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A Method Details

A.1 Class-level Average Pooling

To derive class-specific centroids V us from the WSS mask M init as outlined in
Eq. (2), we modify a standard pooling technique, such as global average pooling,
as demonstrated in Figure A.
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Fig.A: Diagram of class-level average pooling. Embedding vectors for each class
are grouped based on the mask. Subsequently, class-specific centroids are computed as
the average of those grouped vectors.
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A.2 Details of USS Feature Correlation Matrix

Figure B serves as an extensive elaboration of Figure ??, further illustrating
the capabilities of our Dual Features-Driven Hierarchical Rebalancing (DHR)
method. The left side shows how DHR clusters all inter-class regions by lever-
aging a binarized USS feature correlation matrix 1[sim(V us,V us)>τ ]. Following
this automatic grouping, DHR employs WSS feature maps, as specified in Eq.
(4), to delineate these inter-class boundaries effectively. On the right, Figure B
contrasts heatmaps generated with and without applying WSS balancing. Apply-
ing DHR with WSS balancing yields precise heatmaps that distinguish between
closely related inter-class regions, such as bottle, cup, and bowl, demonstrating
our DHR’s efficacy in enhancing segmentation accuracy in adjacent inter- and
intra-class regions.

A.3 Computational Complexity

To quantify the computational overhead of applying our DHR, we investigate
the training and testing times across five datasets, as detailed in Table A. The
total training time with DHR increases by a factor of 1.8 (from 10 hours to 18
hours on VOC 2012 [11]). To mitigate the computational overhead introduced by
techniques such as OT [45], we utilize 64 CPU cores in parallel, effectively reduc-
ing the impact on the overall training time. Importantly, despite the increased
complexity during training, the testing time remains consistent with all base-
lines [1, 21, 30, 52]. This consistency ensures that our refining steps are applied
exclusively during the training phase, maintaining model deployment efficiency.

B Additional Quantitative Results

B.1 State-of-the-art Results with Other Architectures

In our commitment to a balanced evaluation, we compare our method against
other WSS studies, specifically those built on ResNet architectures [14]. Notably,
recent WSS methods incorporate advanced supervision (e.g., CLIP [36]) beyond
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Fig. B: Visualization of heatmaps with/without WSS balancing in Eq. (4).
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Table A: Complexity comparison of our baseline (i.e., RSEPM [21]) with and without
DHR. As all DHR steps in Sec. 3.2 are used only during training, the inference time is
the same as all baselines [1, 21,30,52].

(Dataset) Phase RSEPM [21] without DHR RSEPM [21] with DHR
(VOC 2012) Total Training Time 10 hours 18 hours (+8 hours)
(VOC 2012) Total Testing Time 5 minutes 5 minutes (+0 minutes)
(COCO 2014) Total Training Time 19 hours 36 hours (+17 hours)
(COCO 2014) Total Testing Time 30 minutes 30 minutes (+0 minutes)
(Context) Total Training Time 5 hours 9 hours (+4 hours)
(Context) Total Testing Time 10 minutes 10 minutes (+0 minutes)
(ADE 2016) Total Training Time 11 hours 20 hours (+9 hours)
(ADE 2016) Total Testing Time 15 minutes 15 minutes (+0 minutes)
(Stuff) Total Training Time 40 hours 73 hours (+33 hours)
(Stuff) Total Testing Time 20 minutes 20 minutes (+0 minutes)

image-level supervision and integrate cutting-edge decoders like Mask2Former
[7]. In response to this evolving landscape, we also adapt our DHR approach
to compatibility with various backbone architectures [40] and decoders [7, 57]
in Table D, mirroring these contemporary configurations [56]. Remarkably, us-
ing ResNet-101 and Swin-L backbones, our results are 79.8% and 82.1% on
the VOC test set, respectively. These figures represent 98.5% and 95.3% of the
fully-supervised upper bound performance at 86.1%, significantly closing the gap
between WSS and FSS.

B.2 Per-class Performance Analysis

Tables E and F detail per-class segmentation outcomes for the PASCAL VOC
dataset. Addressing the issue of minor-class disappearance in adjacent pixels
leads to enhancements across all classes rather than improvements confined to
specific categories.

B.3 Consistent Improvements on Other Datasets

In addition to the key component experiments conducted on the COCO dataset
[37], as shown in Table 6, we extend our analysis to include detailed experimental
results for the Context and ADE datasets [41, 61] (see Tables B and C). These
further analyses show that our DHR method enhances performance significantly,
achieving up to a 17.9% improvement on two datasets, which feature adjacent
class scenarios.

C Additional Qualitative Results

C.1 Model-agnostic Improvements

Figures C and D provide a qualitative comparison between our DHR method,
two baseline models [30, 52], and various model-agnostic approaches [22, 31, 39].
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Table B: Detailed analysis of each component on the Pascal Context training dataset.

OT-based Seed Initialization DHR mIoUOptimal Transport Re�nement USS Balancing WSS Balancing

7 7 7 7 51.3
3 7 7 7 52.7 (+1.4)
3 3 7 7 53.6 (+2.3)

3 3 3 7 61.1 (+9.8)
3 3 7 3 54.6 (+3.3)
3 3 3 3 64.9 (+13.6)

Table C: Detailed analysis of each component on the ADE training dataset.

OT-based Seed Initialization DHR mIoUOptimal Transport Re�nement USS Balancing WSS Balancing

7 7 7 7 30.2
3 7 7 7 32.0 (+1.8)
3 3 7 7 32.4 (+2.2)

3 3 3 7 44.7 (+14.5)
3 3 7 3 38.1 (+7.9)
3 3 3 3 48.1 (+17.9)

Demonstrating its robustness, DHR excels in segmenting diverse objects and
managing scenarios with multiple classes. It particularly shines in accurately
segmenting adjacent minor-class regions (e.g., person and bicycle), where it sig-
ni�cantly outperforms other WSS methods [22,31,39] by recovering classes that
are often missed or overlooked, thereby ensuring comprehensive and satisfactory
segmentation outcomes on �ve benchmarks.

C.2 Qualitative Segmentation Examples

When compared against recent open-vocabulary and WSS models [4, 22, 47, 50]
across �ve benchmark datasets, our DHR exhibits outstanding performance both
qualitatively and quantitatively, surpassing previous state-of-the-art methods
(see Figure E). This comparison underscores the e�cacy of DHR in handling
real-world datasets characterized by multiple labels and intricate inter-/intra-
class relationships, highlighting its potential to advance the �eld of semantic
segmentation signi�cantly.
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Table D: State-of-the-art results compared to WSS methods with other backbones.

VOC COCO Context ADE Stu�
Method Backbone Supervision

val test val val val val

WSS based on CNN architectures:
DSRG CVPR'18 [18] ResNet-101 I + A 61.4 63.2 26.0 - - -
PSA CVPR'18 [2] Wide-ResNet-38 I 61.7 63.7 - - - -
SSSSCVPR'20 [3] Wide-ResNet-38 I 62.7 64.3 - - - -
IRNet CVPR'19 [1] ResNet-50 I 63.5 64.8 - - - -
ICD CVPR'20 [12] ResNet-101 I 64.1 64.3 - - - -
SEAM CVPR'20 [52] Wide-ResNet-38 I 64.5 65.7 31.9 - - -
FickleNet CVPR'19 [29] ResNet-101 I + A 64.9 65.3 - - - -
RRM AAAI'20 [59] ResNet-101 I 66.3 65.5 - - - -
RIB NeurIPS'21 [28] ResNet-101 I 68.3 68.6 43.8 - - -
ReCAM CVPR'22 [6] ResNet-101 I 68.5 68.4 - - - -
AMR AAAI'22 [44] ResNet-101 I 68.8 69.1 - - - -
URN AAAI'22 [35] ResNet-101 I 69.5 69.7 40.7 - - -
W-OoD CVPR'22 [31] ResNet-101 I + D 69.8 69.9 - - - -
EDAM CVPR'21 [53] ResNet-101 I + A 70.9 70.6 - - - -
EPS CVPR'21 [33] ResNet-101 I + A 70.9 70.8 35.7 - - -
SANCE CVPR'22 [34] ResNet-101 I 70.9 72.2 44.7 - - -
DRS AAAI'21 [24] ResNet-101 I + A 71.2 71.4 - - - -
MCTformer CVPR'22 [54] Wide-ResNet-38 I 71.9 71.6 42.0 - - -
L2G CVPR'22 [20] ResNet-101 I + A 72.1 71.7 44.2 - - -
RCA CVPR'22 [63] ResNet-101 I + A 72.2 72.8 36.8* - - -
PPC CVPR'22 [10] ResNet-101 I + A 72.6 73.6 - - - -
SAS AAAI'23 [25] ResNet-101 I 69.5 70.1 44.8 - - -
Jiang et al arXiv'23 [19] ResNet-101 I + S 71.1 72.2 - - - -
ACR CVPR'23 [27] Wide-ResNet-38 I 71.9 71.9 45.3 - - -
BECO CVPR'23 [48] ResNet-101 I 72.1 71.8 - - - -
MMSCT CVPR'23 [55] Wide-ResNet-38 I + C 72.2 72.2 45.9 - - -
QA-CLIMS MM'23 [9] ResNet-101 I + L 72.4 72.3 43.2 - - -
OCR CVPR'23 [8] Wide-ResNet-38 I 72.7 72.0 42.5 - - -
CLIP-ES CVPR'23 [38] ResNet-101 I + C 73.8 73.9 45.4 - - -
RSEPM arXiv'22 [21] ResNet-101 I 74.4 73.6 46.4 - - -
CoSA arXiv'24 [64] ResNet-101 I 76.5 75.3 50.9 - - -
FMA-WSSS WACV'24 [56] ResNet-101 I + C+ S 77.3 76.7 48.6 - - -
MARS ICCV'23 [22] ResNet-101 I 77.7 77.2 49.4 39.8* 22.0* 35.7*
DHR (Ours) ResNet-101 I 79.6 79.8 53.9 49.0 32.9 37.4
Upper Bound (DeepLabv3+ CVPR'18 [5]) ResNet-101 M 80.6* 81.0* 61.8* 54.6* 45.3* 44.2*

WSS based on Transformer architectures:
BECO CVPR'23 [48] MiT-B2 I 73.7 73.5 45.1 - - -
ToCo CVPR'23 [50] ViT-B I 71.1 72.2 42.3 25.0* 10.5* 14.2*
WeakTr arXiv'23 [64] DeiT-S I 74.0 74.1 46.9 - - -
CoSA arXiv'24 [64] Swin-B I 81.4 78.4 53.7 - - -
FMA-WSSS WACV'24 [56] Swin-L I + C+ S 82.6 81.6 55.4 - - -
DHR (Ours) Swin-L I 82.3 82.3 56.8 53.6 36.9 41.1
Upper Bound (Mask2Former CVPR'22 [7]) Swin-L M 86.0 86.1 66.7 64.3* 55.5* 50.6*

Open-vocabulary Segmentation Models:
MaskCLIP ECCV'22 [62] ViT-B C+ T 29.3 - 15.5 21.1 10.8 14.7
TCL CVPR'23 [4] ViT-B C+ T 55.0 - 33.2 33.8 15.6 22.4
Ferret arXiv'23 [58] w/ SAM [23] ViT-H B+ T + S+ L 54.7 - 27.7 22.4 7.6 12.6
Grounded SAM arXiv'24 [47] Swin-B B+ T + S 46.3 - 35.7 28.1 4.8 18.8

*: we reproduce all results for a fair comparison
I : image-level supervision T : text supervision (image-text pairs) A : saliency [17]
L : language supervision (e.g., LLM [58]) M : mask supervision S: SAM [23] C: CLIP [46]
B: box supervision D: using the external dataset [31]
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Table E: Per-class performance comparison with WSS methods in terms of IoUs (%)
on the PASCAL VOC 2012 validation set.
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EM ICCV'15 [42] 67.2 29.2 17.6 28.6 22.2 29.6 47.0 44.0 44.2 14.6 35.1 24.9 41.0 34.8 41.6 32.1 24.8 37.4 24.0 38.1 31.6 33.8
MIL-LSE CVPR'15 [43] 79.6 50.2 21.6 40.9 34.9 40.5 45.9 51.5 60.6 12.6 51.2 11.6 56.8 52.9 44.8 42.7 31.2 55.4 21.5 38.8 36.9 42.0
SEC ECCV'16 [26] 82.4 62.9 26.4 61.6 27.6 38.1 66.6 62.7 75.2 22.1 53.5 28.3 65.8 57.8 62.3 52.5 32.5 62.6 32.1 45.4 45.3 50.7
TransferNet CVPR'16 [15] 85.3 68.5 26.4 69.8 36.7 49.1 68.4 55.8 77.3 6.2 75.2 14.3 69.8 71.5 61.1 31.9 25.5 74.6 33.8 49.6 43.7 52.1
CRF-RNN CVPR'17 [49] 85.8 65.2 29.4 63.8 31.2 37.2 69.6 64.3 76.2 21.4 56.3 29.8 68.2 60.6 66.2 55.8 30.8 66.1 34.9 48.8 47.1 52.8
WebCrawl CVPR'17 [16] 87.0 69.3 32.2 70.2 31.2 58.4 73.6 68.5 76.5 26.8 63.8 29.1 73.5 69.5 66.5 70.4 46.8 72.1 27.3 57.4 50.2 58.1
CIAN AAAI'20 [13] 88.2 79.5 32.6 75.7 56.8 72.1 85.3 72.9 81.7 27.6 73.3 39.8 76.4 77.0 74.9 66.8 46.6 81.0 29.1 60.4 53.3 64.3
SSDD ICCV'19 [51] 89.0 62.5 28.9 83.7 52.9 59.5 77.6 73.7 87.0 34.0 83.7 47.6 84.1 77.0 73.9 69.6 29.8 84.0 43.2 68.0 53.4 64.9
PSA CVPR'18 [2] 87.6 76.7 33.9 74.5 58.5 61.7 75.9 72.9 78.6 18.8 70.8 14.1 68.7 69.6 69.5 71.3 41.5 66.5 16.4 70.2 48.7 59.4
FickleNet CVPR'19 [29] 89.5 76.6 32.6 74.6 51.5 71.1 83.4 74.4 83.6 24.1 73.4 47.4 78.2 74.0 68.8 73.2 47.8 79.9 37.0 57.3 64.6 64.9
RRM AAAI'20 [59] 87.9 75.9 31.7 78.3 54.6 62.2 80.5 73.7 71.2 30.5 67.4 40.9 71.8 66.2 70.3 72.6 49.0 70.7 38.4 62.7 58.4 62.6
SSSS CVPR'20 [3] 88.7 70.4 35.1 75.7 51.9 65.8 71.9 64.2 81.1 30.8 73.3 28.1 81.6 69.1 62.6 74.8 48.6 71.0 40.1 68.5 64.3 62.7
SEAM CVPR'20 [52] 88.8 68.5 33.3 85.7 40.4 67.3 78.9 76.3 81.9 29.1 75.5 48.1 79.9 73.8 71.4 75.2 48.9 79.8 40.9 58.2 53.0 64.5
AdvCAM CVPR'21 [30] 90.0 79.8 34.1 82.6 63.3 70.5 89.4 76.0 87.3 31.4 81.3 33.1 82.5 80.8 74.0 72.9 50.3 82.3 42.2 74.1 52.9 68.1
CPN ICCV'21 [60] 89.9 75.0 32.9 87.8 60.9 69.4 87.7 79.4 88.9 28.0 80.9 34.8 83.4 79.6 74.6 66.9 56.4 82.6 44.9 73.1 45.7 67.8
RIB NeurIPS'21 [28] 90.3 76.2 33.7 82.5 64.9 73.1 88.4 78.6 88.7 32.3 80.1 37.5 83.6 79.7 75.8 71.8 47.5 84.3 44.6 65.9 54.9 68.3
AMN CVPR'22 [32] 90.6 79.0 33.5 83.5 60.5 74.9 90.0 81.3 86.6 30.6 80.9 53.8 80.2 79.6 74.6 75.5 54.7 83.5 46.1 63.1 57.5 69.5
ADELE CVPR'22 [39] 91.1 77.6 33.0 88.9 67.1 71.7 88.8 82.5 89.0 26.6 83.8 44.6 84.4 77.8 74.8 78.5 43.8 84.8 44.6 56.1 65.3 69.3
W-OoD CVPR'22 [31] 91.2 80.1 34.0 82.5 68.5 72.9 90.3 80.8 89.3 32.3 78.9 31.1 83.6 79.2 75.4 74.4 58.0 81.9 45.2 81.3 54.8 69.8
RCA CVPR'22 [63] 91.8 88.4 39.1 85.1 69.0 75.7 86.6 82.3 89.1 28.1 81.9 37.9 85.9 79.4 82.1 78.6 47.7 84.4 34.9 75.4 58.6 70.6
SANCE CVPR'22 [34] 91.4 78.4 33.0 87.6 61.9 79.6 90.6 82.0 92.4 33.3 76.9 59.7 86.4 78.0 76.9 77.7 61.1 79.4 47.5 62.1 53.3 70.9
MCTformer CVPR'22 [54] 91.9 78.3 39.5 89.9 55.9 76.7 81.8 79.0 90.7 32.6 87.1 57.2 87.0 84.6 77.4 79.2 55.1 89.2 47.2 70.4 58.8 71.9
RSEPM arXiv'22 [21] 92.2 88.4 35.4 87.9 63.8 79.5 93.0 84.5 92.7 39.0 90.5 54.5 90.6 87.5 83.0 84.0 61.1 85.6 52.1 56.2 60.2 74.4
MARS ICCV'23 94.1 89.3 42.0 88.8 72.9 79.5 92.7 86.2 94.2 40.3 91.4 58.8 91.1 88.9 81.9 84.6 63.6 91.7 56.7 85.3 57.3 77.7
DHR (ResNet-101) 94.5 91.2 40.9 92.3 78.1 77.4 93.4 86.2 94.4 45.6 95.8 61.5 93.0 92.3 83.7 88.0 67.9 93.6 57.7 87.4 57.1 79.6

Table F: Per-class performance comparison with WSSS method in terms of IoUs (%)
on the PASCAL VOC 2012 test set.
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EM ICCV'15 [42] 76.3 37.1 21.9 41.6 26.1 38.5 50.8 44.9 48.9 16.7 40.8 29.4 47.1 45.8 54.8 28.2 30.0 44.0 29.2 34.3 46.0 39.6
MIL-LSE CVPR'15 [43] 78.7 48.0 21.2 31.1 28.4 35.1 51.4 55.5 52.8 7.8 56.2 19.9 53.8 50.3 40.0 38.6 27.8 51.8 24.7 33.3 46.3 40.6
SEC ECCV'16 [26] 83.5 56.4 28.5 64.1 23.6 46.5 70.6 58.5 71.3 23.2 54.0 28.0 68.1 62.1 70.0 55.0 38.4 58.0 39.9 38.4 48.3 51.7
TransferNet CVPR'16 [15] 85.7 70.1 27.8 73.7 37.3 44.8 71.4 53.8 73.0 6.7 62.9 12.4 68.4 73.7 65.9 27.9 23.5 72.3 38.9 45.9 39.2 51.2
CRF-RNN CVPR'17 [49] 85.7 58.8 30.5 67.6 24.7 44.7 74.8 61.8 73.7 22.9 57.4 27.5 71.3 64.8 72.4 57.3 37.3 60.4 42.8 42.2 50.6 53.7
WebCrawl CVPR'17 [16] 87.2 63.9 32.8 72.4 26.7 64.0 72.1 70.5 77.8 23.9 63.6 32.1 77.2 75.3 76.2 71.5 45.0 68.8 35.5 46.2 49.3 58.7
PSA CVPR'18 [2] 89.1 70.6 31.6 77.2 42.2 68.9 79.1 66.5 74.9 29.6 68.7 56.1 82.1 64.8 78.6 73.5 50.8 70.7 47.7 63.9 51.1 63.7
FickleNet CVPR'19 [29] 90.3 77.0 35.2 76.0 54.2 64.3 76.6 76.1 80.2 25.7 68.6 50.2 74.6 71.8 78.3 69.5 53.8 76.5 41.8 70.0 54.2 65.0
SSDD ICCV'19 [51] 89.5 71.8 31.4 79.3 47.3 64.2 79.9 74.6 84.9 30.8 73.5 58.2 82.7 73.4 76.4 69.9 37.4 80.5 54.5 65.7 50.3 65.5
RRM AAAI'20 [59] 87.8 77.5 30.8 71.7 36.0 64.2 75.3 70.4 81.7 29.3 70.4 52.0 78.6 73.8 74.4 72.1 54.2 75.2 50.6 42.0 52.5 62.9
SSSS CVPR'20 [3] 88.7 70.4 35.1 75.7 51.9 65.8 71.9 64.2 81.1 30.8 73.3 28.1 81.6 69.1 62.6 74.8 48.6 71.0 40.1 68.5 64.3 62.7
SEAM CVPR'20 [52] 88.8 68.5 33.3 85.7 40.4 67.3 78.9 76.3 81.9 29.1 75.5 48.1 79.9 73.8 71.4 75.2 48.9 79.8 40.9 58.2 53.0 64.5
AdvCAM CVPR'21 [30] 90.1 81.2 33.6 80.4 52.4 66.6 87.1 80.5 87.2 28.9 80.1 38.5 84.0 83.0 79.5 71.9 47.5 80.8 59.1 65.4 49.7 68.0
CPN ICCV'21 [60] 90.4 79.8 32.9 85.7 52.8 66.3 87.2 81.3 87.6 28.2 79.7 50.1 82.9 80.4 78.8 70.6 51.1 83.4 55.4 68.5 44.6 68.5
RIB NeurIPS'21 [28] 90.4 80.5 32.8 84.9 59.4 69.3 87.2 83.5 88.3 31.1 80.4 44.0 84.4 82.3 80.9 70.7 43.5 84.9 55.9 59.0 47.3 68.6
AMN CVPR'22 [32] 90.7 82.8 32.4 84.8 59.4 70.0 86.7 83.0 86.9 30.1 79.2 56.6 83.0 81.9 78.3 72.7 52.9 81.4 59.8 53.1 56.4 69.6
W-OoD CVPR'22 [31] 91.4 85.3 32.8 79.8 59.0 68.4 88.1 82.2 88.3 27.4 76.7 38.7 84.3 81.1 80.3 72.8 57.8 82.4 59.5 79.5 52.6 69.9
RCA CVPR'22 [63] 92.1 86.6 40.0 90.1 60.4 68.2 89.8 82.3 87.0 27.2 86.4 32.0 85.3 88.1 83.2 78.0 59.2 86.7 45.0 71.3 52.5 71.0
SANCE CVPR'22 [34] 91.6 82.6 33.6 89.1 60.6 76.0 91.8 83.0 90.9 33.5 80.2 64.7 87.1 82.3 81.7 78.3 58.5 82.9 60.9 53.9 53.5 72.2
MCTformer CVPR'22 [54] 92.3 84.4 37.2 82.8 60.0 72.8 78.0 79.0 89.4 31.7 84.5 59.1 85.3 83.8 79.2 81.0 53.9 85.3 60.5 65.7 57.7 71.6
RSEPM arXiv'22 [21] 91.9 89.7 37.3 88.0 62.5 72.1 93.5 85.6 90.2 36.3 88.3 62.5 86.3 89.1 82.9 81.2 59.7 89.2 56.2 44.5 59.4 73.6
MARS ICCV'23 93.7 93.3 40.3 90.8 70.8 71.7 94.0 86.3 93.9 40.4 87.6 67.6 90.0 87.3 83.9 83.1 64.2 89.5 59.6 79.0 55.1 77.2
DHR (ResNet-101) 94.2 93.3 42.6 86.6 74.8 72.3 95.0 88.3 95.1 41.6 90.9 71.2 93.3 93.3 86.8 85.7 73.9 93.9 63.4 81.8 56.8 79.8
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Fig. C: Qualitative results with ours and other model-agnostic models [22,39].


	Supplementary Material DHR: Dual Features-Driven Hierarchical Rebalancing in Inter- and Intra-Class Regions for Weakly-Supervised Semantic Segmentation

