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Abstract

Aspect Sentiment Triplet Extraction (ASTE) is
a fine-grained task in Aspect-Based Sentiment
Analysis (ABSA), aiming to extract triplets
of aspect terms, their corresponding opinion
terms, and sentiment orientation. Recent stud-
ies have employed semantic and syntactic fea-
tures to enhance extraction performance. How-
ever, as the extraction of both syntactic and se-
mantic information is not task-specific, such in-
formation does not target aspect-opinion pairs
within sentences, thereby potentially introduc-
ing noise unrelated to the task. To address this
issue, we propose a Syntactic-Guided Seman-
tic Attention Matrix Enhancement (SG-SAME)
framework. First, we use a multi-view masking
mechanism and a biaffine-based gating module
to derive a task-aligned shared matrix from the
existing semantic and syntactic matrices. Sec-
ond, the shared matrix is injected into the atten-
tion score matrix of LLM layers to enhance the
model’s representation learning. Finally, we
propose a chain-of-thought (CoT) framework
with negative candidate injection to steer the
model toward autonomous reasoning and error
self-rectification. Experimental results on mul-
tiple benchmark datasets demonstrate that our
method outperforms existing state-of-the-art
approaches in ASTE tasks.

1 Introduction

Aspect Sentiment Triplet Extraction (ASTE) is an
emerging fine-grained information extraction task
that aims to extract aspect terms, opinion terms, and
their corresponding sentiment polarities as triplets
from review texts. This enables a more compre-
hensive understanding of users’ emotional expres-
sion intents (Peng et al., 2020). ASTE is widely
applied in fine-grained opinion mining across var-
ious text types, including user reviews and social
media posts (Zhang et al., 2023), and categorizes

Code is available at https://github.com/yinsuhao/
SG-SAME.
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Figure 1: Visualization heatmaps of the semantic matrix
(a) and the symmetrized raw syntactic matrix (b). Red
boxes highlight the associations between aspects and
opinions, where tokens in the same font color belong to
the same sentiment triplet.

sentiment polarity into three classes: Positive, Neu-
tral, and Negative. In this task, accurately associat-
ing aspect terms with opinion terms is the corner-
stone of extracting sentiment triplets. Since Aspect-
Opinion (A-O) pairs enable the model to capture
fine-grained triplet relationships more effectively,
reinforcing their mutual attention intensity within
the attention mechanism remains a pivotal chal-
lenge for enhancing ASTE performance.

Limitations of Semantic Attention Mechanisms
In many ASTE and other aspect-based sentiment
analysis (ABSA) tasks, a prevailing approach is to
leverage attention mechanisms to capture semantic
information. However, attention mechanisms are
often vulnerable to the interference of prominent
sentiment words. Figure 1 (a) shows the seman-
tic attention heatmap for: "The decor is beauti-
ful, but the price of this famous dish is just a bit
too much." It can be observed that, in addition
to the crucial aspect—opinion (A-O) pairs, numer-
ous task-irrelevant high-weight regions are also
present. This phenomenon arises because high-
frequency words with strong sentiment polarity
consistently dominate the optimization of hidden
states, thereby yielding a larger vector magnitude
within the embedding space. During the forward
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propagation of the attention mechanism, the large
vector magnitude erroneously propagates spurious
attention to other irrelevant tokens through dot-
product and softmax operations (Gao et al., 2019;
Oyama et al., 2023). For instance, dish may falsely
assign excessive weight to beautiful, which eas-
ily leads to the generation of erroneous triplets.
This indicates that relying solely on semantic en-
coders is insufficient to effectively handle this task
(Chen et al., 2022a; Zhang et al., 2022). There-
fore, effectively optimizing the semantic attention
matrix—specifically by strengthening task-relevant
A-O connections—remains a critical challenge.

Limitations of Syntactic Dependency Represen-
tations Many studies employ dependency parsers
to obtain syntactic dependency representations,
aiming to compensate for the limitations of se-
mantic encoders (Li et al., 2023b; Zhang et al.,
2022; Zhao et al., 2024a; Liu et al., 2025). How-
ever, such approaches heavily depend on the gener-
ated dependency trees, which may introduce task-
irrelevant connections, as syntactic parsers are de-
signed to capture linguistic structures rather than
task-specific sentiment features. As illustrated in
Figure 1(b). According to the Universal Depen-
dencies (UD) v2 standard (Nivre et al., 2020), co-
ordination is handled by linking all subsequent
conjuncts to the first one via the conj relation,
thereby establishing a task-irrelevant connection
between beautiful and much. Simultaneously, un-
der the UD principle of prioritizing content words,
a task-irrelevant connects is established between
the nouns price and dish in the phrase "price of this
famous dish". Integrating a syntactic matrix with
such connections will inevitably introduce noise, as
comprehensively analyzed in Appendix E. There-
fore, how to distill the syntactic matrix to focus
exclusively on core A-O associations is the key to
boosting ASTE performance.

Contemporary applications of LLMs in senti-
ment analysis include directly injecting syntactic
information into the embedding layer (Liu et al.,
2025), leveraging LLMs as judges (Bodke et al.,
2025), and employing ensemble voting mecha-
nisms (Sheng et al., 2025). However, these meth-
ods generally exhibit insufficient task adaptation
and limited instruction-following capabilities for
this task. Therefore, exploring advanced prompting
strategies, such as Chain-of-Thought (CoT), offers
a promising avenue to effectively alleviate these
shortcomings and enhance LLLM performance on

this task.

As stated above, both semantic attention and syn-
tactic dependency representations exhibit inherent
limitations. We observe that target aspect-opinion
(A-O) pairs tend to consistently co-occur in both
the syntactic and semantic matrices, whereas task-
irrelevant links in one view are typically absent in
the other (refer to Appendix G for detailed expla-
nation). Therefore, we construct the shared matrix
by referencing the intersection of these two views
to serve as highly task-relevant connections.

Specifically, a novel Syntactic-Guided Semantic
Attention Matrix Enhancement (SG-SAME) frame-
work is proposed. We first derive semantic and syn-
tactic matrices using attention mechanisms and ex-
ternal parsers, respectively. Subsequently, a multi-
view masking mechanism and a biaffine-based gat-
ing module are employed to extract shared com-
ponents from these views, constructing a shared
matrix. This matrix is then injected into the hidden
representations of the LLM to facilitate syntactic-
guided representation learning. Finally, we design
a chain-of-thought (CoT) framework with negative
candidate injection, leveraging a four-step reason-
ing process to enhance the model’s capability for
discriminating and rectifying complex sentiment
relations.

To summarize, our main contributions include
the following:

* We propose a shared matrix acquisition strat-
egy, which uses a multi-view masking mech-
anism and a biaffine-based adaptive gating
module to extract task-salient shared aspect-
opinion pair matrices from existing semantic
and syntactic matrices.

* We propose injecting the shared task-salient
matrix into LLMs by adding it to the orig-
inal attention score matrix of LLM layers,
thereby achieving a precise enhancement of
the model’s hidden representations.

* We design a CoT framework incorporating
negative candidate injection, which steers the
model to perform self-correction via a four-
step reasoning process.

» Extensive experiments on four benchmark
datasets demonstrate that our model consis-
tently achieves state-of-the-art performance.
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2 Related Work

PLM-based Methods for ASTE As a key fine-
grained ABSA subtask (Pontiki et al., 2014a),
ASTE was initiated by Peng et al. (2020) via a
two-stage pipeline. Span-ASTE (Xu et al., 2021)
classifies all potential text spans, establishing span-
based methods as the mainstream paradigm among
PLM-based frameworks. To further utilize syn-
tactic information within these frameworks, Chen
et al. (2022b) inject distance into dependency trees,
Li et al. (2023b) filter noisy spans via syntactic
relations, and Zhang et al. (2022) constrain syntax-
semantics distance using KL divergence. Mean-
while, Zhao et al. (2024a) integrate syntactic struc-
tures into grid tags. Although these methods suc-
cessfully inject syntactic connections into semantic
information via mechanisms such as Graph Convo-
Iutional Networks (GCNs), they largely overlook
the deep, intrinsic connections between syntax and
semantics.

LLM-based Methods for ASTE In LLM-based
sentiment analysis, existing methods primarily fo-
cus on feature enhancement and post-processing.
For instance, Liu et al. (2025) inject dependency
tree representations into embedding layers via
GCN, while Bodke et al. (2025) deploy GPT as
a critic to filter preliminary tuples. Meanwhile,
Sheng et al. (2025) enhance robustness via multi-
lingual data conversion and multi-vote mechanisms.
However, LLM architecture research dedicated ex-
clusively to ASTE remains scarce, mostly limited
to isolated prompt exploration or local component
optimization. Therefore, exploring a more compre-
hensive LLM reasoning workflow presents an ef-
fective path to fully unleash the potential of LLMs
on this task.

3 Method

In this section, the overall architecture of our pro-
posed model SG-SAME is shown in Figure 2.

3.1 Task Definition

Given an input sentence S = {wy,wa,...,wy},
the objective of Aspect Sentiment Triplet Extrac-
tion (ASTE) is to identify a set of triplets 7 =
{(a;,0i,yi)}™,, where m > 0 denotes the to-
tal number of triplets in S. Here, a; = (84, €4)
and o; (S0, €0) denote the continuous text
spans of the aspect and opinion terms, respec-
tively, where 1 < s < e < n. The term

y; € {POS,NEU, NEG} represents the sentiment
polarity expressed by the opinion o; toward the
aspect a;.

3.2 Syntactic and Semantic Matrix

Syntactic Matrix To extract the foundational
syntactic layout, we employ CoreNLP (Manning
et al., 2014) to parse each sentence into a di-
rected dependency graph. This graph is mathemati-
cally characterized by a directed adjacency matrix
Asyn € RBxnxn where the unweighted, asym-
metric connection patterns from a governor token
wj to a dependent token w; are defined as:

d
A o 1, ifwi—ﬁB)wj, (1)
e 0, otherwise.

Here, Asyn,ij denotes the directed dependency
edge from the governor token w; to the dependent
token w;.

Semantic Matrix Given initial hidden represen-
tations H € RB*"*d encoded by Llama-3.2-1B,
we apply a multi-head self-attention mechanism

to construct the raw semantic matrix Age, €
RB XNXn.

.
Aqem = Softmax <(HWQ)(HWK ) ) )

Vi

To balance weight scale and eliminate extreme
attention values, we perform logarithmic scaling
followed by min-max normalization:

IOg (Asem,ij + 5) — Smin
Smax — Smin + o

3)

Asem,ij =

where Spin and Sp.x are the minimum and maxi-
mum values in log(Asem + ¢), respectively. € is a
smoothing factor, and J is a tiny constant avoiding
division by zero, scaling Agem i; into [0, 1].

3.3 Shared Matrix

This subsection aims to construct a shared matrix
A, by identifying the intersection of syntactic
and semantic views. This matrix captures high-
confidence associations where the two views reach
a consensus, thereby extracting core connections
that are highly relevant to the ASTE task.

Syntactic Gating and Symmetrization The
original syntactic matrix is a directional 0-1 ma-
trix and is not aligned with the semantic matrix.
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Figure 2: The overall framework of SG-SAME. The framework of our proposed model is divided into four distinct
sections from left to right, where all illustrated matrices represent the heatmap visualizations of our actual step-
by-step computational processes. Here, 3 denotes the coefficient that controls the guidance intensity of the shared

matrix.

We observe that aspects tokens and opinions to-
kens exhibit denser connections in the dependency
tree, meaning their average connection strength
naturally reflects node importance. Therefore, We
introduce a learnable weight to dynamically scale
the original syntactic matrix, forcing the model to
focus on vital connections and align with semantic
features.

We obtain the average connection strength of
each node by performing row-wise mean pooling,
and then apply an adaptive mapping to produce
node-level gating coefficients for the strength of
the edge. Finally, we symmetrize and obtain the
bidirectional connections.

L
1 ~
gi =0 | Wq - Z E Asyn,ij + bg (4)
=1

Asyn,i: = Asyn,i: * g (5)
Asyn = Asyn + A;l;/n (6)

where ¢ and j denote the head and tail nodes in
a directed dependency link, respectively, and 7 :
represents all tail nodes connected from the head 3.

Multi-view Masking Inspired by the Laplace
kernel (Williams, 2003), we define an exponen-
tial multi-view mask Ml € RB*"X" to quantify the

connection consistency between the matrix Agy,
and Agey,. For any token pair (4, j), the mask is
calculated as:

‘Asyn,ij - Asem,ij‘

M;; = exp (N

T

where 7 is a learnable temperature scaling param-
eter, initialized to 0.1, which is constrained to be
positive during training via a lower-bound clipping
operation (i.e., 7 < max(7,107%)). This mask
ensures that only connections corroborated by both
perspectives are retained with high confidence.

Biaffine-based Adaptive Gating To simultane-
ously account for the global connections and mu-
tual interactions of both views during fusion, we
introduce a biaffine gating mechanism to adaptively
regulate the contribution of each view. The gating
matrix G is computed as:

G = O'(ASTanbiAsem
3)
+ Ubi [Asyn; Asem] + bbi)

where Wy,; and Uy,; are learnable weight matri-
ces, by is a bias vector, and [Agyn; Asem] €
RBxnxnx2 denotes the concatenation along the
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last dimension. Then the final shared matrix A,
is synthesized by applying the multi-view mask to
the gated fusion of the two views:

Asha =MOo [G O] Asem + (1 - G) O] Asyn] (9)
where ® denotes the Hadamard product.

3.4 Syntactic-Guided Representation
Alignment

We integrate the shared matrix as a relational bias
to reshape the attention score distribution and ob-
tain the representations. Subsequently, the refined
representations H,, are injected into the original
embeddings.

Adaptive Representation Learning We first
compute the semantic attention matrix for the orig-
inal embeddings H. Subsequently, to dynamically
evaluate the guidance intensity of the shared matrix
for each token acting as the query, we compute the
contribution coefficient 5 via a linear projection
over its representation h; € RP.

(HWo)(HWg) '
Vdy,

Bi = o(wgh; +bg) (11)

The guided representations H,; are obtained via

a weighted summation of the value vectors based
on the updated attention distribution:

Sij = Sij + Bi - Ashasij

H,,; = softmax(S)HWy

S —

(10)

12)
13)

Gated Residual Injection We facilitate the in-
teraction between the original LLM embeddings
H and H,, subsequently generating an adaptive
gating weight to modulate the fusion of them.

A= U(W)\[H; Hout] + b>\) (14)
Hux =A0Hou+(1-X)0H (15

where [-; -] denotes the feature-level concatenation.
To preserve the LLM’s pre-trained linguistic pro-
ficiency while ensuring training stability, Hy,ix is
isolated as a residual increment, which is directly
injected into the original hidden states to derive the
final augmented representations Hyygeq:

Hised =H+ LayerNorm(HmiX)] (16)

where « is a learnable intensity parameter, scaling
the contribution of the shared connections. Finally,
we perform an in-place update by replacing the
original embedding with the fused representations.

3.5 Step-by-Step Reasoning with CoT

To address the limitation of lacking an explicit rea-
soning process and circumvent the cumbersome
workflow of multi-turn model invocations, we pro-
pose a Chain-of-Thought (CoT) framework. Rec-
ognizing that the vanilla form of CoT, which di-
rectly allows the LLM to indiscriminately output
the reasoning process, may decrease the perfor-
mance (Zhang et al., 2024), we decompose the
reasoning process into four steps with predefined
output objectives for each. The prompts used for
CoT data generation are detailed in Appendix I.

* Step 1 (Aspect Identification): The model
first identifies explicit aspect terms A =
{a1,as,...,a,} mentioned in the sentence.

* Step 2 (Opinion Tracing): For each iden-
tified aspect a; € A, the model traces its
specific corresponding opinion expressions
O-{0i1,0i2,...}. This stage focuses on
establishing potential aspect-opinion pairs
(a4, 0; 7). Itis worth noting that a single aspect
may correspond to multiple opinions.

* Step 3 (Sentiment Reasoning): For
each established pair (a;,0;;), the
model infers the sentiment polarity

S € {positive, neutral, negative} by
analyzing the semantic orientation of the
opinion phrase within the given context.

* Step 4 (Verification and Filtering): The fi-
nal step summarizes the reasoning from the
previous steps and performs a reverse verifica-
tion on the candidate triplets (a;, 0; j, si ;). It
specifically verifies the presence of the senti-
ment,as well as the target aspect and specific
opinion source corresponding to that senti-
ment, concluding with the triplet itself paired
with a "yes" or "no" decision.

3.6 Contrastive Chain-of-Thought Tuning
Data

Since standard CoT data derived from gold triplets
always results in a "yes" decision during verifica-
tion, the model may overfit during the fine-tuning
process. To counter this, we introduce Contrastive
CoT Tuning Data constructed through rigorous
rule-based mechanisms. In addition, we ensure
that the number of positive and negative samples is
balanced.

These negative candidates are designed to simu-
late common model failures via three mechanisms:

7920



* Wrong Pairing: An aspect a; is paired with
an opinion o; from a different triplet in the
same sentence, testing the model’s ability to
identify precise modification relations.

* Sentiment Reversal: A valid aspect-opinion
pair is assigned an incorrect sentiment label
(e.g., swapping positive with negative), forc-
ing the model to re-examine the context.

¢ Irrelevant Phrase: An aspect is paired with
a non-opinion span randomly sampled from
the sentence, ensuring the model distinguishes
between emotional and neutral descriptions.

During Step 4, the model is trained to iden-
tify negative candidates as invalid and discard
them while providing explicit justifications. Conse-
quently, the final [Result] block is supervised to
yield only validated gold triplets, forcing the model
to develop self-correction capabilities. We present
the detailed generation process and prompts in Ap-
pendix I.

Training and Optimization We perform full-
parameter fine-tuning on the Llama-3.2-1B back-
bone. To integrate guided representations, we per-
form an in-place replacement of the LLM’s orig-
inal hidden states of the input sentence with our
augmented representations Hygeq, While keeping
the prompt’s representations Hprompe unchanged.
The model is optimized using a causal language
modeling objective to minimize the negative log-
likelihood of the target sequence Y (comprising
reasoning paths and gold triplets):

Y]
L=— Z log P(yt ‘ Y<t, [Hfused; Hprompt])
t=1
a7
where [-; -] denotes the sequence-level concatena-

tion of the augmented sentence and prompt embed-
dings.

4 Experiments

4.1 Datasets

To validate the effectiveness of our proposed SG-
SAME framework, we conduct experiments on the
ASTE-Data-V2 dataset, which covers the restau-
rant and laptop domains and includes four bench-
mark sub-datasets. These sub-datasets are derived
from three ABSA SemEval Challenges (Pontiki
et al., 2014b, 2015; Alvarez—Lépez et al., 2016;

Peng et al., 2020) annotated the opinion terms fol-
lowing the method proposed by Fan et al. (2019).
Subsequently, Xu et al. (2020) remove conflicting
sentiment triplets and release the final version of
ASTE-Data-V2, which has been widely adopted.
The detailed information of this dataset can be
found in Appendix A.

4.2 Baselines

We compare the proposed model with several lead-
ing baseline methods, including large language
models (LLMs) and PLM-based approaches uti-
lizing state-of-the-art span classification methods.

For completeness, detailed descriptions of the
baselines are provided in Appendix B.

4.3 Implementation

We conducted full-parameter fine-tuning on the
Llama-3.2-1B-Instruct model using the SFTTrainer
from the Hugging Face TRL library. All exper-
iments were executed on NVIDIA A100 GPUs
(80GB). For optimization, we adopted the AdamW
optimizer with a learning rate of 5 x 1079, a weight
decay of 0.01, and a linear warmup ratio of 0.1. The
maximum training duration was set to 6 epochs
with a per-device batch size of 2 and gradient ac-
cumulation steps of 4, yielding an effective batch
size of 8. To closely monitor the training trajectory,
the model was evaluated at an interval of 50 opti-
mization steps. Based on the validation F1-score,
an early stopping mechanism was employed with
a patience of 3 epochs to mitigate overfitting and
improve efficiency. « is initialized to 0.1. Detailed
parameter settings for the ablation experiments are
provided in Appendix D. To ensure reproducibil-
ity and eliminate statistical variance, all reported
macro metrics in Table 1 are averaged over 3 inde-
pendent runs using different random seeds.

5 Results and Analysis

5.1 Main Results

The main experimental results are reported in Ta-
ble 1.

We compare our approach with previous studies
using F1 score as the primary evaluation metric
on four benchmark datasets (i.e., REST14, LAP14,
REST15, REST16), and report the results in Table 1.
The proposed SG-SAME model achieves state-of-
the-art results on all datasets compared to exist-
ing methods. It outperforms the SOTA results
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14lap 14res 15res 16res

Model

P R F P R F | P R F | P R F
PLM-Based Span Classifier
Span-ASTE (Xu et al., 2021) 63.44 5584 5938 | 72.89 70.89 71.85 | 62.18 6445 63.27 | 6945 71.17 70.26
S®E? (Chen et al., 2021)' 59.43 4623  52.01 | 69.08 64.55 66.74 | 61.06 5644 58.66 | 71.08 63.13 66.87
EMC-GCN(Chen et al., 2022b)* 61.70 56.26 58.81 | 71.21 7239 71.78 | 61.54 6247 6193 | 65.62 7130 68.33
SimSTAR (Li et al., 2023a) 66.46 5823 62.07 | 7623 71.63 7386 | 71.71 59.59 65.09 | 72.02 74.12 73.06
STAGE-3D (Liang et al., 2023) 71.98 53.86 61.58 | 78.58 69.58 7376 | 73.63 5790 64.79 | 76.67 70.12 73.24
Pairing (Yang et al., 2023) - - 61.68 - - 72.53 - - 62.78 - - 71.38
EPISA (Naglik and Lango, 2023) 6698 60.55 63.56 | 7529 7256 7389 | 66.44 6474 6554 | 71.12 7245 71.77
Dual-Span (Li et al., 2023b)" 67.14 6213 6449 | 77.01 74.00 7547 | 6797 6634 67.13 | 73.56 7348 73.49
D2E2S (Zhao et al., 2024b)' 67.38 6031 63.65 | 7592 7436 7513 | 70.09 62.11 65.03 | 73.45 70.12 71.73
ASTE-Transformer (Naglik and Lango, 2024) 6556  60.36  62.83 | 7451 76.05 7527 | 67.94 6791 67.89 | 7496 7427 74.61
MiniConGTS (Sun et al., 2024) 66.82 60.68 63.61 | 76.10 75.08 7559 | 66.50 63.86 65.15 | 75.52 74.14 74.83
BTF-CCL (Li et al., 2025) 70.66 5731 6329 | 80.41 71.83 7588 | 71.66 64.12 67.68 | 72.56 75.10 73.80
LLM-based framework
GPT-3.5-turbo zero-shot 2621 40.69 31.88 | 39.21 56.17 46.18 | 31.21 5275 39.21 | 3528 59.64 4434
GPT-3.5-turbo few-shots 39.79 50.09 4435 | 51.51 65.19 5755 | 4334 63.09 5139 | 51.12 71.01 5945
GPT-40 zero-shot 17.81 2255 1990 | 3299 38.13 3537 | 27.85 37.73 32.05 | 32.17 43.00 36.80
GPT-40 few-shots 38.23 48.61 4280 | 5411 6620 59.55 | 4557 6041 5195 | 5290 71.01 60.63
Instruct-ABSA (Scaria et al., 2024) — — 61.86 — - 71.17 - — 60.63 — - 70.72
PASTEL (Bodke et al., 2025) 67.83 62.61 6522 | 8195 79.81 80.87 | 72.54 71.18 71.86 | 80.89 77.43 79.12
SG-SAME (DeBERTa-v3-large) * 71.13 6632 68.64 | 7720 79.31 7824 | 72.53 68.60 70.51 | 79.03 76.43 77.71
SG-SAME (LLM-only) 63.85 61.05 6242 | 7288 75.05 7395 | 60.98 6440 62.64 | 7296 7031 71.61
SG-SAME (CoT-only) 64.12 6824 66.12 | 76.54 80.25 7835 | 68.75 73.02 70.82 | 73.98 78.46 76.15
SG-SAME 71.80 67.81 69.75 | 80.19 8471 8239 | 72.13 7401 73.06 | 79.29 80.58 79.93

Table 1: Experimental results comparison on four benchmark datasets. The best results according to F1-score are
bolded, and the second-best results are underlined. For LLM-based methods, both PASTEL (Bodke et al., 2025)
and our SG-SAME are fully fine-tuned on the Llama-3.2-1B backbone. The symbol { indicates that the model is a
syntax-based method. The symbol (*) denotes our framework integrated with the DeBERTa backbone.

Model 14lap 14res 15res 16res Avg Drop Model Tuning 14lap 14res 15res 16res
Ours 69.75 82.39 73.06 79.93 - Pre-trained Language Models (PLMs)
- BERT-Large-Uncased Full 6425 7611 6642 7547

Shared Matrix Module RoBERTa-Large! Full 67.62 77.02 6851 76.68
w/o Matrix Guidance 66.12 78.35 70.82 76.15 3.42 I -

P . arge Language voaeis S
w/o Multl view Masklng 67.84 80.12 7225 7695 2.01 Qwen3-8B-Instruct LoRA 6595 7575 67.09 7381
w/o Biaffine Gating 6891 8145 7188 79.10  0.95 Llama-3.1-8B-Instruct LoRA 6631 7602 6628 74.19
w/o shared matrix fusion 66.58 79.84 71.45 76.42 2.71
wlo Residual Gating 6618 8010 7131 7685 266 SG-SAME (Llama-3.2-1B)  Full 69.75 8239 73.06 79.93
cor Table 3: F1 f perf i
w/o Contrastive Data 6437 77.25 69.08 7491 488 able 5. Il scores ol performance comparison across
w/o COT 66.84 79.61 7095 7739  2.59 different backbones (PLMs vs. LLMs) and tuning
w/o Reason 68.52 80.79 72.33 79.06 1.10

Table 2: F1 scores of ablation results of our proposed
framework on four benchmark datasets. "w/o" denotes
the removal of a specific component.

by +4.53%, +1.52%, +1.2%, and +0.81% in F1
score, respectively.

Compared to syntax-based baselines (S’E?
(Chen et al., 2021), EMC-GCN (Chen et al.,
2022b), Dual-Span (Li et al., 2023b), D2E2S (Zhao
et al., 2024b)) and state-of-the-art PLM-based span
methods, our model achieves the best results, out-
performing the top PLM baseline by 5.51% in av-
erage Fl-score. Our framework also yields com-
petitive results when deployed on DeBERTa-v3-
large. These prove that our model successfully
unleashes the potential of LLMs and seamlessly
adapts to PLMs. We also include two variants: SG-
SAME (LLM-only), which uses the same Llama-

paradigms. T denotes that detailed analysis and extended
evaluations for this model are provided in Appendix C.

3.2-1B model with standard full-parameter fine-
tuning, without the syntactic-semantic matrix guid-
ance module or the CoT format; and SG-SAME
(CoT-only), which retains the four-step CoT rea-
soning but removes the matrix guidance module.
The performance comparison confirms that both
our matrix guidance and CoT reasoning modules
contribute effectively.

In addition, our performance achieves the best
results among LL.M-based models, outperforming
PASTEL (Bodke et al., 2025), which is also based
on the Llama-1B model. Compared with it, we
find that our model’s recall achieves an average
improvement of 4.02% across the four datasets, ex-
ceeding the 2.02% improvement in F1-score. This
indicates that our proposed framework, which uti-
lizes shared matrix guidance and performs four-
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step reasoning, can extract more comprehensive
results and reduce the omission of triplets.

Figure 3: Visualization of attention scores between as-
pects and opinions (highlighted in red boxes). Subfigure
(a) illustrates the vanilla attention scores S from Eq.
(10), while (b) shows the attention scores S as per Eq.
(12). For better contrast, both matrices are Min-Max
normalized (3).

Model 0% Noise 10% Noise 20% Noise
w/o Matrix Guidance 66.12 — —
CoreNLP — SpaCy 69.12 69.86 67.90
SG-SAME (Ours) 69.55 69.51 68.35

Table 4: Robustness F1 scores under varying syntac-
tic parsers and noise levels on 14Lap. “CoreNLP —
SpaCy” indicates parser replacement. Noise levels de-
note the percentage of randomly inserted/deleted syn-
tactic edges.

5.2 Effect of Different Modules

To verify the effectiveness of each component in
our framework, we conduct ablation experiments.
The results are summarized in Table 2.

Effect of Shared Matrix Module This section
provides an analysis of the effectiveness of the
Shared Matrix Module. (1) Removing the en-
tire matrix guidance (w/o Matrix Guidance, cor-
responding to SG-SAME (CoT-only) in Table 1)
causes the sharpest performance drop (AF1 =~
2.24 ~ 4.04%), proving that a shared matrix ef-
fectively enhances task-relevant attention. (2) The
decline in w/o Multi-View Masking demonstrates
that the semantic-syntactic shared matrix is crucial
for steering attention toward task-specific objec-
tives. (3) The superiority of Biaffine over Aver-
age pooling (w/o Biaffine Gating) suggests that the
cross-space interaction is non-linear and requires
higher-order transformation to capture fine-grained
Aspect-Opinion (A-O) associations. (4) Replacing
the Shared Matrix with the raw syntactic tree (w/o
shared matrix fusion) drops the F1 score by 2.71

on average, confirming that raw dependency trees
introduce noisy connections. (5) By replacing the
Gated Residual Injection with static residual ad-
dition (W/o Residual Gating), we observe a clear
performance drop, which verifies the necessity of
dynamic gating in coordinating the preservation of
pre-trained linguistic proficiency and the enhance-
ment of syntactic guidance. As illustrated in Figure
3, the attention weights for Aspect-Opinion (A-O)
connections (highlighted in the red box) are signif-
icantly intensified. Driven by the guidance of our
Shared Matrix, this empirical evidence validates
that the integration of syntactic information effec-
tively reinforces task-specific A-O dependencies,
thereby forcing the attention mechanism to focus
more sharply on task-relevant connections.

Effect of CoT This section evaluates individual
components within our CoT strategy. (1) The per-
formance of w/o Contrastive Data declines by 4.88
in F1 score on average, demonstrating that negative
candidates are critical for preventing the reasoning
chain from hallucinated associations. (2) Interest-
ingly, w/o Contrastive Data yields worse results
on the 14res dataset, proving that without negative
candidates, the reasoning chain suffers from hallu-
cinated associations. (3) The performance gap in
w/o Reason confirms that generating justifications
guides the model to enhance interpretability and
perform self-correction during output generation.

5.3 Impact of Varied Backbones and Tuning
Paradigms

To investigate different backbones and tuning
paradigms, we compare SG-SAME across various
architectures, including PLMs (BERT, RoBERTa)
and PEFT-based Qwen3-8B. All backbones are in-
tegrated into our framework to ensure a fair evalua-
tion.

As shown in Table 3, SG-SAME (Llama-3.2-
1B with full-parameter fine-tuning) consistently
achieves superior F1 scores across all four datasets,
outperforming the larger Qwen3-8B-Instruct model
tuned with LoRA. This aligns with Instruct-ABSA
(Scaria et al., 2024), indicating that full-parameter
fine-tuning enables better adaptation of internal rep-
resentations to task-specific inter-token relations.
Additionally, our LLM-based framework consis-
tently outperforms PLM baselines, achieving aver-
age F1 improvements of 5.72% and 3.83% relative
to BERT and RoBERTa. respectively. This con-
firms that the reasoning capabilities of the LLM
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Model lap14 resl4 resl5 resl6
Seq2Path* 7429 7735 71.84 79.09
Pure LLM 72.11 79.14 7249 81.57
SG-SAME (Ours) 79.59 85.89 78.17 88.20

Table 5: F1 scores of AOPE task generalization. Where
* denotes results reproduced from the original paper.

Model lapl4 resld resl5 resl6
InstructABSA* 79.34  79.47 69.39 73.06
Pure LLM 78.22  77.65 69.50 72.11
SG-SAME (Ours) 84.62 83.27 7442 7795

Table 6: F1 scores of ASPE task generalization.

architecture provide a critical edge in capturing
complex sentiment-aspect dependencies.

5.4 Robustness to Syntactic Parsing Quality

To evaluate the impact of syntactic parsers and the
robustness of our framework, we simulate environ-
ments with noisy reviews and informal domains by
introducing artificial perturbations to mimic parser
failures. The results are summarized in Table 4.

First, replacing CoreNLP with SpaCy, both ad-
hering to the UD v2 standard (Nivre et al., 2020),
leads to only a minor performance fluctuation
(69.55 — 69.12), confirming that our framework
is robust to parser choice. Then we introduce ran-
dom perturbations by inserting and deleting 10%
and 20% of the syntactic matrix edges. Under
these noisy conditions, our SG-SAME framework
maintains strong performance, with F1 scores of
69.51 and 68.35, respectively, representing drops
of merely 0.06% and 1.73%. By contrast, the
CoreNLP — SpaCy variant shows a decline to
67.90 under 20% noise.

These results demonstrate robust performance
across varying parser conditions and input pertur-
bations. Although increasing the noise ratio leads
to a certain degree of performance degradation, the
drop remains within an acceptable range, benefiting
from the fact that our subsequent gating mechanism
also effectively filters out noisy connections.

5.5 Generalization to Other ABSA Tasks

To demonstrate the broader applicability of our
framework, we extend SG-SAME to two other
ABSA subtasks: Aspect-Opinion Pair Extraction
(AOPE) and Aspect Sentiment Polarity Extraction
(ASPE). AOPE aims to extract (aspect, opinion)
pairs to identify which opinion phrase aligns with

which aspect, while ASPE extracts (aspect, senti-
ment) pairs without considering opinion terms. To
ensure a fair evaluation, we fully retain the core
modules of SG-SAME, including multi-view mask-
ing, biaffine gating, and attention-score injection.
During the negative candidate injection and infer-
ence phases, we utilize the original text generated
by the DeepSeek model, dynamically removing the
tuple elements not required by the target task along
with their corresponding intermediate reasoning
paths.

For AOPE, as shown in Table 5, our SG-SAME
framework consistently outperforms both Seq2Path
(Mao et al., 2022) and the Pure LLM baseline,
which uses the same backbone (Llama-3.2-1B-
Instruct) as SG-SAME, across all four datasets. On
average, SG-SAME achieves a 4.36% F1 improve-
ment over Seq2Path, with the largest gain of 6.87%
on the 15res dataset.

For ASPE, we compare against Instruct ABSA
(Scaria et al., 2024) and Pure LLM, which uses
Llama-3.2-1B-Instruct. Table 6 shows that SG-
SAME achieves a 3.85% F1 improvement over
InstructABSA on average, with the largest gain of
5.28% on the lap14 dataset.

Experimental results demonstrate that our pro-
posed framework consistently achieves superior
performance across both tasks and all four datasets,
confirming that SG-SAME possesses strong gener-
alization potential to other related ABSA tasks.

6 Conclusion

This paper addresses the issue of potential noise
inherent in syntactic and semantic features for the
ASTE task. First, we derive semantic and syntactic
matrices using attention mechanisms and external
parsers, respectively. Then, a multi-view masking
mechanism together with a biaffine-based gating
module is employed to derive a task-aligned shared
matrix from the existing semantic and syntactic
matrices. This matrix is subsequently injected
into the hidden representations of a large language
model (LLM) to enable syntax-guided representa-
tion learning. Finally, we design a CoT framework
incorporating negative candidate injection, which
leverages a four-step reasoning process to enhance
the model’s ability to discriminate and rectify com-
plex sentiment relations. Extensive experiments on
multiple benchmark datasets demonstrate that our
SG-SAME model consistently outperforms state-
of-the-art baselines.
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Limitations

Although our method proposes an approach to
guide the attention matrix within LLM layers, it
does not completely eliminate task-irrelevant noise
inherent in semantic or syntactic features, which
may interfere with performance. While improving
performance, our method also introduces additional
syntactic and shared matrices, which incur extra
inference time and bring acceptable computational
overhead. Furthermore, our method has only been
validated on the ASTE task and has not been ex-
tended to other aspect-based sentiment analysis
tasks. We leave the exploration of these issues to
future work.
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Dataset | Split | NEU | POS | NEG | #S | #T
Train 126 817 517 906 | 1460
14LAP | Dev 36 169 141 219 346
Test 63 364 116 328 543
Train 166 | 1692 480 | 1266 | 2338
14RES | Dev 54 404 119 310 577
Test 66 773 155 492 994
Train 25 783 205 605 | 1013
15RES | Dev 11 185 53 148 249
Test 25 317 143 322 485
Train 50 | 1015 329 857 | 1394
16RES | Dev 11 252 76 210 339
Test 29 407 78 326 514

Table 7: Statistics for the ASTE-Data-V2 dataset.

A Dataset Statistics

We present the detailed information of the datasets
used in 7. The abbreviations NEU, POS, and NEG rep-
resent the number of triplets with neutral, positive,
and negative sentiment polarities, respectively. In
addition, #S and #T indicate the total number of
sentences and the total number of aspect sentiment
triplets contained in each dataset split. These statis-
tics provide an overview of the dataset distribution
and the relative proportion of different sentiment
categories across training, development, and test
sets.

B Additional baseline description

We provide a detailed account of the vital baselines,
which include syntax-based models, LLM-based
models, and span-based PLM models that have
achieved promising performance:

o S3E2 (Chen et al., 2021) The model jointly
extracts triplets by consolidating sequential
contextual semantics via an LSTM, concur-
rently with syntactic dependencies, semantic
relatedness, and positional relationships using
a Graph Neural Network (GNN).

* EMC-GCN (Chen et al., 2022b) jointly ex-
tracts triplets via a Multi-Channel GCN that
integrates diverse linguistic features (e.g.,
POS, dependency syntax, and positional dis-
tance), followed by a refining strategy that
leverages implicit intermediate results for
word-pair representation refinement.

* Dual-Span (Li et al., 2023b) This framework
implements a dual-channel span generation
mechanism integrating syntactic dependen-
cies and part-of-speech attributes. An RGAT

and a gating module then fuse these features
for joint triplet extraction, reducing candidate
spans by nearly half.

D2E2S (Zhao et al., 2024b) extracts triplets
via a dual-channel encoder (BERT for seman-
tics, enhanced LSTM for syntax) and a Hetero-
geneous Feature Interaction Module (HFIM).
It enforces a KL divergence separation mech-
anism to segregate semantic and syntactic
views.

* ASTE-Transformer (Naglik and Lango, 2024)
extracts triplets via a three-stage progressive
Transformer pipeline spanning language mod-
eling, self-attention span-pair matching, and
global decision-making. It also introduces a
pseudo-label-based pre-training scheme for
bootstrapping.

BTF-CCL (Li et al., 2025) enhance perfor-
mance by combining boundary-driven table
filling with cross-granularity contrastive learn-
ing to align sentence- and word-level seman-
tics.

PASTEL (Bodke et al., 2025) decomposes
joint triplet extraction into structured sub-
tasks. Specifically, fine-tuned LLMs first inde-
pendently extract aspect targets and polarity-
aware opinion phrases, forming a candidate
pool via a Cartesian product. Finally, GPT-40
acts as an LLLM-as-a-Judge to cross-verify and
prune the candidate triplets.

C Computational Efficiency

To comprehensively evaluate the computational
efficiency of our proposed method, we present a
detailed comparison of resource overhead and F1-
scores across different models on the 14Lap dataset
in Table 8. All experiments are independently con-
ducted three times to report the average results,
and the training time per epoch is calculated as the
average duration across all training epochs. The
hyperparameter configurations of our models can
be found in Appendix D.

The complete SG-SAME (Ours) achieves the
highest F1-score of 69.75%, outperforming SG-
SAME (w/o Guidance) by 3.63%, which retains
CoT but removes the matrix guidance module. This
demonstrates that the shared matrix guidance con-
sistently contributes notable performance gains on
top of CoT reasoning.
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Figure 4: The syntactic dependency graph of the example used in our work.

Table 8: Computational efficiency and comparison of F1-scores for different methods on the 14Lap dataset.

Model / Configuration

Trainable Params (M) Peak Memory (GB) Time/Epoch (s) Total Training Time (min) Latency (ms) FLOPs (GFLOPs) F1 (%)

SG-SAME (Ours) 1567.32 49.67
SG-SAME (w/o Guidance) 1298.16 45.20
Qwen3-8B-Instruct (LoRA) 1348.78 54.45
SG-SAME (DeBERTa-v3-large) 1772.72 34.47
SG-SAME (DeBERTa) (w/o Guidance) 1151.90 31.61

1013.94 112.58 1316 1658.30 69.75
942.96 104.70 1263 1427.31 66.12
962.48 86.01 3874 9349.10 64.33
65.83 78.04 17 73.60 68.64
59.24 71.15 15 71.80 65.76

Qwen3-8B-Instruct (LoRA) adopts a larger back-
bone with 9,537.32M total parameters, yet its train-
able parameters (1,348.78M) are 13.94% fewer
than our full fine-tuning setup. Despite this, its
peak memory usage (54.45 GB) is the highest
among all models, primarily due to the massive
activation memory of the large decoder backbone.
Moreover, it achieves only a 64.33% F1-score, lag-
ging far behind our complete model. This suggests
that blindly scaling up model size without task-
specific structural guidance is inefficient for this
fine-grained extraction task.

SG-SAME (DeBERTa-v3-large), which applies
our matrix guidance on a PLM backbone, achieves
a competitive F1-score of 68.64%, while its w/o
Guidance variant drops to 65.76%, further con-
firming the effectiveness of our proposed matrix
guidance module beyond the LLM setting. How-
ever, despite the PLM’s advantage in training ef-
ficiency—requiring less memory and shorter per-
epoch time—it falls short of our complete LLM-
based SG-SAME in terms of F1 performance.

Although our complete model incurs additional
training overhead compared to its lightweight vari-
ants, the performance gains are substantial and con-
sistent across settings. The matrix guidance module
effectively filters task-irrelevant connections, and
the CoT reasoning enhances extraction comprehen-
siveness. Together, they enable a compact 1B LLM
to outperform both larger LMs and PLM-based
counterparts, demonstrating that the added com-
putational cost is well justified by the significant
performance improvements.

D Hyperparameter Configurations

To ensure the reproducibility of all experiments in
this study, we present the detailed hyperparameter
configurations for all baseline models evaluated in
the ablation studies (Section 3) in Table 9.

For the LLM-based methods, such as Qwen3-8B-
Instruct and LLaMA-3.1-8B-Instruct, we employ
the LoRA fine-tuning strategy, incorporating an
early stopping mechanism to mitigate overfitting.

For the PLM-based approaches, including
DeBERTa-v3-large, RoBERTa-large, and BERT-
large-uncased, we perform full-parameter fine-
tuning. Critical hyperparameters, such as the learn-
ing rate and warmup ratio, are carefully tuned ac-
cording to the specific requirements of each task.
All models are evaluated under identical data splits
to guarantee a fair and rigorous comparison.

E Detailed Analysis of Syntactic
Dependency Patterns

Consider the following example: "The decor is
beautiful, but the price of this famous dish is too
much." As illustrated in Figure 4, the dependency
parse tree of this example is presented, with their
respective connection types labeled. According
to the Universal Dependencies (UD) v2 standard
(Nivre et al., 2020), coordination is analyzed by
using the conj relation to connect all non-first con-
juncts to the first one. This convention creates an

explicit dependency edge: Beautiful L5 much.
Furthermore, since Price serves as the nominal
subject of much, the edge price " much is es-
tablished. These connections form a 2-hop path
between beautiful and price. Beyond the entangle-
ment across clauses, syntactic noise also manifests
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Table 9: Detailed hyperparameter configurations for the evaluation models in ablation studies.

Hyperparameter Qwen3-8B Llama-3.1-8B DeBERTa-v3-large RoBERTa-large BERT-large-uncased

Tuning Strategy LoRA LoRA Full Full Full

Batch Size 1 1 8 32 16

Gradient Accumulation 2 2 1 1 1

Max Epochs 8 8 70 70 80

Learning Rate Se-5 Se-5 le-5 3e-5 5e-5

Weight Decay 0.01 0.01 0.01 0.01 0.01

LR Warmup Ratio - - 0.2 0.1 0.1

LoRA Rank (r) 16 16 - - -

LoRA Alpha (a) 32 32 - - -

LoRA Dropout 0.02 0.02 - - -

Eval Steps 100 100 - - -

Early Stopping Patience 10 10 - - -
Dataset Asyn (%) Asern (%) Asha (%) matrices to compute the final weight proportions.
141ap 12.62 8.12 31.84 As shown in Table 10, the raw syntactic and seman-
l4res 11.16 10.13 36.45 tic matrices assign limited attention to A-O pairs
ISres 10.36 6.46 29.19 with averages of 12.45% and 8.42% respectivel
16res 15.65 8.95 3435 : g 470 <470 Tespectively,

while our proposed shared matrix yields a higher

Average 12.45 8.42 32.96

Table 10: The proportion of Aspect-Opinion (A-O) con-
nection weights.

within local phrase structures. The preposition of
in the phrase price of this famous dish serves as a
case marker and is excluded from the dependency
core under UD rules. Consequently, a direct nmod
relation is established between the nouns, denoted

. d . . L .
as price ——% dish. Since the adjective famous is

attached to its head noun dish via an amod relation,
mod dish amod

a 2-hop path is formed : price —
famous.

Consequently, when these task-irrelevant two-
hop connections are injected into a GCN with more
than two layers or processed by attention mecha-
nisms, it leads to aggregation between the two task-
irrelevant tokens or inflates the attention scores
between them, thereby detrimental to the model’s
performance.

F Component Analysis of the Shared
Matrix Module

We calculate the Aspect-Opinion (A-O) connection
weights for the syntactic, semantic, and shared ma-
trices derived from Egs. 2,5, and 9, respectively. To
ensure a fair comparison, Min-Max normalization
is applied to all three matrices. The A-O index sets
are determined based on the original datasets, and
the corresponding values are extracted from the

density reaching up to 32.96%. This increase sub-
stantiates that our shared matrix module effectively
concentrates on task-relevant connections, provid-
ing superior inputs for the subsequent CoT process
via the attention mechanism.

G Definition and Verification of the
Shared Matrix

In this section, we explicitly define the concepts
of co-occurrence and absence mentioned in Sec-
tion 1. Since the semantic attention matrix Agem
is a dense matrix where all tokens have connec-
tions, and the syntactic dependency tree Ay, is a
sparse 0-1 matrix, we define these two concepts as
follows:

* Definition of Co-occurrence: For an authen-
tic Aspect-Opinion (A-O) pair, co-occurrence
means it simultaneously exists in both views.
Specifically, in the syntactic dependency tree,
they have a direct connection (such as nsubj or
amod), meaning Ay, ;; = 1. Concurrently,
in the semantic attention matrix, their atten-
tion weight Agey, ;5 is significantly high and
stands out above the background noise due to
the real sentiment modification relationship.
The intersection of this syntactic connection
and high semantic attention weight is defined
as co-occurrence.

Definition of Absence: The absence of task-
irrelevant noise means that the connection
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Table 11: Case study comparing triplet extraction results on representative instances from the test sets. Correctly
extracted triplets are in gold triplets, while incorrect or hallucinated elements are highlighted in red with underlines.
None denotes empty extractions.

Category Text and Extracted Triplets
Case 1: Laptop 14, ID: 1004293:144

Text First off, I really do like my MBP; once used to the OS, it is pretty easy to get around, and the
overall build is great; e.g., the keyboard is one of the best to type on.

Gold Triplets (OS, like, POSITIVE); (OS, easy, POSITIVE); (overall build, great, POSITIVE); (keyboard, best,
POSITIVE)

BTF-CCL (MBP, like, POSITIVE);  (OS, easy, POSITIVE); (overall build, great, POSITIVE);

(keyboard, best to type on, POSITIVE)

(OS, like, POSITIVE); (OS, easy, POSITIVE); (overall build, great, POSITIVE); (keyboard, best,
POSITIVE); (MBP, easy, POSITIVE)

(OS, like, POSITIVE); (OS, easy, POSITIVE); (overall build, great, POSITIVE); (keyboard, best,
POSITIVE)

Case 2: Restaurant 14, ID: 1004293:439

SG-SAME (w/o CoT)

SG-SAME (Ours)

Text The homage to India is most evident in the delectable roti canai appetizer, a fried pancake served
with pungent curry dipping sauce, while the mango chicken offers a surprisingly sophisticated,
fresh take on sweet-and-sour.

Gold Triplets (roti canai appetizer, delectable, POSITIVE); (mango chicken, surprisingly sophisticated, POSI-
TIVE); (mango chicken, fresh, POSITIVE)

BTF-CCL (roti canai, delectable, POSITIVE); (curry dipping sauce, pungent, POSITIVE); (mango chicken,

fresh, POSITIVE)

(roti canai appetizer, delectable, POSITIVE); (mango chicken, surprisingly sophisticated, POSI-
TIVE); (mango chicken, fresh, POSITIVE); (curry dipping sauce, pungent, POSITIVE)

(roti canai appetizer, delectable, POSITIVE); (mango chicken, surprisingly sophisticated, POSI-
TIVE); (mango chicken, fresh, POSITIVE)

Case 3: Restaurant 15, ID: 1004293:232

SG-SAME (w/o CoT)

SG-SAME (Ours)

Text The crust has a great bite and a good chew, the sauce is light with a nice acidity to it, and the salt
from the cheese is great, really heightening the flavor of all the other components.

Gold Triplets (crust, great, POSITIVE); (crust, good, POSITIVE); (sauce, light, POSITIVE); (cheese, great,
POSITIVE)

BTF-CCL (crust, great, POSITIVE); None; (sauce, light, POSITIVE); (cheese, great, POSITIVE)

SG-SAME (w/o CoT) (crust, great, POSITIVE); (crust, good, POSITIVE); (sauce, light, POSITIVE); (cheese, great,
POSITIVE); (sauce, nice, POSITIVE)
(crust, great, POSITIVE); (crust, good, POSITIVE); (sauce, light, POSITIVE); (cheese, great,

POSITIVE)

SG-SAME (Ours)

fails to be validated by both views at the same
time. This typically includes two scenarios:

the external syntactic dependency tree
(Agyn,i; = 0). This lack of grammati-
cal grounding is defined as being absent

1. Syntactic connection absent in seman- from the syntactic view.

tics: Certain token pairs are con-
nected in the syntactic dependency tree
(Agyn,ij = 1) (e.g., the beautiful-much
connection) purely due to parsing rules.
However, they lack substantive senti-
ment relevance, resulting in very low
weights in the semantic attention matrix
(Agsem,ij — 0). This near-zero attention
weight is defined as being absent from
the semantic view.

By applying these definitions, our framework
can accurately extract the co-occurring authentic
A-O pairs.

H Case Study

Comparison with Baselines To evaluate our
method, Table 11 presents a qualitative analysis
using three representative instances from the Lap-
topl4, Restaurant14, and Restaurantl5 datasets.

2. Semantic connection absent in syntax: In-
terfered by prominent sentiment words,
certain task-irrelevant token pairs may
falsely receive high weights in the se-
mantic attention matrix. Nevertheless,
they share no dependency relation in

We compare our full framework (SG-SAME), the
ablation variant (SG-SAME w/o CoT), and the
state-of-the-art baseline BTF-CCL (Li et al., 2025),
yielding several critical insights:

In Case 1 (Laptop14) with dense explicit targets
(MBP, OS, overall build, keyboard), BTF-CCL suf-
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Table 12: Case analysis of the shared matrix effectiveness under four challenging scenarios. For each scenario,
we compare the LLM-only variant (without shared matrix guidance and COT) against the full SG-SAME model.
Incorrect extractions are highlighted in red. All cases are sampled from the 14Lap dataset.

Scenario Input (ID: #)

SG-SAME (LLM-only)

SG-SAME

Parser Error ) Great product , great
price , great delivery , and
great service .

(ID: 1004293:69)

(price, great, POS); (deliv-
ery, great, POS); (service,
great, POS); (product, great,
POS)

Reason: Parser incorrectly
treats “product” as the head
of the coordinated senti-
ment phrases, causing over-
extraction.

(price, great, POS); (deliv-
ery, great, POS); (service,
great, POS)

Effect: Shared matrix de-
emphasizes the erroneous
head-modifier linkage and
maintains focus on the ex-
plicitly listed opinion tar-
gets.

The Like New condition of
the iMac MC309LL/A on
Amazon is at $900+ level
only , and it is a Quad-Core
2.5 GHz CPU ( similar to the
$799 Mini ) , with Radeon
HD 6750M 512MB graphic
card ( this mini is integrated
Intel 4000 card ) , and it even
comes with wireless Apple
Keyboard and Mouse , all
put together in neat and nice
package .

(ID: 1004293:215)

Long-distance

(package, neat and nice,
POS)

Reason: Aspect “package’
and opinions ‘“neat” and
“nice” are separated by long-
distance modifiers, causing
attention to erroneously
merge the two opinion
phrases into a single span.

s

(package, neat, POS); (pack-
age, nice, POS)

Effect: Direct dependency
path (package <> neat / nice)
acts as an attention highway,
eliminating distance interfer-
ence.

Syntax/Semantics Disagree  Sure it ’s not light and slim
but the features make up for
it 100 % .

(ID: 1004293:7)

(features, not light and slim,
NEG)

Reason: Structural proxim-
ity leads the model to as-
sociate the negative modi-
fier “not light and slim” with
“features” as a negative senti-
ment expression.

(features, not light and slim,
POS)

Effect: Shared matrix bal-
ances syntactic and semantic
signals, correctly identifying
that “make up for it” conveys
positive compensation rather
than negative evaluation.

Implicit Opinion / Sarcasm The Apple engineers have
not yet discovered the delete
key .

(ID: 1004293:9)

Not extracted

Reason: No explicit senti-
ment word is present; the
model fails to recognize the
sarcastic implication.

(delete key, not yet discov-
ered, NEG)

Effect: CoT reasoning (Step
3) explicitly infers the im-
plied criticism from the
ironic construction, correctly
identifying the negative sen-
timent without surface cues.

fers from local sentiment mismatching, misbind-
ing the opinion of OS to “MBP” and extracting a
corrupted opinion span “best to type on”. Mean-
while, the non-CoT variant generates a hallucinated
triplet “(MBP, easy, POSITIVE)”. Conversely, our
full SG-SAME perfectly matches all gold triplets,
validating that multi-step joint reasoning maintains
high fidelity in isolating dense spans and complex
dependencies.

In Case 2 (Restaurant14), BTF-CCL exhibits
the typical short-span truncation defect under long-
distance syntax, shrinking “roti canai appetizer”
into “roti canai”’. Crucially, lacking reasoning
depth, both BTF-CCL and the w/o CoT variant
misinterpret the objective description “pungent” as

a sentiment opinion, delivering redundant extrac-
tions. Benefiting from the Contrastive CoT with
rebuttal verification, our full model successfully
filters out these deceptive elements at Step-4, show-
casing superior anti-noise capabilities.

Case 3 (Restaurant15) poses a severe challenge
with a multi-opinion structure (great bite/good
chew for crust) and parallel targets. Here, BTF-
CCL misses the second triplet (“None”), whereas
the w/o CoT variant over-extracts “nice” from “nice
acidity” into a spurious triplet. Conversely, our full
SG-SAME achieves zero-error conformity with the
ground-truth, demonstrating that structural priors
and contrastive learning effectively restrain bound-
ary bleeding and false-positive misclassifications.
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Scenario-Specific Analysis To further investi-
gate the shared matrix under challenging condi-
tions, we present four cases in Table 12, cov-
ering parser errors, long-distance dependencies,
syntax-semantics disagreement, and implicit opin-
ion/sarcasm.

In the first case, the parser incorrectly treats prod-
uct” as the head of coordinated sentiment phrases.
The LLM-only variant over-extracts a spurious
triplet forproduct”, while our full model avoids
this by de-emphasizing the misleading linkage.

In the second case, aspect package” and opin-
ionsneat” and nice” are separated by long-distance
modifiers. The LLM-only variant merges them into
a single spanneat and nice”, whereas our shared ma-
trix leverages direct dependency paths to correctly
extract two distinct triplets.

In the third case, not light and slim” is syntac-
tically close tofeatures” but semantically conveys
positive compensation via “make up for it”. The
LLM-only variant extracts a negative triplet, while
our shared matrix balances syntactic and semantic
signals to identify the correct positive sentiment.

In the fourth case, the sentence contains no ex-
plicit sentiment word yet expresses sarcastic crit-
icism. The LLM-only variant extracts nothing,
while our CoT reasoning infers the implied neg-
ative sentiment from the ironic construction.

Overall, these cases show that the shared ma-
trix rectifies parser errors, bridges long-distance
dependencies, resolves syntax-semantics conflicts,
and—together with CoT—handles implicit senti-
ment, consistently boosting triplet extraction ro-
bustness and accuracy.

I Generation of Chain-of-Thought Tuning
Data

We present the detailed procedures and the corre-
sponding prompt templates for both the Chain-of-
Thought (CoT) data generation phase and the sub-
sequent training and inference stages. DeepSeek-
v4-Pro is utilized to construct a four-step joint rea-
soning dataset encompassing both positive and neg-
ative samples. Considering that different models
adapt to varying prompt lengths, we employ a three-
shot setting during the data generation phase. In
contrast, for the training and inference phases, a
one-shot setting—featuring a single exemplar that
incorporates negative samples—is utilized for in-
context learning.

I.1 Process and Prompts for CoT Data
Generation

Initially, the ground-truth triplets (gold triplets) of
each sentence are recovered from the original an-
notations to serve as the benchmark. For positive
samples, all ground-truth triplets of a sentence are
retained, and the model is guided to generate a com-
plete four-step Chain-of-Thought (CoT) reasoning
process.

For negative samples, the construction follows
an asymmetric negative sampling strategy based on
a “mixture of true and false’ paradigm: on the basis
of fully retaining the ground-truth triplets, one to
two items of perturbative noise (incorrect triplets)
are explicitly introduced according to the rules de-
tailed in Appendix A. At the input stage, the large
language model is simultaneously provided with
the ground-truth triplets, the incorrect triplets, and
their corresponding perturbation rules, thereby in-
ducing the model to generate highly robust rebuttal
evidence regarding the causes of errors. During
the final verification phase of the four-step reason-
ing (Step 4), the model executes an instance-level,
one-by-one identification over all candidate triplets,
precisely rejecting the incorrect triplets with nega-
tive labels, while the ground-truth triplets are aggre-
gated into the final structured JSON output. This
scheme aims to establish a rigorous discriminative
contrastive learning environment, effectively sup-
pressing the model’s inclination toward negative
bias and false negative misclassifications in fine-
grained sentiment analysis, thereby significantly
enhancing its generalization performance.

To avoid redundancy, we define the reusable
prompt segments as standardized components:

Task Description ([Task_Desc])

You are an aspect-sentiment triplet extrac-
tion expert. I will give you a sentence. Ex-
tract all valid triplets and verify them jointly
in 4 steps. Be faithful to the sentence and
do not fabricate evidence. Each step must
contain both Result and Reason.

We provide the following three negative sam-
pling rules for reference
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Negative Sampling Rules ([Neg_Rules])

wrong_pair — Build the negative triplet by
taking the aspect from one gold triplet and
combining it with the opinion from another
gold triplet in the same sentence.

wrong_sentiment — Keep a real aspect-
opinion pair but replace the gold sentiment
polarity with an incorrect polarity.

irrelevant_phrase — Use a phrase that ap-
pears in the sentence, but this phrase is not
the true opinion expression for the target as-
pect.

The following are the reference labels provided
during data generation, which correspond to the
triplets that should be constructed in the first three
steps. The positive samples are explicitly labeled,
and the corresponding construction rules for neg-
ative samples are provided to assist the model in
articulating its reasoning. These negative samples
will be identified and discarded during the step-4
verification phase.

Reference Labels ([Ref_Label])

The triplets that need to be constructed in
the first three steps:

(Aspect1, Opinionl, Sentimentl)

(Aspect2, Opinion2, Sentiment2)

(Aspect3, Opinion3, Sentiment3)

The genuinely existing sample :
(Aspect1, Opinionl, Sentimentl)
(Aspect2, Opinion2, Sentiment2)

The synthesized negative sample :
(Aspect3, Opinion3, Sentiment3)

The rule applied to construct this neg-
ative sample :

(wrong_pair / wrong_sentiment /
irrelevant_phrase) [Neg_Rules]

Next, we present the global prompt for data gen-
eration, utilizing three few-shot exemplars for ref-
erence.
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Global Prompt
[Task_Desc]

Step 1 (Aspect Identification): identify all
explicit aspects.

Step 2 (Opinion Tracing): find the true opin-
ion phrase for each aspect.

Step 3 (Sentiment Reasoning): infer senti-
ment from the validated aspect-opinion rela-
tion.

Step 4 (Verification): List the triplets and ver-
ify whether the sentiment polarity matches
the opinion and aspect. Mark YES if true,
otherwise NO.

Output exactly this format:

[Reasoning]

Step 1 (Aspect Identification):
Result:

Reason:

Step 2 (Opinion Tracing):
Result:

Reason:

Step 3 (Sentiment Reasoning):
Result:

Reason:

Step 4 (Verification):

(aspect, opinion, sentiment)
YES/NO

(aspect, opinion, sentiment)
YES/NO

Reason:

[Result]

(aspect, opinion, sentiment)

Here are examples to help you better under-
stand the task:

[Example1]
[Example2]
[Example3]

[Neg_Rules]
[Ref_Label]



I.2 Prompt for Training and Inference

During the training and inference phases, the
prompt structure remains consistent with the
data generation stage, with the exceptions of
[Neg_Rules] and [Ref_Label]. Specifically,
since our objective shifts from data generation to
the training and inference processes, we remove
the correct triplets used as a reference to prevent
data leakage, and require the model to generate
intermediate Chain-of-Thought triplets and final
verification results purely based on the input text.
We present the examples utilized during the train-
ing and inference processes here:

Example

Sentence: "The decor is beautiful, but the
price is too much."

[Reasoning]

Step 1 (Aspect Identification):

Result: ["decor”, "price"]

Reason: Both are explicit aspect entities in

the text.

Step 2 (Opinion Tracing):

Result: ["decor" — "beautiful", "price" —
"too much", "decor" — "but"]

Reason: "beautiful" and "too much" are
modifiers; "but" is a structural contrast.

Step 3 (Sentiment Reasoning):

Result: ["beautiful" — positive, "too much"
— negative, "but" — none]

Reason: Evaluation words carry sentiment
polarities; conjunctions do not.

Step 4 (Verification):

(decor, beautiful, positive) YES

(price, too much, negative) YES

(decor, but, none) NO

Reason: "but" is a conjunction, not an opin-
ion.

[Result]
(decor, beautiful, positive)

(price, too much, negative)

Now analyze the following sentence.
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