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In this supplementary material document, we provide
some details on extending our multi-scale feature fusion
method to students. Furthermore, we provide additional ex-
perimental results on using

e Slimmed backbones and high-resolution students
o Different input resolutions during inference
e Multi-scale fusion students with slimmed backbones,

as well as

e Training details for 3x training schedule
e Visualization results.

A. Multi-Scale Feature Fusion for Students

As shown in Table 4 of the main paper, it is still relatively
challenging for the improved low-resolution student models
to detect small objects. This is caused by the loss of fine vi-
sual details in the low-resolution input images. To counter-
act this problem, we extend cross feature-level fusion mod-
ule introduced in Sec. 3.2 to combine two or more students
with varying input resolutions and model complexities. The
loss of visual details within a low-resolution student can be
compensated by dynamically fusing its pyramidal features
with the features from another high-resolution student. Due
to the high computational requirements of processing high-
resolution input images, we let the high-resolution student
use a network architecture more compact and lightweight
than the low-resolution student’s. This strategy allows us to
achieve a good balance between model efficiency and detec-
tion performance. The results of various multi-scale fusion
students are provided in Table 7 of the main paper.

B. Slimmed Backbones and High-resolution
Students

Table 1 shows the comprehensive results on using
slimmed ResNet-50 backbones' [6]. Even when using a

tEqual contribution.
! As mentioned in the main paper, we do not adopt Slimmable train-
ing [6] for the detection models. We merely initialize the detection mod-

quarter of the original network width, the performance of
the low-resolution student still reaches 30.4 AP which is
reasonably good. This model’s backbone runs at merely 6%1
of the original/vanilla model’s backbone FLOPS. Addition-
ally, we demonstrate in this table that the strong teachers
trained with our approach can also be used to improve the
performance of high-resolution students remarkably well,
enabling them to match the performance of the multi-scale
fusion teachers (H&L) while merely requiring the compu-
tation costs of single-resolution backbones.

C. Inference at Different Input Resolutions

Table 2 shows the performance of student when perform-
ing inference across a wide range of different input resolu-
tions. It can be seen that the student models trained with
our multi-scale aligned distillation framework perform rea-
sonably well even in the extremely low-resolution regime.

D. Multi-scale Fusion Students with Slimmed
Backbones

The cross feature-level fusion module introduced in
Sec. 3.2 (main paper) can also be applied to the student
models. The loss of fine visual details in a low-resolution
student can be compensated by dynamically fusing its pyra-
midal features with the features from another small-width
high-resolution backbone. In Table 3, we show the per-
formance of several such backbone combinations for the
multi-scale fusion students that requires less computation
costs (FLOPS) than the full-width high-resolution model.
It can be seen that the performance on small-sized objects,
APg has been improved materially compared to the models’
single-low-resolution counterparts in Table 1.

With 0.50x width for high-resolution and 1.00x width
for low-resolution backbones, the student model (first row)
achieves 41.4 AP which is comparable with 41.3 AP of
the 0.75x-width high-resolution student (0.75x; S; H)
in Table 1. These two models have comparable back-

els with different-width backbones pretrained using Slimmable training on
ImageNet dataset.



Width | Role | Input | AP APso AP75 | APs APw APL Resolution | Inference s s s s s s
H [39.7 579 432 (272 440 493 Type | Resolution AP” AP5o AP7s | APS APy APL
T [ L [378 557 406|189 405 544 800 |423 613 459 [282 459 535
1.0x H&L (425 61.1 463 |28.0 457 557 768|424 613 458 |27.4 459 536
g | H [423 613 459282 459 535 H 736|422 61.1 457|272 459 543
L (397 580 425|217 429 55.0 704|421 61.0 456 | 269 458 545
H |383 56.1 415 257 425 473 672|419 60.7 45.1 | 252 457 543
T [ L [368 544 394 184 39.1 532 640 | 417 603 447 |247 456 553
0.75% H&L [41.1 592 445 (267 442 543 400 397 580 425 217 429 550
g [H [413 600 44.6 /274 44.7 515 384 [393 57.8 42.0 [209 423 553
L |386 567 413|208 41.2 538 368 389 572 417|197 420 556
H 1360 535 39.0|232 39.8 44.7 L 352 |38.6 56.8 414|199 41.7 555
T | L 338 508 364|163 354 49.1 336|379 558 404 | 188 40.6 55.6
0.5x H&L [38.5 563 41.7 |23.5 409 50.6 320 374 55.1 399 | 183 39.7 559
g | H [388 571 420]253 419 489 200 [318 478 334 [122 314 522
L 361 537 388|184 382 504 192 [31.1 467 327|114 308 513
, IE ;gz jg'g ;(2); gi g;; Zg-é EL 184 |304 458 319|113 298 512
: : : : : : 176 |29.6 448 309 | 103 289 499
0.25x H&L [332 499 354 |19.0 347 444 68 587 136 303194 777 191
g [LH [334 505 356200 355 430 160 279 425 288 89 267 48.1
L (304 465 323|151 315 441

Table 1: Performance evaluation on using slimmed ResNet-
50 [6] with different widths as the detector backbones. H&L
is the multi-scale fusion teacher that distills knowledge to
student S with either H (800px) or L (400px) input reso-
lution. At a particular network width, there is only a sin-
gle teacher that is evaluated on several resolution types, and
there are two distinct students trained respectively for H and
L input resolutions. 1x training schedule is used here.

bone FLOPS which are about half of the full-width high-
resolution model’s. However, the dual-resolution model
comes with separate dual-resolution backbones that can
fully run in parallel before the feature fusion happens. The
inference runtime efficiency can be significantly boosted by
running the dual-resolution backbones separately on differ-
ent hardware accelerators, in a similar spirit to parallelizing
large-scale neural network training [2]. This is not appli-
cable to the single-resolution 0.75x-width model that has
only sequentially-dependent layers. Our multi-scale feature
fusion approach can be seen as a way to perform effective
model separation that can potentially benefit from advances
in model parallelism.

E. Training Details for 3 x Training Schedule

For FCOS [5], RetinaNet [4] and MElnst [7], A, ~y are set
to 0.4 and 0.8. Whereas, for Mask R-CNN [ 1], A and ~ are
set to 0.2 and 0.6. Compared to the experiments with 1x
training schedule, we adopt smaller v values here for 3x
training schedule. A balances our proposed aligned knowl-
edge distillation (KD) loss and original detection loss. In
a prolonged training process, it is beneficial to provide a
stronger emphasis to KD loss due to the fact that the orig-

Table 2: Performance evaluation on the high(H)-, low(L)-
, and extremely low(EL)-resolution student (with ResNet-
50 backbone and FCOS) models guided by our final
multi-scale fusion teacher trained on three base resolutions
(800px, 400px, 200px). 1x training schedule is used here.

Width (H) [Width (L)[AP® APZ, APS;|APS AP§; APY
0.50x | 1.00x |41.4 599 445246 445 54.6
0.50x | 0.756x |41.1 59.4 44.0[245 43.6 545
0.50x | 0.50x [40.1 585 432|245 42.7 51.8
0.25x | 0.50x [37.6 55.5 40.6[20.8 40.0 50.9

Table 3: Performance evaluation on using dual-resolution
(high/H and low/L input resolutions) slimmed backbones
within multi-scale fusion student models.

inal detection loss converges sooner than KD loss does. A
greater KD loss weight allows the training to better focus
on minimizing the KD loss after the original detection loss
converges.

In the 3x training schedule experiments, Mask R-CNN
uses feature maps from P, to Py for high-resolution (800px)
model. In our setting, we shift the pyramid feature level for
the low-resolution (400px) model by setting m=1. In other
words, we use the feature maps from P; to P; for the low-
resolution model. For the low-resolution Mask R-CNN, we
define P, as the combination of P, and C; features, follow-
ing the standard FPN structure [3]. C; corresponds to the
features that come after the first 7 x 7 convolution block of
ResNet architecture.



F. Visualization results

We show the visualization results of the low-resolution
student models (all with ResNet-50 backbones) trained with
our framework on object detection, instance segmentation,
and keypoint detection. For all tasks, we apply a thresh-
old score of 0.7 to filter out unconfident detections. For
each row, the left, middle and right sub-figures correspond
to the the ground truth, the result from the multi-scale fu-
sion (800px&400px) teacher model, and the result from the
low-resolution (400px) student trained with our approach,
respectively. It is notable that the low-resolution model per-
forms very well even on small-sized objects.

Figure 1: Object detection with FCOS.



Figure 2: Instance segmentation with Mask R-CNN. Figure 3: Keypoint Detection with Mask R-CNN.
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