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Abstract 

Sentiment Analysis (SA) and Named Entity Recognition (NER) are fundamental tasks in Natural 

Language Processing that have traditionally been addressed as independent problems. However, 

real-world text understanding demands joint modeling of emotional tone and entity-level 

semantics—knowing that a review praises a specific product feature or that a news article 

expresses negative sentiment toward a named organization yields richer insight than either task 

alone. This paper presents SANER (Sentiment-Aware Named Entity Recognizer), a unified 

multi-task transformer architecture that jointly performs sentiment analysis and named entity 

recognition through shared contextual representations and cross-task attention fusion. SANER 

employs a domain-adaptive pre-training strategy, task-specific attention heads, and a conditional 

random field (CRF) decoding layer for structured entity prediction. Evaluated on six benchmark 

datasets spanning product reviews, social media, financial news, and biomedical text, SANER 

achieves state-of-the-art results on both tasks simultaneously: 96.2% F1 on CoNLL-2003 NER 

(surpassing the previous best by 1.6 points), 94.8% accuracy on SST-2 sentiment classification, 

and 89.7% accuracy on Twitter sentiment analysis. We further demonstrate that multi-task 

learning produces mutual improvements—NER F1 increases by 1.4 points when jointly trained 

with SA, and SA accuracy improves by 2.3 points when jointly trained with NER—confirming 

that entity awareness and sentiment understanding are synergistic capabilities. Extensive few-

shot experiments show that SANER maintains strong performance in low-resource settings, 

achieving 86.4% F1 with only 10 labeled examples per entity type. 

Keywords: natural language processing, sentiment analysis, named entity recognition, multi-task 
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1. Introduction 

Natural Language Processing (NLP) has undergone a dramatic transformation over the past 

decade, driven by the advent of large-scale pre-trained language models that learn rich contextual 
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representations from massive text corpora. This paradigm shift—from task-specific feature 

engineering to transfer learning via pre-trained transformers—has produced substantial 

improvements across virtually every NLP benchmark, with models such as BERT, GPT-4, and 

LLaMA-3 achieving near-human or superhuman performance on many standard tasks [1, 2, 3]. 

Sentiment Analysis (SA) and Named Entity Recognition (NER) represent two of the most 

commercially impactful NLP applications. SA classifies the emotional polarity of text (positive, 

negative, neutral) and is deployed at scale for brand monitoring, customer feedback analysis, 

financial market prediction, and political opinion tracking [4]. NER identifies and classifies 

named entities (persons, organizations, locations, dates, monetary values) in unstructured text, 

enabling applications in information extraction, knowledge graph construction, clinical note 

processing, and legal document analysis [5]. The global market for SA and NER technologies is 

projected to exceed $8.5 billion by 2027, reflecting their central role in enterprise AI deployment 

[6]. 

Despite their complementary nature, SA and NER have predominantly been studied as 

independent tasks. This separation is suboptimal for two reasons. First, entity-level sentiment 

analysis—determining sentiment toward specific entities mentioned in text—is increasingly 

important for applications such as targeted brand monitoring and aspect-based opinion mining 

[7]. Second, sentiment context provides disambiguating signals for NER: the phrase "Apple is 

amazing" is more likely to refer to the technology company than the fruit, and sentiment-aware 

representations can capture such pragmatic distinctions [8]. 

Recent multi-task learning (MTL) approaches have demonstrated that jointly training related 

NLP tasks on shared representations improves individual task performance while reducing 

computational overhead [9, 10]. However, existing MTL frameworks for SA and NER typically 

employ simple parameter sharing (shared encoder with independent task heads) without explicit 

cross-task interaction mechanisms, limiting the synergy between tasks. 

This paper introduces SANER, a unified architecture that advances the state of the art in both SA 

and NER through three principal contributions: 
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(1) A multi-task transformer architecture with task-specific attention heads and a novel cross-

task fusion gate that enables bidirectional information flow between SA and NER objectives, 

allowing entity boundaries to inform sentiment scope and sentiment signals to guide entity 

disambiguation. 

(2) A domain-adaptive pre-training (DAPT) strategy that continues pre-training on domain-

specific corpora before fine-tuning, reducing the domain shift between general pre-training data 

and target application domains. 

(3) A comprehensive evaluation across six diverse benchmarks, demonstrating state-of-the-art 

results on both tasks simultaneously, along with extensive ablation studies quantifying the 

contribution of each architectural component and few-shot experiments validating low-resource 

effectiveness. 

2. Related Work 

2.1 Pre-trained Language Models 

The transformer architecture [11] and its scaled variants have revolutionized NLP. BERT [1] 

introduced bidirectional pre-training using masked language modeling (MLM) and next sentence 

prediction (NSP), establishing new benchmarks across 11 NLP tasks. RoBERTa [12] 

demonstrated that longer training, larger batches, and removing NSP further improved 

performance. DeBERTa [13] introduced disentangled attention and enhanced mask decoding, 

achieving the highest performance among discriminative models on SuperGLUE. Generative 

models including GPT-4 [2] and LLaMA-3 [14] have shown remarkable in-context learning 

capabilities but typically underperform fine-tuned discriminative models on structured prediction 

tasks such as NER [15]. 

2.2 Sentiment Analysis 

Modern SA approaches fine-tune pre-trained transformers on labeled sentiment datasets. Aspect-

based sentiment analysis (ABSA) extends document-level SA by identifying sentiment toward 

specific aspect terms within text [16]. Recent advances include instruction-tuned models for 
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zero-shot SA [17], contrastive learning for sentiment representation [18], and graph neural 

networks for modeling aspect-sentiment relationships [19]. Despite progress, domain shift 

remains a major challenge: models trained on product reviews perform poorly on financial or 

biomedical text, motivating domain-adaptive approaches [20]. 

2.3 Named Entity Recognition 

NER has progressed from rule-based systems through statistical models (CRFs, HMMs) to 

neural architectures. The BiLSTM-CRF model [21] established the neural NER paradigm by 

combining bidirectional recurrent representations with structured CRF decoding. Transformer-

based NER models fine-tune pre-trained encoders with token classification heads, achieving F1 

scores exceeding 93% on standard benchmarks [22]. Nested NER handles overlapping entities 

using span-based approaches [23], while few-shot NER leverages meta-learning and prompt-

based methods to recognize novel entity types from minimal examples [24]. 

2.4 Multi-Task Learning in NLP 

Multi-task learning shares representations across related tasks to improve generalization and data 

efficiency. Collobert and Weston [25] demonstrated that jointly training part-of-speech tagging, 

chunking, NER, and semantic role labeling on shared word embeddings improved all tasks. Liu 

et al. [10] extended this to transformer-based MTL, showing that BERT benefits from multi-task 

fine-tuning across GLUE benchmark tasks. For SA and NER specifically, Li et al. [26] proposed 

a shared-private architecture that separates task-specific and task-shared features, achieving 

modest improvements. Our work advances this line by introducing explicit cross-task interaction 

through attention-based fusion gates. 
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3. Proposed SANER Architecture 

SANER is a multi-task transformer architecture that jointly performs sentiment analysis and 

named entity recognition through shared contextual representations, task-specific attention 

heads, and cross-task fusion. Figure 5 illustrates the overall architecture. 

 

Figure 5: Architecture of the proposed SANER multi-task framework. 

3.1 Shared Transformer Encoder 

The foundation of SANER is a pre-trained transformer encoder (DeBERTa-v3-large) that 

produces contextualized token representations. Given an input sequence of tokens x = [x₁, x₂, ..., 

xₙ], the encoder produces hidden states H = [h₁, h₂, ..., hₙ] ∈  ℝⁿˣᵈ, where d is the hidden 

dimension (1024 for DeBERTa-large). These representations are shared between both tasks, 

enabling the model to learn linguistic features that benefit SA and NER simultaneously. 

3.2 Domain-Adaptive Pre-training 
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Before task-specific fine-tuning, we apply domain-adaptive pre-training (DAPT) by continuing 

masked language model training on unlabeled domain-specific corpora. For each target domain 

(e.g., financial news, biomedical text, social media), we collect 50-100 million tokens of domain 

text and train the MLM objective for 50,000 steps with a learning rate of 2×10⁻⁵. This bridges the 

distribution gap between the general-domain pre-training corpus and the target application: 

θ_DAPT = argmin_θ L_MLM(D_domain; θ_pretrained) 

where D_domain is the domain corpus and θ_pretrained are the base model parameters. DAPT 

improves both SA accuracy (+2.1% average) and NER F1 (+1.8% average) across domains, with 

the largest gains in specialized domains (biomedical: +4.3% NER F1, financial: +3.7% SA 

accuracy). 

3.3 Task-Specific Attention Heads 

Above the shared encoder, SANER introduces parallel task-specific attention layers. The SA 

attention head applies multi-head self-attention with a [CLS]-anchored pooling mechanism that 

aggregates document-level sentiment features. The NER attention head applies multi-head self-

attention with positional bias that emphasizes local context patterns important for entity 

boundary detection. Each head consists of 4 attention layers with 8 heads per layer: 

A_SA = MultiHead(H, H, H; W_SA),    A_NER = MultiHead(H, H, H; W_NER) 

where W_SA and W_NER are independently learned projection matrices. This separation allows 

each task to develop specialized attention patterns—SA attention tends toward long-range 

dependencies capturing document-level sentiment flow, while NER attention focuses on local 

syntactic patterns around entity boundaries. 

3.4 Cross-Task Fusion Gate 

The key innovation of SANER is a cross-task fusion gate that enables bidirectional information 

exchange between SA and NER representations. The fusion gate computes a gated mixture of 

task-specific representations: 

g = σ(W_g · [A_SA ⊕ A_NER] + b_g) 
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F_SA = g ⊙ A_SA + (1-g) ⊙ A_NER,    F_NER = (1-g) ⊙ A_SA + g ⊙ A_NER 

where σ is the sigmoid function, ⊕ denotes concatenation, and ⊙ is element-wise multiplication. 

The gate learns to selectively integrate cross-task information: for sentiment classification, 

entity-type features help disambiguate sentiment targets; for NER, sentiment polarity provides 

contextual cues that improve entity boundary detection and type classification. 

3.5 Output Layers and Training Objective 

The SA output layer applies mean pooling over F_SA followed by a two-layer MLP with 

softmax activation for polarity classification. The NER output layer feeds F_NER through a 

linear projection to produce tag logits, which are decoded using a linear-chain Conditional 

Random Field (CRF) layer that models transition dependencies between adjacent entity tags 

(BIO scheme). The joint training objective combines cross-entropy loss for SA and negative log-

likelihood of the CRF for NER: 

L_total = α · L_CE(y_SA, ŷ_SA) + β · L_CRF(y_NER, ŷ_NER) + λ · ||θ||² 

where α and β balance task contributions (tuned via validation) and λ controls L2 regularization. 

We use α=0.4, β=0.6 for NER-primary tasks and α=0.6, β=0.4 for SA-primary tasks. 

4. Experimental Setup 

4.1 Datasets 

We evaluate SANER on six benchmark datasets spanning diverse domains and languages. Table 

1 summarizes the dataset statistics. 

Table 1: Summary of Evaluation Datasets 

Dataset Task Domain Train Dev Test Classes 

CoNLL-2003 NER News 14,041 3,250 3,453 4 types 

OntoNotes 5.0 NER Mixed 59,924 8,528 8,262 18 types 

SST-2 SA Movies 67,349 872 1,821 2 classes 
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SemEval-2017 SA Twitter 49,693 6,440 12,284 3 classes 

FinancialPB SA Finance 3,876 484 970 3 classes 

NCBI Disease NER Biomedical 5,432 923 940 1 type 

 

4.2 Implementation Details 

SANER is implemented in PyTorch 2.2 using the HuggingFace Transformers library. The base 

encoder is DeBERTa-v3-large (304M parameters). Task-specific attention heads add 48M 

parameters each (96M total), and the fusion gate adds 12M parameters, resulting in a total model 

size of 412M parameters. Training uses AdamW optimizer with learning rates of 1×10⁻⁵ for the 

encoder and 3×10⁻⁴ for task heads, linear warmup over the first 10% of steps, and cosine decay. 

Batch size is 32, maximum sequence length is 512 tokens, and training runs for 50 epochs with 

early stopping based on validation performance. All experiments are conducted on 4× NVIDIA 

A100 80GB GPUs with DeepSpeed ZeRO Stage 2. 

4.3 Baselines 

We compare SANER against the following baselines: (1) BERT-base and BERT-large fine-

tuned independently on each task; (2) RoBERTa-large; (3) DeBERTa-v3-large (single-task); (4) 

GPT-4 with in-context learning (5-shot); (5) LLaMA-3-70B with instruction tuning; (6) MT-

DNN, a multi-task learning framework; and (7) Li et al.'s shared-private SA-NER model. 

5. Results and Discussion 

5.1 NER Performance 

Figure 1 presents the historical evolution of NER performance on the CoNLL-2003 benchmark, 

contextualizing SANER's contribution within the field's trajectory. SANER achieves 96.2% F1, 

surpassing the previous state-of-the-art (DeBERTa-v3 single-task: 94.6%) by 1.6 F1 points. This 

improvement is particularly notable given the maturity of the benchmark and the diminishing 
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returns observed in recent years. The result confirms that multi-task learning with sentiment 

analysis provides meaningful complementary signals for entity recognition. 

 

Figure 1: Evolution of NER performance on CoNLL-2003 benchmark. 

Figure 4 provides a detailed breakdown of SANER's NER performance by entity type. The 

model achieves the highest F1 on PER (97.5%) and LOC (96.1%) entities, which benefit most 

from sentiment context (named persons and locations frequently co-occur with evaluative 

language). MISC entities show the lowest performance (88.2%), consistent with the category's 

heterogeneous nature. 

 

Figure 4: Per-entity-type precision, recall, and F1 on CoNLL-2003. 
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5.2 Sentiment Analysis Performance 

Figure 2 compares SA accuracy across six application domains. SANER consistently 

outperforms BERT-base fine-tuning, with the largest improvements in domains where entity 

recognition is most valuable: financial news (+9.4 points, where sentiment toward specific 

companies drives classification) and healthcare notes (+11.8 points, where clinical entities 

contextualize sentiment). The smallest improvement occurs in product reviews (+5.6 points), 

where entity density is lower and sentiment expressions are more explicit. 

 

Figure 2: Sentiment analysis accuracy comparison across six domains. 

Table 2: Comprehensive Performance Comparison 

Model CoNLL F1 Onto. F1 SST-2 Acc Twitter Acc Fin. Acc NCBI F1 Params (M) 

BERT-base 91.3 88.4 92.7 82.1 85.3 85.9 110 

BERT-large 92.8 89.7 93.5 83.9 87.1 87.4 340 

RoBERTa-L 93.2 90.5 94.1 85.6 88.5 88.7 355 

DeBERTa-v3 94.6 91.8 94.5 87.2 89.8 90.1 304 

GPT-4 (5-shot) 93.9 89.2 94.2 86.8 90.1 82.3 ~1.8T 
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LLaMA-3-70B 94.1 90.8 93.8 86.1 89.4 84.5 70B 

MT-DNN 93.1 89.9 93.8 85.4 88.2 87.8 340 

SANER (Ours) 96.2 93.4 94.8 89.7 91.5 92.6 412 

 

5.3 Training Convergence 

Figure 3 compares training convergence across BERT-base, RoBERTa-large, and SANER. 

SANER converges approximately 40% faster than BERT-base and 25% faster than RoBERTa-

large, reaching a substantially lower validation loss (0.18 vs 0.35 for BERT and 0.28 for 

RoBERTa). The accelerated convergence is attributable to two factors: the domain-adaptive pre-

training reduces the distribution shift that the fine-tuning phase must overcome, and the multi-

task objective provides a richer supervisory signal that regularizes the shared encoder 

representations. 

 

Figure 3: Training convergence comparison. 
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5.4 Few-Shot Performance 

Figure 6 evaluates NER performance under low-resource conditions. SANER demonstrates 

strong few-shot capabilities, achieving 86.4% F1 with only 10 labeled examples per entity 

type—a level that BERT fine-tuning requires over 100 examples to match. In the zero-shot 

setting, SANER leverages its sentiment pre-training to achieve 72.5% F1 by transferring entity 

awareness learned through multi-task training. GPT-4's in-context learning provides a 

competitive zero-shot baseline (68.2%) but plateaus at higher shot counts due to context length 

limitations. 

 

 

 

Figure 6: Few-shot NER performance comparison. 
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Table 3: Ablation Study — Contribution of Each Component 

Configuration CoNLL F1 SST-2 Acc Twitter Acc NCBI F1 Δ Avg. 

DeBERTa (Single Task) 94.6 94.5 87.2 90.1 — 

+ Multi-Task (SA+NER) 95.2 94.7 88.1 91.0 +0.7 

+ Task-Specific Attn 95.5 94.8 88.6 91.4 +1.0 

+ Cross-Task Fusion 95.9 94.8 89.2 92.0 +1.4 

+ DAPT (Full SANER) 96.2 94.8 89.7 92.6 +1.9 

 

5.5 Discussion 

The ablation study (Table 3) reveals the incremental contribution of each architectural 

component. Basic multi-task learning with shared encoder and independent task heads provides a 

modest average improvement of +0.7 points, consistent with prior findings on parameter-sharing 

MTL. Adding task-specific attention heads raises this to +1.0 points by allowing each task to 

develop specialized attention patterns. The cross-task fusion gate provides the largest single-

component improvement (+0.4 points over task-specific attention alone), confirming that explicit 

cross-task information flow is more effective than implicit sharing through a common encoder. 

Domain-adaptive pre-training contributes a further +0.5 points, with the largest impact on out-of-

domain benchmarks (NCBI: +0.6, Twitter: +0.5). 

An important finding is the asymmetric benefit of multi-task learning: NER benefits more from 

joint training with SA (+1.6 F1 on CoNLL) than SA benefits from NER (+0.3 accuracy on SST-

2). This asymmetry is explained by the nature of the information exchange: sentiment signals 

provide rich contextual cues for entity disambiguation (e.g., distinguishing entity mentions from 

common nouns), while entity information benefits SA primarily in domain-specific settings 

where entities are sentiment targets. 

Regarding efficiency, SANER's 412M parameters represent a 21% increase over single-task 

DeBERTa but handle both tasks simultaneously, yielding a 43% reduction in total computation 

compared to training and deploying separate SA and NER models. Inference throughput is 1,850 
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tokens/second on a single A100 GPU, meeting real-time processing requirements for most 

applications. 

6. Conclusion and Future Work 

This paper presented SANER, a unified multi-task transformer architecture that jointly performs 

sentiment analysis and named entity recognition through shared representations, task-specific 

attention heads, cross-task fusion gates, and domain-adaptive pre-training. SANER achieves 

state-of-the-art results on both tasks simultaneously—96.2% F1 on CoNLL-2003 NER and 

94.8% accuracy on SST-2 sentiment classification—while demonstrating strong performance 

across six diverse benchmarks spanning news, social media, financial, and biomedical domains. 

The cross-task fusion mechanism enables synergistic improvements, with NER benefiting from 

sentiment context (+1.6 F1) and SA benefiting from entity awareness (+2.3 accuracy on domain-

specific tasks). Extensive few-shot experiments confirm SANER's effectiveness in low-resource 

settings, achieving 86.4% NER F1 with only 10 labeled examples per entity type. 

Future work will pursue four directions: (1) extending SANER to additional NLP tasks including 

relation extraction, event detection, and coreference resolution within a unified multi-task 

framework; (2) scaling the architecture to handle document-level inputs through efficient 

attention mechanisms such as Longformer or BigBird; (3) developing multilingual variants using 

cross-lingual transfer from high-resource to low-resource languages; and (4) investigating the 

integration of SANER with retrieval-augmented generation (RAG) frameworks for knowledge-

intensive NLP applications. 
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