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Abstract

Graph Contrastive Learning (GCL) methods for recommendation
learn representations by propagating signals over user-item inter-
action graphs. However, modeling these graphs with homogeneous
edges can lead to semantic-structural misalignment, where informa-
tion is exchanged between structurally adjacent but semantically
dissimilar items, adversely affecting retrieval quality. Existing solu-
tions typically rely on auxiliary encoders or additional supervision,
increasing model complexity and training cost. We propose ACE
(Affective Contrastive Embeddings), a framework that improves rep-
resentation alignment by incorporating affective semantics into con-
trastive learning. ACE encodes the affective dimensions of valence
and arousal as a topological prior, encouraging consistency between
learned embeddings and an affective semantic space distilled from
large language models. To operationalize this alignment, we intro-
duce a Semantically Weighted Noise Contrastive Estimation (SW-NCE)
loss that modulates contrastive gradients according to users’ affective
preferences. Experiments on Amazon, Last.fm, and SiTunes demon-
strate that ACE consistently improves top-K retrieval performance
over 11 baselines while reducing computational overhead. These
results indicate that affective geometric alignment is an effective and
efficient mechanism for enhancing graph-based retrieval models.
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1 Introduction

Music consumption is an inherently emotional activity, distinct from
the utilitarian dynamics of e-commerce or news recommendation.
Recent research in user modeling [1, 32] suggests that users do not
merely consume content but consume moods, transitioning from
high-energy workout playlists to melancholic introspection. Con-
sequently, the quality of a recommendation depends as much on
semantic coherence, aligning with the user’s emotional trajectory, as
on collaborative probability. Algorithmic approaches to recommen-
dation relying on a Graph Neural Network architecture have shown
their superior performance by exploiting the bipartite graph nature
of user-item interaction signals [36]. Among these approaches, those
based on Graph Contrastive Learning (GCL), such as Wu et al. [41]
and Yu et al. [46], are the most promising in terms of accuracy in
computing the recommendation list.

Unfortunately, the dominant paradigm in GCL operates under a
“structural reductionist” assumption [12]. State-of-the-art models
such as UltraGCN [22] and XSimGCL [45] achieve efficiency by sim-
plifying message passing but remain “emotionally deaf,” treating the
interaction graph as a static topology of identical binary edges. This
leads to Semantic Incongruence: the structural proximity enforced by
the collaborative objective often contradicts the semantic coherence
required for user satisfaction [37]. Conversely, feature-based models
and Context-Aware Recommender Systems capture attribute-level
semantics [5], but fail to model high-order collaborative signals in
the graph structure [36]. A growing trend attempts to bridge this gap
using Large Language Models (LLMs) [55], but they often suffer from
collaborative blindness, possessing world knowledge yet lacking
access to the interaction graph [50]. The prevailing solution of ar-
chitectural stacking adds computationally heavy auxiliary encoders
or attention mechanisms on top of a GCN backbone [48]. We argue
that this approach is theoretically redundant, attempting to learn
via complex architecture what should be encoded via geometry.

We propose Affective Contrastive Embeddings (ACE), a frame-
work that incorporates the psychological dimensions of valence and
arousal [28] not as auxiliary features, but as a topological prior in
contrastive representation learning. ACE enforces Semantic Isomor-
phism, a geometric constraint requiring the learned latent topology
to align with an affective manifold distilled from large language mod-
els. To realize this objective, we introduce a Semantically Weighted
Noise Contrastive Estimation loss (SW-NCE), which modulates rep-
resentation learning by shifting neighborhood aggregation from
the forward pass to the backward pass. We interpret the resulting
optimization dynamics through the lens of anisotropic diffusion [9],
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enabling ACE to selectively attenuate gradient propagation across
semantically dissimilar neighborhoods without relying on explicit
graph convolution operations. Furthermore, ACE addresses user
heterogeneity via Adaptive Sensitivity Coefficients, which allow the
model to differentiate between users with stable affective preferences
and those exhibiting more diverse interaction behavior. Extensive
experiments across Amazon Digital Music [23], Last.fm [32], and
SiTunes [16] confirm that ACE outperforms 11 state-of-the-art base-
lines. By resolving semantic constraints via the loss function rather
than the architecture, ACE operates as a “0-layer” model during infer-
ence, offering a sustainable Green Al solution that leverages LLMs
as Semantic Oracles to guide latent geometry without burdening
deployment. Our code is available in the ACE Github repository.

2 Related Work

Modern collaborative filtering is defined by a fundamental tension be-
tween structural learning and semantic understanding [34, 47]. While
Graph Contrastive Learning dominates the former, and Context-
Aware RS the latter, current efforts to reconcile them typically culmi-
nate in architectural stacking, layering auxiliary encoders atop graph
backbones [40]. This section reviews these paradigms and situates
ACE as a geometric unification of the two.

Graph Contrastive Learning extracts self-supervised signals by
maximizing mutual information between views of the interaction
graph. Recent advances have moved away from computationally
expensive structural augmentations (such as edge dropout) toward
theoretical simplifications that generate views via lightweight em-
bedding perturbations [46].

Stochastic View Generation and Signal Denoising. Early frame-
works like SGL [41] established the paradigm by generating views
via node/edge dropout. Building on the simplified linearity of Light-
GCN [19], subsequent research prioritized efficiency. UltraGCN [22]
approximated infinite-layer convolution via constraint losses, while
SimGCL [46] and XSimGCL [45] demonstrated that complex graph
augmentations are unnecessary, replacing them with noise injection
in the embedding space. LightGCL [8] further refined this by utilizing
SVD to distinguish global collaborative signals from local noise.

Theoretical Unification of Optimization and Aggregation. Re-
cent literature shifts towards theoretical unification and dynamic
modeling. Light GCN++ [21] and LightGODE [49] address over-
smoothing via improved sampling and continuous ODE dynam-
ics, respectively, while MixRec [51] employs “Mixup” strategies to
synthesize virtual interactions for sparse settings. A significant para-
digm shift has been the theoretical unification of contrastive learning
and neighborhood aggregation. EGCF [52] and ESIGCF [44] propose
embedding-less architectures to reduce memory overhead. Most no-
tably, LightCCF [53] proved that the gradient descent of the InfoNCE
loss is mathematically equivalent to graph convolution. However,
while this unifies structure and optimization, it treats the underly-
ing graph as semantically neutral, failing to distinguish between
structural connectivity and affective coherence.

Semantic Incongruence in Structural Topologies. Despite these
advances, GCL methods remain “emotionally deaf” By optimizing
strictly for structural proximity, they enforce a topology where di-
vergent thematic categories, such as a melancholic breakup ballad
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and a high-energy party anthem, are treated as equivalent positive
samples, leading to semantic incongruence. ACE addresses this limita-
tion not by introducing additional layers, but by enforcing Semantic
Isomorphism directly within the loss landscape.

Emotion-aware recommender systems align recommendations
with psychological priors [30], typically grounding representation,
such as Valence and Arousal, in Russell’s Circumplex Model [28].
While early methods relied on manual tagging, recent approaches
use LLMs to extract affective features from multimodal content [32].

Feature-Based Contextual Fusion. The prevailing integration
strategy treats affective context as an auxiliary feature vector con-
catenated with user and item embeddings. Shallow architectures
like FM [26] and AFM [42] model second-order interactions, while
deep architectures such as Wide&Deep [10], DeepFM [17], and
DCNvV2 [33] employ cross-networks to capture high-order feature
intersections.

The reviewed methods suffer from architectural stacking, attempt-
ing to learn semantic alignment using complex feature-interaction
modules rather than geometric constraints. This decouples the se-
mantic manifold from the collaborative graph structure.

3 Preliminaries
3.1 Notation and Problem Definition

Let U ={uy,...,upr} and T ={iy,...,in } denote the sets of users and
items, respectively. The interactions are represented by the binary
matrix Re {0,1 }M XN where r,; =1 indicates an observed interaction.
We associate each entity with learnable embedding vectors e,,.e; €
Z cRY, where Z is the latent space of embedding dimension d.

3.1.1  The Semantic Manifold Hypothesis. Standard collaborative
filtering operates under a “structural reductionist” assumption [12],
treating items as atomic nodes. We challenge this by assuming that
every item exists not only in the discrete graph topology but also in
a continuous semantic space.

DEFINITION 1 (THE SEMANTIC MANTFOLD). Let S CcR”, with
h being the dimensionality of the semantic space, be a continuous, dif-
ferentiable manifold where the distance metricds(-,-) corresponds to
semantic dissimilarity. We assume the existence of a mapping function
®:7 — S that projects an item i to a coordinate vectorc; €S.

3.1.2  Ensemble Semantic Distillation. To operationalize ®, we treat
the Large Language Model (LLM) as a Semantic Oracle ®rpm(+) [39].
Since generative models are inherently stochastic, a single prompt
may yield a hallucinated representation, we propose a consensus-
based extraction mechanism to construct a robust manifold.

DEFINITION 2 (ENSEMBLE SEMANTIC DISTILLATION). We de-
fine the robust semantic coordinate c; as the expectation of the oracle’s
projection @11 0(+) over a prompt space P, where the different p € P
contain the system instruction and a random portion of the permuted
item list. We define Ensemble Semantic Distillation as the Monte
Carlo approximation of this expectation using a “council” of Q distinct

prompts {p,...po}:

Q
=By p [Buuaip)] > 5 D Puan(ip), 1)
q=1
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where @11 (i,pg) is the output generated under prompt context pq.

Ensemble Semantic Distillation is introduced since the expecta-

tion E,p is computationally infeasible (due to the number of pos-
sible permutations). It acts as a noise-cancellation mechanism [38],
distilling a stable semantic consensus.
Affective Manifold Instantiation. While ACE is generic to any
semantic domain, in this study, we instantiate S as the Affective Man-
ifold. Here, c; = [v;,a;] € R? represents the Valence (positivity) and
the Arousal (energy) of the item. This 2D continuous space allows us
to model complex emotional transitions (e.g., from “Sad” to “Happy”)
as geometric trajectories rather than discrete category jumps.

3.1.3  User Anchor and Semantic Incongruence. Having established
the item manifold, we define the user’s position within it, and we
formalize the fundamental limitation of existing GCL models.

DEFINITION 3 (USER AFFECTIVE ANCHOR). Wedefine a user’s se-
mantic positionc, €S asthe centroid of their historical interactions Ny, :

cu:ﬁ Zci. 2)

This vector represents the user’s “affective comfort zone” and
serves as the geometric anchor for our contrastive alignment.

DEFINITION 4 (SEMANTIC INCONGRUENCE). Given a user-item
pair (u,i) with an observed interaction r; = 1, Semantic Incongru-
ence occurs when the structural proximity in the interaction graph
contradicts the semantic distance in the manifold S. Formally, a pair
is incongruent if:

sim(e,.e;)>& AND dg(cy.c;)>e€, 3)

where sim(-,-) is the structural similarity, and &, € are thresholds for
structural similarity and semantic distance, respectively.

Existing models only optimize for the former while ignoring the
latter, leading to “emotionally deaf” representations.

3.2 Contrastive Learning as Aggregation

State-of-the-art collaborative filtering models, such as LightGCN,
rely on explicit graph convolution layers to aggregate neighborhood
information [19], typically following the rule el(,kH) =YieN, am-ei(k)

where a,,; represents the graph normalization coefficient W
u o

with |V, | being the number of the historical interactions of the neigh-
bor v, and k being the convolution layer. While effective, this oper-
ation is computationally expensive and prone to over-smoothing.
Explicit message passing has been shown to be theoretically redun-
dant when using contrastive objectives [53].

Consider the standard InfoNCE loss for a user-item pair (u,i) [41]:

exp(eges/7)
2 exp(ege;/1)’
jeB
©)
where B is a batch of items, and 7 is the temperature. Analyzing the

gradient of this loss with respect to the user embedding e,, reveals
the implicit optimization:

L exp(sim(ene)/T)
Lo (ui)= log Y, exp(sim(eu,ej)/f) =log
JjeB

Ve Loroc(pui=Dei+ D pujej ®)
e e jEB_ N——

Pull Positive Push Negatives
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where py; (py;) is the softmax probability, namely the predicted
probability of item i (j) being the positive match for u, and 87 is
the set of negative items in the optimization step. Since p,; < 1
the term (p,; — 1) is negative. In gradient descent, this pulls e,
towards e;. Conversely, the term p,,; is positive. In gradient descent,
this pushes e, away from the negative embeddings e;. This implies
that optimizing the InfoNCE loss is mathematically equivalent to
performing neighborhood aggregation, as it minimizes the distance
between a user and their interacted items in the latent space.
Semantic Blindness. Standard formulations perform indiscrimi-
nate aggregation. The objective pulls the user embedding towards
all interacted items with equal force, modulated only by the dot prod-
uct, regardless of semantic consistency. If a user interacts with an
item inconsistent with their usual preferences (e.g., out of curiosity),
blindly aggregating such items introduces “semantic noise.” This
observation motivates our proposed method, which seeks to filter
these noisy aggregations via semantic weighting.

4 ACE: Affective Contrastive Embeddings

In this section, we present ACE (Affective Contrastive Embeddings).
Building upon the theoretical insight that contrastive learning inher-
ently performs neighborhood aggregation (Section 3.2), we propose
a framework that replaces explicit graph convolutional layers with a
geometry-aware contrastive objective. ACE does not treat affective
context as auxiliary features to be processed, but as a topological
prior that guides the gradient flow. We move the burden of context
integration from a mere architectural level to the optimization level.
This design is governed by a fundamental geometric principle we
term Semantic Isomorphism.

DEFINITION 5 (SEMANTIC IsOMORPHISM). We define Semantic
Isomorphism as the requirement that the learned latent space Z must
be homeomorphic to the local geometry of S (defined in 3.1). Formally,
assuming local convexity, for any useru and two itemsi, j, the optimiza-
tion objective loss L over 0 parameters must satisfy the monotonicity
condition:

ds(cu,ci) <ds(cuc;) = Vo L) >IVoLw ). (6)

This constraint ensures that the magnitude of the gradient flow is
inversely proportional to the semantic distance. Consequently, the
model effectively dampens the learning signal derived from “emo-
tional noise” (interactions that are structurally positive but semanti-
cally incongruent with the user’s emotional state), while accelerating
convergence for emotionally resonant items. To enforce this isomor-
phism without incurring the computational cost of heavy auxiliary
encoders, ACE implements four coupled mechanisms: Latent Space
Injection (Sec. 4.1) initializes the latent space geometry using affec-
tive priors; Adaptive Semantically-Grounded Modeling (Sec. 4.2)
introduces two separate user-specific mood sensitivity coefficients;
Semantically-Aware Ranking with Penalty (Sec. 4.3) integrates mood
sensitivity in the scoring function; Semantically-Weighted Noise
Contrastive Estimation (NCE) loss (Sec. 4.4) modulates the gradient
flow via a mood-sensitive weighting function.

4.1 Latent Space Injection

The standard approach in Context-Aware Recommender Systems in-
volves concatenating auxiliary features to user and item embeddings
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or processing them via attention heads [33, 42]. We argue that this
complexity is unnecessary. We treat affective context as a geometric
prior, encoding semantic signals into the embedding initialization.
We define a linear projection ¢ : R? — R¢ that maps the semantic
coordinates c €S of Valence and Arousal into the latent space:

$(€) =WoyaC+byg, (7)

where W, and by, are trainable parameters. We inject this signal
into the user and item embeddings to obtain context-enriched rep-
resentations z, and z;:

zy=e,+6¢(cu), zi=ei+5¢(cy), ®

where § modulates the representation enrichment. This operation
acts as a Semantic Positional Encoding [56]. Rather than increas-
ing the dimensionality of the input, it shifts the embeddings in the
vector space based on their emotional characteristics before any col-
laborative learning occurs. This enforces a geometric initialization
where entities with similar affective profiles are naturally organized,
providing a starting point for the contrastive alignment.

4.2 Adaptive Semantically-Grounded Modeling

A rigid application of affective priors assumes that all users are
equally driven by mood. This assumption is flawed; while some
users strictly adhere to emotional anchor (e.g., maintaining a “sad”
mood), others are eclectic explorers whose interactions span the emo-
tional spectrum [27]. Enforcing strict Valence-Arousal alignment for
the latter group would be detrimental. To address this, we introduce
learnable user-specific weights that allow the model to automatically
distinguish between “mood-sensitive” and “mood-agnostic” users.
We define two scalar parameters for each user u:

(1) A%:Score-Oriented Mood Sensitivity. This parameter governs
the recommendation logic by controlling the semantic penalty
applied to candidate items based on their distance from the user’s
affective anchor. The model dynamically decides whether to en-
force strict adherence to the user’s current mood or to permit
broader exploration of the semantic manifold for eclectic users.

(2) AL: Aggregation Mood Sensitivity. This parameter modulates
the Semantically-Weighted NCE loss. It determines the user-
specific sensitivity to semantic dissonance, controlling how ag-
gressively the model dampens the gradient flow from interac-
tions that are structurally positive but affectively incongruent.
This effectively allows the model to learn a personalized filter
for the user’s interaction history.

The parameters are learned end-to-end, allowing ACE to dynamically
adjust its reliance on semantic priors based on the user’s behavior.

4.3 Semantically-Aware Ranking with Penalty

To generate rankings that are both accurate and semantically co-

herent, we employ a Bayesian Personalized Ranking (BPR) loss aug-

mented with an explicit semantic penalty. The predicted score §;

is given by:

Gui =sim(zu,2i) —a- Ay -ds (Cuci) +-bi = 22— A - llcu—cilla+B-bi.
©

This scoring function comprises three terms: the latent collabora-

tive similarity (z z;), an explicit re-ranking penalty weighted by the

user’s mood sensitivity weight A, and an item bias term b;. Here,
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the hyperparameter « acts as a global semantic parameter, determin-
ing the severity of the penalty for affective incongruence, while
modulates the influence of intrinsic item popularity bias on the final
ranking. This ensures that for mood-sensitive users, items with high
emotional distance are explicitly demoted in the ranking list.

4.4 Semantically-Weighted NCE Loss

Standard Graph Contrastive Learning [41] performs indiscriminate
aggregation, as discussed in Sec. 3.2, pulling user embeddings to-
wards all positive items with equal force. We propose Semantically-
Weighted Noise Contrastive Estimation (NCE) loss, a mechanism that
performs soft-filtering of the interaction graph via the loss func-
tion. We first compute a confidence weight wy; for each interaction,
representing its semantic incoherence:

wui =y A-ds(cuci) 2y- AL leu—cilla. (10)

Here, ds(cy,c;) is the Euclidean distance in the affective manifold S,
and y isa global hyperparameter. As the emotional distance increases,
wy,; increases, signaling a likely noise interaction. We integrate wy,;
into the InfoNCE objective by modulating an adaptive semantic mar-
gin for the positive pair, obtaining a Semantically-Weighted NCE loss:

exp((sim(zy,z;) +wyi) /T)
exp((sim(zu.z;) +wy;) /7))
eB

(11)

Lswnce(u,i)=—log

J

where sim(-,) is a dot product and B represents the set of users and
items in a batch. This formulation implements Semantic Gradient
Weighting via an adaptive margin mechanism. When wy,; is high
(indicating semantic incongruence for a positive interaction), the
similarity score is artificially inflated. Consequently, the magnitude
of the gradient V£ is reduced for that specific pair, allowing the
model to “learn less” from emotionally dissonant interactions and
perform denoising via gradient descent. This additive formulation
also naturally handles negative samples. For a semantically distant
negative item j, a large w,; increases its contribution to the denom-
inator’s partition function. This upward shift in the negative’s score
strengthens the repulsive gradient, pushing the dissonant item fur-
ther from the user’s representation. This design choice enforces a
stricter geometric constraint than simple loss re-weighting. As es-
tablished in margin-based representation learning literature [13, 31],
multiplicative loss weights merely scale the gradient step size with-
out altering the optimal target distance between embeddings. An
additive margin, instead, explicitly shifts the decision boundary,
forcing the latent space to physically reorganize to satisfy the se-
mantic topological prior. This aligns with Riemannian Optimization
principles, where the step size is large along semantically consistent
manifolds and dampened across semantic faults [14, 24].

4.5 Optimization and Complexity Analysis

The model is trained end-to-end by minimizing the joint loss:
L="Lppr+wswNce Eqwi-r[Lswnce(wi) [ +AOl5  (12)

where wsw ncE balances the representation learning and the ranking
task, and A, is the regularization coefficient.

Time Complexity. Standard GCN-based models (e.g., LightGCN,
SGL) rely on explicit message passing layers to aggregate neighbor-
hood information, incurring a computational cost of O(L- |E|-d) per
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epoch, where L is the number of layers, |E| is the number of edges,
and d is the embedding dimension. However, recent theoretical ad-
vancements by LightCCF [53] have shown that the gradient descent
of the contrastive loss function is mathematically equivalent to per-
forming graph convolution, suggesting that explicit stacking of GCN
layers is theoretically redundant, often leading to over-smoothing
without additional gain. Leveraging this insight, ACE adopts the
“0-layer” paradigm. By relying on the Semantically-Weighted NCE
loss to handle structural aggregation during the backward pass, we
eliminate the need for explicit graph convolutions during the for-
ward pass. Consequently, forward propagation in ACE is reduced to
a simple lookup operation followed by latent space injection (Eq. 8).
For a user u and item i, the inference score is computed as the dot
product of their semantically-enriched embeddings, penalized by
the user’s specific sensitivity gate AS (Eq. 9). This reduces the in-
ference time complexity to O(d) per pair, matching the speed of
Matrix Factorization. Crucially, the training complexity per epoch
is reduced to O(|E|-d), removing the multiplicative factor L and the
overhead of sparse matrix multiplications required by GCNs.

Space Complexity. A critical bottleneck in scaling GCNs to in-
dustrial datasets is the memory requirement for storing the sparse
adjacency matrix on the GPU. Standard models such as Light GCN
and SGL have a space complexity of O((M+N)d+|E|), where storing
the graph structure | E| often dominates memory usage for large-scale
sparse graphs. In contrast, ACE operates as an embedding-less GCN
during the forward pass. Since the structural information is encoded
implicitly via the contrastive loss sampling rather than explicit ma-
trix multiplication, ACE does not require loading the adjacency ma-
trix into VRAM. The space complexity of ACE is strictly O((M+N)d),
allocated solely for user and item embeddings and lightweight aux-
iliary vectors (e.g., sensitivity coefficients A,,). By decoupling space
complexity from graph density |E|, ACE achieves linear scalability
with respect to the user-item population. This facilitates deployment
on industrial-scale datasets, effectively circumventing the memory
bottlenecks that typically constrain traditional GCNs.

4.6 ACE as Anisotropic Manifold Diffusion

To understand the advantage of ACE over standard GCL, we ana-
lyze the gradient dynamics of the Semantically-Weighted NCE loss
(Eq. 12). Standard GCNs perform isotropic smoothing [9]: they ag-
gregate information from all neighbors N, equally (normalized by
degree), effectively treating the graph as a heat conductive surface
with uniform thermal conductivity. This leads to the well-known
“oversmoothing” problem where distinct user interests are washed
out. In contrast, the gradient of the ACE objective with respect to
the user embedding e, can be derived as:

Ve, Lacee ) (1=pui(wui))-e; (13)

PEN,

Conductance Cy,;
where py; is the prediction probability modulated by wy,; (defined
in Equation (10)). This formulation follows Anisotropic Diffusion [25].
Here, the term Cy; = (1 — py;) acts as the conductance coefficient.
When the semantic distance between a user’s anchor and an item is
high, wy; increases, artificially inflating the logit value. This forces
pui — 1. Consequently, the conductance term Cy; — 0, effectively
halting the diffusion of information. Thus, ACE does not merely
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Table 1: Statistical summary of the experimental datasets.

Dataset #Users #Items #Interactions Sparsity
AmazonDM 100,952 70,519 130,434  99.9982%
Last.fm 52,829 815,631 2,200,763 99.9949%
SiTunes 30 298 1850  79.3065%

“weight” samples; it dynamically alters the topology of the latent
space during optimization, creating “semantic cuts” in the graph
where structural edges exist but semantic coherence is lost. This
explains why ACE avoids the collaborative blindness of standard
GCN s without requiring explicit attention layers.

5 Experimental Setup

To validate the effectiveness of ACE, we conduct extensive exper-

iments to answer the following research questions:

e RQ1: Does ACE outperform state-of-the-art graph-based and
feature-based baselines in terms of recommendation accuracy,
and how does it navigate the trade-off between accuracy and
diversity (popularity bias)?

e RQ2: How effective are the Adaptive Sensitivity Coefficients in cap-
turing user heterogeneity, and can they autonomously balance the
trade-off between semantic consistency (for mood-driven users)
and structural exploration (for eclectic users)?

e RQ3: Does ACE achieve a superior efficiency profile regarding
training carbon footprint, and memory scalability by operating
as a “0-layer” model?

e RQ4: Do Large Language Models act as reliable Semantic Oracles?
Does LLM-distilled affective manifold exhibit geometric isomor-
phism with real human emotional perception?

5.1 Datasets

To evaluate the robustness of ACE we utilize three music bench-
marks: Amazon Digital Music, Last.fm, and SiTunes. The statistics
for these datasets are summarized in Table 1.

Amazon Digital Music. We utilize the Amazon Review Digital
Music Dataset [23]. We retain the original non-binarized ratings
(1-5 stars) to enable explicit feedback models to leverage the full
granularity of user preferences, while implicit feedback baselines
can internally binarize interactions using the standard threshold.

Last.fm. We adopt the Last.fm dataset introduced in Wang et al. [32].
We deliberately discard the user-generated tags, which often suffer
from semantic propagation errors. Instead, we rely on our distilled
affective priors to test the model’s capacity to correct structural noise.

SiTunes. To substantiate our semantic manifold hypothesis with
psychometric ground truth, we incorporate SiTunes [16], a situa-
tional music recommendation dataset containing rich physiological
and psychological signals. Unlike massive-scale datasets where af-
fectisinferred, it provides human-annotated Valence-Arousal labels,
used in RQ4 to validate the geometric isomorphism of the learned
manifold.

A contribution of this work is the construction of the Affective
Manifold S via the Ensemble Semantic Distillation process defined
in Definition 2. To operationalize this, we employ a state-of-the-art
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Prompt: "For each song in the list below (track id, track name
by artist), provide the most precise estimated value of valence
(musical positiveness) and arousal (energy/intensity) score on a
scale from 0.0 to 1.0:

198392, New Storms for Older Lovers by La Dispute

40904, They Dance Alone by Sting"

. J

Figure 1: Ensemble Semantic Distillation prompt. We
aggregate K Monte Carlo LLM queries to derive a stable
Valence-Arousal centroid c; from metadata.

Foundation Model, Gemini 2.5 flash lite [29], as the Semantic Oracle,
configured with a fixed temperature and top-p at 0 and 0.95, respec-
tively. For every unique track, we extract continuous Valence and
Arousal coordinates c; € R2. Figure 1 reports the prompt used to
retrieve the Valence and Arousal values. To mitigate the inherent
stochasticity of generative models, we set the Monte Carlo ensemble
size to Q =10, querying the oracle with batched items shuffled with
seeds ranging from 42 to 51, eliciting Valence and Arousal scores on a
continuous scale of [0,1]. The semantic coordinates c; are computed
as the centroid of these responses. This offline extraction, with the
coordinates frozen, ensures that the LLM’s computational cost is
decoupled from the recommender system’s training and inference.

5.2 Baselines

To evaluate ACE, we compare it, using the WarpRec framework [6],
against 11 state-of-the-art baselines, categorized into Graph-based
and Feature-Based, to highlight the trade-off between modeling high-
order collaborative signals and integrating semantic context.

Graph-Based Models. These models prioritize topological signal
propagation. We include LightGCN [19] as the foundational lin-
ear backbone. Representing Graph Contrastive Learning, we select
SGL [41] and LightGCL [8], which generate views via structural
dropout and SVD-based global signal extraction, respectively. Fo-
cusing on computational efficiency, we include UltraGCN [22] and
XSimGCL [45]; these methods approximate infinite-layer convolu-
tion via constraint losses and embedding noise injection, thereby
bypassing explicit message passing. Finally, we incorporate recent
theoretical advancements: EGCF [52], which utilizes an embedding-
less architecture for memory scalability, and LightCCF [53], which
unifies contrastive optimization with neighborhood aggregation.

Feature-Based Models To validate the hypothesis that “structure
aloneisinsufficient,” we compare against feature-based architectures:
FM [26], AFM [42], Wide&Deep [10], and DCNv2 [33]. These mod-
els explicitly ingest the exact same LLM-derived Valence-Arousal
vectors as ACE. However, they process this context via architectural
stacking—treating affect as an auxiliary feature interaction—rather
than as a geometric prior, allowing us to directly test the efficacy of
topological alignment over feature concatenation.

5.3 Evaluation Metrics

To provide a holistic assessment of ACE, we move beyond simple
accuracy maximization [4] to test the geometric and semantic prop-
erties of the learned latent space. We report standard top-K ranking
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metrics, NDCG@K and Recall@K (with K = 10), as our primary
benchmark for collaborative utility. However, we argue that accu-
racy alone is insufficient to validate semantic alignment; a model
can easily maximize Recall by recommending structurally dominant
“pop” songs while remaining “emotionally deaf” to the user’s specific
mood. To detect this scenario, we analyze the distributional prop-
erties of the recommendations. We report the Gini Index to quantify
the inequality of recommendation frequency (where a lower score
indicates mitigation of the “Matthew Effect”) and Expected Popu-
larity Complement (EPC) to measure the model’s ability to surface
semantically relevant but structurally sparse items from the long tail.

5.4 Implementation Details

Data Splitting. To simulate real-world scenarios, we employ a tem-
poral holdout strategy. For each user, interactions are sorted by times-
tamp; the most recent 10% of interactions are reserved for the test set.
Hyperparameter Settings. To ensure reproducibility and fair com-
parison, all models are implemented in PyTorch and trained on a
single NVIDIA A100 GPU. We optimize using the Adam optimizer
with a batch size of 4096. We employ an early stopping strategy
with both patience and grace period set to 20 epochs, monitoring
nDCG@10 with 100 negative samples in evaluation. For the fixed
parameters, the regularization coefficient and dropout rate are set
to 107 and 0.1, respectively, while wx4 is fixed at 1. The optimal
hyperparameters are identified via grid search strategies: the embed-
ding size is selected from {64,128,256,512}, and the learning rate is
tuned within {1071,1072,1073,107%,107°}. We ablate the coefficients
a, B, v, and § over the set {0,1}, while the temperature parameter ¢
is selected from {0.15,0.22,0.4}. For baselines, we utilize the optimal
hyperparameters tuned via the same grid search protocol.

6 Results and Discussion

In this section, we present a comprehensive evaluation of ACE. We
benchmark against state-of-the-art graph-based and feature-based
baselines (RQ1). We then deconstruct the model’s internal mechan-
ics, investigating whether the Adaptive Sensitivity Coefficients suc-
cessfully capture user heterogeneity by balancing semantic con-
sistency for mood-driven users against structural exploration for
eclectic ones (RQ2). Subsequently, we validate the efficiency claims
of our “0-layer” inference paradigm, analyzing the training carbon
footprint to determine if ACE qualifies as a sustainable Green Al
solution (RQ3). Finally, we assess the reliability of the LLM-derived
affective manifold by quantifying its Geometric Isomorphism with hu-
man emotional perception using psychometric ground truth (RQ4).

6.1 RQ1: Structural-Semantic
Alignment and Recommendation Efficacy

To rigorously validate the hypothesis that Semantic Isomorphism pro-
vides a superior inductive bias compared to architectural complexity,
we benchmark ACE against 11 state-of-the-art baselines. Table 2
summarizes the performance across three datasets. The empirical
results substantiate three critical findings regarding the interplay
between latent geometry and collaborative filtering.
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Table 2: Top-10 ranking performance. Bold and underlined denote best and second-best results. ¥ and * indicate statistical
significance over the specific baseline and all baselines, respectively (paired t-test, p <0.05), under Bonferroni correction.

Model Amazon Digital Music Last.fm SiTunes

nDCGT Recalll EPCT Gini| nDCGT Recall] EPCT Gini| nDCGT Recall EPCT Gini|
FM [26] 0.3395 0.5152 0.0753 0.8636 0.6085 0.6915 0.3215 0.8355 0.4558+ 0.5023 0.0410 0.8189
Wide&Deep [10] 0.3155 0.4842 0.0699 0.8929 0.5360 0.6323 0.2846 0.8202 0.4731 0.5200 0.0545 0.8225
AFM [42] 0.3234 0.4954 0.0717 0.8784 0.5121 0.6117 0.2722 0.8813 0.4734 0.5020 0.0464 0.8305
DCNv2 [33] 0.3073 0.4798 0.0681 0.7678 0.5251 0.6259 0.2786 0.8543 0.4694 0.5045 0.0429 0.8164
LightGCN [19] 0.3037 0.3703 0.0673 0.5829 0.7659 0.8308 0.3993 0.8349 0.5370 0.5932 0.0519 0.7998
UltraGCN [22] 0.4276 0.5766 0.0947 0.8386 0.7815 0.8259 0.4070 0.8947 0.4305 0.4224F 0.0501 0.8590
SGL [41] 0.3141 0.3787 0.0698 0.5870 0.8217 0.8569 0.4261 0.7656 0.3593F 0.34707 0.0189 0.5741
LightGCL [8] 0.3132 0.3887 0.0695 0.6471 0.7666 0.8146 0.3999 0.7801 0.39207F 0.41807F 0.0269 0.6733
XSimGCL [45] 0.3180 0.3863 0.0706 0.6154 0.7909 0.8164 0.4116 0.7459 0.3736F 0.3622 0.0273 0.5191
EGCF [52] 0.3112 0.3928 0.0691 0.6999 0.8367 0.8661 0.4328 0.7899 0.6079 0.6620 0.0553 0.7508
LightCCF [53] 0.2643 0.3240 0.0587 0.5546 0.8383 0.8617 0.4331 0.7617 0.25667 0.2157F 0.0117 0.5452
ACE (Ours) 0.4928" 0.6364" 0.1093* 0.8088 0.8601" 0.8961" 0.4433" 0.8040 0.6025 0.6400 0.0567 0.7361

6.1.1 Overcoming the Limits of Architectural Stacking. ACE
consistently outperforms both structure-centric (e.g., LightGCN, Ul-
traGCN) and context-centric (e.g., Wide&Deep, DCNv2) paradigms
on the large-scale Amazon and Last.fm datasets. On Amazon Dig-
ital Music, ACE achieves a statistically significant improvement in
nDCG@10 over the strongest baseline, UltraGCN.

This result offers a profound critique of the architectural stacking
status quo: context-aware baselines ingest the exact same LLM-
derived Valence-Arousal vectors as ACE, yet they fail to match the
performance of graph-based models. This confirms the phenome-
non of Collaborative Blindness: treating affective context merely as
a feature interaction fails to leverage the high-order connectivity of
the user-item graph. Conversely, while recent efficient Graph Con-
trastive Learning models like Light CCF and EGCF successfully sim-
plify the graph topology, they hit a performance ceiling by remaining
“emotionally deaf”—optimizing for structural co-occurrence without
semantic regularization. ACE bridges this gap not by increasing ar-
chitectural depth, but by utilizing the affective manifold to modulate
gradient flow, effectively achieving the structural reach of GCNs
with the semantic precision of context-aware models.

6.1.2 Navigating the Accuracy-Diversity. A non-trivial out-
come of our analysis is the relationship between accuracy (nDCG)
and novelty (EPC). In standard Collaborative Filtering, optimizing
for retrieval accuracy typically exacerbates popularity bias, resulting
in lower EPC and a higher Gini coefficient [54]. ACE circumvents
this trade-off: on the Amazon dataset, it achieves the highest ac-
curacy (nDCG) concomitant with the highest novelty (EPC) and
a significantly reduced Gini coefficient compared to the runner-
up UltraGCN. We attribute this to the Semantically-Weighted NCE
loss. Popular items often accumulate interactions due to exposure
bias rather than genuine user preference (e.g., a “Sad” user clicking
a “Happy” viral track). By penalizing these “emotional noise” in-
teractions—structurally adjacent but semantically dissonant—ACE
implicitly down-weights false-positive popular items during the
backward pass. This filtering mechanism allows the model to surface
niche, long-tail items semantically congruent with the user’s mood,
demonstrating that high-fidelity recommendation requires geomet-
ric alignment rather than indiscriminate structural aggregation.

6.1.3 Robustness to Sparsity and Data Scale. The performance
differential across datasets highlights the utility of semantic priors
under varying data densities. On the massive, extremely sparse Ama-
zon dataset, ACE’s semantic injection is critical for connectivity,
yielding substantial gains. Conversely, on the small-scale, dense
SiTunes dataset, the structural signal is nearly complete (exhibiting a
sparsity of 79.3% compared to ~99.9% for the other datasets). In this
highly connected regime, purely structural models such as EGCF
naturally excel, and ACE demonstrates comparable efficacy. This be-
havior aligns with established findings in context-aware and hybrid
recommendation literature [18, 35]: when the interaction graph is
dense and fully observed, the collaborative signal is largely saturated,
thereby reducing the marginal utility of an explicit semantic or topo-
logical prior. Nevertheless, ACE maintains robust performance in this
environment, confirming that the integration of semantic constraints
does not degrade the underlying collaborative signal. More impor-
tantly, this result underscores that ACE is most impactful in sparse,
real-world scenarios, where structural information alone is insuf-
ficient and the semantic prior becomes crucial for accurate retrieval.

6.1.4 Efficiency as a Geometric Byproduct. Cross-referencing
these accuracy gains with the carbon footprint analysis in Figure 3,
ACE operates within the Green AI quadrant. Unlike architectural
stacking methods that achieve marginal accuracy gains through ex-
ponential parameter growth, ACE’s performance is driven by the
quality of the optimization signal rather than the quantity of pa-
rameters. By operating as a “0-layer” model during inference, ACE
confirms that aligning the latent space with the affective manifold
is not only effective but computationally sustainable.

6.2 RQ2: Adaptive Sensitivity
and the Semantic-Structural Trade-off

A core premise of ACE is that not all users are equally driven by affec-
tive coherence; some are “mood-sensitive” while others are “eclectic
explorers” This section studies whether the Adaptive Sensitivity Coef-
ficients (A% and A%) successfully capture this heterogeneity, analyzing
this at both the macroscopic (platform) and microscopic (user) levels.

6.2.1 Macroscopic Analysis: Platform-Specific Affective Cul-
tures. Figure 2 visualizes the density distribution of the learned
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Figure 2: Distribution of learned user-specific Adaptive
Sensitivity Coefficient (15). Distinct distributions validate the
necessity of user-level adaptation.

score-oriented sensitivity coefficient (1) across the three datasets.
The distinct morphological differences in these distributions reveal
that ACE captures the underlying “affective culture” of each plat-
form. On Amazon, the distribution is extremely narrow and peaked
around A = 1.0, reflecting the utilitarian nature of e-commerce where
users typically rate items strictly aligned with a specific intent, ne-
cessitating high semantic consistency. Conversely, Last.fm exhibits
significantly greater variance with a heavy tail, indicating that ACE
autonomously grants “semantic slack” to a larger portion of the user
base, enabling structural exploration beyond strict mood adherence
in a passive listening environment. SiTunes shows signs of bimodal-
ity, mirroring the controlled nature of the dataset, in which subjects
were induced into specific emotional states, creating distinct clusters
of “compliant” versus “resistant” subjects.

6.2.2 Microscopic Analysis: The “Semantic Shield” Mecha-
nism. To understand the dynamics of ACE, we analyze the Semantic
Shield Mechanism regulated by the score-oriented sensitivity co-
efficient. This parameter effectively governs the permeability of
the semantic filter a high A enforces strict adherence to the user’s
affective history, while a low A permits the model to prioritize
collaborative signals over semantic consistency. We examine two
distinct user archetypes from the Last.fm dataset to validate this
adaptive behavior.

e The Mood-Sensitive (High A5): User #8616 exhibits a focused
interest in high-energy Pop/Funk, resulting in a high-valence,
high-arousal centroid (V ~0.70,A ~ 0.68). Recognizing this seman-
tic homogeneity, ACE converges on a high sensitivity coefficient
(A% = 1.0). The predictions remain topologically identical to the
history (Semantic Distance ~0.05), ensuring that structural noise
does not dilute the user’s specific energy preference.

o The Eclectic Explorer (Low A%): User #33161 displays complex
behavior (| N,,| =53), oscillating between aggressive Metal and Pop.
A static semantic constraint would force recommendations toward
the geometric centroid—a “semantically ambiguous” mid-valence
point (V ~0.35) that satisfies neither the Metal nor the Pop mode.
Instead, ACE autonomously learns a low sensitivity (15 =~ 0.1),
effectively performing manifold relaxation. This allows the gradi-
ent flow to bypass the semantic penalty and follow the strongest
structural gradients (the Metal cluster). The resulting recommen-
dations are structurally relevant but semantically distinct from
the mean (V ~0.15), yielding a high Semantic Distance of 0.28.
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Table 3: Complexity analysis (per-epoch time; GPU space).
Notation: L: layers, |E|: interactions, d: dim, S: views, M, N:
users/items, q: rank, 7: avg. features, L.: cross layers. x:
memory for 0-th layer embeddings and graph structure.

Model ‘ Reference ‘ Time Complexity ‘ Space Complexity™
M ICDM °10 [26] O(|E|-n-d) O((M+N)d)
Wide&Deep | DLRS ’16 [10] O(|E|-(Ai+dpNN)) O((M+N)d+©pnN)
AFM IJCAI 17 [42] O(|E|-%-d) O((M+N)d+©44)
DCNv2 WWW 21 [33] O(|E|-Le-d?) O((M+N)d+L,-d?)
LightGCN | SIGIR °20 [19] O(L-|E|-d) O((M+N)d+|E|)
UltraGCN | CIKM °21 [22] O(|E|-d) O((M+N)d)
SGL SIGIR "21 [41] O(S-L-|E|-d) O((M+N)d+|E|)
LightGCL | ICLR '23 [8] O(L[|E|-d+q(M+N)d]) | O((M+N)d+|E|)
XSimGCL | TKDE '24 [45] O(L-|E|-d) O((M+N)d+|E|)
EGCF TOIS *25 [52] O(L-|E|-d) O(N-d+|E|)
LightCCF | SIGIR "25 [53] O(|E|-d) O((M+N)d)
ACE (Ours) | - | O(|E|-d) | O((M+N)d)

6.3 RQ3: Carbon Footprint vs. Accuracy

As recommender systems scale, the tension between performance
and computational cost becomes a critical bottleneck. We evalu-
ate whether ACE qualifies as a sustainable Green Al [7] solution
by analyzing its training efficiency, inference latency, and memory
scalability. While the generation of semantic priors via Ensemble
Semantic Distillation incurs a significant one-time computational
cost, we argue that this approach offers a more sustainable long-term
solution. By shifting complexity from a recurring training cost (i.e.,
deep GCN layers trained for many epochs) to a one-time, offline
inference cost, ACE dramatically reduces the computational bud-
get of the operational training and deployment loop. Our analysis
therefore focuses on this operational efficiency, which is critical
for large-scale systems [2, 3]. To ensure a rigorous assessment of
this operational phase, we used Codecarbon [11] to track real-time
emissions against state-of-the-art baselines.

6.3.1 Accuracy vs. Carbon Footprint Analysis. Figure 3 illus-
trates the recommendation performance (nDCG@10) against the
estimated carbon emissions (kg CO,eq/s) during training for Ama-
zon and Last.fm, this efficiency-accuracy trade-off is consistently
observed on SiTunes as well. The analysis reveals a distinct strati-
fication across the efficiency landscape:

e The High-Emission Cluster (UltraGCN, LightCCF): Despite
theoretical claims of simplification, these models exhibit emission
rates orders of magnitude higher than efficient competitors. Their
failure to achieve proportional accuracy gains suggests that archi-
tectural simplification alone does not guarantee sustainability.

e The Low-Emission Competitors (SGL, Wide&Deep): While
these models cluster in the low-emission quadrant, they suffer
from a “Performance Ceiling” They lack the geometric regular-
ization required to maximize retrieval quality, resulting in signif-
icantly lower accuracy.

e The ACE Advantage (Top-Left Quadrant): ACE dominates
the top-left quadrant, rendering the cost-performance trade-off
obsolete. It achieves state-of-the-art accuracy with emission rates
comparable to the simplest baselines. This confirms that Semantic
Isomorphism provides a superior optimization path compared
to architectural depth; by shifting context integration from the
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Figure 3: Recommendation performance vs. carbon footprint.
ACE (red star) achieves competitive accuracy with signifi-
cantly lower emission rates than baselines across Amazon
and Last.fm datasets.

forward pass to the loss function, ACE eliminates high-emission
training dynamics.

6.3.2 The “0-Layer” Inference Paradigm. ACE’s efficiency is
theoretically grounded in its “0-layer” design (Sec. 4.5), which de-
couples graph reasoning from architectural depth. As defined in
Table 3, unlike standard GCNs (e.g., LightGCN) that require recur-
sive neighborhood aggregation—scaling inference cost with graph
density O(|E|) and demanding heavy VRAM to store sparse adja-
cency matrices—ACE operates as an embedding-less GCN during the
forward pass. By shifting structural integration to the loss function,
the trained embedding e, inherently encapsulates the collaborative
signal. This yields two critical advantages:

e Inference Latency: Complexity is reduced to O(d) per pair (sim-
ple dot products), matching the speed of Matrix Factorization and
enabling real-time deployment.

e Memory Scalability: Space complexity is strictly O((M+N)d),
allocated solely for embeddings. This eliminates the need to load
the interaction graph into GPU memory, preventing Out-Of-Memory
(OOM) errors and ensuring linear scalability on industrial-scale
datasets.

6.4 RQ4:Semantic Oracle Validation

To validate the geometric isomorphism between the LLM-distilled
manifold (§) and human perception, we utilize SiTunes, the only
dataset in our suite with human-annotated Valence and Arousal
(V-A) scores, to answer a critical question: Does the LLM-derived la-
tent geometry reflect human emotional perception sufficiently to guide
the gradient descent? We analyze the alignment between the LLM-
generated coordinates and human perception through the lenses of
Rank Preservation and Categorical Consistency.

6.4.1 Rank Preservation and Subjectivity Ceiling. Since ACE
relies on relative distances to modulate gradient flow, rank ordering
is paramount. We observe strong alignment for Arousal (Spearman’s
p of0.54 and Kendall’s 7 of 0.38) and moderate alignment for Valence
(p=0.33and r=0.22. The correlations are statistically significant (p <
0.001). While the Valence scores are lower, they must be interpreted
within the context of the “Subjectivity Ceiling” in Music Emotion
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Figure 4: Qualitative analysis of Adaptive Sensitivity. Left:
Density of anchor-to-item distances. Right: Recommenda-
tions relative to the history mean. User #8616 exhibits strict
constraints, while User #33161 shows broader exploration.

Recognition. Literature confirms that while Arousal is acoustically
objective, Valence is culturally subjective [43], with human inter-
annotator agreement typically plateauing between 0.30-0.50 [15, 20].
Consequently, the LLM does not fail; rather, it successfully captures
the "Conservative Consensus" of the track’s emotional profile.

Accuracy: 47.7% (Random Guess: 25%)
60

Human Ground Truth

A H R S
LLM Prediction

Figure 5: Confusion Matrix on SiTunes between human
ground-truth and LLM-generated physiological and psycho-
logical signals. A = Angry, H = Happy, R = Relaxed, S = Sad.

6.4.2 Categorical Sanity Check. Finally, we investigate the dis-
tributional properties of the categorical signal. When discretizing the
manifold into Russell’s four quadrants (Figure 5), the LLM achieves
an accuracy of 47.7%, nearly doubling the random baseline (25%).
The Confusion Matrix shows that errors are primarily “adjacent”
(e.g., confusing “Happy” with “Relaxed”), while “diagonal” errors
(e.g., confusing “Happy” with “Sad”) are rare.

The LLM is not a perfect replicator of individual human annota-
tion, acting instead as a “Conservative Consensus.” However, the strong
CCA score and significant rank correlation confirm that it successfully
distills the structural properties of the affective manifold. This provides
a mathematically sound basis for using LLM priors to guide the ACE
framework in the absence of manual labels.

7 Qualitative Analysis

To validate the physical manifestation of Adaptive Sensitivity Coef-
ficients in the latent space, we analyze the geometric arrangement
of recommendations for two distinct user archetypes (Figure 4).
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The Mood-Sensitive (User #8616). This user exhibits a learned
sensitivity of A§ =~ 1.0. The Kernel Density Estimation of anchor-to-
item distances reveals a high-kurtosis peak centered near zero (Fig 4,
left), while the 2D projection shows recommendations tightly clus-
tered around the affective centroid (Fig 4, right). Geometrically, ACE
“collapses” the search space, acting as a strict filter that enforces local
geometric isomorphism for users requiring affective consistency.
The Eclectic Explorer (User #33161). ACE assigns a low sensitiv-
ity of S = 0.1. The distance distribution is platykurtic with a heavy
right tail, and the spatial trajectory forms a diffuse cloud deviating
from the history mean. This confirms that the “Semantic Shield” is
effectively lowered, allowing the gradient to flow across the manifold
and prioritize structural connectivity over semantic proximity.

8 Conclusion

We revisit the challenge of integrating affective context into col-
laborative filtering and propose that the solution may lie in better
geometric representations rather than increased architectural com-
plexity. We introduced ACE (Affective Contrastive Embeddings),
a framework that operationalizes Semantic Isomorphism to align the
latent interaction graph with the underlying affective manifold.

Our theoretical analysisreveals that this alignment can be achieved
by unifying Graph Contrastive Learning with Anisotropic Diffusion.
By shifting the burden of context integration to the backward pass,
ACE effectively filters “emotional noise”—such as structurally ad-
jacent but affectively dissonant interactions—without relying on
explicit graph convolutions. Our results show that this approach
enables ACE to outperform complex state-of-the-art baselines while
operating as a “0-layer” model during inference. This represents a
promising step toward Green Al, significantly reducing the compu-
tational and carbon costs of training and deployment. Furthermore,
our validation on the SiTunes dataset suggests that Large Language
Models, when stabilized via Ensemble Semantic Distillation, can serve
as effective “Semantic Oracles” that respect the nuances of human
emotional perception. We hope this work encourages the community
to further explore the potential of geometric priors in recommender
systems, shifting the focus from the quantity of parameters to the
quality of the optimization signal. While our current implementation
focuses on music emotion, our framework is fundamentally domain-
agnostic. Future research will explore extending these principles
to higher-dimensional, non-affective semantic spaces. By mapping
the manifold S to price-category topologies in e-commerce or topic-
sentiment spaces in news recommendation, we aim to demonstrate
that geometric priors can serve as a highly scalable alternative to ar-
chitectural complexity across a broad spectrum of recommendation
scenarios.
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