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Abstract

Fully supervised object detection requires training images in
which all instances are annotated. This is actually imprac-
tical due to the high labor and time costs and the unavoid-
able missing annotations. As a result, the incomplete anno-
tation in each image could provide misleading supervision
and harm the training. Recent works on sparsely annotated
object detection alleviate this problem by generating pseudo
labels for the missing annotations. Such a mechanism is sen-
sitive to the threshold of the pseudo label score. However,
the effective threshold is different in different training stages
and among different object detectors. Therefore, the current
methods with fixed thresholds have sub-optimal performance,
and are difficult to be applied to other detectors. In order to
resolve this obstacle, we propose a Calibrated Teacher, of
which the confidence estimation of the prediction is well cal-
ibrated to match its real precision. In this way, different de-
tectors in different training stages would share a similar dis-
tribution of the output confidence, so that multiple detectors
could share the same fixed threshold and achieve better per-
formance. Furthermore, we present a simple but effective Fo-
cal loU Weight (FIoU) for the classification loss. FloU aims
at reducing the loss weight of false negative samples caused
by the missing annotation, and thus works as the comple-
ment of the teacher-student paradigm. Extensive experiments
show that our methods set new state-of-the-art under all dif-
ferent sparse settings in COCO. Code will be available at
https://github.com/Whileherham/Calibrated Teacher.

Introduction

Remarkable progress in fully supervised object detection has
been witnessed in recent years. In order to train such an ob-
ject detector, a large number of training images are required,
and bounding boxes in each image are supposed to be ex-
haustively annotated. However, it could be practically infea-
sible due to the high labor and time costs with the volume of
datasets increasing, and some of the annotations would be
unavoidably missing due to human error.

Sparsely annotated object detection (SAOD) aims to han-
dle such a task that each training image may miss some box
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Figure 1: An example of confidence calibration. In order to
filter out two green pillars which not belong to the detection
classes, while keep the dog and two fire hydrants as pseudo
labels, different score thresholds are needed. After calibra-
tion, different training stages and detectors are able to share
the same score threshold. We show the confidence scores be-
low the image with a color indicator. The dash or solid line
indicates the score below or above the threshold.

annotations. It is highly relevant to a popular topic called
semi-supervised object detection (SSOD), whose training
data consists of a fully labeled part and an unlabeled part.
It is worth mentioning that these two tasks are complemen-
tary, since even in the semi-supervised settings, the case of
missing labels may still appear in the part of labeled data.
Considering the relevance of these two tasks, we start
from one of the most widely studied methods called
“pseudo labeling” in semi-supervised learning (Tarvainen
and Valpola 2017). Pseudo labeling utilizes the predictions
of a teacher network to produce supervision signals over un-
labeled data for a student network. Therefore, it is natural to
transfer this idea to the case of sparse annotation. In terms
of pseudo labeling, the main difference between the semi-
supervised task and sparsely annotated task is that the image
in the former is either fully annotated or completely unla-



(d)

5000 100000 125000 150000 175000

Figure 2: The meaning of confidence score varies in different
training stages and among different detectors. (a) compares
the effect of different score thresholds in different training
stages, where the horizontal and vertical axes are iterations
and mAP. The color red, green, blue, cyan and yellow rep-
resent threshold 0.5, 0.6, 0.7, 0.8 and the baseline, respec-
tively. (b) shows the precision of pseudo labels during the
training with a fixed score threshold, where the horizon-
tal and vertical axes are iterations and precision. (c)~(e)
demonstrates the score distribution of three models respec-
tively, where the horizontal and vertical axes are confidence
and sample proportion.

beled, while in the later, it is unknown how well the im-
age is labeled. In order to guarantee the precision of pseudo
labels, most of previous methods for the semi-supervised
task obtain pseudo labels by taking a high score threshold
to filter the detection boxes from teacher network. As for the
sparsely annotated task, an additional IoU filter is indispens-
able to drop the predictions which have high overlap with the
sparse annotations. The remain boxes along with the sparse
annotations compose the final supervision signal.

Following this paradigm, some recent works have tried to
generate pseudo labels for the missing annotation boxes to
train the model. However, all of the previous methods (Wang
et al. 2021; Rambhatla et al. 2022) adopt a fixed score
threshold, which is usually set to a high value, to guaran-
tee only a few accurate pseudo boxes could survive. Such
a high score threshold drops lots of moderately confident
predictions, which may contain more valuable information
(e.g. tiny objects, with rare classes, partially occluded ob-
jects), leading to insufficient learning on the missing label.
Therefore, a fixed score threshold is not a good choice.

Nevertheless, it is non-trivial to select a better strategy
of score threshold, since we find the meaning of confidence
score is changing all the time. Firstly we compare the most
effective thresholds in different training stages. Concretely,
we train RetinaNet under the teacher-student paradigm with
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six different thresholds. During training we evaluate these
models every 36k iterations, of which the best model is uti-
lized to initialize all the models for the next stage. As shown
in Fig. 2 (a) that the lower thresholds result in the better per-
formance in the earlier stage, but the advantage is narrowing
with the training going on. Finally the relatively high thresh-
olds perform better at the end of the training, while the low-
est threshold performs worse than not using pseudo labels.
Besides, as shown in Fig. 2 (b), the precision of candidates
decreases gradually, which reflects that a stricter threshold
is required to ensure the quality of pseudo labels.

Furthermore, there are numerous factors impacting the
meaning of confidence score predictions. Fig. 2 (c)~(e)
show the score distribution of RetinaNet (Lin et al. 2017),
FCOS (Tian et al. 2019), and Faster R-CNN (Ren et al.
2015) respectively. A wide variation is exhibited due to the
different types of loss function(e.g. focal loss v.s. cross en-
tropy loss), different score formulations (e.g. classification
score multiply with centerness in FCOS), different model
designs(e.g. single stage v.s. two stages). As shown in Fig.
1 (a), it turns into an engineering task to search for a proper
threshold strategy to filter out the correct pseudo labels.

In this paper, we propose to give a unified and specific
meaning for the confidence score to simplify the selection
of score threshold in pseudo label generating. Inspired by
the idea of confidence calibration (Guo et al. 2017), We pro-
pose to calibrate the predictions of the teacher model during
training. After calibration. the confidence score is supposed
to reflect the expectation of its precision, which is decoupled
from the characters and capabilities of detectors. As shown
in Fig. 1 (b), it becomes easier to set a unified threshold for
different training stages and detectors after calibration.

Besides, in order to guarantee the precision of pseudo la-
bels, it is impossible to cover all possible candidates. Hence
there still exist some missing annotations not recalled. To
resolve this problem, we propose a Focal loU Weight(FloU)
for the classification loss. Supposing the missing annotations
tend to have a low IoU with the existing annotations, FloU
down-weights the negative samples who have low IoU with
the existing ground truth, with a mechanism similar to focal
loss (Lin et al. 2017). Therefore, FloU could be regarded as
the complement of SAOD methods.

Our contributions are summarized as follows:

* We point out that the score threshold is the key factor in
pseudo labeling methods, and analyze the obstacle of the
existing methods using fixed score threshold in detail.

* We propose a general framework for sparsely annotated
object detection called Calibrated Teacher, which trans-
forms the confidence score predictions of the teacher net-
work to fit the real precision, so that the model can adap-
tively generate proper pseudo labels during training.

* We propose Focal IoU Weight for classification loss to
reduce the negative influence of missing annotations,
which are not mined as pseudo labels.

» Extensive experiments show that our methods not only
simplify the threshold tuning for different detectors, but
also set new state-of-the-art in sparse settings of COCO.
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Figure 3: The overall pipeline of our framework. The solid and dotted arrows represent the data and gradient flow, respectively.

Related Work

Object Detection is one of the most fundamental prob-
lems in computer vision. Various architectures have been
proposed such as one-stage methods (Redmon and Farhadi
2018; Liu et al. 2016) and two-stage methods (Ren et al.
2015). Besides, anchor-free methods draw attention gradu-
ally, which usually predict the bounding boxes based on the
center points (Zhou, Wang, and Krihenbiihl 2019), pseudo
center points (Tian et al. 2019) or corner points (Law and
Deng 2018). with the development of transformer, query-
based methods (Carion et al. 2020; Zhu et al. 2020) are pro-
posed to model the detection as a set prediction problem.
Meanwhile, there exist numerous works on the design of loss
function to focus on the class imbalance (Lin et al. 2017), the
scale variation (Yu et al. 2016; Rezatofighi et al. 2019) and
uncertainty measurement (Li et al. 2020). However, numer-
ous architectures and training strategies bring great difficulty
to design a unified method for sparsely annotated object de-
tection. In contrast, we propose a model-agnostic framework
with calibrated confidence predictions.

Sparsely Annotated Object Detection aims at training
detectors in a more practical setting, where every training
image is likely to contain unannotated instances. Earlier
works are usually concentrated on reducing the influence of
false negative samples, which should have been assigned to
the unannotated ground truth. (Wu et al. 2018; Niitani et al.
2019) down-weight the negative samples according to the
IoU with existing ground truth, or the foreground probability
predicted by a pre-trained detector. (Zhang et al. 2020) treat
the hard negative samples as easy positive ones to avoid the
large error signals. However, they could only reach the per-
formance of models trained with partial annotations at best.
Recently, (Yang, Liang, and Carin 2020) estimate the loss of
anchors assigned to missing annotations by that of other pos-
itive anchors, but such rough estimation is far from the real
loss and thus leads to the sub-optimal performance. (Wang
et al. 2021; Rambhatla et al. 2022) adopt a two-stream detec-
tion framework to generate the pseudo labels for the missing
annotation and improve the performance greatly. However,
the performance is sensitive to the threshold of pseudo label
selection, which brings difficulty for practical applications.
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On the contrary, our method provides a general and adaptive
strategy to generate pseudo labels.

Confidence Calibration for Object Detection focuses on
making the confidence score of detectors consistent with
the actual precision. Specifically, for the prediction with the
confidence p, the expectation of its precision is also sup-
posed to be p if the detector is well-calibrated. Although
confidence calibration is rarely explored in object detection
(Kuppers et al. 2020), the methodology could be referenced
from image classification, such as temperature scaling (Guo
et al. 2017), Plat scaling (Platt et al. 1999), histogram bin-
ning (Zadrozny and Elkan 2001), Bayesian binning (Naeini,
Cooper, and Hauskrecht 2015), etc. However, all of these
methods require an extra fully annotated validation set to
optimize the calibrator after training. On the contrary, we
optimize the calibrator with the sparsely annotated training
set only, which releases the dependence on the extra clean
data and makes it possible to update the calibrator during
training. To our best knowledge, this is the first time to in-
troduce the idea of confidence calibration into the sparsely
annotated object detection.

Method

Overview

We propose a model agnostic framework Calibrated Teacher
for sparsely annotated object detection. The overall pipeline
is illustrated in Fig. 3. For clarity, we adopt RetinaNet (Lin
et al. 2017) as the teacher and student detector if not other-
wise specified. Notably, other detectors such as FCOS (Tian
et al. 2019) and Faster R-CNN (Ren et al. 2015) could be re-
placed into our framework without any other modification.

Following the classical teacher-student paradigm (Tar-
vainen and Valpola 2017), given the input image I, the
weakly augmented image and strongly augmented image are
taken as the input of the teacher network and student net-
work, respectively. The teacher network is updated by expo-
nential moving average of student network, and the student
network is updated in the fully supervised manner but with
sparse ground truth and pseudo labels.

In order to mine the missing labels for the sparse ground
truth annotations G, the predictions of the teacher network



P, are split into two parts: one with low IoU with G, which
will serve as pseudo label candidates, and the other with high
IoU, which will be pushed into a queue Q with length L. Af-
ter that, the confidence scores of candidates are transformed
by the calibrator ¢.(+|0.), and will be further filtered by the
score threshold 7 to generate the final pseudo labels. Mean-
while, for every T iteration, the weights of the calibrator are
trained with Q. The final pseudo labels along with the sparse
ground truth compose the target of the student network.

Dynamic Threshold: A Tedious Yet Effective Trick

As explained above, even for the same detector, the effective
score threshold for pseudo label selection is varying during
the training. A relatively low threshold could contribute to
the faster convergence in the earlier stage, but harm the per-
formance in the later stage. As a result, an intuitive solution
is to adopt a dynamic threshold, which grows gradually with
the training going on. In this work, the dynamic score thresh-
old 75 at epoch e is defined as follows:

CIn(e—e7)
In(et —e™)

where eT, e~ are the total epochs and the beginning epoch to
adjust the threshold, respectively. 7y is the initial threshold,
and we set a relatively low 7 for better performance.

We experimentally demonstrate the effectiveness of dy-
namic threshold using RetinaNet and FCOS, as shown in
Tab. 2. However, this strategy still faces the challenge that
different detectors do not share the hyper-parameters e~ and
To, which requires extra effort to tune. Furthermore, it could
be found in Tab. 2 that the performance of Faster R-CNN
are especially sensitive to the threshold of pseudo label se-
lection. Even a slight change of the threshold might lead
to a performance drop over 10%. For such detectors, the
pre-defined dynamic strategy has to been designed carefully,
which extends the cycle of the model designing greatly.

7s =70+ (1 —70) e))

Calibrated Teacher: Simplify Threshold Tuning

In order to address the shortcomings of the dynamic thresh-
old, we first analyse the mechanism behind this method. An
ideal threshold is closely related to the confidence distribu-
tion of the teacher network’s prediction, which varies in the
different training stages and among different detectors. The
dynamic strategy tries to fit the variation of this distribution
and adjust the threshold accordingly. However, the variation
of confidence distribution is hard to parameterized, which
brings great difficulty of designing a pre-defined rules of ad-
justing threshold.

Hence, it is unwise to leverage a pre-defined rules to adapt
to the confidence distribution changing continuously. In-
stead, we turn to focus on the adjustment of confidence dis-
tribution and leave the threshold unchanged. This is ideally
equivalent to dynamic threshold. However, with the fixed
threshold, all we need is to calibrate the confidence distribu-
tion into some specific form, which is more robust and easier
than adapting the threshold to a varying and non-parametric
distribution. Furthermore, once the confidence is calibrated,
an effective threshold could also work in other cases, i.e., in
other training stages or using other detectors.
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Then the problem turns into what the target confidence
distribution looks like and how we transform the original
distribution to that. For the first problem, considering that
the precision is the most direct and crucial indicator of the
quality of pseudo labels, we expect the confidence score to
reflect the real precision. This is the same as the target of
confidence calibration in object detection (Kuppers et al.
2020), which defines a calibrated confidence (unbiased con-
fidence) as follows.

Supposing the prediction set is {¢;, p;, b}}, where ¢, p;
and b; are the predicted category, the confidence and the
bounding box, respectively. Accordingly, the ground truth
assigned to each prediction is denoted as {c;, b; }. Then, the
prediction is perfectly calibrated to be unbiased if

P(m = 1|p = p) = p. 2)
wherez m = 1 denotes a correct match i.e., é; = ¢; and
ToU(b;, b;) > 7 (7 is the pre-defined threshold), while m =
0 indicates a mismatch.

Therefore, we naturally consider a regression model for
confidence calibration. Specifically, we adopt a logistic cal-

ibration model ¢.(-|f.), and minimize the Negative Log
Likelihood of ¢.(p;|0.) to update the model.

Online Calibration

In the field of model calibration, the parameters of calibra-
tors are optimized with the validation set at the end of train-
ing. However, there exist two extra challenges in our frame-
work. The first challenge is that there is no validation set
available. Although we could utilize training set instead, it
is actually noisy due to the missing annotation. The cali-
brator optimized with such dataset would tend to output the
low confidence, as it is trained to reduce the confidence of
some correct prediction assigned with the missing ground
truth. The second challenge is that the meaning of the score
prediction is varying during training, and thus we have to
calibrate the teacher network timely, which requires the cal-
ibrate model is updating during the training stage.

In order to tackle the first challenge, we divide the
teacher’s prediction in the training set into two parts by
an IoU filter. Bounding boxes having a high IoU with at
least one of the existing ground truth are more likely to
be assigned to the sparse annotation, while those having a
low IoU with all the existing annotations possibly cover the
missing annotation. Theoretically, the statistics of the two
parts are similar, therefore we could optimize the calibrator
with the sparse annotations and the corresponding predic-
tions (the high IoU parts).

For the second challenge, we introduce a queue Q with
length L during training. At each iteration, for the teacher
network’s predictions with high IoU, {p;, m;} are pushed
into Q, while those from the earliest image are popped, so
that Q only contains the training data in the most recent
batches. Therefore, ¢.(-|0.) is updated with elements in Q.
For more details, please refer to Algorithm 1.

Focal IoU Weight

Although the calibrated teacher is able to generate pseudo
labels properly, it is impossible to cover all the missing an-



Algorithm 1: Pseudo labels in Calibrated Teacher
Input: Image I, Sparse annotations G = {c;, b;}

M
j=1
Teacher model predictions at ¢ step P, = {¢;, ps, Z;i}ijil,
Calibration queue Q@ with length L, Calibration model ¢,
with weights 6., initialized as an identity mapping.
Parameter: Normal and stricter IoU thresholds 7—, 7,
Score threshold 75, Calibration model update interval 7T'.
Qutput: Pseudo labels L, Calibration model weights 6., Up-
dated queue Q ;

1: LetL =G

2: fori =1,2,3,..., N do

3: iou = max; (IOU((A%, bj)) s.t.¢; = ¢4

4:  score = ¢.(p;|0.) // Calibrate model prediction
5. ifiou < 77 and score > T then
6: L =L U{(é;,b;)} // Add to pesudo labels
7. endif
8: ifiou > 7~ then
9: if iou > 77 then
10: Q.enqueue((p;, 1))
11: else
12: Q.enqueue((p;, 0))
13: end if
14:  end if
15: end for
16: if t mod T' = O then
17: // Update the weights of calibration model
18: 6. = argming_ (NLL(¢.(Q|6.)))
19: end if
20: return L, Q, 6...

notation. On the one hand, even the model trained with the
complete annotation could fail to detect all instances in the
training set. On the other hand, the high recall of missing
annotation could also result in the low precision, since we
have to set a low threshold and thus preserve many false
positive predictions. Therefore, the missing but not recalled
annotation would still make some positive samples regarded
as negative samples. These false negative samples have little
influence on the two-stage detectors like Faster R-CNN due
to the sampling strategy. However, for the one-stage detector
like RetinaNet, they are unlikely to be ignored. Furthermore,
the false negative samples usually have a relatively high con-
fidence of foreground, they would further harm the training
due to the commonly used focal loss.

As aresult, it is necessary to reduce the influence of false
negative samples. Inspired by (Zhang et al. 2020), we adopt
the IoU with the existing ground truth as the criterion for
judging negative samples. It is safe to assign a high weight
to those negative samples with high IoU with the existing
ground truth labels, as they are less likely to match the miss-
ing labels, and vice versa. Analogous to the mechanism of
focal loss, where high weights are assigned to negative sam-
ples with high foreground confidence, we propose a Focal
IoU Weight (FloU) for the classification loss. Considering
the formulation of focal loss for the negative samples:

FL(z) = —ayz” log(1 — x)

3
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where x is the confidence of the foreground. oy, 7y are hyper-
parameters. Similarly, for the given negative sample, the
FloU weight for the classification loss is defined as:

FIoU(iou) = wq + k - FL(iou) 4)
where wg and k are hyper-parameters, and the iou is the max

IoU between the negative samples and the existing labels
and pseudo labels.

Experimental Results

Datasets

Recent SAOD methods (Yang, Liang, and Carin 2020; Wang
et al. 2021; Zhang et al. 2020; Rambhatla et al. 2022) are
mainly evaluated on the challenging COCO-2017 dataset
(Lin et al. 2014), However, these methods adopt different
ways to reconstruct the original training set into the sparsely
annotated one. For comprehensive comparison, we evaluate
our method in almost all of the existing sparse settings:
Split-1: Following (Wang et al. 2021; Zhang et al. 2020;
Rambhatla et al. 2022), for each category c in the train-
ing set, p% annotations are deleted randomly, where p =
{30, 50, 70}.

Split-2: Following (Rambhatla et al. 2022), for each cate-
gory c in the training set, images containing c are firstly
selected. Then for each image, all annotations of c are
deleted simultaneously with a probability p%, where p =
{30, 50, 70}. We make sure that each image contains at least
one annotation.

Split-3: Following (Rambhatla et al. 2022), we deleted p%
annotations randomly in a class-agnostic fashion, where p =
{30, 50,70}.

Easy / Hard / Extreme: These training sets come from
(Wang et al. 2021). For each image in the Easy split, one
annotation is deleted randomly; For each image in the Hard
split, half of the annotations are deleted randomly; For each
image in the Extreme split, only one annotation is preserved
randomly.

Implementation Details

We take experiments on three common detection methods
with ImageNet (Deng et al. 2009) pretrained ResNet101 (He
et al. 2016) and ResNet50 for the comparison with state-
of-the-art and ablation study, respectively. Our models are
trained for 180k iterations with a total batch size 16. The
learning rate is initialized as 0.01 and gradually decreases to
0.001 and 0.0001 at 120k and 160k iterations. Other hyper-
parameters of the architecture and training schedule are con-
sistent with the implementation in (Chen et al. 2019).

As for the confidence calibration, 7+, 77, 7, are set to
0.75, 0.6 and 0.7 for all detectors, respectively. However,
most of the prediction of the teacher has an especially low
confidence, e.g., lower than 0.2. Prediction under such a low
confidence could hardly cover a satisfying result. Therefore,
we only consider the prediction whose original confidence is
higher than 0.4 during training to reduce the cost of memory
and computation. We adopt Plat scaling as the form of the
calibrator for its simplicity and effectiveness. For the cali-
brator training, 7" is set to 500 and L is the number of pre-
dictions of 8000 images. For the FloU, wq and k are set to



Method Split-1 Split-2 Split-3

30% 50% 70% 30% 50% 70% 30% 50% 70%
Full Annotation 41.4
Baseline 393 375 341 391 374 355 392 376 343
BRL (Zhang et al. 2020) - 32.7 - - - - - - -
Co-mining (Wang et al. 2021) 364 328 249 367 330 248 368 325 250
Ours + RetinaNet 405 393 36.7 401 389 374 405 39.0 36.6
Unbiased Teacher” (Liu et al. 2021) 32.0 31.1 279 364 329 314 360 321 30.1
SAOD' (Rambhatla et al. 2022) 385 362 330 40.0 372 359 397 374 359
Ours + Faster R-CNN' 41.0 393 353 408 392 365 410 391 359

Table 1: Comparison with recent sparsely annotated object detection methods on three splits of COCO dataset. All the methods
adopt ResNet 101 with FPN as backbone. T denotes using Faster R-CNN rather than RetinaNet as the detector.

Fixed Threshold
Detector Base 05 07 09 DT CT
RetinaNet 375 369 374 375 385 385
FCOS 379 38.0 382 380 387 39.0
Faster R-CNN | 379 11.6 275 392 386 393

Table 2: Generalization of Calibrated Teacher on different
detectors. Base is the abbreviations of baseline. DT and CT
represent dynamic threshold and Calibrated Teacher, respec-
tively.

0.5 and 1.5, while the a; and « stay consistent with focal
loss.

The strong augmentation used in our framework contains
random resize, contrast normalization, histogram equaliza-
tion, random solarization, color balance, contrast, bright-
ness, sharpness and posterization, while the weak augmen-
tation includes nothing but random flipping.

Comparison with State-of-the-Art

In this subsection we compare our methods with state-of-
the-art. Tab. 1 reports the results in Split-1,2,3. It could be
seen that our framework with both RetinaNet and Faster R-
CNN could set new state-of-the-art in all sparse settings.
Specifically, when adopting RetinaNet as the detector, our
methods surpass the counterparts by a large margin (12.8
mAP at most and 7.3 mAP on average). Meanwhile, our
methods with Faster R-CNN have the superiority of 3.1
mAP at most and 1.6 mAP on average. It is encouraging
to find that our framework improves the performance of
baseline methods significantly, which is close to the models
trained with the complete training set. This inspires us that
in order to relieve the burden of annotating, a sparsely an-
notated dataset could replace the completely annotated one
to some extent. Furthermore, different from the recent work
(Rambhatla et al. 2022), which could only be applied on
two-stage detectors due to the dependence on the architec-
ture modification of RPN, our framework is model-agnostic,
which is convenient and flexible for practical application. In
conclusion, the strong performance demonstrates the effec-
tiveness of our methods.
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Calibrated

Teacher FocalloU Easy Hard Extreme
37.1 353 26.7
v 377 355 27.4
v 377 356 27.8
v v 381 364 28.7

Table 3: Ablation study on Easy, Hard and Extreme sets

Generalization to Multiple Detectors

As explained before, one of the advantages of Calibrated
Teacher over dynamic threshold is that different detectors
are able to share the same threshold. In order to test this con-
jecture, we evaluate Calibrated Teacher and dynamic thresh-
old with another two detectors FCOS and Faster R-CNN in
Split-1 with 50% missing annotations. For dynamic thresh-
old, we first train models with different fixed thresholds,
then the threshold with best performance would serve as 7y
for better performance. We set e~ to 18 for all three de-
tectors to keep the same dynamic strategy. For Calibrated
Teacher, we set the same 7, as RetinaNet.

Tab. 2 summarizes the comparison. It could be found that
the dynamic threshold does not always outperform the fixed
threshold. This might result from the difficulty of design-
ing a proper dynamic strategy, as different detectors may not
share the same effective strategy due to the different confi-
dence distribution. However, Calibrated Teacher is able to
surpass both dynamic threshold and fixed threshold in all
three detectors, even without adjusting hyper-parameters ac-
cording to the property of them. Hence we could conclude
that Calibrated Teacher is a general framework with better
performance. It simplifies the design of hyper-parameters by
providing an adaptive strategy to select proper pseudo labels
in different training stages, and making it possible that dif-
ferent detectors could share the same hyper-parameters.

Ablation Study

Effectiveness of Each Module We further validate the
effectiveness of each module in Easy, Hard and Extreme
sets. As shown in Tab. 3, both Calibrated Teacher and Fo-
cal IoU outperform the baseline in all three settings when



Figure 4: Qualitative visualization for the results of sparsely annotated object detection. The Ist and 2nd rows visualize the
pseudo labels generated during training, where the green boxes correspond to the available ground truth, and the red boxes
indicate the mined pseudo labels. The 3rd row visualizes some failure while mining pseudo labels, where the green and red

boxes are available ground truth and pseudo labels.

0.55
37.6

0.65
38.3

0.7
38.5

0.75
38.1

0.85
38.0

Ts 1

mAP 375

Table 4: Sensitivity of 7, for the score filter after calibration.

wo 0.5 0.5 0.5 0 1
k 1.0 1.5 2.0 1.5 1.5
mAP 392 393 393 339 393

Table 5: Sensitivity of hyper-parameters in Focal IoU.

used alone, with the superiority of 0.7 mAP and 1.1 mAP at
most, respectively. Furthermore, when combined these two
modules, the performance gain is greater than the sum of the
respective gains. Taking experiments in Hard set as an ex-
ample, Calibrated Teacher and Focal IoU could only bring
the improvement of 0.2 mAP and 0.3 mAP, but the combi-
nation could result in a performance gain of 1.1 mAP. This
is because the two modules are complementary. Focal IoU
down-weights the false negative anchors to avoid great mis-
leading supervision, which is helpful to train a better model
to generate better pseudo labels.

Impact of Hyper-parameters In this subsection we first
compare the Calibrated Teacher with different 7, in Split-1
with 50% missing annotations. It could be found in Tab. 4
that all five 75 could outperform the baseline, which demon-
strates the superiority over using a fixed threshold. More-
over, we set 7, = 0.7 due to its best performance.

Then we evaluate Focal IoU with different wg and £ in
Split-1 with 50% missing annotations. Tab. 5 reports the
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L
mAP/ AP5()

4000
33.6/51.8

8000
33.0/50.7

16000
33.0/50.8

Table 6: Comparison in the queue size L.

T
mAP/APsg

250
33.0/50.6

500
33.0/50.7

1000
33.2/51.0

Table 7: Comparison in the training interval 7.

results that Focal IoU is more robust to k than wgy. When
wo = 0, there exists a great drop of performance. This is
because most negative samples have low IoU with ground
truth bounding boxes, and of which most are true negative
samples. These samples contribute a lot to the classification
loss, but their weights tend to be zero when wy is very small.
Therefore, we need a trade-off to balance down-weighting
the false negative samples and saving the true negative sam-
ples. Hence we use wg = 0.5 and k = 1.5 in this work.

Next we analyze the effect of the queue size. Concretely,
we train the models for 90k iterations in Hard set, and de-
crease the learning rate at 60k and 80k iterations. As shown
in Tab. 6, when the queue size L is the number of predictions
of 4000 images, the model performs best. This is because a
smaller L means that the data stored in the queue comes
from more recent iterations and thus has a more similar dis-
tribution to the current data. Therefore, if L is not too small
to serve as a training set, a relatively small L could result in
better performance.

Finally we experiment with different intervals at which



Before

After

Figure 5: Comparison on the score distribution and ECE
between original and calibrated teacher’s prediction during
training. The first and second columns are the results in the
last 500 iterations of RetinaNet and Faster R-CNN. For each
sub-figure, the first row shows the score distribution, where
the horizontal and vertical axes are confidence and sample
proportion. The second row illustrates the precision of the
pseudo label candidates in each score interval, where the
horizontal and vertical axes are confidence and precision,
while the area of red and orange regions represent the degree
of the under-confidence and over-confidence, respectively.

the calibrator is trained in Hard set. Specifically the model
is trained for 90k iterations and L is set 8000. Tab. 7 reports
the results, and it turns out that our method is robust to the
interval 7.

Qualitative Results The first two rows of Fig. 4 show the
qualitative results of the pseudo labels generated. Our meth-
ods are able to mine the small or occluded objects in dense
scenes, which tend to miss in annotating. For other more ob-
vious objects (like the zebras in the second row), our meth-
ods could provide pseudo labels with extremely high quality,
releasing the burden of manual working.

Moreover we visualize the qualitative effect of confidence
calibration. Concretely we compare the score distribution
and Expected Calibration Error (ECE) (Naeini, Cooper, and
Hauskrecht 2015) of the pseudo label candidates of Reti-
naNet and Faster R-CNN in Fig. 5. It could be found that
after calibration the confidence score is closer to the preci-
sion in each interval, and the ECE of the prediction is lower.
It indicates that our methods calibrate score distribution into
a unified and meaningful form, so that one can design the
score threshold more easily and effectively.

Failed Cases

In the 3rd row of Fig. 4, we further show some failed cases
when generating the pseudo labels and analyse the possible
reasons. In the 1st column we miss three hot dogs while re-
calling the others. Since the lowest calibrated confidence of
the recalled hot dogs is close to the 74 (0.71 v.s. 0.7), the
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missing hot dogs are very likely to be refused by the con-
fidence filter. In the 2nd column we miss one instance in a
pile of donuts. This is possibly because the missing donuts
are too close to be distinguished from its neighbors, making
its corresponding prediction refused by the IoU filter. In the
3rd column the person behind the mesh wire is not recalled,
which might result from the great variation in color. In the
4th column we fail to find the ball in the left mostly due to its
extremely tiny volume. Finally the right person is excluded
from the pseudo labels, which is possibly because only an
arm is visible in the picture. Although our method fails to
recall some instances, it is actually unavoidable when guar-
antee the precision of pseudo labels, which is why we need
the Focal IoU Weight as a complement.

Conclusion and Limitations

In this work we experimentally explain the obstacle of recent
methods of sparsely annotated object detection (SAOD).
Hence we propose a Calibrated Teacher that adjusts the con-
fidence of the teacher network’s prediction adaptively to pro-
vide reliable pseudo labels. We further present the Focal IoU
Weight as a complement to down-weight the false negative
samples. Extensive methods show that our methods not only
outperform the state-of-the-art counterparts, but also sim-
plify the threshold tuning greatly. One limitation is that we
only adopt a simple strategy for calibration, it is unclear that
whether other advanced calibrators could help the perfor-
mance. We leave it for future work.
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