






Figure 2. Overview of STEP-DETR Framework. It consists of two stages. In the first stage, the static teacher is trained using labeled
data. In the second stage, the student takes both strongly augmented unlabeled data and labeled data as input. The Super Teacher generates
high-quality pseudo-labels from weakly augmented unlabeled images, which guide the student. Additionally, Pseudo-Label Text Queries
guide both common and rare categories learning. Denoising Text Guided Object Queries helps improve the model’s ability to distinguish
objects and backgrounds, while Query Refinement enhances query efficiency. The training process combines supervised, unsupervised, and
consistency losses to enhance detection performance. For more details on each module, refer to Figure 3.

where α is the decay factor controlling the update speed.
The dynamic teacher fdynamic then generates its own set of
pseudo-labels ŷdynamic for the same unlabeled data:

ŷdynamic = fdynamic(x) (3)

To enhance the label quality of training data, we combine the
pseudo-labels generated by both teachers. The concatenated
set of pseudo-labels is then filtered based on a confidence
threshold τ to retain only high-confidence predictions:

ŷ = {ŷi | confidence(ŷi) ≥ τ, ŷi ∈ ŷstatic ∪ ŷdynamic} (4)

This approach enables student to learn effectively from high-
confidence predictions, improving detection performance on
unlabeled data and enhancing overall model robustness.

3.4. Pseudo-Label Text Queries
Object detectors typically assign higher confidence to fre-
quent objects, like people, while often confusing rare ob-
jects, like fire hydrants, with the background, as explained in
Figure 1(b). Frequent categories dominate supervise loss, bi-
asing model and calibration introduces noise, reducing accu-
racy. This problem is amplified in SSOD when labeled data
is limited, as rare classes generate low-confidence pseudo-
labels, which are then filtered out. Since there are fewer
queries for rare objects, the student becomes more confident
in detecting frequent objects but struggles to identify rare
ones, impacting the performance.

Inspired by [21, 24], we propose Pseudo-Label Text
Queries to incorporate rare-class instances, whereas prior
works [35, 54] filter out rare-class queries by filtering out
low-confidence instances. Unlike existing methods [24, 52]
that rely on external text models [20, 28], our approach
generates text directly from the pseudo-labels by combin-
ing their textual descriptions with corresponding bounding

boxes before filtering pseudo-labels for the student. Here,
text represents category names, and text embedding is the
one-hot encoding of class labels. The text queries, com-
bining class labels and bounding boxes, are converted into
256-dimensional embeddings and used as queries with the
bounding boxes. As illustrated in Figure 3, for each unla-
beled image, we begin with a set of pseudo-bounding boxes
b, which are paired with their corresponding text embeddings
to form the input queries for the decoder. Each text label ti
is converted into a 256-dimensional embedding eti ∈ R256.
The embeddings for the super teacher and student are de-
noted as et and es, respectively. The text queries are then
constructed as follows:

lt = concat(et, b), (5)
ls = concat(es, b), (6)

where lt and ls are the super teacher’s and student’s text
queries, respectively. In super teacher-student framework,
the decoder queries are constructed by combining the super
teacher’s original queries qt, text queries lt with the student’s
consistency queries cs, and vice versa. This integration
generates the inputs for the decoder as follows:

ôt, õt, ot = Dect([cs, lt, qt], Et|A) (7)
ôs, õs, os = Decs([ct, ls, qs], Es|A) (8)

where Es and Et denote the encoded image features. The
terms ôs and ôt correspond to the decoded outputs of the
consistency queries, õt and õs correspond to the decoded out-
puts of pseudo-label text queries, while os and ot represent
the decoded outputs of the original object queries. Here, t
indicates the super teacher, and s indicates the student. Con-
sistent with DN-DETR [17], we employ an attention mask
A to prevent information leakage.
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