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1. Generalize to DN-DETR
1.1. DN-DETR
The denoising mechanism proposed by DN-DETR can im-
prove convergence speed while retaining most of the origi-
nal DETR network design [1]. This plug-and-play charac-
teristic has made it widely adopted in subsequent works [2–
4]. Considering the reason mentioned above, we selected
DN-DETR to validate the generalizability of the proposed
MuSCM.

DN-DETR comprises four key components: a backbone
B, a transformer encoder E , a transformer decoder D, and a
prediction head H. Given an input image I ∈ RH×W×3,
the backbone B extracts the image features FB from I .
These features are then optimized by the encoder E , which
employs attention mechanisms, resulting in F E = E(FB).

The decoder is a cascade of L transformer layers which
processes F E alongside a set of learnable object queries
Q = {qi}

Nq

i=1 (qi ∈ Rd) as inputs, where Nq is the number
of queries and d is the embedding dimension. For a inter-
mediate decoder layer index as l, it takes over the output
queries Ql−1 = {ql−1

i }Nq

i=1 of last layer, and generates re-
fined queries Ql = {qli}

Nq

i=1 responsible for predicting a po-
tential object. Specifically, each layer primarily consists of
self-attention, cross-attention, and a feed-forward network
in sequence.

Each cross-attention mechanism processes three inputs:
a set of queries X = {xl

i}
Nq

i=1, a set of keys Y = {yli}
Nkv
i=1 ,

and a set of values Z = {zli}
Nkv
i=1 , where Nkv denote the

number of keys or values. The cross-attention maps are
computed based on the softmax of dot-products between
queries and keys:
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where i is a query index, and j is a key index. The attention
output for each query is the aggregation of values weighted
by attention maps:

Kl
i = W l

out

∑Nkv

j=1
nl
ijz

l
j , (2)

where W l
out denote the output weights.

Cross-attention is responsible for aggregating object-
related local features in the image, with keys and values de-
rived from F E and queries from the output of self-attention.

The output of the cross-attention is then processed by the
FFN to generate object queries Ql, and fed them into head
H to generate the predictions Ŷ l = {(ĉli, b̂li)}

Nq

i=1, where ĉli
is the class prediction and b̂li is the bounding box.

Then, like MuSCM for Deformable DETR, we compute
Lgt(Y, Ŷ ).

1.2. Spatially Consistent Distillation
Similar to Spatially Consistent Distillation (SCD) for
Deformable- DETR, we map the student or teacher model’s
spatial correlations to the opposite model and obtain two
pairs of spatially consistent predictions.

Formally, in the lth decoder layer of student MS , we
extract the cross attention n̂l

S,i corresponding to query qlS,i,
and map them into the lth decoder layer of teacher MT :

Kl
S2T,i = W l

T,out

∑Nkv

j=1
n̂l
S,ijz

l
T,j , (3)

where Kl
S2T,i denotes aggregated features based on stu-

dent’s spatial correlations, and S2T denotes the mapping
direction.

We also map the self-attention map to the self-attention
module to ensure the consistency of the Add&Norm oper-
ations. Ultimately, the prediction head HT generates con-
sistent targets Ŷ l

S2T = {(ĉlS2T,i, b̂
l
S2T,i)}

Nq

i=1 to supervise

Ŷ l
S = {(ĉlS,i, b̂lS,i)}

Nq

i=1.
Next, we compute the LS2T

DP , LT2S
DP , LS2T

DR , and LT2S
DR , as

in Deformable DETR.

1.3. Spatial Correlation Matching
Next, we propose Spatial Correlation Matching (SCM)
module to transfer teacher’s spatial correlations for old class
objects to student. As in Deformable DETR, we get a set of
confident foregrounds Ỹ l

T = {(c̃lT,i, b̃
l
T,i)}

Np

i=1, where Np is
the number of selected foregrounds.

To transfer the teacher’s spatial correlation to student, we
incorporate the similarity between ñl

T and n̂l
S in bipartite

matching, which represents cross-attention maps of object
queries corresponding to Ỹ l

T and Ŷ l
S , respectively.

The bipartite matching process turns to:

ϵ̂l = argmin
ϵ

Np∑
i=1

Ccls(c̃
l
T,i, ĉ

l
S,ϵ(i)) + Cbox(b̃

l
T,i, b̂

l
S,ϵ(i))

+CKL(ñ
l
T,i, n̂

l
S,ϵ(i)),

(4)



where ϵ̂l is the optimal permutation between Ỹ l
T and Ŷ l

S ,
CKL represents the KL divergence.

Next, we use the KL divergence to enhance the con-
sistency of matched cross-attention maps, together with
Lgt(Ỹ

l
T , Ŷ

l
S) which adopts ϵ̂l, forming the Spatial Correla-

tion Matching loss LSCM :

LSCM =

L∑
l=1

Lgt(Ỹ
l
T , Ŷ

l
S) + LKL(ñ

l
T,i, n̂

l
S,ϵ(i)). (5)
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