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Abstract
Token-pruning has emerged as a primary focus
in large language models (LLMs) to enhance
model efficiency while preserving accuracy, es-
pecially for large sequence lengths. However,
the eviction operation of token-pruning meth-
ods causes “holes” in KV tensors, posing two
major challenges: (1) The shift operation, re-
quired to make the KV tensor contiguous, re-
sults in significant copy overheads; (2) The
changes in position indices due to token evic-
tion lead to increased computational require-
ments for Rotary Positional Encoding (RoPE).
To address these issues, we introduce EQUIP,
an EQUivariant preserving in-place token up-
date mechanism that ensures the equivariance
property of the operations performed in the at-
tention computation. EQUIP offers two fun-
damental advantages: First, it combines evic-
tion and a subsequent token insertion into an
in-place replacement operation, which reduces
the KV cache copy overheads significantly. Sec-
ond, EQUIP reduces recomputation of rotation
operations through a combination of in-place
update, caching and a re-indexing strategy. To-
gether, these optimizations enable EQUIP to
achieve geomean speedups of 1.62× (or 1.47×)
on CPU (GPU) over StreamingLLM, and 3.45×
(or 1.86×) on CPU (GPU) over Heavy Hitters
(H2O). EQUIP with Paged Attention achieves
speedups of 4.18×(2.61×) on CPU (GPU) over
auto-regressive baselines. EQUIP matches the
model accuracy of baseline pruning methods
while delivering superior performance.

1 Introduction
As Large Language Models (LLMs) (Zhu et al.,
2023; Wang et al., 2024; Park et al., 2024; Tang
et al., 2024) grow in size and complexity (Gemini
Team and Google, 2023; Shoeybi et al., 2019), their
computational resources and energy consumption
have escalated. At the same time, the demand for
processing long sequence lengths is also increas-
ing. Processing large contexts requires allocation

and management of large key-value (KV) caches,
further increasing the computational and storage
demands of LLMs.

These challenges have driven research towards
optimization techniques such as token-pruning tech-
niques (Zhang et al., 2023; Xiao et al., 2024; Li
et al., 2024a; Yang et al., 2024; NVIDIA, 2025i;
Feng et al., 2025; Zhang et al., 2024), which
filter out less salient tokens. Pruning in turn re-
duces the computational and memory overheads in
KV cache updates, enabling longer decode lengths
while maintaining accuracy. Further, the reduced
and fixed KV cache size (independent of the se-
quence length) allows for larger batch sizes to be
processed, resulting in significant throughput im-
provement as demonstrated in prior works (Xiao
et al., 2024; Zhang et al., 2023). While these token-
pruning methods achieve considerable performance
gains over baseline methods, they still leave signif-
icant performance improvement opportunities on
the plate.

Two major operations in KV cache management
performed by token-pruning methods are eviction
(of less salient tokens) and insertion of new to-
kens. Eviction and insertion are typically imple-
mented, respectively, as a KV cache copy operation
(with KV cache elements shifted in position due
to eviction) and an append operation (for the new
token that is inserted). The shift and append opera-
tions need repeated memory copy operations which
are inefficient. In this context, we make an im-
portant observation that in-place update operation
preserves equivariance over attention computation
operations (e.g., Batch Matrix Multiplication, soft-
max and Batch Matrix Multiplication operations).
This is similar to the finding in (Kondor and Trivedi,
2018) that convolution operation is equivariant to
translation. Based on this observation, EQUIP pro-
poses to replace the expensive shift and append op-
erations with in-place update allowing equivariance
property to preserve the computational output.
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EQUIP implementation achieves the same accu-
racy as that of the original token-pruning methods,
while removing much of their overheads. Further,
we note that a key strength of EQUIP lies in its
broader applicability as identified below.

1. Compatibility with Contemporary Archi-
tectures: Modern architectures commonly use po-
sitional encodings such as Rotary Positional Encod-
ing (RoPE) (Su et al., 2021) to model word order.
In token-pruning methods (Xiao et al., 2024; Zhang
et al., 2023), token eviction alters the positional in-
dices of past tokens, forcing RoPE to be recomputed
for all affected positions and thereby making posi-
tional encoding a major source of inference latency.
RoPE computations naturally decompose into static
rotated keys (RK) and dynamic position IDs. Exist-
ing designs typically recompute RK for simplicity
and to avoid shift-and-append operations on RK,
resulting in additional computational overhead. To
fully exploit the benefits of token-pruning methods
while retaining the advantages of RoPE, we intro-
duce three optimizations in EQUIP: (1) caching
RK tensors, (2) update the new RK value in place of
evicted tokens, and (3) introduce an inexpensive po-
sitional reindexing scheme that preserves the same
accuracy as the original RoPE embeddings.

2. Applicability to Custom Kernels Cus-
tom kernels, such as Paged Attention (Kwon
et al., 2023), frequently encounter challenges in
supporting popular token-pruning techniques, such
as StreamingLLM (Xiao et al., 2024) or H2O
(Zhang et al., 2023) due to limitations such as the
non-contiguity in the KV cache allocation (vLLM
Project, 2025d,e). We demonstrate that these limi-
tations and scalability obstacles can be effectively
overcome using our EQUIP approach, which con-
verts evict and insert operations into efficient in-
place update operations.

3. Applicability to Different Token-Pruning
Methods: EQUIP supports both static and dy-
namic policies and can accommodate variable to-
ken budgets across layers and handle both contigu-
ous (sliding-window) (Xiao et al., 2024) and ran-
dom (data-driven) eviction patterns (Zhang et al.,
2023). Together, these configurations span the prac-
tical design space of adaptive and hybrid token-
pruning schemes, allowing the proposed approach
to integrate with and extend several state-of-the-art
methods (Li et al., 2024a; Yang et al., 2024).

4. Applicability in Multi-Token Eviction and
Insertion: EQUIP extends naturally to multi-token
evictions/updates. This enables supporting spec-
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Figure 1: Full-stack enablement with EQUIP.

ulative decoding (Xia et al., 2024) and chunked
updates in real-time document editing (He et al.,
2024b). In speculative decoding, multiple tokens
are generated speculatively using simpler models,
which are then validated in parallel using the origi-
nal model, often accepting more than one token in
each iteration, thereby requiring simultaneous evic-
tions and insertions. Similarly, real-time document
or code edits in LLMs frequently involve multiple
deletions and insertions. In these applications, our
EQUIP approach can be effectively deployed to
achieve higher computational efficiency by reduc-
ing KV cache copy overhead.

The above discussion on broader applicability
of EQUIP establishes its effectiveness in the full-
stack enablement of diverse token-pruning schemes
across different LLM implementations and GeMM
kernels, as illustrated in Figure 1.

We conduct experimental evaluations to study
the impact of EQUIP on the end-to-end in-
ference speedup of different pruning methods
(StreamingLLM (Xiao et al., 2024) and Heavy Hit-
ters (Zhang et al., 2023)) on two different LLM infer-
ence engines (Hugging Face (HuggingFace, 2024)
and vLLM (Kwon et al., 2023)). Our evaluation
demonstrates consistent speedup gains of EQUIP
across diverse LLM models and hardware. Per-
formance evaluation with Intel CPUs and AMD1,
InstinctTM MI210 GPUs demonstrates that EQUIP
achieves a geomean end-to-end inference speedup
of 1.62× on CPUs, and 1.47× on GPU over a strong
baseline, namely StreamingLLM (Xiao et al., 2024).
Additionally, EQUIP achieves a speedup of 1.86×
over Heavy Hitters (Zhang et al., 2023) and 2.61×
speedup over Paged Attention kernels (Kwon et al.,
2023) on GPUs.

1AMD, AMD InstinctTM MI210, and AMD ROCmTM are
trademarks of Advanced Micro Devices, Inc. © 2026 Ad-
vanced Micro Devices, Inc.
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2 Background
2.1 Attention Computation
An LLM consists of a sequence of L layers, each
layer comprising Attention and Multi-Layer Per-
ceptron (MLP) Blocks. The attention computation
starts with the current token x, and computes the
query, key and value vectors as:

Q = Wq·x; K = Wk·x; V = Wv·x

where Wq, Wk, and Wv are weight matrices.
For performing the attention operation (Shazeer,

2019) for a batch size B and across L layers, the
K and V matrices become tensors of dimension
[B,L, n,D], where n is the current context length
(this includes the prompt length along with the total
tokens generated so far) and D is the total num-
ber of hidden dimensions. For a maximum con-
text length of N , these tensors can be as large as
[B,L,N,D]. In multi-head attention, the model’s
hidden dimension (D), is processed using H par-
allel attention heads, each of size d. Additional
details are provided in appendix A.

2.2 Token-pruning Methods
Deploying LLMs in streaming applications such as
multi-round dialogue (Zhang et al., 2025a) results
in higher memory consumption and copy overhead
as the size of KV cache grows in each round. Also,
LLMs often exhibit limited generalization capabil-
ity for texts that exceed pretrained sequence lengths.
To address these challenges, several recent studies
(Li et al., 2024a) (Xiao et al., 2024) (NVIDIA,
2025i) (Feng et al., 2025) (Yang et al., 2024)
(NVIDIA, 2025b) (Zhang et al., 2024) (Xiao et al.,
2025) have focused on identifying a critical subset
of tokens that influence output predictions in each
iteration and retaining only those tokens in the KV
Cache.

KV cache management in StreamingLLM (Xiao
et al., 2024) retains the first s tokens (attention sink)
and the most recent r tokens. After the initial (s+r)
tokens, generation of each new token requires the
eviction of the oldest token (from r recent tokens)
and appending the new token. The compaction
of KV cache (illustrated in Figure 5(a)) is imple-
mented as a shift-and-append operation that copies
the entire K and V tensors, which incurs substan-
tial data movement. Further, implementing eviction
across multiple heads requires scatter and gather
operations (Zhang et al., 2023) which increases the
complexity and associated overheads.

2.3 Rotary Positional Encoding (RoPE)
RoPE operates by applying position-dependent
rotations to subspaces of the query (Q) and key
(K) vectors before the attention computation. This
mechanism effectively encodes both the absolute
position of tokens and their relative distances within
the sequence. The resulting RoPE-enhanced ten-
sors subsequently serve as inputs to the Scaled
Dot-Product Attention (SDPA) mechanism.
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Figure 2: Rotary position embeddings (RoPE).

RoPE rotational transformation is typically
achieved via an operation of the form k′p =
kp ⊙ cos(pθ) +Rotate_Half(kp)⊙ sin(pθ), where
⊙ denotes element-wise multiplication, p is the
position index of the token and Rotate_Half(kp)
permutes feature pairs within kp (details given
in Appendix A.2). Figure 2 illustrates the
RoPE computation. Rotate_Half values, multi-
plied element-wise by sin(pθ), yield RK values
(RK1,RK2, . . . ,RKn). The key values are cached
in the KV cache. The sinusoidal values correspond-
ing to sequence positions are precomputed and
stored in a lookup table, and hence do not incur
any computation overhead during decode. The Ro-
tate_Half values are computed for each new token.
Implementations differ in caching or not caching
these Rotate_Half values; the latter version requires
the Rotate_Half values to be recomputed incurring
significant computational overhead.

Token eviction in the KV cache disrupts the
positional integrity of tokens. This necessitates
the recomputation of positional embeddings (kp ⊙
cos(pθ) and Rotate_Half(kp) ⊙ sin(pθ)) to main-
tain the correct mapping between token positions
and their corresponding embeddings. Token prun-
ing methods (Xiao et al., 2024) typically do not
cache the results of the Rotate_Half, and hence
their positional embeddings must be recalculated
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for the shifted tokens, leading to increased computa-
tional cost. We quantify this overhead in section 3.
Caching the output of the Rotate_Half operation,
on the other hand, requires a shift-and-append oper-
ation on the cached Rotate_Half value during token
eviction, resulting in copy overhead.

3 Motivation

We identify two significant bottlenecks associated
with token-pruning: (1) memory copy overhead
related to KV cache Management and (2) additional
computational requirements associated with RoPE.

3.1 KV cache Management Efficiency

Figure 3 reports the normalized end-to-end latency
of tokens as the sequence length increases2 for three
different implementations, namely Hugging Face,
StreamingLLM, and the proposed EQUIP. In the
first two schemes, the KV cache is copied from
one iteration to the next. For the token-pruning
approaches (StreamingLLM and EQUIP), we have
used s = 4 and r = 252. While the end-to-end
latency increases linearly with the sequence length
for Hugging Face (HF), it increases up to n = 256
and then remains flat for StreamingLLM. This illus-
trates the advantage of token-pruning which keeps
the size of KV cache fixed. But can we do better?
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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 as
EQUIP_StrLLM in Figure 3), the shift-and-append
operation of KV cache is replaced with an in-place
write for n > 256. As a result, the copy over-
head incurred in KV cache update is further re-
duced with EQUIP_StrLLM, resulting in further
reduction in the end-to-end latency compared to
StreamingLLM.

2Details of the experimental platform are presented in Sec-
tion 5

3.2 RoPE Computational Efficiency
In the baseline implementation (without token-
pruning), as the absolute positions of tokens do
not change, the rotated keys (RK) vector remains
the same once computed. Hence, both K’ and RK
vectors can be cached and reused in subsequent
token generation.

In token-pruning methods (Xiao et al., 2024;
Zhang et al., 2023), however, new tokens are in-
serted into the sequence after evicting certain to-
ken(s). This potentially changes the effective po-
sitional ids of a subset of tokens, necessitating the
re-computation of RoPE. Note that even with the
change in positional ids, the Rotate_Half values
(RK values) remain the same, can benefit from
caching. However, shift-and-append operation is
required in the cached RK values to account for
evicted tokens. Further, the sinusoidal values corre-
sponding to sequence positions need to be element-
wise multiplied with the shifted RK values, result-
ing in increased computational overhead.
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Figure 4: Breakup of End-to-End Inference Time for
Batch Size = 16,Cache Size (s+ r)=256.

Figure 4 shows the breakup of the end-to-end la-
tency in terms of the different computational com-
ponents, such as KV cache update, SDPA time,
RoPE computation time. We note that while the
token-pruning method reduces the KV cache man-
agement time, the increased RoPE computation
time, gives away a significant part of these gains. To
recover the lost performance, we propose a smart re-
indexing scheme and caching the RK vectors. This
approach avoids recompute and shift-and-append,
resulting in an overall performance gain of up to
64%.

4 Equivariance Preserving
UPdate-in-Place (EQUIP) Scheme

As discussed in the previous section, token-pruning
methods implement token eviction and insertion as
shift-and-append operations which involve signifi-
cant copy overhead, that is incurred in each iteration
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and in each layer, thereby making the decode stage
even more memory-bound.

We ask the question, can the key-value corre-
sponding to the new token be written in-place of
the evicted token? Will the resulting permuted K
and V tensors preserve the attention computation as
in the shift-and-append implementation? First, we
formally define the EQUIP scheme and describe
the benefits of in-place replacement. Finally, we
establish the equivalence of the SDPA computation
under the EQUIP scheme.

As mentioned earlier, the token-pruning meth-
ods limit the size of K and V tensors to [B·H,n, d],
where n = (s + r). The shift-and-append opera-
tion (as illustrated in Figure 5(a) keeps the tensor
contiguous and all the dimensions in order. With
our EQUIP scheme, however, the new token(s) is
(are) written in-place (of the evicted) token(s) as
shown in 5(b). This makes the sequence dimension
of the K and V tensors to be permuted.

For illustrative purpose, if we assume a batch
size B = 1 and number of heads H = 1, then the
dimensions of K and V tensors become [1, n, d],
and we can write KT = [k1, k2, · · · , kn], where
ki is a column vector. With our EQUIP scheme,
the KT tensor would be [kp1 , kp2 , · · · , kpn ], where
[p1, p2, · · · pn] is a permutation of [1, 2, · · · , n]. In
case of StreamingLLM (Xiao et al., 2024) which
retains s initial tokens (attention sink) and r re-
cent tokens, and n = (s + r), [p1, p2, · · · ps] =
[1, 2, · · · s] and [ps+1, · · · , pn] is a cyclic permu-
tation of [(n− r + 1), · · · , n]. For H2O (Zhang
et al., 2023), the permutation does not have any spe-
cific structure as the position of the retained tokens
depends on the saliency of the tokens. We refer
to the tensors obtained using the EQUIP scheme
as permuted (more specifically, permuted in the
sequence dimension) tensors, and denote them as
P (K) and P (V ).

4.1 Benefits of EQUIP in KV cache Update
Let N be the maximum sequence length. In the
baseline implementation (without attention sinks),
the K and V tensors grow up to [B·H,N, d]. The
number of copy operations involved for generating
N Token in the KV cache update is

∑N
n=1 2B ·H ·

n ·d ≈ B ·H ·N2 ·d. In the token-pruning methods,
the K and V tensors are limited [B·H,n, d], where
n = (s+r). The KV cache update, implemented as
a shift-and-append operation, incurs B ·H · r2 · d.

Our EQUivariant preserving (EQUIP) scheme
considers each of the K and V tensors as logi-

cally partitioned into two parts, one that is unmodi-
fied from the previous iteration and another where
the in-place write is performed. In case of the
StreamingLLM (Xiao et al., 2024), only one to-
ken and hence one column of K and V tensors are
written in-place in each iteration. For H2O, up to
n columns can be rewritten in each iteration. With
this, the copy overhead for the generation of N to-
kens for K and V tensors reduces by a factor of r
to (B·H·r·d).
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Figure 5: Key Values and Position Index in
StreamingLLM with EQUIP.

4.2 Benefits of EQUIP in RoPE
In the context of token-pruning as tokens get
evicted, the absolute positions associated with the
Key vectors keep changing (with the shift-and-
append operation) as new tokens are generated. Fig-
ure 5 depicts the transformed positions of tokens
after two tokens are evicted using the attention prun-
ing mechanism for StreamingLLM and EQUIP.

RoPE operations in the context of streaming al-
gorithms comprise of two essential steps: (1) look-
ing up precomputed positional encodings based on
the positional IDs corresponding to the current se-
quence of length n, followed by (2) element-wise
multiplication of the retrieved positional encod-
ings with Key vectors. As part of the indexing
step, for the different positional IDs, we look up
the corresponding position encoding vectors, effec-
tively yielding encodings of dimensions [1, 1, n, d].
These positional encodings are then broadcasted
for elementwise operations with the Key tensors,
shaped [B,H, n, d]. The complexity of element-
wise multiplication for a single iteration remains
to be B ×H × n × d. Rather than physically re-
arranging cached token representations to enforce
ordered positional IDs, EQUIP preserves the origi-
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nal, potentially permuted positional IDs associated
with tokens (as shown in part (b) of Figure 5 in
the cache to achieve equivalent element-wise mul-
tiplication results). The permuted position IDs are
stored explicitly (negligible overhead), and apply-
ing RoPE with those IDs to the permuted K layout
yields exactly the same transformed keys as after a
physical reordering.

Our empirical results show that the element-wise
operations in RoPE (shown in Figure 5(a)) has neg-
ligible performance difference from permuted index
(as shown in Figure 5(b)). Traditional approaches
either recompute Rotate_Half from the key cache
for each token generation or cache Rotate_Half but
still pay the cost of shift-and-append to keep the
cache contiguous. EQUIP eliminates both costs
with in-place update.

4.3 Putting it together: EQUIP with RoPE
Figure 6 illustrates the original token-pruning pro-
cess and the transformed data flow using EQUIP.
We explain each step in the dataflow shown in
the right side of Figure 6. The top box ① in-
dicates the standard initial projection of Q, K,
and V values (same as in the original approach).
The next box ② performs EQUIP’s in-place up-
date of K and V . This overwrites the evicted en-
tries in Kcache and Vcache with the new K and V .
The box marked “Rotate_Half Compute” ④ com-
putes R = Rotate_Half(K) for the new key only,
and the following box performs an in-place update
of RK in the Rotate_Half cache represented as
RKcache. Box marked ⑤ demonstrates in-place up-
date of Rotate_Half. The box marked “Reindexing
PositionIds” ③ maintains logical position IDs to re-
flect the permuted order of tokens in the equip KV
cache. These IDs are then used to gather cos / sin
from precomputed RoPE tables. Using the rein-
dexed position IDs together with Kcache and Ro-
tate_Half cache, RoPE embeddings ⑥ are computed
as

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

which are then used in the SDPA computation ⑦.
The corresponding code implementations are pre-
sented in Appendix B.

4.4 Scalability with Custom Kernels
Extending frameworks like vLLM to robustly han-
dle operations like shift and append for specialized
caching strategies introduces significant implemen-
tation overhead for KV Eviction whose kernels are
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Figure 6: Token-pruning flow and transformations with
EQUIP.

not mature. Since EQUIP allows for an in-place
update, one could streamline the logic required to
identify the precise target block_id and block_offset
within a paged KV cache for incoming key-value
pairs. This allows for an in-place write operation,
thereby obviating the need for explicit data shifting
or complex append logic that might otherwise be
required when customizing Paged Attention mech-
anisms. As demonstrated in the code presented in
Figures 16 (Appendix B, we integrated the in-place
update approach into the vLLM Paged Attention
benchmark to validate the feasibility of in-place
updates. This method eliminates the development
overhead associated with custom kernel implemen-
tations for managing cache eviction and update
strategies in scenarios involving attention sinks.

4.5 Operation Level Equivalence with EQUIP
With our EQUIP scheme, the K and V tensors
are permuted in the sequence dimension. We use
the notation Pi(K) and Pi(V ) to denote that the
tensor’s ith dimension3 are permuted. We use the
following definition of equivariant, which is similar
to (Kondor and Trivedi, 2018).
Definition 1. A function is said to be permutation
equivariant if its output preserves the permutation.
That is, if f(Pi(K)) = Pi(f(K)).
Lemma 1. Softmax computation is permuta-
tion equivariant. That is, softmax(Pi(K)) =
Pi(softmax(K)).
Lemma 2. If the columns of matrixB are permuted
in A × B, then the resulting value is the same as
permuting the result matrix A × B using the same
permutation. That is A × P2(B) = P2(A × B)

3We count the dimension from left to right.
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Next, we establish that the result A × B is same
if the columns ofAmatrix and the rows ofB matrix
are permuted using the same permute function.

Lemma 3. A × B = P2(A) × P1(B)

Finally we show that our EQUIP approach which
permutes the K and V tensor results in the same
attention output as the shift-and-append approach.

Theorem 1. Attention (Q,K, V ) = Attention
(Q,P2(K), P2(V )).

Appendix C presents the proof for Lemmas and
Theorem 1.

5 Experimental Results

We evaluate EQUIP for end-to-end inference
throughput on a 60-core Intel Xeon Platinum 8490H
Sapphire Rapids (SPR) server with 768 GB RAM
and MI210 GPUs (128 GB RAM). All experi-
ments use Python 3.10 and PyTorch 2.6.0+cu124.
Transformer models and tokenization use Hugging
Face Transformers v4.34.0. We evaluate against
Paged Attention (v1 - the default implementation)
of vLLM v0.8.3. CPU experiments run on Ubuntu
22.04.5 LTS with transparent hugepages enabled;
we use opensource OneDNN (Intel Corporation,
2024). GPU experiments use the ROCm 5.7 driver
stack.

We compare two versions of EQUIP, one on
top of StreamingLLM and another on H2O. We
refer to these versions as EQUIP_StrLLM and
EQUIP_H2O respectively. Before we present the
performance results, we validated that EQUIP’s
in-place update mechanism preserves the model
accuracy of the baseline token-pruning method.

5.1 EQUIP Performance on CPU Server
5.1.1 Impact of KV cache Size, Batch Size and

Sequence Length
Figure 7a reports the end-to-end inference
speedup achieved with EQUIP (normalized w.r.t.
StreamingLLM performance) for different Llama
models.4 We observe a geomean speedup of
1.62× over StreamingLLM and 4.48× over H2O.
Note the end-to-end performance of H2O is poor
compared to StreamingLLM due to the scatter-
gather operation introduced by token eviction.
Our in-place update completely eliminates this
overhead, making EQUIP_H2O performance

4The performance on GPTj6B and GPT20B show a similar
trend and are presented in Appendix D

competitive with EQUIP_StrLLM. The perfor-
mance improvements achieved by EQUIP increase
with larger KV cache size. This is because the
computational overheads for the shift-and-append
operations increase for both the KV cache update
and RoPE computation.

Figure 7b demonstrates the sensitivity of infer-
ence performance to batch size across different
LLM models. As the batch size increases, the
KV cache update overheads increase proportionally
in StreamingLLM and H2O. Similarly, the com-
putational requirements of RoPE also scale with
batch size. In contrast, in EQUIP, the computa-
tional requirements of KV cache and RoPE update
are kept constant (proportional to the number of
evicted token(s) in each iteration), leading to higher
performance benefits of EQUIP with larger batch
size. We report the impact of sequence length (at
a batch size of 8) in Figure 8a. EQUIP_StrLLM
achieves a geomean speedup of 1.35× and 1.58×
over StreamingLLM.

5.1.2 Impact of Individual Optimizations
Figure 8b shows the breakup in performance gains
due to in-place update in KV cache management
and RoPE operations for Llama2 30B model. While
both optimizations individually result in reasonable
performance gains, collectively they achieve signif-
icant speedup (1.50× – 1.64×) over the baseline
StreamingLLM for BS=16.

5.1.3 Scalability Results on Multi-Instance
and Multi-core Implementation

Our experimental results reveal that
EQUIP_StrLLM achieves considerable speedup
(1.25× – 1.7×) (details presented in Appendix D)
over StreamingLLM even when multiple con-
current instances of the inference engines were
run on all 60 cores of the SPR server. Further,
EQUIP_H2O achieves a sustained performance
improvement of 2.35× on Llama2-7B (BS=8,
cache size=512) across core counts 16, 32, 48 and
60.

5.2 EQUIP Performance on GPU

Figure 9 presents the end-to-end performance of
EQUIP on the MI210 GPU across various KV
cache sizes and sequence lengths. The perfor-
mance gains range from 1.33× – 1.73×. Table 1
demonstrates the performance gains of EQUIP with
H2O on MI210 GPUs is similar.
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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

Figure 9b reports the speedup achieved by in-
dividual optimizations. They are comparable, al-
though the contribution due to KV cache copy over-
head is a bit higher.

5.3 vLLM integration and Comparison
Using our EQUIP approach, we implemented
StreamingLLM on Paged Attention kernels. With-
out the EQUIP approach, it is difficult to implement
token-pruning approaches in Paged Attention ker-

nels, and no such implementation exists as stated in
(vLLM Project, 2025e). The performance of our
implementation, referred to as EQUIP_Str_vLLM,
on Llama 2-7B model is depicted in Figure 10. Note
that EQUIP_Str_vLLM uses pruned KV cache
while vLLM uses the full KV cache. On SPR CPU,
the throughput of our EQUIP_Str_vLLM improves
by a factor of up to 7.44× and 16.58× (over vLLM)
for sequence lengths of 4K and 16K and at a batch
size of 32. On MI-210 GPU, EQUIP_Str_vLLM
achieves performance gains in the range 1.47× –
7.24× over the auto-regressive Paged Attention.
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Figure 10: EQUIP_str_vllm speedup over Auto-
regressive Paged Attention on Llama2 7B.

Appendix D presents additional experimental re-
sults on different Llama models, multi-token evic-
tion, and detailed accuracy results.

5.4 EQUIP under Multi-token Eviction and
Speculative Decoding

We evaluate EQUIP integrated with StreamingLLM
under a speculative decoding setup. Using Llama 2-
7B with RoPE disabled on Intel SPR with specu-
lation length γ=8 and acceptance probability 0.6,
EQUIP achieves wall-clock speedups of 1.47×
(BS=8, cache=768) to 1.67× (BS=16, cache=1024)
over StreamingLLM with speculative decoding. We
report speedup results for multi-token eviction (Ta-
ble 6) which corroborate well with speculative de-
coding results.

26310



5.5 Performance for Smaller Batch Size and
Sequence Lengths

The performance gains of EQUIP are modest at
small batch sizes, and sequence lengths. At small
batch sizes (BS=1 or 2), MLP computation time
dominates over attention computation and KV
cache update, limiting the observable speedup. Sim-
ilarly, token-pruning kicks in only after the initial
(s+r) tokens are generated, and benefits of EQUIP
accrue only when the sequence length grows well
past (s + r). As batch size and sequence length
increase, KV cache copy and RoPE recomputation
become the dominant bottlenecks, and EQUIP’s
in-place updates achieve progressively larger gains.

Table 2 reports the speedup of EQUIP over
StreamingLLM for cache size (s + r) = 756
on Llama 2-7B (Intel SPR), illustrating the tran-
sition from MLP-dominated to memory-movement-
dominated execution.

Table 2: EQUIP_StrLLM speedup over StreamingLLM
(Llama 2-7B, cache size (s+ r)=756, Intel SPR).

Seq=1024 Seq=1536 Seq=2048 Seq=4096
BS=1 1.037 1.065 1.067 1.07
BS=4 1.042 1.116 1.152 1.209
BS=8 1.147 1.486 1.899 2.45

5.6 Accuracy Preservation
EQUIP preserves exact numerical parity with the
underlying token-pruning method. We validated
this using the perplexity metric on long sequences
where token eviction is actively occurring. Table 9
reports perplexity for StreamingLLM and EQUIP
on Llama 2-7B across different cache configura-
tions; the values are identical, confirming that the
in-place update introduces no accuracy degrada-
tion. At the layer level, maximum deviations are
less than 10−9 at SDPA and less than 10−5 at RoPE
outputs (see Figure 19 in Appendix). On ARC-
Easy under a streaming setup (Llama 2-7B, 1024
samples, 78,349 tokens, cache size=512), EQUIP
and StreamingLLM achieve identical accuracy of
74.90%.

5.7 Comparison with KV Cache Quantization
KV cache quantization methods such as
KVQuant (Hooper et al., 2024) and KIVI (Liu
et al., 2024) reduce memory by compressing stored
key-value representations to lower bit-widths.
We compare token-pruning (and EQUIP) with
quantization along three dimensions.

Accuracy. For sequences beyond the trained con-
text window, standard auto-regressive inference
degrades significantly as the model has not been
trained to attend over such long contexts. Quantized
models are less accurate than the baseline, and this
gap is likely to continue at longer sequence lengths.
On the other hand, token-pruning with attention
sinks (Xiao et al., 2024) (Zhang et al., 2023) helps
reduce this accuracy loss by maintaining a bounded
working set of the most relevant tokens, enabling
stable perplexity at sequence lengths well beyond
the trained window. EQUIP is an optimization over
token-pruning and achieves the same accuracy and
perplexity as the underlying token-pruning method.

Performance. Quantization reduces the per-
token memory footprint but does not address un-
bounded KV cache growth; as the context grows,
the number of cached tokens continues to increase,
and so does the total memory and computation re-
quired for attention. Token-pruning, by contrast,
bounds the KV cache size to a fixed budget of (s+r)
tokens, preventing unbounded growth and enabling
constant-memory, constant-computation inference
for arbitrarily long sequences.

Orthogonality. Pruning and quantization are or-
thogonal and can co-exist: quantization compresses
what is stored, while pruning decides what to keep.
Combining token-pruning methods (with EQUIP)
and quantization-based compression would yield
compounding benefits—reduced per-token storage
from quantization and reduced cache management
overhead from EQUIP. A study on this is deferred
to future work.

6 Conclusion

Existing token-pruning methods incur inefficien-
cies in KV cache updates and RoPE computations.
We introduce a simple EQUivariant preserving
(EQUIP) scheme that transforms token eviction and
insertion operations into an in-place replacement,
reducing the KV cache memory management cost
significantly. Second, we present three optimiza-
tions (caching RK tensors, in-place update, and
reindexing) that improve the efficiency of RoPE
computations. Together, these contributions signif-
icantly enhance the efficiency of long-context infer-
ence, resulting in significant improvement in end-
to-end inference throughput. We demonstrate that
the proposed EQUIP technique exhibits broader
applicability across diverse pruning models.
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7 Limitations
Memory overhead of cached rotated keys.
Caching rotated-key (RK) tensors alongside K re-
moves repeated Rotate_Half computations and
avoids shifting the RoPE half-cache whenever to-
kens are evicted, as discussed in Section 3 and in
the integrated EQUIP dataflow of Figure 6. This
design trades additional memory for lower compute:
because pruning fixes the number of live tokens, the
extra footprint stays bounded and is at most 1.5×
that of conventional approaches that do not retain an
RK cache in the regimes we study. Deployments
with tight memory budgets can disable the RoPE-
cache optimization and trade higher RoPE cost for
a smaller working set.

Token-pruning policies with positional depen-
dency. Section A surveys token-pruning methods,
including SnapKV (Li et al., 2024a), whose pooling
can depend on absolute indices within a local win-
dow. While EQUIP can be applied across different
token-pruning methods, doing so may require de-
veloping custom pooling functions tailored to their
position-dependent behaviors.

Models without RoPE. For architectures that do
not apply RoPE to queries and keys (e.g., OPT),
the rotation-specific savings vanish. The remain-
ing benefit comes from the in-place KV cache up-
date analyzed in Section 3 and illustrated in Fig-
ure 5, rather than from reindexing and caching in
the RoPE path.
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A Background
A.1 Attention Computation
An LLM consists of a sequence of L layers, each
layer comprising Attention and Multi-Layer Per-
ceptron (MLP) Blocks. The attention computation
starts with the current token x, and computes the
query, key and value vectors as:

Q = Wq·x; K = Wk·x; V = Wv·x

where Wq, Wk, and Wv are weight matrices.

QUERY
  [ B.H,1,d ] 

KEY TRANSPOSE
  [ B.H,d,n ] 

BATCH MATRIX
MULTIPLICATION  VALUE 
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ATTENTION SCORES
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MULTIPLICATION

ATTENTION SCORES
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[ B.H, 1, d ] 

Input 1 Input 2

Input 3

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

For performing the attention operation (Shazeer,
2019) for a batch size B and across L layers, the
K and V matrices become tensors of dimension
[B,L, n,D], where n is the current context length
(this includes the prompt length along with the total
tokens generated so far) andD is the total number of
hidden dimensions. For a maximum context length
of N , these tensors can be as large as [B,L,N,D].

In multi-head attention, the model’s hidden
dimension (D), is processed using H parallel at-
tention heads.Each head operates on query Q, key
K and value V vectors that are projected to a dimen-
sion d. These parameters are typically chosen such
that the overall hidden dimension D is equal to the
number of headsH multiplied by the dimension per-
head d (i.e., D = H · d), which implies d = D/H .
The Q, K, and V vectors are reshaped to merge
the H heads with the batch size B. For each indi-
vidual layer of L, the dimension of Q,K, V vec-
tor becomes [B·H, 1, d] while the k and v tensors
corresponding to the (n-1) tokens so far are of di-
mension [B·H,n− 1, d]. The concatenation of
KV matrix with vector results in [B·H,n, d]. The
batch matrix multiplication of (Q·KT ) results in a
squeezed tensor of shape [B ·H, 1, n]. The second
operation associated with Scaled Dot-Product At-
tention (SDPA). (SDPA) is element-wise softmax,
where the contracted tensor remains as [B·H, 1, n].
In the final step (refer to Figure 11), the softmax
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outputs are batch multiplied with V , resulting in
[B·H, 1, d].

The self-attention computation for the (n+1)-th
token relies on the Key (K) and Value (V) tensors
computed from the previous n tokens. To elim-
inate redundant calculations, the key-value (KV)
cache mechanism (Ge et al., 2024) efficiently stores
these tensors, allowing fast retrieval during subse-
quent token computations. Although implementa-
tion specifics differ across inference systems (Hug-
gingFace, 2024; Aminabadi et al., 2022; Kwon et al.,
2023), the fundamental operation of updating the
cache with K and V tensors typically results either
in data movement and memory management over-
head or involves custom kernel implementations to
optimize performance.

A.2 Rotary Positional Encoding (RoPE)
RoPE has emerged as a prevalent technique for in-
corporating positional information in transformer
architectures. It operates by applying position-
dependent rotations to subspaces of the query (Q)
and key (K) vectors before the attention compu-
tation. This mechanism effectively encodes both
the absolute position of tokens and their relative
distances within the sequence. As illustrated in Fig-
ure 2, these rotations, often derived from precom-
puted sinusoidal values corresponding to sequence
positions (e.g., for n positions across d dimensions),
are applied element-wise to the Q and K tensors.
The resulting RoPE-enhanced tensors subsequently
serve as inputs (input1, input2 and input3) as in Fig-
ure 11 to the Scaled Dot-Product Attention (SDPA)
mechanism.

RoPE rotational transformation is typically
achieved via an operation of the form k′p = kp ⊙
cos(pθ)+Rotate_Half(kp)⊙ sin(pθ), where ⊙ de-
notes element-wise multiplication, p is the position
index of the token and Rotate_Half(kp) permutes
feature pairs within kp. For example, if

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

then

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

under the assumption that d is even.
The positional scaling factors cos(pθ) and

sin(pθ) depend on the position p and are typically
precomputed for all positions up to a maximum se-
quence length. For a given position p, these factors

form vectors of shape [1, d], where d is the feature
dimension per attention head.

To apply RoPE to the keys for a token at a par-
ticular position index p, the corresponding slice of
the Key tensor, which is a [1, d] vector, is broad-
cast across the batch (B) and head (H) dimensions
to match the [B,H, 1, d] shape of the Key vector
for the element-wise multiplication. This operation
over n tokens results in an output tensor of dimen-
sions [B,H, n, d]. In the RoPE computation, the
right part of Figure 2 (which computes the element-
wise multiplication with p.Sin(θ)) will be referred
to as Rotate_Half part, while the left part will be
referred to as the straight part. The k tensor for the
straight part is anyway stored in the KV cache. The
rotate part, which requires the d dimensional vector
to be rotated and appropriately negated in the even
positions, is performed on the fly during the RoPE
computation. This operation (Rotate_Half(kp)) in-
curs significant computational cost.

A.3 Token-pruning Methods
Deploying LLMs in streaming applications, such as
multi-round dialogue (Zhang et al., 2025a), faces a
significant challenge as the size of KV cache grows
in each round. This results in even higher memory
consumption and copy overhead. Also, LLMs often
exhibit limited generalization capability for texts
that exceed pretrained sequence lengths. To address
these challenges, several recent studies (Zhang et al.,
2023) (Xiao et al., 2024) (Li et al., 2024a) have
focused on identifying a critical subset of tokens
that influence output predictions. The key tokens
are identified using metrics like attention weights
or gradient scores. We focus on two major token-
pruning schemes, viz., StreamingLLM (Xiao et al.,
2024) and H2O (Zhang et al., 2023).
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Figure 12: StreamingLLM: Evict-and-Insert imple-
mented as shift-and-append Operations.

Figure 12 illustrates a key-value (KV) cache man-
agement strategy employing fixed attention sinks
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Figure 13: H2O: Evict-and-Insert implemented using
gather-and-append Operations.

(of size s) alongside a rolling buffer for recent to-
kens (of size r). As each new token is generated,
it is appended to this buffer, while the oldest token
(apart from the initial attention sinks) is evicted.
Thus, after the initial set of (s+ r) tokens, the size
of the K and V tensors are limited to the dimen-
sion [B·H, (s + r), d]. Managing the KV cache
after eviction involves one of the following compu-
tationally expensive strategies.
(1) KV cache Management with shift-and-append:
In this method, token eviction is implemented as
a copy operation of the entire K and V tensors,
leaving out the evicted row/column. Additionally
an append operation for insertion of the new token
introduces another memory allocation and copying
overhead. This approach is implemented by Hug-
gingface (HuggingFace, 2024).
(2) KV cache Management with RoPE: Token evic-
tion in the key-value (KV) cache introduces frag-
mentation, which disrupts the positional integrity
of tokens. Specifically, when tokens are evicted
and the remaining tokens are shifted, the positional
indices associated with each token are altered. This
necessitates the recomputation of positional em-
beddings, such as those used in Rotary Positional
Embedding (RoPE) schemes, to maintain the cor-
rect mapping between token positions and their
corresponding embeddings. Unlike Keys that are
cached, in scenarios where the intermediate results
of the Rotate_Half operation are not cached, each
positional embedding must be recalculated for all
the tokens, leading to increased computational cost.
While it is possible to cache the output of the Ro-
tate_Half operation for every key in the cache, this
approach still requires a shift-and-append opera-
tion on the cache whenever a token is evicted as
illustrated in Figure 18.

H2O implementation of a dynamic key-value
(KV) cache pruning strategy considers both recent
local tokens and global contextual information to
manage cache entries. The cache capacity, denoted
as n, is sum of a predefined number h of Heavy Hit-
ters and recent entries (r). When the total length of

KV entries surpasses this capacity n, the top HH
H2O are identified based on their saliency scores.
Figure 13 specifically demonstrates the eviction
mechanism, where these top 4 heavy hitters and
r recent tokens are prioritized for retention. The
selected heavy hitters may be different in different
head computations.

This Dynamic token-pruning is implemented
through boolean masks corresponding to the top h
H2O tokens. The masks make use of gather opera-
tions to copy the desired KV cache entries (Hug-
gingFace, 2024), incurring allocation and copy over-
heads.

While state of the art inference serving systems
(vLLM) (Kwon et al., 2023) supports window at-
tention (Jiang et al., 2023), their extension to token-
pruning schemes is an actively explored project
which is under progress (vLLM Project, 2025e).
The presence of attention sinks complicates the
implementation. Handling custom Paged Atten-
tion without impacting performance poses signif-
icant challenges and hence vLLM does not sup-
port StreamingLLM or other token-pruning tech-
niques (vLLM Project, 2025c) (vLLM Project,
2025e) (vLLM Project, 2025d).

B Pseudocode

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 14: 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 15: EQUIP update.

C Proof for Operation Level Equivalence
with EQUIP

In this section we establish the operation level equiv-
alence of our EQUIP approach for attention compu-
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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 16: StreamingLLM KV Update ( Preprocessing
step for Paged Attention Kernels).

tation. Specifically, we show that the results com-
puted by the Scaled Dot-Product Attention (SDPA)
operations remain the same across shift-and-append
and our EQUIP. We then extend the proof for RoPE
and attention masks. To make the section self-
contained, we repeat the definitions, lemmas and
theorem.

C.1 SDPA Equivalence
With our EQUIP scheme, the K and V tensors
are permuted in the sequence dimension. We use
the notation Pi(K) and Pi(V ) to denote that the
tensor’s ith dimension5 are permuted.
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Figure 17: Evict-and-Insert implemented as in-place
operation with EQUIP.

We use the following definition of equivariant,
which is similar to (Kondor and Trivedi, 2018).

Definition 1. A function is said to be permutation
equivariant if its output preserves the permutation.
That is, if f(Pi(K)) = Pi(f(K))

5We count the dimension from left to right.

Lemma 1. Softmax computation is permutation
equivariant. That is,

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

Proof: The Softmax computation of K = [kb,i,j ],
for b ∈ [1, B·H], i ∈ [1, n] and j ∈ [1, d] along
the second dimension is defined as:

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

zb,i,j =
ekb,i,j

∑d
j=1 e

xb,i,j

It is easy to see that the denominator in the RHS
expression of zb,i,j is unaffected when the second
dimension of K are permuted. Thus the zb,i,j com-
puted without permutation is the same as zpi,j .
Hence Softmax of K under EQUIP is the same as
that computed under the shift-and-append approach,
except that the second dimensions are permuted.
Thus Softmax(Pi(K)) = Pi(Softmax(K)).

Next we show that permutation equivariance un-
der matrix multiplication w.r.t. the columns of the
second operand.
Lemma 2. If the columns of matrixB are permuted
in A × B, then the resulting value is the same as
permuting the result matrix A × B using the same
permutation. That is A × P2(B) = P2(A × B)

Proof: Consider two matrices A ∈ Rm×n and
B ∈ Rn×k. Their product C = A × B is defined
as:

Ci,j =
n∑

k=1

Ai,k ·Bk,j (1)

With the columns of B permuted (denoted by
Bk,pj , where pj represents the permuted position
of the jth column), the RHS of A × P2(B) com-
putes

∑n
k=1Ai,k · Bk,pj , which is Ci,pj . Thus

A × P2(B) = P2(A × B)
Finally, we establish that the result A × B is

same if the columns of A matrix and the rows of
B matrix are permuted using the same permute
function and they are multiplied with each other.
Lemma 3.

A × B = P2(A) × P1(B)

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

P2(A)× P1(B). Then

C ′i, j =
n∑

k=1

Ai,pk ·Bpk,j = Ci,j (2)
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This merely changes the order in which the ele-
ments are accumulated, leaving the overall result
unchanged.

Finally we show that our EQUIP approach which
permutes the K and V tensor to avoid the copy
overhead results in the same attention output as the
shift-and-append approach. We note here that our
EQUIP approach permutes the K and V tensors in
the second dimension in the same way. Hence the
permutation operation P2 is same for both.

Theorem 1. Attention (Q,K, V ) = Attention
(Q,P2(K), P2(V ))

Proof: With our EQUIP approach, both the K and
V tensors are permuted in the sequence dimension,
i.e., P2(K) and P2(V ). The attention computation
performed is:

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

(Q×(P2(K))T√
C ′

))
×P2(V ) (3)

In the SDPA computation, the first dimension
of Q,K and V tensors is for batch size and num-
ber of heads. In the batched matrix multiplication
KT results in a tensor of dimension [B·H, d, n].
Hence (P2(K))T permutes the sequence dimen-
sion or dimension 3 in the transposed matrix. Thus
(P2(K))T = (P3(K

T ). Thus the first term in the at-
tention computation becomes Q × P3(K

T ). From
Lemma 2, we can rewrite this as P3(Q × KT ).
Lemma 1, establishes

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

Finally whenP3(Softmax(Q×KT ) is multiplied
with P2(V ), from Lemma 3, the result is the same
as

Softmax(Q × KT ) × V,

as the accumulation is done on third and second
dimensions of K and V tensors, respectively. .

We now illustrate the actual dimension and per-
muted rows/columns of the tensors in the SDPA
computation.

(
Softmax

(Q × (P2(K))T√
C ′

))
× P2(V ) (4)

= Softmax
(QBH,1,d × KT

BH,d,p(n)√
C ′

)

× VBH,p(n),d

(5)

This can be rewritten as:

= Softmax
(QKT

BH,1,p(n)√
C ′

)
× VBH,p(n),d (6)

Substituting Q × KT as W , we get

= Softmax
(WBH,1,p(n)√

C ′

)
× VBH,p(n),d (7)

If applying Softmax on W and performing element-
wise normalization result in a new matrix

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

Theorem 1 establishes that the result of the SDPA
computation6 performed after the in-place update
is identical to that obtained by the token-pruning
methods with the shift-and-append operation.

We proved in Theorem 1 that for any consistent
permutation P2 of the sequence axis,

Attention(Q,K, V ) =

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

)
(9)

C.2 RoPE Equivalence
We now extend the proof of equivalence for SDPA
computation with RoPE. Figure 18 depicts the
RoPE computation implementation in EQUIP.
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Figure 18: Rotate Keys: Evict-and-Insert implemented
as in-place operation with EQUIP.

Lemma 4. For tensors A and B of the same shape
and a permutation P2 applied along the sequence
axis,

P2(A+B) = P2(A) + P2(B)

6Note: 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).

26320



Proof RoPE-transformed key vector for a single
token as the sum of two components:

RoPE(k) = k′ = k′1 + k′2, (10)

where k′1 = k ⊙ cos(pθ) and
k′2 = Rotate_Half(k)⊙ sin(pθ).

Because P2 permutes only the sequence axis and
is applied identically to K and V , the equivariance
of attention in Eq. (9) applies to each linear compo-
nent individually:

Attention
(
Q,P2(k

′
1), P2(V )

)

= Attention
(
Q, k′1, V

)
, (11)

Attention
(
Q,P2(k

′
2), P2(V )

)

= Attention
(
Q, k′2, V

)
. (12)

Using Lemma 4 and summing the two equalities
establish Equation 9 even with ROPE embedding.

The correctness proof is under the assump-
tion that the per-position RoPE coefficients
cos(θ), sin(θ) must be re-indexed correctly under
P2 (equivalently, rotation coefficients are indexed
by logical position as described in Figure 5 ).

C.3 Attention Mask and Attention Bias
(ALiBI) Equivalence

We now extend Eq. (9) to masked attention. Masked
attention is defined as

Attention(Q,K, V,M) = (13)

Softmax
((QK⊤

√
d

+M
)
V
)
, (14)

where M is a tensor. We claim
Theorem 2.

Attention
(
Q,K, V,M

)
=

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

)
(15)

where P2(M) denotes the mask permuted by P2

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

P2 permutes the sequence dimension of L. From
Lemma 4

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

Softmax applied along the key axis is equivariant
to column permutations:

Softmax
(
P2(X)

)
= P2

(
Softmax(X)

)

when P2 permutes columns of X . Hence
Softmax

(
P2(L+M)

)
= Softmax

(
P2(L) + P2(M)

)

= P2

(
Softmax(L+M)

)
.

Multiplying by P2(V ) and using the permutation
properties of matrix multiplication yields Eq. (15).

D Performance of EQUIP under Other
Scenarios

We present additional experimental results in this
section.

D.1 Scalability across models
Table 3 presents the end-to-end speedup of
EQUIP_H2O over H2O for GPT-J and GPT-NeoX
across a range of sequence lengths and cache sizes.
EQUIP helps to achieve 1.25× — 1.52× perfor-
mance improvement even in these LLMs on Intel
SPR.

Table 3: EQUIP-H2O 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 1.25× 1.27× 1.45× 1.41×
768 1.28× 1.30× 1.52× 1.43×

D.2 Performance on Llama-3 Models
We further validate EQUIP on the newer Llama-3-
8B model on Intel SPR (cache size=512, sequence
length=1536). EQUIP achieves speedups of 1.30×,
1.43×, and 1.52× at batch sizes 8, 16, and 32 re-
spectively, confirming that the approach generalizes
to recent model architectures.

D.3 Multi-Instance and Multi-Core Scaling
Our experimental results reveal that
EQUIP_StrLLM achieves considerable end to
end speedup (1.25× – 1.7×) over StreamingLLM
even when multiple concurrent instances of the
inference engines were run on all 60 cores of the
SPR server. Further, EQUIP_H2O achieves a
sustained performance improvement across core
counts 16, 32, 48 and 60.

D.4 Performance on NVIDIA A100 GPUs
To demonstrate hardware generalizability, we eval-
uate EQUIP on NVIDIA A100 (40 GB VRAM)
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GPUs. Table 4 reports the performance of EQUIP
over StreamingLLM for Llama 2-7B with a pruned
KV cache size of 512 and maximum sequence
length of 2048. EQUIP consistently outper-
forms StreamingLLM across all batch sizes, with
speedups reaching up to 1.58× at BS=32.

Table 4: EQUIP speedup over StreamingLLM on
NVIDIA A100 (Llama 2-7B, cache size=512, seq.
length=2048).

Batch Size
Throughput of

StrLLM (tokens/sec)
Throughput of

EQUIP_StrLLM (tokens/sec) Speedup

8 195 226 1.15×
16 253 353 1.39×
32 289 457 1.58×

D.5 Inter-Token Latency
Beyond throughput, we report the inter-token la-
tency for tokens generated once the pruned KV
cache is full. On Intel SPR, for Llama 2-7B model
(BS=8), as the pruned cache size increases from
512 to 768 to 1024 tokens, EQUIP demonstrates re-
duction in progressive inter-token latency by 1.53×,
1.74×, and 1.93× respectively for a sequence length
of 8192. These results confirm that EQUIP’s in-
place updates translate to measurable per-token
latency reduction, not only aggregate throughput
gains.

D.6 Impact of NoPE
How well does EQUIP perform in models (such
as OPT) that do not have positional encoding? For
this, we conduct experiments with RoPE (Rotary
Positional Encoding) disabled in Llama models.
This configuration, termed No Positional Encoding
(NOPE), was applied to the baseline model (uti-
lizing StreamingLLM) and our EQUIP framework
(EQUIP_StrLLM). Table 5 presents the speedup re-
sults for a sequence length of 2048 under this NoPE
condition. The findings demonstrate that EQUIP’s
efficient KV cache update mechanism contributes
to improved performance even in the absence of
RoPE and increases with the pruned cache size.

Table 5: 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.7 Multiple Evictions and Insertions
Many real-time and streaming scenarios require to
evict and insert several KV entries at once (e.g.,
in Speculative Decoding (Chen et al., 2024) and
in real-time code edits (He et al., 2024b)). Hence
we evaluated EQUIP under this scenario, where
multiple evict-and-insert are implemented as in-
place update. In this experiment, we measured the
improvement in KV cache update latency for the
two pruning schemes –H2O and StreamingLLM –
across a range of batch sizes, attention heads, and
head dimensions. In all experiments, we fixed the
pruned cache capacity ((s + r)) at 1024 entries
and evicted 64 tokens per generation step. Table 6
reports the resulting speedups of EQUIP over the
respective baseline kernels. Across configurations,
EQUIP consistently achieves considerable accelera-
tion (3.29× – 39.90× for H2O and 3.58× – 50.58×
for StreamingLLM) on both CPU and GPU. We an-
ticipate that these gains will translate to reasonable
speedups in end-to-end latencies as well.

Table 6: 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

D.8 Comparison with other pruning methods
Next we evaluate the benefits of EQUIP on other
pruning methods, such as LagKV (Liang et al.,
2025) and SnapKV (Li et al., 2024a). We eval-
uate the performance gains due to EQUIP(over the
respective baseline method) for attention kernel
(SDPA) alone for a batch size of 128 and sequence
length of 1024, and cache size of 512. EQUIP
demonstrates scalability across models and token-
pruning techniques (refer to Table 7).

Table 7: EQUIP Attention Speedup on MI210 - Se-
quence 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
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D.9 Overhead with Re-Indexing
We clarify that neither SDPA computation nor KV
updates in EQUIP incur any reindexing overhead.
Reindexing is only required when: (1) complex
saliency metrics demand access to adjacent posi-
tional indices, or (2) gathering cosine/sine parame-
ters for RoPE.

We also evaluate the efficiency of Rotary Posi-
tional Encoding (RoPE) under standard contiguous
positional indices and several non-contiguous in-
dexing schemes induced by EQUIP KV cache man-
agement. The index patterns considered are: (1)
contiguous indices, as in sliding-window attention;
(2) random but shared non-contiguous indices that
are consistent across all sequences in a batch; and
(3) random batching, where non-contiguous indices
vary independently for each sequence in the batch.

Our empirical results show that RoPE’s computa-
tional efficiency is effectively invariant to the choice
of index pattern. Profiling indicates that the domi-
nant cost lies in the element-wise rotary operations,
rather than in the index-dependent retrieval of po-
sitional parameters. In particular, the gather op-
erations required to fetch parameters for scattered
indices account for less than 3% of the total RoPE
execution time.

Table 8: 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

D.10 Accuracy
EQUIP in-place update mechanism inherently pre-
serves the same model accuracy as the baseline
token-pruning method. Our experiments on Llama
7B and 13B models demonstrate exact perplexity
parity and token match for all generated tokens.
Figure 19 shows perplexity match on Llama 2-7B
model for sequence length up to 8192. At layer-wise
precision for FP32/BF16, maximum deviations are
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Figure 19: Llama2-7B Perplexity.

Table 9: Perplexity comparison: StreamingLLM vs.
EQUIP on Llama 2-7B (a WikiText-2 training exam-
ple, sequence length 2048 tokens) (Xiao et al., 2024).
Cache config s+r denotes s sink tokens and r recent
tokens.

Cache Config StreamingLLM EQUIP
4+508 (512) 11.19 11.19
4+1020 (1024) 10.79 10.79
4+2044 (1536) 10.19 10.19

less than 10−9 at SDPA and less than 10−5 at RoPE
outputs; deviations arise solely from accumulation-
order rounding.

D.11 Memory Overhead
Caching rotated key (RK) increases the memory
requirement somewhat moderately. More specifi-
cally, the increase in memory requirement is 50%
relative to the bounded (pruned) KV cache (not the
full unpruned cache). When measured against the
total memory footprint (model weights + KV cache
+ activations), this corresponds to only 5–15% over-
head across tested configurations. Concretely, the
footprint for Llama 2-7B increases from 16.15 GB
to 17.1 GB (6% increase), and for Llama 2-30B
from 64.07 GB to 65.7 GB at BS=8 (2% increase).
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