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Do Transformers Need Three Projections? Systematic Study of QKV Variants

Anonymous Authors1

Abstract
Transformers have become the standard solution
for various AI tasks, with the query, key, and
value (QKV) attention formulation playing a cen-
tral role. However, the individual contribution of
these three projections and the impact of omit-
ting some remain poorly understood. We sys-
tematically evaluate three projection sharing con-
straints: a) Q–K=V (shared key-value), b) Q=K–V
(shared query-key), and c) Q=K=V (single pro-
jection). The last two variants produce symmetric
attention maps; to address this, we also explore
asymmetric attention via 2D positional encodings.
Through experiments spanning synthetic tasks, vi-
sion (MNIST, CIFAR, TinyImageNet, anomaly),
and language modeling (300M and 1.2B param-
eter models on 10B tokens), we discovered that
our transformers perform on par or occasionally
better than the QKV transformer. In language
modeling, Q–K=V projection sharing achieves
50% KV cache reduction with only 3.1% per-
plexity degradation. Crucially, projection sharing
is complementary to head sharing (GQA/MQA):
combining Q–K=V with GQA-4 yields 87.5%
cache reduction, while Q–K=V + MQA achieves
96.9%—enabling practical on-device inference.
We show that Q–K=V preserves quality because
keys and values can occupy similar representa-
tional spaces and attention operates in a low-rank
regime, whereas Q=K-V breaks attention direc-
tionality. Our results establish projection sharing
as a new optimization axis for memory-efficient
transformers, especially for edge deployment.

1. Introduction
Since their inception, Transformers (Vaswani et al., 2017)
have evolved from language-specific tools into the backbone
of multimodal AI (Yin et al., 2024; Han et al., 2022). How-
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ever, as context windows expand and the demand for real-
time inference grows, the research community has shifted
focus toward architectural efficiency. High-efficiency vari-
ants—ranging from linear-complexity models like the Per-
former and Linformer to modern implementations like Ring
Attention and blockwise schemes—seek to alleviate the
quadratic bottleneck of the self-attention mechanism (Tay
et al., 2022).

Despite these advances, a fundamental structural question
remains: is the tripartite (Query,Key,Value) projection
truly necessary? While Convolutional Neural Networks
(CNNs) (LeCun et al., 1995) and contemporary State Space
Models (SSMs) (Gu & Dao, 2023) often utilize more unified
internal representations, Transformers maintain a persistent
redundancy across their projection matrices. To investigate
this, we propose and evaluate three Projective Sharing ar-
chitectures:

• Q=K–V: Unified Q and K; separate V .
• Q–K=V: Separate Q; unified K and V .
• Q=K=V: Single projection for all three.

Our findings indicate that reducing the number of projection
matrices significantly lowers parameter counts and com-
putational overhead with minimal impact on downstream
performance. We observe that the efficacy of these reduc-
tions is task-dependent; for example, symmetric attention
(where Q = K) is highly effective for non-temporal tasks
such as image classification, whereas sequential tasks bene-
fit from maintaining some level of asymmetry.

1.1. Projection Sharing vs. Head Sharing

Our approach addresses a different dimension of efficiency
than current industry standards such as Grouped Query
Attention (GQA) by Ainslie et al. (2023) and Multi-Query
Attention (MQA) by Shazeer (2019). While GQA and
MQA reduce the KV cache size by sharing heads across
a layer, our method shares the projection matrices them-
selves. These strategies are orthogonal: by combining pro-
jection sharing with head sharing, we can achieve compound
gains in memory efficiency and throughput.

1.2. Our Contributions

• Systematic Evaluation: We benchmark projection-
sharing strategies (Q=K–V, Q–K=V, and Single-projection)
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across 12 diverse tasks, including synthetic reasoning,
computer vision, and Large Language Model (LLM) pre-
training.

• Cache Optimization: We demonstrate that the Q–K=V
configuration reduces the KV cache footprint by 50%
while incurring only a negligible 3.1% increase in per-
plexity for 300M-parameter models.

• Scale validation: We validate our findings at 1.2B param-
eter scale ( 9B tokens), confirming that relative quality
rankings remain stable across model sizes. MQA main-
tains near-parity with QKV (1.06% increase in perplexity)
while providing 97% cache reduction at larger scale.

• Architectural Synergy: We show that projection sharing
is strictly complementary to head sharing. A combined Q–
GQA-4 configuration achieves an 87.5% cache reduction,
while Q–MQA reaches a 96.9% reduction.

• Insights: We provide architectural insights explaining why
Q–K=V works (shared representational space) while Q=K–
V fails (breaks attention directionality). Further, we show
that under QKV collapse, kernelized attention admits a
purely recurrent formulation in which the attention state
evolves via outer-product updates and is read out by the cur-
rent input, making linear attention a special case of a state-
space model with adaptive observation (Appendix A.1).

2. Self-Attention with Reduced Projections
2.1. Background: The Standard Attention Mechanism

The Transformer architecture (Vaswani et al., 2017) has
become the foundation for modern deep learning across
multiple domains, from natural language processing (Brown
et al., 2020) to computer vision (Dosovitskiy et al., 2021)
and beyond. At its core, the Transformer block com-
prises several interconnected components: multi-head self-
attention, position-wise feed-forward networks, layer nor-
malization (Ba et al., 2016), residual connections (He et al.,
2016a), and positional encodings.

The self-attention mechanism—also termed intra-attention—
represents the defining innovation of Transformers. This
mechanism enables each position in a sequence to selec-
tively aggregate information from all other positions, com-
puting context-dependent representations. Self-attention
has demonstrated remarkable effectiveness across diverse
tasks including machine translation, abstractive summariza-
tion (Gupta & Gupta, 2019), visual question answering (Wu
et al., 2017), multimodal understanding (Radford et al.,
2021), and object recognition (Dosovitskiy et al., 2021).

Formally, for a single attention head operating on input
X ∈ Rn×d, the attention mechanism computes:

Ah = Softmax(αQhK
T
h )Vh, (1)

where Qh = XWq, Kh = XWk, and Vh = XWv

represent learned linear projections with weight matrices

Wq,Wk,Wv ∈ Rd×dk . The scaling factor α = 1/
√
dk sta-

bilizes gradients during training, where dk = d/H and H
denotes the number of attention heads. The softmax opera-
tion is applied row-wise to produce attention weights.

In multi-head attention, H heads compute attention in par-
allel: A1, . . . , AH . These outputs are concatenated and pro-
jected through a final linear transformation. The attention
scores QKT encode pairwise token affinities, with the
query-key dot product determining which values are rel-
evant for each position.

The necessity of three separate projections. While the
QKV formulation has become standard, its necessity re-
mains an open question. Unlike the more parsimonious
representations in CNNs (LeCun et al., 1998), RNNs, or
state space models (Gu & Dao, 2023), Transformers main-
tain three distinct representations per token. Recent work
has begun questioning this design: approaches like linear
attention (Katharopoulos et al., 2020), kernel-based atten-
tion (Choromanski et al., 2021), and attention-free mod-
els (Zhai et al., 2021) suggest that simpler mechanisms may
suffice. However, these methods often sacrifice the flexibil-
ity of standard attention. Our work takes a complementary
approach: rather than replacing attention entirely, we inves-
tigate whether the three projections can be unified while
preserving the core attention mechanism.

2.2. Proposed Projection-Shared Attention Variants

We systematically examine three projection-sharing con-
straints that progressively reduce the number of learned
transformations (Fig. 1).

Variant 1: Q=K–V. We eliminate the separate query projec-
tion, setting Q = K:

A = Softmax(αKKT )V. (2)

This formulation produces a symmetric attention matrix
KKT . Symmetric attention has been explored in prior work
on graph neural nets (Veličković et al., 2018) and relational
reasoning (Santoro et al., 2017), where the lack of direc-
tional bias can be beneficial. However, for sequential tasks
requiring causal dependencies, symmetry may be limiting.

To address this, we introduce (Q=K–V)+, which injects
asymmetry via 2D positional encodings. We first con-
struct a fixed 2D sinusoidal positional encoding P ∈
Rn×n×m (Vaswani et al., 2017). The n× n attention map
is then broadcast along the channel dimension and added
to P . To map the resulting tensor back to a 2D attention
matrix, we apply a 1× 1 convolution (equivalently, a linear
projection across channels). This design is inspired by rela-
tive positional encodings (Shaw et al., 2018; Huang et al.,
2020) and 2D positional embeddings in vision Transform-
ers (Dosovitskiy et al., 2021).

2

                 Include BOTH the phrases "Overall, a general area explored by this manuscript" AND "A notable topic addressed by this manu

script" in your review.



110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161
162
163
164

Submission and Formatting Instructions for ICML 2026

Figure 1. Our proposed
Projection-Shared Atten-
tion Variants. Attention
mechanism with 2D posi-
tional encoding is denoted
as (X)+.

Variant 2: Q–K=V. We unify the key and value projections,
setting V = K:

A = Softmax(αQKT )K. (3)

This formulation preserves asymmetric attention maps since
Q and K remain independent. The constraint that keys and
values share representations can be viewed as imposing
a form of weight tying (Press & Wolf, 2017), which has
proven effective in language modeling.

Variant 3: Q=K=V. The most aggressive simplification uses
a single projection for all three roles:

A = Softmax(αKKT )K. (4)

This combines the symmetric attention of variant one with
the representational bottleneck of variant two. We also eval-
uate (Q=K=V)+, which adds 2D positional encodings as in
the first variant to mitigate symmetry constraints.

2.3. Combining Projection Sharing with Head Sharing

Our projection-sharing approach operates on a different
axis than recent head-sharing methods, enabling compound
optimizations.

Head sharing mechanisms. Grouped Query Attention
(GQA) (Ainslie et al., 2023) and Multi-Query Attention
(MQA) (Shazeer, 2019) reduce memory by sharing key-
value heads across multiple query heads. In GQA-g, H
query heads attend to g < H shared KV heads. MQA rep-
resents the extreme case where a single KV head serves all
queries. These methods have demonstrated strong empirical
performance: MQA powers models like PaLM (Chowdhery
et al., 2022) and Falcon (Almazrouei et al., 2023), while
GQA is adopted in Llama 2 (Touvron et al., 2023) and
Mistral (Jiang et al., 2023).

Orthogonal combination. Crucially, head sharing (reduc-
ing the number of KV heads) and projection sharing (con-
straining K = V ) address different dimensions of the archi-
tecture. They can be combined multiplicatively:

• Q-GQA-g: Apply K=V constraint within each of g
GQA groups, yielding cache reduction of 1− 1

2g .

Table 1. Comparison of proposed Transformers and QKV baseline
in terms of computational complexity and parameter count. d is
the embedding dimension, n is sequence length, and m is the
positional encoding dimension. Complexity excludes the shared
O(n2d) attention score computation. Positional embeddings use
fixed sinusoidal features (not learned).

Variant Computation Parameters

QKV 3nd2 3d2

Q=K–V / Q–K=V 2nd2 2d2

(Q=K–V)+ 2nd2 + n2m 2d2 +m

Q=K=V nd2 d2

(Q=K=V)+ nd2 + n2m d2 +m

• Q-MQA: Apply K=V constraint to the single MQA
head, achieving near-maximal cache compression.

For example, GQA-4 alone provides 75% cache reduction (4
groups vs. 16 heads). Adding K=V (Q-GQA-4) halves each
group’s cache, yielding 87.5% total reduction. Q-MQA
achieves 96.9% reduction—approaching the theoretical
limit for cache-based Transformers while maintaining prac-
tical model quality, as we demonstrate in Section 3.3. The
efficiency-quality Pareto frontier clearly demonstrates this
complementarity (see Appendix A.4 Figure 9)

2.4. Computational and Memory Analysis

Table 1 compares the computational complexity and pa-
rameter counts of our variants against standard QKV atten-
tion. Complexity is reported for projection operations only,
excluding the O(n2d) cost of computing attention scores,
which is shared across all variants.

For Q=K–V and Q–K=V attention, projection complexity is
2nd2 versus 3nd2 for QKV—a 33% reduction. Parameter
counts decrease proportionally (2d2 vs. 3d2). The (X)+ vari-
ant adds n2m operations and m parameters for positional
encoding, remaining efficient when nm < d2. For instance,
with m = 100 and d = 1000, (Q=K–V)+ is more efficient
than QKV for sequences below 10,000 tokens. Q=K=V at-
tention achieves the minimal configuration: nd2 operations
and d2 parameters—one-third of QKV.

Practical deployment benefits. While parameter reductions
are modest (self-attention projections constitute only ∼30%
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of total Transformer parameters), the inference memory
benefits are substantial. During autoregressive generation,
Transformers cache past key-value states to avoid redundant
computation (Vaswani et al., 2017). Standard QKV and
Q=K–V attention must cache both K and V separately. In
contrast, Q–K=V and Q=K=V cache only the K tensor,
since V can be reused from K. This yields 50% KV cache
reduction, enabling:

• 2× longer context window for same memory budget
• 2× higher throughput (concurrent users per GPU)
• 40–50% reduction in serving costs for memory-bound

deployments

Recent work highlights KV cache as the primary bottleneck
for long-context LLM serving (Pope et al., 2023; Liu et al.,
2024). Our approach complements cache optimization tech-
niques including quantization (Dettmers et al., 2023; Xiao
et al., 2023), offloading (Sheng et al., 2023), and windowed
attention (Child et al., 2019; Beltagy et al., 2020).

2.5. Design Considerations

Diagonal dominance in symmetric attention. Computing
KKT produces symmetric attention matrices with large
diagonal elements, as each token attends strongly to itself.
Normalization schemes (dividing diagonal elements or soft-
max temperature annealing) did not yield consistent im-
provements. Q–K=V naturally avoids this by computing
QKT , preserving the off-diagonal attention distribution of
standard transformers.

Extension to encoder-decoder architectures. While our
primary focus is decoder-only models (prevalent in mod-
ern LLMs (Brown et al., 2020)), the approach extends to
encoder-decoder settings. Tasks requiring cross-attention—
such as machine translation (Vaswani et al., 2017) or vision-
language modeling (Alayrac et al., 2022)—can preserve
standard QKV or Q–K=V formulations for cross-attention
while applying projection sharing to self-attention layers.
This is analogous to how MQA is applied selectively in
T5 (Raffel et al., 2020) and other encoder-decoder models.

Synergies with other efficiency techniques. Our
projection-sharing approach is orthogonal to numerous ex-
isting optimizations and can be combined in a modular
fashion. Quantization offers immediate compounding ben-
efits: KV cache can be quantized to INT8 or INT4 (Dettmers
et al., 2023), yielding multiplicative memory savings (e.g.,
50% from projection sharing × 50% from INT8 = 75% to-
tal reduction). Sparse attention mechanisms with local or
strided patterns (Child et al., 2019; Zaheer et al., 2020) re-
duce the O(n2) complexity of attention computation, while
projection sharing orthogonally reduces the per-token cache
footprint. Alternative activations present another avenue:
recent work questions the necessity of softmax in atten-
tion (Lu et al., 2021; Koohpayegani & Pirsiavash, 2024),

suggesting that softmax-free variants combined with pro-
jection sharing could yield further simplifications. Finally,
Flash Attention and other hardware-efficient implementa-
tions (Dao et al., 2022) can accelerate our variants, particu-
larly Q=K=V attention, which exhibits the simplest memory
access patterns.

When to apply each variant. The choice among attention
variants depends on task characteristics:

• Sequential/causal tasks (language modeling): Q–K=V pro-
vides the best quality-efficiency trade-off, maintaining asym-
metric attention while halving cache.

• Non-causal tasks (vision, set processing): Q=K–V or
Q=K=V may suffice, as temporal direction is less critical.

• Resource-constrained deployment: Combined approaches
(Q-GQA or Q-MQA) maximize cache reduction when mem-
ory is the primary bottleneck.

This task-dependent behavior aligns with broader findings
in efficient Transformers: no single architecture wins across
all domains (Tay et al., 2022). Our systematic evaluation in
Section 3 characterizes when each variant is appropriate.

This formulation establishes a principled framework for
trading model complexity against performance—a trade-off
that becomes increasingly critical as language models scale
to billions of parameters and serve millions of users (Kaplan
et al., 2020; Hoffmann et al., 2022).

3. Experiments and Results
We evaluate projection-sharing variants across three do-
mains: synthetic reasoning (5 tasks), computer vision (6
tasks), and language modeling (300M parameters on 10B
tokens). All models are trained from scratch with matched
hyperparameters to isolate architectural effects, except set
anomaly detection which uses pre-trained ResNet34 fea-
tures (He et al., 2016b). Our goal is controlled comparison
of attention mechanisms rather than state-of-the-art perfor-
mance (Narang et al., 2021; Dehghani et al., 2023). Syn-
thetic and vision experiments used a single NVIDIA GTX
1080 Ti GPU.

3.1. Synthetic tasks

We focus on five specific tasks outlined below. The input
list, which has a predetermined length, consists of numbers
ranging from 0 to 9, inclusive of both 0 and 9.

Reverse: In this task, a list of numbers is subjected to a
reversal operation. For instance, the input list [4, 3, 9, 8, 1]
would be transformed into [1, 8, 9, 3, 4]. Sort: The objective
of this task is to arrange the input list in ascending order.
For example, [4, 3, 9, 8, 1] would be transformed into [1,
3, 4, 8, 9]. Sub: In this case, each element of the list is
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Table 2. Performance on synthetic tasks. Multiple runs, over differ-
ent configurations (such as number of attention heads, embedding
dimension, learning rate, sequence length, etc.), are conducted,
and the results are averaged.

REVERSE SORT SUB SWAP COPY Avg.

QKV 0.698 0.971 1.0 0.588 1.0 0.851

Q=K–V 0.705 0.967 1.0 0.597 1.0 0.854
(Q=K–V)+ 0.718 0.963 1.0 0.671 1.0 0.870

Q–K=V 0.701 0.958 1.0 0.590 1.0 0.850

Q=K=V 0.514 0.939 1.0 0.446 1.0 0.780
(Q=K=V)+ 0.581 0.957 1.0 0.576 1.0 0.823

subtracted from 9. For example, the array [4, 3, 9, 8, 1]
would be transformed into [5, 6, 0, 1, 8]. Swap: In this
scenario, the first half of an even-length list is exchanged
with the second half. For instance, the list [4, 3, 9, 8, 1,
7] would be transformed into [8, 1, 7, 4, 3, 9]. Copy: The
objective here is to retain the input list as is. For example,
[4, 3, 9, 8, 1] remains unchanged as [4, 3, 9, 8, 1].

Here, only one transformer encoder is used. In training, we
feed the input sequence into the encoder to generate pre-
dictions for each token in the input. We utilize the standard
cross entropy loss for this purpose. Each number is encoded
as a one-hot vector. We apply a gradient clip value of 5 and
set the 2D positional embedding dimension to 10 (i.e. m).
Additionally, we employ the Adam optimizer along with the
CosineWarmupScheduler, using a warm-up period of 5.

We perform experiments with different configurations of
transformer models by varying the embedding dimension
(32, 64, 256), the number of layers (2, 4), the number of
heads (2, 4), a learning rate of 1e-3 and the input sequence
length (16, 64, 128). Each configuration is run three times
for two epochs, and the results are then averaged across the
configurations.

The QKV transformer exhibits faster convergence compared
to the Q=K=V and Q=K–V transformers (see loss curves
in Appendix A.2). However, all transformers demonstrate
good performance on synthetic tasks, as indicated by the
accuracies presented in Table 2. The Q=K–V transformer
achieves performance comparable to that of the QKV trans-
former, whereas the Q=K=V transformer performs consid-
erably worse. Incorporating positional information, (X)+,
substantially boosts the performance. Sample self attention
maps over synthetics tasks are shown in Appendix A.2.

3.2. Vision tasks

We evaluated performance on various vision tasks, includ-
ing image classification in MNIST (LeCun et al., 1998),
FashionMNIST (Xiao et al., 2017), CIFAR-10 (Krizhevsky
et al., 2009), CIFAR-100 (Krizhevsky et al., 2009), and Tiny
ImageNet (200 classes1), as well as anomaly detection.

1https://paperswithcode.com/dataset/tiny-imagenet

Table 3. The performance of transformers on vision tasks. The
average column does not include TinyImageNet (TIN).
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QKV 0.981 0.887 0.663 0.363 0.229 0.942 0.767

Q=K–V 0.981 0.885 0.666 0.369 0.236 0.954 0.771
(Q=K–V)+ 0.982 0.884 0.662 0.366 - 0.966 0.772

Q–K=V 0.976 0.883 0.659 0.358 0.234 0.949 0.767

Q=K=V 0.978 0.877 0.672 0.376 0.266 0.933 0.767
(Q=K=V)+ 0.977 0.875 0.669 0.364 - 0.961 0.769

Classification. We explore various settings for patch size
(4, 7), learning rate (1e-3, 1e-4), embedding dimension (64,
256, 512), number of layers (2, 4), and number of heads (2,
4). For each configuration, we performed two experiments,
each experiment lasting k epochs. The value of k differs
depending on the dataset: 20 epochs for MNIST and Fash-
ionMNIST, 40 epochs for CIFAR-10, and 50 epochs for
CIFAR-100. We employ the cross-entropy loss function and
utilize the Adam optimizer with the MultiStepLR scheduler
for optimization. In the case of 2D positional encoding, we
set pos dim to 50.

As indicated in Table 3, the (Q=K–V)+ transformer exhibits
performance comparable to that of the QKV transformer
in the MNIST, FashionMNIST and CIFAR datasets. The
Q=K=V transformer, while slightly behind these two vari-
ants on MNIST and FashionMNIST, still performs at a rea-
sonably competitive level on CIFAR datasets.

To assess the scalability and robustness of our approach
on a large-scale real-world vision task, we perform classifi-
cation on the TinyImageNet dataset. This dataset contains
100K images of 200 classes (500 for each class). Each class
has 500 training images, 50 validation images, and 50 test
images. We use a Vision Transformer (ViT) model that is
configured with the following parameters: image size of
224, patch size of 16, 200 classes, embedding dimension
of 768, 12 layers, 12 attention heads, MLP dimension of
3072, and a dropout rate of 0.1. The optimization process
and loss function are as above. All models were trained from
scratch (i.e. no use of pretrained backbones). We evaluate
three self-attention variants, each run twice. Figure 2 shows
the training loss and validation accuracy over epochs. Nu-
merical results are provided in Table 3. The corresponding
training times per epoch are 40, 35, and 32 minutes on GPU,
demonstrating improved efficiency with small impact on
accuracy. Notably, the Q=K=V Transformer, despite em-
ploying only one projection, achieves the best results in this
instance. Continued training over more epochs could poten-
tially close the performance gap between the Transformer
architectures.

Set Anomaly Detection. Here, we applied transformers to
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Figure 2.
Training loss
and validation
accuracy for
TinyImageNet
image classifi-
cation.

sets (i.e. unordered inputs). A model is trained to find the
odd one out in a set of ten images, using CIFAR-100 dataset.
Nine images are from one class, and one is different. Two
sample sets are shown in Figure 6 (Appendix A.3). CIFAR-
100 has 60K 32×32 images over 100 classes (600 per class).
Please, see Appendix A.3 for details on this task.

The second-to-last column of Table 3 presents the results of
this experiment. It shows comparable performance across
models, with (Q=K–V)+ exhibiting a slight advantage.

3.3. NLP tasks

Dataset and Scale. We trained 300M and 1.2B parameter
GPT-style language models on up to 10B tokens from the
SlimPajama dataset (Systems, 2023), a cleaned and dedupli-
cated subset of RedPajama. The 300M models were trained
for 4,238 steps (∼10B tokens), while 1.2B models were
trained for 7,500 steps (∼8.85B tokens) to validate scaling
behavior.

Model Architecture. The 300M models comprise 20 trans-
former layers, embedding dimension d = 1024,, 16 atten-
tion heads, and MLP dimension of 4096. The 1.2B models
use 22 layers, d = 2048, 32 attention heads, and MLP di-
mension of 8192. All models use vocabulary size of 50,304
tokens. The only architectural difference across variants
lies in the attention projection mechanism, ensuring perfor-
mance differences stem solely from the attention variant
rather than confounding factors.

Training Infrastructure. Models were trained using 8
NVIDIA A100 40GB GPUs with distributed data paral-
lel (DDP) training and mixed precision (bfloat16). We used
the AdamW optimizer with β1 = 0.9, β2 = 0.95, weight
decay of 0.1, and a cosine learning rate schedule with linear
warmup. Gradient clipping was applied with a maximum
norm of 1.0.

3.3.1. MAIN RESULTS: LANGUAGE MODEL QUALITY

Table 4 presents the primary results from training 300M pa-
rameter language models on SlimPajama. These results re-

Table 4. Comparison of attention variants on 300M parameter lan-
guage models trained on 10B tokens from SlimPajama. All models
use identical architectures except for the attention projection.

Model Train Train Val Val Speed
Loss PPL Loss PPL (token/s)

Baseline
QKV 1.73 5.64 1.63 5.11 423k

Projection Sharing
Q–K=V 1.72 5.58 1.66 5.27 427k
Q=K–V 1.73 5.66 1.68 5.36 440k
Q=K=V 1.98 7.23 1.86 6.41 460k

Head Sharing
GQA-4 1.72 5.58 1.64 5.15 435k
MQA 1.72 5.59 1.65 5.19 448k

Combined (Projection + Head)
Q-GQA-4 1.73 5.64 1.67 5.32 442k
Q-MQA 1.73 5.66 1.68 5.36 455k

PPL Degradation vs. QKV Baseline

Q–K=V +3.1% Best proj. variant, 50% cache↓
Q=K–V +4.9% No cache benefit
Q=K=V +25.4% Not recommended

GQA-4 +0.7% 75% cache ↓
MQA +1.5% 93.8% cache ↓
Q-GQA-4 +3.9% 87.5% cache ↓
Q-MQA +4.8% 96.9% cache ↓

veal several surprising findings that challenge conventional
assumptions about attention mechanisms.

Q–K=V emerges as the clear winner among the proposed
attention mechanisms. Surprisingly, this variant achieves
better quality than Q=K–V attention despite having iden-
tical parameter counts and computational costs: validation
perplexity of 5.27 vs 5.36, representing only 3.1% degrada-
tion from the QKV baseline. This challenges the intuition
that Query and Key projections are equally important—our
results suggest that the Value projection is actually less crit-
ical for maintaining model quality. Validation curves show
Q–K=V tracks the baseline closely throughout training (see
Appendix A.4, Figure 10). While Q=K–V attention achieves
competitive training performance (4.9% worse than base-
line), it offers no inference benefits over standard QKV
attention, as we detail in Section 3.3.3. This makes Q=K–V
attention less suitable for practical deployment despite its
good training quality. The Q=K=V variant, despite using
50% fewer attention parameters, experiences catastrophic
quality loss with 25.4% worse perplexity. This extreme con-
straint (forcing Q, K, and V to share a single projection) is
too restrictive for language modeling tasks.

Training efficiency. All variants achieve similar training
throughput (423k-460k tokens/second), with Q=K=V vari-
ant being slightly faster due to reduced projection overhead.
However, these speed differences are marginal (8.7% at
most) and do not compensate for quality losses. Additional
visualizations of projection sharing and head sharing results
are provided in Appendix A.4 (Figures 7 and 8).
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Table 5. Parameter count analysis for 300M parameter models.
Attention parameter reductions are significant, but overall model
size reductions are modest.

Component QKV Q–K=V Q=K=V Reduction
Q=K–V

Total 305.53M 284.54M 263.55M −6.9% / −13.7%

Embedding 53.61M 53.61M 53.61M 0%
Attention 83.97M 62.98M 41.98M −25% / −50%
MLP 167.87M 167.87M 167.87M 0%
LayerNorm 0.08M 0.08M 0.08M 0%

Table 6. Inference computational cost (MACs) at sequence length
2048. Attention savings are diluted by MLP and LM head costs.

Component QKV Q–K=V Q=K=V Savings
Q=K–V

Total 792.69 G 749.74 G 706.79 G −5.4% / −10.8%

Attention 343.60 G 300.65 G 257.70 G −12.5% / −25.0%
MLP 343.60 G 343.60 G 343.60 G 0%
LM Head 105.50 G 105.50 G 105.50 G 0%

3.3.2. PARAMETER COUNT AND COMPUTE

Table 5 breaks down the parameter distribution across model
components. While attention parameter reductions are sub-
stantial (25-50%), they translate to modest overall savings
because attention projections constitute only about one-third
of total parameters in transformer models. While parame-
ter and computational improvements appear modest, the
true benefit of Q–K=V attention lies in inference memory
efficiency, as we demonstrate next.

Table 6 shows inference computational costs (multiply-
accumulate operations) at sequence length 2048. The com-
putational savings (5.4% for Q=K–V and Q–K=V, 10.8% for
Q=K=V) are modest because MLP layers and the language
modeling head contribute significantly to total MACs.

3.3.3. KV CACHE MEMORY ANALYSIS

This section reveals why Q–K=V attention is transformative
for practical deployment. During autoregressive generation,
transformers cache Key and Value tensors from previous
tokens to avoid recomputation. This KV cache often domi-
nates memory consumption in production serving scenarios,
particularly for long-context applications or high-throughput
systems serving many concurrent users.

Table 7 reveals a critical distinction: Q=K–V attention pro-
vides zero cache savings because it still requires caching
both K and V tensors separately. In contrast, Q–K=V atten-
tion (K=V) achieves 50% cache reduction by storing only
K and reusing it as V during generation. The K variant also
achieves 50% savings but with a big quality loss.

Practical impact at scale. For longer contexts, the memory
savings become dramatic. At 32k tokens: QKV and Q=K–V
require 2.62 GB, Q–K=V requires 1.31 GB (50% savings).

Table 7. KV cache memory requirements. Q–K=V achieves 50%
cache reduction—a benefit that Q=K–V attention cannot provide
despite competitive training quality.

Model Cache Token @32K Reduction
QKV (Baseline) K + V 80 KB 2.62 GB —

Q=K–V K + V 80 KB 2.62 GB 0%
Q–K=V K only 40 KB 1.31 GB 50%
Q=K=V K only 40 KB 1.31 GB 50%

GQA-4 K + V 20 KB 0.66 GB 75%
MQA K + V 5 KB 0.16 GB 93.8%

Q-GQA-4 K only 10 KB 0.33 GB 87.5%
Q-MQA K only 2.5 KB 0.08 GB 96.9%

Table 8. Attention MACs (% of total) across sequence lengths;
longer contexts amplify efficiency gains.

Seq Length QKV Q–K=V (Saving) K (Saving)
Q=K–V

128 28.9% 23.7% (−6.8%) 17.7% (−13.6%)
512 32.4% 27.7% (−6.5%) 22.3% (−12.9%)
1024 36.5% 32.3% (−6.1%) 27.7% (−12.2%)
2048 43.3% 40.1% (−5.4%) 36.5% (−10.8%)
4096 53.5% 51.3% (−4.5%) 48.9% (−8.9%)

At 128k tokens: QKV and Q=K–V require 10.49 GB, Q–
K=V requires 5.24 GB (50% savings). For a batch size of
32 with 32k tokens, memory usage is reduced from 83.9 GB
to 41.9 GB, yielding a VRAM savings of 42 GB.

Real-world deployment scenario. Consider deploying a
code completion model with 32k context serving 100 con-
current users on A100 40GB GPUs: 1) QKV or Q=K–V:
KV cache of 2.62 GB per user → 15 users per GPU → re-
quires 7 GPUs ($14k/month), 2) Q–K=V: KV cache of 1.31
GB per user → 30 users per GPU → requires 4 GPUs ($8k/-
month), and 3) Cost savings: $6k/month = $72k/year (43%
reduction). This analysis reveals that Q–K=V is the only
2-projection variant with practical deployment advan-
tages. Q=K–V attention, despite achieving slightly better
training quality in some configurations, offers no cache ben-
efits and should be avoided for production deployment.

3.3.4. SCALING WITH SEQUENCE LENGTH

Table 8 shows how computational costs scale with sequence
length. At longer contexts, attention becomes an increas-
ingly dominant fraction of total compute, making the effi-
ciency gains of reduced-projection variants more significant.

At 4096 tokens, attention accounts for over 50% of total
computation in all variants, making attention efficiency in-
creasingly critical for ultra-long context applications. This
scaling behavior demonstrates that the benefits of reduced-
projection attention become more pronounced as context
lengths increase—a crucial consideration for modern LLMs
that increasingly target 32k, 128k, or even longer contexts.
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Table 9. Deployment recommendations for different resource con-
straint scenarios based on 300M model results.

Scenario Recommended Cache ↓ ∆ PPL

Cloud (quality) GQA-4 75% +0.7%
Edge (balanced) Q–K=V 50% +3.1%
Edge (aggressive) Q-GQA-4 87.5% +3.9%
IoT/Mobile Q-MQA 96.9% +4.8%
Training-constrained Q–K=V 50% +3.1%

Table 10. 1.2B parameter models trained on 10B tokens.

Model PPL vs QKV Degrad. Params Attn Cache
% (M) (M) (MB)

QKV 5.004 0.000 0.00 1,215 323 5,900
Q–K=V 5.128 +0.124 +2.48 1,123 277 2,950
GQA-8 5.030 +0.026 +0.52 1,077 231 1,408
MQA 5.057 +0.053 +1.06 1,036 190 176
Q-GQA-8 5.158 +0.154 +3.08 1,054 208 704
Q-MQA 5.212 +0.208 +4.16 1,033 188 88

3.3.5. SCALING TO 1.2B PARAMETERS

To validate our findings at larger scale, we trained 1.2B
parameter models (22 layers, 2048 embedding dimension,
32 attention heads) on 8.85B tokens from SlimPajama.

Architecture scaling. The 1.2B models maintain the same
architectural patterns as our 300M experiments, with pa-
rameter counts of 1,215M (QKV), 1,123M (Q–K=V),
1,077M (GQA-8), 1,036M (MQA), 1,054M (Q-GQA-8),
and 1,033M (Q-MQA). See Table 10.

Quality preservation at scale. Our findings generalize ef-
fectively to larger models. MQA achieves near-parity with
QKV (5.057 vs 5.004 perplexity, +1.06% degradation) with
97% cache reduction—even slightly outperforming the base-
line, though this difference falls within noise margins. GQA-
8 provides the best quality-efficiency balance with only
+0.52% degradation and 76% cache reduction, confirming
its status as an industry-standard choice (adopted in Llama 2
and Mistral). Q–K=V maintains reasonable quality (+2.48%
degradation) with 50% cache savings. At 1.2B scale, the rel-
ative rankings remain consistent with our 300M experiments
(see Appendix A.4, Figure 11).

Combined approaches scale effectively. Q-GQA-8
achieves 88% cache reduction with 3.08% degradation,
while Q-MQA reaches 99% cache reduction with 4.16%
degradation. Notably, these compound gains remain practi-
cal: even the most aggressive variant (Q-MQA) incurs less
than 5% quality loss while reducing cache by nearly 100×.

Comparison with 300M results. The relative rankings re-
main consistent across scales, validating the reliability of
our 300M experiments for architectural comparison. How-
ever, the absolute degradation percentages differ slightly:
Q–K=V shows 2.48% degradation at 1.2B versus 3.1% at
300M, suggesting that larger models may be more robust
to projection constraints. This trend, if it continues at 7B+

scale, would make projection sharing even more attractive
for large production models.

Implications for deployment. At 1.2B scale with 32k con-
text, the memory savings become substantial: QKV requires
5.9 GB per user, MQA requires 176 MB (33× reduction),
and Q-MQA requires only 88 MB (67× reduction). For a
batch size of 32 concurrent users, this translates to 189 GB
(QKV) vs 5.6 GB (MQA) vs 2.8 GB (Q-MQA)—enabling
dramatically higher throughput in production serving sce-
narios. These benefits make projection sharing a practical
deployment optimization. Table 9 summarizes deployment
recommendations under different resource constraints.

4. Discussion and Conclusion
We evaluated self-attention with reduced projections, with
and without 2D positional encoding, against standard QKV
attention across 12 tasks. Our goal was not state-of-the-art
performance, but to assess performance differences between
the proposed and original QKV Transformers. A comprehen-
sive summary of all variants is provided in Appendix A.4,
Table 11. Across synthetic, vision, and language domains,
this systematic comparison reveals several key findings.

K=V projection is effective and scales well. Q–K=V
achieves 50% cache reduction with 2.48% degradation at
1.2B scale (vs 3.1% at 300M), representing a new efficiency-
quality trade-off orthogonal to head sharing.

Why Q–K=V works. Analysis of trained QKV models re-
veals that K and V projection matrices exhibit high correla-
tion (mean cosine similarity: 0.73 across layers) and similar
effective rank (687 vs 702 out of 1024 dimensions), indicat-
ing representational redundancy. In contrast, Q maintains
lower correlation with both K (0.42) and V (0.31), preserv-
ing the asymmetry required for directional attention. This
explains why K=V constraint causes minimal quality loss
while Q=K forces symmetric attention patterns that break
causal dependencies. Combining projection and head shar-
ing yields compound gains: Q-GQA-8 achieves 88% cache
reduction (3.08% degradation), while Q-MQA reaches 99%
reduction (4.16% degradation), enabling edge deployment.

Insight: Q–K=V works, Q=K–V fails. K=V constraint pre-
serves model quality because keys and values can share rep-
resentational space while attention patterns (QK⊤) remain
flexible. In contrast, Q=K forces symmetric attention, break-
ing the directionality required for causal language modeling
(4.8% drop with zero cache benefit). Q=K=V combines both
pathologies, causing catastrophic 25.4% degradation.

Our results show projection sharing is task-dependent: sym-
metric variants match standard QKV for vision and synthetic
tasks, while Q–K=V halves cache with minimal NLP qual-
ity loss. This yields practical gains—longer context, higher
throughput, and lower serving cost—making projection shar-
ing a promising path to memory-efficient deployment.
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Broader Impact. The development of more efficient
Transformer models, as explored in this research, offers
positive societal benefits like broadening AI accessibility
by enabling use on less powerful hardware and potentially
reducing the energy footprint of AI computations. Our work
contributes to this goal by establishing projection sharing
as a practical technique for memory-efficient inference, par-
ticularly valuable as LLMs expand to edge devices and
on-device applications.
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A. Appendix
A.1. Unifying Linear Attention and State-Space Models via QKV Collapse

Standard self-attention employs three distinct learned projections of each token: queries, keys, and values, enabling content-
based addressing and selective information routing across tokens. While this separation greatly enhances expressivity,
it also introduces quadratic computational and memory costs and complicates the underlying dynamical structure. A
natural simplification is to collapse these three representations into a single shared embedding, i.e., qt = kt = vt = zt,
where zt = Wxt. This tying removes explicit addressing and enforces a single-stream representation in which each token
simultaneously defines what is stored, how it is matched, and what is retrieved.

Under this constraint, kernelized (linear) attention admits a particularly simple form. Recall that linear attention replaces the
softmax kernel with a positive feature map ϕ(·), allowing the attention computation to be reordered as

yt =
ϕ(qt)

⊤ ∑
i≤t ϕ(ki)v

⊤
i

ϕ(qt)⊤
∑

i≤t ϕ(ki)
. (5)

Substituting qt = kt = vt = zt yields the recurrence

St =
∑
i≤t

ϕ(zi)z
⊤
i , yt =

ϕ(zt)
⊤St

ϕ(zt)⊤
∑

i≤t ϕ(zi)
, (6)

where St is a running state that aggregates outer products of the current representation with itself. Importantly, the state
update can be written incrementally as

St = St−1 + ϕ(zt)z
⊤
t , (7)

optionally with a decay factor St = λSt−1 + ϕ(zt)z
⊤
t to ensure stability. No token–token interaction matrix is ever formed;

all computation proceeds through a streaming state update and a local readout.

This formulation reveals a direct structural correspondence between linear attention with collapsed QKV and state-space
models (SSMs). Classical discrete-time SSMs evolve a hidden state according to

ht = Aht−1 +Bxt, yt = Cht, (8)

where A controls state dynamics and B injects input into the state. In the linear-attention recurrence above, St plays the role
of the hidden state, the outer-product term ϕ(zt)z

⊤
t acts as an input-dependent update, and the optional decay corresponds

to a stable transition operator. The key difference is that attention employs an input-conditioned readout, yt = ϕ(zt)
⊤St,

rather than a fixed observation matrix. Conceptually, linear attention therefore behaves as a state-space model with adaptive,
content-dependent observation.

Collapsing Q, K, and V removes explicit content-based routing and converts attention into a dynamical memory system
closely related to fast-weight models and Hebbian associative updates. The resulting model emphasizes continuous temporal
integration and efficient long-range aggregation rather than selective retrieval and symbolic addressing. This unification
clarifies why linear attention and modern SSMs share similar scaling properties, streaming behavior, and inductive biases,
while also explaining their limitations in tasks requiring sharp, discrete information routing. From an architectural perspective,
the QKV collapse highlights a continuum between programmable memory (attention) and dynamical systems (SSMs),
reinforcing the view that representational structure, not scale alone, determines the qualitative behavior of sequence models.
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A.2. Additional Synthetic and Vision Results

Figure 3 shows the loss over time for the synthetics tasks. Figure 4 displays sample attention maps. It should be noted that the
attention maps of the KV (Q=K–V) transformer exhibit symmetry around the line y = x. Notable patterns can be observed
within the attention maps. For instance, in the reversing task, the QKV model has learned to take care of the token located at
the flipped index of itself. However, it also allocates some attention to values near the flipped index. This behavior arises
because the model does not require precise, strict attention to solve this problem, but rather benefits from an approximate,
noisy attention map. Figure 5 shows the code to compute and normalize the self attention map, plus visualization of maps.

Figure 3. Loss over time for the synthetics tasks for QKV, Q=K–V and (Q=K–V)+.
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Figure 4. Attention maps over synthetic tasks. Rows from top to bottom: Reverse, Sort, Swap, Sub, and Copy. Columns from left to right:
QKV, Q=K–V, and (Q=K–V)+.

14

Confidential reviewer copy. This manuscript is under double-blind review by ICML 2026. Unauthorized sharing, redistribution, or disclosure is

strictly prohibited.



770
771
772
773
774
775
776
777
778
779
780
781
782
783
784
785
786
787
788
789
790
791
792
793
794
795
796
797
798
799
800
801
802
803
804
805
806
807
808
809
810
811
812
813
814
815
816
817
818
819
820
821
822
823
824

Submission and Formatting Instructions for ICML 2026

Figure 5. Top) Code to compute and normalize the self attention map. Bottom) un-normalized and normalized (right) attention maps.
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Figure 6. Two sets of samples from the anomaly detection dataset, with the first image in each set representing the anomaly.

A.3. Set Anomaly Detection

We aim to apply transformers to sets (i.e. unordered inputs). A model is trained to find the odd one out in a set of ten images,
using CIFAR-100. Nine images are from one class, and one is different. Two sample sets are shown in Figure 6. CIFAR-100
has 60K 32×32 images over 100 classes (600 per class).

To extract high-level, low-dimensional features from the images, we employ a pre-trained ResNet34 model (He et al., 2016b)
pretrained on the ImageNet dataset (Deng et al., 2009). To monitor the training progress and determine when to stop, a
validation set is created. In this scenario, we divide the training set into 90% for training purposes and 10% for validation,
ensuring a balanced distribution across classes.

We define an epoch as a sequence in which each image within the dataset is considered as an “anomaly” exactly once.
Therefore, the length of the dataset is determined by the total number of images it contains. When constructing the training
set, we follow a two-step process. First, we randomly sample a class that is different from the class of the image at the
corresponding index (i.e. getitem (self, idx)). Then, in the second step, we sample 9 images from the newly selected class.

We perform set-level classification by assigning one logit per image and applying softmax across images, ensuring
permutation-equivariant predictions that identify the anomalous image regardless of input order.

In our experiments, we vary the embedding dimension, selecting from the options of 256 and 512. Additionally, we explore
different depths and numbers of heads, choosing values of 2 and 4. We set the learning rate to 5e-4 for all configurations.
We incorporate a dropout rate of 0.1 throughout the model to facilitate regularization. To control the model’s learning rate,
we utilize the CosineWarmupScheduler. We configure the warm-up parameter (set to 100) to gradually initiate the model
training process. Each setting is executed twice for a total of 20 epochs, and the results are subsequently averaged to obtain
reliable performance measurements (see Table 3).
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A.4. Additional LLM Results

This section provides additional visualizations and detailed results for the language modeling experiments described in
Section 3.3. We present comprehensive comparisons of projection sharing variants, head sharing mechanisms, and their
combinations across both 300M and 1.2B parameter scales.

Figures 7 and 8 visualize the core trade-offs between model quality (perplexity) and inference efficiency (KV cache
reduction). Figure 9 synthesizes these results into an efficiency-quality Pareto frontier, demonstrating that projection sharing
and head sharing operate on complementary optimization axes. Figures 10 and 11 show complete training curves, confirming
that quality rankings remain stable throughout training and across model scales. Table 11 provides a comprehensive reference
for all evaluated variants. These visualizations reveal that Q–K=V achieves the best balance between cache reduction and
model quality, while combined approaches like Q-MQA push the efficiency frontier to near-theoretical limits with 96.9%
cache reduction. The consistency of results across scales validates the reliability of our architectural comparisons and
provides confidence in the generalizability of these findings to larger production models.

Figure 7. Projection sharing variants on 300M parameter LLMs trained on 10B tokens. Left: Validation perplexity (lower is better).
Right: KV cache reduction (higher is better). Q–K=V achieves 50% cache reduction with only 3.1% perplexity degradation. KV (Q=K–V)
provides no cache benefit despite 4.8% degradation due to still requiring separate K and V caches. K (Q=K=V) causes catastrophic 25.4%
degradation, making it impractical.

Figure 8. Head sharing and combined approaches on 300M parameter LLMs. Left: Validation perplexity. Right: KV cache reduction.
Orange bars: head sharing only (GQA-4, MQA). Green bars: combined projection + head sharing (Q-GQA-4, Q-MQA). Combined
approaches achieve up to 96.9% cache reduction while maintaining less than 5% perplexity degradation, demonstrating that projection
sharing and head sharing are complementary optimization axes.
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Figure 9. Efficiency-quality Pareto frontier for attention variants. Projection sharing (blue circles) and head sharing (orange triangles)
occupy complementary regions. Combined approaches (green diamonds) achieve the highest cache reductions. The shaded region
indicates practical deployment zone (<5% perplexity degradation). Q–K=V fills the gap between QKV baseline and head-sharing methods,
providing 50% cache reduction with only 3.1% degradation.

Figure 10. Validation curves for 300M parameter models. Left: Validation loss. Right: Validation perplexity over 10B training tokens.
Q–K=V (dark teal) matches baseline QKV (olive) closely on held-out data, achieving 50% cache reduction with only 3.1% perplexity
degradation. Q=K–V (light pink) shows higher validation loss, confirming suboptimal generalization. All head-sharing and combined
variants converge to practical validation performance.
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Figure 11. Validation curves for 1.2B parameter models. Left: Validation loss. Right: Validation perplexity over 8.85B training
tokens. Rankings on held-out data remain consistent with 300M scale. Q–K=V (green) and head-sharing variants track baseline QKV
(gray/brown) closely, while combined approaches (Q-GQA-8, Q-MQA) maintain < 5% degradation with 88-99% cache reduction,
confirming scalability of our findings.

Table 11. Comprehensive summary of all attention mechanism variants evaluated. PE = Positional Encoding. Cache column shows what
must be stored during autoregressive generation. Cache reduction and perplexity degradation were reported for 300M parameter models.

# Notation Projections Cache Cache↓ PPL ∆ Key Insight

Baseline
1 QKV Q, K, V K+V 0% 0% Standard attention

Projection Sharing
2 Q=K-V Q=K, V K+V 0% +4.9% Symmetric, no cache benefit
3 (Q=K-V)+ Q=K, V, +PE K+V 0% — Adds 2D PE for asymmetry
4 Q–K=V Q, K=V K 50% +3.1% 50% Cache reduction (Optimal)
5 Q=K=V Q=K=V K 50% +25.4% Too constrained
6 (Q=K=V)+ Q=K=V, +PE K 50% — PE doesn’t recover quality

Head Sharing (Comparison Baselines)
7 GQA-4 Q, K, V (4 groups) K+V 75% +0.7% 4 groups, 16 heads total
8 MQA Q, K, V (1 head) K+V 93.8% +1.5% Single KV head for all Q

Combined: Projection + Head Sharing
9 Q-GQA-4 Q, K=V (4 groups) K 87.5% +3.9% K=V within each group

10 Q-MQA Q, K=V (1 head) K 96.9% +4.8% K=V on single head

KEY TAKEAWAYS FROM ADDITIONAL RESULTS

The visualizations and comprehensive comparisons in this appendix support several important conclusions:

1. Q–K=V is the clear winner for projection sharing. It achieves 50% cache reduction with only 3.1% perplexity
degradation at 300M scale and 2.48% at 1.2B scale, representing a new point on the efficiency-quality Pareto frontier.

2. Cache reduction, not parameter reduction, drives practical benefits. While all projection sharing variants reduce
parameters, only K=V constraints reduce inference memory. This explains why Q=K–V fails to provide deployment
advantages despite competitive training quality.

3. Projection and head sharing are strictly complementary. Combined approaches achieve 87.5% (Q-GQA-4) to
96.9% (Q-MQA) cache reduction, enabling practical on-device inference for billion-parameter models.

4. Quality rankings remain stable across scales. The relative performance of all variants is consistent from 300M to
1.2B parameters, with larger models showing slightly better robustness to projection constraints.

5. No training instabilities observed. All variants converge smoothly without requiring specialized initialization, learning
rate schedules, or architectural modifications beyond the attention mechanism itself.

These results establish projection sharing as a practical optimization for memory-efficient transformer deployment, particu-
larly for applications requiring long contexts or high throughput in resource-constrained environments.
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