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Abstract

Session-based recommendation aims to capture user intent
from short-term, anonymous interaction sequences to recom-
mend relevant items. From a cognitive science perspective,
understanding user intent is closely tied to how humans process
information, allocate attention, and make decisions under lim-
ited cognitive resources. While existing session-based methods
mainly rely on ID-based modeling, such approaches face severe
data sparsity and lack alignment with how users cognitively
process information. Incorporating modality information can
alleviate this issue. However, simple integration of ID and mul-
timodal information often results in modality underfitting, lim-
iting the effective use of multimodal features. To address these
challenges, we propose SRIM(Session-based Recommendation
with ID and Modality), a model that integrates ID and multi-
modal representations through a two-phase strategy: indepen-
dent training followed by joint optimization. SRIM can better
capture session-level intent by simulating users’ actual percep-
tual contexts. Experiments on three real-world datasets demon-
strate that SRIM significantly outperforms existing methods in
session recommendation. The code for SRIM is available on
GitHub|https://github.com/liang-tian-tian/SRIM,
Keywords: Artificial Intelligence, Session Intent, Graph Neu-
ral Networks.

Introduction

In recent years, predicting the next clicked or purchased item
from user-item interaction sequences has become a hot topic
in recommendation algorithms (Hou, Hu, et al.| 2022} |Qiao
et al.,[2023; IX. Zhang et al., 2024).

Drawing an analogy from cognitive science, human
decision-making under limited attention and cognitive re-
sources involves selective focus on relevant information, often
integrating multiple sensory modalities to form a coherent un-
derstanding. Applying this analogy to recommender systems
suggests that effective models should not only process se-
quential interactions but also align and integrate multimodal
information to better reflect human-like understanding and
prediction of user intent.

In session-based recommendation methods, ID-based ap-
proaches currently dominate. Approaches such as RNNs,
attention mechanisms, GNNSs, and contrastive learning (Hi-
dasi, 2015 L1 et al., 2017; |S. Wu et al., 2019; [Xia et al.,
2021) are widely used to model session intent. While these
methods are effective and straightforward, they mainly rely
on user-item interaction history, overlooking other valuable
information. To address these limitations, recent research has
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explored integrating ID-based methods with multimodal in-
formation. This includes incorporating item descriptions (Liu
et al.,[2020), images (X. Zhang et al.,|2023), categories (Lai et
al |2022), and prices (X. Zhang et al.l2022). However, sim-
ple information fusion in multimodal integration can lead to
underfitting(Hou, Mu, et al.} 2022; Wei et al., 2024; T. Zhang
et al.[|2019).

To address these challenges, we propose SRIM, a model that
integrates both ID-based and multimodal information through
a two-phase strategy: independent training followed by joint
optimization. In the independent training phase, we utilize
Graph Convolutional Networks (GCNs) and a direct multi-
head self-attention mechanism to generate vector representa-
tions for sessions based on ID and multimodal features, respec-
tively. In the joint optimization phase, we employ contrastive
learning to align these representations, ensuring semantic con-
sistency across modalities and enhancing the model’s ability
to capture user intents. SRIM exhibits more accurate recom-
mendations compared to previous approaches. We summarize
the contributions as follows:

* We design an ID and multimodal information alignment
module that uses contrastive learning to align multimodal
features corresponding to specific IDs while maintaining
semantic consistency within both the ID and multimodal
domains.

* A joint inference loss function is designed for the session’s
ID and multimodal representations. When the session la-
bel co-occurs with items in the session, the ID-based loss
is treated as the primary loss, while the multimodal loss
serves as the auxiliary loss; conversely, the multimodal loss
becomes primary, with the ID loss as auxiliary.

* The direct multi-head self-attention mechanism is intro-
duced when generating ID and multimodal vector rep-
resentations to further enhance recommendation perfor-
mance. Specifically, SRIM improves P@20 and MRR @20
by 12.24% and 5.01% on the Cellphones dataset.

Related Work

Our research aims to enhance session-based recommendation
through the integration of multimodal information, drawing
inspiration from both cognitive science and modality-based
recommendation methods.
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Cognitive Effects of Multisensory Integration

Recent findings in cognitive science emphasize that multisen-
sory integration significantly enhances human interest forma-
tion and decision-making processes. For example, (Mercier &
Cappe, |2020) demonstrate that congruent auditory and visual
cues accelerate both early sensory encoding and later decision-
related neural activity, suggesting that richer multimodal in-
puts speed up the dynamics underlying choice. Furthermore,
attention to multisensory information has been shown to boost
neural processing of the attended modality (Seijdel et al.|
2024). Notably, individuals tend to favor the sensory modal-
ity in which they have higher subjective confidence (Gao et al.}
20235). These cognitive insights imply that effective integra-
tion of multimodal information can engage users more deeply,
enhance their confidence in decision-making, and guide their
interests—an observation highly relevant to recommender sys-
tems.

Modality-based Session Recommendation Methods

Building on these cognitive insights, recent session-based rec-
ommendation studies have introduced modality information
to enrich item representations. Modality-based methods in-
corporate rich textual and visual information to characterize
fine-grained item features and user preferences. Some stud-
ies have found that simply merging multimodal data does not
always outperform single-modal approaches (Du et al., [2023;
Peng et al., [2022; IN. Wu et al.| [2022; [Huang et al., 2022
Wang et al.|, 2020) and may lead to underfitting in one of
the modalities. For example, (Li et al., [2024) propose al-
ternating training of ID and textual information to enhance
the complementary learning ability between them, addressing
training imbalances. (X. Zhang et al., [2023) integrate item
image and price information to build deterministic and prob-
abilistic models, thoroughly mining user intent. (X. Zhang
et al. [2024) decouple ID and multimodal data, enhancing
both recommendation effectiveness and the interpretability
of session recommendation. Currently, there is still insuffi-
cient research on effectively integrating ID and multimodal
information, lacking in-depth exploration of interactions and
information fusion between modalities.

SRIM Model

As shown in Figure|l] the proposed SRIM model consists of
several key components: (1) preprocessing and modeling of
ID and multimodal information, aiming to learn ID vector rep-
resentations and multimodal vector representations that fit the
session context; (2) an ID and modality alignment strategy that
effectively integrates information between different modalities
using contrastive learning while maintaining semantic consis-
tency within modalities; (3) a joint inference strategy that
dynamically adjusts the weights of primary recommendation
reasons, enhancing their impact during the recommendation
process, supplemented by secondary reasons to optimize over-
all recommendation performance; (4) the prediction phase of
the model and the backward optimization process.

ID and Modality Preprocessing and Modeling

Modality Data Preprocessing Due to the significant se-
mantic gap between textual and visual information, we follow
the processing method in (X. Zhang et al.| [2024)). For each
item, we use the GoogleNet (Szegedy et al., [2015) model
to classify its categories, denoted as x{"*'. We then fuse
these category text descriptions with the original text descrip-
tions (e.g., title, brand) to form x"?, which is input into the
Bert (Kenton & Toutanova, |2019) model to generate the mul-
timodal vector representation of the item. This process effec-
tively transforms visual information into text form, achieving
a unified representation across modalities. The final multi-
modal information representation of an item is as follows:

X = GoogleNet(x! ") (1
x?w:{Wl’Wz,--th’W,pWé} )
el"” = Bert(x]"?) 3)

where xﬁmg represents the item’s image information,
{w1,wa,...,w;} represents the item’s original text descrip-
t%ons, x0T = {wl,wh} represents the category text dfascrip-
tions generated from the image, and e!"° is the multimodal
vector representation generated by the Bert model.

ID and Modality Representation Modeling To effec-
tively process item ID information and multimodal infor-
mation, we first employ a simple GCN. The initial ID
vectors for the items are randomly initialized and denoted
as Eiq = {eld,eld,. . e/} The multimodal information
comes from the Bert model and is denoted as E,, =
{e’I"”,e’Z””, ... ,e%”}(where N is the total number of items).
The update processes for the ID vectors and the multimodal
vectors are defined as follows:

(I+1) _ -1 D)yl
Eyy =D AE; Wiy )

where A is the adjacency matrix, representing the co-
occurrence matrix of items, and D is the degree matrix with
elements D), ,, = 251\]:1 Ap 4, which represents the degree of
item p as the total co-occurrence count of the item. Simi-
larly, the multimodal vectors follow the same update process,
where E,(,f:; D D‘lAE,(,Q, Wi ., with E,(,Q) and W.  denoting
the multimodal vector and weight matrix at layer /. The corre-
sponding ID and multimodal session representations are given

by:
) 1 & .
sid = — Ze;d (5)
m
t=1

where m is the session length. The multimodal session rep-
resentation s is computed similarly, with e}*° in place of
eid,

For the adjacency matrix A, we define it using the co-
occurrence patterns of item ID information. Specifically, we
consider that items appearing in the same session have some
latent association. Therefore, we construct a co-occurrence
matrix for all items in all sessions. If a pair of items co-occur
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Figure 1: An overview of the proposed SRIM method

in multiple sessions, their co-occurrence value in the matrix is
accumulated based on the number of times they co-occurred.
If an item has never co-occurred with others in any session,
its co-occurrence value is 0. We define the co-occurrence
matrix as A € RV*N_ where N is the total number of items.
The co-occurrence count of items i and j across all sessions
is represented as:

M

A= ZI(lESk/\JGSk) (©)
=1

>~

where A;; denotes the co-occurrence value of items 7 and j,
M is the total number of sessions, Si is the set of items in
the k-th session, and I is the indicator function that takes the
value 1 when i and j co-occur in session Sg, otherwise it is 0.

After several layers of GCN convolution, we employ a di-
rect multi-head self-attention mechanism to adaptively com-
pute the relationship weights among all items in the session,
assigning greater weight to items that are more closely aligned
with the session’s intent. The direct multi-head self-attention
mechanism is defined as follows:

) (0iaw2) &7,
Siq = Softmax| ———— |Vi4 7
dia
where Q;q4, Kiq and V;4 denote the original session ID se-
quence S;g = {e1 , ’2‘1,-- , m} with each item representation

;d learned through GCN. Similarly, the multimodal sequence,

Smo = {e'l”",e;”o, -+, eme}, follows the same attention com-

putation process, with the equation for S,,, analogous to ;4.
Here, m represents the session length. The dot product op-
eration in the self-attention mechanism satisfies the commu-
tative property, meaning if Q = K, then QKT = KQ”, which
may lead to indistinguishable features between different roles.
Swapping Q and K can shift the focus of the attention compu-
tation to different input features, resulting in varied contextual

representations. To avoid this issue, we apply linear transfor-
mations only to Q.

After processing with the direct multi-head self-attention
mechanism, we obtain the session ID sequence representa-

sid
tion $; id = {e1 ,e’2 IR m} and the multimodal sequence
{ "mO mo

representation Smo = ey, e é"o}. The final session
representation for the ID sequence is calculated as follows:

- Z sid (8)

where m the length of the session. Similarly, the final multi-
modal representatlon §™¢ is obtained using the same formula,
with " replacing éi¢

ID and Modality Alignment

We obtain the initial ID representation s;; and multimodal
representation s,,, of the session through GCN. We then use
adirect multi-head self-attention mechanism to derive the final
session ID representation §;; and multimodal representation
Smo- To effectively fuse cross-modal information while main-
taining internal consistency within their respective modality,
we design a contrastive loss function to handle feature align-
ment both within and between modalities.

Within the same modality, we enhance semantic coherence
and consistency by maximizing the cosine similarity between
the session representations before and after applying the direct
multi-head self-attention mechanism. The loss functions are
computed as follows:

exp (sim(W3s', Wys))
1 +exp (sim(W;sid, W,5id))

Lalign,id = 10g I+ 9
Here, W, to Wy are learnable linear transformation matri-
ces, and sim(-) denotes similarity computation function. The
alignment loss for the multimodal representation, Lasign_mo
follows the same structure, with W5s™° and Wgs"° used in
place of W, 54 and W,3™° in the denominator.
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To ensure the effective fusion of ID and multimodal in-
formation, we employ contrastive learning to align relevant
features between the session ID representation and the multi-
modal representation while maintaining internal consistency
within each modality. The inter-modal alignment loss L;g 0
is defined as:

exp(sim(W;s', Wy ) +exp(sim(Wss"™®, W) ) (1 0)

Lia_mo = log (1 + 1+5xp(sim(w3xid’w4xmo))

The total alignment loss Lyjign is defined as the sum of the
above three alignment losses:

Lalign = Lalign,id + Lalignjno + Lid,mo (1 1)

Through this loss design, we ensure feature consistency within
each modality and enhance feature fusion across different
modalities through inter-modal contrastive loss.

Joint Inference

In the joint inference phase, we utilize a co-occurrence matrix
to determine whether the session label co-occurs with items in
the session. This co-occurrence relationship is used to select
the primary loss function. If the label and items co-occur,
we set the flag to 1 during data processing. In this case,
the ID loss is treated as the primary loss and the multimodal
loss as the auxiliary loss, jointly optimizing both through
backpropagation. Conversely, if the label and items do not co-
occur, we consider the multimodal features to play a primary
role, treating the multimodal loss as the primary loss and the
ID loss as the auxiliary loss. The joint loss for the ID L j;ns_ia
is calculated as follows:

Ljoint_ia =log (exp(sim(x"",eifﬂ)) +exp(sim(,y’"",e::f]))) —sim(s', ¢, ) (12)
where sim(-) represents the similarity computation function.
The joint multimodal 1088 L joins_mo With sim(s™°, e ) re-
placing sim(s'?,e’?, ) in the subtraction term.

The final joint loss L .y, is determined based on the value
of the flag, combining the primary and auxiliary losses as
follows:

if flag =1
otherwise

Ljoint - {Ljointid +0.5- LjointJno’ (13)

Ljoint,mo +0.5- Ljoint,ida

This design dynamically adjusts the combination of primary
and auxiliary losses, increasing the weight on the main causes
of the recommendation results while treating other causes as
auxiliary, thereby leveraging ID and multimodal information
more comprehensively to enhance the model’s recommenda-
tion performance.

Optimization and Prediction

Based on the learned session ID representation and multi-
modal representation, the score for candidate items in each

session can be computed through the corresponding dot prod-
uct summed up as follows:

=59 45, M (14)

We utilize the cross-entropy loss function to optimize the
model, defined as:

N
Lmainz_ (yilog(yi)"'(l_yi)k)g(l_yi)) (15)
i=1

The final total loss function is:
L=Lyuin +,8 (Lalign +Ljuint +Lc0) (16)

where S is a hyperparameter controlling the scale of the con-
trastive loss functions. The loss function L, selects the top-/
items with the highest co-occurrence values for each item eﬁd
as positive samples, denoted by {e/®*,eld* ... eld*}. Sim-
ilarly, it selects / items with the lowest co-occurrence val-
ues as negative samples, denoted by {e’id‘,eéd‘,m ,e}'d‘}.
This loss function aims to minimize the distance between fre-
quently co-occurring positive samples while maximizing the
distance between items that co-occur less frequently, defined

as follows: )

sim(ei.d, ef)

TN i id id— a7
2oy Sim(el?, elf7)

where sim(-) denotes the cosine similarity, and & =

Lco =

% 22:1 e}:“ represents the average representation of the posi-
tive samples with higher co-occurrence values.

Experiment
Dataset

We evaluate our SRIM model and all baseline models on three
datasets sourced from Amazo;ﬂ covering different domains
including Cellphones, Grocery, and Sports. Following the
experiment environment in (X. Zhang et al., |2024)), we treat
the last item in each session as the prediction target, while the
remaining items are used to model session intent. Addition-
ally, we filter out sessions of length 1 and items that apeared
fewer than 5 times. Items with missing or invalid images/text
are also removed. Finally, we split each dataset into training,
validation, and test sets in a 7:2:1 ratio, maintaining temporal
order. Statistics for all datasets are shown in Table

Baseline Methods

We select two groups of competitive methods for performance
comparison. ID-based models primarily provide recommen-
dations by mining co-occurrence patterns of items. NARM (L1
et al.,[2017) is an RNN model based on attention mechanisms
designed to capture the user’s main intent. Bert4Rec (Sun
et al., [2019) employs a bidirectional attention mechanism to
model user behavior sequences. SR-GNN (S. Wu et al.,[2019)

2https://cseweb.ucsd.edu/~jmcauley/datasets/
amazon_v2/
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Table 1: Performance comparison of SRIM and all baseline methods on three datasets. The best results are highlighted in bold,

and the second-best results are underlined.

Methods Cellphones Grocery Sports
P@10 M@I0 P@20 M@20 P@I0 M®@I0 P@20 M@20 P@I0 M@I0 P@20 M®@20
NARM(CIKM'17) (Li et al.|2017} 1542 1243 1680 1253 4567 4039 47.14 4059 3555 3340 3667 3357
BERT4Rec(CIKM’19) (Sun et al.| 2019) 1831 1196 2244 1225 4582 3833 49.07 3856 3813 3389 4034 34.01
SR-GNN(AAAI'19) (S. Wu etal.|2019) 1636 1296 1811  13.09 4433 3944 4624 39.64 3631 3336 37.69  33.66
MSGIFSR(WSDM*22) (Guo et al.|[2022} 17.80 1240  21.16  12.64 4545 3816 4815 3835 3627 3036 39.65 30.59
Atten-Mixer(WSDM'23) (P. Zhang et al.|2023) ~ 19.51 1454 2228 1471 4765 4071 4956 40.84 3730 33.63 39.19 33.86
MSGAT(CIKM*23) (Qiao et al.|[ 2023} 1722 1341 2001  13.67 4520 3998 47.01 4012 37.19 33.69 38.63 3391
MGS(SIGIR22) (Lai et al.|[2022} 2154 1424 2502 1448 4659 3883 4837 3898 3679 3239 4845 3250
UniSRec(SIGKDD'22) (Hou, Mu, etal.]2022) 2030 1432  23.78  14.56 47.95 4090 5021 41.05 3831 33.50 4062 33.76
CoHHN(SIGIR'22) (X. Zhang et al.|[2022} 23.60 1577 2771 1596 4158 3533 4359 3558 3212 27.13 3502 2731
MMSBR(TKDE’23) (X. Zhang et al.|[2023) 20.59 1394 2282 1413 4605 39.01 47.89 3923 3669 3252 3829 3273
DIMO(SIGIR’24) (Li et al.|[2024) 3166 1698 3881 1736 5303 4181 5701 4198 4507 3486 49.86 35.15
SRIM ) 3484 17.64 4356 1823 5699 4276 6225 4312 4770 3549 5407 3591
Impro. 10.04% 3.88% 12.24% 5.01% 7.47% 2.27% 9.19% 2.72% 5.84% 1.81% 8.44% 2.16%
Table 2: Statistics of datasets
C h Grocery Sports
— 62.5[, ——] s [R——
Datasets ~ Cellphones Grocery  Sports 40 o s00
items 9,091 7286 14,650
. . £ —— P@20 —— P@20 —— P@20
interaction 123,186 151,251 282,102 g wero20 | *2° MRR@20 :ig MRR@20
session 40,344 43,648 90,492 a2 ars 400
avg.length 3.05 347 3.12 20 150 375

is the first model to use graph neural networks for item vec-
tor representations. MSGIFSR (Guo et al. 2022) extracts
multi-granularity user intent by segmenting sessions. Atten-
Mixer (P. Zhang et al.,|2023)) captures multi-level user intent
by generating multiple attention maps. MSGAT (Qiao et al.|
2023) constructs both intra- and inter-session graphs to gen-
erate session intent.

Multimodal-based methods leverage additional information
to capture users’ fine-grained preferences. MGS (Lai et al.,
2022)) incorporates item category information to better es-
timate user preferences. UniSRec (Hou, Mu, et al., 2022)
includes descriptive information about items to obtain more
generalized sequential representations. CoHHN (X. Zhang et
al., 2022) integrates item price information to better capture
session intent. MMSBR (X. Zhang et al., [2023) is the first
model to fuse item text and image information to enhance ses-
sion recommendation performance. DIMO (L1 et al 2024)
optimizes the model by decoupling the roles of ID information
and multimodal information.

Cellph Grocery Sports
0 60l 525
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Figure 2: Impact of the GCN layers

42.5

Figure 3: Impact of the attention heads

Hyper-parameter Settings

Following previous work, we set the embedding dimension to
100, the batch size to 50, and the L2 regularization coefficient
to 107>, The model is optimized using the Adam optimizer
with a learning rate of 0.001. In the SRIM model, the number
of layers in the graph convolutional neural network is set to
4 for the Cellphones and Sports datasets and to 3 for the
Grocery dataset, as shown in Fig[2] The number of heads
in the direct multi-head self-attention mechanism is set to
2 for the Cellphones and Sports datasets and to 4 for the
Grocery dataset, as illustrated in Fig[3] The weight parameter
B for modality alignment and co-occurrence loss is set to
0.01 for the Grocery and Sports datasets and to 0.005 for the
Cellphones dataset.

Results and Analysis
Overall Performance

Table [I] presents the performance comparison between the
SRIM model and all baseline models. Among ID-based meth-
ods, different models excel in various metrics: RNN-based
methods (NARM (L1 et al., 2017), BERT4Rec (Sun et al.,
2019)), GNN-based methods (SR-GNN (S. Wu et al., [2019),
MSGAT (Qiao et al.;[2023))), and multi-intent capturing meth-
ods (MSGIFSR (Guo et al., 2022), Atten-Mixer (P. Zhang et
al.,|2023))) each show strengths in specific aspects. In contrast,
our SRIM model significantly outperforms these ID-based
baselines in overall performance.
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Table 3: Ablation study

Methods Cellphones Grocery Sports

P@10 M@10 P@20 M@20 P@l0 M@0 P@20 M@20 P@10 M®@I0 P@20 M@20
SRIM-IdMo  34.64 1755 43.01 18.15 56.67 4226 62.16 42.64 47.62 3549 5328 35.89
SRIM-JoIn 3417 1734 4281 1793 5697 4244 6195 4276 4757 35.69 5333  36.06
SRIM-DirAtt  30.15 1631 3793 16.85 5237 41.16 56.09 4140 4406 3436 49.26 34.68
SRIM 3484 17.64 43,56 1823 5699 4276 62.25 43.12 47770 3549 54.07 35091

For multimodal methods, DIMO (Li et al.| 2024)) performs
well by separating ID and multimodal features. SRIM further
improves performance by learning ID and multimodal repre-
sentations independently and integrating them via contrastive
learning. It achieves notable gains in P@20 and MRR @20,
with respective improvements of 12.24% and 5.01% on Cell-
phones, 9.19% and 2.72% on Grocery, and 8.44% and 2.16%
on Sports.

Cellpk Grocery

70| mmm Long
60/ B Short

Sports

50
Qa0
a 30

20
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0 MSGAT DIMO SRIM

0 MSGAT DIMO SRIM

MSGAT DIMO SRIM

Figure 4: P@20 results on long and short sessions

Ablation Study

In this section, we design three SRIM variants to evaluate the
contributions of individual components: SRIM-IdMo, SRIM-
JoIn, and SRIM-DirAtt. SRIM-IdMo removes the alignment
loss for ID and modality, SRIM-JoIn removes the joint infer-
ence loss for ID and modality, and SRIM-DirAtt replaces the
direct multi-head self-attention mechanism with a configura-
tion where Q equals K.

As shown in Table 3] SRIM-DirAtt suffers the most signifi-
cant performance drop, indicating that when Q and K are iden-
tical, the attention mechanism can confuse attended and at-
tending elements, leading to biased results. SRIM-JoIn shows
a slight improvement in MRR metrics on the Sports dataset,
possibly due to the presence of noise in the multimodal in-
formation of this dataset, where joint training introduces ad-
ditional noise, thus affecting recommendation performance.
After removing the alignment loss in SRIM-IdMo, all met-
rics decline, demonstrating the effectiveness of the alignment
component.

Performance Analysis across Session Lengths

In real-world scenarios, it is common to encounter sessions of
varying lengths. To evaluate model performance, we catego-
rize sessions with lengths of 5 or fewer as short sessions, and
those with lengths greater than 5 as long sessions. We com-
pared our model against the latest ID-based model, MSGAT,

and the modality-integrated model, DIMO. Figure [] shows
that SRIM outperforms the baseline models across different
session lengths and datasets on P@20 metric, demonstrating
its adaptability in real-world session-based scenarios.

P and MRR metrics for Sports

—— SRIM-NoAtt
601 —=— SRIM-LinAtt

—+— SRIM-DirAtt
50

w

o

340

3

>

P@10 M@10 P@20 M@20
Metrics

Figure 5: Evaluation of self-attention settings

Evaluation of Self-Attention Settings

To investigate the impact of Query-Key design in self-
attention, we designed and compared three methods: SRIM-
NoAtt completely removes the self-attention mechanism.
SRIM-LinAtt uses identical Q and K, directly employing the
session sequence as both the Query and Key. SRIM-DirAtt
applies a linear transformation to obtain the Query while us-
ing the original session sequence as the Key, ensuring a clear
distinction between Q and K.

As shown in Figure [5] SRIM-DirAtt outperforms SRIM-
LinAtt across all metrics and datasets, and SRIM-LinAtt per-
forms better than SRIM-NoAtt. This result indicates that
separating Q and K through linear transformations within the
self-attention mechanism can significantly enhance model per-
formance.

Conclusion

This paper proposes a model named SRIM, which effectively
integrates multi-modal information through components such
as modality alignment and joint inference to deliver more ac-
curate session-based recommendations. Inspired by cognitive
science findings on multisensory integration, where congruent
inputs enhance attention, confidence, and decision-making,
SRIM is designed to leverage the complementary strengths of
different modalities to better capture user intent. Extensive
experiments on three public benchmark datasets demonstrate
that SRIM consistently outperforms current state-of-the-art
methods, validating both its technical effectiveness and its
cognitive motivation.
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