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Abstract

The attention mechanism forms the founda-001
tional blocks for transformer language models.002
Recent approaches show that scaling the model003
achieves human-level performance. However,004
with increasing demands for scaling and con-005
straints on hardware memory, the inference006
costs of these models remain high. To re-007
duce the inference time, Multi-Query Attention008
(MQA) and Grouped-Query Attention (GQA)009
were proposed in (Shazeer, 2019) and (Ainslie010
et al., 2023) respectively.011

In this paper, we propose a variation of012
Grouped-Query Attention, termed Weighted013
Grouped-Query Attention (WGQA). We intro-014
duced new learnable parameters for each key015
and value head in the T5 decoder attention016
blocks, enabling the model to take a weighted017
average during finetuning. Our model achieves018
an average of 0.53% improvement over GQA,019
and the performance converges to traditional020
Multi-head attention (MHA) with no additional021
overhead during inference. We evaluated the in-022
troduction of these parameters and subsequent023
finetuning informs the model about the group-024
ing mechanism during training, thereby enhanc-025
ing performance. Additionally, we demonstrate026
the scaling laws in our analysis by comparing027
the results between T5-small and T5-base ar-028
chitecture.029

1 Introduction030

At the core of language models lies an autoregres-031

sive transformer model (Vaswani et al., 2023) that032

generates one token at a time based on the input se-033

quence and the previous sequence of output tokens034

it has generated so far. It is a sequential process,035

and the workload is memory-bound (Kwon et al.,036

2023). As we scale up the model size, the infer-037

ence cost becomes expensive because we need to038

load the model into our GPU VRAM. The original039

transformer paper came out in 2017 and was trained040

on P100 GPUs with 5.3 TFLOPs double-precision041

performance and 16 GB of memory, compared to042

the current GPU, A100, which has 80 GB of GPU 043

memory and 9.7 TFLOPs for fp64. There has been 044

a significant increase in the computation capability 045

of GPUs, with only a modest increase in memory. 046

In the ZeRO paper (Rajbhandari et al., 2020), the 047

authors demonstrated that GPT-2 (Radford et al., 048

2019), which has 1.5B parameters, required 3 GB 049

of memory for its weights, and it could not be 050

trained on 32 GB of memory due to the additional 051

memory footprint of the activations and gradients. 052

This also raises challenges in full parameter fine- 053

tuning of these models as the memory requirements 054

increase exponentially (Lv et al., 2024). 055

The current state-of-the-art models have signifi- 056

cantly higher parameters, which also increase the 057

inference cost. According to a recent estimate, pro- 058

cessing a large language model (LLM) request can 059

be 10× more expensive than a Google search query 060

Dastin 2023. Due to the sequential nature of au- 061

toregressive models, the workload needs to load the 062

model into memory and store the KV heads based 063

on the tokens generated so far. Additionally, some 064

decoding techniques, like beam search(Freitag and 065

Al-Onaizan, 2017), can consume additional mem- 066

ory space by storing the KV heads for different 067

paths and can lead to fragmentation of contiguous 068

memory (Kwon et al., 2023). Hence, to resolve 069

the memory-bound workload, the authors of the 070

paper on MQA and GQA suggested grouping the 071

query heads and aggregating the key-value heads 072

after pre-training, followed by uptraining with 5- 073

10% of the pre-training steps and then supervised 074

fine-tuning on a downstream task. This approach 075

led to performance converging with MHA while 076

being more memory efficient. In this paper, we pro- 077

pose a parametric way of aggregating the key-value 078

heads (WGQA) instead of the heuristic method of 079

taking the element-wise mean of the correspond- 080

ing key and value heads. We also explore different 081

means of aggregation to analyze whether a few ad- 082

ditional parameters during training lead to better 083
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Figure 1: Grouping Key and Value heads in the decoder’s attention blocks

results. The scaling laws hold in our analysis, as084

the performance difference between normal GQA085

and our implementation widened as the parameter086

size increased.087

2 Related Work088

This work is focused on achieving better perfor-089

mance over GQA and MQA, which are similar to090

model-pruning methods, except that we aggregate091

the pruning layers. These kinds of work improve092

memory bandwidth and exploit the computational093

speed of GPUs. (Pope et al., 2022) showed that094

MQA is helpful for long input training and infer-095

ence due to the reduced memory overhead.096

There are other techniques for improving the097

memory bandwidth overhead from keys and values.098

Quantization (Dettmers et al., 2022); (Frantar et al.,099

2023) reduces the size of model parameters and100

activations by using INT8 or bfloat16 precision, in-101

stead of float32. There are other parameter-efficient102

fine-tuning (PeFT) techniques, LoRA ((Hu et al.,103

2021)), which decompose the projection heads into104

a lower dimension and then compute the gradient105

steps, followed by composing the full-weight ma-106

trix again for gradient update. QLoRA ((Dettmers107

et al., 2023)) augmented LoRA by quantizing the108

static weight matrices, which further reduced the109

memory footprint.110

All the existing decoder-only models like Llama111

(Touvron et al., 2023), Mistral (Jiang et al., 2023),112

Qwen (Bai et al., 2023) and OLMo (Groeneveld113

et al., 2024) are using grouped query attention in-114

stead of multi-head attention to reduce memory115

footprint. In our survey, our implementation is a116

novel way of grouping the key and value heads117

that are data-dependent and results in better perfor-118

mance.119

3 Method120

The attention module in the transformer architec-121

ture has three main components, query, key and122

value each with a dimension of (d, d), where d is123

the token embedding length. In Multi-head atten- 124

tion for h number of heads, the projection matrices 125

have the dimension of (d, dh), which transforms the 126

input embeddings (n, d), where n is the sequence 127

length of the input text, to h projections each of 128

dimension (d, dh), followed by concatenation to get 129

the Q, K and V . Then the self-attention score is 130

given by 131

score = softmax

(
QKT

√
d

)
V (1) 132

In grouped query attention, query heads are di- 133

vided into G groups, reducing the number of key- 134

value heads by a factor of h
G . Hence, the projection 135

dimensions to obtain Q, K and V are (n, d, d), 136

(n, dG
h , d

G
h ) and (n, dG

h , d
G
h ) respectively for a 137

batch size of 1. For GQA, G = h/2 and for MQA, 138

G = 1. The WGQA module adds extra scalar 139

or vector parameters depending on the configura- 140

tion for key-value heads for (w1,k, w2,k...wh,k) and 141

(w1,v, w2,v...wh,v). 142

K =

w1k ⊙K1

+
w2k ⊙K2

 . . .

w(h−1)k ⊙Kh−1

+
whk ⊙Kh


(2) 143

The modified K and V matrices are plugged 144

into Eq 1 for attention computation. There 145

are additional 2h parameters for weighted GQA 146

(WGQA), 2 d
h (COLWGQA) for weight vectors for 147

the columns, and 2d (ROWWGQA) for weight vec- 148

tors for the rows in each attention layer. These 149

learnable parameters are multiplied with the key 150

and value heads as shown in fig. 1. The injected 151

weights are either initialized with a value of the 152

mean of the number of heads in a group or a ran- 153

dom standard Gaussian distribution. This adds no 154

additional overhead during inference, as we scale 155

the key-value heads using learned weights after the 156

fine-tuning process. 157

1T5-base was not trained on multi news, hence the value is
really low. The t5-large architecture achieved a 46.3 R1 score.
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Model Multi news CNN WMT14
R1 R1 BLEU

MHA 21.7 1 42.0 28
GQA 43.5 41.7 26.1
WGQA 43.7 41.9 26.3
MQA 40.3 40.5 25.2
WMQA 40.7 40.8 25.5

ROWWGQA 43.6 41.8 26.0
COLWGQA 43.8 41.8 25.9
ROWWMQA 40.6 40.5 25.1
COLWMQA 40.6 40.7 25.1
RANDWGQA 42.9 41.9 25.6
RANDWMQA 37.3 40.7 25.3

RANDROWWGQA 39.7 40.3 25.2
RANDROWWMQA 36.7 38.9 23.9
RANDCOLWGQA 40.1 40.8 25.3
RANDCOLWMQA 36.5 39.4 24.4

Table 1: Results for T5-base model with various con-
figurations on the test set. The models prefixed with
RAND signify that we initialized the weights with a
random Gaussian distribution.

4 Implementation Details158

4.1 Configuration159

We ran our experiments on T5-small and T5-base160

models implemented using Hugging Face trans-161

formers. All the models are initialized with pre-162

trained weights and fine-tuned on specific datasets163

using AdamW optimizer with 0.001 initial learning164

rate and scheduled linear decay. Key-value head165

grouping is only applied to decoder self-attention166

and cross-attention blocks, as mentioned in the167

original paper (Ainslie et al., 2023).168

4.2 Data and Fine-tuning169

We fine-tuned and evaluated our models using the170

CNN/Daily Mail, WMT 2014 German-English171

translation, and Multi-news datasets. We used only172

500k rows for fine-tuning the WMT 2014 dataset173

due to limited computing resources. We trained174

all our models for 3 epochs with a batch size of 8175

for the summarization tasks and a batch size of 32176

for the translation task. We used an input length of177

512 and an output length of 256 for the CNN/Daily178

Mail and WMT tasks. For the Multi-news summa-179

rization task, we used an input length of 2048 and180

an output length of 512 according to the configu-181

ration in (Ainslie et al., 2023). We used 4 V100182

GPUs for all our experiments.183

4.3 Experimentation 184

We ran all the experiments shown in table 1 with 185

T5-base, and with T5-small we ran only a few ex- 186

periments on CNN daily mail as shown in the ta- 187

ble 2. 188

1. Weighted Grouped-Query Attention: In 189

this approach, new parameters, a single scalar 190

value for each key, and a value head in the de- 191

coder’s attention blocks are used. A weighted 192

sum is then taken during the forward propaga- 193

tion, allowing the model to learn these param- 194

eters during fine-tuning. 195

2. Grouped-Query Attention: In GQA, key 196

and value heads in the decoder’s attention 197

blocks are mean pooled to form G groups 198

(Ainslie et al., 2023), which are then fine- 199

tuned. 200

3. Multi-Query Attention: MQA involves 201

mean pooling all key-value heads in the de- 202

coder’s attention blocks to form a single key- 203

value head that is shared across all query 204

heads. 205

4. Weighted Multi-Query Attention: It is simi- 206

lar to Weighted Grouped Query Attention, but 207

here we just group to only one key and value 208

head. 209

5. Row-wise Weighted Grouped-Query Atten- 210

tion: Here instead of scalar weights, we in- 211

troduce a column vector of size d for each 212

key and value head, which is used to scale the 213

weights along each row as shown in fig. 1. 214

6. Column wise Weighted Grouped-Query At- 215

tention: In this, instead of scalar weights, we 216

introduce a row vector of size kvdim for each 217

key and value head, which is used to scale the 218

weights along each column as shown in fig. 1. 219

For all the weighted grouped query attention config- 220

urations, we performed two types of experiments 221

that differ in how the weights are initialized for 222

additional introduced parameters - initializing ad- 223

ditional parameters with weights of kvheads/h and 224

random initialization. The rationale behind ini- 225

tializing with kvheads/h is that it is equivalent to 226

starting with the mean pooled Grouped Query At- 227

tention. 228

5 Results and Discussion 229

The weighted aggregation performed better than 230

GQA in all our experiments. The ROUGE score 231

3



MHA GQA WGQA
41.1 40.3 40.3

Table 2: Rouge 1 score for CNN Daily Mail dataset of
t5-small architecture

(Ganesan, 2018) improved from 43.5 (GQA) to232

43.7 (WGQA) and 43.8 (COLWGQA) for the233

multi-news summarization dataset. Similarly, for234

CNN/Daily Mail, the R1 score improved from235

41.7 (GQA) to 41.9 (WGQA), and for the trans-236

lation downstream task in WMT14 we reported237

the Bleu score (Saadany and Orăsan, 2021), the238

performance improved from 26.1 (GQA) to 26.3239

(WGQA) (Table 1). During the fine-tuning stage,240

the number of parameters increased from GQA by241

576 for WGQA, 36,864 for column-based COL-242

WGQA, and 442,368 for row-based ROWWGQA.243

The WGQA performed well given the parameter244

and performance trade-off across the datasets.245

Initializing the weights with an average of the246

number of heads in a group performed significantly247

better than random Gaussian initialization across248

all the datasets. Also, WMQA, which is a weighted249

version of MQA, performed better than MQA and250

approached the performance of GQA. This can251

lead to even more parameter savings. We vali-252

dated our results with the scaling laws by testing253

our models on a smaller architecture, T5-small, for254

the CNN/Daily Mail dataset (Table 2). Hence, in-255

creasing the model size results in better evaluation256

metrics, and we believe that bigger models would257

widen the performance gap between WGQA and258

GQA.259

To check whether the learned weights in the260

Figure 2: Distribution Plot for Mean Absolute Differ-
ence in Layer Weights

WGQA configuration differ from those in the GQA 261

configuration, we conducted a statistical analysis. 262

We grouped the key and value heads of the WGQA 263

model according to the learned weights and cal- 264

culated the mean absolute loss for each layer. In 265

the attention blocks, we calculated the mean for 266

each head separately and observed that the weights 267

are significantly different, with the mean absolute 268

difference centering around 0.1 as shown in fig. 2. 269

The p-value, 1e− 6 was less than the significance 270

level of 0.05, rejecting the null hypothesis of zero 271

mean absolute difference. 272

6 Conclusion 273

This paper focuses on improving the GQA algo- 274

rithm by introducing a novel way of aggregating the 275

KV heads. From the scaling laws, we can extrapo- 276

late that the performance will improve with model 277

size, and the models converge into different param- 278

eter spaces, as shown in the mean absolute plot. 279

Given the prevalence of the GQA-based decoder 280

model in Large Language Models, this technique 281

can aid in building more accurate models with the 282

overhead of linearly scaling weights during training 283

only. 284

7 Limitations and Future Work 285

For summarization tasks, we used the ROUGE 286

score, which is not an ideal metric and it doesn’t 287

give the whole picture to validate our increase in 288

performance. Due to limited computing resources, 289

we didn’t pre-train our model from scratch or fine- 290

tune on larger datasets and models, which would 291

give better results for comparison. 292

In GQA, the grouped key value heads are re- 293

peated to match the dimension of query heads. In 294

the future, we can introduce parameters that can dy- 295

namically repeat the key value heads. Specifically, 296

in Grouped Query models such as Llama(Touvron 297

et al., 2023) and OpenELM (Mehta et al., 2024), 298

instead of sharing the key and value heads, we pro- 299

pose multiplying them with weights to create dis- 300

tinct heads. This approach would allow the model 301

to differentiate between the heads, potentially en- 302

hancing performance. Additionally, we aim to im- 303

plement this using decoder-only models, which is 304

the current norm in language models. 305
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