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Supplementary Material

In this supplementary material, we provide additional
details which we could not include in the main paper due to
space limitations, including more experimental analysis and
visualization details that help us develop further insights to
the proposed approach. We discuss:

* More results of generalized few-shot object detection.
» Additional analysis on Prototypical Calibration Block.
» Related extensions of Gradient Decoupled Layer.

¢ Qualitative visualization results of our approach.

A. Generalized Few-Shot Object Detection
A.1. Implementation Details

As mentioned in the main paper, we take two popu-
lar evaluation protocols into consideration to assess the ef-
fectiveness of our approach, including few-shot object de-
tection (FSOD) and generalized few-shot object detection
(G-FSOD). The difference between these two protocols is
whether the performance of base classes is still required af-
ter the fine-tuning stage. Following the G-FSOD setting in
TFA [8], we fine-tune our DeFRCN on a small balanced
training set consisting of both base and novel classes, where
each class has the same number of annotated objects (i.e.,
K-shot). In addition to deploying more training iterations
(2x), other experimental settings for G-FSOD are exactly
consistent with the FSOD in our paper.

A.2. Experimental Results of G-FSOD Setting

In this section, we show the full benchmark results of the
G-FSOD setting. For each evaluation metric, we report the
average results of n random splits (n = 30 for VOC and
n = 10 for COCO) with the same data split in TFA as well
as the 95% confidence interval estimate of the mean values.

PASCAL VOC. We present the complete G-FSOD results
of VOC (K = 1,2,3,5,10) in Table | and then analyze
our results from the following three aspects: (1) Novel AP.
The novel AP of our model is usually over 7% points higher
than that of TFA in three data splits, which indicates that the
proposed DeFRCN has absolute advantage on novel perfor-
mance. (2) Base AP. Our approach is able to outperform
TFA on split 2 (+1.9% ~ +3.7% AP), however, it is slightly
worse on data split 1 and 3 (-0.3% ~ -1.0% AP). We notice
that the base performance advantage of TFA comes from the
strategy of fine-tuning only the last layer of detectors, which
can indeed be eccentric to ensure that the base performance
does not decrease too much, but it also results in the novel
performance cannot be further improved. (3) Overall AP.
As shown in the Table 1, the proposed DeFRCN achieves
the best overall performance across all settings (+1.4% ~
+4.0% AP), including data splits and shots.

COCO. The Table 2 shows the G-FSOD results on COCO
dataset over K = 1,2, 3,5, 10, 30 shots. Although COCO
is much more complicated than VOC, similar observations
can be drawn about accuracy on both base classes and novel
classes. Concretely, the performance on base classes is
comparable to TFA, but we are far superior to TFA in terms
of both novel and overall results. In addition, we further
notice that as the number of support shots increases, our
approach can bring more performance improvements.

B. Additional Analysis on PCB
B.1. Boost Other Approaches with PCB

As a plug-and-play module, the proposed PCB is easily
equipped to any other architectures to build stronger few-
shot detectors. Here, we verify this argument with introduc-
ing PCB into other previous approaches, including FRCN-
ft [11], TFA [8], MPSR [9], and all experimental results
on COCO dataset are shown in the Table 3. Regardless of
methods or the number of shots, we observe that using PCB
can consistently achieve much higher performance (+1.0%
~ +3.0% points) on novel classes, which demonstrates the
effectiveness and flexibility of our PCB module.

B.2. Employ Other Pre-trained Models

In the main paper, we utilize the standard ImageNet pre-
trained model (IN-1K), which is widely adopted in most
of few-shot object detection frameworks, to initialize both
Faster-RCNN and PCB. Since the core module of PCB is
the generalizable feature extractor, which determines the fi-
nal performance of the score calibration, we further explore
other pre-trained models (see Table 4) in this section. SWAV
[1] is an efficient method for pre-training without using an-
notations, i.e., self-supervised learning. IN-SwAYV indicates
that the model is pre-trained by SWAV on ImageNet. IG-
WSL [5] employs the ResNeXt [10] architecture and pre-
trains on a much larger social media image dataset (Insta-
gram) with weakly-supervised learning paradigm. Table 5
shows the performance on VOC with utilizing the above
three pre-trained models. No matter which one is exploited,
the final performance is better with PCB. Moreover, we fur-
ther notice that using a stronger pre-trained model, the per-
formance of FSOD can be improved more.

Method ‘ Backbone ‘ Paradigm ‘ # Images ‘ # Classes
IN-SwAV [1]| ResNet-50 S-S-L 1.28M 0
IN-1K [3] | ResNet-101 S-L 1.28M 1000
IG-WSL [5] |ResNeXt-101 | W-S-L | 940M 1000

Table 4: The comparison between different pre-trained
classification models. S-S-L, S-L and W-S-L stand for
self-supervised learning, supervised learning and weakly-
supervised learning respectively.
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B.3. Why PCB Works ?

The PCB can be reinterpreted as a non-parameter few-
shot classification model, which draws on the idea of Proto-
typical Network [7]. Based on the COCO 10-shot task, we
calculate the channel-wise cosine similarity between differ-
ent few-shot Rol prototypes (C' x 1 x 1) and the feature
map (C' x H x W) of the test image, and then visualize the
similarity map in Fig.1. We find that the prototypes from
different categories can indeed activate distinct areas of the
feature map, which indicates that the metric-based pairwise
score in data-scarce scenario is very effective. In addition,
we notice that even if the category label of novel prototype
is not seen before by the pre-trained classification model, an
ideal similarity map can still be obtained, e.g., the novel la-
bel "Person’ does not exist in ImageNet 1K sysnets, see the
first three lines in Fig.1. Moreover, the results of IN-SwAV
(i.e. self-supervised paradigm) in Table 5 further prove this
argument. According to the visualization and above anal-
ysis, we believe that it is reasonable for PCB to utilize the
pairwise score based on classification model to calibrate the
softmax score from the original classification branch of few-
shot detector.

C. Related extensions of GDL
C.1. Conventional Cross-Domain Object Detection

In the experimental section of the main paper, we have
verified that the proposed GDL is not only remarkably ef-
fective for few-shot object detection ( i.e., FSOD, G-FSOD
and cross-domain FSOD), but also plays a positive role in
conventional object detection. In this section, we further
explore the conventional cross-domain object detection and
all experimental results are shown in Table 6. We use the
Cityscapes [2] and FoggyCityscapes [6] (Normal-to-Foggy)
as our benchmarks and follow the same evaluation protocol
in [12]. By comparing the experimental results of the sec-
ond row and the third row in Table 6, we find that adding
GDL achieves 32.8% mAP on the weather transfer task,
which is +2.8% higher than the plain Faster-RCNN.

C.2. The value range of \

We discuss the value range of X into three situations.

* Apn € [0,1] and Apepn € [0,1]. This setting has been
explored in our paper and achieved the best results.

* Apn € (—00,0) or Apeppn € (—00,0). A < 0 means that
the downstream module has a negative effect on the opti-
mization direction of backbone. Without any adversarial
strategy, this setup is meaningless for object detection.

* Apn € (1,400) or Apenn € (1,+00). A > 1 means that
the gradient from the downstream module magnifies its
effect on the backbone. We notice that slightly increas-
ing A (e.g. 1 ~ 5) will not affect the stability of detector

but incite performance degradation, which is caused by
the backbone’s update speed faster than before and over-
fitting. When A is relatively large (e.g. > 5), due to over-
emphasizing the degree of coupling between the module
and the backbone, the model will usually converge to an
unreasonable saddle point and cause a collapse solution.
The value of 5 is obtained by experiments approximately.

D. More Visualization of Our Approach

We provide qualitative visualizations of the detected
novel objects on COCO dataset in Fig.2. We show both suc-
cess (green box) and failure cases (red box) when detecting
novel objects for each image to help analyze the possible
error types, including misclassifying novel objects, mislo-
calizing objects and missing detections.
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324 378
. split ‘ # shots ‘ Method Overall #20 Base #15 Novel #5 479
| AP AP50 AP75 AP AP
326 380
207 FSRW [4] 27.640.5 50.8 +0.9 26.540.6 34.1£0.5 8.0+£1.0 281

. FRCN+t [11] 30.240.6 49.440.7 322409 38.240.8 6.040.7
328 TFA [8] 40.640.5 64.540.6 44.740.6 49.4+0.4 142414 382
329 DeFRCN 42.04+0.6 (+1.4) 66.74+0.8 (12.2) 45.540.7 +0.8) 48.440.4 (10) 22.541.7 (8.3 383
330 FSRW [4] 28.740.4 52.240.6 27.740.5 33.9404 13.2+1.0 384
331 ) FRCN+ft [11] 30.54+0.6 49.440.8 32.640.7 37.340.7 9.940.9 385
230 TFA [8] 42.6+0.3 67.120.4 47.0+0.4 49.6+0.3 21.7+1.0 256
DeFRCN 44.3+0.4 (+1.7) 70.240.5 +3.1) 48.01+0.6 (+1.0) 49.14+0.3 (-0.5) 30.6+1.2 (+8.9)
333 FSRW [4] 29.540.3 53.340.6 28.640.4 33.840.3 16.8+0.9 387
334 Split 1 3 FRCN+t [11] 31.840.5 51.440.8 342406 37.940.5 13.7+1.0 388
335 TFA [8] 437403 68.5+0.4 48.3+0.4 49.8+0.3 25.440.9 389
336 DeFRCN 45.31+0.3 (+1.6) 71.5+0.4 (+3.0) 49.01+0.5 +0.7) 49.34+0.3 (-0.5) 33.7+0.8 (+8.3) 390
337 FSRW [4] 30.440.3 54.64+0.5 29.640.4 33.740.3 20.640.8 391
338 s FRCN+ft [11] 32.740.5 52.540.8 35.0£0.6 37.6+0.4 17.941.1 392
TFA [8] 44.840.3 70.14+0.4 49.4+0.4 50.1+0.2 28.94+0.8
339 DeFRCN 46.420.3 (+1.6) 73.10.3 (+3.0) 50.4:0.4 (+1.0) 49.640.3 (05 37.310.8 (:84) 393
340 FRCN+t [¢] 33.340.4 53.840.6 35.5+0.4 36.840.4 227409 394
341 10 TFA [8] 45.8+0.2 713403 50.440.3 50.4::0.2 32.040.6 395
342 DeFRCN 47.21+0.2 (+1.4) 74.01+0.3 (+2.7) 51.31+0.3 (+0.9) 49.91£0.2 -0.5) 39.8+0.7 (+7.8) 396
343 FSRW [4] 28.440.5 51.740.9 27.340.6 35.740.5 6.3:0.9 397
344 1 FRCN+ft [11] 30.340.5 49.740.5 32.340.7 38.84+0.6 5.040.6 308
TFA [8] 36.740.6 59.940.8 39.34+0.8 45.94+0.7 9.04+1.2
345 DeFRCN 40.740.5 640) 648407 s49)  43.840.6 45 | 49.6+0.4 37 14.6+1.5 56) 399
346 FSRW [4] 29.440.3 53.14:0.6 28.540.4 35.840.4 9.94:0.7 400
347 ) FRCN+t [11] 30.7+0.5 49.740.7 32.9+0.6 38.4+0.5 7.7+0.8 401
348 TFA [8] 39.040.4 63.040.5 42.140.6 473404 14.1+0.9 402
349 DeFRCN 42.740.3 (+3.7) 67.7+0.5 (+4.7) 45.740.5 (+3.6) 50.3+0.2 (+3.0) 20.54+1.0 (+6.4) 403
350 FSRW [4] 29.940.3 53.940.4 29.040.4 35.740.3 12.540.7 404
51 Split 2 3 FRCN+t [11] 31.14£0.3 50.140.5 33.240.5 38.14+0.4 9.840.9 105
TFA [8] 40.1+0.3 64.54+0.5 433+0.4 48.1+0.3 16.0+0.8
352 DeFRCN 43.54+0.3 (+3.4) 68.940.4 (+4.4) 46.6+0.4 (+3.3) 50.6+0.3 (+2.5) 22.9+1.0 (+6.9) 406
353 FSRW [4] 30.4-£0.4 54.6+0.5 29.5+0.5 353403 15.740.8 407
354 5 FRCN+t [11] 31.54+0.3 50.840.7 33.64+0.4 37.940.4 12.440.9 408
355 TFA [8] 40.9+0.4 65.740.5 44.140.5 48.6+0.4 17.84+0.8 409
356 DeFRCN 44.61+0.3 (+3.7) 70.21+0.5 (+4.5) 47.8+0.4 (+3.7) 51.04+0.2 (+2.4) 25.8+0.9 (+8.0) 410
357 FRCN-+t [8] 32.240.3 523404 34.1+0.4 37.240.3 17.040.8 411
10 TFA [8] 423403 67.6+0.4 457403 49.440.2 20.840.6
358 DeFRCN 45.6+0.2 (133 71.540.3 (:39) 49.0+0.3 (33 51.340.2 (+1.9) 29.3+0.7 (8.5 a2
359 FSRW [4] 275406 50.0+1.0 26.8+0.7 345407 67410 413
360 | FRCN+ft [11] 30.840.6 49.8+0.8 32.940.8 39.640.8 45407 414
361 TFA [8] 40.1+0.3 63.5+0.6 43.6+0.5 50.2+0.4 9.6+1.1 415
362 DeFRCN 41.61+0.5 (+1.5) 66.01+0.9 +2.5) 44.940.6 (+1.3) 49.440.4(-0.8) 17.9+1.6 +8.3) 416
363 FSRW [4] 28.740.4 51.840.7 28.140.5 345404 11.3+0.7 417
26n ) FRCN+ft [11] 31.340.5 50.24+0.9 33.54+0.6 39.140.5 8.00.8 118
TFA [8] 41.840.4 65.6+0.6 453404 50.7+0.3 15.1413
365 DeFRCN 44.0+£0.4 (+2.2) 69.5+0.7 (+3.9) 47.7+0.5 (12.4) 50.240.2 (-0.5) 26.0+1.3 (+10.9) 419
366 FSRW [4] 29.240.4 52.7+0.6 28.5+0.4 342403 142407 420
367 Split 3 3 FRCN+ft [11] 32.140.5 51.34+0.8 34.340.6 39.140.5 11.1£0.9 421
368 TFA [8] 43.1+0.4 67.5+0.5 46.7+0.5 51.1+0.3 18.941.1 429
369 DeFRCN 45.14+0.3 (+2.0) 70.9+0.5 (+3.4) 48.8+-0.4 (+2.1) 50.540.2 (-0.6) 29.241.0 (+10.3) 423
370 FSRW [4] 30.140.3 53.840.5 29.34+0.4 34.1£0.3 18.0+0.7 494
5 FRCN+ft [11] 32.440.5 51.74+0.8 34.440.6 38.54+0.5 14.0+0.9
3N TFA [8] 44.140.3 69.140.4 47.840.4 51.3+0.2 22.840.9 425
372 DeFRCN 46.2+0.3 (+2.1) 72.4+0.4 (+3.3) 50.0+£0.5 (+2.2) 51.040.2 (-0.3) 32.3£0.9 (+9.5) 426
373 FRCN+ft [11] 33.120.5 53.140.7 35.240.5 38.020.5 18.440.8 427
374 10 TFA [8] 45.0+0.3 70.34+0.4 48.9+0.4 51.6+0.2 25.440.7 428
375 DeFRCN 47.0+0.3 (+2.0) 73.3+0.3 (+3.0) 51.0+0.4 (+2.1) 51.340.2 (-0.3) 34.7+0.7 (+9.3) 429
376 Table 1: Generalized few-shot object detection (G-FSOD) performance on PASCAL VOC dataset. For each metric, we report 430
377 431

the average and 95% confidence interval computed over 30 random samples. All comparison results refer from [8].
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# shots | Method Overall #80 Base #60 |  Novel #20
\ AP AP50 AP75 AP \ AP
FRCN+ft [11] 16.24+0.9 25.8+1.2 17.6+1.0 21.0+1.2 1.740.2
1 TFA [8] 24.4+0.6 39.8+0.8 26.14+0.8 31.9+0.7 1.9+0.4
DeFRCN (Ours) | 24.04£0.4 04y 36.940.6 (290 26.2+0.4 (+0.1) 30.4+£0.4 (-1.5) 4.8+0.6 (+2.9)
FRCN+ft [11] 15.840.7 25.0+1.1 17.34+0.7 20.0+0.9 3.1+0.3
2 TFA [8] 24.94+0.6 40.1+0.9 27.04+0.7 31.9+0.7 39+04
DeFRCN (Ours) | 25.740.5 +0.8)  39.6+£0.8 -0.5)  28.04+0.5 +1.00 | 31.440.4 (-0.5) 8.5+0.8 (+4.6)
FRCN+ft [11] 15.0+0.7 23.9+1.2 16.4+0.7 18.8+£0.9 3.7+04
3 TFA [8] 25.34+0.6 40.44+1.0 27.6+0.7 32.0+0.7 5.1£0.6
DeFRCN (Ours) | 26.6+0.4 +1.3) 41.1+0.7 0.7y 28.9+0.4 +1.3) | 32.1+0.3 (+0.1) 10.7+0.8 (+5.6)
FRCN+ft [11] 14.4+0.8 23.0+1.3 15.6+0.8 17.64+0.9 4.6+£0.5
5 TFA [8] 25.9+0.6 41.240.9 28.4+0.6 32.3+0.6 7.04+0.7
DeFRCN (Ours) | 27.8+£0.3 +1.9)  43.0+0.6 +1.8) 30.2+0.3 (+1.8) | 32.6+0.3 (+0.3) 13.640.7 (+6.6)
FRCN+ft [11] 13.4+1.0 21.8+1.7 14.54+0.9 16.1+1.0 5.5+0.9
10 TFA [8] 26.6+0.5 42.24+0.8 29.04+0.6 32.440.6 9.1£0.5
DeFRCN (Ours) | 29.7+0.2 +3.1)  46.0+0.5 +3.8) 32.1+0.2 +3.1) | 34.0£0.2 (+1.6) 16.8+0.6 (+7.7)
FRCN+ft [11] 13.5+1.0 21.8+1.9 14.5+1.0 15.6+1.0 74+1.1
30 TFA [8] 28.7+0.4 44.74+0.7 31.5+04 342404 12.1+04
DeFRCN (Ours) | 31.440.1 +2.7) 48.8+0.2 +4.1) 33.940.1 +2.4) | 34.8+0.1 +0.6) | 21.24+0.4 (+9.1)

Table 2: Generalized few-shot object detection (G-FSOD) performance on COCO dataset. For each metric, we report the
average and 95% confidence interval computed over 10 random samples. All comparison results refer from [8].

# shots
Method w / PCB | ) 3 5 10 30
X 1.0 1.8 2.8 4.0 6.9 11.0
FRCN-ft [11] v 2.4 (+1.4) 4.1 +2.3) 5.2 (+2.4) 6.6 (+2.6) 9.9 (+3.0) 14.0 +3.0)
TFA [3] X 4.4 54 6.0 7.7 9.0 13.4
v 6.7 (+2.3) 7.6 (+2.2) 9.0 (+3.0) 104 +277  11.8 +2.89  15.5 (+2.1)
X 5.1 6.7 7.4 8.7 9.8 14.5
MPSR [V] v 6.7 (+1.6) 8.9 (+2.2) 9.7 (+2.3) 109 +22) 119 +2.1n  15.5 (+1.0)
X 79 10.9 13.4 14.6 16.9 21.0
DeFRCN (Ours) v 93 14 129420 148 @ie 161415 185¢1e  22.6 L6

Table 3: Effectiveness of Prototypical Calibration Block with different approaches. We evaluate FSOD performance (mAP)
on COCO dataset with K = 1,2, 3,5, 10, 30 shots over multiple runs. All experimental results are reproduced by us. The
term w/PCB indicates whether the method uses the PCB module. Note that the o in PCB is set to 0.5 in all experiments.

Novel Set 1 Novel Set 2 Novel Set 3
Method | Model 1 2 3 5 101 2 3 5 10|1 2 3 5 10
\ X \47.0 48.8 523 57.1 55.6\22.5 319 42.1 45.6 42.3\42.5 48.7 489 51.1 522
DeFRCN IN-SwAV [1] | 48.7 524 54.5 60.2 56.3|269 34.6 44.6 48.1 447 |41.8 50.1 50.5 53.4 55.1
IN-1IK [3] |53.6 57.5 61.5 64.1 60.8|30.1 38.1 47.0 533 479|484 50.9 523 549 574
IG-WSL [5] | 62.3 64.5 66.6 69.3 68.2|37.5 447 53.5 57.6 54.7|54.7 57.2 59.0 60.9 62.0

Table 5: Experimental results of employing different pre-trained model in PCB on PASCAL VOC dataset. All reported
results are averaged over 30 random samples. IN-SwAYV, IN-1K and INS-WSL denote the different pre-trained models from
ImageNet self-supervised learning, conventional supervised learning and weakly-supervised learning separately.
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540 594
541 595
542 Cityscapes — FoggyCityscapes 596
543 Method ‘ Backbone ‘ Bus Bicycle Car Motor Person Rider Train Truck ‘ mAP 597
2:: Faster-RCNN [12] ‘ VGG16 ‘ 25.0 26.8 30.6 15.5 24.1 294 4.6 10.6 ‘ 20.8 :33
546 Faster-RCNN * | ResNet-101 | 31.5 39.3 452 247 35.3 41.2 8.8 187 | 300 600
547 + GDL ‘ ResNet-101 ‘ 329 +1.4) 38409 473 21  26.6 +1.9 34310 414 02 173 85 243 +7.6) ‘ 32.8 (+2.8) 601
48 Table 6: The performance of conventional cross-domain object detection. All results in the first line refer from [12] for brief 602
549 comparison. Note that the Faster R-CNN model trained on the source domain only without any other information (denoted 603
2:3 as “Source Only” in other papers). The symbol * indicates the model is re-implemented by us. 22:
552 606
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591 Figure 2: The visualization results of our 10-shot object detection on COCO dataset. We visualize the bounding boxes with 645
592 score larger than 0.7. The green and red box shows the success and failure cases of our DeFRCN respectively. 646
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