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Abstract


In the growing field of Natural Language Processing (NLP), transformers have become excessively large, pushing the boundaries of both training and inference compute. Given the size and widespread use of these models, there is now a strong emphasis on improving both training and inference efficiency. We propose an approach to reduce the computational requirements of transformers. We specifically tested this approach using BERT for sentiment classification. In particular, we reduced the number of attention heads in the model using the lottery ticket hypothesis and an adapted search strategy from a genetic-based lottery ticket pruning algorithm. This search process removes any need for full-sized model training and additionally reduces the training data by up to 95% through lottery sample selection. We achieve leading results in lossless head pruning with a 70% reduction in heads, and up to a 90% reduction with only a 1% F1 loss allocated. The search process was efficiently performed using 5% of training samples under random selection and was further shown to work with just 0.5% of samples by selecting a diverse set of sample embeddings. Inference time was also improved by up to 47.2%. We plan to generalize this work to Large Language Models (LLMs) and language generation tasks to improve both their training and inference requirements.
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1. Introduction


The recent development of the transformer [1] has led to state-of-the-art results across most language tasks in Natural Language Processing (NLP). To achieve this, most Large Language Models (LLMs) require a tremendous amount of computation in both training and inference stages (particularly with chain-of-thought models [2]). As models have become valuable as chat-based products and as core components of resource development, this has resulted in a major shift from open-source to closed-source models. However, a few models like the recently released DeepSeek R1 [3] remain fully open-sourced while still being industry leading.



More importantly, DeepSeek-AI et al. [3] provide several distilled variations in the model, allowing for local and private access. Despite these open-source options, one issue remains in the industry: the barrier to creating LLMs locally (from scratch). Many pre-trained models, even those open-sourced, are trained with limitations on allowable content, whether appropriate or not. Unfortunately, these models are far too large to recreate (for example, R1 has 671B parameters), making it impractical to remove such content restrictions through retraining, and pruned or distilled versions may never eliminate them.



In this work, we aim to improve the efficiency of transformers and create a path toward generalizing this approach to LLMs, ultimately providing researchers with a means to independently develop their own models. We make use of the lottery ticket hypothesis, lottery sample selection, and a genetic algorithm to effectively prune an existing pre-trained transformer. In particular, we prune the encoder-based model BERT [4] for sentiment classification, which advances our prior work on pruning tabular models [5]. Naturally, future work will focus on increasing model size (trained from scratch) and generalizing to language generation.



We also make use of a popular sentiment analysis dataset, Sentiment140 [6], which contains 1.6 M samples labeled for positive or negative sentiment. Sentiment classification is widely used in many areas such as ratings (product or media reviews), social network analysis (comment and user sentiment toward topics, media, products, etc.), recommendation systems, and more.



We have also conducted preliminary work on testing BERT and its hyperparameters for sentiment classification tasks [7]. This work introduced a 0-shot labeling strategy for classification tasks. We adopt both the hyperparameter tuning and 0-shot labeling strategy from that work to augment our sentiment data with auxiliary labels and to mine new datasets for additional training data. Given an auxiliary label and a sample text, the 0-shot model ingests the data in the following format: “[CLS] premise [SEP] hypothesis [SEP]”, where the premise is the sample text and the hypothesis is “This example is auxiliary label”. For example, if the sample text were “Today is a great day” and we wanted to predict for the label “unhappy”, then we provide the model with the following: “[CLS] Today is a great day. [SEP] This example is unhappy. [SEP]”. This then uses the model’s next-sentence prediction mechanism to determine whether the hypothesis follows the premise, which directly translates into whether the auxiliary label applies to the sample text.



Putting all our work together, we create an approach to efficiently search head configurations in BERT to optimize its size for sentiment classification. Our method uses a genetic algorithm to search the head configurations using only a small fraction of training samples (5%). We then augment the final pruned model’s performance using data augmentation through 0-shot labeling.



	
Contributions:






	
In total, 70% lossless pruning for F1 sentiment classification.



	
In total, 90% pruning with ∼0.684% F1 loss.



	
Up to 47.2% inference improvement without increasing batch size.



	
Genetic pruning searches using 0.5% of training data (0.35% of the total dataset).



	
No training required on a full-sized model with the full dataset (immediately test with small models on partial datasets).



	
Zero-shot labeling for full datasets in classification tasks (emotion and sentiment tested) without the cost of an LLM.



	
Introduced a new topic-based compression strategy using the LDA algorithm.






This paper is organized as follows: We introduce previous works on head pruning and lottery ticket pruning in Section 2, we explain the methodology of our approach in detail in Section 3, we present our experimentation and discussion of results in Section 4, and finally, we conclude in Section 5.




2. Previous Works


The paper introducing the lottery ticket hypothesis [8] describes a process to identify neural network weights that are considered to be lottery weights. A lottery weight is simply a weight that is part of a subnetwork of the original network where the subnetwork performs as accurately as the original when both are trained independently. What differentiates lottery ticket pruning from a typical pruning approach is how the weights are trained. Instead of simply removing poor-quality weights from a trained network to establish a subnetwork, the weights undergo a second phase in which they are reset to their original untrained values and the subnetwork is retrained as a whole. This impacts accuracy significantly, as simply removing weights would degrade accuracy due to lost information (from the training data), while retraining the subnetwork from scratch can retain that information.



There have been many works demonstrating that the lottery ticket hypothesis holds for a variety of networks by showing subnetworks that are over 80% pruned yet remain as accurate, if not more accurate, than the original network. For example, it has been shown that vision models like convolutional neural networks (CNNs) can be pruned to at least 80–90% [8,9,10]. The hypothesis has also been tested on pre-trained networks typical for NLP, such as BERT [4,11,12,13]. When pruned using pre-trained weights, these models are typically evaluated on downstream tasks rather than the original language-learning objective.



However, many approaches used to prune a pre-trained network typically rely on a mask [11,13,14,15] or a learned mask [16,17]. The mask acts as a second layer to the network, increasing its size, and outlines which weights are allowed to retain information. Any area with a zero value in the mask is effectively equivalent to pruning that weight physically from the network, with the caveat that the weight (plus the mask) is still processed. This is a common and convenient approach since it is easy to implement and cleanly demonstrates the validity of the hypothesis.



Our goal is to show that the lottery ticket hypothesis can effectively reduce computational time (particularly at inference). This requires a structural manipulation of the network that physically removes pruned weights. In our previous work [5], we removed weights of a tabular neural network by initializing a new subnetwork and copying selected lottery weights into the new structure. It was shown that this creates smaller networks (>90% pruned) that were sometimes more accurate than the original, with the added benefit of improved inference speed.



However, this approach is unrealistic for larger models like the transformer. Instead, several works remove larger components of the model, such as attention heads, rather than individual weights or nodes. This idea was introduced in the paper “Are Sixteen Heads Really Better than One?” [18], which shows that transformer heads in BERT are largely redundant. This is a costly part of the transformer, since attention is an   O (  n 2  )   operation where n is the number of input tokens, and thus directly impacts the context window of the model. Michel et al. [18] “prune up to […] 40% of heads from […] BERT (respectively), without incurring any noticeable negative impact” (p. 6).



Furthermore, Parnami et al. [19] pruned “40% of the attention heads in the BERT transformer model with no loss in accuracy” (p. 1) for sentiment classification using A* search to find the best head configuration. Their search heuristic was the accuracy impact of the model when removing the current head from the current state, guiding the search by the observed accuracy drop. Behnke and Heafield [20] demonstrated that the approach works for translation, reporting that they pruned “(50–72%) in a large transformer with no significant damage to translation quality” (p. 2672), where 50% represents no significant damage. For the GLUE benchmark, Zhang et al. [21] used KL divergence to achieve a 50% head-pruning rate. Li et al. [22] also used the GLUE benchmark and achieved a 58% prune rate using a differentiable mask, followed by distillation to compress the network.



Like in our prior work [5], we use a genetic algorithm (as do several other works [23,24,25,26]) to find the lottery ticket weights. In addition, we perform lottery sample selection to guide pruning. This time, we prune BERT to show that our approach works for pre-trained language models using the head-pruning strategy. This work validates the lottery sample selection approach, which optimizes the search process for both large models and large datasets, and provides a path toward generalizing to LLMs.




3. Methodology


In this section, we introduce the methodology of our head-pruning approach to prune BERT for sentiment classification. First, we discuss the datasets involved, then our data augmentation strategy, and finally the head-pruning approach based on a genetic algorithm, the lottery ticket hypothesis, and lottery sample selection.



3.1. Datasets


We primarily use two large datasets, Sentiment140 [6] and Toxicity [27]. Sentiment140 is our main dataset for training and evaluating the accuracy of our approach. The dataset has 1.6 M samples evenly labeled for positive or negative sentiments. Note that although the dataset description mentions a third neutral label, none appear in the training data. We intentionally selected a binary classification task with an even class distribution. While our goal is to generalize this work to any classification dataset, future work will focus on evaluating this approach on additional tasks, particularly language generation.



The toxicity dataset is used primarily for our data augmentation strategy. It contains roughly 1.8 M samples labeled for toxicity, of which fewer than 100,000 are toxic. The samples come from a social network aimed at reducing toxicity, and the platform provided the ratings. The dataset also includes many auxiliary labels related to the authors. Despite this, we treat the dataset simply as a source of additional text, discarding all labels. Like Sentiment140, the toxicity dataset is not centered around any single category or topic, making it a natural augmentation source.



We also tested augmentation strategies such as translations and text replacement. For example, we chained 5–20 translations that loop back to English and/or replaced the end of a sample (10–90%) with a GPT-2-generated sequence. We found that applying more transformations can change the sentiment of the sample by 30–40% (using 0-shot predicted sentiment [7] as a reference). Because of the computational cost and the degree of sentiment drift introduced, we opted to use naturally occurring text such as the toxicity dataset instead. In short, human-generated data appears to be the best training source for transformers.



Data Augmentation


Since the toxicity dataset does not include sentiment labels, we generate them using our 0-shot algorithm [7], which can create auxiliary classification labels such as emotions using next-sentence prediction. The method formulates a synthetic “next” sentence correlated with the desired auxiliary label. Although direct prediction of sentiment using “positive” and “negative” is possible, the approach is significantly stronger when using many similar labels (e.g., emotions). This acts similarly to an ensemble, improving accuracy as the number of predictors increases. Accuracy gains were shown to plateau around 40 emotions, so we selected 20 emotions for each class (positive and negative). See Table 1 for the list of emotions used.



To produce a sentiment label, we compare several approaches: direct sentiment prediction; best individual emotion prediction (using the “unhappy” emotion); SoftMax of “positive” and “negative” sentiment labels; compression of labels using an autoencoder (AE), variational autoencoder (VAE), and principal component analysis (PCA); and finally, our custom topic-based compression using latent Dirichlet allocation (LDA). Compression strategies reduce the emotion predictions to one dimension, which is then interpreted as positive or negative using a 0.5 sigmoid threshold.



Our custom LDA compression acts as an unsupervised sentiment classifier and can, in principle, work for any text classification task given a list of classes and associated auxiliary labels. Each sample is assigned emotions if the prediction is >0.5, producing a mix of positive and negative emotions.



Our goal is to use topic clustering on the input documents and their emotion assignments to generate sentiment labels. See Figure 1 for an overview. Although topics do not inherently correlate with sentiment, we can create sentiment-aware topics by prepending the detected emotions to each sample. Since LDA does not rely on word order, the presence of these emotion labels contributes to strong topic formation, causing topics to include emotion words. Figure 2 shows an example classification.



The topics formed are collections of words with assigned weights. If a document contains many of a topic’s words, they contribute to a final score indicating the probability that the document belongs to that topic. After forming topics, we assign each sample to the topic with the highest probability. We then calculate class probabilities within the topic by filtering out all non-emotion components, leaving only emotion words and their associated topic weights. We sum the positive weights and negative weights separately; whichever sum is higher determines whether the sample is considered positive or negative.



We apply all approaches listed above to generate sentiment labels for the Sentiment140 dataset, then compare them against the actual labels. Table 2 shows the results. Most approaches outperform direct sentiment prediction, with relatively small differences across compression strategies. We keep all compressed labels and generate sentiment labels for the toxicity dataset as well. The best approach is selected later during pruning. We find that the LDA approach significantly outperforms the other strategies when the goal is model compression.





3.2. Genetic Lottery Transformer Head Pruning


We now focus on the pruning aspect of our approach. At this stage in our methodology, we have two datasets: one labeled with actual sentiment (Sentiment140), and both labeled with 0-shot generated sentiment (Sentiment140 and toxicity). See Figure 3 for an overview of our data preparation.



Our pruning algorithm is based on the genetic algorithm design developed in our previous work on tabular models [5]. Here, we adapt the approach to prune BERT’s transformer heads instead of model nodes. While attention heads are not the largest component of the network in terms of parameter count, they are responsible for attention computations, which are   O (  n 2  )   operations. The genetic algorithm is largely unchanged except for the removal of node-measurement components (such as norms). See Figure 4 for an overview.



We run the algorithm until validation F1 plateaus, typically at 40–80 epochs (more for higher prune rates/smaller models) with a population of 40–70 (again, more for higher prune rates). We use a 70:15:15 train/valid/test split, with 95% of training held back during the genetic search and 99.5% held back for subsequent evaluation. Thus, the genetic search uses the following splits: 3.5:15:15 (66.5% held back) and 0.35:15:15 (69.65% held back) in our major tests, making the validation split the main cost of the search. The same random selection of samples was used across all runs.



We drop the bottom 10% of the population, then apply a counter-crossover algorithm with a 50% crossover rate. We also add 10% global elites. All individuals, including elite members, undergo one mutation.



We illustrate our evaluation approach in Figure 5. For each generation, we consider the top-performing individual. We do not perform a full refinement step (training on all data) for every individual, only for top performers that demonstrate meaningful improvement on the 5% data used during pruning. Once improvement plateaus (typically around 40 generations), we train the top model on all augmented data and 0-shot compressed labels (Sentiment140 + full toxicity), then fine-tune using Sentiment140 with actual labels. During the genetic search, each individual’s training is restricted to 5% of the dataset, so training takes roughly one minute. See Figure 6 for an illustration of the efficiency gained. Individuals are independent, so the algorithm can be parallelized per population, enabling evaluation of an entire generation in just a few minutes on suitable hardware.



Finally, we designed an approach to improve on random lottery sample selection. In a secondary test, we select fewer than 5% of the training samples to train and evaluate individuals. The selection is not random; instead, it is based on embeddings produced by BERT. We cluster the training samples using K-means, with K equal to the desired number of lottery samples, and select the sample at the center of each cluster. This selects a diverse set of representative samples, reducing redundancy and enabling smaller training sets. This serves as a proof of concept for lottery sample selection; future work may explore other clustering methods or alternative selection criteria.



Genetic Algorithm


Each individual is a binary vector of length H (number of heads). A value of 1 means the head is kept; 0 means pruned. All individuals maintain a fixed prune rate. We include the genetic search process outlined in our methodology as Algorithm 1. Table 3 outlines a list of hyperparameters used in our algorithms.



We maintain a global head-score vector   G ∈  R H   . Let  E  be the set of elite individuals in the current generation, each with binary mask   m ∈   { 0 , 1 }  H    and fitness   f ( m )   (validation F1). We define normalized elite weights


  w  ( m )  =    f ( m )    ∑   m ′  ∈ E   f  (  m ′  )     ,  








and update G by


  G ←  ( 1 − α )   G  +  α  ∑  m ∈ E   w  ( m )   m ,  








with smoothing parameter   α = 0.1  .






	Algorithm 1 Genetic Algorithm for Transformer Head Pruning



	
	1:

	
Input: prune rate p, population size N, crossover rate c, mutation operator  Mutate , lottery samples   D  5 %   , validation set   D  v a l   




	2:

	
Initialize population  P  with N binary masks satisfying prune rate p




	3:

	
Initialize global head-score vector   G ← 0  




	4:

	
Initialize empty global set of elite individuals as  E 




	5:

	
repeat




	6:

	
      for each individual   m ∈ P   do




	7:

	
            Prune model using mask m




	8:

	
            Train pruned model on   D  5 %   




	9:

	
              f ( m ) ←   F1 on   D  v a l   




	10:

	
      end for




	11:

	
      Sort  P  by   f ( m )  




	12:

	
      Remove bottom 10% P




	13:

	
      Insert top 10% of  E  into P




	14:

	
      Record unique top 10% from P into  E 




	15:

	
        G ←  ( 1 − α )  G + α  ∑  m ∈ E       f ( m )    ∑   m ′  ∈ E   f  (  m ′  )      m  




	16:

	
      Compute selection probabilities   P  ( m )  = f  ( m )  /  ∑   m ′  ∈ P   f  (  m ′  )   




	17:

	
      for each parent pair   (  m i  ,  m j  )   drawn according to   P ( m )   do




	18:

	
            Perform counter-crossover, weighted by G




	19:

	
            Apply  Mutate  (swap 1 kept head with 1 pruned head)




	20:

	
            Repair mask to enforce exact prune rate




	21:

	
            if   C h i l  d 1    and/or   C h i l  d 2    do not exist in historical populations then




	22:

	
                   insert into next generation   P  n e w   




	23:

	
            end if




	24:

	
      end for




	25:

	
      Record the best individual in  P  in set   P e a k   if it reaches a new peak validation score




	26:

	
until validation F1 plateaus for 5 generations or max generation count exceeded




	27:

	
return best individuals recorded in   P e a k  














In addition, we include our LDA-based topic compression for unsupervised sentiment label generation as Algorithm 2.






	Algorithm 2 LDA Topic-Based Compression for Unsupervised Sentiment Labeling



	
	1:

	
Input: corpus D, emotion set E, 0-shot emotion probabilities   P ( e | d )  




	2:

	
for each document   d ∈ D   do




	3:

	
      Append emotion words   { e ∈ E : P ( e | d ) > 0.5 }   to d




	4:

	
end for




	5:

	
Train LDA to obtain



	
Document-topic matrix   T  d o c   



	
Topic-word matrix   T  w o r d   







	6:

	
for each document d do




	7:

	
         z d  ← arg max  T  d o c    [ d ]    [most probable topic]




	8:

	
      Extract emotion words and weights from topic   z d  




	9:

	
         S  p o s   ←   sum of weights for positive emotions




	10:

	
         S  n e g   ←   sum of weights for negative emotions




	11:

	
      if    S  p o s   >  S  n e g     then




	12:

	
              label ( d ) ← positive  




	13:

	
      else




	14:

	
              label ( d ) ← negative  




	15:

	
      end if




	16:

	
end for




	17:

	
return sentiment labels for all documents

















4. Results and Discussion


We set up our experiments by testing every 10% prune rate (plus a test for 95%). This means the entire genetic algorithm was run multiple times, once per prune rate, with the prune rate held fixed during each search. See Figure 7 for our results. The results show that we exceed random pruning in all cases. We also observe that the genetic algorithm alone can retain F1 with only minor loss up to 50–60% pruning rates.



For results with augmentation, see Table 4, which indicates that LDA is among the top compression strategies at the 70% prune rate. With the additional 0-shot augmentation styles, we find that our custom LDA approach can surpass the original model’s F1 up to a 70% prune rate. In addition, with a 1% loss allocation, we can achieve up to a 90% prune rate.



We compare these results with other head-pruning strategies outlined in the previous works section [18,19,20,21,22]. Table 5 summarizes the lossless prune rate and the prune rate achieved with a 1% loss allocation. The comparison shows that we achieve the best lossless prune rate at 70%, and we are second for a 1% loss allocation at 90% (compared to 92%). Note that we tested prune rates in 10% intervals (plus 95%). We had a loss of 0.684% F1 at 90% pruned, so there is room to slightly increase the prune rate to make full use of the 1% loss allocation, meaning our prune rate is not as finely tuned as the A* search result (92%).



In terms of efficiency, we also recorded the training and inference speed of our pruned models (see Figure 8) using the same 5% training data. A regular full-sized BERT model trained on the full dataset can exceed an hour of training per epoch. We used four V100 NVIDIA GPUs, with times displayed in minutes for both training and inference. This setup allowed us to increase search speed with larger batch sizes, although the pruned models themselves do not require four GPUs. We show that at 70% and 90% pruning, inference time is reduced by 16.5% and 47.2%, respectively (without increasing batch size). Training time is reduced to nearly one minute at higher prune rates due to lottery sample selection. We also include the final prune configurations (70%, 80%, and 90%) in Figure 9, which highlight which heads were removed or kept. Note that we remove an entire encoder layer at 90% pruned.



All our results are based on random lottery sample selection, meaning we have no strategy for determining which samples are chosen. Random selection is generally sufficient for selecting a diverse set of samples. However, when the selection rate decreases or when datasets are small, a more robust approach is needed to ensure diversity and avoid selecting low-quality samples. Thus, we evaluate a more robust approach based on embedding selection. We cluster sample embeddings (generated by BERT) using K-means and select the samples closest to the cluster centers, ensuring an even selection across clusters. This selects a diverse set of samples based on BERT’s representation of the data.



Table 6 compares search accuracy using random selection versus embedding-based selection. We show that we can reduce the number of training samples by an order of magnitude, down to 0.5% of the training data, with only a minor loss in F1. Embedding selection also improves the quality of selected samples at smaller selection rates such as 1% and 0.5%.




5. Conclusions and Future Work


In conclusion, we presented a general approach to transformer head pruning for classification tasks. We use a genetic algorithm to prune BERT for sentiment classification and take advantage of lottery sample selection, which greatly improves the efficiency of the search process (training a pruned model in about one minute) and enables a genetic-style search. We show that we can find prune variants in BERT up to 70% smaller with lossless F1, and up to 90% smaller with a 1% loss allocation. When compared to other approaches, we demonstrate state-of-the-art results among head-pruning strategies, with a particularly strong lead in lossless head pruning (70% vs. 58%), even compared to approaches that perform distillation after pruning. We also test the limits of lottery sample selection and show that we can improve the search process by an order of magnitude, down to 0.5% of the training data. This is in addition to never training the original full-sized network, making our approach suitable for extremely large networks (such as LLMs) since we operate solely on pruned variants.



Future work opens several directions. One option is to distill the full-sized model onto our prune configurations to further improve lossless accuracy. Another direction is to expand the generalization of our approach to text generation tasks, which will require additional augmentation work. We can also attempt to prune beyond the transformer heads to improve inference speed. Our approach was originally tested on neural network nodes, so it can be adapted to transformer nodes to prune the feed-forward layers, which are among the largest components of the transformer. We can also deepen our investigation into lottery sample selection by improving how training data is selected. Lottery sample selection can be viewed as a lottery pruning approach applied to data instead of model parameters, suggesting that some pruning techniques could be adapted to evaluate samples (for instance, mapping our GA’s DNA to samples instead of heads or nodes). Finally, we can test the approach on LLMs (once generalized to text generation tasks), since the method does not rely on the full-sized network. In that case, improving the search algorithm becomes important, as the search complexity grows even though the original model size does not affect computational requirements.
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Figure 1. Overview of our custom LDA compression strategy to create sentiment labels from topic clustering and zero-shot emotions. 
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Figure 2. Example of making a prediction using our LDA classifier. Highlighted for clarity, in red are examples of negative emotions and blue examples of positive emotions. 
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Figure 3. Flowchart of the sentiment and toxicity dataset preparation. This process creates artificial labels for both datasets using 0-shot generated emotion labels followed by compression to sentiment labels. Note that no label leakage occurs since the labels are all 0-shot emotion predictions from the same model (BERT) without knowledge of the original dataset labels. This is why we can run the same process on the toxicity dataset which has no sentiment labels. Blue states are datasets, purple states are processes. 






Figure 3. Flowchart of the sentiment and toxicity dataset preparation. This process creates artificial labels for both datasets using 0-shot generated emotion labels followed by compression to sentiment labels. Note that no label leakage occurs since the labels are all 0-shot emotion predictions from the same model (BERT) without knowledge of the original dataset labels. This is why we can run the same process on the toxicity dataset which has no sentiment labels. Blue states are datasets, purple states are processes.



[image: Algorithms 18 00798 g003]







[image: Algorithms 18 00798 g004] 





Figure 4. Flowchart of our genetic algorithm implementation. The approach consumes just a few samples for training and evaluates on the validation dataset to determine fitness. The test set is only used once a top-performing model is found. 
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Figure 5. Flowchart of our evaluation of pruned models and how our datasets are used. The genetic algorithm extracts top-performing individuals, which are then evaluated and trained on additional labels from our 0-shot generation process. Blue states are datasets, purple states are processes. 
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Figure 6. We compare through illustration the efficiency of various pruning styles. Red highlights our illustration of compute required as a percentage of the square, vertical change being model efficiency and horizontal being data efficiency. On the top is masked pruning, which does not remove any parameters (in fact, it requires more computation) and uses the entire dataset. In the middle is the typical head-pruning strategy, which removes parameters but still uses the entire dataset. To enable genetic search (bottom), we use lottery sample selection, which reduces both parameters and training data during search. 
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Figure 7. F1 test set evaluation of our pruning algorithm (GA) at various prune rate intervals. These tests come in 3 phases: the red line is GA without 0-shot data augmentation, the gray line uses augmentation with “unhappy” as the 0-shot label, and the green line uses our custom LDA compression for data augmentation. The dashed line is the original BERT model’s score before any pruning. We also include a random pruning test (pink). 
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Figure 8. Inference and training time in minutes on the y-axis, and prune rate on the x-axis. 
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Figure 9. Final prune configurations discovered using the genetic algorithm. Each row represents an encoder layer, and each cell represents an attention head. Green cells indicate heads that were kept. If no heads are kept in an encoder, the encoder is dropped entirely. 
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Table 1. On the left are the positive sentiment auxiliary emotion labels. On the right are the negative labels.
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Positive

	
Negative






	
happy

	
buoyant

	
unhappy

	
heart-sick




	
joyous

	
cheerful

	
infelicitous

	
mournful




	
light-hearted

	
gratified

	
unfortunate

	
lugubrious




	
gay

	
joyful

	
miserable

	
deplorable




	
blissful

	
beatific

	
wretched

	
calamitous




	
glad

	
rapturous

	
sad

	
distressing




	
delighted

	
felicitous

	
sorrowful

	
grievous




	
elated

	
blithe

	
disconsolate

	
inauspicious




	
merry

	
halcyon

	
woeful

	
unpropitious




	
ecstatic

	
charmed

	
distressed

	
malign











 





Table 2. Comparison of approaches on sentiment compression. We used the same train/valid/test split as the lottery search to tune the algorithms for AE, VAE, and LDA and listed hyperparameters. The remaining approaches are 0-shot scores.
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	Test

Score
	Epochs

Passes
	BS

Topics
	LR

Update
	Optimizer
	Hidden

Dimensions





	Direct
	76.69%
	
	
	
	
	



	SoftMax
	77.15%
	
	
	
	
	



	Unhappy
	78.13%
	
	
	
	
	



	AE
	78.74%
	30
	32
	0.002
	rmsprop
	[256, 128, 64]



	VAE
	78.75%
	20
	32
	0.001
	adam
	[16, 4]



	PCA
	78.69%
	
	
	
	
	



	LDA-100
	78.45%
	2
	256
	2
	
	



	LDA-5
	78.07%
	5
	128
	1
	
	










 





Table 3. Genetic algorithm hyperparameters.
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	Hyperparameter
	Value/Description





	Population size
	40–70



	Encoding
	144-bit mask for heads (BERT-base: 12 layers x 12 heads)



	Elite fraction
	10%



	Discard fraction
	10%



	Training per individual
	Tested 5% and 0.5% of training set



	Fitness
	Validation F1 (15%)



	Crossover rate
	50%



	Crossover type
	Counter-crossover, prune-rate preserving



	Mutation
	Swap one kept head with one pruned head



	Global state update
	EMA with   α = 0.1  



	Termination
	5-generation F1 plateau or hard-set limit



	Generations
	Typically 40–80 (up to 100 at high prune rates)










 





Table 4. Comparison of compression approaches when evaluated on GA at a 70% prune rate (PR).
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	Orig.
	GA

No Aug.
	Unhappy
	PCA
	AE
	VAE
	LDA





	PR
	0%
	70%
	70%
	70%
	70%
	70%
	70%



	F1 Test
	0.86963
	0.86703
	0.86910
	0.86919
	0.86964
	0.86888
	0.87026



	% Diff
	0
	−0.299
	−0.061
	−0.05
	0.001
	−0.086
	0.073










 





Table 5. Comparison of different approaches on lossless prune rate (and 1% loss). Bolded values represent the best prune rate achieved in each category. Our approach is listed below the horizontal line.
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	Approach
	Lossless PR
	Loss PR (1%)
	Task





	Change in Loss [18]
	40%
	60%
	Entailment



	Iterative [20]
	50%
	72%
	Translation



	A* Search [19]
	41%
	92%
	Sentiment/Reviews



	KL Divergence [21]
	N/A
	50%
	GLUE



	Loss + Distil [22]
	58%
	N/A
	GLUE



	GA + 0-shot

Augmentation
	70%
	90%
	Sentiment










 





Table 6. Comparison of sample selection approaches using random and embedding selection. Results shown are GA scores at 70% pruned and do not use data augmentation.
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	Selection
	Percentage

Selected
	# of Samples

Selected
	70% Pruned

F1
	% Diff

to Rand





	Random
	5%
	56,000
	0.86703
	N/A



	Embedding
	5%
	56,000
	0.86695
	−0.009



	Random
	1%
	11,200
	0.86576
	N/A



	Embedding
	1%
	11,200
	0.86662
	+0.099



	Random
	0.5%
	5600
	0.86508
	N/A



	Embedding
	0.5%
	5600
	0.86594
	+0.099
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