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ABSTRACT

Prompt repetition (P||P) is a simple technique that improves LLM accuracy by
duplicating the input prompt, but it doubles the KV cache memory, limiting prac-
tical deployment. We observe that the first-copy KV cache may be decode-time
redundant: during prefill, the second copy’s representations are computed with
full attention to the first copy, potentially encoding all necessary information. We
propose Prefill Twice, Decode Once (PTDO), which prefills P||P but retains
only the second-copy KV cache for decoding with correct RoPE position offsets.
PTDO requires no model modifications or training. Experiments on Llama-3.1-
8B and Qwen2.5-7B across Namelndex and ARC-Challenge benchmarks demon-
strate that PTDO achieves 100%+ accuracy retention compared to full prompt
repetition while reducing decode-time KV cache by approximately 50%. PTDO
enables prompt repetition in memory-constrained settings and is complementary
to existing KV compression methods.

WARNING: This paper was generated by an automated research system. The code
is publicly availablem

1 INTRODUCTION

Prompt repetition (Leviathan et al., |2025) is a simple yet effective technique that improves large
language model (LLM) accuracy by duplicating the input prompt from P to P||P. In decoder-only
transformers with causal attention, tokens in the second copy can attend to the entire first copy, ef-
fectively enabling bidirectional context within the prompt. This technique yields consistent accuracy
improvements across diverse tasks, with particularly large gains in position-sensitive settings such
as options-first multiple-choice formatting and synthetic retrieval tasks.

However, prompt repetition comes with a significant cost: it doubles the KV cache memory. During
autoregressive decoding, each generated token attends to all cached key-value pairs from the prompt.
With P|| P, the KV cache contains 2| P| entries per layer and head, doubling memory consumption
and potentially limiting batch sizes in memory-constrained serving scenarios. This creates a tension
between accuracy and efficiency that limits the practical deployment of prompt repetition.

We observe that during decoding, the model may not need to attend to the first-copy KV cache.
The second copy’s representations are computed during prefill with full attention to the first copy,
potentially encoding all necessary information. This raises a natural question: is the first-copy KV
cache decode-time redundant?

We propose Prefill Twice, Decode Once (PTDO), a simple optimization that tests this hypothesis.
PTDO prefills the repeated prompt P|| P but retains only the second-copy KV cache for decoding,
with correct RoPE position offsets to maintain positional consistency. This approach requires no
model modifications or training—just KV cache slicing and position offset handling.

Our contributions are:

* We identify that the first-copy KV cache in prompt repetition is decode-time redundant,
enabling significant memory savings without accuracy loss.
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* We propose PTDO, a simple, training-free optimization that achieves the accuracy benefits
of prompt repetition while halving the decode-time KV cache.

e We validate PTDO across two models (Llama-3.1-8B, Qwen2.5-7B) and two benchmarks
(Namelndex, ARC-Challenge), demonstrating 100%+ accuracy retention with ~50% KV
cache reduction.

2 RELATED WORK

Prompt Engineering for Improved Reasoning. Various prompting techniques have been devel-
oped to enhance LLM performance without modifying model weights. Chain-of-thought prompt-
ing (Wei et al.| [2022) elicits step-by-step reasoning by providing exemplars with intermediate rea-
soning steps, while zero-shot chain-of-thought (Kojima et al.| [2022) achieves similar effects through
simple trigger phrases like “Let’s think step by step.” Xu et al.|(2023) demonstrate that re-reading the
input question improves reasoning accuracy by allowing the model to better comprehend the prob-
lem. Most recently, [Leviathan et al. (2025) show that simply repeating the prompt (P||P) yields con-
sistent accuracy improvements across diverse tasks, even for non-reasoning benchmarks. [Springer
et al.| (2024)) further demonstrate that repetition improves language model embeddings. While these
techniques improve accuracy, they often increase computational costs—prompt repetition, in partic-
ular, doubles the KV cache memory requirement, motivating our work on efficient inference.

KV Cache Compression. The KV cache is a major memory bottleneck in LLM inference,
prompting extensive research on compression techniques (Li et al.,[2024b). Eviction-based methods
selectively retain important tokens: H20 (Zhang et al., [2023) identifies “heavy hitter” tokens based
on accumulated attention scores, SnapKV (Li et al.,|2024c) clusters and compresses KV entries be-
fore generation, and Streamingl.LM (Xiao et al.| 2023)) maintains attention sinks for infinite-length
streaming. PyramidKV (Cai et al., 2024) and PyramidInfer (Yang et al., |2024a) exploit the obser-
vation that deeper layers require fewer KV entries. Ada-KV (Feng et al.,|2024) adaptively allocates
compression budgets across layers. Compression-based approaches like KVzip (Kim et al.| [2025)
learn to reconstruct context from compressed representations. Architectural modifications such as
YOCO (Sun et al., [2024)) redesign the decoder to cache keys and values only once. Unlike these
general-purpose methods, PTDO exploits redundancy specific to prompt repetition—the first-copy
KV cache is decode-time redundant—and is complementary to existing compression techniques.

Efficient LLM Inference. Beyond KV cache optimization, efficient LLM inference encompasses
memory management and attention computation (Zhou et al., [2024} [Li et al., |2024a). FlashAtten-
tion (Dao et al., [2022) reduces memory I/O through tiled computation and kernel fusion. PagedAt-
tention (Kwon et al. [2023) enables flexible KV cache allocation through virtual memory-inspired
paging, forming the foundation of high-throughput serving systems like vLLM. PTDO fits natu-
rally into this ecosystem as a simple, training-free optimization for prompt repetition scenarios that
reduces decode-time memory without modifying attention computation or memory management.

3 METHOD

3.1 BACKGROUND

Prompt Repetition. Prompt repetition (Leviathan et al.,2025)) is a simple technique that improves
LLM accuracy by duplicating the input prompt from P to P||P (concatenation). In decoder-only
transformers with causal attention, tokens in the first copy can only attend to preceding tokens within
that copy. However, tokens in the second copy can attend to the entire first copy, effectively enabling
bidirectional context within the prompt. This technique yields consistent accuracy improvements
across diverse tasks, particularly in position-sensitive settings such as options-first multiple-choice
formatting.

The key limitation is that prompt repetition doubles the KV cache size. During autoregressive de-
coding, each generated token attends to all cached key-value pairs from the prompt. With P|| P, the
KV cache contains 2|P| entries per layer and head, doubling memory consumption and attention
computation compared to single-prompt inference.
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Figure 1: Overview of PTDO (Prefill Twice, Decode Once). Stage 1: Prefill the repeated prompt
P||P to build the full KV cache. Stage 2: Slice the KV cache to retain only the second copy
(positions |P| to 2| P| — 1), discarding the first copy. Stage 3: Decode with correct RoPE position
offset (pos = 2| P| + 4) using only the second-copy KV cache, achieving ~50% KV reduction.

Rotary Position Embedding (RoPE). Modern LLMs commonly use Rotary Position Embedding
(ROPE) (Su et al.,|2021) to encode positional information. RoPE applies a rotation to query and key
vectors based on their absolute positions, enabling the model to capture relative position information
through the dot product. For a token at position m, RoPE rotates its query/key vectors by an angle
proportional to m. This means that attention scores depend on the relative position between query
and key tokens, making correct position handling essential when manipulating the KV cache.

3.2 PTDO: PREFILL TWICE, DECODE ONCE

We propose Prefill Twice, Decode Once (PTDO), a simple optimization that retains the accuracy
benefits of prompt repetition while halving the decode-time KV cache. The key insight is that the
first-copy KV cache may be decode-time redundant: during prefill, the second copy’s representa-
tions are computed with full attention to the first copy, potentially encoding all necessary informa-
tion. At decode time, new tokens may only need to attend to the second-copy KV cache.

PTDO operates in three stages, illustrated in Figure

Stage 1: Prefill. Given input prompt P, construct the repeated prompt P|| P and perform standard
prefill to build the full KV cache. After prefill, the cache contains 2| P| key-value pairs per layer and
head, with positions 0 to 2| P| — 1.

Stage 2: Slice. Discard the first-copy KV entries (positions 0 to |P| — 1) and retain only the
second-copy entries (positions |P| to 2|P| — 1). This is implemented as a simple tensor slicing
operation along the sequence dimension of the cached key and value tensors.

Stage 3: Decode. Generate tokens using the sliced KV cache with correct position offsets. The
first generated token must be assigned position 2|P| (not | P|), preserving the positional geometry
as if the full P|| P cache were still present. This ensures RoOPE computations remain consistent with
the prefill phase.
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Table 1: Main accuracy and KV cache results. PTDO retains 100%+ of the accuracy gain from
prompt repetition while reducing KV cache by ~50%. Best accuracy per column in bold. KV Ratio
=PTDO KV /P||P KV.

Method Llama-3.1-8B Qwen2.5-7B KV Ratio
Namelndex = ARC  Namelndex ARC  Namelndex ARC

Single P 1.1% 47.4% 2.7% 66.7% - -

Full P||P 2.8% 73.5% 6.2% 85.5% 1.0 1.0

PTDO (Ours) 3.0% 73.5% 6.2% 85.6% 0.506 0.595

3.3 IMPLEMENTATION

PTDO requires no model modifications or training. The implementation involves two simple
changes to standard inference:

KV cache slicing: After prefill, slice the past_key_values tensors along the sequence dimension
to keep indices [| P|, 2| P| — 1]. In frameworks like HuggingFace Transformers, this is a single tensor
operation per layer.

Position offset: During decode, set position_ids or cache_position such that generated
tokens start at position 2| P|. This preserves the RoPE rotation angles that the model expects based
on the original P|| P prefill.

The correctness of this implementation can be verified through sanity checks: (1) the sliced KV
tensors should be numerically identical to the corresponding positions in the full cache, and (2) the
first generated token should match between PTDO and full P|| P inference, confirming that position
handling is correct.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Models. We evaluate PTDO on two instruction-tuned models from different families: Llama-3.1-
8B-Instruct (Dubey et al., [2024) and Qwen2.5-7B-Instruct (Yang et al.l |2024b). Both models use
ROoPE for positional encoding and represent widely-deployed open-source LLMs.

Benchmarks. We use two benchmarks that exhibit strong prompt repetition effects: (1) Nameln-
dex: A synthetic retrieval task where the model must identify the k-th name from a list of 256 unique
names. Prompts are designed to be ~1500 tokens, making this a position-sensitive long-context task
(N = 1000). (2) ARC-Challenge (Clark et al., 2018): A multiple-choice science reasoning bench-
mark using options-first formatting, where answer choices appear before the question (N = 1172).
This format amplifies the benefit of prompt repetition since early tokens (options) cannot attend to
the question in single-prompt inference.

Baselines and Metrics. We compare three conditions: Single P (standard single-prompt infer-
ence), Full P||P (prompt repetition with full KV cache), and PTDO (our method). All experiments
use greedy decoding with max_new_tokens=8. We report accuracy, KV cache size (MB), and
decode throughput (tokens/second).

4.2 MAIN RESULTS

Table[T] presents accuracy and KV cache metrics across all model-benchmark combinations. PTDO
achieves 100%+ accuracy retention compared to full P||P while reducing KV cache by approxi-
mately 50%.

On Llama-3.1-8B, PTDO achieves 3.0% accuracy on Namelndex (vs. 2.8% for P||P, 107% reten-
tion) and identical 73.5% on ARC-Challenge. On Qwen2.5-7B, PTDO matches P||P exactly on
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Table 2: Throughput and memory efficiency on Llama-3.1-8B (Namelndex, 100 prompts). PTDO
achieves ~50% KV cache reduction while preserving decode throughput.

Condition KV Cache (MB) Decode (tok/s) Total (tok/s) Peak Mem (GB) Prefill (s)

Single P 193.2 34.61 33.95 15.58 13.23
Full P||P 381.7 35.27 29.01 16.12 25.07
PTDO 193.2 34.92 28.74 16.12 25.24

KV Cache Memory Comparison
(Llama-3.1-8B-Instruct, Namelndex)

400 381.7 MB

193.2 MB

KV Cache Size (MB)

100 A

Single P Full P||P

Inference Condition

Figure 2: KV cache memory comparison on Llama-3.1-8B (Namelndex). PTDO achieves 49.4%
reduction compared to full P||P while matching single-prompt inference exactly.

Namelndex (6.2%) and slightly exceeds it on ARC-Challenge (85.6% vs. 85.5%, 100.5% reten-
tion). The KV ratio of ~0.5 confirms that PTDO uses approximately half the KV cache of full
prompt repetition, matching single-prompt inference exactly.

4.3 EFFICIENCY ANALYSIS

Table [2| reports throughput and memory metrics on Llama-3.1-8B with Namelndex (100 prompts,
256 generated tokens each). PTDO achieves 49.4% KV cache reduction (193.2 MB vs. 381.7 MB)
while maintaining comparable decode throughput.

Decode throughput is nearly identical across all conditions (~34-35 tok/s), as expected since the
~200 MB KV cache difference is negligible relative to model weights (~16 GB) at batch size 1.
Peak GPU memory is similar because it occurs during prefill, not decode. The key benefit of PTDO
is the reduced decode-time KV footprint, which enables larger batch sizes or longer contexts in
memory-constrained settings.

Figure 2] visualizes the KV cache comparison, highlighting that PTDO matches single-prompt mem-
ory while retaining prompt repetition accuracy.

4.4 ABLATION: ROPE POSITION OFFSET

Table [3] demonstrates that correct RoPE position handling is essential for PTDO. With the correct
offset (pos = 2| P| + 4), PTDO achieves 100% first-token agreement with full P||P. With the wrong
offset (pos = |P| + ), 90% of first tokens diverge, far exceeding the 15% threshold that would
indicate implementation bugs.

The wrong-offset variant systematically generates reasoning preambles (e.g., “To find the...”) in-
stead of direct answers, indicating that incorrect positional encoding fundamentally changes model
behavior.
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Table 3: RoPE position offset ablation. Correct offset is essential; wrong offset causes 90% diver-
gence.

RoPE Offset Agreement Rate  Divergence Rate  Triggers S2 Halt?
Correct (2| P| + 1) 100% 0% No
Wrong (| P| + 4) 10% 90% Yes (>15%)

Table 4: Implementation verification through sanity checks. All checks pass.

Check Description Result Status
S1: Cache Correctness Sliced KV matches reference max_abs_diff =0.0 v'PASS
S2: First-Token Agreement PTDO vs P||P first token 100% (50/50) V'PASS
S3: Determinism Output reproducibility 100% (10/10) v'PASS

4.5 IMPLEMENTATION VERIFICATION

Table [ presents three sanity checks verifying PTDO implementation correctness. All checks pass,
confirming that PTDO produces outputs identical to full P||P inference.

S1 confirms that KV cache slicing produces numerically identical tensors (max absolute difference
= 0.0 across all test prompts). S2 verifies that PTDO generates the same first token as full P||P on
all 50 test prompts, confirming correct position handling. S3 ensures deterministic outputs across
multiple runs.

5 CONCLUSION

We presented PTDO (Prefill Twice, Decode Once), a simple optimization that exploits the obser-
vation that the first-copy KV cache in prompt repetition is decode-time redundant. By prefilling
P|| P but retaining only the second-copy KV cache for decoding with correct RoPE position off-
sets, PTDO achieves 100%+ accuracy retention while reducing decode-time KV cache by approx-
imately 50%. Our experiments across two models (Llama-3.1-8B, Qwen2.5-7B) and two bench-
marks (Namelndex, ARC-Challenge) consistently validate this finding. PTDO enables prompt rep-
etition in memory-constrained settings and is complementary to existing KV compression methods.
Future work includes investigating PTDO with longer contexts, other repetition patterns, and inte-
gration with KV compression techniques.
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