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Abstract. Skeleton-based action recognition classifies human actions
from sequences of joint coordinates and is widely studied using graph con-
volutional networks (GCNs). GCNs typically rely on repeated graph node
feature aggregation via one-hop message passing to capture long-range
dependencies across entire joint sequences, while progressively refining
representations from multiple perspectives through block-wise learned
topology. However, this repeated aggregation can often degrade repre-
sentations, making the node features in the final embedding increasingly
homogenized and causing the final embedding to fail to capture local or
fine-grained representations formed in early blocks. To address these is-
sues, we propose a novel topology-conditioned block-progressive memory
for skeleton GCNs. Along the GCN block axis, memory stores comple-
mentary block-wise representations and fuses the accumulated memory
state into the final embedding, thereby mitigating representation degra-
dation caused by repeated aggregation. At each block, a sample-specific
memory state is updated by minimizing a topology-conditioned recon-
struction loss, where the reconstruction error quantifies how well the
previous memory explains the current block representation while captur-
ing newly emerging, discriminative cues. We support two inference-time
modes: memory-free, which uses memory only during training, and an
optional memory-enabled mode, which also applies the same memory
update rule at test time for modest gains. Both variants achieve state-
of-the-art results on large-scale benchmarks, including NTU RGB+D,
NTU RGB+D 120, and Kinetics-Skeleton.

Keywords: Skeleton-Based Action Recognition - Graph Convolutional
Networks - Topology-Conditioned Block-Progressive Memory

1 Introduction

Skeleton-based human action recognition (HAR) is a recognition task that mod-
els spatiotemporal human motion and classifies action categories using sequences
of human joint coordinates over time [29137,39]. Compared to RGB videos [4}36],
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Fig. 1: Illustration of the overview and motivation of our topology-conditioned block-
progressive memory. (a) Baseline: repeated aggregation across GCN blocks leads to
over-smoothing of joint-node features. (b) Ours: our memory is updated block-by-
block (inner loop) and injects fine-grained cues into the final embedding, preserving
node-wise representational diversity. Here, A denotes the adjacency matrix.

skeleton data is relatively robust to changes in background, illumination, and
clothing texture, and its compact representation makes it suitable for deploy-
ment in embedded systems, edge, and real-time environments. In addition, since
it often does not include directly identifiable cues such as faces or appearance,
it is frequently used in applications where privacy-friendly representations are
required . Owing to these properties, it has been widely adopted across
various domains, including video understanding, video recognition, video surveil-
lance, human computer interaction (HCI), VR/AR, and robotics. Skeleton-based
HAR research has largely evolved around graph convolutional network (GCN)-
based methods . GCN-based methods model the
human body as a graph by representing skeleton joints as nodes and the human
kinematic topology as edges. The inductive bias provided by this graph structure
encourages the model to learn features under the assumption of the topology,
thereby enabling stable aggregation of local motions along edge-connected nodes.

ST-GCN , a representative early GCN-based method, constructs a skele-
ton sequence as a spatial-temporal graph, and the network is designed by se-
quentially stacking multiple ST-GCN blocks. As shown in Figure a), each
block serves as a basic unit that combines a spatial graph convolution net-
work (S-GCN) and a temporal graph convolution network (T-GCN), aggre-
gating spatial relational information and then integrating information along
the temporal axis. By repeatedly applying these blocks, ST-GCN hierarchi-
cally updates (aggregates) node features. However, such message passing-based
GCNs ..,..,...,.. | inherently rely on one-hop neighborhood
aggregation. Therefore, to capture dependencies between distant joints (weakly
connected by edges) or dynamics over long temporal ranges, multiple blocks must
be stacked deeply so that information propagates block-by-block (hop-by-hop).
This structure (i) creates a propagation bottleneck that requires many layers to
integrate long-range information, and (ii) remains strongly tied to a fixed skele-
ton prior (fixed adjacency), making it difficult to flexibly reflect joint relations
that are important for each sample or action.
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To alleviate these limitations, recent studies refine the adjacency matrix in a
sample-wise manner by leveraging correlations in skeleton features [8,22//53] and
are designed to dynamically learn different connection structures across blocks.
By introducing such dynamic topology, shortcut-like connections can be formed
even between distant joints within a given block, which facilitates modeling long-
range inter-joint interactions that were limited in ST-GCN. Furthermore, as the
network becomes deeper, performance has improved in the direction of forming
more discriminative representations by progressively refining features through
the accumulation of diverse block-wise representations.

However, these methods primarily focus on making the connectivity structure
more flexible and do not replace the core operating principle of GCNs—repeated
aggregation based on one-hop message passing. That is, dynamic-topology meth-
ods [82211331/53] selectively strengthen important connections for a given sample,
but they still rely on a structure in which information is progressively propagated
and integrated through multiple blocks. In this process, the following issues can
occur. First, repeated neighborhood aggregation may cause over-smoothing (i.e.,
node representation homogenization) [3,[621}27}/35,/50]. Moreover, recent work
reports the possibility of over-parameterization and structural redundancy [44],
which may also be associated with reduced inter-block representational diver-
sity. Second, spatially local cues and temporally local key dynamics (over short
temporal intervals) captured in early blocks can be diluted through repeated
feature mixing, which may as a result reduce the opportunity to learn diverse
representations during training.

As shown in Figure[l] our method introduces a new GCN architecture equipped
with a topology-conditioned block-progressive memory, which is updated block
by block. This design mitigates node representation homogenization and the pro-
gressive attenuation of fine-grained spatiotemporal cues observed in early blocks
during block progression in skeleton GCNs. The core idea of our method is to
write (i.e., memorize) the distinct spatiotemporal cues provided by each block
into a sample-specific memory and update it online as the blocks progress. In
particular, when a “surprise” component that is not well explained emerges while
predicting the current block feature based on the previous block representation,
the memory adaptively accumulates this surprise and injects it into the final
representation, enhancing the final embedding by preserving cues that tend to
be diluted in deeper blocks. Specifically, as shown in Figure b), in the outer
loop, we optimize the parameters of the backbone, classifier, and memory update
rule so that the memory learns “what /how to memorize” (from a meta-
learning perspective), while in the inner loop we update the memory state
for each sample in a self-supervised manner, block by block, online along block
progression. During training, the memory accumulated along block progression
is fused with the final embedding right before the classifier to compensate for
cues diluted by repeated aggregation and to support backbone representation
shaping. As a result, the training benefits are internalized into the backbone, so
that even without memory at inference time, our method retains improved per-
formance over the baseline. We also provide an optional memory-enabled mode
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that applies the same update rule at inference, serving as an auxiliary mechanism
to refine sample-specific representations at test time. The main contributions are
as follows:

— We propose a topology-conditioned block-progressive memory mod-
ule that mitigates over-smoothing and preserves fine-grained spatiotemporal
cues from early blocks.

— Topology-queried surprise-driven inner loop: During GCN block pro-
gression, we propose a topology-query inner-loop update that uses each
block’s adjacency as queries and spatiotemporal features as values, and
writes to memory only when a “surprise” occurs—measured by the recon-
struction loss of the current block representation from the previous memory—
capturing newly emerging cues.

— Training-time representation shaping: During training, we use the mem-
ory module to enrich the final embedding with fine-grained spatiotemporal
cues distilled from early-block embeddings that are prone to attenuation,
guiding the backbone to learn diverse block-wise representations. As a re-
sult, even without memory at inference time, the model still delivers substan-
tial improvements over the baseline. We also support an optional memory-
enabled variant, where additional gains become more pronounced in settings
with greater headroom for improvement.

— Strong empirical performance on large-scale skeleton action bench-
marks: On large-scale benchmarks including NTU-RGB+D, NTU-RGB+D
120, and Kinetics-Skeleton, our method achieves state-of-the-art or com-
parably competitive performance compared to recent skeleton-based action
recognition methods.

2 Related Work

2.1 GCN-based methods

ST-GCN |46] presents a standard pipeline that constructs a skeleton sequence as
a spatial-temporal graph. Subsequent studies [8,/12,[22}/33]/53] extend toward dy-
namic topology, which adaptively learns relational structures depending on the
input, layer (block), and channel. 2s-AGCN [33] introduces an adaptive graph
that captures joint correlations and modulates feature aggregation conditioned
on the input sample and network layer (block), and CTR-GCN [8] further re-
fines modeling via channel-wise topology refinement by constructing a dynamic
adjacency matrix that reflects channel-level correlations. From a representation
learning perspective, InfoGCN [12] leverages information theory to refine graph-
based representations and is designed to learn more structured latent represen-
tations. Building on this line, BlockGCN [53] strengthens topology awareness
through block-level topological encoding and efficient refinement. More recently,
ProtoGCN [22] enhances discriminative cues from a prototypical perspective by
emphasizing fine-grained motion details to address the difficulty of distinguish-
ing similar actions. Nevertheless, these dynamic-topology learning approaches
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still remain closer to making inter-joint connectivity more flexible rather than
fundamentally replacing one-hop message passing itself, leaving the limitation
that increasing block depth can accelerate representation homogenization (over-
smoothing) [3}|6[21}[27,[35,50] and the progressive attenuation of early-block
fine-grained spatiotemporal cues.

2.2 Transformer-based methods

Transformer-based methods [14,[16}/30] treat joints or frames as tokens and di-
rectly capture long-range dependencies via self-attention, thereby escaping the
structural constraints imposed by the one-hop aggregation of GCNs [8][12]/15]22]
331/46,53|. However, since global attention incurs high computational and mem-
ory costs, there is a strong trend toward jointly studying token /relation partition-
ing or more efficient attention designs. STTFormer [30] employs self-attention
over spatiotemporal tuples to structurally model relations within neighboring
frame and combines this self-attention mechanism with feature aggregation to
better distinguish similar actions. Subsequently, SkateFormer [14] partitions body
joints and frames according to skeletal-temporal relation types and performs at-
tention within each partition, presenting a direction that improves efficiency
while preserving long-range dependencies.

2.3 Titans

Neural memory designs for efficiently leveraging long-term context in long se-
quences have primarily evolved in natural language processing and Transformer-
based sequence modeling, motivated by alleviating the representational limita-
tions of fixed-length hidden states and the computational cost of self-attention [2].
To address these bottlenecks, Titans |1] handles the current context using sliding-
window attention [2| while selectively memorizing information from earlier con-
text via a surprise-based signal (test-time memorization), with the memory state
updated online to maintain and exploit long-term context. Inspired by Titans,
we propose a memory mechanism that reads/writes the skeleton joint topology
learned at each block and the spatiotemporal features generated by it. Titans-
like approaches mainly focus on storing and leveraging long-term context along
the temporal axis (sequence axis), whereas our study, as shown in Figure b)7
designs a memory that stores and updates complementary block-wise represen-
tations along the GCN block axis. Specifically, we use the block-wise topology as
a query to retrieve (read) a memory prediction of the current block representa-
tion, and update the memory by updating (writing) the unexplained information
from the current block, which captures newly emerging cues. We then inject the
information stored in the memory across blocks into the final representation to
compensate for fine-grained spatiotemporal cues and high-resolution relational
cues that are prone to dilution through repeated aggregation. Therefore, rather
than a general long-context neural memory, we propose a topology-conditioned
block-progressive memory tailored to mitigating representation degradation in
the hierarchical progression of skeleton GCNs.
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3 Proposed Method

In this section, we briefly summarize the notation for GCN-based representations
widely used in skeleton-based action recognition, and then present our topology-
conditioned block-progressive memory in detail.

3.1 Preliminaries

A human skeleton sequence is commonly represented as a spatial-temporal graph
G = (V,Es,E7). We define the node (joint) set as V = {v,¢ [ n=1,...,N, t =
1,...,T}, where N is the number of joints and T is the number of frames.
Es denotes the spatial edge set (spatial topology) defined by inter-joint con-
nections within the same frame, representing intra-body connections based on
the human kinematic structure. This can be expressed by an adjacency matrix
AW e RNXNXC " and each block uses it as a learnable parameter to adaptively
model such spatial connectivity. The superscript (1) € {1,..., L} indicates the
index of a specific block among the total L blocks (typically L = 10), and C is the
channel dimension. £7 denotes the temporal graph topology defined by adjacent
temporal edges between the same joint across neighboring frames, representing
inter-body connections.

GCN-based methods [8}/11,[12}[22}241133,/46,{48,53] generally construct a single
GCN block by combining spatial-GCN (S-GCN) and temporal-GCN (T-GCN).
The input skeleton sequence is represented as a spatiotemporal feature H(® e
RNXTXC(O), and C(© € {2,3} denotes 2D or 3D keypoints. S-GCN updates node
features by aggregating neighboring node features connected by the spatial edges
Es using a graph Gs = (V, Es). The equation is as follows:

HY = ReLU (AU)HU*UW“)) .

Here, Hg) is the S-GCN output feature of the I-th block, and ReLU(-) is the

activation function [26]. W) € RC“™V*CY s a learnable parameter in the [-th
block for projecting the feature channels from C¢—1 to C'®,

T-GCN updates each node (joint) feature along the temporal axis by aggre-
gating features from frames that are connected by £ between the same joints,
based on a graph Gy = (V,&7). Given the S-GCN output feature of the I-th
block,

l l c®
Y = {(Hy)m €R

the temporal update equation can be defined as follows:

(Hg))n)t _ ki}( (wk " (Hg>)n)t+k) . m=1,....N,t=1,....T.

Here, (Hﬁ(rl)) is the feature of the n-th joint at the ¢-th frame, 2K + 1 is the
n,t

n=1,...,N, t:l,...,T},

window size of the temporal convolution, and w = {wy} is a learnable temporal
kernel parameter.
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Fig. 2: Overall architecture of the proposed method. (a) Baseline with a conventional
GON feature extractor. (b) Our topology-conditioned block-progressive memory mod-
ule. The outer loop covers the entire architecture except the inner-loop memory update.

As shown in Figure a), for the final L-th block output feature H() e

RNXTXC(L), we obtain an embedding vector h(%) € RC by applying global

average pooling (GAP) over the spatial and temporal axes. Then, h(%) is used as
the input to the classifier to predict the action class of each skeleton sample. Dur-
ing training, for each skeleton sample x and its ground-truth label y, the GCN
model is trained to minimize a classification loss L5, such as cross-entropy .

3.2 Topology-conditioned block-progressive memory

Overview. As shown in Figures [I]
and [2| this work proposes a topology-  Memory update rule
conditioned block-progressive memory
to alleviate representation homogeniza-
tion (over-smoothing) [3,/6] 21} [27, 35,
and the progressive attenuation of
early-block fine-grained spatiotemporal
cues, which arise from repeated node
feature aggregation during GCN block

—_ ® GAP ® @ e

)
progreSSIOH. The key Observatlon is that Neural network ~ Vector ~ Memory Global average Broadcasted Elementwise Elementwise

Layer transfer  read pooling  multiplication ~ sum subtraction

@ @

the topology A®) learned at each block @ @
is a block-wise relational signature that & o s
summarizes inter-joint interaction pat-

terns for the current sample. Since the Fig.3: An enlarged view of the memory
GCN block output H® is inherently update rule part in Figure [2}

the result of message passing defined by

this topology A®), we update the memory to reconstruct H®) conditioned on
AW This topology-conditioned reconstruction encourages the memory to con-
sistently accumulate cues that are necessary from the perspective of the current
block, rather than arbitrarily accumulating information. To this end, as shown
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in the inner loop of Figure b)7 the memory performs an online, block-by-block
update of a sample-wise memory state by using A as a query and H® as a
value. The update strength is determined by “how well the previous memory
M1 explains the current block representation H® )’ and the recon-
struction error serves as a signal that quantifies the surprise—i.e., spatiotem-
poral cues that are not explained by the previous memory and newly emerge
(or become more discriminative) at the current block. As a result, the memory
cumulatively compensates for cues that are prone to dilution as blocks become
deeper, helping the final representation form a more discriminative embedding.
In the following, we describe the components of the topology-conditioned block
progressive memory.

Memory state parameterization. Inspired by the neural memory design of
Titans [1], we use two memory matrices Myey and My, that are updated in
the inner loop, together with the ReLU activation function, to satisfy a nonlin-
ear mapping conditioned on the block-wise topology. M.y is an encoder matrix
that projects the topology query A into a hidden space, determining which hid-
den components are activated by the topology of the current block. M, is a
decoder matrix that expands the resulting hidden code into N x T spatiotem-
poral positions to generate the predicted feature. This design induces current
topology query A to attend to the stored past key My, and retrieve (i.e., read)
the corresponding value M,,;. The memory state at the [-th block is defined as
follows:

MO = {Ma) MO cRVXD

val

} O

DxNT
key S R 3

where D is the memory hidden dimension.

Topology-conditioned read. We define a memory read operation that pre-
dicts the current block feature H®) from the previous memory M¢—1 con-
ditioned on the query A®. First, we reshape A" ¢ RNXNxCY 40 ohtain
AW g RN?xC Then, the predicted feature H® is given by:

A = Read(z‘i(l); M(l_l)) )

T T
Read<[1<l>; M) - (ReLU((AU)) Mkey> Mval) .

The output of Read(+) is HO ¢ RNTXC(Z), which is reshaped to RVXTxCY g6,
reconstruction loss computation, yielding the same tensor form as H®.

Self-supervised reconstruction objective. We define the inner-loop self-
supervised loss for measuring the surprise between the prediction H® and the
block output H® as follows:

2

mem

IO Hgm _ H(l)H
F,
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where || - || denotes the Frobenius norm. The loss L. measures how well
the previous memory M (I=1) explains H® from the perspective of the current
topology A®) . and quantifies the unexplained error as surprise.

The memory can be updated by gradient descent on the reconstruction loss:

MY =MD vy oy LY

Therefore, if M (=1) can reconstruct H® well via fl(l), then Lff}em and its gradi-

ent become small, limiting the update. Conversely, if the reconstruction error is

large, it indicates that new structural information emerges at the current block,

producing a larger correction signal, and the memory is updated to better ex-
plain the current block representation.

Stabilized update with momentum and adaptive forgetting. However, as
noted in Titans [1], performing only immediate updates as above may excessively
optimize for the current block signal, making it difficult to sufficiently reflect
different block-wise representations observed in later blocks. Therefore, we adopt
the momentum-based update and adaptive forgetting from Titans in our method,
and use a momentum surprise S*) and a forgetting gate. As shown in Figure |3]
the update rule of M by using S is defined as follows:

SO =p®O o et=1 _9g o v,,u LY
MO =0 @ pt=1 4 g0
where ® denotes element-wise multiplication with broadcasting. Here, S®) has
the same structure as the memory and is given by
sO = {s@, s}, sl eRYP, sl e RPXNT,
aD) €[0,1] is a gate that controls forgetting, V) € [0,1] is a state decay factor,

and %) € [0,1] is a momentum step factor, where each gate is predicted from
the block output feature H. We obtain

O = GAP(HD) e RV

via global average pooling (GAP), and then define the gates using a one-layer
fully-connected layer and a sigmoid function as:

a®) = U(Fcam (h(“)) . 0= a(FCnu) (h(”)) , 00 = J(FCW) (h(l))) ,

where o(+) is the sigmoid function.

The initial memory M (®) is a shared initialization (learnable parameter) that
is learned in the outer loop, and S(® is initialized to zero for each sample. There-
fore, the inner loop updates M®) and S® online, block by block, for each sample,
and in this process, a large reconstruction gradient encourages the memory to
incorporate new cues from the current block that are difficult to capture solely
from the perspectives of previous blocks.
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Gated fusion of memory and GCN features. After completing the sample-
wise memory update, we construct the final representation Z by fusing the mem-
ory readout O) at the final stage L and the last GCN block output H™) using
a gate mechanism. As shown in Figure [2] we obtain:

O = Read (A(L>; M<L>> . g= U(O(L)'wl + HD yy + b) :
Z=goO0P +(1-g)oHD),

where g € [0, 1]V xTxCH g g gate that controls the contributions of the memory
output and the block output. Then, we obtain an embedding vector z € RCY
by applying GAP to Z, and use z as the input to the classifier to predict the
action class.

As shown in Figures [2] and [ in the outer loop, in addition to the GCN
backbone and classifier parameters, we optimize the update-rule parameters
{FC4,FC,,FCy}, the shared initial memory M© (1 =0), and the gate param-
eters (wy,ws,b) via a classification loss such as cross-entropy [32]. In contrast,
in the inner loop, for the current sample, we update M) and S (I # 0) online
using the block-wise self-supervised reconstruction objective.

4 Experiments

4.1 Datasets

We evaluate our method on three widely used skeleton-based action recognition
benchmarks: NTU RGB+D (NTU-60) [31], NTU RGB+D 120 (NTU-120) |23],
and Kinetics-Skeleton (Kinetics) |19]. NTU-60 contains 56,880 sequences from
40 subjects over 60 classes, while NTU-120 expands it to 114,480 sequences
from 106 subjects over 120 classes. We follow the standard evaluation protocols
provided by each dataset. Kinetics-Skeleton provides pose-estimated skeletons
for Kinetics-400, and we use the publicly available skeleton annotations released
by PYSKL [15], reporting Top-1/Top-5 accuracies. Further dataset details and
protocol descriptions are provided in the Supp. A.

4.2 Implementation details

In our experiments, we implement our method based on the official code release of
PYSKL [15], and adopt a baseline that dynamically learns the connectivity struc-
ture using skeleton feature correlations (motion topology enhancement mod-
ule [22]), which is widely used in recent CTR-GCN-based methods [8]/12,/22[53].
All models are trained for 150 epochs with a batch size of 64 [22]. We use stochas-
tic gradient descent for optimization, with Nesterov momentum [38] set to 0.9
and weight decay set to 5 x 10~%. The initial learning rate is set to 0.05, and
we apply a cosine decay scheduler. We use the commonly adopted settings of
L = 10 blocks [8}|12/15}/22,/53] and T" = 100 frames [15[22]. The hidden dimen-
sion of the memory module is set to D = 384. For training stability, we apply



Topology-Conditioned Block-Progressive Memory 11

Table 1: Performance comparison with state-of-the-art methods. E2/E4/E6 denote 2-
/4-/6-stream ensembles, respectively. “Mem-free” and “Mem-enabled” indicate whether
the memory module is disabled or enabled at inference; all our models are trained with
memory. Best results are highlighted in blue (bold), and second-best in red (bold).

NTU RGB+D (%) NTU RGB+D 120 (%) Kineties-Skeleton (%)
Category ~ Methods Publication X-Sub X-View ‘ X-Sub X-Set ‘ Top-1 Top-5
| B2 B4 E6 E2 B4 E6|E2 B4 E6 E2 B4 E6|E2 B4 E6 E2 B4 E6
STST ACM MM 2021 91.9 96.8 38.3 61.2
SkeMixFormer ACM MM 2023| — 930 932 - 970 97.2| - 90.0 902 - 913 915 - - - -
. JT-GraphFormer [51] AAAI2024 | 925 934 — 971 97.5 -~ [89.0 899 -~ 910 97T - - - - -
ansformer “ 2 R
FreqMixFormer ACM MM 2024 — 934 936 - 973 97.4| — 902 905 - 915 919 - - - -
SkateFormer ECCV 2024 |93.0 933 - 97.4 97.8 - [89.4 898 - 910 914 - - - - -
FreqMixFormerv2 IEEEFG 2025 | - 929 - - 969 - | - 9.0 - - 911 - - - - -
ST-GCN 4] AAAI2018 |85 - - 83 - - |07 - - 712 - - |37 - - 528 - -
25-AGCN [33] CVPR2019 |85 - - 951 - - |85 - - 842 - - (361 - - 587 - -
DC-GCN-+ADG ECCV 2020 | - 908 - - 966 - | - 85 - - 881 - - - - -
MS-G3D CVPR2020 | - 915 - - 962 - | - 89 - - 884 - 380 — - 609 -~
MST-GCN 9] AAAT 2021 915 96.6 87.5 88.8 38.1 60.8
ICCV 2021 924 96.8 88.7 88.9 90.1 90.6
AAAT2022 | 925 96.9 88.9 89.9 39.9
CVPR2022 | - 927 930 - 969 97.1| - 894 898 - 907 912 - - - - -
ST-GON-++ |15] ACM MM 2022| 914 92.1 92.6 96.7 97.0 97.4|87.0 87.5 88.6 87.5 89.8 90.8 - o491 - - -
con  SkeletonGCL ICLR2023 | - 928 - - 971 - | - 88 - - 912 - - - - -
CVPR 2023 |92.3 928 - 964 968 - | - 895 - - 909 - - - - -
ICCV 2023 | - 929 — - 970 - | - 899 - - 9Ll - - - - - -
ICCV 2023 924 93.0 934 96.6 97.0 97.2|89.1 89.8 90.1 90.6 91.2 91.6 40.9 63.5
AAAI 2024 93.1 97.5 89.2 91.1 50.6
CVPR 2024 93.1 97.0 90.3 915
AAAI2025 | - 937 - - 973 - |89.3 90.6 - 90.7 9LT — - - - -
ICCV 2025 | — 936 938 -~ 974 97.6| - 902 904 — 916 919 - - - - -
CVPR 2025 |93.0 935 938 97.2 97.5 97.8|89.7 904 90.9 91.2 91.9 92.2|49.9 51.3 519 74.0 75.1 75.6

Ours (Mem-free) 93.3 93.7 93.9 97.3 97.7 97.9|90.0 90.7 91.0 91.5 92.1 92.4|50.9 52.8 53.2 74.3 75.9 76.4
Ours (Mem-enabled) 93.5 93.8 94.0 97.3 97.7 97.9|90.0 90.7 91.1 91.5 92.1 92.4|51.1 52.9 53.4 74.3 75.9 76.4

gradient clipping (max £2 norm 1.0) to the FC layers that predict («,n,6)

and to MIES}),, M\Egl) . We apply weight decay of 5 x 10~° only to the parameters of
the FC layers corresponding to (a7, 6). Learnable matrix parameters are ran-
domly initialized, and data preprocessing follows the default pipeline provided by
PYSKL . All experiments are conducted on a single NVIDIA RTX PRO 6000

Blackwell GPU, with additional implementation details provided in Supp. C.

4.3 Comparison with the state-of-the-art methods

To improve recognition performance, multi-stream ensemble strategies are widely
used in skeleton-based human action recognition. For a fair comparison, this work
follows the six-stream ensemble setting of InfoGCN , which is widely adopted
in prior methods. We compare the proposed method with recent state-of-the-art
methods on large-scale benchmarks including NTU-60, NTU-120, and Kinetics.
Table [I] shows that our method improves performance across all scenarios. We
use the memory module during training, and even in a memory-free mode at
inference, it maintains performance gains over prior state-of-the-art methods; in
the memory-enabled setting that applies the same sample-wise update rule at
inference, it yields additional modest improvements. As a result, our method
achieves state-of-the-art performance across datasets and ensemble settings. On
NTU-60, we obtain the second-best results on X-View for E2 and E4, while
achieving the best performance for all other ensemble settings. Moreover, we
achieve the best results across E2/E4/E6 on NTU-120 and Kinetics. Tablepro—
vides modality-wise performance comparisons with GCN-based methods. While
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Table 2: Top-1 accuracy (%) comparison with state-of-the-art GCN-based methods
on NTU RGB+D and NTU RGB+D 120. J, B, JM, and BM denote the joint, bone,

joint-motion, and bone-motion modalities, respectively.

| NTU RGB+D | NTU RGB+D 120

Method; Publicati
ethods uhteation X-Sub X-View \ X-Sub X-Set

| B JM BM J B JM BM| J B JM BM J B JM BM
ST-GON |46] AAAI 2018 | 87.8 88.6 85.8 862 955 95.0 93.7 92.8 821 8.7 - ~ 845 858 - -
AAGCN [34] IEEE TIP 2020 | 89.0 89.2 95.7 95.2 82.8 84.7 84.8 86.2
MS-G3D |24 CVPR 2020 |89.6 89.3 - - 959 950 - ~ | 840 8.3 - -~ 860 873 - -
CTR-GCN 3] ICCV 2021 | 89.6 90.0 88.0 87.5 95.6 954 944 93.6 |84.0 8.9 - ~ 859 874 - -
ST-GON++ |15] ACM MM 2022 | 89.3 90.1 87.5 87.3 95.6 95.5 94.3 93.8 | 832 856 85.6 87.5
InfoGCN [12] CVPR 2022 |89.8 90.6 889 88.6 952 955 942 936 | - - - - - - - -
STA-GCN |17] ACCV 2022 | 89.5 90.2 883 886 95.6 954 943 94.1 850 855 829 83.1 86.2 87.1 84.0 849
SkeletonGCL [18] ICLR 2023 | 90.8 91.1 - - 953 954 - - - - - - - - - -
FR-Head [52] CVPR 2023 |90.3 91.1 887 87.6 953 950 93.6 926 | - - - - - - - -
HD-GON [48] ICCV 2023 | 90.6 90.9 95.7  95.1 85.2 86.4 87.2 88.4
BlockGCN [53] CVPR 2024 |90.9 91.3 88.7 883 9054 953 93.3 926 86.9 8.1 82.7 83.0 88.2 89.3 846 848
Hilbert-Schmidt [7] AAAI 2025 86.0 87.6 87.4 88.9
ProtoGON [22] CVPR 2025 91.5 92.0 89.3 89.1 96.3 96.2 95.5 94.0 | 85.3 88.6 83.2 83.5 88.2 89.9 86.0 85.3
Ours (Mem-enabled) 91.9 92.3 89.6 89.2 96.6 96.2 95.6 94.6 86.5 88.9 83.9 83.5 88.5 90.1 86.4 85.6

Table 3: Effect of training-time mem-
ory on two baselines on NTU RGB-+D
120 (X-Sub), bone modality. Inference is
memory-free; gains are in parentheses.

Table 4: Effect of test-time memory. A
denotes the resulting absolute accuracy
gain in percentage points, computed as
(Mem-enabled — Mem-free).

Traininj NTU RGB+D Kinetics-Skeleton
Methods ‘ il ‘ Accuracy (%) ‘ ‘
‘ w/0o memory ‘ w/ memory ‘ Setting ‘ X-Sub X-View ‘
! v 87.8 J B J B J B
Baseline 1 [15| ‘ ‘
v 88.4 (10.6) Mem-free 91.87 9216  96.52 9612 | 48.12  46.33
Mem-enabled | 9191 9226 96.57  96.18 | 4836  47.45
. v 88.1
Baseline 2 |22
v 88.9 (10.8) A | +0.04 4010 +0.05 +0.06 | +0.24 012

multi-stream ensemble strategies can achieve strong performance, they increase
training/inference cost and system complexity because multiple modalities must
be trained and deployed separately. Moreover, ensemble performance is sensitive
to the choice of modality-wise ensemble weights; thus, for fair comparison and
interpretation, it is necessary to examine the single-modality performance. The
results in Table [2] are all measured under the memory-enabled setting that ap-
plies the same sample-wise update rule at inference. As a result, on NTU-120,
we obtain the second-best result on the joint modality, and achieve the best
accuracy on all other modalities on NTU-60 and NTU-120.

4.4 Ablation studies

Training-time effect of memory. Table |3|compares a baseline that does not
use memory in two representative training pipelines with a setting that applies
memory during training and uses memory-free inference. We use two baselines:
(1) PYSKL [15] (re-trained using the latest officially released code), and (2)
PYSKL equipped with the motion-topology enhancement module |22]|. Note that
the method referred to as “baseline” in [22] corresponds to our Baseline 2. By
adding our memory to each baseline, we achieve performance improvements of
0.6% and 0.8%, respectively, showing that our memory contributes to represen-
tation shaping during training.
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Fig.4: Epoch-wise Top-1 accuracy (%)
on NTU RGB+D 120 (X-Sub) for the
bone modality, comparing memory-free in-
ference and memory-enabled inference. Re-
sults are shown at epochs grouped into
early (10-50 epochs), mid (60-100 epochs),
and late training (110-150 epochs).

NTU RGB+D 120 (X-Sub) ©
Baseline
Ours (Mem-free)
<> Ours (Mem-enabled)

[ S

Variance (x107%)

=3
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Block stage

Fig.5: Variance is computed per test
sample across joints and averaged over the
test set. Ours (Mem-free) is reported for
stages 1-10, while Z denotes the gated fu-
sion output produced only when memory
is enabled. Annotated values indicate the
variance ratio (Ours/Baseline) last stage.

Test-time memory: Memory-free vs. Memory-enabled inference. Fig-
ure [4] compares epoch-wise inference performance between memory-free and
memory-enabled settings. In the early training stage (before performance con-
verges/saturates), the memory-enabled setting shows larger gains over the memory-
free setting, and the effect of memory is relatively more pronounced. As training
proceeds and approaches convergence, the performance gap between the two
settings decreases. This suggests that the proposed memory supports backbone
representation shaping during training, and its benefits are gradually internal-
ized into the backbone parameters. Table ] compares memory-free and memory-
enabled inference for two representative modalities, joint and bone, on NTU-60
and Kinetics. As shown in Table [f] memory-free inference retains the main ben-
efit without additional overhead, whereas memory-enabled inference provides
modest performance gains with about 0.4M additional parameters. Thus, the
memory module can be selectively enabled depending on the trade-off between
accuracy and deployment cost.

Effect of memory on representation homogenization (over-smoothing).
Figure [5| quantifies the variability of joint-node feature magnitudes across block
stages over the full NTU-120 X-Sub test set. Specifically, for each test sample,
we compute the variance of feature magnitudes across joints, and then aver-
age it over the entire test set to compare stage-wise statistics. As a result, our
method maintains larger variance values in later blocks compared to the base-
line. Here, baseline refers to the case where memory is not used during both
training and inference under the same training setting, and Mem-enabled refers
to the case where memory is enabled during both training and inference. Main-
taining larger inter-node variance in the final embedding indicates that exces-
sive similarity among node representations (representation homogenization) is
alleviated and node-wise representational diversity is improved, supporting re-
duced over-smoothing caused by repeated aggregation. Figure [0] visualizes, for
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Fig. 6: Qualitative visualization of inter-joint relations for example sequences, compar-
ing the baseline and our method. The horizontal and vertical axes denote joint nodes.
(a) Cosine similarity of joint features; (b) magnitude differences of joint features.

Table 5: Ablation of gate module and Table 6: Training and inference cost under

memory components. memory usage settings.

Variant Mem. Gate o n 6 Acc. Setting Baseline Mem-free Mem-enabled
Baseline (NTU-60 X-Sub J) X X X X X 91.3  "Tyain Mem. < 7 v

w/o all memory components| v’ X X x x 89.8  [Infer Mem. X x v

w/o forgetting factor (c) v vVoox v v o904 —

w /0 momentum factor (6) v v v v x 913 Train time 9h 12h 12h

w/o decay factor (n) v v v x v 914 Throughput 70.2 70.2 27.9

w/o gate module v x v v v 915  Params (M) 3.95 3.95 4.36
Ours v v v v v 919 GFLOPs 7.48 7.48 7.85

the same sample, the inter-joint representation similarity (cosine similarity) and
magnitude differences in the final embedding. In the baseline, a homogeniza-
tion (over-smoothing) tendency is observed, where joint representations become
broadly similar. In contrast, the proposed method exhibits clearer regions with
lower inter-joint similarity and more distinct magnitude differences. This sug-
gests that our method alleviates the mixing of information across different joints
caused by repeated aggregation, thereby maintaining more separated joint-wise
roles/contributions in the final embedding.

Stabilized memory updates and representation shaping. As shown in
Tab. 5] naive memory updates without stabilization components degrade perfor-
mance by 1.5% compared with the baseline (highlighted in blue), indicating that
direct surprise-based updates may overfit to high-frequency noise. Our forgetting
factor o, momentum factor 6, and decay factor n mitigate this issue by stabi-
lizing memory updates in a block-adaptive manner, suppressing noisy updates
while preserving fine-grained cues.

We further analyze how the proposed memory module shapes block-wise rep-
resentations. As shown in Fig. El(a), the most-updated joints in My, for a “cheer
up” sample are concentrated on both hand tips (J22 and J24), suggesting that
memory captures fine-grained semantic cues. (b) shows that memory updates
are larger in early blocks than in later blocks across epochs, indicating that
memory mainly incorporates early-stage local cues. Moreover, as shown in (c),
the baseline exhibits larger gradients on the adjacency matrix A in later blocks
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Fig. 7: Analysis of memory-induced representation shaping on NTU RGB+D 60. (a)
Largest-updated joints in Mya1. (b) Block-wise relative memory update, measured by
the normalized RMS norm of M — M= (¢) Normalized RMS gradient of the adja-
cency matrix A®. (d) Entropy of block-wise feature sensitivity, where higher entropy
indicates more evenly distributed sensitivity across blocks.

than in early /middle blocks, while our method shifts the relative gradient contri-
bution toward early /middle blocks through the meta-gradient induced by Lem
(see Supp. D). Consistently, (d) shows that our method yields higher entropy
of block-wise gradient contributions across blocks than the baseline, where each
contribution is computed from ||0Lcs/OH® |2, suggesting that the memory re-
duces reliance on a few dominant blocks while helping early-block information
become internalized into the learned parameters.

5 Conclusion

In this paper, we present topology-conditioned block-progressive memory, a
memory module tailored for skeleton-based action recognition with GCN back-
bones. The key idea is to store and update complementary block-wise repre-
sentations along the GCN block axis and inject the accumulated memory into
the final embedding, thereby alleviating progressive representation degradation
caused by repeated aggregation—over-smoothing and the attenuation of early-
block fine-grained spatiotemporal cues. The memory is updated via a topology-
conditioned reconstruction loss, where the reconstruction error measures how
well the previous memory explains the current block representation and captures
newly emerging cues. We use the memory during training and can optionally
enable it at test time. Under both inference options—memory-free and memory-
enabled—we achieve state-of-the-art performance and consistently outperform
baselines on large-scale benchmarks including NTU RGB+D, NTU RGB+D 120,
and Kinetics-Skeleton.
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