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7. Additional Experiments and Ablation Stud-
ies

In this study, experiments were conducted in the follow-
ing environments: Ubuntu 20.04, Python 3.10.4, PyTorch
1.12.1, and NVIDIA 3090Ti or A6000 GPUs. Unless other-
wise specified, subsequent experiments were primarily con-
ducted using the UniMatch baseline with ResNet-50.

7.1. Comparison with State-of-the-Art on the Pri-
ority Protocol of Pascal VOC

As described in the main paper, the Pascal VOC dataset con-
tains a high-quality annotation subset (1,464 images) and a
coarse-quality annotation subset (9,118 images). In addi-
tion to the Original and Blended protocols presented in the
main manuscript, the Priority protocol has been used in sev-
eral studies for comparison. The protocol where the selec-
tion of labeled images is first derived from the high-quality
subset; if not sufficient, it is complemented by additional
images from the coarse subset. Tab. 9 shows that the pro-
posed method consistently improves baseline methods.

7.2. Additional Ablation Studies

Due to space constraints, the ablation study (Tab. 5) in the
main body of the paper includes only the 92-label proto-
col. To further validate the proposed method, we provide
additional experiments on the 183- to 1464-label protocols.
Tab. 10 shows that the components of PrevMatch consis-
tently improve performance across various evaluation pro-
tocols.

7.3. Previous List Length

We investigate the effect of the length (/V) of the previous
list that stores the temporal models. In Tab. 11, the results
for N = 1 and N = 2 are comparable to those of the base-
line. This suggests that the aforementioned coupling prob-
lem may persist because the previous models in the list are
continually updated with the latest model when N is small.
The cases of N = 4, 8, and 12 consistently outperform the
baseline, revealing that the proposed method is not highly
sensitive to hyperparameters. However, the performance for
N = 20 increases only marginally due to the use of out-
dated teachers. Based on this result, we recommend setting
the value of N to approximately 5—-15% of the total training
epochs, which proves to be appropriate for different datasets
(e.g., Pascal=6-10, Cityscapes=8-16, and ADE20k=4-6).

Pascal [Priority set]

U2PL [48)]
U2PL+ [44]

Dual Teacher [31]
CorrMatch [41]

Encoder | 1/16  1/8  1/4

RN-101 772 79.0 793
RN-101 772 794 802
RN-101 80.1 81.5 805
RN-101 81.3 819 809

AllSpark [45] MiT-B5 81.6 820 809
FixMatch [40] RN-50 754 765 769
+ PrevMatch RN-50 769 77,6 718

Gain (A) (+1.5)  (+1.1) (+0.9)

UniMatch [54] RN-101 80.9 81.9 80.4
+ PrevMatch RN-101 81.4 81.9 80.8
Gain (A) (+0.5)  (+0.0) (+0.4)

UniMatchV2-S [55] DINOv2-S | 86.6 87.3 85.9
+ PrevMatch DINOv2-S | 87.3 87.8 864
Gain (A) (+0.7)  (+0.5) (+0.5)

Table 9. Comparison with state-of-the-art methods on the Priority
protocol of Pascal VOC dataset.

PASCAL
92 183 366 732 1464

Previous Random Random
Guidance Selection Weights

719 725 760 774 787
v - 727 738 766 78.1 79.0
v v 732 749 774 783 792
v v v | 734 754 715 786 793

Table 10. Additional ablation studies across different evaluation
protocols (UniMatch with ResNet-50).

N | Base. 1 2 4 8 12 20

Pascalgo | 719 71.7 717 724 727 725 719
Pascaligz | 72.5 7277 729 734 738 735 733

Table 11. Ablation study for the maximum length (V) of the previ-
ous list. In this setting, only previous guidance is used (i.e., K=1,
without ensemble).

7.4. Upper Bound Number for Random Selection

To generate reliable and diverse pseudo-labels, we proposed
a strategy that randomly selects k£ models (ranging from 1
to K) for each iteration. In this strategy, we explore the
performance changes regarding the upper bound number
K. Tab. 12 indicates that including the ensembling cases
(K > 1, 1ie., k=1 or £ >1 are randomly selected) im-
proves the performance significantly compared to the case
of K =1 (i.e., without ensemble). In addition, we observe



Upper Bound Number (K) ‘ 1 2 3 4 5

727 731 734 734 731
749 754 752 5.1

Pascalgs
Pascal;g3 73.8

Table 12. Ablation study on the efficacy of the upper bound num-
ber K using N=8.

Save Criteria ‘ 92 183 366 732 1464
(a) Baseline 719 725 760 774 78.7
(b) Every 1 Epoch 71.8 735 1763 775 8.6
(c) Every 3 Epochs 722 747 768 78.0 78.6

(d) On Best Epochs (ours) | 734 754 775 786 79.3

Table 13. Ablation study regarding the efficacy of the save criteria
using N=8 and K=3.

the best results at K = 3 and a slight performance drop in
settings with K greater than 3. Even for large K, a vary-
ing number (k) of models is selected; however, the propor-
tion of large k values increases with K. This ensures con-
sistent pseudo-labels but reduces their diversity, potentially
degrading performance, as mentioned in Dual Teacher. In
conclusion, we select K = 3 because it adequately satis-
fies the diversity and reliability requirements of the pseudo-
labels.

7.5. Criteria for Saving Previous Models

As described in Sec. 3.2.1 of the main paper, one alterna-
tive for storing previous models involves saving the model
at regular intervals, a method used in [15, 43, 53]. Thus,
we conduct experiments to validate the effectiveness of this
approach. As listed in Tab. 13, although case (b) exhibits
slightly better overall performance than the baseline (a), the
difference is marginal. This suggests that storing models
at short intervals does not address the coupling problem be-
tween the teacher and student networks. In contrast, case (c)
shows a significant improvement compared to case (a). Al-
though case (c) functions well, it exhibits limited improve-
ments compared to case (d) which utilizes the proposed save
criteria, demonstrating the superiority of the proposed ap-
proach. In addition, our approach does not require addi-
tional hyperparameter searches to determine appropriate in-
tervals, thereby reducing unnecessary training costs.

7.6. Loss Weight

The loss weight A for previous guidance plays a critical role
in the overall training process. Since the primary goal of
previous guidance is to mitigate confirmation bias—which
tends to occur during the early to middle stages of training—
its effect is most beneficial before the model becomes over-
confident in incorrect predictions. However, in the early
phase, the model’s predictions are typically unreliable. To
address this, we employ a warmup schedule that gradu-

ally increases A, similar to commonly used learning rate
warmup strategies. Furthermore, as training progresses and
the model becomes more stable and accurate, the need for
strong regularization from previous guidance naturally de-
creases. To reflect this, we apply a decay to A in the later
stages. Our final schedule (row (e)) allows previous guid-
ance to act most strongly when it is most needed—during the
middle of training—while reducing its influence as the model
converges.

Tab. 14 presents an ablation study comparing different A
scheduling strategies. The fixed (b) and linear decay (c) set-
tings maintain a high weight even in the early stage, where
the model’s predictions are still unstable. As a result, these
configurations show limited improvements, likely due to the
guidance based on noisy predictions. In contrast, the lin-
ear increase (d) and warmup+decay (e) strategies both in-
corporate a warmup phase, mitigating this issue and yield-
ing significant performance gains across various label parti-
tions. While both (d) and (e) outperform other variants, the
warmup-+decay strategy shows slightly better or compara-
ble results, especially in high-label settings. This indicates
that reducing the influence of previous guidance in the late
stage, when the model is already well-trained, is beneficial
for final performance.

Loss weight ()\) ‘ 92 183 366 732 1464
(a) Baseline 719 725 76.0 774 787
(b) Fixed (1.0) 72.1 742 767 782 78.6
(c) Linear Decay (1.0—0) 715 745 769 784 7838
(d) Linear Increase (0—1.0) 73.6 754 773 785 792

(e) Warmup+Decay (0—1.0—0) ‘73.4 754 775 78.6 793

Table 14. Ablation study for A.

8. Additional Analysis

8.1. Class-wise IoU Scores and Qualitative Evalua-
tion

Tabs. 15 and 16 list all category-wise IoU scores. In par-
ticular, Tab. 15 on Pascal VOC shows that the proposed
method achieves notable performance gains for the chair
and sofa classes, which were particularly challenging for the
UniMatch baseline. In addition, Tab. 16 on the Cityscapes
dataset shows that the proposed method achieves the largest
performance improvements for the wall, fence, and ter-
rain classes, which are the lowest performing among the
19 classes in UniMatch. In addition to the quantitative re-
sults, the qualitative results shown in Fig. 3 corroborate
these findings, revealing consistent improvements in the
same categories. Thus, these results suggest that utilizing
previous knowledge helps prevent the catastrophic forget-
ting problem, even in semi-supervised semantic segmenta-
tion scenarios.
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Figure 3. Qualitative segmentation results on (a) Pascal VOC and (b) Cityscapes.
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UniMatch 91 84 59 8 71 68 92 8 8 8 88 55 8 8 75 80 54 82 33 80 o4
+ PrevMatch 93 84 61 87 71 68 93 84 8 21 8 57 84 8 177 82 51 82 46 84 58
Gain (A) 2 0 2 20 0 1 4 1 13 1 2 -1 1 2 2 -3 0 13 4 -6
Table 15. Class-wise IoU scores for Pascal VOC using a ResNet-50 encoder.
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UniMatch 98 82 92 56 60 62 71 79 92 60 95 8 63 95 83 87 79 68 77
+PrevMatch 98 84 92 60 63 63 71 80 92 63 95 82 64 95 83 88 81 69 77
Gain (A) 0 2 0 4 3 1 0 1 0 3 0 0 1 0 0 1 2 1 0

Table 16. Class-wise IoU scores for Cityscapes using a ResNet-101 encoder.

8.2. Training Stability Across Different Label Par-
titions

Fig. 4 illustrates the effect of the proposed method on the
changes in the validation scores throughout the training
process. In fewer label settings (92 and 183), the Uni-
Match baseline (blue) exhibits significant fluctuations in
terms of performance compared to the proposed method
(orange). Moreover, when considering the epoch that
achieves the best performance, the baseline method strug-
gles to converge consistently across epochs and tends to
become trapped in local minima prematurely. This issue
is particularly pronounced in scenarios with fewer labels.
In contrast, the proposed method consistently converges
across epochs without significant fluctuations.

Meanwhile, as mentioned in Sec. 3.2 of the main paper,

given the standard and previous guidance, four scenarios
can be considered based on whether they are correct or in-
correct (standard-previous): (1) correct-correct, (2) correct-
incorrect, (3) incorrect-correct, and (4) incorrect-incorrect.
Through case (3), the network receives an additional op-
portunity to be guided in the right direction, away from the
wrong one. However, model training may also be hindered
through case (2), leading to significant fluctuations. Never-
theless, as shown in Fig. 4, the consistent outperformance
of our method over the baseline across almost all training
epochs in different label partitions suggests that the positive
effects (i.e., case (3)) of previous guidance outweigh any
negative effects (i.e., case (2)).
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Figure 4. Training curves for different label partition settings on Pascal VOC. The X- and Y-axes represent epochs and validation mloU,

respectively. The square symbol (ll) denotes the epoch with the best performance.

9. Limitations and Future Work

We showed that the proposed method is effective on several
benchmark datasets that share the domain between labeled
and unlabeled images. However, it has not been investi-
gated in domain adaptation problems that involve domain
discrepancies between the labeled and unlabeled data. This
problem poses a more challenging self-training task, a com-
monly encountered problem in real-world applications. In
future work, we will investigate the capability of temporal
knowledge in the domain adaptation problem. In addition,
we observed a phenomenon where significant fluctuations
in pseudo-label accuracy for several classes negatively af-
fect generalization ability. For instance, pseudo-label ac-
curacy recovers slightly after a sharp drop in performance;
however, the validation score does not. Although the pro-
posed method has shown that it can mitigate these issues, a
more in-depth investigation is required for scenarios involv-
ing many classes and imbalanced distributions, such as the
COCO and ADE20K datasets. Therefore, we intend to ex-
plore this phenomenon extensively across different classes,
in terms of the relationship between training instability and
generalization ability.
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