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In this Appendix, we provide additional experiments and details to complement
the main paper. The contents are as follows:

– §A presents our experimental setups for ImageNet and downstream tasks
training and evaluation setups;

– §B presents detailed layer configuration of RDNet-T;
– §C evaluates further ImageNet top-accuracy versus latency trade-offs on var-

ious testbeds, encompassing both PyTorch and TensorRT A100 inference, as
well as CPU inference outcomes;

– §D conducts an ablation study by aligning the depth, parameters, and FLOPs
with ResNet and ConvNeXt to reaffirm the strengths of dense connections;

– §E reports further COCO [23] object detection and instance segmentation
results with Mask-RCNN [14] and Cascade Mask-RCNN [5];

– §F benchmarks the transferability of ImageNet-1K pre-trained models. We
utilize fine-grained classification datasets and long-tailed classification datasets,
including CIFAR-10 [21], CIFAR-100 [21], Flowers-102 [29], Stanford-Cars [20],
iNaturalist-2018 [17], and iNaturalist-2019 [18];

– §G evaluates the effectiveness of dense connections on generative models;
– §H benchmarks robustness of the ImageNet-1K [34] pre-trained models on

the out-of-distribution datasets, including ImageNet-V2 [33], ObjectNet [4],
ImageNet-A [16], ImageNet-Sketch [41], and ImageNet-R [15];

– §I gives more details of our pilot study described in §5.1 with overall results,
and scaled-up experiments on ImageNet-1K.

⋆ Equal contribution. Correspondence to Dongyoon Han.
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Table A: ImageNet-1K training settings. Most training setups are consistently
used except for the multiple stochastic depth rates (e.g., 0.15/0.35/0.4/0.45) that reg-
ularize the corresponding models (e.g., RDNet-T/S/B/L), respectively.

RDNet-T/S/B/L RDNet-L
(Pre-)Training Fine-Tuning

image size 224 384
weight init kaiming normal pre-trained
optimizer AdamW AdamW
base learning rate 1e-3 2e-5
weight decay 0.05 1e-8
optimizer momentum (β1, β2) 0.9, 0.999 0.9, 0.999
batch size 512 512
training epochs 300 30
learning rate schedule cosine decay cosine decay
warmup epochs 20 5
warmup schedule linear linear
layer-wise lr decay [3, 7] None 0.7
randaugment [8] (9, 0.5) (9, 0.5)
mixup [48] 0.8 0.0
cutmix [47] 1.0 0.0
random erasing [49] 0.25 0.25
label smoothing [36] 0.1 0.1
stochastic depth [19] 0.15/0.35/0.4/0.5 0.6
layer scale [39] 1e-6 pre-trained
head init scale [39] None 1e-3
gradient clip None None
center crop percent 0.9 1.0
exp. mov. avg. (EMA) [30] None None

A Experimental Settings

A.1 ImageNet Training

Table A presents the training settings for RDNet on ImageNet-1K. Each variant
of RDNet adheres to these settings, except for the stochastic depth rate [19],
which is tailored to each model variant. For fine-tuning, we group three consec-
utive feature mixer blocks for layer-wise learning rate decay [3, 7] akin to the
approach taken in ConvNeXt. We use the timm package [44] for model training.

A.2 Downstream Tasks

We adhere to the hyper-parameter sweep protocol outlined in [27] but sweep
much lightly. For UperNet [45] training on ADE20K, we explore the following
hyperparameters: learning rate {8e-5, 1e-3}, weight decay {0.01, 0.03, 0.05}. For
Mask-RCNN [14] training on COCO, we explore hyperparameters such as learn-
ing rate {1e-3, 2e-3, 3e-3}, weight decay {0.05, 0.1}, stochastic depth {0.1, 0.2}.
For Cascade Mask-RCNN [5] training on COCO, we explore hyperparameters
such as learning rate {8e-5, 1e-4}, weight decay {0.05, 0.1}, stochastic depth
{0.4, 0.5, 0.6}, and layer-wise learning rate decay {0.7, 0.8}. We note that our
search space is similar to or less extensive than the known search space in Con-
vNeXt [27] (e.g., 6 (ours) vs. 12 (ConvNeXt) for ADE20K (UperNet) and 8/24
(ours) vs. 48 (ConvNeXt) for COCO (Cascade Mask-RCNN) experiments).
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A.3 Benchmark Setup

We measure latency and memory on the V100 GPU utilizing PyTorch 1.13.1
and CUDA 11.6. In all measurements, we employ the channels-last memory
format [28]. Memory is measured in the training phase with a batch size of 16.

B Model Configurations of RDNet

From a practitioner’s perspective, it can be challenging to ascertain the num-
ber of channels of features of RDNet. Therefore, we provide a detailed model
configuration in Table B. The values of resolution and channel are based on the
output feature. We ensured that the output dimensions of the transition layers
are multiples of 8 for efficiency.

C More ImageNet Accuracy vs. Latency Trade-offs

To assess the practicality of our models, we measure speeds across diverse testbeds.
We precisely measure inference speeds using the PyTorch framework on NVIDIA
A100 GPU, Intel Xeon Gold 5120 CPU, and TensorRT Inference Engine on

Table B: Model configurations of RDNet. The table on the left presents the
layer-wise configuration of RDNet-T. The table on the right details the configuration
of the RDNet model family. As described in Fig. 1, each stage of the RDNet comprises
LN mixing blocks.

Stage GR Layer Resolution #Channels
Patchification 56 × 56 64

S1 64
Feature mixer 56 × 56 128
Feature mixer 56 × 56 192
Feature mixer 56 × 56 256
Transition S2 28 × 28 128

S2 104
Feature mixer 28 × 28 232
Feature mixer 28 × 28 336
Feature mixer 28 × 28 440
Transition S2 14 × 14 216

S3 128

Feature mixer 14 × 14 344
Feature mixer 14 × 14 472
Feature mixer 14 × 14 600
Transition S1 14 × 14 296
Feature mixer 14 × 14 424
Feature mixer 14 × 14 552
Feature mixer 14 × 14 680
Transition S1 14 × 14 336
Feature mixer 14 × 14 464
Feature mixer 14 × 14 592
Feature mixer 14 × 14 720
Transition S1 14 × 14 360
Feature mixer 14 × 14 488
Feature mixer 14 × 14 616
Feature mixer 14 × 14 744
Transition S2 7 × 7 368

S4 224
Feature mixer 7 × 7 592
Feature mixer 7 × 7 816
Feature mixer 7 × 7 1040

Classifier 1 × 1 1000

Stage Layer RDNet
Settings Tiny Small Base Large

S1 Growth Rate 64 64 96 128
# Mixing Block 1 1 1 1

Transition S/2

S2 Growth Rate 104 128 128 192
# Mixing Block 1 1 1 1

Transition S/2

S3 Growth Rate 128 128 168 256
# Mixing Block 4 7 7 8

Transition S/2

S4 Growth Rate 192 240 336 360
# Mixing Block 1 2 2 2

Classifier GAP, Linear

Parameters (M) 24 50 87 186

FLOPs (G) 5.0 8.7 15.4 34.7
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(a) PyTorch (A100 GPU)
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(b) TensorRT (A100 GPU)
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(c) CPU (Xeon Gold 5120)

Fig. A: Further trade-offs in ImageNet-1K performance. We provide compar-
ative visualizations with diverse environments (including A100, TesorRT, and CPU)
between state-of-the-art models, which were known for top-performing models. It turns
out that RDNet is highly competitive in practice in terms of model speed.

NVIDIA A100 GPU. Our testing environment incorporates PyTorch version
1.13.1, CUDA version 11.6, and TensorRT version 8.5.3 for these experiments.
Fig. A shows that our models consistently show superior accuracy vs. latency
trade-offs across all evaluation setups. Note that (b) in Fig. A includes fewer
models because those that are challenging to convert to inference engines due
to factors like the use of CUDA custom kernels are not evaluated. We report all
the numbers in Table C.

D More Comparison with ResNets and ConvNeXts

We presented the performance of RDNets matched with ResNets and ConvNeXts
in terms of the number of parameters and FLOPs in Table 8a. Here, we further
report some RDNets’ performances, which are more closely aligned with ResNets
and ConvNeXts than our previous models by 1) having identical depth; 2) having
the same number of building blocks in each stage; 3) aligning the parameters and
FLOPs as closely as possible with those of ResNet and ConvNext. Therefore, the
comparison is more like an apples-to-apples comparison. As shown in Table D,
despite RDNet not having the optimal width and depth for dense connections,
RDNet demonstrates superior performance compared to the competing models.
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Table C: ImageNet-1K comparison with the latest models. Fig. A visualized
this table. We thoroughly compare our models against the latest architectures in prac-
tical latencies. bn denotes latency, measured with a batch size of n. Certain models
were excluded from evaluation because their CUDA custom kernels were not compiled.

Model Date Param FLOPs Top-1 PyTorch (A100, ms) TensorRT (A100, ms) PyTorch (Xeon 5120, s)
(M) (G) (%) b1 b8 b32 b128 b1 b8 b32 b128 b1 b8 b32 b128

RDNet-T Ours 24 5.0 82.8 9.2 9.2 17.8 60.5 3.9 7.5 19.7 69.3 0.07 0.25 1.09 4.85
HorNet-T7×7 [32] NeurIPS’2022 22 4.0 82.8 21.9 21.9 27.8 100.7 7.4 10.6 22.8 68.4 0.09 0.21 0.89 5.79
VAN-B2 [11] CVMJ’2023 27 5.0 82.8 15.8 16.4 32.9 122.5 4.1 8.6 21.2 71.8 0.08 0.38 1.61 7.33
BiFormer-S [50] CVPR’2023 26 4.5 83.8 31.0 35.3 54.2 200.9 - - - - 0.13 0.39 2.17 13.60
NAT-T [12] CVPR’2023 28 4.3 83.2 14.7 14.7 32.9 122.4 - - - - 0.22 1.43 5.73 24.42
SMT-S [24] ICCV’2023 21 4.7 83.7 26.1 26.4 53.0 191.4 - - - - 0.11 0.32 1.16 7.91
MogaNet-S [22] ICLR’2024 25 5.0 83.4 22.7 22.7 34.9 127.2 5.6 10.3 27.6 91.0 0.11 0.42 1.97 9.46

RDNet-S Ours 50 8.7 83.7 14.3 14.4 26.4 88.3 5.7 10.8 29.3 99.4 0.11 0.38 1.73 7.34
HorNet-S7×7 [32] NeurIPS’2022 50 8.8 84.0 21.8 22.2 46.9 173.9 8.0 14.1 33.6 104.5 0.11 0.38 2.43 11.51
VAN-B3 [11] CVMJ’2023 45 9.0 83.9 27.5 32.8 50.4 194.8 6.8 13.7 34.5 119.9 0.15 0.59 2.50 11.27
BiFormer-B [50] CVPR’2023 57 9.8 84.3 31.2 31.1 89.3 336.3 - - - - 0.15 0.78 4.90 23.03
NAT-S [12] CVPR’2023 51 7.8 83.7 15.8 20.6 51.9 194.9 - - - - 0.31 2.10 8.78 38.27
SMT-B [24] ICCV’2023 32 7.7 84.3 37.4 39.1 81.2 295.6 - - - - 0.19 0.60 2.24 13.41
MogaNet-B [22] ICLR’2024 44 9.9 84.3 44.0 47.4 70.6 258.0 9.4 19.0 53.4 183.4 0.20 0.77 4.08 19.10

RDNet-B Ours 87 15.4 84.4 14.9 15.1 36.0 124.2 6.2 13.6 39.5 139.8 0.15 0.58 2.52 10.84
HorNet-B7×7 [32] NeurIPS’2022 87 15.6 84.3 22.1 22.3 68.9 266.1 9.0 16.5 41.8 139.1 0.13 0.57 3.43 15.86
VAN-B4 [11] CVMJ’2023 60 12.2 84.2 53.3 53.6 80.7 263.6 8.4 17.0 45.1 151.6 0.19 0.70 3.26 14.65
NAT-B [12] CVPR’2023 90 13.7 84.3 15.9 22.5 88.6 296.9 - - - - 0.42 3.03 12.33 52.47
MogaNet-L [22] ICLR’2024 83 15.9 84.7 81.6 90.3 98.8 357.7 14.9 28.7 77.4 263.2 0.31 1.08 51.56 26.93

RDNet-L Ours 186 34.7 84.8 17.0 17.3 59.8 216.1 8.1 20.4 62.9 231.8 0.26 1.15 4.72 19.13
MogaNet-XL [22] ICLR’2024 181 34.5 85.1 82.3 93.3 146.3 549.5 17.4 38.6 115.4 421.9 0.40 2.57 10.27 49.49

Table D: Apples-to-apples comparison with ResNet and ConvNeXt. We align
the parameters, FLOPs, and depth of ResNet and ConvNext as closely as possible to
compare their top-1 accuracy (%).

Model Params FLOPs Depth Top-1

ResNet-50 25.6M 4.1G [3,4,6,3] 78.8
RDNet 25.5M 4.1G [3,4,6,3] 82.1

ResNet-152 60.2M 11.5G [3,8,36,3] 80.8
RDNet 59.7M 11.5G [3,8,36,3] 83.7

ConvNeXt-T 28.6M 4.5G [3,3,9,3] 82.1
RDNet 27.1M 4.5G [3,3,9,3] 82.4

ConvNeXt-B 88.6M 15.4G [3,3,27,3] 83.8
RDNet 88.3M 15.3G [3,3,27,3] 84.1

E More Object Detection/Instance Segmentation results

An extension to the Mask-RCNN [14] with 3x schedule [13] results in Table 6
in the main paper, we additionally train Mask-RCNN using a 1x schedule [13]
to perform a more comprehensive and fair comparison with a broader range of
models. As shown in Table E, pre-trained RDNet models demonstrate competi-
tive performance. Furthermore, we employ the Cascade Mask-RCNN head [5] to
evaluate our pre-trained models. As demonstrated in Table F, RDNet exhibits
competitive performance. Note that our models do not experience exhaustive
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Table E: COCO object detection and segmentation results - Mask-RCNN
1x schedule. FLOPs (G) are calculated with image size (1280, 800).

Backbone Param FLOPs APbox APbox
50 APbox

75 APmask APmask
50 APmask

75

PVT-S [42] 44M 245G 40.4 62.9 43.8 37.8 60.1 40.3
Swin-T [26] 48M 264G 43.6 66.2 47.7 39.6 62.9 42.2
PVTv2-B2 [43] 45M 309G 45.3 67.1 49.6 41.2 64.2 44.4
ConvNeXt-T [27] 48M 262G 43.5 65.6 48.0 39.7 62.5 42.7
CSwin-T [9] 42M 279G 46.7 68.6 51.3 42.2 65.6 45.4
FocalNet-S (SRF) [46] 49M 267G 45.9 68.3 50.1 41.3 65.0 44.3
RDNet-T 43M 278G 46.1 68.0 50.8 41.4 65.1 44.2

PVT-M [42] 64M 302G 42.0 64.4 45.6 39.0 61.6 42.1
Swin-S [26] 69M 354G 46.5 68.7 51.3 42.1 65.8 45.2
PVTv2-B3 [43] 65M 397G 47.0 68.1 51.7 42.5 65.7 45.7
ConvNeXt-S [27] 70M 348G 46.8 69.0 51.5 42.1 65.8 45.2
CSwin-S [9] 54M 342G 47.9 70.1 52.6 43.2 67.1 46.2
FocalNet-S (SRF) [46] 71M 356G 48.0 69.9 52.7 42.7 66.7 45.7
RDNet-S 70M 354G 48.2 69.9 53.0 43.0 66.9 46.3

Swin-B [26] 107M 496G 46.9 69.2 51.6 42.3 66.0 45.5
PVTv2-B5 [43] 102M 557G 47.4 68.6 51.9 42.5 65.7 46.0
ConvNeXt-B [27] 108M 486G 47.5 69.9 51.9 42.5 66.8 45.7
CSwin-B [9] 97M 526G 48.7 70.4 53.9 43.9 67.8 47.3
FocalNet-B (SRF) [46] 109M 496G 48.8 70.7 53.5 43.3 67.5 46.5
RDNet-B 107M 493G 48.8 70.4 53.5 43.4 67.5 46.6

Table F: COCO object detection and segmentation results - Cascade Mask-
RCNN 3x schedule. FLOPs (G) are calculated with image size (1280, 800). The
result of Swin-T is from the official repository [1].

Backbone Param FLOPs APbox APbox
50 APbox

75 APmask APmask
50 APmask

75
Swin-T [26] 86M 745G 50.4 69.2 54.7 43.7 66.6 47.3
PVTv2-B2 [43] 83M 788G 51.1 69.8 55.3 - - -
FocalNet-T [46] 86M 746G 51.5 70.1 55.8 - - -
ConvNeXt-T [27] 86M 741G 50.4 69.1 54.8 43.7 66.5 47.3
NAT-T [12] 85M 737G 51.4 70.0 55.9 44.5 67.6 47.9
RDNet-T 81M 757G 51.6 70.5 56.0 44.6 67.9 48.3

Swin-S [26] 107M 838G 51.9 70.7 56.3 45.0 68.2 48.8
ConvNeXt-S [27] 108M 827G 51.9 70.8 56.5 45.0 68.4 49.1
NAT-S [12] 108M 809G 52.0 70.4 56.3 44.9 68.1 48.6
RDNet-S 108M 832G 52.3 70.8 56.6 45.4 68.5 49.3

Swin-B [26] 145M 982G 51.9 70.5 56.4 45.0 68.1 48.9
ConvNeXt-B [27] 146M 964G 52.7 71.3 57.2 45.6 68.9 49.5
NAT-B [12] 147M 931G 52.5 71.1 57.1 45.2 68.6 49.0
RDNet-B 144M 971G 52.9 71.5 57.2 46.0 69.1 50.0

fine-tuning of training hyperparameters for maximum precisions compared with
ConvNeXt’s, which indicates additional potential for achieving higher accuracy.

F Transferability Evaluation

We benchmark the transferability of ImageNet-1K pre-trained models. We utilize
fine-grained classification datasets - CIFAR-10 [21], CIFAR-100 [21], Flowers-
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Table G: Top-1 accuracy (%), parameter count (M), and FLOPs (G) on various
classification tasks with ImageNet-1k pre-trained models.

Model Param FLOPs CIFAR10 CIFAR100 Flowers Cars iNat18 iNat19

Grafit ResNet-50 [40] 26 4.1 - - 98.2 92.5 69.8 75.9
DeiT-III-S [38] 22 4.6 98.9 90.6 96.4 89.9 67.1 72.7
RDNet-T 24 5.0 98.9 90.4 98.6 93.9 77.0 81.2

ResNet-152 [6] 60 11.6 - - - - 69.1 -
RDNet-S 50 8.7 99.0 91.1 98.4 94.2 79.1 82.4

ViT-B/16 [10] 86 35.1 98.1 87.1 89.5 - - -
ViT-B/16 [35] 86 35.1 - 87.8 96.0 - - -
DeiT-B [37] 87 17.5 99.1 90.8 98.4 92.1 73.2 77.7
DeiT-III-B [38] 87 17.5 99.3 92.5 98.6 93.4 73.6 78.0
RDNet-B 87 15.4 99.3 91.4 98.6 94.1 80.5 83.5

RDNet-L 186 34.7 99.3 91.5 98.6 94.2 81.5 83.7

ViT-L/16 [10] 303 122.9 97.9 86.4 89.7 - - -
ViT-L/16 [35] 303 122.9 - 86.2 91.4 - - -
DeiT-III-L [38] 304 61.6 99.3 93.4 98.9 94.5 75.6 79.3

102 [29], and Stanford-Cars [20]. Furthermore, to verify the ability of long-tailed
classification, we utilize iNaturalist-2018 [17] and iNaturalist-2019 [18]. We follow
the training recipe of DeiT [37]. As demonstrated in Table G, RDNet exhibits
strong transferability. Notably, RDNet delivers impressive performance on long-
tailed classification tasks. RDNet-T surpasses DeiT-III-L on iNaturalist-2018
and iNaturalist-2019.

G Dense Connections for Generative Models

We test a generative model, WGAN [2], by replacing ResNet-GAN in the genera-
tor with our concatenation-based model. We maintained identical discriminator
architecture, training setups, and similar model sizes. We focus on a proof of
concept on CIFAR-10 to showcase whether our models could outperform with
faster convergence. Table H results confirmed that our model works across mul-
tiple runs. We plan to extend our research to larger models in future work.

Table H: WGAN experiments. We demonstrate the capability of dense connections
in RDNet for generation tasks. We utilize the WGAN architecture, redesigning only
the generator to showcase whether the generation ability could improve.

Model Param IS↑ FID↓

ResBlock 5.4M 7.27±0.26 27.79±1.06
Ours 5.6M 7.52±0.10 25.37±0.21
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Table I: Robustness evaluation. We compare the models evaluating the out-of-
distribution (OOD) metrics ImageNet-V2/A/Sketch/ObjNet/R. We further average
the OOD scores to show the averaged distribution shifts denoted by Avg Shift. Inter-
estingly, even when RDNet demonstrates lower accuracy on ImageNet-1K compared to
other networks, it consistently attains high OOD scores compared with other datasets.

Model Param FLOPs IN Avg Shift V2 Obj A Sketch R

Swin-T [26] 28 4.5 81.3 38.9 69.7 33.1 21.1 29.3 41.5
ConvNeXt-T [27] 29 4.5 82.1 42.7 72.5 35.6 24.2 33.8 47.2
HorNet-T [32] 22 4.0 82.8 43.4 72.3 37.5 26.6 34.1 46.6
SLaK-T [25] 30 5.0 82.5 43.3 72.0 36.6 30.0 32.4 45.3
NAT-T [12] 28 4.3 83.2 44.0 72.2 37.8 33.0 31.9 44.9
RDNet-T 24 5.0 82.8 44.7 72.9 36.9 27.7 37.0 49.0

Swin-S [26] 50 8.7 83.0 43.8 72.0 36.8 32.5 32.3 45.2
ConvNeXt-S [27] 50 8.7 83.1 45.7 72.5 38.0 31.3 37.1 49.6
HorNet-S [32] 50 8.8 84.0 47.3 73.6 39.9 36.2 36.9 49.7
SLaK-S [25] 55 9.8 83.8 48.2 73.6 39.6 39.3 37.5 50.9
NAT-S [12] 51 7.8 83.7 46.4 73.2 39.9 37.4 34.3 47.3
RDNet-S 50 8.7 83.7 47.8 73.8 39.3 33.5 39.8 52.8

Swin-B [26] 88 15.4 83.5 44.9 72.4 37.6 35.4 32.7 46.5
ConvNeXt-B [27] 89 15.4 83.8 47.9 73.7 39.9 36.7 38.2 51.2
HorNet-B [32] 87 15.6 84.3 48.8 73.9 41.0 39.9 38.1 51.2
SLaK-B [25] 95 17.1 84.0 48.9 74.0 39.7 41.6 38.5 50.8
NAT-B [12] 90 13.7 84.3 48.5 74.1 40.7 41.4 36.6 49.7
RDNet-B 87 15.4 84.4 49.0 74.2 39.7 38.1 40.1 52.7

ConvNeXt-L [27] 198 34.4 84.3 49.9 74.2 40.6 41.3 40.1 53.5
RDNet-L 186 34.7 84.8 52.2 75.0 42.1 42.9 44.5 56.5

H Robustness Evaluation

We further evaluate the robustness of our models using the ImageNet out-of-
distribution (OOD) benchmarks - ImageNet-V2 [33], ImageNet-A [16], ImageNet-
Sketch [41], ImageNet-R [15], and ObjectNet [4]. Table I shows our RDNet
demonstrates superior robustness in comparison to the other models. We specif-
ically select models (HorNet, SLaK, and NAT) having comparable ImageNet-1K
accuracies to demonstrate the superior out-of-distribution (OOD) performance
of our models compared with those. Nobaly, even when RDNet demonstrates
lower accuracy on ImageNet-1K than competing models, RDNet achieves high
OOD scores across various benchmarks.

I More Details and Extended Pilot Study

I.1 More Details of Pilot Study

We present individual RandNet experimental results performed under controlled
setups. We conduct 200 experiments for each configuration of budget, block type,
and skip connection type. Fig. B and Table J, concatenation outperforms ad-
dition across parameter spaces A, B, and C. For the parameter spaces D and
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Fig. C: Cumulative prabability vs. error of trained models in Table K is visual-
ized here following Radosavovic et al. [31]. The figure corresponds to the manuscript’s
parameter spaces D and E . Each row demonstrates optimizers, and each column ex-
hibits augmentations.

E using data augmentations, we use the following hyper-parameters for exper-
iments. For RandAugment [8], we limit the magnitude values of {3, 5, 7}; for
MixUp [48] and CutMix [47], we employ alpha values of {0.1, 0.3, 0.5} respec-
tively; Stochastic Depth [19] ratio are set to {0.05, 0.1}; Random Erasing [49] is
fixed to 0.25.

Due to the diverse setups in each data argumentation, we conduct 600 ex-
periments for each element. Additionally, even when switching the optimizer to
AdamW, we train 600 random networks for every augmentation as well. Fig. C
and Table K suggest that that data augmentation reduces the performance gap
between additive and concatenative shortcuts, particularly noting that the ele-
ment (i.e., trained using stochastic depth with AdamW) benefit more from an
additive shortcut. Nevertheless, we continue to observe that concatenation-based
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Table J: Concatenation vs. addition. The table corresponds to the manuscript’s
parameter spaces A, B, and C. We sample 200 random networks within each param-
eter space, ensuring similar computational costs of FLOPs, the number of parame-
ters (Param), and memory consumption (Mem), and individually train them on Tiny-
ImageNet. All results are averaged along with the standard deviation (± std). Experi-
mental results with higher accuracy are shaded in gray .

Model Skip type Block type FLOPs (G) Param (M) Mem (GB) Top-1 (%)

RandNetA Add PostNorm 2.24±0.14 2.20±0.13 0.66±0.03 45.6±2.3
RandNetA Concat PostNorm 2.24±0.14 2.25±0.14 0.71±0.05 46.9±2.2
RandNetA Add PostNorm (w/o act) 2.24±0.13 2.20±0.13 0.66±0.02 45.1±2.1
RandNetA Concat PostNorm (w/o act) 2.23±0.14 2.24±0.14 0.76±0.06 46.8±2.2
RandNetA Add PreNorm 2.24±0.13 2.2±0.13 0.66±0.02 46.8±1.67
RandNetA Concat PreNorm 2.25±0.14 2.25±0.14 0.82±0.08 48.7±1.6
RandNetB Add PostNorm 4.51±0.27 4.42±0.26 0.78±0.05 49.9±2.2
RandNetB Concat PostNorm 4.53±0.28 4.52±0.28 0.88±0.09 50.7±2.2
RandNetB Add PostNorm (w/o act) 4.52±0.27 4.43±0.26 0.78±0.05 49.4±2.3
RandNetB Concat PostNorm (w/o act) 4.51±0.28 4.50±0.28 0.84±0.08 50.7±2.1
RandNetB Add PreNorm 4.51±0.26 4.42±0.26 0.78±0.05 51.1±1.6
RandNetB Concat PreNorm 4.50±0.30 4.48±0.29 0.97±0.12 52.2±1.5
RandNetC Add PostNorm 9.58±0.23 9.37±0.23 1.00±0.09 52.8±2.2
RandNetC Concat PostNorm 9.55±0.27 9.46±0.27 1.05±0.11 53.8±2.1
RandNetC Add PostNorm (w/o act) 9.60±0.24 9.39±0.23 1.02±0.09 52.5±2.2
RandNetC Concat PostNorm (w/o act) 9.56±0.27 9.46±0.26 1.11±0.13 53.9±2.1
RandNetC Add PreNorm 9.58±0.22 9.37±0.21 1.02±0.10 54.4±1.6
RandNetC Concat PreNorm 9.56±0.26 9.46±0.25 1.24±0.17 55.1±1.3

Table K: Concatenation vs. addition with data augmentations. The table
corresponds to the manuscript’s parameter spaces D and E . We utilize the PreNorm
block for augmentation experiments. We sample 600 random networks due to diverse
degrees of data augmentations and report identically in Table J. Experimental results
with higher accuracy are shaded in gray .

Skip type Augmentation AdamW FLOPs (G) Param (M) Mem (GB) Top-1 (%)

Add RandAug 9.60±0.23 9.40±0.23 1.02±0.09 57.8±1.3
Concat RandAug 9.54±0.26 9.44±0.26 1.25±0.17 58.7±1.2
Add MixUp 9.59±0.23 9.39±0.22 1.02±0.09 57.3±1.4
Concat MixUp 9.55±0.26 9.45±0.26 1.24±0.16 57.9±1.2
Add CutMix 9.60±0.23 9.39±0.23 1.03±0.09 57.0±1.7
Concat CutMix 9.55±0.27 9.45±0.26 1.23±0.16 57.5±1.5
Add Sto. Depth 9.59±0.23 9.39±0.23 1.02±0.09 57.3±1.4
Concat Sto. Depth 9.55±0.27 9.45±0.26 1.24±0.17 57.8±1.2
Add RandErase 9.59±0.23 9.38±0.23 1.02±0.09 57.8±1.3
Concat RandErase 9.56±0.26 9.45±0.26 1.24±0.16 58.2±1.2
Add RandAug ✓ 9.60±0.23 9.40±0.23 1.02±0.09 58.5±1.4
Concat RandAug ✓ 9.54±0.26 9.44±0.26 1.25±0.17 59.2±1.3
Add MixUp ✓ 9.60±0.23 9.39±0.22 1.02±0.09 58.2±1.3
Concat MixUp ✓ 9.55±0.25 9.44±0.25 1.24±0.16 58.9±1.3
Add CutMix ✓ 9.59±0.23 9.38±0.23 1.02±0.09 58.9±1.6
Concat CutMix ✓ 9.54±0.26 9.44±0.26 1.25±0.17 60.2±1.4
Add Sto. Depth ✓ 9.60±0.23 9.39±0.23 1.02±0.09 57.5±1.3
Concat Sto. Depth ✓ 9.55±0.26 9.44±0.26 1.25±0.16 57.5±1.1

Add RandErase ✓ 9.58±0.23 9.37±0.23 1.02±0.08 58.1±1.1
Concat RandErase ✓ 9.56±0.26 9.46±0.26 1.24±0.18 58.1±1.0

models dominate over advantage over additive shortcuts, even in the AdamW
training configurations.
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I.2 Scaled-up Pilot Study

To further extend our pilot study, we conduct ImageNet-1K experiments across
the parameter spaces C, D, and E , as described in §5.1. For the parameter space
C, we train the model for 60 epochs. For D and E , we extend the training epochs
to 90 to assess the impact of augmentation. In the parameter space C, we carry
out 150 experiments for each type of skip connection. In D and E , we conduct 60
experiments for each combination of augmentation and skip connection type. As
shown in Table L, even on the ImageNet-1K dataset, the trained models using
concatenation statistically surpass those using addition.

Table L: Scaled-up pilot study on ImageNet-1K - concatenation vs. addition
experiments. The table corresponds to our extended pilot study on the same param-
eter spaces C, D and E . Each row in parameter space C contains statistics derived from
150 experiments, while each row in parameter spaces D and E encompasses statistics
from 300 experiments. We utilize the PreNorm block only for scaled-up experiments.
Experimental results with higher accuracy are shaded in gray .

Model Skip type FLOPs (G) Param (M) Mem (GB) Top-1 (%)

RandNetC Add 9.51±0.28 9.41±0.28 1.02±0.09 54.9±2.2
RandNetC Concat 9.45±0.22 9.47±0.20 1.24±0.17 55.1±2.0

RandNetD Add 9.60±0.24 9.46±0.20 1.02±0.09 54.7±2.6
RandNetD Concat 9.55±0.26 9.45±0.26 1.25±0.16 55.1±2.7

RandNetE Add 9.60±0.27 9.38±0.26 1.02±0.09 55.8±2.8
RandNetE Concat 9.55±0.27 9.44±0.26 1.25±0.16 56.7±2.7
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