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Abstract

Attention mechanisms have played a crucial role in the suc-
cess of Transformer models, as seen in platforms like Chat-
GPT. However, since they compute attentions from relation-
ships between only one or two object types, they fail to effec-
tively capture multi-object relationships in real-world scenar-
ios, resulting in low prediction accuracy. In fact, they cannot
calculate attention weights among diverse object types, such
as the ‘comments,’ ‘replies,’ and ‘subjects’ that naturally con-
stitute conversations on platforms like Reddit or X, although
their relationships are simultaneously observed in real-world
contexts. To overcome this limitation, we introduce the Ten-
sorized Attention Model (TAM), which leverages the Tucker
decomposition to calculate attention weights across various
object types and seamlessly integrates them into the Trans-
former models. Evaluations show that TAM significantly out-
performs existing encoder methods, and its integration into
the LoRA adapter for Llama2 enhances fine-tuning accuracy.

Introduction
The Transformer architecture (Vaswani et al. 2017) is a
popular attention mechanism that has achieved extraordi-
nary success in a wide range of natural language process-
ing (NLP) tasks. In particular, BERT (Devlin et al. 2019)
is a model utilizing attention-based mechanisms and pre-
trained on massive datasets. Its introduction marked a signif-
icant advancement in attention-centric models, such as Ope-
nAI’s ChatGPT (OpenAI 2023), Google’s Gemini (Gemini-
team et al. 2023), and Meta’s LLaMA3 (Meta 2024). These
models have contributed to the evolution of attention mech-
anisms in NLP language models.

Current attention-based models typically focus on rela-
tionships involving only one or two object types, like query
and memory objects, as seen in self-attention or source-
target attention mechanisms (Vaswani et al. 2017). How-
ever, real-world interactions often involve multi-object re-
lationships, connecting three or more object types. For in-
stance, two connected sentences in a Wikipedia article typi-
cally share a common topic, geo-tagged tweets may trigger
replies related to specific locations, and multiple utterances
on Reddit can stem from a shared conversational context. In-
corporating additional information from such diverse object
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types into current two-dimensional attention mechanisms is
crucial for unlocking their latent capabilities.

An effective representation of such multi-object relation-
ships can be achieved using tensors (Nakatsuji et al. 2016).
However, existing attention-based methods fail to utilize
tensors to represent multi-object relationships. For exam-
ple, (Ma et al. 2019) introduced a Tensorized Transformer
model that incorporates a specialized self-attention encoder
layer along with the block-term tensor decomposition (BTD)
technique (De Lathauwer 2008). This approach alleviates
the computational burden by compressing the extensive
parameter set used in multi-head attention into a set of
third-order tensors through a low-rank approximation. Their
study, which focuses specifically on self-attention, however,
did not address handling relationships among more than two
types of object when computing the attention weights.

Even if we use the Tensorized Transformer (Ma et al.
2019) for attention computations among multiple object
types, we still face two limitations. First, the approach im-
poses a restriction that the side lengths of the core tensor
must match the dimension size of the input query. This is
because it analyzes the relationships among the query, key,
and value components by compressing them within the core
tensor, which must be cubic. As a result, when predicting
the attention output based on the query length using a cubic
tensor of this dimension size, it fails to exploit the corre-
spondences between tokens in the query stream and those
in the attention output, leading to reduced training accuracy.
Second, this approach necessitates directly computing the
transformer output from attention weight tensors. Therefore,
it could not obtain transformations from source objects to
target objects, reducing its versatility.

This paper introduces the Tensorized Attention Model
(TAM). It addresses these limitations by extending the Ten-
sorized Transformer (Ma et al. 2019) to incorporate atten-
tion weights among multi-object relationships. It introduces
a third object type, termed “semantic objects,” to comple-
ment the traditional query and memory objects. Specifically,
TAM modifies the existing Tensorized Transformer in two
key ways. First, TAM employs the Tucker decomposition
with a core tensor, where one side corresponds to the query
length (i.e., the explicit token length), and the other two
sides correspond to the hidden dimension sizes in the key
and semantic components. This approach aggregates infor-
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mation from memory and semantic components, aligning it
with the query token sequence. This alignment enables ex-
plicit updates to the query and smooth transitions to the next
layer. Second, TAM computes multi-dimensional attentions
among the query, key (derived from memory), and seman-
tic components, facilitating the learning of transformations
from the source (value from memory) to the target (query).

Since our approach introduces semantic objects, it effec-
tively captures multi-object relationships in complex real-
world scenarios. In conventional 2D attention models, the
query utilizes keys to determine where to pull informa-
tion from memory (Vaswani et al. 2017). In contrast, TAM
adopts a multi-dimensional framework by incorporating se-
mantic objects into the Tensorized Transformer. Since se-
mantic objects capture essential aspects of multi-object re-
lationships, they facilitate a seamless connection between
the query and key. Consequently, TAM can capture multi-
dimensional relationships effectively and understand “con-
current occurrences” among objects accurately. For exam-
ple, TAM can effectively model a Reddit comment and its
replies by considering the shared title as a semantic object.
Similarly, in X discussions, it can use a specific location
shared between a tweet and its replies as a semantic object
to improve accuracy.

To showcase its effectiveness, we integrated TAM into
the Transformer encoder and evaluated its performance in
response selection and question-answering tasks. Our ex-
periments followed two paths: training the TAM model
from scratch and augmenting it with pre-trained Trans-
former models. When tested with NFL and Politics datasets
compiled from Reddit as well as the TweetQA dataset
(Xiong et al. 2019), TAM consistently outperformed exist-
ing Transformer-based methods in accuracy. We also inte-
grated TAM into the LoRA adapter (Hu et al. 2022) for fine-
tuning large language model (LLM), Llama2 (Touvron et al.
2023). In evaluations on Reddit and SQuAD (Rajpurkar
et al. 2016) datasets, we observed that TAM enhances ac-
curacy in both response and answer generation tasks.

Related Work
Several studies have explored tensor decomposition within
transformer architectures to capture complex relationships
for parameter compression (Bilgin et al. 2022; Shen et al.
2019; Panahi, Saeedi, and Arodz 2021; Ye et al. 2020;
Hawkins, Liu, and Zhang 2022). However, despite the ef-
forts to reduce parameters, the experimental results have in-
dicated a decrease in accuracy (Shen et al. 2019; Hawkins,
Liu, and Zhang 2022). Further, these techniques have not
been applied to Transformer attention mechanisms.

In the multimodal research (Lu et al. 2019; Zhu and Yang
2020; Chefer, Gur, and Wolf 2021), which uses both visual
and textual inputs, ViLBERT (Lu et al. 2019) introduced a
co-attentional transformer layer, where the key-value pairs
from one source are passed to the other source’s attention
block to act as the new key-value pairs. ActBERT (Zhu and
Yang 2020) enhances ViLBERT by encoding three objects;
action, regional, and linguistic features. It first blends action
features from linguistic ones and guides action features from
regional ones. It then computes source-target attentions from

these blended or guided features to each target feature. In
contrast, TAM emphasizes the simultaneous observations of
three distinct features.

Preliminary
Let us now explain the notation used in this paper and intro-
duce Tensorized Transformer (Ma et al. 2019).

We use Euler script letter A to denote a third-order ten-
sor, which can be thought of as a multi-array extending the
concept of a matrix to three dimensions. This paper will use
third-order tensors for simplicity. However, it is worth not-
ing that this approach can be extended to higher-dimensional
tensors. In this specific context, an element in a third-order
tensor is denoted as Ad1,d2,d3 . We use “:” as a dummy in-
dex to fix certain dimensions in the tensor, while leaving
variable a face composed of the remaining dimensions; e.g.
Ad1,d2,: represents a vector with the first and second dimen-
sions fixed and the third dimension left variable.

Tensorized Transformer assumes that the query, key, and
value can be mapped into sets of three orthogonal basis vec-
tors. Each factor matrix (Q, K, and V) has dimensions of
N ×D, where N represents the sequence length and D rep-
resents the dimensionality of the matrix. It initializes a core
tensor G of rank R, where R is typically set to D in practice
(Ma et al. 2019). The attention weight tensorA(G;Q,K,V),
which stores attention weights among the query, key, and
value as its elements, is defined as:

A=
D∑

i,j,l=1

Gi,j,l · (Q:,i�K:,j�V:,l):,i,:,j,:,l (1)

The symbol � represents the outer product. Q:,i, K:,j , and
V:,l are column vectors extracted from Q, K, and V, re-
spectively. G forms a weight vector g with trainable ele-
ments gr along its diagonal that are computed using the
softmax function such that

∑R
r=1 gr = 1. The size of the

core tensor G is set to RD×D×D, and while the column vec-
tor Q:,i corresponds to the query length Q, the relationships
among Q,K, and V are maintained within the latent space
of dimension D. This setup aligns these relationships to the
dimension D (rather than the query-length side Q).

The Tensorized Transformer employs block-term tensor
decomposition (De Lathauwer 2008) to construct its multi-
head attention mechanism. Ultimately, it computes the at-
tention output matrix O(G;Q,K,V) as follows:

O=Split&Concat
(
T1+. . . Th . . .+TH

H

)
WO (2)

s.t. Th=A(Gh;QWq,KWk,VWv)

This equation computes the attention output matrix
O(G;Q,K,V) directly from the attention weight tensors,
As, by applying a linear function. Split&Concat(·) is a func-
tion which achieves the concatenation after splitting for a
third-order tensor. WO is a parameter matrix which is a
fully connected layer and is correlated to the attention out-
put. Wq,Wk, and Wv are parameter matrices that are used
to adjust the dimension sizes of Q, K, and V. They are
shared by Tensorized Transformer when multi-core tensors
are constructed.
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Figure 1: The attention architecture of the TAM.

Proposed Method
This section explains the details of TAM.

Basic Idea and our Attention Architecture
First, we introduce our idea: a novel multi-object attention
mechanism that captures real-world relationships. Conven-
tional attention mechanisms employ a query (Q), a key from
memory (K), and a value from memory (V). Our approach
introduces an additional component, “semantics” (S), which
is distinct from the existing Q, K, and V components to rep-
resent multi-object relationships. Specifically, our tensorized
attention framework ensures that Q, K, and S are distinct
from each other, while K and V remain the same as they
come from the same source, memory. This approach enables
our attention mechanism to capture complex dependencies
and interactions effectively by leveraging the semantic in-
formation encapsulated in S. As a result, TAM accurately
models natural relationships in real-world contexts through
multi-object attention computation, as described next.

The architecture is depicted in Fig. 1. Unlike conventional
attention models, TAM takes not only query and memory
components, but also semantic components as inputs. The
query, key, value, and semantic embeddings (Q0, K0, V0,
and S0) with dimension size D0 are mapped to their re-
spective embeddings (Q, K, V, and S) with size D us-
ing dense layers with weight matrices Wq , Wk, Wv , and
Ws. Following the dense networks, the model calculates a
three-dimensional attention tensor A relating the query ma-
trix Q, semantics matrix S, and key matrix K by using
a multi-object attention computation. To incorporate these
three-dimensional attention weights into the value matrix V,
it converts A into a two-dimensional matrix A through se-
mantic fusion, which involves averaging the q × k matri-
ces along the semantic direction. Subsequently, matrix mul-
tiplication (Matmul) is performed on A and V, followed by
application of Add&Norm (Vaswani et al. 2017) to the up-
dated value and the original query through a dense network.
Finally, TAM produces the attention output O.

Multi-object Attention Computation
TAM computes three-dimensional attention weights among
Q, K, and S by using the Tucker decomposition. The three-

dimensional attention weights are then reflected in the atten-
tion output O through semantic-fused 2D attention.

Unlike the Tensorized Transformer (Ma et al. 2019),
which relates the query and memory components in a fixed
latent space, TAM introduces a transformative approach that
aligns the query, semantic, and key components with the
query token sequence. To achieve this, we extend Eq. (1)
to Eq. (3), introducing Multi-object Attention Computation:

A=
D∑

i,j,l=1

Gq,j,l · (Qq,:�K:,j�S:,l)q,:,:,j,:,l (3)

This equation represents q as the row vector Qq,: from the
query matrix Q and uses the column vectors K:,j and S:,l

extracted from the matrices K and S, respectively. Eq. (3)
can be implemented by the torch einsum function like: ein-
sum(‘qjl, qi, kj, sl -> qks’, [core, query, key, semantic]).

The size of the core tensor G is set to RQ×D×D, where
the length Q in Q is retained as the side length of the core
tensor. This novel approach enables an alignment centered
around Q for its relationships with K and S when comput-
ing the outer product among the three matrices and perform-
ing summation along the D dimension with respect to Q.
In this context, Eq. (3) activates the first, fourth, and sixth
dimensions in (Qq,: �K:,j � S:,l) during the computation
of the outer product (Qq,: � K:,j � S:,l)q,:,:,j,:,l. A single
core tensor G has diagonal elements gds forming a D-length
trainable weight vector g and is initialized as

Gq,j,l=
{

0 if q 6= j or q 6= l or j 6= l or D<q
gd if q=j= l=d

(4)

The diagonal element gd is computed using a softmax func-
tion such that

∑D
d=1 gd = 1. If D < Q, then the elements

where q > D become zero.
The previous study (Ma et al. 2019) employed a method

called “split&concat,” which splits the three-dimensional at-
tention obtained by Tucker decomposition along the V -axis
and then concatenates them to form a 2D-attention matrix of
size RQ×(V ·K). This 2D matrix is then transformed into the
transformer output via a linear layer. However, this method
diverges from the Transformer, particularly when handling
transformations from one type of object to another. There-
fore, it fails to effectively learn the transformations that the
Transformer adeptly handles, where V is transformed using
attention output and seamlessly integrated with Q.

To overcome this limitation, TAM introduces Seman-
tic Fusion, which merges the semantic axis of the multi-
dimensional attention tensor into a 2D matrix A ∈ RQ×K

by re-expressing Eq. (3) as follows:

A=
1

S

S∑
s=1

 D∑
i,j,l=1

Gq,j,l ·(Qq,:�K:,j�S:,l)q,:,:,j,:,l


:,:,s

.

Thus, TAM calculates the 2D attention between Q and K on
the basis of a semantically rich 3D attention tensor. More-
over, by computing the inner-product between A:,k and V,
the model can capture the transformation induced by the
attention mechanism directly within V itself. Finally, the
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residual connection is performed by an ‘Add&Norm’ oper-
ation with the parameter matrix WO to generate the final
output O as O = Add&Norm((A:,kV) ·WO,Q), as is
done in (Vaswani et al. 2017).

Training TAM as an Encoder Model
TAM pretrains the masked language model (MLM) and next
segment prediction (NSP) using input, memory, and seman-
tic components, optimized with cross-entropy loss. For fine-
tuning on response selection, TAM uses the hidden vector
Ocls from the first cls token in O and computes the match-
ing score between the utterance context and response us-
ing a single-layer neural network, σ(W ·Ocls), where W
is a trainable parameter. The model is optimized with cross-
entropy loss.

TAM effectively handles real-world relationships in mul-
tiple dimensions, and can also be combined with pre-trained
language models based on conventional 2D-attention mech-
anisms like BERT. We can realize this integration by feed-
ing the output from the pre-trained language model, along
with the corresponding semantic information, into TAM as
inputs. Thereby, TAM can also serve as a pre-trained model,
extending its utility across various applications.

TAM as an LLM Adapter
It is important to demonstrate the TAM’s applicability to
LLMs like Llama2. In particular, since it needs high com-
putational cost in pre-training LLMs, we applied TAM to
the LoRA adapter model (Hu et al. 2022). LoRA freezes the
pre-trained model weights and introduces trainable rank de-
composition matrices into each layer of the Transformer ar-
chitecture, which significantly reduces the number of train-
able parameters for downstream tasks.

The procedure of our LoRA-TAM adapter is as follows:
(1) compress the LLM’s input embeddings and semantic em-
bedding Ql, Kl, Vl, and Sl, which have dimension size Dl,
into Q0, K0, V0, and S0 with smaller dimension size D0

using the weight matrix A of the LoRA adapter (Hu et al.
2022); (2) perform TAM calculations to facilitate the reflec-
tion of relationships in simultaneous co-occurences in the
input and semantic streams in the multi-dimensional atten-
tion model; (3) restore the output embedding of TAM to the
original number of dimensions by using the weight matrix
B of the LoRA adapter and passing it to the attention layer
of the LLM.

In the above procedure, the output embedding of LoRA-
TAM adapter, H, is expressed as follows:

H = W0 ·Ql+∆W·Ql (5)
= W0 ·Ql+B·TAM(AQl,AKl,AVl,ASl).

Here, the function TAM represents the TAM model, which
takes Q0, K0=V0, and S0 as inputs and outputs O (see Fig.
1). W0 ∈ RDl×Q is a pre-trained weight matrix and its up-
date is represented by a low-rank decomposition as follows:

W0 + ∆W=W0+BA (6)

where B∈RDl×D0

and A∈RD0×Dl

such thatD0�Dl;D0

serves the same role as RoLA rank (Hu et al. 2022). During

training, W0 is frozen and does not receive gradient updates,
while A and B contain trainable parameters. Note that both
W0 and ∆W=BA are multiplied with the same input, and
their respective output vectors are summed coordinate-wise.

Evaluation of the Encoder Model
This section evaluates TAM on the encoder model.

Datasets
NFL and Politics Two datasets, “NFL” and “Politics”, were
compiled by sampling the posts from their respective com-
munities on Reddit between September 2018 and February
2019 for the response selection evluation. The dataset is ac-
cessible through BigQuery (Henderson et al. 2019). We fo-
cused on active speakers and paired their comments with re-
sponses, and divided the data into training and test datasets.
Those comments and their responses form “a threaded dia-
logue”. The NFL dataset has 230,060 dialogues in the train-
ing set (averaging 4.2 utterances and 56.3 words) and 13,765
dialogues in the test set (averaging 4.2 utterances and 57.6
words). The Politics includes 290,020 dialogues in the train-
ing set (averaging 4.8 utterances and 81.1 words) and 19,040
dialogues in the test set (averaging 4.9 utterances and 81.5
words). The response selection task aims to identify the last
utterance (response) in a dialogue based on the utterance
context leading up to that response. Our evaluation focused
on the following three object relationships: (1) ‘The entire
history of a dialogue’, which was derived from the word
embedding stream for the current dialogue and served as Q;
(2) ‘the context of the current dialogue’, which was created
by applying GRU (Cho et al. 2014) to the word embedding
streams in both the utterance context and the response. This
is represented as either K or V; (3) ‘the topic under dis-
cussion in the dialogue’, which was obtained from the word
embedding stream for the subject title of the dialogue and
represented as S. We set the dialogue length to 70 (180) and
the title length to 35 (60) for the NFL (Politics) dataset.
TweetQA We also used the TweetQA dataset (Xiong et al.
2019). TweetQA is a large-scale dataset designed for auto-
mated question-answering, permitting abstractive responses
over social media content. It consists of question-passage-
answer triples. The passages are tweets that have been used
by journalists in news articles, implying that they contain
useful information. It includes 10,692 training triples and
1,979 test triples. The average question length is 6.95, and
the average answer length is 2.45. We prepared the following
three-object relationships: (1) ‘the entire topic of a passage’
was derived from the word embedding stream for the pas-
sage and served as Q; (2) ‘the context of the passage-answer
pair’ was created by applying GRU to the word embedding
streams in both the passage and the answer, and was repre-
sented as either K or V; (3) ‘the question assigned for the
passage’ was obtained from the word embedding stream for
the question and was represented as S. We set the passage-
answer length to 48 and the question length to 15.

Compared Methods
We integrate TAM into the BERT implementation by replac-
ing its attention layer. Here, by directly comparing TAM with
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Method NFL Politics TweetQA
Metrics R10@1 R10@2 R10@5 #params R10@1 R10@2 R10@5 #params R10@1 R10@2 R10@5 #params
BERT(CR) 34.08 51.28 81.56 146,167,049 37.62 55.46 83.37 146,167,269 19.98 33.79 63.72 146,167,005
BERT(SCR) 35.76 53.39 82.44 146,167,049 37.09 54.43 82.75 146,167,269 23.39 37.48 69.52 146,167,005
TTrans(CR) 35.19 52.39 81.97 160,170,977 34.24 51.37 80.15 223,873,677 14.18 26.80 58.38 157,474,437
TTrans(SCR) 32.05 49.39 79.32 169,342,001 36.37 53.54 81.73 315,644,781 19.61 36.19 72.01 158,952,501
ViLBERT 35.22 52.90 82.13 375,642,947 46.69 62.49 86.14 375,643,167 20.07 33.79 64.09 375,642,903
ActBERT 43.89 60.12 84.66 641,214,848 48.05 63.66 86.57 428,597,340 29,74 49,63 84,53 641,214,804
TAM 45.61 61.86 85.57 156,228,041 52.12 66.88 88.15 153,066,213 47.15 56.63 75.14 155,047,197

Table 1: Comparison of the methods when learning from scratch.

Method NFL Politics TweetQA
Metrics R10@1 R10@2 R10@5 R10@1 R10@2 R10@5 R10@1 R10@2 R10@5
BERTP (CR)-BERT(CR) 65.70 78.50 93.80 70.11 81.63 94.73 60.31 70.72 85.08
BERTP (SCR) 66.80 79.27 94.24 70.95 82.33 95.06 81.03 90.15 97.61
BERTP (SCR)-BERT(SCR) 68.04 80.36 94.78 71.73 83.01 95.19 80.76 90.79 97.33
BERTP (SCR)-ActBERT 67.51 80.11 94.60 71.90 83.32 95.71 80.85 90.24 96.87
BERTP (SCR)-TAM 68.54 80.94 94.89 72.65 83.98 95.93 81.95 90.42 97.33

Table 2: Comparison of a case when a pretrained language model is used for initialization.

the BERT model, we can effectively isolate and analyze the
differences in multi-dimensional attention. To ensure a fair
evaluation, we utilize two variants of BERT. The first one,
denoted as BERT(CR), which inputs ‘the entire history of a
dialogue’ from NFL and Politics, or ‘passage-answer pairs’
from TweetQA as a query, key, and value. The second one,
denoted as BERT(SCR), inputs a concatenation of ‘the topic
under discussion in the dialogue’ and ‘the entire history
of a dialogue’ for NFL and Politics, or a concatenation of
the ‘question’ and ‘passage-answer pair’ for TweetQA. We
also made two Tensorized Transformer variants, Tensorized
Transformer(CR) and Tensorized Transformer(SCR) follow-
ing a similar configuration to that of BERT. We also com-
pared TAM with ViLBERT (Lu et al. 2019) and ActBERT
(Zhu and Yang 2020). ViLBERT computes attention from
just two sources. Thus, for this comparison, we removed
one of the three sources from the dataset when using ViL-
BERT: for Politics or NFL, we excluded ‘the context of the
current dialogue,’ whereas for TweetQA, we excluded ‘the
context of the passage-answer pair.’ ActBERT “indirectly”
computes relationships between three sources by overlaying
2D source-target attentions. All models used 12 transformer
encoder layers, except for ActBERT and TAM on the Politics
dataset. Due to high memory usage, ActBERT was limited to
8 layers, and TAM was also set to 8 layers for consistency.

Metrics
The evaluation metric was Recall10@k (R10@k) (Qian et al.
2021). Here, given ten responses (or answers), this met-
ric measures if the relevant response (answer) is ranked
among the top-k candidates for response selection (question-
answering). It uses 9 responses (answers) randomly sampled
from the test dataset as negatives. The embedding size of
words, D0, was set to 768 as per (Devlin et al. 2019). The
learning rate was set to 1×10−5. We used the AdamW opti-
mizer with beta values of 0.9 and 0.999, respectively, and an

epsilon of 1×10−8, following (Loshchilov and Hutter 2019).
Sufficient convergence was achieved with 20 (100) epochs
for pre-training and 15 (20) epochs for fine-tuning on the
NFL and Politics (TweetQA) datasets. We set the dimension
size of Q, K, V, and S to 192 for the NFL dataset, 256 for
the Politics dataset, and 160 for the TweetQA dataset. The
batch size was 96 for all methods and datasets. Tensorized
Transformer and TAM utilized two core tensors for optimal
performance, as relying on a single core tensor often leads to
suboptimal results. The experiments were performed using
an NVIDIA A100 GPU with 80GB of memory.

Results when Learning from Scratch
Table 1 presents results in the case of training the model
from scratch, without any pre-trained language models.
“TTrans” in the table stands for “Tensorized Transformer.”

First, BERT(SCR) was more accurate than BERT(CR) on
the NFL and TweetQA datasets, whereas BERT(CR) outper-
formed BERT(SCR) on the Politics dataset. These results
suggest that semantic information may be effective in im-
proving accuracy, but the current attention model has diffi-
culty in leveraging the potential benefits of different object
types. Second, both Tensorized Transformer(CR) and Ten-
sorized Transformer(SCR) showed only modest improve-
ments or slight decreases compared with BERT across all
datasets. This is expected because the main goal of Ten-
sorized Transformer is to improve memory efficiency in
self-attention for single objects, rather than enhancing ac-
curacy in multi-object scenarios. ViLBERT improved accu-
racy more than BERT on the NFL and Politics datasets but
was less accurate than TAM and ActBERT since it fail to
effectively use three input sources. ActBERT calculates at-
tention for each of the three sources separately, resulting
in significantly more parameters compared with TAM. Act-
BERT is less accurate than TAM since it computes the rela-
tionships among the three input sources indirectly. Finally,
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Method NFL Politics TweetQA
Metrics R10@1 R10@2 R10@5 R10@1 R10@2 R10@5 R10@1 R10@2 R10@5
TAM 45.61 61.86 85.57 52.12 66.88 88.15 47.15 56.63 75.14
w/o Semantic fusing 42.74 59.41 84.21 46.25 61.97 85.65 40.61 54.14 76.61
w/o query aligned 38.01 55.05 81.98 40.30 57.34 83.81 14.73 26.52 61.79

Table 3: Ablation study when learning from scratch.

Figure 2: Visualization examples of attention weights for TAM and BERT .

TAM achieved high accuracy on all datasets when trained
from scratch, with notably better results on the TweetQA
dataset compared to other methods. This improvement is due
to TAM’s effective learning of token co-occurrences in Q,
K, and S from the limited data in TweetQA. These results
highlight the benefit of using multi-object tensors to repre-
sent real-world relationships. The Tensorized Transformer
has significantly more parameters than TAM, particularly on
the Politics dataset due to length-dependent Wo values asso-
ciated withK×V . Conversely, TAM slightly exceeds BERT
in parameter count due to additional dense network and core
tensor weights, while Longformer-based layers (Beltagy, Pe-
ters, and Cohan 2020) could further improve adaptability.

Results of TAM combined with Pre-trained Models
We performed experiments with pre-trained models. We
took three approaches: (1) we created a hybrid model
by integrating the outputs of 12 layers of BERTP (SCR)
into the TAM model, denoted as BERTP (SCR)-TAM.
(2) we used the output from BERT(CR) or BERT(SCR)
as input for BERT(CR) or BERT(SCR), labeled as
BERTP (CR)-BERT(CR) or BERTP (SCR)-BERT(SCR), re-
spectively. (3) we compared our model with a single 12-
layer BERTP (SCR). Here, the term “BERTP ” refers to the
pre-trained BERT-base model with 12 layers. In addition,
“BERT”, “ActBERT”, and “TAM” indicate unpretrained
models with four layers which achieved superior perfor-
mance and computational efficiency compared with the 12-
layer model. BERTP (SCR)-TAM was pre-trained and fine-
tuned for 6 epochs on the NFL and Politics datasets, while
other methods required 15 epochs for fine-tuning. This was
sufficient for model convergence.

Table 2 presents the results. BERTP (SCR)-BERT(SCR)
outperformed BERTP (CR)-BERT(CR) and BERTP (SCR) in

terms of accuracy. Additionally, BERTP (SCR)-TAM was
more accurate than BERTP (SCR)-BERT(SCR). These find-
ings suggest that learning multi-object attentions is bene-
ficial when combined with a pre-trained language model.
BERTP (SCR)-TAM was more accurate than BERTP (SCR)-
ActBERT. This is because ActBERT computes the relation-
ships among the three input sources “indirectly”.

Ablation Study
We designed two ablation studies. w/o Semantic Fusing,
which uses split&concat to compute the transformer output
directly from the attention weight tensor using q-k-s atten-
tion (Ma et al. 2019). w/o Query Aligned, which has a tensor
decomposition with a core tensor size of RD×D×D instead
of RQ×D×D, implying a lack of alignment around Q. Table
3 presents the results. w/o Query Aligned exhibited lower ac-
curacy than TAM since it cannot aggregate information from
other objects along the token stream Q through tensor de-
composition. This limitation arises because it cannot explic-
itly update the query token stream, thus failing to align with
the transformer’s approach to query updating. In contrast,
TAM can explicitly update the query token stream while in-
corporating the latent semantics derived from the correla-
tions between Q, K, and S.

Meaningful Results for the Encoder Model
Here, we provide visual examples of the attention weights
computed by TAM and BERT(SCR) for the NFL dataset
in Fig. 2. The colors in the visualization represent atten-
tion weight levels, with yellow indicating a high level of
attention, green representing a moderate level, and blue sug-
gesting low attention. The plots for TAM represent utter-
ance contexts on the x-axis and responses on the y-axis,
while those for BERT(SCR) depict semantics and utterance
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Tea SQuAD
Metrics Rouge1 Rouge2 RougeL BLEU-1 BLEU-2 WordCount Rouge1 Rouge2 RougeL BLEU-1 BLEU-2 WordCount
LoRA 13.39 3.38 12.21 12.90 5.30 13.95 75.87 47.60 75.79 65.93 49.40 4.85
TTrans 8.84 1.19 7.71 10.04 3.39 14.17 75.21 46.67 75.16 65.08 48.46 4.77
ViLBERT 13.72 3.48 12.48 13.72 5.61 15.07 75.72 47.54 75.63 65.79 49.37 4.86
ActBERT 13.16 3.35 12.17 12.84 5.23 12.10 75.60 47.17 75.53 65.43 48.90 4.76
TAM 14.06 4.55 12.82 13.83 5.79 14.22 76.12 48.28 76.06 66.18 49.93 4.93

Table 4: Comparison of the methods.

contexts on the x-axis. We have selectively labeled certain
words on the x- and y-axes for improved readability. In this
example, the semantics are “[Highlight] Marcus Peters inter-
cepts Mahomes with 1:13 remaining”, the utterance context
is “He’s a rookie. Sports went up +’s be turnovers.”, and the
reply is “Can’t believe donovan mitchell is going to lose roty
2 years in a row”.

Fig. 2-(a) displays the sliced q×k matrix corresponding to
the semantic token “intercept” by TAM. Fig. 2-(b) presents
the sum of all q×k matrices for semantic tokens by TAM. In
(a), TAM effectively captures relationships among the word
“intercepts” in the semantics, “rookie” and “turnovers” in
the utterance context, and “roty (rookie of the year)” in the
response. These relationships are crucial, as they pertain to
impressive interceptions and turnover plays that are funda-
mental for a rookie. In (b), TAM retains these relationships
even after summing the weights across the semantic tokens.
In contrast, BERT(SCR) fails to identify such relationships
among the three different object types, as seen in Fig. 2-(c).

Evaluation of the LLM Adapter
This section evaluates TAM’s application to LLM.

Datasets
Tea “Tea” was compiled by sampling the Reddit posts in or-
der to evaluate response generation in the same as way we
did for NFL and Politics datasets. It has 44,802 dialogues
in the training set (averaging 3.9 utterances and 22.7 words)
and 2,533 dialogues in the test set (averaging 3.0 utterances
and 20.9 words). The response generation task aims to gen-
erate the last utterance in a dialogue based on the utterance
context leading up to that response. We set the dialogue
length to 190 and the title length to 40. Since Llama2 is
a self-attention model, we treated the context-response pair
(i.e., dialogue) as the query and memory components, with
the title serving as semantics.
SQuAD “SQuAD 1.1” dataset is a collection of question-
answer pairs derived from Wikipedia articles. In the dataset,
the correct answers of questions can be any sequence of
tokens in the given text (called as passage). It contains
87,599 question-answer-passage triples in the training set
and 10,570 in the test set. The answer generation task aims
to generate the answers based on the questions and their
assigned passages leading up to that response. We set the
question-answer length to 41 and the passage length to 350.
We treat the question-answer pair as the query and memory
components, with the passage serving as semantics.

Compared Methods
To ensure fair inputs across methods, we concatenate seman-
tic descriptions before the context-response pair for all mod-
els and fed those concatenations into Llama2. The compared
methods were as follows: (1) LoRA adapter (Hu et al. 2022);
(2) TTrans adapter, which incorporated Tensorized Trans-
former (Ma et al. 2019) into the LoRA adapter in spite of
TAM; (3) ViLBERT adapter, where we implemented a ViL-
BERT (Lu et al. 2019) within the LoRA adapter; the vision-
side embedding stream of ViLBERT served as the semantic
input and the language-side as the context-response input;
(4) ActBERT adapter, where we implemented an ActBERT
(Zhu and Yang 2020) within the LoRA adapter; the alloca-
tion of two object types as three inputs to the model was de-
signed the same way as TAM. (5) our model, TAM adapter.

Metrics
The evaluation metrics were Rouge (Lin 2004) and Bleu
(Papineni et al. 2002), following (Touvron et al. 2023; Hu
et al. 2022). We implemented the LoRA-TAM adapter on
Llama2-13B, adhering to its parameter settings. For the
LoRA adapter, we set D0 to 64, following (Hu et al. 2022),
with α set to 16 and a batch size of 16. The dimension size of
the TAM model was set to 8 for Tea and 256 for SQuAD, as
these values yielded the highest accuracy. The larger dimen-
sion size required for SQuAD likely reflects its broader data
scope compared to Tea. Sufficient convergence was achieved
within one epoch for each dataset. The results are averaged
over three random seeds, following (Hu et al. 2022).

Results
Table 4 shows TAM’s Rouge score exceeded LoRA’s by
more than 5% on the Tea dataset, with statistical signifi-
cance (t-test, α < 0.05). This Reddit dataset, characterized
by informal user interactions, poses challenges in under-
standing context. While Rouge scores on the Reddit dataset
tended to be low, as seen in previous evaluations (Yang et al.
2021; Liu et al. 2023), TAM could observe and predict se-
mantic descriptions and tokens within a dialogue simulta-
neously using its multi-dimensional attention mechanism.
Although the SQuAD dataset has more structured passages
and QA relationships than Reddit, TAM had higher accu-
racy in this dataset. ViLBERT and ActBERT, on the other
hand, had lower accuracy than TAM because they indirectly
measure the relationship between context-response and se-
mantics, while TAM directly leverages the simultaneous co-
occurrence of context-response and semantics during the at-
tention computation. TAM had significantly higher accuracy
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compared with TTrans. This improvement is due to TAM’s
capability to aggregate information from various objects
around Q and facilitate transformations between source and
target objects.

We also conducted experimental evaluations on the Tea
dataset, focusing on informativeness and naturalness, fol-
lowing (Wu et al. 2020). We cross-checked human and LLM
judgments as per (Zheng et al. 2023) in 100 random assess-
ments. Our findings indicate that TAM produced over 15%
more informative outputs than LoRA while preserving natu-
ralness (see supplemental material for details).

Conclusion
This paper introduced the Tensorized Attention Model
(TAM), which employs Tucker decomposition to compute
attention weights across diverse object types. Our evalua-
tion demonstrated that TAM outperforms co-attention mod-
els and previous tensorized transformers in accuracy for both
encoder and decoder models. In the future, we plan to lever-
age TAM for pre-training LLMs on larger datasets.
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