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7. Implementation Details

We provide the detail implementation details in this section.
In our benchmarking, different models have different con-
figurations. For the configurations and pretrained models,
please refer to the official GitLab repository at https:
//gitlab.com/coeaiml/rmae-progress.

Table 10. Detailed training and configuration settings used for
RMAESL-ProGRess on the RELLIS-3D.

Category Configuration
Data Processing

Dataset RELLIS-3D

Crop Size 512 x 512

Normalization Mean = [123.675, 116.28, 103.53],

Std = [58.395, 57.12, 57.375]

Backbone (RMAE-8L)

Model Type ViT-MAE

Layers / Heads 8 layers, 12 heads

Embedding Dim
Patch Size

Drop Path Rate
Output Indices

768

16 x 16
0.1
[1,3,5,7]

Neck (Feature to Pyramid)
Type
Rescales

Feature2Pyramid
[4,2,1,0.5] #Rescales to (128x128, 64x64, 32x32 and 16x16)

Decoder (ProGRess)
Input Channels from Encoder
Decoder Channels
PLF
LCAR
BFF
Interpolation
Loss

[768, 768, 768, 768]

768

Enabled (with Self-Fusion)
Enabled (Residual only at f,)
Enabled

Nearest Neighbor
CrossEntropyLoss

Training Configuration
Optimizer
Layer-wise Decay
LR Scheduler
Tterations
Batch Size
Seed

AdamW (8=(0.9, 0.999), Ir=1e-4, decay=0.05)

0.65 across 8 RMAE layers [Each layer LR shown in Fig. 3]
Linear warm-up (0-1500 iters), PolyLR to 160k iters

160K

2 (train), 1 (test)

596752934

Evaluation & Testing
Inference
Metric

Sliding window (stride = 341 x 341)
mloU, mAcc, aAce

Reproducibility Notes

* QOur implementation and experiments are carried out us-
ing the OpenMMLab MMSegmentation framework
[7]. Table 10 summarizes the architectural details and
training configuration used in RMAESL-ProGRess on the
RELLIS-3D dataset. All other configurations are pro-
vided in the GitLab repository.

* All experiments and benchmarking were conducted on
NVIDIA GTX 1080Ti (11 GB), RTX 1080Ti (12 GB),
NVIDIA A100 (40 GB) GPUs depending on the size and
memory requirements of the models.

* Mixed-precision training was employed using enabling
faster training and reduced memory usage.

¢ A fixed random seed (596752934) was used for all ex-
periments involving our proposed model to ensure repro-
ducibility. Minor variations in results may still occur due

to CUDA-level nondeterminism. For all other bench-
marked models, original seeds are preserved and docu-
mented in the training configuration files in the GitLab
repository.

Layerwise Learning Rate Fig. 3 illustrates the layer-
wise learning rate decay strategy employed during train-
ing of our RMAE-ProGRess model. In transformer models,
lower layers typically encode generic features such as edges
and textures, while higher layers capture more task-specific
semantics [2, 9]. Since our encoder is based on a ViT-Base
architecture pretrained using the MAE strategy [16], we
aim to preserve the semantic richness and feature integrity
learned across its layers.
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Figure 3. Layerwise Learning Rate for VITMAE-B and RMAE
variants. LR changes accordingly based on the number of layers.

Let 79 be the base learning rate (1e—4 in our case), and
T be the total number of transformer layers, and L = T + 2
is the addition of the first patch embedding layer and decod-
ing layer. The learning rate 7, for layer ¢ is scaled as:

ne=mo- AP (12)
where \ € (0,1) is the decay rate (we use A = 0.65).

8. Per-class IoU performance

Table 11 reports the per-class IoU on the RELLIS-3D
dataset. VITMAE-ProGRess consistently outperforms the
strongest baseline, Swin-UPerNet, across a wide range of
challenging categories. In classes characterized by reflec-
tive surfaces and irregular boundaries, our method sig-
nificantly improves water segmentation from 23.08% to


https://gitlab.com/coeaiml/rmae-progress
https://gitlab.com/coeaiml/rmae-progress

Table 11. Extended form of Table 4 with all classwise IoU performance reported for all methods in RELLIS-3D dataset. Best/second/third

IoU performance are shown in bold/underline/italic respectively.

Methods ‘ Backbone ‘ grass  tree pole water sky vehicle object asphalt building log person fence bush concrete barrier puddle mud rubble ‘ mlou
ISANet [19] ResNetVlc-101 | 755 73.69 5.69 0 96.6 2566  52.15 1.6 27.25 9.1 3839 089 5885  66.79 51.55 5537 3546 57.17 | 40.65
FCN [30] ResNetVlc-101 | 86.92 7547 6.14 0 96.78  28.14 44.8 10.08 25.35 052 63.15 2531 7146 7034 33.27 26.37 3677 4131 | 41.23
ENCNet [43] ResNetVlc-101 | 79.39 80.09 7.83 0 96.94  23.61 49.71 38 16.35 1.16 56.86 1481 6582 81.44 45.15 55.34 4268 5091 | 42.88
ANN [48] ResNetVI1c-101 | 84.68 78.38 /0.42 0 96.77  31.22 45.81 0.87 9.21 3.05 30.4 28.72  70.51 81.61 50.56 48.91 41.04  65.56 | 43.21
Segmenter [31] ViT-B16 8272 80.51 0.14 2453 9654 2035 2742 541 1.34 73 7592 1346 68.81 81.36 38.33 69.51 3581 6591 | 44.19
PSANet [45] ResNetVlc-101 | 84.25 78.41 10.46 0 96.59 3525 5221 0 13.57 056 6496 21.05 703 82.35 54.79 36.15 4061 59.12 | 44.48
DeeplabV3 [4] ResNetVlc-101 | 87.7 79.41 3.85 0 97.02 268 50.81 6.59 6.67 516  68.61 1564 7379 8213 50.73 69.64  39.61 61.09 | 45.85
GCNet [3] ResNetVlc-101 | 81.97 78.88 84 0 96.75  33.67  46.17 0 19.73 306 7229 29.66 67.75 83.32 471.55 5512 4142 64.13 | 46.11
OCRNet + FCN [42] | HRNetV2-W48 | 89.08 81.07 10.96 0 96.84 2657 5238 1116 8.37 0 59.02 2228 7722 80.72 51.32 64.19  39.87  66.8 | 46.55
DeepLabV3+ [5] ResNetVlc-101 | 87.66 80.54 459 238 9701 3279  39.94 33.6 22.99 334 4687 2237 74.01 82.93 42.11 68.65 3935 6443 | 46.98
DPT [28] ViT-B16 86.6 783  0.56 0 96.02 3545  46.92 14.01 25.29 24 7736 2065 72.65 80.97 44.12 70.84 4048  70.52 | 47.95
ViT-UPerNet [37] ViT-B16 §7.75 7184 163 0 96.54 33.12 4413 2128 20.54 0 7178 2321 7348 8281 44.94 73.82 4415  66.96 | 48.03
SETR [46] VIiT-L16 86.76  82.68 1.36 846 9692 39.53 48.96 21.34 12.44 6.76 86.99  34.19 74 83.25 50.89 7629  42.87 66.4 51.12
Segformer [38] MiT-B5 8492 79.01 2.69 0 96.88 456 5145  26.69 27.99 497 8897 3256 7022 8377 55.27 67.77 4119 67.14 | 51.51
Twins-UPerNet [6] Twins-SVT 8558 8349 352 039 97 423 478 26.44 26.19 882 8502 3378 7256  83.98 54.63 70.74 3922 67.62 | 51.62
GSCNN [32] - 8495 7852 690 094 97.02 4651 54.64 4418 11.47 292 9031 41.86 7033  83.82 55.12 7149 4552 66.03 | 52.92
Swin-UPerNet [24] Swin-B-W7 90.31 8235 34 2308 9693 4127 5063  30.33 37.57 865 8747 3249 7885 8329 55.61 6124 3758 68.36 | 53.86
ProGRess (Ours) RMAE-4L 8575 8121 583 3129 9699 31.69 41.1 52.99 12.68 9.55 8404 3005 7222  83.69 55.98 41.72 65.02 | 53.23
ProGRess (Ours) RMAE-6L 86.79 8327 1.83 4396 97.06 3232 439 585 13.4 9.4 86.99 3671 74.08  84.38 55.42 457 66.03 | 5546
ProGRess (Ours) RMAE-8L 87.38 8347 287 4174 971 3722 4884 14.86 1097 89.77 317 7492 8435 56.98 46.49 6741 | 57.14
ProGRess (Ours) ViTMAE-B 8588 829 242 49.07 97.03 4263  52.66 2259 1064 9101 374 73.32 85.2 54.23 43.68 6741 | 57.41

Table 12. Per-class IoU on the RUGD dataset. Best/second/third IoU performance are shown in bold/underline/izalic respectively.

Methods Backbone | dirt sand grass tree pole water sky vehicle container asphalt gravel building mulch rock-bed log person fence bush sign rock concrete picnic-table | mloU
ISANet [19] ResNetVie-101 | 0 215 6955 7711 13.02 256 7985 36.71 032 528 296 5999 4786  LI3 257 0 6.17 1892 0 0 0 0 21.63
FCN [30] ResNetVie-101 | 0 32 6567 77.94 84 104 7965 5096 043 1704 2267 67.82 4155 002 2509 00 169 27 00 271 1034 14.03 23.53
ENCNet [43] ResNetVie-101 | 0 1012 6028 7934 686 195 7935 485 0.08 784 3425 6169 3785 233 3772 0 3971 3352 0 0 0 0 24.61
ANN [48] ResNetVie-101 | 0 741 6936 7945 1382 347 79.08 34.77 0.18 315 328 6719 5144 1899 3236 0 2189 2011 0 876 551 18.04 2581
Segmenter [31] VIT-B16 001 3568 7191 8584 2093 4028 8174 66.62 0 2119 2448 7643 64.69 998 53S0 4769 4056 0 /545 8175 59.24 41.08
GCNet [3] ResNetVIe-101 | 0 305 7179 7375 696 573 79.61 44.94 0.68 502 282 6355 5097 587 2686 0 332 1598 0 0 0 0 221

OCRNet + FCN [42] | HRNetV2-W48 | 0 1777 7223 8144 708 596 8193 3212 0.09 1921 2217 635 5585 227 3281 0 1613 2993 0 126 442 40.03 27.16
DeepLabV3+ [4] ResNetVie-101 | 0 1033 70.65 7859 13.85 1472 8195 54.27 0.08 2152 2461 6664 5247 0 36.3 0 4727 1968 0 535 399 56.99 29.97
ViT-UPerNet [37] VIT-B16 48 4027 7567 8129 491 2471 7759 666 052 3076 3401 7696 5641 1422 5229 0 5921 3267 582 1583 9147 62.89 4121
Segformer [38] MiT-B5 0 3764 7071 8213 216 4598 8318 67.64 584 3334 3378 7791 60.87 2597 537 067 588 1822 1218 10.88  90.07 70.15 43.69
Twins-UPerNet [6] Twins-SVT | 021 2517 758/ 80.16 1808 2408 832 6645 217 329 2961 7338 6733 2703 5239 022 4774 2058 0 0 0 0 3159
Swin-UPerNet [24] Swin-B-W7 | 3.36 3625 8178 1483 2531 8393 7216 254 2154 3477 7774 5979 2771 489 004 6088 169 1439 1679 7509 7038 41.76
ProGRess (Ours) RMAE-4L 8047 137 2199 8567 5744 129 2874 3535 7436 482 307 4308 0 5131 1804 0 68 86.3 63.05

ProGRess (Ours) RMAE-6L 8200 259/ 753 8603 6616 182 2772 3661 555 4926 913 4856 0 5734 1718 066 1073  87.27 64.51

ProGRess (Ours) RMAE-8L 8327 3582 855 8625 7372 3.97 2065 3277 7942 5755 1827 5032 0 6025 2656 532 1268 908 67.05

ProGRess (Ours) VITMAE-B 87.49 4014 3003 8651 7851 634 3334 3004 8003 6366 1817 5518 114 6352 3615 984 1275 9195 71.22 45.63

49.07% (+26%). Among relatively rare classes in off-
road environments, asphalt shows a substantial gain from
30.33% to 57.38% (+27%), while concrete improves from
83.29% to 85.20% (+2%). For categories with ambigu-
ous boundaries, puddle increases from 61.24% to 77.87%
(+17%), and mud from 37.58% to 43.68% (+6%).

Table 12 presents per-class IoU results on the RUGD
dataset. Here, VITMAE-ProGRess again surpasses the
strongest baseline, SegFormer, across diverse terrain and
object categories. For vegetation classes with ambigu-
ous boundaries, bush improves from 18.22% to 36.15%
(+18%), while tree increases from 82.13% to 87.49% (+5%)
and grass from 70.71% to 71.21% (+1%). Among object-
centric categories in unstructured natural scenes, vehicle
improves from 67.64% to 78.51% (+11%), fence from
58.80% to 63.52% (+5%), and picnic-table from 70.15%
to 71.22% (+1%). For rare classes, pole shows a substantial
improvement from 21.60% to 40.14% (+19%), while build-
ing increases from 77.91% to 80.13% (+2%).

Overall, these results demonstrate the robustness of
the ProGRess decoder in capturing fine-grained seman-
tic boundaries, improving performance on rare categories,
and resolving ambiguities across complex, unstructured ter-
rains.

9. Computational Complexity Analysis

In this section, we provide a comprehensive analysis
of the computational costs associated with our proposed
model with RMAE-4L variant as the representative encoder.
While our model achieves strong accuracy, understanding
the computational bottlenecks is crucial for future optimiza-
tion efforts.

Table 13. GFLOPS breakdown of our proposed model blocks.

Model Component FLOPS (G) Percentage
RMAE-4L 36.1 28.2%
F2P 14.5 11.3%
ProGRess 77.5 60.5%
Total 128.1 100%

9.1. Overall Model Breakdown

Table 13 presents the GFLOPS distribution across the three
main components of our architecture. The total computa-
tional cost is 128.1 GFLOPS per inference with 512 x 512
image resolution. The analysis reveals that the ProGRess
decoder accounts for the majority of operations at 77.5
GFLOPS (60.5%), while the RMAE-4L backbone con-
sumes 36.1 GFLOPS (28.2%) and the F2P module requires
14.5 GFLOPS (11.3%). This breakdown clearly identifies



the ProGRess decoder as the primary computational bottle-
neck affecting inference speed.

9.2. ProGRess Decoder Analysis

To further investigate the computational bottleneck, Ta-
ble 14 decomposes the ProGRess decoder into its con-
stituent components. The BFF module has the highest de-
coder’s computational cost at 39.0 GFLOPS, accounting for
50.3% of all decoder operations. The PLF module without
self-fusion contributes 25.4 GFLOPS (32.8%), while the
LCAR module adds 12.8 GFLOPS (16.5%).

Table 14. GFLOPS breakdown of the ProGRess decoder blocks.

Decoder Component FLOPS (G) Percentage

PLF (w/o self-fusion) 25.4 32.8%
Self-fusion 0.3 0.4%

LCAR 12.8 16.5%
BFF 39.0 50.3%
Total 77.5 100%

9.3. Optimization Strategies

Based on our computational analysis, we identify three po-
tential optimization directions to improve computational ef-
ficiency while maintaining model accuracy:

* Channel reduction before BFF. Given that the BFF
module is computationally costly, reducing the number
of feature channels prior to BFF execution could signifi-
cantly decrease computational costs.

* Spatial downsampling with upsampling. Applying
pooling operations to reduce spatial dimensions before
BFF execution, followed by bilinear or learned upsam-
pling, could also provide substantial computational sav-
ings.

* Depthwise separable convolutions. Replacing standard
Conv2D operations in the fusion modules with depthwise
separable convolutions offers a well-established approach
to reducing FLOPS.

10. Comparison with real-time models

Although Table 4 shows that our model is highly compet-
itive in terms of parameter count and FLOPS when com-
pared with general-purpose segmentation architectures, its
efficiency is lower relative to specialized real-time mod-
els. As summarized in Table 15, all four ProGRess vari-
ants achieve substantially higher mIoU and mAcc on both
RELLIS-3D and RUGD, clearly outperforming existing
real-time baselines in segmentation quality. However, mod-
els such as STDC [10] exhibit significantly lower FLOPS
and remain the most efficient among all compared ap-
proaches. This observation reflects the fact that our RMAE-
ProGRess model is designed primarily for accuracy rather

Image

GT

DeepLabV3+

Swin-B

Ours

Figure 4. Comparison of the qualitative results of Swin-B Trans-
former, DeepLabV3+ and our Progress with RMAE-8L encoder.
Red squares highlight the areas where our model perform better.

than strict real-time operation. In above section 9, we dis-
cussed the computational breakdown to understand which
block of our model contributes to the higher FLOPS high-
lighting the research directions regarding the prospects of
real-time efficiency of our model.

11. Qualitative Results

We qualitatively compare our proposed model against two
strong baselines: Swin-B [24], representing transformer-
based methods, and DeepLabV3+[5], representing CNN-
based approaches, as selected from Table 4. As shown
in Fig. 4, both Swin-B and DeepLabV3+ exhibit notable
misclassifications in challenging regions of the segmenta-
tion map. In contrast, our ProGRess model with RMAE-8L
encoder produces more accurate and consistent predictions
that better align with the ground truth (GT), highlighting
its superior generalization. Fig. 5 shows more qualitative
results in some challenging situations. Distinguishing be-
tween puddle and mud remains difficult due to their am-
biguous appearance and shared visual characteristics, yet
our model handles these cases effectively. Similarly, the
bush, tree, and grass classes are predicted with good clarity.
These results highlight the strength of our model in handling
unstructured scenes characterized by irregular and semanti-
cally ambiguous boundaries.

On the other hand, the per-class IoU results indicate
that the model still struggles with certain categories. As



Table 15. Comparison of our proposed methods with the real-time models on RELLIS-3D and RUGD test sets. Bold values indicate the
variants of our model outperforming other models, and underscore shows the performance of our model competitive to other models.

Methods Backbone | Aux. | Params| vRAM (MB) | | RELLIS-3D RUGD
| Head | (M) | FLOPS(G)| mIoUt mAcct | FLOPS(G)| mloU? mAcct

STDC [10] STDCNet2 FCN 12.6 54.8 11.8 4797 5901 23,5 36.91 50.34
BiseNetV1 [40] ResNetV1c-101 | FCN 78.23 311.9 118.4 4835 5881 - - -
PIDNet [39] PIDNet-L - 3731 152.7 345 5046  63.16 68.9 3513 51.81
DDRNet [17] DDRNet - 20.3 88.8 17.9 5085  61.15 35.9 3490  51.05
ProGRess (Ours) RMAE-4L - 46.47 221.9 128.1 5323  63.04 256.3 3730 5031
ProGRess (Ours) RMAE-6L - 60.74 296.0 145.9 5546  66.02 291.8 37.67  50.81
ProGRess (Ours) RMAE-8L - 75.02 365.0 163.6 5714  68.53 327.3 4134 5373
ProGRess (Ours) | VITMAE-Base - 103.56 509.4 199.1 5741  69.21 398.3 4563  57.80

Predicted (Ours)

Figure 5. More qualitative results of our RMAESL-Progress
model on RELLIS-3D.

shown in Table 11, one notable example is the pole class,
where RMAE-8L and VITMAE achieve only 2.87% and
2.42% loU, respectively. Similarly, the fence class attains
IoU scores of 37.7% and 37.4%, which, although higher
than those for pole, remain much lower compared to other
classes. This suggests that while some correct predictions
are made, the model still suffers from a considerable num-
ber of false negatives. These observations are illustrated
qualitatively in Fig. 6, where failure cases are highlighted
with red boxes. In the first and fourth images (from top
to bottom), the model predicts only partial regions of the
fence class. In the second image, confusion between grass
and bush is evident, as these categories exhibit subtle visual
differences. Although the model demonstrates clear distinc-

tions between these classes in Fig. 4 and Fig. 5, the features
in these particular instances are significantly more ambigu-
ous. Furthermore, in the third image, the pole class is not
detected at all. Overall, these failure cases highlight impor-
tant areas for future improvement, particularly in handling
extremely ambiguous regions.

12. Relationship with FPN-style Networks

While our ProGRess decoder shares the multi-scale fusion

paradigm with FPN-style architectures [23, 37], it intro-

duces several critical innovations specifically designed for

Vision Transformer backbones to enhance semantic seg-

mentation accuracy and efficiency:

¢ Leapwise Feature Extraction: Unlike FPN [23] and
UPerNet [37] which extract features from consecutive
CNN stages, our PLF employs leapwise sampling of non-
consecutive RMAE layers (e.g., {1, 3, 5, 7} in RMAE-
8L). This leverages semantic diversity without redundant
computations, crucial in ViT-based architectures where
adjacent layers are highly correlated.

* Explicit Pyramid Construction: FPN-style methods
leverage CNN backbones that naturally produce multi-
scale features with distinct spatial and channel dimen-
sions at each stage, forming an implicit pyramid through
architectural design. In contrast, RMAE outputs features
from all sampled layers with identical dimensions. We
therefore employ F2P module, which transforms these
uniform features into a proper spatial pyramid through
upsampling and downsampling. This explicit construc-
tion provides greater control over pyramid characteristics
compared to FPN’s architecturally-determined scales.

¢ Self-Fusion: The deepest feature map corresponds to the
highest-level semantic representations. We enhance these
representations through self-fusion as shown by Eq. 1,
which concatenates the feature with itself, doubling the
input channels to the fusion convolution and enabling
richer semantic transformations before top-down propa-
gation. FPN-style methods lack this self-enhancement
mechanism, applying only simple lateral connections at
the deepest level.
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Figure 6. Qualitative results showing failure cases on RELLIS-3D using RMAE-8L and VITMAE-Base encoders with our ProGRess

decoder. Red squares highlight the failure cases.

* LCAR Refinement: In FPN-style architectures, fused
features are directly aggregated or used for prediction.
Our PLF incorporates LCAR at every pyramid level af-
ter fusion, enabling adaptive channel-wise recalibration.
This attention mechanism emphasizes discriminative fea-
tures while suppressing noise, significantly improving
feature quality before the final BFF stage.

These design choices of the ProGRess decoder consis-
tently outperform FPN-style decoder in both accuracy and
parameter efficiency, e.g. UPerNet, across multiple en-
coders as shown in ablations studies (Table 6).

13. Evaluation on Cityscapes

To check the efficacy of our approach on structured scenes,
we train our best model on Cityscapes dataset [8]. Ta-
ble 16 compares our VITMAE-ProGRess model on the
Cityscapes validation set with the prior work in the liter-
ature. We collect these performance reports on the table
from the respective research work. Our model achieves a
competitive 78.08% mloU, outperforming some standard
ResNet-101 baselines (FCN and PSANet), while falling be-
low DeepLabV3 with ResNet-101 backbone and SETR-

Table 16. Results on Cityscapes validation set.

Method | Backbone | mIoU
FCN [30] ResNet-101 | 76.61
PSANet [45] ResNet-101 | 77.14
ProGRess (Ours) ViTMAE 78.08

DeepLabV3 [4] ResNet-101 | 79.30
SETR-PUP [46] ViT-L 82.15

PUP with ViT-L backbone. Despite our model is tuned
specifically for the unstructured settings, these results in-
dicate its potential to generalize to urban environments as
well.
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