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Overview of Supplementary Material
This supplementary material provides detailed information
not covered in the main manuscript due to space constraints.
• The implementation details of our Salience-SGG on three

datasets mentioned in the main paper.
• The implementation of Iterative Salience Decoder (ISD)

with pre-trained IETrans [23] and TDE [18].
• The hyperparameters analysis of our Salience-SGG.
• The efficiency analysis of our ISD.
• The details of the top down salience labels and the sta-

tistical differences with the bottom-up label.
• Spatial structure learning and predicate understanding

analysis.
• A detailed comparison to SOTA Methods on VG.
• Qualitative comparisons.

A. Implementation Details
For the three datasets, the same settings are used, with
the exception of the training epochs. First, a deformable
DETR with ResNet-50 [4] as backbone is pre-trained on
each SGG dataset for 25 epochs. The number of entity
queries, Ne, is set to 200. All remaining hyperparame-
ters (e.g. transformer layers, feature dimension, optimizer,
matching weight, and loss weight) are consistent with the
work of [25]. The matching results from the last decoder
layer in the deformable DETR are utilized to create pred-
icate labels G

′
. Subsequently, the pre-trained object de-

tector is frozen during the joint training of the predicate
decoder and ISD, since no significant improvement is ob-
served when fine-tuning it. The loss ratio between salience
loss Lsalience and predicate loss Lpre is 1 : 1. For the VG
dataset, the ISD and the predicate decoder are trained for
13 epochs, with a reduction in learning rate by factor 10
in the 11-th epoch. For OIv6, the total number of training
epochs is 8, and the learning rate reduces in the 6-th epoch.
Finally, for GQA-200, the model is trained for 12 epochs,
with the learning rate dropping in the 10-th epoch. For all
experiments the random seed is set to 42.

B. Implementation of ISD with Other Debias-
ing Strategies

In this section, we describe the implementation of com-
bining our ISD with the existing Unbiased-SGG models,
i.e. TDE [18] and IETrans [23]. Given the pre-trained
Unbiased-SGG model, the entity boxes B, entity features
Q, entity category distributions C, and predicted predicates

L R@50 R@100 mR@50 mR@100 F@50 F@100

1 27.5 32.0 15.9 19.4 20.1 24.1
2 28.2 32.7 16.0 19.6 20.4 24.5
3 28.6 33.1 17.3 21.3 21.6 25.9
4 28.8 33.4 18.0 21.6 22.1 26.2

Table A1. Performance with various number of ISD layers L.

T R@50 R@100 mR@50 mR@100 F@50 F@100

0.1 26.9 30.8 18.0 21.7 21.6 24.9
0.2 27.4 31.8 17.9 21.6 21.7 25.7
0.3 27.7 32.2 17.9 21.3 21.7 25.6
0.4 28.1 32.6 17.7 21.5 21.7 25.9
0.5 28.6 33.3 17.8 21.5 22.0 26.1
0.6 28.8 33.4 18.0 21.6 22.1 26.2
0.7 28.6 33.1 17.5 21.3 21.7 25.9
0.8 28.4 32.7 17.1 20.5 21.3 25.8
0.9 28.0 32.2 17.1 20.0 21.2 24.7

Table A2. Performance with the varying values of T .

G may be obtained. For all proposed entity pairs, the triplet
salience labels M

′
may be constructed as described in the

main paper. In this particular context, the entity features
Q refer to the entity region of interest features from Faster
R-CNN [17]. During the training of ISD, the pre-trained
Unbiased-SGG model is kept frozen. It is important to note
that in the ISD training, there is no sub-sampling applied on
the salience labels.

C. Hyperparameter Analysis

In Salience-SGG, there are two important hypeparameters
T and L. Table A1 illustrates the performance of Salience-
SGG with different L. The performance gradually increases
with L becoming larger. Considering the training efficiency,
we do not verify the performance when L is larger than 4.
Table A2 shows the influence of T . when T decreases from
0.9 to 0.6, performance gradually improves. For instance,
R@100 increases from 32.2 to 33.4 and mR@100 from 20.0
to 21.6. When T keeps decreasing, there are no transpar-
ent changes on mR@K, whereas R@K significantly drops
from 33.4 to 30.8. A lower T indicates a weak spatial struc-
ture supervision, which is more likely to result in salience
insensitivity. This observation aligns with our motivation:
Maintaining salience sensitivity enhances the robustness of
Unbiased-SGG models to debiasing strategies.



Model FLOPs (G) Peak Memory Allocated (MB) Latency (ms)

Salience-SGG 242 1471 75.3
Salience-SGG w/o ISD 235 1385 58.8

Table A3. Cost and efficiency analysis of ISD

top downgt top downentity top downtriplet bottom up

5.5 12.1 33.4 267

Table A4. Average number of each salience label on one image.

D. Efficiency Analysis
To evaluate the efficiency cost of our ISD, We measure
the Floating Point Operations (FLOPs), Peak Allocated
Memory and Inference Latency of the Salience-SGG with
and without ISD module as illustrated in Table A3. The
ISD module introduces 7G FLOPS, 96MB Peak Allocated
Memory, and an increase in inference latency of 16.5ms.

E. Salience Label Analysis
In the main paper, we compare the performances of
Salience-SGG supervised by multiple salience labels. In
this supplementary material, we provide the details of the
construction process of each top-down salience label. The
top downgt is not special which is a direct mapping from
the predicate label to a binary mask. The top downentity

label is created by first performing one-to-many Hungar-
ian Matching [10] at the entity level. Each annotated en-
tity may correspond to multiple detected entities. Salience
connections are built between every pair of detected en-
tities based on the matching results and the ground-truth
triplets. Finally, the salience connections are selected us-
ing the bottom-up salience label M

′
to produce the final

top downentity. top downtriplet label is constructed by
performing one-to-many matching between the predicted
predicates and the ground-truth predicates. Similarly to
the top downentity , a matrix reflecting the connections be-
tween detected entities can be constructed based on the
matching results. Ultimately, the connections in the matrix
are further selected by the bottom-up salience label. Ta-
ble A4 shows the average number of each kind of salience
label on one image in the training data.

F. Spatial structure learning and predicate un-
derstanding

In our one-stage Salience-SGG setup, the predicate decoder
and ISD are trained jointly. The ISD is equipped with a P-
ECA, which may regulate the predicate prediction by the
salience loss. To investigate whether training ISD would
be beneficial for the predicate understanding of the predi-
cate decoder, we compare the performances ranked solely

G-ESA P-ECA R@100 (M) mR@100 (M) R@100 (F) mR@100 (F)

✓ × 29.8 17.6 31.2 20.6
× ✓ 28.3 15.6 32.3 20.5
✓ ✓ 29.7 17.3 33.4 21.6

Table A5. Ablation study on spatial structure learning and predi-
cate understanding. The upper alphabets behind metrics indicate
the ranking scores. ’M’ indicates salience scores only, while ’F’
refers to the full scores (i.e. object scores * subject scores * predi-
cate scores * salience scores).

on salience score with those on salience score in conjunc-
tion with object, subject, and predicate scores. The results
of Salience-SGG, Salience-SGG w/o G-ESA and Salience-
SGG w/o P-ECA are reported in Table A5. Salience-SGG
w/o G-ESA and Salience-SGG w/o P-ECA models demon-
strate comparable performance ranked on complete scores.
However, it should be noted that there is a significant dis-
crepancy between their performances ranked merely on the
salience scores. This observation indicates that Salience-
SGG without P-ECA benefits from enhanced ability to cap-
ture salient spatial structures, while Salience-SGG without
G-ESA benefits from better predicate understanding. In
conclusion, the final Salience-SGG improves the results by
combining two benefits.

G. Comparison to SOTA Methods on VG
In this section, we privde a more extensive comparsion to
SOTA methods on VG dataset as illustrated in Table A6.

H. Qualitative Comparisons
In this section, we provide more qualitative com-
parisons between IETrans [23] and IETrans+ISD,
TDE [18] and TDE+ISD, as illustrate in Figure F1.
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Table A6. Comparison with SOTA methods evaluated on the VG test dataset. The methods are divided into two groups. The best and
second-best results in each group are indicated with bold and underlined text, respectively. ‘*’ denotes the performance without any
debiasing strategy. ‘†’ indicates the methods are combined with MOTIFS [22].
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after re-ranking refer to the same triplets.
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