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Abstract001

Token-pruning has emerged as a pivotal focus002
in large language models (LLMs), driven by003
the need to enhance model efficiency while004
preserving accuracy, especially for large se-005
quence lengths. However, the eviction oper-006
ation of token pruning methods causes “holes”007
in KV tensors, posing two major challenges:008
(1) The shift operation required to make the009
KV tensor contiguous results in significant010
copy overheads; (2) The changes in position011
indices due to token eviction leads to increased012
computational requirements for Rotary Posi-013
tional Encoding (RoPE). To address these is-014
sues, we introduce (EQUIP), an EQUivariant015
preserving in-place token update mechanism016
that ensures the equivariance property of the017
operations performed in the attention compu-018
tation. EQUIP offers two fundamental ad-019
vantages: First, it combines eviction and a020
subsequent token insertion into an in-place re-021
placement operation, which reduces the KV022
cache copy overheads significantly. Second,023
EQUIP reduces recomputation of rotation op-024
erations through a combination of in-place up-025
date, caching and a re-indexing strategy. To-026
gether, these optimizations enable EQUIP to027
achieve geomean speedups of 1.62× (or 1.47×)028
on CPU (GPU) over StreamingLLM, and 3.45×029
(or 1.86x) on CPU (GPU) over Heavy Hitters030
(H2O). EQUIP with Paged Attention achieves031
speedups of 4.18x (2.61x) on CPU (GPU) over032
auto-regressive baselines. EQUIP matches the033
model accuracy of baseline pruning methods034
while delivering superior performance.035

1 Introduction036

As Large Language Models (LLMs) (Zhu et al.,037

2023; Wang et al., 2024; Park et al., 2024; Tang038

et al., 2024) grow in size and complexity (Gemini039

Team and Google, 2023; Shoeybi et al., 2019), their040

computational resources and energy consumption041

have escalated. At the same time, the demand for042

processing long sequence lengths is also increas-043

ing. Processing large contexts requires allocation 044

and management of large key-value (KV) caches, 045

further increasing the computational and storage 046

demands of LLMs. 047

These challenges have driven research to- 048

wards optimization techniques such as token- 049

pruning (Zhang et al., 2023a; Ge et al., 2024; Li 050

et al., 2024a; Yang et al., 2024; NVIDIA, 2025i; 051

Feng et al., 2025; Zhang et al., 2024b), which 052

filters out less salient tokens. Pruning in turn re- 053

duces the computational and memory overheads 054

in KV cache updates, enabling longer decode 055

lengths while maintaining accuracy. Further, the re- 056

duced and constant KV cache size allows for larger 057

batch sizes to be processed, resulting in significant 058

throughput improvement as demonstrated in prior 059

works (Xiao et al., 2024b; Zhang et al., 2023b). 060

While these token-pruning methods achieve consid- 061

erable performance gains over baseline methods, 062

they still leave significant performance improve- 063

ment opportunities on the plate. 064

Two major operations in KV Cache management 065

performed by token pruning methods are eviction 066

(of less salient tokens) and insertion of new to- 067

kens. Eviction and insertion are typically imple- 068

mented, respectively, as a KV cache copy operation 069

(with KV cache elements shifted in position due 070

to eviction) and an append operation (for the new 071

token that is inserted). The shift and append opera- 072

tions need repeated memory copy operations which 073

are inefficient. In this context, we make an im- 074

portant observation that in-place update operation 075

preserves equivariance over attention computation 076

operations (e.g., Batch Matrix Multiplication, soft- 077

max and Batch Matrix Multiplication operations). 078

This is similar to the finding in (Kondor and Trivedi, 079

2018) that convolution operation is equivariant to 080

translation. Based on this observation, EQUIP pro- 081

poses to replace the expensive shift and append 082

operations with in-place update allowing equivari- 083

ance property to preserve the computational output. 084



EQUIP implementation achieves the same accu-085

racy as that of the original token-pruning methods,086

while removing much of their overheads. Further087

we note that a key strength of EQUIP lies in its088

broader applicability.089

1. Compatibility with Contemporary Archi-090

tectures: Modern architectures commonly use po-091

sitional encodings such as Rotary Positional En-092

coding (RoPE) (Su et al., 2021) to model word or-093

der. In token-pruning methods (Xiao et al., 2024b;094

Zhang et al., 2023b), token eviction alters the po-095

sitional indices of past tokens, forcing RoPE to be096

recomputed for all affected positions and thereby097

making positional encoding a major source of in-098

ference latency. RoPE computations naturally de-099

compose into static rotated keys (RK) and dynamic100

position IDs. Existing designs typically recompute101

RK for simplicity and to avoid shift-and-append102

operations on RK, resulting in additional compu-103

tational overhead. To fully exploit the benefits of104

token pruning methods while retaining the advan-105

tages of RoPE, we introduce several optimizations106

in EQUIP: (1) caching RK tensors, (2) update107

the new RK value in place of evicted tokens, and108

(3) introduce an inexpensive positional reindexing109

scheme that preserves the same accuracy as the110

original RoPE embeddings.111

2. Applicability to Custom Kernel Custom112

kernels, such as Paged Attention (Kwon et al.,113

2023), frequently encounter challenges in sup-114

porting popular token-pruning techniques, such115

as StreamingLLM (Xiao et al., 2024b) or H2O116

(Zhang et al., 2023b) due to limitations such as the117

non-contiguity in the KV cache allocation (vLLM118

Project, 2025c,e). We demonstrate that these limi-119

tations and scalability obstacles can be effectively120

overcome using our EQUIP approach which con-121

verts evict and insert operations into efficient in-122

place update operations.123

3. Applicability to Different Token-Pruning124

Methods: EQUIP supports both static and dy-125

namic policies and can accommodate variable to-126

ken budgets across layers and handles both contigu-127

ous (sliding-window) (Xiao et al., 2024b) and ran-128

dom (data-driven) eviction patterns (Zhang et al.,129

2023b). Together, these configurations span the130

practical design space of adaptive and hybrid token-131

pruning schemes, allowing the proposed approach132

to integrate with and extend several state-of-the-art133

methods (Li et al., 2024a; Yang et al., 2024).134

4. Applicability in Multi-Token Eviction and135

Insertion: EQUIP extends naturally to multi-token136
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Figure 1: Full-stack enablement with EQUIP.

evictions/updates. This enables supporting spec- 137

ulative decoding (Hemingkx, 2024) and chunked 138

updates in real-time document editing (He et al., 139

2024b). In speculative decoding, multiple tokens 140

are generated speculatively using simpler models, 141

which are then validated in parallel using the origi- 142

nal model, often accepting more than one token in 143

each iteration, thereby requiring simultaneous evic- 144

tions and insertions. Similarly, real-time document 145

or code edits in LLMs, frequently involve multiple 146

deletions and insertions. In these applications, our 147

EQUIP approach can be effectively deployed to 148

achieve higher computational efficiency by reduc- 149

ing KV cache copy overhead. 150

The above discussion on broader applicability 151

of EQUIP establishes its effectiveness in the full- 152

stack enablement of diverse token pruning schemes 153

across different LLM implementations and GeMM 154

kernels, as illustrated in Figure 1. 155

We conduct experimental evaluations to study 156

the impact of EQUIP on the end-to-end in- 157

ference speedup of different pruning methods 158

(StreamingLLM (Ge et al., 2024) and Heavy Hit- 159

ters (Zhang et al., 2023b)) on two different LLM 160

inference engines (Hugging Face (HuggingFace, 161

2024) and vLLM (Kwon et al., 2023)). Our eval- 162

uation demonstrates consistent speedup gains of 163

EQUIP across diverse LLM models and hard- 164

ware. Performance evaluation with (Intel CPUs and 165

AMD InstinctTM MI210 GPUs demonstrates that 166

EQUIP achieves a geomean end-to-end inference 167

speedup of 1.62x on CPUs, and 1.47x on GPU over 168

a strong baseline, namely StreamingLLM (Xiao 169

et al., 2024b). Additionally, EQUIP achieves a 170

speedup of 1.86x over Heavy Hitters (Zhang et al., 171

2023b) and 2.61x speedup over Paged Attention 172

kernels (Kwon et al., 2023) on GPUs. 173



2 Background174

2.1 Attention Computation175

An LLM consists of a sequence of L layers, each176

layer comprising Attention and Multi-Layer Per-177

ceptron (MLP) Blocks. The attention computation178

starts with the current token x, and computes the179

query, key and value vectors as:180

Q = Wq·x; K = Wk·x; V = Wv·x181

where Wq, Wk, and Wv are weight matrices.182

For performing the attention operation (Shazeer,183

2019) for a batch size B and across L layers, the184

K and V matrices become tensors of dimension185

[B,L, n,D], where n is the current context length186

(this includes the prompt length along with the187

total tokens generated so far) and D is the total188

number of hidden dimensions. For a maximum189

context length of N , these tensors can be as large as190

[B,L,N,D]. In multi-head attention, the model’s191

hidden dimension, D, is processed using H parallel192

attention heads, each of size d.193

2.2 Token-pruning Methods194

Deploying LLMs in streaming applications such as195

multi-round dialogue (Zhang et al., 2025) faces a196

significant challenge as the size of the KV cache197

grows in each round, resulting in higher memory198

consumption and copy overhead. Also, LLMs often199

exhibit limited generalization capability for texts200

that exceed pretrained sequence lengths. To address201

these challenges, several recent studies (Li et al.,202

2024a) (Ge et al., 2024) (NVIDIA, 2025i) (Feng203

et al., 2025) (Yang et al., 2024) (NVIDIA, 2025b)204

(Zhang et al., 2024b) (Xiao et al., 2024a) have205

focused on identifying a critical subset of tokens206

that influence output predictions, and retaining the207

subset.208

KV-cache management in StreamingLLM (Ge209

et al., 2024) retains the first s tokens (attention210

sink) and the most recent r tokens. After the ini-211

tial (s + r) tokens, generation of each new token212

requires the eviction of the oldest token (from r213

recent tokens) and appending the new token. The214

compaction of KV-cache (illustrated in Figure 5(a))215

is implemented as a shift-and-append operation216

that copies the entire K and V tensors, skipping217

only the evicted row/column, which incurs substan-218

tial data movement. Further, eviction across multi-219

ple heads increases the complexity of compaction220

by requiring scatter and gather operations (Zhang221

et al., 2023b).222

2.3 Rotary Positional Encoding (RoPE) 223

RoPE operates by applying position-dependent 224

rotations to subspaces of the query (Q) and key 225

(K) vectors before the attention computation. This 226

mechanism effectively encodes both the absolute 227

position of tokens and their relative distances 228

within the sequence. The resulting RoPE- 229

enhanced tensors subsequently serve as inputs to 230

the Scaled Dot-Product Attention (SDPA) mecha- 231

nism. 232
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Figure 2: Rotary position embeddings (RoPE).

RoPE rotational transformation is typically 233

achieved via an operation of the form k′p = kp ⊙ 234

cos(pθ) + rotate_half(kp)⊙ sin(pθ), where ⊙ de- 235

notes element-wise multiplication, p is the posi- 236

tion index of the token and rotate_half(kp) per- 237

mutes feature pairs within kp (details given in Ap- 238

pendix A.2). Figue 2 illustrates the RoPE computa- 239

tion. The key values are cached in the KV cache. 240

The sinusoidal values corresponding to sequence 241

positions are precomputed and stored in a lookup 242

table, and hence do not incur any computation over- 243

head during decode. The Rotate_Half values are 244

computed for each new token. Implementations 245

differ in caching or not caching these Rotate_Half 246

values; the later version requires the Rotate_Half 247

values to be recomputed incurring significant com- 248

putational overhead. 249

Token eviction in the KV cache disrupts the 250

positional integrity of tokens. This necessi- 251

tates the recomputation of positional embeddings 252

(kp ⊙ cos(pθ) and rotate_half(kp) ⊙ sin(pθ)) to 253

maintain the correct mapping between token posi- 254

tions and their corresponding embeddings. Token 255

pruning methods (Xiao et al., 2024b) typically do 256

not cache the results of the Rotate_Half, and hence 257

their positional embeddings must be recalculated 258

for the shifted tokens, leading to increased compu- 259



tational cost. Caching the output of the Rotate_Half260

operation, on the other hand, requires a shift-and-261

append operation on the cached Rotate_Half value262

during token eviction, resulting in copy overhead.263

264

3 Motivation265

We identify two significant bottlenecks associated266

with token-pruning: (1) memory copy overhead re-267

lated to KV Cache Management and (2) additional268

computational requirements associated with RoPE.269

.270

3.1 KV cache Management Efficiency271

Figure 3 reports the normalized end-to-end latency272

of tokens as the sequence length increases1 for273

three different implementations, namely Hugging274

Face, StreamingLLM, and the proposed EQUIP. In275

the first two schemes, the KV cache is copied from276

one iteration to the next. For the token pruning277

approaches (StreamingLLM and EQUIP), we have278

used s = 4 and r = 252. While the end-to-end279

latency increases linearly with the sequence length280

for Hugging Face (HF) , it increases up to n =281

256 and then remains flat for StreamingLLM. This282

illustrates the advantage of token pruning. But283

can we do better?284
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Figure 3: Impact of Efficient KV Management on End-
to-End Inference for Llama2-7B (Batch Size = 32).

In the proposed EQUIP scheme (denoted as285

EQUIP_StrLLM in Figure 3), the shift-and-append286

operation of KV cache is replaced with an in-place287

write for n > 256. As a result, the copy over-288

head incurred in KV cache update is further re-289

duced with EQUIP_StrLLM, resulting in further290

reduction in the end-to-end latency compared to291

StreamingLLM.292

1Details of the experimental platform are presented in
Section 5

3.2 RoPE Computational Efficiency 293

In the baseline implementation (without token prun- 294

ing), as the absolute positions of tokens do not 295

change, the rotated keys (RK) vector remain the 296

same once computed. Hence, the RK vectors can 297

be cached and reused in subsequent token genera- 298

tion. 299

In token-pruning methods (Xiao et al., 2024b; 300

Zhang et al., 2023a), however, new tokens are in- 301

serted into the sequence after evicting certain to- 302

ken(s). This potentially changes the effective po- 303

sitional ids of a subset of tokens, necessitating the 304

re-computation of RoPE. Note that even with the 305

change in positional ids, the Rotate_Half values 306

(RK values) remain the same, can be benefit from 307

caching. However, shift-and-append operation is 308

required in the cached RK values to account for 309

evicted tokens. Further the sinusoidal values corre- 310

sponding to sequence positions need to be element- 311

wise multiplied with the shifted RK values, result- 312

ing in increased computational overhead. 313
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Figure 4 shows the breakup of the end-to-end la- 314

tency in terms of the different computational com- 315

ponents, such as KV cache update, SDPA time, 316

RoPE computation time. We note that while 317

the token pruning method reduces the KV cache 318

management time, the increased RoPE computa- 319

tion time, gives away a significant part of these 320

gains.To recover the lost performance, we propose 321

a smart re-indexing scheme and caching the RK 322

vectors. This approach avoids recompute and shift- 323

and-append, resulting in an overall performance 324

gain of up to 64%. 325

4 Equivariance Preserving 326

UPdate-in-Place (EQUIP) Scheme 327

As discussed in the previous section, token pruning 328

methods implement token eviction and insertion as 329

shift-and-append operations which involve signifi- 330

cant copy overhead, that is incurred in each itera- 331



tion and in each layer, thereby making the decode332

stage even more memory-bound.333

We ask the question, can the key-value corre-334

sponding to the new token written in-place of the335

of evicted token? Will the resulting permuted K336

and V tensors retain the attention computation as337

in the shift-and-append implementation? First, we338

formally define the EQUIP scheme and describe339

the benefits of in-place replacement. Finally, we340

establish the equivalence of the SDPA computation341

under the EQUIP scheme.342

As mentioned earlier, the token-pruning methods343

limit the size of K and V tensors to [B·H,n, d],344

where n = (s + r). The shift-and-append opera-345

tion (as illustrated in Figure 5(a) keeps the tensor346

contiguous and all the dimensions in order. With347

our EQUIP scheme, however, as the new token(s)348

is (are) written in-place (of the evicted) token(s),349

the sequence dimension of the K and V tensors are350

now permuted.351

For illustrative purpose, if we assume a batch352

size B = 1 and number of heads H = 1, then the353

dimensions of K and V tensors become [1, n, d],354

and we can write KT = [k1, k2, · · · , kn], where355

ki is a column vector. With our EQUIP scheme,356

the KT tensor would be [kp1 , kp2 , · · · , kpn ], where357

[p1, p2, · · · pn] is a permutation of [1, 2, · · · , n]. In358

case of StreamingLLM (Xiao et al., 2024b) which359

retains s initial tokens (attention sink) and r re-360

cent tokens, and n = (s + r), [p1, p2, · · · ps] =361

[1, 2, · · · s] and [ps+1, · · · , pn] is a cyclic permu-362

tation of [(n− r + 1), · · · , n]. For H2O (Zhang363

et al., 2023b), the permutation does not have any364

specific structure as the position of the retained to-365

kens depends on the saliency of the tokens. We re-366

fer to the tensors obtained using the EQUIP scheme367

as permuted (more specifically, permuted in the se-368

quence dimension) tensors, and denote them as369

P (K) and P (V ).370

4.1 Benefits of EQUIP in KV cache Update371

Let N be the maximum sequence length. In the372

baseline implementation (without attention sinks),373

the K and V tensors grow upto [B·H,N, d]. The374

number of copy operations involved for generating375

N Token in the KV cache update is
∑N

n=1 2B ·H ·376

n ·d ≈ B ·H ·N2 ·d. In the token-pruning methods,377

the K and V tensors are limited [B·H,n, d], where378

n = (s+ r). The KV cache update, implemented379

as a shift-and-append operation, incurs B ·H ·r2 ·d.380

Our EQUivariant preserving (EQUIP) scheme381

considers each of the K and V tensors as logi-382

cally partitioned into two parts, one that is unmodi- 383

fied from the previous iteration and another where 384

the in-place write is performed. In case of the 385

StreamingLLM (Xiao et al., 2024b), only one to- 386

ken and hence one column of K and V tensors are 387

written in-place in each iterations. For H2O, upto 388

n columns can be rewritten in each iteration. With 389

this, the copy overhead for the generation of N 390

tokens for K and V tensors reduces by a factor of 391

r to (B·H·r·d). 392
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4.2 Benefits of EQUIP in RoPE 393

In the context of token-pruning as tokens gets 394

evicted, the absolute positions associated with the 395

Key vectors keep changing (with the shift-and- 396

append operation) as new tokens are generated. 397

Figure 5 depicts the transformed positions of to- 398

kens after two tokens are evicted using the attention 399

pruning mechanism. 400

RoPE operations within the context of streaming 401

algorithms comprise two essential steps: (1) look- 402

ing up precomputed positional encodings based on 403

the positional IDs corresponding to the current se- 404

quence of length n, followed by (2) element-wise 405

multiplication of the retrieved positional encod- 406

ings with Key vectors. As part of the indexing 407

step, for the different positional IDs, we look up 408

the corresponding position encoding vectors, effec- 409

tively yielding encodings of dimensions [1, 1, n, d]. 410

These positional encodings are then broadcasted 411

for elementwise operations with the Key tensors, 412

shaped [B,H, n, d]. The complexity of element- 413

wise multiplication for a single iteration remains 414

to be B ×H × n × d. Rather than physically re- 415



arranging cached token representations to enforce416

ordered positional IDs, EQUIP preserves the origi-417

nal, potentially permuted positional IDs associated418

with tokens (as shown in part (b) of Figure 5 in the419

cache to achieve equivalent element-wise multipli-420

cation results).421

Our empirical results show that the efficiency422

of element-wise operations in RoPE (as shown423

in Figure 5(a)) has negligible performance dif-424

ference with that of permuted index (as shown425

in Figure 5(b)). Traditional approaches either re-426

compute rotate_half from the key cache on every427

token or cache rotate_half but still pay the cost428

of shift-and-append to keep the cache contiguous.429

EQUIP eliminates both costs with in-place update.430

4.3 Putting it together: EQUIP with RoPE431

Figure 6 illustrates the original token-pruning pro-432

cess and the transformed data flow using EQUIP.433

The top box (1) indicates the standard initial projec-434

tion of Q, K, and V values (same as in the original435

approach). The next box (2) performs EQUIP’s436

in-place update of K and V . This overwrites the437

evicted entries in Kcache and Vcache with the new K438

and V .The box marked “Rotate Half Compute” (4)439

computes R = RotateHalf(K) for the new key440

only, and the following box performs an in-place441

update of RK in the RotateHalf cache represented442

as RKcache. Box marked (5) demonstrates inplace443

update of RotateHalf. The box marked “Reindex-444

ing PositionIds” (3) maintains logical position IDs445

to reflect the permuted order of tokens in the EQUIP446

KV cache. These IDs are then used to gather447

cos / sin from precomputed RoPE tables. Using448

the reindexed position IDs together with Kcache449

and RotateHalf cache, RoPE embeddings (6) are450

computed as451

RoPEK = Kcache ⊙ cos θ + RKcache ⊙ sin θ,452

which are then used in the SDPA computation (7).453

The corresponding code implementations are pre-454

sented in Appendix C.455

4.4 Scalability with Custom Kernels456

Extending frameworks like vLLM to robustly han-457

dle operations like shift and append for specialized458

caching strategies introduces significant implemen-459

tation overhead for KV Eviction whose kernels460

are not mature. Since EQUIP allows for an in-461

place update, one could streamline the logic re-462

quired to identify the precise target block_id and463
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block_offset within a paged KV cache for incoming 464

key-value pairs. This allows for an in-place write 465

operation, thereby obviating the need for explicit 466

data shifting or complex append logic that might 467

otherwise be required if not using or when cus- 468

tomizing Paged Attention mechanisms. As demon- 469

strated in the code presented in Figures 18, we inte- 470

grated the in-place update approach into the vLLM 471

Paged Attention benchmark to validate its feasibil- 472

ity of an inplace update. This method eliminates 473

the development overhead associated with custom 474

kernel implementations for managing cache evic- 475

tion and update strategies in scenarios involving 476

attention sinks. 477

4.5 Operation Level Equivalence with EQUIP 478

479

With our EQUIP scheme, the K and V tensors 480

are permuted in the sequence dimension. We use 481

the notation Pi(K) and Pi(V ) to denote that the 482

tensor’s ith dimension2 are permuted. We use the 483

following definition of equivariant, which is similar 484

to (Kondor and Trivedi, 2018). 485

Definition 1 A function is said to be permutation 486

equivariant if its output preserves the permutation. 487

That is, if f(Pi(K)) = Pi(f(K)). 488

Lemma 1 Softmax computation is permutation 489

equivariant. That is, softmax(Pi(K)) = 490

Pi(softmax(K)). 491

Lemma 2 If the columns of matrix B are permuted 492

in A × B, then the resulting value is same as 493

permuting the result matrix A × B using the same 494

permutation. That is A × P2(B) = P2(A × B) 495

2We count the dimension from left to right.



Next, we establish that the result A × B is496

same if the columns of A matrix and the rows of497

B matrix are permuted using the same permute498

function.499

Lemma 3 A × B = P2(A) × P1(B)500

Finally we show that our EQUIP approach which501

permutes the K and V tensor results in the same502

attention output as the shift-and-append approach.503

Attention (Q,K, V ) = Attention504

(Q,P2(K), P2(V )).505

Appendix B presents the proof for Lemmas and506

Theorem 1.507

5 Experimental Results508

We evaluate EQUIP for end-to-end inference509

throughput on a 60-core Intel Xeon Platinum510

8490H Sapphire Rapid (SPR) server with 768 GB511

RAM and MI210 GPUs (128 GB RAM). All exper-512

iments use Python 3.10 and PyTorch 2.6.0+cu124.513

Transformer models and tokenization use Hugging514

Face Transformers v4.34.0. We evaluate against515

Paged Attention (v1 - the default implementation)516

of vLLM v0.8.3. CPU experiments run on Ubuntu517

22.04.5 LTS with transparent hugepages enabled;518

we use opensource OneDNN (Intel Corporation,519

2024). GPU experiments use the ROCm 5.7 driver520

stack.521

We compare two versions of EQUIP, one on522

top of StreamingLLM and another on H2O. We523

refer to these versions as EQUIP_StrLLM and524

EQUIP_H2O respectively. Before we present525

the performance results, we validated EQUIP’s in-526

place update mechanism preserves the same model527

accuracy as the baseline token-pruning method.528

5.1 EQUIP Performance on CPU Server529

5.1.1 Impact of Cache Size, Batch Size and530

Sequence Length531

Figure 7a reports the end-to-end inference532

speedup achieved with EQUIP (normalized w.r.t.533

StreamingLLM performance) for different Llama534

models.3 We observe a geomean speedup of 1.62x535

over StreamingLLM and 4.48x over H2O. Note536

the end-to-end performance of H2O is poor com-537

pared StreamingLLM due to the scatter-gather op-538

eration introduced by token eviction. Our in-place539

update completely eliminates this overhead, mak-540

ing EQUIP_H2O performance competitive with541

EQUIP_StrLLM. The performance improvements542

3The performance on GPTj6B and GPT20B show similar
trend and are presented in presented in Appendix D

achieved by EQUIP increase with larger KV cache 543

size. This is because the computational overheads 544

for the shift-and-append operations increase for 545

both the KV cache update and RoPE computation. 546

Figure 7b demonstrates the sensitivity of infer- 547

ence performance to batch size across different 548

LLM models. As the batch size increases, the KV 549

cache update overheads increase proportionally in 550

StreamingLLM and H2O. Similarly, the computa- 551

tional requirements of RoPE also scale with batch 552

size. In contrast, in EQUIP, the computational re- 553

quirements of KV cache and RoPE update are kept 554

constant (proportional to the number of evicted to- 555

kens), leading to higher performance benefits of 556

EQUIP with larger batch size. We report the 557

impact of sequence length (at a batch size of 8) in 558

Figure 8a. EQUIP_StrLLM achieves a geomean 559

speedup of 1.35x and 1.58x over StreamingLLM. 560

5.1.2 Impact of Individual Optimizations 561

Figure 8b shows the breakup in performance 562

gains due to in-place update in KV cache man- 563

agement and RoPE operations for Llama2 30B 564

model. While both optimizations individually re- 565

sult in reasonable performance gains, collectively 566

they achieve significant speedup (1.50x – 1.64x) 567

over the baseline StreamingLLM for BS=16. 568

5.1.3 Scalability Results on Multi-Instance 569

and Multi-core Implementation 570

Our experimental results reveal that 571

EQUIP_StrLLM achieves considerable speedup 572

(1.25x – 1.7x) over StreamingLLM (details 573

presented in Appendix D) even when multiple 574

concurrent instances of the inference engines were 575

run on all 60 cores of the SPR server. Further, 576

EQUIP_H2O achieves a sustained performance 577

improvement of 2.35x on Llama2-7B (BS=8, 578

cache size=512) across core counts 16, 32, 48 and 579

60. 580

5.2 EQUIP Performance on GPU 581

Figure 9 presents the end-to-end performance of 582

EQUIP on the MI210 GPU across various KV 583

cache sizes and sequence lengths. The performance 584

gains range from 1.33x – 1.73x. Table 1 demon- 585

strates the performance gains of EQUIP with H2O 586

on GPUs. 587

Figure 9b reports the speedup achieved by in- 588

dividual optimizations. They are comparable, al- 589

though the contribution due to KV cache copy over- 590

head is a bit higher. 591
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Table 1: EQUIP_H2O Speedup over H2O for different
KV cache sizes on MI210 GPU (Batch Size=8, Seq.
Length=2048).

Model KV cache Size (s+ r)
512 768 1024

Llama 2-7B 1.61 1.90 1.96
Llama 2-13B 1.89 1.99 2.04

5.3 vLLM integration and Comparison592

Using our EQUIP approach, we implemented593

StreamingLLM on Paged Attention kernels. With-594

out the EQUIP approach, it is difficult to implement595

token-pruning approaches in Paged Attention ker-596

nels, and no such implementation exist as stated in597

(vLLM Project, 2025e). The performance of our598

implementation, referred to as EQUIP_Str_vLLM,599

on Llama 2-7B model is depicted in Figure 10Note600

that EQUIP_Str_vLLM uses pruned KV cache601

while vLLM uses the full KV cache. On SPR CPU, 602

the throughput of our EQUIP_Str_vLLM improves 603

by a factor of up to 7.44x and 16.58x (over vLLM) 604

for sequence lengths of 4K and 16K and at a batch 605

size of 32. On MI-210 GPU, EQUIP_Str_vLLM 606

achieves performance gains in the range 1.47x – 607

7.24x over the auto-regressive Paged Attention. 608
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Appendix D presents additional experimental 609

results on different LLM models, multi-token evic- 610

tion, and detailed accuracy results. 611

6 Conclusion 612

Existing token-pruning methods incur inefficien- 613

cies in KV cache updates and and RoPE com- 614

putations. We introduce a simple EQUivariant 615

preserving (EQUIP) scheme that transforms to- 616

ken eviction and insertion operations into an in- 617

place replacement, reducing the KV cache mem- 618

ory management cost significantly. Second, we 619

present three optimizations (caching RK tensors, 620

in-place update, and reindexing) that improve the 621

efficiency of RoPE computations. Together, these 622

contributions significantly enhance the efficiency 623

of long-context inference, resulting in significant 624

improvement in end-to-end inference throughput. 625

We demonstrate that the proposed EQUIP tech- 626

nique exhibits broader applicability, across diverse 627

pruning models and LLM implementations. 628



7 Limitations629

Caching rotated keys (RK) introduces additional630

memory overhead. However, due to token pruning,631

this overhead remains bounded and is limited to at632

most 1.5× that of traditional methods. In memory-633

constrained environments, RoPE cache optimiza-634

tion can be disabled. Some token pruning methods635

such as SnapKV, use pooling operations that de-636

pend strictly on positional indices. While EQUIP637

can be applied across different token-pruning meth-638

ods, doing so may require developing custom pool-639

ing functions tailored to their position-dependent640

behaviors. Finally, the performance gains from641

our approach are modest at small batch sizes, and642

sequence lengths. For models that do not require643

RoPE (such as OPT), the gains will be limited to644

KV cache speedup with in-place update.645
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A Background 1056

A.1 Attention Computation 1057

An LLM consists of a sequence of L layers, each 1058

layer comprising Attention and Multi-Layer Per- 1059

ceptron (MLP) Blocks. The attention computation 1060

starts with the current token x, and computes the 1061

query, key and value vectors as: 1062

Q = Wq·x; K = Wk·x; V = Wv·x 1063

where Wq, Wk, and Wv are weight matrices. 1064

QUERY
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Figure 11: Scaled dot-product attention (SDPA).

For performing the attention operation (Shazeer, 1065

2019) for a batch size B and across L layers, the 1066

K and V matrices become tensors of dimension 1067

[B,L, n,D], where n is the current context length 1068

(this includes the prompt length along with the 1069

total tokens generated so far) and D is the total 1070

number of hidden dimensions. For a maximum 1071

context length of N , these tensors can be as large 1072

as [B,L,N,D]. 1073

In multi-head attention, the model’s hidden di- 1074

mension, D, is processed using H parallel attention 1075

heads. Each head operates on query Q, key K and 1076

value V vectors that are projected to a dimension d. 1077

These parameters are typically chosen such that the 1078

overall hidden dimension D is equal to the number 1079

of heads H multiplied by the dimension per-head 1080

d ("i.e.," D = H · d), which implies d = D/H . 1081

The Q, K, and V vectors are reshaped to merge 1082

the H heads with the batch size B. For each indi- 1083

vidual layer of L, the dimension of Q,K, V vec- 1084

tor becomes [B·H, 1, d] while the k and v tensors 1085

corresponding to the (n-1) tokens so far are of di- 1086

mension [B·H,n− 1, d]. The concatenation of 1087

KV matrix with vector results in [B·H,n, d]. The 1088

batch matrix multiplication of (Q·KT ) results in a 1089

squeezed tensor of shape [B ·H, 1, n]. The second 1090

operation associated with Scaled Dot-Product At- 1091

tention (SDPA). (SDPA) is element-wise softmax, 1092

where the contracted tensor remains as [B·H, 1, n]. 1093
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In the final step (refer to Figure 11), the softmax1094

outputs are batch multiplied with V , resulting in1095

[B·H, 1, d].1096

The self-attention computation for the (n+1)-th1097

token relies on the Key (K) and Value (V) tensors1098

computed from the previous n tokens. To elim-1099

inate redundant calculations, the key-value (KV)1100

cache mechanism (Ge et al., 2023) efficiently stores1101

these tensors, allowing fast retrieval during subse-1102

quent token computations. Although implementa-1103

tion specifics differ across inference systems (Hug-1104

gingFace, 2024; Aminabadi et al., 2022; Kwon1105

et al., 2023), the fundamental operation of updating1106

the cache with K and V tensors typically results1107

either in data movement and memory management1108

overhead or involves custom kernel implementa-1109

tions to optimize performance.1110

A.2 Rotary Positional Encoding (RoPE)1111

RoPE has emerged as a prevalent technique for in-1112

corporating positional information in transformer1113

architectures. It operates by applying position-1114

dependent rotations to subspaces of the query (Q)1115

and key (K) vectors before the attention compu-1116

tation. This mechanism effectively encodes both1117

the absolute position of tokens and their relative1118

distances within the sequence. As illustrated in1119

Figure 2, these rotations, often derived from pre-1120

computed sinusoidal values corresponding to se-1121

quence positions ("e.g.," for n positions across d1122

dimensions), are applied element-wise to the Q and1123

K tensors. The resulting RoPE-enhanced tensors1124

subsequently serve as inputs (input1, input2 and1125

input3) as in Figure 11 to the Scaled Dot-Product1126

Attention (SDPA) mechanism.1127

RoPE rotational transformation is typically1128

achieved via an operation of the form k′p = kp ⊙1129

cos(pθ) + rotate_half(kp)⊙ sin(pθ), where ⊙ de-1130

notes element-wise multiplication, p is the position1131

index of the token and rotate_half(kp) permutes1132

feature pairs within kp.1133

For example, if1134

kp = [kp,1, kp,2, . . . , kp,d−1, kp,d],1135

then1136

rotate_half(kp) = [−kp,2, kp,1, . . . ,−kp,d, kp,d−1],1137

under the assumption that d is even.1138

The positional scaling factors cos(pθ) and1139

sin(pθ) depend on the position p and are typically1140

precomputed for all positions up to a maximum se- 1141

quence length. For a given position p, these factors 1142

form vectors of shape [1, d], where d is the feature 1143

dimension per attention head. 1144

To apply RoPE to the keys for a token at a par- 1145

ticular position index p, the corresponding slice of 1146

the Key tensor, which is a [1, d] vector, is broadcast 1147

across the batch (B) and head (H) dimensions to 1148

match the [B,H, 1, d] shape of the Key vector for 1149

the element-wise multiplication. This operation 1150

over n tokens results in an output tensor of dimen- 1151

sions [B,H, n, d]. In the RoPE computation, the 1152

right part of Figure 2 (which computes the elements 1153

multiplication with p.Sin(θ)) will be referred to 1154

as rotate-half part, while the left part will be re- 1155

ferred to as the straight part. The k tensor for the 1156

straight part is anyway stored in the KV cache. The 1157

rotate part, which requires the d dimensional vec- 1158

tor to be rotated and appropriately negated in the 1159

even positions, is performed on the fly during the 1160

RoPE computation. As we will demonstrate later, 1161

this operation (rotate-half(kp)) incurs significant 1162

computational cost. 1163
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Figure 12: StreamingLLM: Evict-and-Insert imple-
mented as shift-and-append Operations.

A.3 Token-pruning Methods 1164

Deploying LLMs in streaming applications such 1165

as multi-round dialogue faces (Zhang et al., 2025) 1166

significant challenge as the size of KV cache grows 1167

in each round. This results in even higher memory 1168

consumption and copy overhead. Also LLMs often 1169

exhibit limited generalization capability for texts 1170

that exceed pretrained sequence lengths. To ad- 1171

dress these challenges, several recent studies have 1172

focused on identifying a critical subset of tokens 1173

that influence output predictions. The key tokens 1174

are identified using metrics like attention weights 1175

or gradient scores. We focus on two major token- 1176

pruning schemes, viz., StreamingLLM (Xiao et al., 1177

2024b) and H2O (Zhang et al., 2023b). 1178

Figure 15 illustrates a key-value (KV) cache 1179
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management strategy employing fixed attention1180

sinks (of size s) alongside a rolling buffer for recent1181

tokens (of size r). As each new token is generated,1182

it is appended to this buffer, while the oldest token1183

(apart from the initial attention sinks) is evicted.1184

Thus, after the initial set of (s+ r) token, the size1185

of the K and V tensors are limited to the dimension1186

[B·H, (s + r), d]. Managing the KV cache after1187

eviction involves one of the following computation-1188

ally expensive strategies.1189

(1) KV cache Management with shift-and-append:1190

In this method, token eviction is implemented as1191

a copy operation of the entire K and V tensors,1192

leaving out the evicted row/column. Additionally1193

an append operation for insertion of the new token1194

introduces another memory allocation and copying1195

overhead. This approach is implemented by Hug-1196

gingface (HuggingFace, 2024).1197

(2) KV cache Management with RoPE: Token evic-1198

tion in the key-value (KV) cache introduces frag-1199

mentation, which disrupts the positional integrity1200

of tokens. Specifically, when tokens are evicted1201

and the remaining tokens are shifted, the positional1202

indices associated with each token are altered. This1203

necessitates the recomputation of positional em-1204

beddings, such as those used in Rotary Positional1205

Embedding (RoPE) schemes, to maintain the cor-1206

rect mapping between token positions and their1207

corresponding embeddings. In scenarios where the1208

intermediate results of the Rotate_Half operation1209

are not cached, each positional embedding must1210

be recalculated for the shifted tokens, leading to1211

increased computational cost. While it is possible1212

to cache the output of the Rotate_Half operation for1213

every key in the cache, this approach still requires a1214

shift-and-append operation on the cache whenever1215

a token is evicted.1216

H2O implementation of a dynamic key-value1217

(KV) cache pruning strategy considers both recent1218

local tokens and global contextual information to1219

manage cache entries. The cache capacity, denoted1220

as n, is defined by the sum of a predefined number1221

of H2O entries (HH) and recent entries (r). When1222

the total length of KV entries surpasses this capac- 1223

ity n, the top HH H2O are identified based on 1224

their saliency scores. Figure 13 specifically demon- 1225

strates the eviction mechanism, where these top 1226

HH H2O and r recent tokens are prioritized for 1227

retention within its defined capacity n. 1228

Dynamic token-pruning is implemented by 1229

boolean masks containing the top HH H2O to- 1230

kens. The masks make use of gather operations to 1231

copy the desired KV cache entries (HuggingFace, 1232

2024), incurring allocation and copy overheads. 1233

While state of the art inference serving sys- 1234

tems (vLLM) (Kwon et al., 2023) supports win- 1235

dow attention (Mis, 2025), their extension to 1236

token-pruning schemes is an actively explored 1237

project which is under progress (vLLM Project, 1238

2025e). The presence of attention sinks compli- 1239

cates the solution. Handling custom Paged Atten- 1240

tion without impacting performance poses signifi- 1241

cant challenges and hence vLLM does not support 1242

StreamingLLM or other token-pruning techniques 1243

(vLL, 2025) (vLLM Project, 2025e) (vLLM 1244

Project, 2025c). 1245

B Proof for Operation Level Equivalence 1246

with EQUIP 1247

In this section we establish the operation level 1248

equivalence of our EQUIP approach for attention 1249

computation. Specifically, we show that the re- 1250

sults computed by the Scaled Dot-Product Atten- 1251

tion (SDPA) operations remain same across shift- 1252

and-append and our EQUIP. We then extend the 1253

proof for RoPE and attention masks. To make the 1254

section self-contained, we repeat the definitions, 1255

lemmas and theorem. 1256

B.1 SDPA Equivalence 1257

With our EQUIP scheme, the K and V tensors 1258

are permuted in the sequence dimension. We use 1259

the notation Pi(K) and Pi(V ) to denote that the 1260

tensor’s ith dimension4 are permuted. 1261

We use the following definition of equivariant, 1262

which is similar to (Kondor and Trivedi, 2018). 1263

Definition 1 A function is said to be permutation 1264

equivariant if its output preserves the permutation. 1265

That is, if f(Pi(K)) = Pi(f(K)) 1266

Lemma 1 Softmax computation is permutation 1267

equivariant. That is, 1268

Softmax(Pi(K)) = Pi(Softmax(K)) 1269

4We count the dimension from left to right.
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Proof: The Softmax computation of K = [kb,i,j ],1270

for b ∈ [1, B·H], i ∈ [1, n] and j ∈ [1, d] along1271

the second dimension is defined as:1272

Softmax(K) = [zb,i,j ],where1273

1274

zb,i,j =
ekb,i,j∑d
j=1 e

xb,i,j
1275

It is easy to see that the denominator in the RHS1276

expression of zb,i,j is unaffected when the second1277

dimension of K are permuted. Thus the zb,i,j com-1278

puted without permutation is same as zpi,j . Hence1279

Softmax of K under EQUIP is same as that com-1280

puted under the shif-and-append approach, except1281

that the second dimensions are permuted. Thus1282

Softmax(Pi(K)) = Pi(Softmax(K)).1283

Next we show that permutation equivariance un-1284

der matrix multiplication w.r.t. the columns of the1285

second operand.1286

Lemma 2 If the columns of matrix B are permuted1287

in A × B, then the resulting value is same as1288

permuting the result matrix A × B using the same1289

permutation. That is A × P2(B) = P2(A × B)1290

Proof: Consider two matrices A ∈ Rm×n and1291

B ∈ Rn×k. Their product C = A × B is defined1292

as:1293

Ci,j =

n∑
k=1

Ai,k ·Bk,j (1)1294

With the columns of B permuted (denoted by1295

Bk,pj , where pj represents the permuted position1296

of the jth column), the RHS of A × P2(B) com-1297

putes
∑n

k=1Ai,k · Bk,pj , which is Ci,pj . Thus1298

A × P2(B) = P2(A × B)1299

Finally, we establish that the result A × B is1300

same if the columns of A matrix and the rows of1301

B matrix are permuted using the same permute1302

function and they are multiplied with each other.1303

Lemma 3

A × B = P2(A) × P1(B) 1304

Proof: Let C ′
i,j represent the (i, j) of the product 1305

P2(A)× P1(B). Then 1306

C ′i, j =
n∑

k=1

Ai,pk ·Bpk,j = Ci,j (2) 1307

This merely changes the order in which the ele- 1308

ments are accumulated, leaving the overall result 1309

unchanged. 1310

Finally we show that our EQUIP approach which 1311

permute the K and V tensor to avoid the copy 1312

overhead results in the same attention output as the 1313

shift-and-append approach. We note here that our 1314

EQUIP approach permutes the K and V tensors in 1315

the second dimension in the same way. Hence the 1316

permutation operation P2 is same for both. 1317

Theorem 1 Attention (Q,K, V ) = Attention 1318

(Q,P2(K), P2(V ) 1319

Proof: With our EQUIP approach, both the K and 1320

V tensors are permuted in the sequence dimension, 1321

i.e., P2(K) and P2(V ). The attention computation 1322

performed is: 1323

Attention(Q, P2(K), P2(V )) =
(
Softmax

(
Q×(P2(K))T√

C′

))
×P2(V )

(3) 1324

In the SDPA computation, the first dimension 1325

of Q,K and V tensors is for batch size and 1326

number of heads. In the batched matrix mul- 1327

tiplication KT results in a tensor of dimension 1328

[B·H, d, n]. Hence (P2(K))T permutes the se- 1329

quence dimension or dimension 3 in the transposed 1330

matrix. Thus (P2(K))T = (P3(K
T ). Thus the 1331

first term in the attention computation becomes 1332

Q × P3(K
T ). From Lemma 2, we can rewrite 1333

this as P3(Q × KT ). Lemma 1, establishes 1334

Softmax(P3(Q×KT )) = P3(Softmax(Q×KT ). 1335

Finally when P3(Softmax(Q × KT ) is multi- 1336

plied with P2(V ), from Lemma 3, the result is 1337

same as 1338

Softmax(Q × KT ) × V, 1339

as the accumulation is done on third and second 1340

dimensions of K and V tensors, respectively. . 1341

We now illustrate the actual dimension and per- 1342

muted rows/columns of the tensors in the SDPA 1343

computation. 1344(
Softmax

(Q × (P2(K))T√
C ′

))
× P2(V ) (4) 1345



1346

= Softmax
(QBH,1,d × KT

BH,d,p(n)√
C ′

)
× VBH,p(n),d

(5)1347

This can be rewritten as:1348

= Softmax
(QKT

BH,1,p(n)√
C ′

)
× VBH,p(n),d (6)1349

Substituting Q × KT as W , we get1350

= Softmax
(WBH,1,p(n)√

C ′

)
× VBH,p(n),d (7)1351

If applying Softmax on W and performing element-1352

wise normalization result in a new matrix1353

= SBH,1,p(n) × VBH,p(n),d = SVBH,1,d (8)1354

Theorem 1 establishes that the result of the1355

SDPA computation5 performed after the in-place1356

update is identical to that obtained by the token-1357

pruning methods with the shift-and-append opera-1358

tion.1359

We proved in Theorem 1 that for any consistent1360

permutation P2 of the sequence axis,1361

Attention(Q,K, V ) = Attention
(
Q,P2(K), P2(V )

)
(9)1362

B.2 RoPE Equivalence1363

We now extend the proof of equivalence for SDPA1364

computation with RoPE. Figure 15 depicts the1365

RoPE computation implementation in EQUIP.1366
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Lemma 4 For tensors A and B of the same shape1367

and a permutation P2 applied along the sequence1368

axis,1369

P2(A+B) = P2(A) + P2(B)1370
5Note: While the proof is presented for Multi-Head At-

tention (MHA), its underlying assumptions naturally extend
to Multi-Query Attention (MQA), General-Query Attention
(GQA), and Multi-Latent Attention (MLA).

Proof RoPE-transformed key vector for a single 1371

token as the sum of two components: 1372

RoPE(k) = k′ = k′1 + k′2, (10) 1373

where 1374

k′1 = k⊙cos(pθ), k′2 = rotate_half(k)⊙sin(pθ).
(11) 1375

(Here ⊙ denotes element-wise product and p is the 1376

logical position index.) 1377

Because P2 permutes only the sequence axis and 1378

is applied identically to K and V , the equivariance 1379

of attention in Eq. (9) applies to each linear com- 1380

ponent individually: 1381

Attention
(
Q,P2(k

′
1), P2(V )

)
= Attention

(
Q, k′1, V

)
,

(12)
1382

Attention
(
Q,P2(k

′
2), P2(V )

)
= Attention

(
Q, k′2, V

)
.

(13)
1383

Using Lemma 4 and summing the two equalities 1384

establish equation 9. 1385

Assumptions for RoPE equivalence 1386

The per-position RoPE coefficients cos(θ), sin(θ) 1387

must be re-indexed correctly under P2 (equiva- 1388

lently, rotation coefficients are indexed by logical 1389

position as described in Figure 5 ). 1390

B.3 Attention Mask and Attention Bias 1391

(ALiBI) Equivalence 1392

From Eq. (9) we now extend to masked attention. 1393

Define masked attention 1394

Attention(Q,K, V,M) = Softmax
(QK⊤

√
d

+M
)
V,

(14) 1395

where M is a mask tensor. We claim 1396

Theorem 2

Attention
(
Q,K, V,M

)
= 1397

Attention
(
Q,P2(K), P2(V ), P2(M)

)
, (15) 1398

where P2(M) denotes the mask permuted by P2 1399

Proof Let L = (QK⊤)/
√
d. Permuting K by 1400

P2 permutes the sequence dimension of L. From 1401

Lemma 4 1402

P2(L+M) = P2(L) + P2(M). 1403

Softmax applied along the key axis is equivariant 1404

to column permutations: 1405

Softmax
(
P2(X)

)
= P2

(
Softmax(X)

)
1406



when P2 permutes columns of X . Hence1407

Softmax
(
P2(L+M)

)
= Softmax

(
P2(L)+P2(M)

)
1408

1409

= P2

(
Softmax(L+M)

)
.1410

Multiplying by P2(V ) and using the permutation1411

properties of matrix multiplication yields Eq. (15).1412

C Pseudocode1413

1 def apply_rotary_pos_emb_single(x,cos ,sin ,
reindex_position_ids ):

2 cos_seq = cos.squeeze (1). squeeze (0)
# Squeeze the first 2 dimensions that are 1 [seq_len ,dim]

3 sin_seq = sin.squeeze (1). squeeze (0)
# Squeeze the first 2 dimensions that are 1 [seq_len ,dim]

4 cos_gathered = cos_seq[reindex_position_ids ].unsqz (1)
# Gather along position_ids [bs, 1, seq_len , dim]

5 sin_gathered = sin_seq[reindex_position_ids ].unsqz (1)
# Gather along reindex_position_ids ids [bs ,1,seq_len ,dim]

6 x_embed = (x * cos_gathered) +
(cached_rotate_half * sin_gathered)

7 return x_embed

Figure 16: RoPE computation with EQUIP.

1 def equip(K_Cache ,V_Cache ,Cache_Rotate_half ,evict_index ,
K,v):

2 K_Cache[evict_index:evict_index +1] = k #key
3 V_Cache[evict_index:evict_index +1] = v #value
4 Cache_Rotate_half[evict_index:evict_index +1] =

rotate_half(k) #key

Figure 17: EQUIP update.

def inplace_update_streaming_cache(token_id: int ,
block_size: int ,
block_tables: torch.Tensor ,
key_cache: torch.Tensor ,
value_cache: torch.Tensor ,
keys: torch.Tensor ,
values: torch.Tensor)
-> None:

1 # block index and offset Computation
# for the token position

2 block_idx = token_id // block_size
3 offset = token_id % block_size
4 # Map logical block index to physical block index
5 physical_block_idx = block_tables [0, block_idx ].item()
6 # Destination key and value cache slices for

#in-place update
7 dest_key = key_cache[physical_block_idx , offset]
8 dest_value = value_cache[physical_block_idx , offset]
9 # Source key and value vectors to be copied into

cache
10 src_key = keys [0]
11 src_value = values [0]
12 # in-place update of the cached key and value for

# StreamingLLM
13 dest_key.copy_(src_key)
14 dest_value.copy_(src_value)

Figure 18: StreamingLLM KV Update ( Preprocessing
step for Paged Attention Kernels).

D Performance of EQUIP under Other 1414

Scenarios 1415

D.1 Scalability across models 1416

Table 2 presents the speedup of EQUIP_H2O over 1417

H2O for GPT-J and GPT-NeoX across a range of 1418

sequence lengths and cache sizes. 1419

Table 2: EQUIP Speedup - Sequence Length=2048,
Batch Size=8.

Seq len=1024 Seq len=2048
Cache
Size

gptj gpt neox gptj gpt neox

6B 20B 6B 20B
512 1.25x 1.27x 1.45x 1.41x
768 1.28x 1.30x 1.52x 1.43x

D.2 Comparison with different pruning 1420

methods 1421

We compare the attention speedup across different 1422

pruning methods. For batch size 128, sequence 1423

length 1024, and cache size 512, EQUIP demon- 1424

strates scalability across models and token pruning 1425

techniques (refer to Table 3). 1426

Table 3: EQUIP Attention Speedup on MI210
- Sequence Length=1024, Batch Size=128, Cache
Size=512.

Models
EQUIP
StrLLM

EQUIP
LagKV

EQUIP
SnapKV

Llama 2 7B 7.42 4.06 2.89
OPT 13B 5.58 3.36 1.80

D.3 Multi-Instance and Multi-Core Scaling 1427

Our experimental results reveal that equip_StrLLM 1428

achieves considerable speedup (1.25x – 1.7x) over 1429

StreamingLLM even when multiple concurrent in- 1430

stances of the inference engines were run on all 60 1431

cores of the SPR server. Further, equip_H2O 1432

achieves a sustained performance improvement 1433

of 2.35x on Llama2-7B (BS=8, cache size=512) 1434

across core counts 16, 32, 48 and 60. 1435

D.4 Impact of NoPE 1436

How well does EQUIP perform in models (such 1437

as OPT) that do not have positional encoding? For 1438

this, we conduct experiments with RoPE (Rotary 1439

Positional Encoding) disabled in Llama models. 1440

This configuration, termed No Positional Encoding 1441



(NOPE), was applied to the baseline model (uti-1442

lizing StreamingLLM) and our EQUIP framework1443

(equip_StrLLM). Table 4 presents the speedup re-1444

sults for a sequence length of 2048 under this NoPE1445

condition. The findings demonstrate that EQUIP’1446

efficient KV cache update mechanism contributes1447

to improved performance even in the absence of1448

RoPE and increases with the pruned cache size.1449

Table 4: EQUIP Speedup with NoPE on MI210 (Se-
quence Length=2048, Batch Size=8).

Models KV cache Size (s+ r)
512 768 1024

Llama 2 7B 1.182 1.253 1.284
Llama 2 13B 1.216 1.295 1.326

D.5 Multiple Evictions and Insertions1450

Many real-time and streaming scenarios require to1451

evict and insert several KV entries at once ("e.g.,"1452

in Speculative Decoding (Chen et al., 2025) and1453

in real-time code edits (He et al., 2024c)). Hence1454

we evaluated EQUIP under this scenario, where1455

multiple evict-and-insert are implemented as in-1456

place update. In this experiment, we measured1457

the KV cache update latency for the two prun-1458

ing schemes –H2O and StreamingLLM – across1459

a range of batch sizes, attention heads, and head1460

dimensions. In all experiments, we fixed the1461

pruned cache capacity ((s + r)) at 1024 entries1462

and evicted 64 tokens per generation step. Table 51463

reports the resulting speedups of EQUIP over the1464

respective baseline kernels. Across configurations,1465

EQUIP consistently achieves considerable acceler-1466

ation (3.29x – 39.90x for H2O and 3.58x – 50.58x1467

for StreamingLLM) on both CPU and GPU. We an-1468

ticipate that these gains will translate to significant1469

speedups in end-to-end latencies as well.1470

Table 5: KV Update Speedup with EQUIP on MI210
and SPR (Cache size =1024, Evict=64 tokens).

Batch Heads Head Speedup over H2O Speedup over StrLLM
Size Size on MI210 on SPR on MI210 on SPR

1 64 64 3.29 11.62 3.95 26.54
1 64 128 8.22 27.32 4.07 36.04
1 128 64 8.79 19.36 3.58 27.65
8 64 64 8.13 35.73 4.53 47.94
8 64 128 8.04 38.12 6.00 46.67
8 128 64 8.67 39.90 7.35 45.04
32 64 64 6.98 39.75 6.69 50.58
32 64 128 10.7 31.43 8.40 47.34

1471

D.6 Overhead with Re-Indexing 1472

We clarify that neither SDPA computation nor KV 1473

updates in EQUIP incur any reindexing overhead. 1474

Reindexing is only required when: (1) complex 1475

saliency metrics demand access to adjacent posi- 1476

tional indices, or (2) gathering cosine/sine parame- 1477

ters for RoPE. 1478

We also evaluate the efficiency of Rotary Posi- 1479

tional Encoding (RoPE) under standard contigu- 1480

ous positional indices and several non-contiguous 1481

indexing schemes induced by EQUIP KV cache 1482

management. The index patterns considered are: 1483

(1) contiguous indices, as in sliding-window atten- 1484

tion; (2) random but shared non-contiguous indices 1485

that are consistent across all sequences in a batch; 1486

and (3) random batching, where non-contiguous 1487

indices vary independently for each sequence in 1488

the batch. 1489

Our empirical results show that RoPE’s com- 1490

putational efficiency is effectively invariant to the 1491

choice of index pattern. Profiling indicates that 1492

the dominant cost lies in the element-wise rotary 1493

operations, rather than in the index-dependent re- 1494

trieval of positional parameters. In particular, the 1495

gather operations required to fetch parameters for 1496

scattered indices account for less than 3% of the 1497

total RoPE execution time. 1498

Table 6: Efficiency of RoPE with EQUIP. All values
are normalized to the contiguous-index baseline.

BS Heads Seq Len Contig. Rand.Bat. Rand

1 32 4096 1.00 0.91 0.96
1 32 16384 1.00 1.01 0.99
1 64 4096 1.00 1.02 0.99
1 64 16384 1.00 1.01 0.99

32 32 4096 1.00 1.00 1.00
32 32 16384 1.00 0.99 1.00
32 64 4096 1.00 1.00 1.01
32 64 16384 1.00 0.96 0.97
128 32 4096 1.00 1.04 1.00
128 32 16384 1.00 1.00 1.04
128 64 4096 1.00 1.01 1.00
128 64 16384 1.00 1.02 1.10

geo-mean 1.00 1.00 0.99

1499

D.7 Accuracy 1500

EQUIP in-place update mechanism inherently pre- 1501

serves the same model accuracy as the base- 1502

line token-pruning method. Our experiments on 1503

LLAMA 7B and 13B demonstrate exact perplexity 1504

parity and token match for all generated tokens. At 1505



Figure 19: Llama2-7B Perplexity.

layer-wise precision for FP32/BF16, maximum de-1506

viations are less than 10−9 at SDPA and less than1507

10−5 at ROPE outputs; deviations arise solely from1508

accumulation-order rounding.1509
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