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Abstract
Graph-based social recommendation leverages both the interaction
graph and the social graph to model user preferences, especially un-
der sparse feedback. However, users’ intricate social behaviors may
introduce mismatched social ties that contaminate user represen-
tations and harm the models’ robustness. The majority of existing
methods mitigate this by pruning, rewiring, or assigning edge-wise
weights before social aggregation. From users’ historical behaviors,
we observe that a social neighbor often overlaps with the target
user on specific interests but differs in others. Thus, using a single
weight for each social connection is insufficient, as it only scales the
overall message intensity and fails to selectively suppress the mis-
aligned components within the aggregated message. To fill this gap,
we propose Orthogonal Decomposition for Social Recommen-
dation (ODSR), an embedding-space framework that orthogonally
decomposes the aggregated social message into an aligned com-
ponent and an orthogonal deviation, and learns a dimension-wise
vector gate to regulate the deviation under ranking supervision.
Additionally, we introduce a contrastive regularizer that perturbs
representations along deviation directions to enhance robustness
against imperfect social signals. Extensive experiments on three
datasets show that ODSR consistently outperforms strong baselines,
and additional analyses verify the effectiveness of selectively gating
the orthogonal deviation.

CCS Concepts
• Information systems → Social recommendation; Recom-
mender systems; • Computing methodologies→ Learning latent
representations; Neural networks.
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1 Introduction
With the proliferation of social platforms, social recommendation
has become an increasingly practical paradigm for personalized
recommendation, where user preferences are inferred by jointly
exploiting the interaction graph and the social graph [20, 21]. By
modeling observed feedback as a graph and performing message
passing, graph-based recommenders propagate collaborative sig-
nals to learn representations that support effective item ranking. So-
cial recommendation further incorporates social relations to enrich
user representations, especially in scenarios with sparse feedback,
where learning solely from interactions may lack robustness. Moti-
vated by homophily [24] and classic social-influence theories [4, 5],
as well as their learning-based instantiations in social recommenda-
tion and social networks [32, 34, 37], many recent methods combine
social aggregation with self-supervised regularization to stabilize
representation learning in sparse regimes.

A key challenge is that social neighbors are often only partially
aligned with the target user. Figure 1 illustrates a toy example. The
target user John shares only part of his neighbors’ intents: Tony
overlaps with John on basketball but introduces off-anchor interests
such as painting and cooking, while Lisa overlaps on basketball
and tennis but brings in fashion as noise. This implies that a social
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Figure 1: Motivation of ODSR. John has partial alignment
with neighbors Tony and Lisa. (Top) Edge-wise weight uni-
formly scales all dimensions. (Bottom) Dimension-wise gate
selectively suppresses noise while preserving aligned signals.

message can be simultaneously helpful and harmful across different
intent dimensions. We define partial alignment as the phenomenon
that a single social neighbor is aligned with the target user on some
intent dimensions but deviates on others. This mixture is within-
embedding: aligned and deviating components coexist within the
aggregated message, but in different dimensions.

Robustness in social recommendation is traditionally studied
by intervening on social graph edges, such as filtering edges or
assigning an edge-wise reliability weight [12, 25], which we refer
to as the edge-space perspective. However, edge unreliability is not
the whole story [19, 53], since partial alignment can hold even for
a useful edge when the neighbor is aligned on some embedding
dimensions but deviates on others. Alternatively, one can intervene
on the aggregated neighbor message by controlling which embed-
ding dimensions are absorbed or suppressed, which we refer to as
the embedding space perspective.

Methods in the edge-space perspective work well when a neigh-
bor is largely beneficial or largely harmful, because the edge can
be treated as uniformly reliable or uniformly unreliable. However,
under partial alignment, edge-space control becomes coarse be-
cause it applies the same decision to all embedding dimensions
carried by the neighbor message. Scalar reliability scores or atten-
tion weights act as a uniform multiplier over all dimensions, so
they cannot suppress the deviating dimensions while preserving
the aligned dimensions. This leads to the misalignment of signals,
even when the edge is beneficial, resulting in suboptimal robust-
ness and ranking accuracy. We quantify partial alignment via the
directed intent overlap 𝑟+𝑢←𝑣 ∈ [0, 1], defined as the fraction of 𝑣 ’s
interaction-induced intent groups that are also covered by𝑢 (Sec. 2).
Mid-range 𝑟+ accounts for the majority of ties across datasets, in-
dicating that most neighbors are neither fully aligned nor fully
misaligned, and their aggregated messages therefore contain both
aligned signals and off-anchor deviations (Figure 1). In short, the
challenge is within-embedding mixture under partial alignment,
and our key idea is to control the injected social message in em-
bedding space via orthogonal decomposition and dimension-wise
deviation gating.

To address this limitation, ODSR (Orthogonal Decomposition
for Social Recommendation) is developed as an embedding space
framework for within-message mixture under partial alignment,
rather than edge-wise scaling in the edge-space perspective. Instead
of relying on edge-space scaling, ODSR decomposes the aggregated
social message into an aligned component and an orthogonal devi-
ation, then learns a dimension-wise gating vector under ranking
supervision to regulate the deviation. Furthermore, a deviation-
aware contrastive regularizer perturbs representations along or-
thogonal deviation directions, improving robustness to imperfect
social signals. In summary, our main contributions are as follows:

• We quantify partial alignment via directed intent overlap
and show that mid-range overlap dominates across datasets,
revealingmixture within a message as a prevalent robustness
bottleneck in social aggregation.
• We propose ODSR, an embedding-space framework that
learns a dimension-wise gating vector to regulate orthog-
onal deviation under ranking supervision, together with
deviation-aware contrastive regularization.
• On three datasets, ODSR yields consistent improvements
over strong baselines, and further analyses verify that selec-
tively gating orthogonal deviations is the key driver.

2 Data Analysis
We conduct training-split analyses to motivate why social regula-
tion should operate inside the embedding space rather than only on
graph edges. Specifically, we ask two questions. First, are social ties
usually fully aligned or only partially aligned with the target user?
Second, if a social message contains an off-anchor part, is this part
uniformly spread across coordinates or concentrated on a subset
of coordinates in the learned basis? The first question is studied
by directed intent overlap 𝑟+𝑢←𝑣 , and the second is studied by the
coordinate concentration of anchor-relative deviation. Together,
the two analyses explain why a scalar edge weight is insufficient
and why a dimension-wise gate is useful.

2.1 Partial Alignment in Social Ties
Problem Definition. We study social recommendation with

users U, items V , interactions E𝐼 ⊆ U × V , and directed social
ties E𝑆 ⊆ U ×U, forming an interaction graph G𝐼 = (U ∪V, E𝐼 )
and a social graph G𝑆 = (U, E𝑆 ). A directed tie (𝑢, 𝑣) ∈ E𝑆 is
written as 𝑢 ← 𝑣 , meaning that neighbor 𝑣 injects a social message
into target user 𝑢. Graph recommenders learn embeddings by layer-
wise message passing; we denote layer-𝑙 user/item embeddings by
h(𝑙 )𝑢 , h(𝑙 )

𝑖
∈ R𝐷 , with𝐷 denoting the embedding dimensionality and

𝑙=0 denoting trainable ID embeddings. The ranking goal is top-𝐾
retrieval with dot-product scoring 𝑦𝑢𝑖 = h⊤𝑢 h𝑖 . All analyses below
are conducted on the training split to avoid test leakage.

To quantify partial alignment on social ties, we construct interaction-
induced intent groups and measure directed overlap on each in-
jected edge. Concretely, we learn item embeddings from the inter-
action graph only on the training split, excluding social links to
avoid social leakage, and cluster items into 𝐾𝑐 intent groups using
K-means [13, 23] with multiple random initializations, selecting the
partition with the lowest within-cluster SSE. Each user’s intent set
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Figure 2: 𝑟+ distribution (A) and coordinate concentration of
anchor-relative deviation measured by ΔTopShare (B; Eq. (4)).

C𝑢 is defined as the set of cluster IDs of items that user 𝑢 interacted
with; implementation details are provided in Appendix D.

For a directed tie 𝑢 ← 𝑣 , we define directed intent overlap as

𝑟+𝑢←𝑣 ≜
|C𝑢 ∩ C𝑣 |
|C𝑣 |

∈ [0, 1] . (1)

This directed form matches social injection: 𝑟+𝑢←𝑣 measures the
fraction of 𝑣 ’s interaction-induced intents that are also covered by
𝑢, while 1 − 𝑟+𝑢←𝑣 serves as an operational proxy for the uncovered,
potentially off-anchor mass injected from 𝑣 to 𝑢. A value close to 1
indicates high coverage, a value close to 0 indicates little coverage,
and amid-range value indicates partial alignment.When computing
𝑟+, we discard ties with |C𝑣 | = 0, i.e., where 𝑣 has no training
interactions.

Figure 2(A) shows that 𝑟+ concentrates in the mid-range across
datasets rather than only near the two extremes. This suggests that
most social ties are neither fully aligned nor fully mismatched: a
single neighbor often overlaps with the target user on part of its
interaction-induced intents while carrying uncovered factors at
the same time. Therefore, social injection is a within-message mix-
ture problem, where an injected message can contain both anchor-
supported and off-anchor components. To ensure this phenomenon
is not an artifact of clustering or degree effects, we compute in-
tents from interactions only and repeat the analysis with multiple
random seeds and a Real-vs.-Null shuffling protocol; details are
reported in Appendix C and Tables 6–7.

2.2 Coordinate Concentration of
Anchor-Relative Deviation

We next examine whether the off-anchor part of a social carrier
is uniformly spread or concentrated on a subset of coordinates.
This analysis does not assume that each embedding coordinate has
an independent semantic meaning. Instead, it only tests a weaker
condition: in the learned basis, whether the anchor-relative devi-
ation has non-uniform coordinate-wise squared contribution. If
so, component-wise regulation can be more expressive than scalar
edge-wise scaling.

For a directed tie 𝑢 ← 𝑣 , let x(𝑙 )𝑢←𝑣 ∈ R𝐷 denote the social car-
rier vector injected from 𝑣 to 𝑢 at layer 𝑙 , i.e., the per-neighbor
representation of 𝑣 consumed by the social aggregator. In our im-
plementation, x(𝑙 )𝑢←𝑣 corresponds to the neighbor social state s(𝑙 )𝑣
before aggregation in Eq. (7); its relation to the aggregated decompo-
sition follows from projection linearity, as discussed in Appendix A.
We set the anchor as a(𝑙 )𝑢 ≜ m(𝑙 )

𝑢,𝐼
, where m(𝑙 )

𝑢,𝐼
is an interaction-

view message computed from G𝐼 only. We decompose x(𝑙 )𝑢←𝑣 into

an anchor-parallel component and an orthogonal residual:

x∥ =
(
x(𝑙 )𝑢←𝑣

)⊤a(𝑙 )𝑢
∥a(𝑙 )𝑢 ∥22 + 𝜀

a(𝑙 )𝑢 , 𝜹 = x(𝑙 )𝑢←𝑣 − x∥ . (2)

Here 𝜹 ∈ R𝐷 is the anchor-relative deviation vector, and 𝛿𝑘 denotes
the scalar value of its 𝑘-th coordinate. We call it a deviation because
it is orthogonal to the interaction-grounded anchor, not because it
is assumed to be pure noise.

For coordinate𝑘 , the normalized squared contribution is𝛿2
𝑘
/∥𝜹 ∥22,

i.e., the fraction of the total squared deviation contributed by this
coordinate. Given a budget ratio 𝜌 , let K𝜌 (𝜹) be the indices of the
top-⌈𝜌𝐷⌉ coordinates ranked by |𝛿𝑘 |. We define

TopShare(𝜹) ≜
∑
𝑘∈K𝜌 (𝜹 ) 𝛿

2
𝑘

∥𝜹 ∥22
. (3)

To test whether the concentration depends on the learned co-
ordinate system, we compare the original deviation with a Haar-
randomly rotated version. Let Q ∈ R𝐷×𝐷 be a random orthogonal
matrix and let 𝜹rot = Q𝜹 . Since Q preserves the ℓ2 norm but ran-
domizes coordinate axes, concentration tied to the learned basis
should decrease after rotation. We compute

ΔTopShare ≜ TopShare(𝜹) − TopShare(𝜹rot). (4)

HereQ is sampled as a Haar-random orthogonal matrix, preserving
the ℓ2 normwhile randomizing coordinate axes; details are provided
in Appendix E. A positive ΔTopShare means that the original devi-
ation is more coordinate-concentrated than its randomly rotated
counterpart under the same coordinate budget.

Figure 2(B) shows a consistent positive shift across datasets.
At 𝜌 = 0.3, 𝑃 (ΔTopShare > 0) is 0.72, 0.84, and 0.77, with mean
shifts 0.019, 0.043, and 0.029 on Epinions, Yelp2018, and Douban-
Book, respectively. Thus, anchor-relative deviations are coordinate-
concentrated in the learned basis. For example, one Douban-Book
tie yields TopShare(𝜹) = 0.905 versus TopShare(Q𝜹) = 0.779 using
20 of 64 coordinates. This trend remains stable for 𝜌 = 0.1–0.5.

Implication: why scalar edge reweighting is insufficient.
The two analyses above imply a mismatch between edge-space con-
trol and within-message mixture. Under partial alignment, a social
carrier can be written as x = x∥ + 𝜹 , where x∥ is anchor-aligned
and 𝜹 is anchor-relative deviation. A scalar edge weight 𝛼 gives
𝛼x = 𝛼x∥ + 𝛼𝜹 , which cannot attenuate the off-anchor deviation
without also shrinking the aligned component. Moreover, because
𝜹 is coordinate-concentrated in the learned basis, component-wise
regulation can selectively control high-contribution deviation coor-
dinates. This does not require each coordinate to be semantically
disentangled; it only requires the deviation to be non-uniformly dis-
tributed across coordinates. Therefore, ODSR adopts a dimension-
wise gate to softly regulate the deviation rather than deleting it or
uniformly scaling the whole social message.

3 Methodology
Overview of ODSR. For each user 𝑢 and layer 𝑙 , ODSR uses the

interaction-view message m(𝑙 )
𝑢,𝐼

as an interaction-grounded anchor,
decomposes the aggregated social message into an anchor-aligned
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Figure 3: Architecture of ODSR. Left: Overview of ODSR, illustrating the regulation of social injection for a target user. Right:
Details (read bottom-up): ODSR takes the interaction and social networks as inputs, performs dual-view aggregation, decomposes
the social message into an anchor-parallel component s(𝑙 )

𝑢,∥ and an orthogonal deviation s(𝑙 )𝑢,⊥, learns a dimension-wise gate g(𝑙 )𝑢
to form s(𝑙 )

𝑢,clean, and jointly optimizes ranking with deviation-aware contrastive regularization.

component and an orthogonal deviation, and learns a supervision-
guided dimension-wise gate to admit only beneficial deviation co-
ordinates for ranking. This yields Eq. (5), where the gate modulates
s(𝑙 )𝑢,⊥ rather than uniformly scaling neighbors, preserving aligned
signals while regulating risky residuals. Each layer performs inter-
action/social aggregation, anchor–orthogonal decomposition, and
deviation gating, with a deviation-aware contrastive regularizer
stabilizing the control boundary. Formally, ODSR updates the user
embedding at layer 𝑙 as:

h(𝑙+1)𝑢 =m(𝑙 )
𝑢,𝐼
+ s(𝑙 )

𝑢,∥ + g
(𝑙 )
𝑢 ⊙ s(𝑙 )𝑢,⊥︸               ︷︷               ︸

filtered social injection with control in embedding space

, (5)

where m(𝑙 )
𝑢,𝐼

is the interaction-view message, computed by Eq. (6),
that defines the anchor direction, s(𝑙 )

𝑢,∥ and s(𝑙 )𝑢,⊥ are the anchor-
aligned component and the orthogonal deviation of the social mes-
sage, g(𝑙 )𝑢 ∈ (0, 1)𝐷 is a dimension-wise gating vector, and ⊙ denotes
the element-wise Hadamard product.

3.1 Anchor-Orthogonal Social Decomposition
3.1.1 Dual-View Message Passing. Since social aggregation
may mix task-aligned factors with off-anchor deviations, we sep-
arate an anchor message from a social carrier message so that
deviation control targets the injected social component.

Given neighbors N 𝐼
𝑢 = {𝑖 ∈ V | (𝑢, 𝑖) ∈ E𝐼 } and N𝑆

𝑢 = {𝑣 ∈
U | (𝑢, 𝑣) ∈ E𝑆 }, we define a ranking representation h(𝑙 )𝑢 and a
social state s(𝑙 )𝑢 . These two views are coupled by injecting a filtered
social message into the interaction-grounded update (Eq. (5)). The
auxiliary state s(𝑙 )𝑢 acts as a stable carrier for social propagation,
decoupling social mixing from the ranking embedding update so
that regulation operates explicitly in the embedding space.

InteractionView. We follow standard LightGCNpropagation [8]
on the interaction graph:

m(𝑙 )
𝑢,𝐼

=
∑︁
𝑖∈N𝐼

𝑢

1√︃
𝑑𝐼𝑢𝑑

𝐼
𝑖

h(𝑙 )
𝑖
. (6)

where 𝑑𝐼𝑢 and 𝑑𝐼𝑖 denote the degrees of user 𝑢 and item 𝑖 in the in-
teraction graph. This message is naturally aligned with the ranking
objective and defines the task-grounded anchor direction.



Embedding-Space Orthogonal Decomposition for Robust Social Recommendation KDD ’26, August 09–13, 2026, Jeju Island, Republic of Korea

Social View. Wemaintain an auxiliary social state s(𝑙 )𝑢 initialized
by s(0)𝑢 = h(0)𝑢 [18]. The raw social message is computed by row-
normalized aggregation:

m(𝑙 )
𝑢,𝑆

=
∑︁
𝑣∈N𝑆

𝑢

1
𝑑𝑆𝑢

s(𝑙 )𝑣 . (7)

where 𝑑𝑆𝑢 denotes the number of social neighbors aggregated for 𝑢,
i.e., the corresponding degree in the directed social graph.

3.1.2 Anchor-Orthogonal Decomposition. We decompose the
aggregated social message relative to an anchor direction grounded
in interactions. As illustrated in Figure 3 (right), this step explicitly
separates the socially propagated carrier into an anchor-aligned
part and a deviation part, so that subsequent gating targets the
risky component.

a(𝑙 )𝑢 ≜ m(𝑙 )
𝑢,𝐼
. (8)

We project m(𝑙 )
𝑢,𝑆

onto span(a(𝑙 )𝑢 ) and its orthogonal complement:

s(𝑙 )
𝑢,∥ =

(
m(𝑙 )
𝑢,𝑆

)⊤a(𝑙 )𝑢
∥a(𝑙 )𝑢 ∥22 + 𝜀

a(𝑙 )𝑢 , s(𝑙 )𝑢,⊥ =m(𝑙 )
𝑢,𝑆
− s(𝑙 )

𝑢,∥ . (9)

3.2 Dimension-wise Gating in Embedding Space
3.2.1 Deviation Admission with a Gating Vector. Existing
edge-wise scaling uniformly affects both aligned and off-anchor
components and thus cannot resolve their mixture. To address
this, ODSR regulates s(𝑙 )𝑢,⊥ via a dimension-wise gating vector g(𝑙 )𝑢 .
Motivated by our analysis that off-anchor deviation concentrates on
a subset of dimensions in the learned embedding basis, we construct
a compact gate context from the anchor and deviation vectors, their
feature-wise compatibility, and two lightweight geometric evidence
scalars 𝑒 (𝑙 )cos and 𝑒

(𝑙 )
norm appended as scalar features:

𝑒
(𝑙 )
cos =

(
m(𝑙 )
𝑢,𝑆

)⊤a(𝑙 )𝑢
∥m(𝑙 )

𝑢,𝑆
∥2 ∥a(𝑙 )𝑢 ∥2 + 𝜀

, 𝑒
(𝑙 )
norm = tanh

(
∥m(𝑙 )

𝑢,𝑆
∥2
)
. (10)

3.2.2 Gate Mechanism: Lightweight Gating Vector. Let the
gate input be:

v(𝑙 )𝑢 =

[
a(𝑙 )𝑢 ; s(𝑙 )𝑢,⊥; a

(𝑙 )
𝑢 ⊙ s(𝑙 )𝑢,⊥; 𝑒

(𝑙 )
cos; 𝑒

(𝑙 )
norm

]
. (11)

where the Hadamard interaction captures feature-wise compati-
bility between the anchor direction and the deviation. The gate is
parameterized by a single affine transformation with a sigmoid:

g(𝑙 )𝑢 = 𝜎
(
W𝑔v

(𝑙 )
𝑢 + b𝑔

)
. (12)

HereW𝑔 maps the concatenated context to R𝐷 . The gate parame-
ters are optimized jointly with the ranking objective, so deviation
admission is directly shaped by ranking signals. This lightweight
design keeps the admission rule expressive at the dimension level
while reducing overfitting risk under weak homophily.

3.2.3 Filtered Social Injection and Social State Update. The
filtered social injection is:

s(𝑙 )
𝑢,clean = s(𝑙 )

𝑢,∥ + g
(𝑙 )
𝑢 ⊙ s(𝑙 )𝑢,⊥ . (13)

We update the auxiliary social state by setting

s(𝑙+1)𝑢 = s(𝑙 )
𝑢,clean . (14)

This update serves as a stable carrier for social propagation, while
ranking follows Eq. (5).

3.3 Risk-Aware Contrastive Regularization
We further stabilize training by contrasting a clean view with a
propagation-augmented view constructed via deviation-guided per-
turbation. Rather than using generic isotropic noise, we align the
augmentation with the model’s suppression pattern to regularize
the gate-induced control boundary, making the learned admission
less sensitive to small but adversarial off-anchor shifts.

Layer-wise Deviation Perturbation. Wedenote the stop-gradient
operator as sg(·), which blocks gradients from flowing through its
argument. After computing g(𝑙 )𝑢 and s(𝑙 )𝑢,⊥, we normalize the devia-
tion direction and apply an element-wise magnitude mask (scaled
by 𝜖) on dimensions that the gate tends to suppress:

𝜹 (𝑙 )𝑢 =

(
𝜖 ·

(
1 − sg(g(𝑙 )𝑢 )

) )
⊙

s(𝑙 )𝑢,⊥
∥s(𝑙 )𝑢,⊥∥2 + 𝜀

. (15)

where 𝜖 controls the perturbation magnitude. We add it to the user
update to construct the augmented view:

h̃(𝑙+1)𝑢 ≜ h(𝑙+1)𝑢 + 𝜹 (𝑙 )𝑢 . (16)

We stop gradients through g(𝑙 )𝑢 in Eq. (15) to avoid objective conflict
between gating and contrastive regularization.

InfoNCE Objective. Let h∗𝑢 and h̃∗𝑢 denote the pooled user repre-
sentations of the clean and augmented views, computed using the
layer pooling in Eq. (18). We minimize the InfoNCE loss [7, 33, 40]:

L𝑆𝑆𝐿 = −
∑︁
𝑢∈B

log
exp

(
sim(h∗𝑢 , h̃∗𝑢 )/𝜏

)∑
𝑣∈B exp

(
sim(h∗𝑢 , h̃∗𝑣)/𝜏

) , (17)

where B is the sampled mini-batch of users, sim(·, ·) is cosine simi-
larity, and 𝜏 is the temperature.

3.4 Model Optimization and Complexity
Learnable Layer Pooling. Following common practice in graph

recommendation, we aggregate embeddings across layers. ODSR
adopts a learnable weighted pooling:

h∗𝑢 =

𝐿∑︁
𝑙=0

𝜋𝑙h
(𝑙 )
𝑢 , h∗𝑖 =

𝐿∑︁
𝑙=0

𝜋𝑙h
(𝑙 )
𝑖
, 𝝅 = softmax(𝜶 ), (18)

where 𝜶 are learnable layer scores and 𝝅 are normalized weights.
This allows the model to adaptively emphasize layers with more
informative signals under social injection.

Optimization Objective. We optimize BPR loss [28] on sampled
triples (𝑢, 𝑖, 𝑗):

L𝐵𝑃𝑅 =
∑︁

(𝑢,𝑖, 𝑗 ) ∈D𝑡𝑟𝑎𝑖𝑛

− ln𝜎
(
h∗⊤𝑢 h∗𝑖 − h∗⊤𝑢 h∗𝑗

)
, (19)

and the full objective is:

L = L𝐵𝑃𝑅 + 𝜆𝑠𝑠𝑙L𝑆𝑆𝐿 + 𝜆𝑟𝑒𝑔 ∥Θ∥22 . (20)
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Training Procedure. At each iteration, we sample a mini-batch
of triples, perform full-graph sparse propagation with anchor com-
putation, orthogonal decomposition, dimension-wise gating, and
deviation-guided augmentation, and then optimize the joint objec-
tive in Eq. (20). The model is updated by back-propagation with the
BPR loss and the deviation-aware contrastive loss, following the
standard training paradigm of graph recommendation models.

Complexity Analysis. Sparse message passing costs𝑂
(
𝐿( |E𝐼 | +

|E𝑆 |)𝐷
)
. The gate applies one dense affine map per user per layer,

costing 𝑂
(
𝐿 |U|𝐷 𝐷in

)
with 𝐷in = 3𝐷 + 2 from Eq. (11), i.e., 𝐷in =

𝑂 (𝐷). In practice, sparse propagation over |E𝐼 | + |E𝑆 | typically
dominates and the gate adds a moderate overhead; in typical social
recommendation graphs where |E𝐼 | + |E𝑆 | ≫ |U|, sparse propaga-
tion remains the main cost. Memory usage is 𝑂

(
( |U| + |V|)𝐷

)
for

storing embeddings. Consequently, for a fixed embedding size, the
complexity remains linear in the graph size in our setting.

4 Experiments and Analysis
4.1 Experimental Settings
4.1.1 Datasets. We conduct experiments on three social recom-
mendation benchmarks: Epinions, Yelp2018, and Douban-Book. For
Epinions, we adopt the processed versions from recent studies [14,
46] to match state-of-the-art benchmark settings. For Yelp2018, we
adopt the processed version from Yang et al. [45]. For Douban-
Book, we use the version provided by SelfRec [51]. We follow the
evaluation protocol and data splits provided by the corresponding
processed benchmarks. Statistics are reported in Table 1.

We compare ODSR with 15 strong baselines spanning three rep-
resentative classes of social recommendation (SR) methods widely
adopted in recent literature: (1) General graph collaborative filtering:
LightGCN (SIGIR’20)[8], LightGCN-S (as in GBSR)[47], SimGCL
(SIGIR’22)[50], and DCCF (SIGIR’23)[27]; (2) Self-supervised and
robust SR: SEPT (KDD’21)[48], GDMSR (WWW’23)[26], MADM
(WSDM’24)[22], SHaRe (WWW’24)[12], GBSR (KDD’24)[47], SGIL
(SIGIR’25)[46], DSL (IJCAI’23)[35], and SSD-ICGA (KDD’24)[30]; (3)
Generative refiners: RecDiff (CIKM’24)[17], ARD-SR (WWW’25)[31],
and RecFlow (ICML’25)[9]. We omit classic MF-based and early
SR baselines, such as NGCF[36], TrustMF[44], GraphRec[3], and
DiffNet++[41], as recent diffusion-based SR refiners[17, 31] consis-
tently outperform them on standard benchmarks.

4.1.2 Evaluation Metrics. We evaluate ranking quality using
Recall@K and NDCG@K [11] with 𝐾 ∈ {10, 20}, abbreviated as
R@K andN@K in the tables.We adopt the full-ranking protocol [47]
by ranking all items per user except training interactions. We report
the mean results over 5 independent runs and conduct paired 𝑡-tests
with 𝑝 < 0.05 for statistical significance.

Implementation Details. All models use 64-dimensional em-
beddings with Xavier initialization, Adam with a learning rate of
0.001 and a batch size of 2048, three graph propagation layers, BPR
with one uniformly sampled negative item per positive interaction,
and early stopping after 50 non-improving validation epochs. For
ODSR, we set 𝜏 = 0.2 and tune 𝜆𝑟𝑒𝑔 ∈ {10−5, 10−4, 10−3, 10−2} and
𝜆𝑠𝑠𝑙 , 𝜖 ∈ [0.1, 0.8] with a step size of 0.1.

Table 1: Dataset statistics.

Dataset # Users # Items # Interactions # Social links

Epinions 18,202 47,449 298,173 381,559
Yelp2018 45,919 45,538 1,183,610 709,459
Douban-Book 13,025 22,348 598,420 169,150

4.2 Results and Analysis
4.2.1 Overall Performance Comparison. The performance of
all methods on three datasets is reported in Table 2, where ∗ in-
dicates statistically significant improvement over the strongest
baseline. We highlight four findings. First, incorporating social in-
formation is not uniformly beneficial: naive social propagation,
such as LightGCN-S, yields only marginal gains over LightGCN
and can be inferior to stronger robust/SSL baselines, suggesting
that directly injecting social signals may introduce mismatch under
weak preference homophily. Second, robust social recommenda-
tion methods, including GBSR, SGIL, MADM, and SSD-ICGA, are
consistently among the strongest competitors, which supports the
view that social noise and partial alignment are pervasive in open
platforms and must be handled beyond vanilla aggregation. Third,
generative refiners, such as RecDiff, ARD-SR, and RecFlow, are com-
petitive but do not dominate under the same protocol, indicating
that multi-step refinement is not strictly necessary to obtain strong
robustness if the injected message is properly regulated. Finally,
ODSR achieves the best results on all datasets, improving over the
strongest baseline by +6.26% NDCG@20 on Epinions, +2.29% on
Yelp2018, and +2.71% on Douban-Book; the consistent gains across
datasets validate that selectively controlling off-anchor deviations
within the aggregated social message complements edge-space de-
noising and improves ranking robustness.

Mechanism: deviation ratio reduction. We verify component-
wise deviation regulation by decomposing each layer-0 social car-
rier into𝑚 ∥ and𝑚⊥ and comparing the deviation ratio ∥𝑚⊥∥2/∥𝑚∥2
before and after gating. Across all datasets, the post-gating ratio
is consistently smaller than the pre-gating ratio, indicating that
ODSR reduces off-anchor deviation without collapsing the aligned
component. As complementary evidence, Appendix B reports an
inference-time all-pass intervention showing that removing devia-
tion control hurts NDCG@20.

4.2.2 Ablation Study. We conduct ablation studies to validate
the contributions of key components in ODSR. Results are reported
in Table 3. All variants use the same backbone and training protocol
as ODSR, and we only modify the specified component. We report
both Recall@20 and NDCG@20 on the three datasets.

Effect of anchor-orthogonal decomposition and gating. Re-
moving the decomposition module is one of the most damaging ab-
lations, confirming the importance of explicitly separating aligned
and orthogonal components. This indicates that directly injecting
the aggregated social message is insufficient under partial align-
ment, because aligned and off-anchor components are mixed inside
the same message. The all-pass gate variant also performs worse
than ODSR, showing that simply preserving the full orthogonal
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Table 2: Overall performance comparison using Recall and NDCG at 10 and 20. Best is bold, second best is underlined. ∗ indicates
statistically significant improvement over the strongest baseline with 𝑝 < 0.05.

Model
Epinions Yelp2018 Douban-Book

R@10 N@10 R@20 N@20 R@10 N@10 R@20 N@20 R@10 N@10 R@20 N@20

LightGCN 0.0432 0.0314 0.0675 0.0385 0.0416 0.0351 0.0689 0.0449 0.0983 0.1154 0.1478 0.1242
LightGCN-S 0.0452 0.0323 0.0696 0.0394 0.0431 0.0364 0.0709 0.0464 0.1010 0.1177 0.1500 0.1265
SEPT 0.0457 0.0341 0.0724 0.0416 0.0412 0.0347 0.0696 0.0448 0.1027 0.1204 0.1547 0.1314
DCCF 0.0425 0.0310 0.0665 0.0380 0.0361 0.0303 0.0690 0.0448 0.0985 0.0998 0.1428 0.1191
SimGCL 0.0479 0.0356 0.0740 0.0435 0.0431 0.0361 0.0711 0.0457 0.1125 0.1255 0.1615 0.1360

GDMSR 0.0472 0.0350 0.0732 0.0426 0.0420 0.0356 0.0694 0.0453 0.0990 0.1165 0.1483 0.1248
DSL 0.0478 0.0355 0.0738 0.0431 0.0424 0.0359 0.0698 0.0455 0.0995 0.1172 0.1486 0.1251
SHaRe 0.0490 0.0354 0.0771 0.0438 0.0416 0.0373 0.0732 0.0478 0.1005 0.1182 0.1491 0.1255
SSD-ICGA 0.0485 0.0360 0.0752 0.0440 0.0430 0.0365 0.0712 0.0465 0.0998 0.1178 0.1488 0.1252
GBSR 0.0515 0.0372 0.0795 0.0458 0.0462 0.0395 0.0768 0.0498 0.1030 0.1215 0.1518 0.1285
MADM 0.0535 0.0386 0.0835 0.0472 0.0445 0.0367 0.0755 0.0468 0.1313 0.1505 0.1752 0.1563
SGIL 0.0542 0.0392 0.0843 0.0479 0.0484 0.0412 0.0797 0.0524 0.1300 0.1563 0.1808 0.1625

RecDiff 0.0528 0.0380 0.0820 0.0465 0.0438 0.0376 0.0735 0.0481 0.1008 0.1185 0.1495 0.1258
ARD-SR 0.0520 0.0375 0.0810 0.0460 0.0445 0.0380 0.0746 0.0486 0.1022 0.1205 0.1508 0.1269
RecFlow 0.0522 0.0378 0.0815 0.0462 0.0452 0.0388 0.0758 0.0495 0.1025 0.1208 0.1511 0.1272

ODSR 0.0567∗ 0.0416∗ 0.0885∗ 0.0509∗ 0.0494∗ 0.0420∗ 0.0817∗ 0.0536∗ 0.1325∗ 0.1596∗ 0.1867∗ 0.1669∗

Table 3: Ablation study using Recall@20 and NDCG@20.

Variant
Epinions Yelp2018 Douban-Book

R@20 N@20 R@20 N@20 R@20 N@20

ODSR 0.0885 0.0509 0.0817 0.0536 0.1867 0.1669

w/o Decomposition 0.0758 0.0438 0.0668 0.0435 0.1565 0.1395
w/ All-pass Gate 0.0785 0.0454 0.0742 0.0484 0.1715 0.1528
w/ Scalar Gate 0.0805 0.0466 0.0768 0.0501 0.1760 0.1570

w/o 𝑒cos 0.0817 0.0470 0.0802 0.0528 0.1835 0.1649
w/o 𝑒norm 0.0822 0.0473 0.0799 0.0527 0.1835 0.1644
w/o both cues 0.0818 0.0475 0.0799 0.0527 0.1831 0.1637

w/ Isotropic SSL 0.0762 0.0441 0.0710 0.0463 0.1680 0.1498
w/o SSL 0.0695 0.0402 0.0640 0.0415 0.1620 0.1445

deviation introduces noisy social factors. Replacing the dimension-
wise gate with a scalar gate improves over all-pass injection but
remains inferior to ODSR, which confirms that a single global coef-
ficient cannot selectively regulate different deviation coordinates.

Effect of geometric evidence cues. We further examine the two
lightweight evidence cues used in the gate input. Removing either
𝑒cos or 𝑒norm causes consistent degradation compared with ODSR.
The variant without both cues also underperforms the full model,
suggesting that the cosine cue and norm cue provide complemen-
tary information for estimating whether the social deviation should

be admitted. Although these variants are stronger than removing
decomposition or SSL entirely, their gaps to ODSR show that geo-
metric evidence helps the gate make more reliable dimension-wise
admission decisions.

Effect of deviation-aware contrastive regularization. Re-
placing deviation-guided SSL with isotropic SSL leads to clear per-
formance drops, especially on Epinions and Douban-Book. This
suggests that generic random perturbations are less suitable for
modeling the specific risk brought by off-anchor social deviations.
Removing SSL entirely causes the worst or near-worst performance
among the SSL-related variants, verifying that the contrastive objec-
tive stabilizes the learned deviation-control boundary and improves
robustness against imperfect social signals.

4.2.3 Performance under Different Sparsity Levels. To evalu-
ate performance under data scarcity, we rank users in ascending
order by their training interaction degrees and divide them into
four groups: < 10, 10–19, 20–50, and > 50. We compare ODSR with
three representative and strong competitors, SGIL, MADM, and
LightGCN-S, and report NDCG@10 in Figure 4. Two trends are con-
sistent across datasets. First, all methods improve as users become
less sparse, which is consistent with the intuition that denser su-
pervision yields more reliable preference estimates. Second, ODSR
shows clear advantages in sparse regimes, where social signals are
both valuable and risk-prone. Notably, the gain is most pronounced
for the cold-start group (degree < 10), where interaction-only super-
vision is weakest and unregulated social injection is more likely to
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Table 4: Empirical efficiency comparison with SGIL under
the same RTX 4090 environment.

Dataset
Time / Epoch (s) Peak Mem. (MB)

SGIL ODSR SGIL ODSR

Epinions 36.79 4.19 2628 846
Yelp2018 435.92 24.26 5131 1514
Douban-Book 40.50 7.94 2440 504

introduce off-anchor deviations. We select SGIL [46], MADM [22],
and LightGCN-S [47] as representative baselines covering invariant
learning, adaptive edge pruning, and naive social propagation.

4.2.4 Robustness to Social Noise. To substantiate robustness
to social noise, we contaminate the social network by injecting
different proportions of fake social connections while keeping the
user–item interaction graph unchanged. Such fake ties mainly in-
troduce off-anchor deviations into the aggregated social message,
which ODSR can suppress at the component level.

Given a noise ratio 𝑟 , we add 𝑟 · |E𝑆 | fake social links into the
observed social graph, where |E𝑆 | denotes the number of original
social links. Fake links are uniformly sampled from all user pairs
excluding self-loops and existing edges, and duplicates are removed
to avoid multi-edges. For directed social graphs, we sample ordered
user pairs. For undirected graphs, we add reciprocal links for each
sampled pair. For each 𝑟 , we corrupt the social graph before training
and retrain all compared methods from scratch under the same set-
tings. We compare ODSR with SGIL, MADM, and LightGCN-S, and
report Recall@10 under 𝑟 ∈ {0.0, 0.2, 0.4, 0.6, 0.8} in Figure 5. We
observe three consistent patterns. (1) Performance drops as noise
increases, indicating sensitivity to spurious social links. (2) ODSR
achieves the highest accuracy and degrades less with larger 𝑟 , show-
ing stronger robustness to fake ties. (3) At low-to-moderate noise,
degradation is mild because informative edges remain and normal-
ization dilutes injected links. Overall, ODSR is the most stable under
noise, likely due to within-embedding deviation regulation.

4.2.5 Efficiency Analysis. Table 4 reports the measured train-
ing time and peak memory of ODSR and SGIL under the same
RTX 4090 environment. ODSR is consistently faster and uses less
GPU memory on all three datasets, suggesting that the additional
embedding-space regulation is lightweight in practice.

4.2.6 Hyper-parameter Sensitivity Analysis. We investigate
the sensitivity of ODSR to two key hyperparameters: the self-
supervised regularization weight 𝜆𝑠𝑠𝑙 and the augmentation noise
scale 𝜖 . For each configuration, we repeat the experiment 5 times
with different random seeds and report averaged Recall@20 and
NDCG@20. Unless otherwise specified, all remaining hyperparam-
eters are fixed to their dataset-specific best values obtained by grid
search, and we vary one parameter in [0.0, 1.0] while fixing the
other at its best value. As illustrated in Figure 6, performance im-
proves with increasing 𝜆𝑠𝑠𝑙 and peaks around 0.2 to 0.6 depending
on the dataset, while an overly large weight above 0.8 tends to
overshadow the BPR loss. Regarding 𝜖 , ODSR is stable in 0.2 to

Figure 4: Performance (NDCG@10) across sparsity levels.

Figure 5: Performance (Recall@10) across noise ratios.

Figure 6: Sensitivity to hyperparameters 𝜆𝑠𝑠𝑙 and 𝜖.

0.8 with optimal performance clustering around 0.4 to 0.6. The
larger optimal 𝜖 in ODSR suggests that perturbations guided by or-
thogonal deviations are structurally informative, allowing stronger
robustness training without collapsing representations.

4.2.7 Case Study. To provide an understanding of selective de-
noising, we perform a case study on two randomly sampled users,
one from Epinions and one from Douban-Book, and visualize their
layer-0 social injections in Figure 7. Blue edges indicate the anchor-
aligned component, and yellow edges indicate the anchor-orthogonal
deviation. For deviation edges, we annotate the magnitude before
and after gating using𝑤pre and𝑤post.

Aligned components are not annotated since ODSR mainly reg-
ulates the deviation part through the gating mechanism. Across
both examples, the gate consistently preserves anchor-aligned sig-
nals while selectively attenuating anchor-orthogonal deviations.
Specifically, a reduction from 𝑤pre to 𝑤post indicates that the cor-
responding off-anchor deviation is only partially admitted after
gating. This highlights a direction-aware effect: the gate regulates
within-embedding mixtures by modulating only the deviation com-
ponent, without uniformly reweighting neighbors. The annotated
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Figure 7: Case study for the deviation-gating effect of ODSR.

𝑤pre → 𝑤post on each deviation edge illustrates the attenuation of
the orthogonal deviation after gating.

5 Related Work
5.1 GNN-based Social Recommendation and

Self-Supervision
Early social recommendation primarily incorporated trust relations
and social ties intomatrix factorizationmodels [6, 10, 20, 21]. Recent
methods adopt GNN-style message passing to propagate high-order
collaborative and social signals, where simplified propagation (e.g.,
LightGCN [8] and SocialLGN [18]) relies on neighborhood aggrega-
tion and representation smoothing. Such smoothing can be effective
when neighborhood signals are preference-consistent, but may am-
plify mismatched information under weak preference homophily,
which is common in open social platforms [41]. Self-supervised
learning further improves generalization by constructing multiple
views and enforcing cross-view consistency, e.g., via stochastic per-
turbations in structure or embedding space (SGL [40], SimGCL [50],
LightGCL [1]). Neural influence diffusion is another representative
line that explicitly models how social signals propagate to shape
preference [42]. However, existing SSL designs and aggregation
mechanisms provide limited control over how the injected social rep-
resentation deviates relative to task-grounded preference directions,
motivating direction-aware regulation under social aggregation in
our embedding-space setting [49, 51].

5.2 Edge-Space Robustification: Structure
Refinement and Scalar Reweighting

Robust social recommendation has been widely studied under noisy
or weakly-homophilous social graphs. A dominant line of work
intervenes in the edge space by learning or modifying the social
graph structure, such as rewiring in SHaRe [12] and counterfac-
tual refinement strategies [14], often coupled with denoising ob-
jectives [30, 35]. Another line seeks robust or invariant signals to
reduce sensitivity to mismatch, e.g., invariant learning in SGIL [46].
Many approaches also assign scalar confidence/attention scores
to filter edges or reweight neighbor messages (e.g., GDMSR [26],
GBSR [47], MADM [22]). While effective, scalar reweighting is
direction-invariant: it uniformly scales an aggregated message and
cannot selectively regulate different components when task-aligned

signals and off-anchor deviations coexist within the same vector.
This limitation motivates a complementary intervention that oper-
ates within the message representation to enable component-wise,
controllable information exchange.

5.3 Generative Refinement and Disentangled
Recommendation

Generative approaches have recently shown promise in refining
noisy graph structures. For instance, diffusion-based methods like
RecDiff [17] and Graph Diffusive Learning [15] employ forward-
reverse processes to generate reliable representations, while ARD-
SR [31] focuses on refining the social adjacency matrix. Similarly,
flow-matching techniques have been introduced to model continu-
ous dynamics for efficient denoising [9]. However, these methods
typically rely on iterative generation steps, introducing additional
computational complexity. Parallel to this, disentangled learning
aims to separate latent factors behind user behaviors [27]. Pioneer-
ing works like DGCF [38] disentangle user intents on interaction
graphs. In the social domain, recent studies have extended this
idea to distinguish between social influence and personal inter-
est [16, 52], or to separate multi-faceted social relations [2, 29, 43].
While some works explore orthogonality constraints to ensure
factor independence [39], our ODSR distinctively focuses on the
within-embedding mixture induced by partial alignment, achieving
anchor-relative regulation via a lightweight, single-step orthogonal
gate without complex generative procedures.

6 Conclusion
We study robust social recommendation under partial alignment
and show that social aggregation often induces a mixture within a
message, where task-aligned signals and off-anchor deviations coex-
ist and cannot be reliably addressed by edge-wise scalar reweighting.
To address this issue, we propose ODSR, an embedding-space frame-
work that performs Orthogonal Decomposition with an anchor and
selectively admits the orthogonal deviation via a dimension-wise
gate learned from ranking signals. We further introduce a deviation-
aware contrastive regularizer that perturbs representations along
orthogonal directions to stabilize the learned control boundary.
Experiments on three datasets demonstrate that ODSR consistently
outperforms strong baselines and improves robustness under sparse
interactions and increasing social noise. Moreover, ODSR offers
an explicit and interpretable mechanism to quantify and regulate
socially injected deviations in embedding space, complementing
existing edge-space denoising strategies. Overall, these results ver-
ify that controlling within-message deviations is a key robustness
lever for social recommendation, yielding consistent gains without
modifying the underlying social graph.
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A Projection Linearity under Social Aggregation
Fix a(𝑙 )𝑢 and define the projection operators:

Pa (x) ≜
a(𝑙 )𝑢 a(𝑙 )⊤𝑢

∥a(𝑙 )𝑢 ∥22 + 𝜀
x, P⊥a (x) ≜ x − Pa (x). (A.1)

Since Pa (·) is linear, it commutes with the linear social aggregation
m(𝑙 )
𝑢,𝑆

=
∑
𝑣 𝑤𝑢𝑣s

(𝑙 )
𝑣 (Eq. (7),𝑤𝑢𝑣 = 1/𝑑𝑆𝑢 ):

Pa (m(𝑙 )𝑢,𝑆 ) = Pa
( ∑

𝑣 𝑤𝑢𝑣s
(𝑙 )
𝑣

)
=
∑
𝑣 𝑤𝑢𝑣Pa (s

(𝑙 )
𝑣 ), (A.2)

and the same holds for P⊥a (·):

P⊥a (m
(𝑙 )
𝑢,𝑆
) =∑

𝑣 𝑤𝑢𝑣P⊥a (s
(𝑙 )
𝑣 ) . (A.3)

B Mechanism Effectiveness Analysis
To assess the effect of the learned gate, we conduct an inference-
time intervention experiment. We freeze the trained model parame-
ters and re-run a full forward propagation with a modified injection
rule applied at every layer, without any retraining. Specifically, we
replace the deviation-admission term when forming the filtered
social injection:
• Base (ODSR): s(𝑙 )

𝑢,clean = s(𝑙 )
𝑢,∥ + g

(𝑙 )
𝑢 ⊙ s(𝑙 )𝑢,⊥.

• All-pass Gate: s(𝑙 )
𝑢,clean = s(𝑙 )

𝑢,∥ + s(𝑙 )𝑢,⊥, equivalently setting

g(𝑙 )𝑢 = 1 for all users and layers.
Table 5 reports the performance gap relative to Base (ODSR).

Consistently across datasets, removing deviation control (All-pass
Gate) degrades ranking performance, supporting that regulating
off-anchor deviation is necessary under ranking supervision.

C Robustness of Intent-Overlap Mixedness
Tables 6–7 summarize the robustness check under 𝐾𝑐=20 with five
random seeds. Across all datasets, Mixed ties dominate in the real
graphs, whereas the shuffled-label Null test substantially changes
the composition and 𝑟+ distribution, indicating that the observed
mid-range dominance is not a trivial artifact.
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Table 5: Performance gap, measured by ΔNDCG@20, relative
to ODSR. Strictly negative values indicate that removing de-
viation control hurts performance.

Variant Epinions Yelp2018 Douban-Book

All-pass Gate −0.0055 −0.0052 −0.0141

Robustness of 𝑟+ (statistics). Tables 6–7 report mean±std over
five random seeds under 𝐾𝑐=20 for all datasets.

Null test (shuffled labels). To construct the Null (shuffle) baseline
in Tables 6–7, we keep the interaction graph, social graph, and
the learned item embeddings fixed, and randomly shuffle the item-
to-intent assignments (i.e., cluster labels) to break the semantic
correspondence between items and intent groups. This preserves
the marginal cluster-size profile while disrupting the overlap struc-
ture induced by user interactions, so that any remaining mid-range
dominance would mainly reflect random coincidence rather than
structured preference overlap. We report both Real and Null (shuf-
fle) statistics to verify that the observed 𝑟+ patterns are not a trivial
artifact of clustering or degree effects. As an additional diagnostic,
shuffling item cluster labels substantially alters the overlap struc-
ture, supporting that the observed mid-range dominance reflects
non-random overlap rather than a trivial clustering artifact.

D Intent Extraction Details
This section provides implementation details for the intent con-
struction procedure used in Section 2. We treat intent groups as item
clusters induced from training interactions, and derive user-level
intent sets C𝑢 accordingly.

Interaction-only item embeddings. We learn item embeddings
from the interaction graph only, without using social links, on the
training split, and use them as inputs for clustering. Concretely,
we train a LightGCN model on G𝐼 with the same optimization
objective and split as in the main experiments, and take its pooled
item embedding (Eq. (18)) as z𝑖 ∈ R𝐷 .

K-means clustering and model selection. We run K-means with 𝐾𝑐
clusters, set to 𝐾𝑐=20 by default, on {z𝑖 }. We use multiple random
initializations and select the partition with the lowest within-cluster

Table 6: Robustness of edge composition (mean±std over
seeds).

Real Null (shuffle)

Dataset Mixed (%) Noise (%) Signal (%) Mixed (%) Noise (%) Signal (%)

Douban-Book 75.24±0.59 2.97±0.10 21.78±0.61 58.30±2.20 0.68±0.12 41.03±2.21
Epinions 75.13±2.15 1.06±0.13 23.82±2.22 57.03±2.85 0.19±0.05 42.78±2.90
Yelp2018 65.80±1.55 0.62±0.27 33.58±1.67 77.44±1.23 0.00±0.00 22.56±1.23

Table 7: Robustness of 𝑟+ statistics (mean±std over seeds).

Real Null (shuffle)

Dataset mean median q10 q90 mean median q10 q90

Douban-Book 0.633±0.009 0.661±0.012 0.200±0.000 1.000±0.000 0.725±0.010 0.770±0.024 0.314±0.023 1.000±0.000
Epinions 0.627±0.026 0.623±0.054 0.281±0.031 1.000±0.000 0.697±0.014 0.684±0.033 0.316±0.033 1.000±0.000
Yelp2018 0.701±0.012 0.736±0.018 0.317±0.020 1.000±0.000 0.612±0.008 0.574±0.039 0.250±0.000 1.000±0.000

sum of squared errors (SSE):

SSE =

𝐾𝑐∑︁
𝑘=1

∑︁
𝑖∈V𝑘

∥z𝑖 − 𝝁𝑘 ∥22, (D.4)

where V𝑘 is the set of items assigned to cluster 𝑘 and 𝝁𝑘 is the
centroid.

User intent sets. Given the selected clustering, each cluster index
corresponds to an intent group. For each user𝑢, we define C𝑢 as the
set of intent groups that contain items the user interacted with in
the training split. These sets are then used to compute the directed
intent overlap 𝑟+𝑢←𝑣 in Eq. (1).

Reproducibility notes. To reduce dependence on a single clus-
tering initialization, we repeat K-means with multiple random ini-
tializations and always select the partition with the lowest SSE,
following the procedure in Section 2. We further report robustness
statistics as mean±std over five random seeds in Appendix C.

E Rotation Construction for ΔTopShare
This section details the random-rotation construction used for com-
puting ΔTopShare in Eq. (4) in Section 2.

Deviation vectors. For each directed social tie, we obtain a devi-
ation vector d ∈ R𝐷 from the anchor-orthogonal decomposition
described in Section 2. We compute TopShare(d) as the fraction
of ℓ2 energy captured by the top-⌈𝜌𝐷⌉ dimensions ranked by |𝑑𝑘 |
(with 𝜌 = 0.3).

Random orthogonal rotation. To construct drot = Qdreal, we sam-
ple an orthogonal matrix Q ∈ R𝐷×𝐷 from the Haar measure, which
preserves ∥d∥2 while randomizing the coordinate axes. In practice,
we draw a Gaussian random matrix G ∈ R𝐷×𝐷 with i.i.d. entries,
perform QR decomposition G = QR, and apply a diagonal sign
correction using R so that Q is Haar-distributed.

Rotation baseline in ΔTopShare. We compute the difference for
each tie:

ΔTopShare = TopShare(dreal) − TopShare(drot). (E.5)

If the deviation component exhibits dimension-wise concentration
in the learned embedding basis, rotating the axes should weaken
this concentration on average. A positive ΔTopShare indicates that
deviation energy is more concentrated in the learned basis than
under a random rotation, supporting the dimension-wise concen-
tration evidence in Sec. 2.2.
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