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1. Summary

In the supplementary material, we provide additional im-
plementation details and experimental results. Section 2,
6 present supplementary information, and Section 3, 4, 5
include additional experimental results.

2. Experiment Settings

In the ALMC algorithm, we introduce two tunable hyperpa-
rameters, i.e., 8 and . For the ALOI-10 and NUS datasets,
weset 3 =1,y =1and f = 1,7 = 0.1, respectively. For
the Outdoorscene dataset, 8 and -y are set to 0.1 and 0.01.
For all remaining datasets, both hyperparameters are fixed
to 0.1. To ensure a comprehensive evaluation of clustering
performance, all methods are tested using five different ran-
dom seeds and evaluation runs.

3. Parameter Sensitive Analysis

ALMC incorporates two adjustable hyperparameters, 5 and
v, which respectively regulate the reconstruction loss and
the knowledge-guided learning loss. To examine the im-
pact of these hyperparameters, we explore values spanning
from 102 down to 10~%. As illustrated in Fig. 1, setting
either parameter too high or too low negatively affects clus-
tering performance, emphasizing the necessity of appropri-
ately balancing all three losses in the model. Based on our
empirical findings, we suggest selecting values within the
range of 10* to 10~! for both parameters.

4. View Sensitivity Analysis

This section provides additional results illustrating the im-
pact of different streaming-view orders on model perfor-
mance, as shown in Fig. 2. When processing views arriv-
ing in different orders, the initial performance gaps are no-
ticeable. This is primarily because the early-arriving views
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Figure 1. Parameter sensitivity analysis on six datasets.

exhibit substantial differences in their underlying data dis-
tributions. However, as more views are accumulated, these
gaps gradually diminish. After each view is processed, its
learned prototypes are projected into the null space and in-
corporated into the knowledge space, where the knowledge-
guided learning module progressively strengthens the clus-
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Figure 2. View sensitivity analysis on four datasets.
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Figure 3. Clustering performance comparison on four datasets.

tering structure. Consequently, the final performance con-
verges to a stable and consistent level across different order-
ing scenarios.

S. View Streaming Analysis

This section presents additional experimental results on the
continuous accumulation of views, as shown in Fig. 3. On
the Oxford4 dataset, both ALMC and LSVC exhibit im-
proved clustering performance as more views are added.
However, LSVC shows only marginal performance gains
in the last two views, indicating that it fails to fully lever-
age the informative knowledge contained in earlier views.
In contrast, ALMC not only achieves steady improvements
but also demonstrates consistently large performance gains
across different views. For the other three datasets, when
newly collected views overlap with the knowledge already

represented in the existing feature space, the performance
of LSVC drops noticeably. In comparison, ALMC con-
tinues to improve steadily, benefiting from our null-space
projection strategy. This mechanism ensures that newly up-
loaded knowledge is updated along novel directions with-
out interfering with previously stored knowledge, while also
preserving the intrinsic clustering structure of the learned
representations. As a result, ALMC achieves superior and
more stable clustering performance.

6. ALMC Training Algorithm

In this section, we present the main algorithmic process of
ALMC, as shown in Algorithm 1.

Algorithm 1 The algorithm of ALMC

Require: New streaming view data X with size [V; Batch
size S; Training epoch E; The number of prototype
knowledge is K.

Ensure: Parameters: 3 and ~0.

1: if v = 1 then

2 while epoch < E do

3 fori =1to N/S do

4: Training the network.

5 Aggregate prototype knowledge PV and
features H".

6: Leverages prototype knowledge P to guide
the feature H" distribution.

7: end for

8: Update prototype knowledge PV into knowl-
edge space B.

9: end while

10: Perform K-means algorithm on H".

11: end if

12: if v > 1 then
13: while epoch < E do

14: fori =1to N/S do

15: Training the network.

16: Aggregate prototype knowledge PY and
features H".

17: Align the current view prototype knowledge
P? with the knowledge base B distribution.

18: Leverages prototype knowledge P to guide
the feature H" distribution.

19: end for

20: After the null-space projection, the prototypes

P are uploaded to the knowledge space B.
21: end while
22: Project H" onto the null space of H”~!, and then
concatenate the projected representation with Hv =1,
23: Perform K-means algorithm.
24: end if
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