs, excluding DA3Mono-Large. A shared-low-level variant
reduces the detector to 50 M parameters and 87 GFLOPs while retaining 60.10 AP on the
Roboflow-derived validation/evaluation split. The depth-adaptation variants reach 61.10
and 61.30 AP, but they are reported as auxiliary single-run studies rather than statistically
established improvements.

The main limitations are the absence of an independent VOC-derived test split, the
reuse of the validation set for checkpoint selection and final reporting, the lack of repeated-
run uncertainty estimates, and the missing unified cost profile for the complete DA3Mono-
Large pipeline. Pseudo-depth may also be unreliable for very small, heavily occluded,
reflective, or weak-texture objects. Future work should evaluate a held-out test protocol,
quantify run-to-run variance, measure the complete pipeline under a fixed timing protocol,
and investigate explicit uncertainty modeling and parameter sharing.
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Appendix A. Supplementary Protocol and Extension Results
Appendix A.1. Provenance of Contextual Comparison Results

Table A1 records the source and principal protocol descriptors of each row in the con-
textual COCO comparison. The heterogeneous settings are documented for transparency
and are not interpreted as a controlled estimate of the fusion gain.

Table A1. Provenance and protocol descriptors for the COCO comparison rows.

Method Result Source Backbone/Variant Input/Feature Levels Epochs Augmentation

DETR Published [2] ResNet-50 short side 800, max
1333; 1 level 500 source default

Deformable DETR Published [3] ResNet-50 800/1333; 4 levels 50 source default
DN-DETR Published [6] ResNet-50 800/1333; 4 levels 50 source default

DAB-DETR Published [5] R50-DC5, 3 patterns 800/1333; source
feature config. 50 source default

CF-DETR Re-trained by us [34] ResNet-50 800/1333; 4 levels 50 our fixed pipeline
REGO-DETR Published [35] ResNet-50 800/1333; 4 levels 50 source default

BMF-DETR This work dual ResNet-50
short side 480–640,
max 800; 4 detector

levels
50

shared RGB-depth
geometric

augmentation

The gray header row identifies column labels; shading has no quantitative meaning.

Appendix A.2. Lightweight Detector Variants

Table A2 provides the detailed accuracy and detector-only complexity values for the
three lightweight variants discussed in Section 4.5.

Table A2. Accuracy–complexity trade-off of lightweight variants.

Model AP Params GFLOPs
BMF-DETR 60.80 58 M 103
C1: narrow depth branch 59.90 47 M 82
C2: fewer fusion levels 59.70 52 M 90
C3: shared low-level encoder 60.10 50 M 87

The gray header row identifies column labels; shading has no quantitative meaning.

Appendix A.3. Depth-Representation Adaptation

Table A3 reports the isolated depth-adaptation variants. These single-run results are
supplementary and are not used to support the main frozen-offline configuration.
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Table A3. Depth-representation adaptation study.

Configuration Depth Update AP ∆AP
Frozen offline DA3Mono-Large (main) No 60.80 —
Frozen depth + residual adapter Adapter only 61.10 +0.30
Partial depth fine-tuning (isolated variant) Final DPT block + head 61.30 +0.50

The gray header row identifies column labels; shading has no quantitative meaning.
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