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     What is this study about?
We investigate how Large Language Models (LLMs), specifically LLaMA models, encode
sentiment within their hidden layers.

     What did we do?
We systematically probe the hidden states across all layers and scales of LLaMA models,
comparing different pooling strategies to identify where sentiment information is most
strongly represented.

     Key Findings:
Sentiment signals are most concentrated in mid-layers, especially for binary sentiment
classification.
Our method outperforms prompting-based approaches, with up to +14% accuracy gains.
The last token is not always the most informative in decoder-only models.
We achieve sentiment classification with 57% lower memory usage on average.

     Why it matters:
Understanding where sentiment lives inside LLMs leads to more efficient, accurate, and
interpretable sentiment analysis, without full model fine-tuning.
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Three binary polarity datasets
(IMDB, SST-2, Rotten Tomatoes)
and one emotion dataset (6
classes: joy, sadness, anger, fear,
love, surprise).

Six pooling methods: Mean,
Last Token, Max, Min, Concat
(Mean+Max+Min), or
Attention-based Mean.

12 probe classifiers, including Logistic
Regression, SVMs, Tree-based models,
MLP, BiLSTM, and CNN.

Figure 1: Layer-wise sentiment probing in LLaMA-3.
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0.9

0.8

0.7

0.6

0.5

0 5 10 20 2515
Layer Index

Ac
cu

ra
cy

Best accuracy: 0.95 (Layer 13,
Probe: linear-svm)

0.9

0.8

0.7

0.6

0.5

0 5 10 20 25 3015
Layer Index

Ac
cu

ra
cy

Best accuracy: 0.95 (Layer 20,
Probe: linear-svm)

(a) Llama 1B on SST-2 (b) Llama 3B on SST-2 (c) Llama 8B on SST-2
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Figure 2: Layer-wise probing accuracy using the Last-Token approach on SST-2.

   Binary Polarity Tasks (SST-2, IMDB, Rotten Tomatoes)
Top performers: Non-linear SVM, Linear SVM, and Logistic Regression
Peak accuracy: ~90% in the middle layers of all model sizes

    Fine-Grained Emotion Tasks (Classes: joy, sadness, anger, fear, love, surprise)
Best performer: Linear SVM
Peak accuracy: ~70% in the early layers across all model sizes

    Key Insight
LLaMA models encode linear representations for both binary sentiment and
nuanced emotional categories.

1. Sentiment Detection Results

Figure 2: Comparison of SentriLlama against DeBERTa, RoBERTa, and prompt-
based method.

Computational Efficiency
         GPU Memory Savings:

37.5% less (SentriLlama 3.2 1B vs. Instruct-LLaMA 1B)
79.2% less (SentriLlama 3.1 8B vs. Instruct-LLaMA 8B)

         Faster Inference:
45.5% faster (3.2 1B)
71.9% faster (3.2 3B)
85.9% faster (3.1 8B)

         Baseline Comparison:
RoBERTa is most memory-efficient (692 MB), and
36.4% slower than SentriLlama 3.2 (8B)
DeBERTa is 75.9% slower

     Parameter Reduction
1B model:

~19% (SST-2, IMDB, Rotten Tomatoes)
~61.6% (Emotion dataset)

3B model:
~36.6% (SST-2, IMDB, Rotten Tomatoes)
~80% (Emotion dataset)

8B model:
~53.7% (SST-2, IMDB, Rotten Tomatoes)
~90.7% (Emotion dataset)

4. SentriLlama: Performance & Efficiency Highlights
Accuracy improves with scale: Larger LLaMA models yield better sentiment detection performance.

Minor gains from instruction tuning: Instruct versions show limited advantage, especially at the 1B scale.

Model compression via layer selection: SentriLlama retains only the most sentiment-relevant layers.
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Figure 3: SentriLlama architecture example illustrating the use of layer L2, (the most
representative), with an attached custom classification head (e.g., Linear SVM).

What is SentriLlama? A streamlined variant of LLaMA that leverages only the layers most relevant for
sentiment analysis.

Layer selection via probing. SentriLlama identifies the optimal layer by evaluating sentiment representations
across layers using probing techniques.

Lightweight classification head. Once the best layer is found, a compact task-specific classifier (e.g., Linear
SVM) is attached, eliminating the need to use the full model.

3. SentriLlama for Efficient Downstream Tasks

     Last-token pooling is not optimal for sentiment detection in LLaMA models.

     Best-performing method: Concatenation of Mean + Max + Min pooling yields the highest accuracy across tasks.

     Other strong alternatives: Mean pooling or Attention-based pooling. These consistently perform on par with concatenation and outperform last-token pooling.

2. Is the Last-Token Representation the Most Effective?
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