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Abstract

As large language models increasingly gain popularity in real-world applications,
processing extremely long contexts, often exceeding the model’s pre-trained con-
text limits, has emerged as a critical challenge. While existing approaches to
efficient long-context processing show promise, recurrent compression-based meth-
ods struggle with information preservation, whereas random access approaches
require substantial memory resources. We introduce REFORM, a novel inference
framework that efficiently handles long contexts through a two-phase approach.
First, it incrementally processes input chunks while maintaining a compressed
KV cache, constructs cross-layer context embeddings, and utilizes early exit strat-
egy for improved efficiency. Second, it identifies and gathers essential tokens
via similarity matching and selectively recomputes the KV cache. Compared to
baselines, REFORM achieves over 52% and 34% performance gains on RULER
and BABILong respectively at 1M context length. It also outperforms baselines
on∞-Bench, RepoEval, and MM-NIAH, demonstrating flexibility across diverse
tasks and domains. Additionally, REFORM reduces inference time by 30% and
peak memory usage by 5%, achieving both efficiency and superior performance.

1 Introduction

The ability to handle extremely long contexts, often exceeding the original model’s pre-trained context
limits, has emerged as a critical challenge for the advanced usage of large language models (LLMs) in
real-world scenarios. This capability is essential for various applications, such as processing life-long
user interactions, understanding and debugging repository-level codebases, and handling multi-modal
inputs (interleaved sequences of text and visual information can result in extremely long contexts).
However, under existing Transformer-based language model architectures [1, 2], processing such
long sequences often causes significant computational challenges, requiring substantial computation
as well as memory resources. These demanding requirements often prove infeasible in practical
deployment settings, necessitating new technologies that can handle extremely long sequences with
reasonable computational resources.

Current approaches to efficient context window extrapolation broadly fall into two categories: re-
current context processing and random access mechanisms. Recurrent methods [3, 4, 5, 6] divide
the input into manageable chunks and iteratively process them while maintaining a summarized
representation of prior chunks, typically by compressing or evicting parts of the Key-Value (KV)
cache. While these approaches reduce memory and computational costs, they often suffer from
‘forgetting’ due to the loss of critical information during compression and/or eviction.
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Figure 1: An overview of the proposed framework. REFORM efficiently processes long inputs
through two phases. In the recurrent chunked forwarding phase, it segments inputs into chunks and
processes them iteratively. In each iteration, REFORM (1) forwards each chunk conditioned on the
previous KV cache, (2) extracts key QKV states from selected layers and heads for constructing
cross-layer context embeddings, and (3) compresses the cache via token eviction [4]. An early exit
strategy skips upper layers beyond those used for embedding collection, further improving efficiency.
In the on-demand cache recomputation phase, REFORM selects important tokens via similarity
search with the query embeddings (last part of the input), gathers them, and recomputes the KV cache
for further generation.

In contrast, another line of work aims to enable dynamic random-access to the previous inputs by
preserving the full KV cache and retrieving relevant portions when processing new chunks [7, 8].
These methods provide more flexibility in accessing prior context, as they allow selective re-attention
to specific segments of the input. However, maintaining the full KV cache requires substantial
memory resources, often leading to significant memory overhead and latency increases, especially
in practical deployments where CPU memory offloading is necessary. Furthermore, the increased
flexibility does not necessarily lead to high retrieval performance. These limitations highlight the
need for a more balanced approach that combines efficiency with precise long-context handling.

To address the above challenges, we propose REFORM (REcurrent chunked Forwarding with On-
demand cache RecoMputation), a novel inference framework that combines the efficiency of recurrent
approaches with the superior recall capabilities of random-access methods via a computationally
efficient compress-gather-recompute pipeline. In contrast to existing recurrent methods that use
compressed KV cache for generation, REFORM uses compression to construct and store lightweight
token-wise embeddings of the input. Given a query, REFORM then uses these embeddings to gather
most relevant input tokens via similarity matching, and recomputes the full KV cache for those tokens.
This process yields high-fidelity yet efficient representations for query-relevant tokens, leading to a
superior retrieval ability of the method while still benefiting from reduced memory overhead.

Figure 1 illustrates the overall approach. In the encoding phase, we process input tokens in chunks
through an adaptive caching mechanism called recurrent chunked forwarding: as each chunk is
processed, tokens are added to the KV cache and compressed by retaining only the heavy hitters (most
influential tokens). Using this progressively sparsified KV cache, we compute representations up to
an intermediate transformer layer L, collecting QKV states from multiple layers and heads to generate
and store lightweight cross-layer context embeddings for all tokens. This multi-faceted efficiency
strategy—combining chunked processing, sparse KV cache updates, and early exit—significantly
reduces both computation time and memory overhead, as we maintain only small representations for
retrieval while dynamically managing KV cache sparsity.

In the recomputation phase, the query tokens (corresponding to the recent context) identify relevant
historical tokens through similarity matching with the stored retrieval embeddings, and only these
selected tokens undergo full KV cache recomputation across all layers. While this phase requires full
computation for selected tokens, this recomputation is crucial: it restores high-fidelity representations
for contextually important tokens, ensuring accurate processing of long-range dependencies. By
selectively recomputing only the most relevant tokens, we achieve a better balance between computa-
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tional efficiency and model performance, allowing detailed historical context access while avoiding
the costs of maintaining full representations for all tokens.

Our extensive evaluations demonstrate REFORM’s effectiveness across various long-context under-
standing tasks. In needle-in-a-haystack tests, REFORM achieves perfect recall for contexts up to 1
million tokens at various depths. On more complex benchmarks, REFORM significantly outperforms
existing methods, achieving over 52% performance gain on RULER and 34% on BABILong at 1M
context lengths with the Mistral-NeMo-Instruct-2407 [2] model, compared to the best-performing
baselines. On∞-Bench, REFORM achieves 50.2% average accuracy with the same model, sub-
stantially exceeding the baseline performance of 37.6%. REFORM also outperforms the baselines
in RepoEval, scoring 65.3% performance with Qwen2.5-Coder-1.5B-Instruct on API-level code
completion while the best baseline gives 61.8%.

Operating at the transformer architecture level, REFORM is modality-agnostic and applicable to any
domain/modality the base model supports. To demonstrate its flexibility, we evaluate REFORM on
three multi-modal needle-in-a-haystack datasets, achieving 57.51% performance with the Pixtral-
12B-2409 [9] model, exceeding the baseline performance of 52.95%.

Finally, REFORM delivers substantial efficiency improvements over recent state-of-the-art long-
context processing methods. Compared to InfLLM [7] and InfiniPot [6], REFORM reduces inference
time by 80% and 33% and peak memory usage by 32% and 5% respectively, in evaluations with 256k
token inputs. These results demonstrate that REFORM effectively combines the benefits of both
recurrent compression and random access approaches while mitigating their respective limitations.

2 Related Works

In this section, we discuss the existing approaches for extending LLM’s native context window to
efficiently handle extremely long inputs. We categorize these approaches into two groups: methods
that use recurrent context processing and methods that leverage random access. We provide a more
comprehensive discussion on related works in Section B.

Recurrent context processing. To address the computational challenges of long-context processing,
several studies explore the use of recurrence for greater efficiency. A line of works [10, 11, 12]
introduce architectural changes to Transformers, enabling chunk-level recurrence operations to
process long contexts in smaller, manageable units. However, these approaches typically necessitate
extensive training of the model, and therefore is not directly applicable to existing pre-trained large
language models. More recent efforts leverage KV cache eviction to iteratively encode input chunks
and compress the KV cache, avoiding architectural modifications or altering the model parameters.
For instance, StreamingLLM [3] maintains fluent generation by preserving initial and most recent
tokens while compressing intermediate ones. Later approaches [4, 5, 6] identify important tokens
from the prior context, enabling more informative cache compression. Despite their efficiency,
the process of compressing prior inputs often results in the loss of critical information, leading to
‘forgetting’ issues. Consequently, these methods may struggle with tasks requiring precise retrieval of
earlier inputs. REFORM addresses this issue through its gather and recompute phases, which yields
high-fidelity representation of all query-relevant input tokens.

Random access approaches. An alternative direction is to enable random access to prior context,
akin to full attention, but in a more computationally efficient manner. These methods typically store
the full KV cache in memory and dynamically retrieve relevant tokens as needed. Some approaches
train the model [13] or an auxiliary side-network [14] to utilize the retrieved tokens effectively. More
recently, several strategies achieve the same goal without modifying the model parameters, by storing
the full KV cache in memory and retrieving it dynamically [7, 8]. While these methods allow random
access to any part of the input sequence, they introduce significant memory overhead due to the
need to maintain large caches. In practice, this often necessitates CPU offloading, which can further
increase latency. Furthermore, the flexibility to access previous context may not necessarily lead
to high retrieval performance. In contrast, REFORM uses KV cache compression and constructs
compact token-level embeddings using only the high-performing heads to reduce memory overhead
while still maintaining high retrieval performance.
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3 Method

In this section, we present the details of our proposed method. In Section 3.1, we first describe
REFORM’s recurrent chunk forwarding phase in detail. This phase efficiently constructs token-level,
cross-layer context embeddings by segmenting the long input into multiple chunks and repeatedly
processing them while conditioning on a compressed previous KV cache. In Section 3.2, we further
elaborate on how we construct the cross-layer context embeddings. Finally, in Section 3.3, we
describe how we use the context embeddings to identify the relevant input segments and highlight our
on-demand cache recomputation framework that enables random access to previous contexts while
maintaining the integrity of the KV cache. We outline the full procedure in Figure 1 and Algorithm 1.

3.1 Embedding Extraction with Recurrent Chunked Forwarding and Early-Exit

Encoding long contexts with pre-trained Transformers is often infeasible due to the quadratic com-
putational cost and the model’s limited context window. To overcome this problem, we focus on
recurrent KV cache compression approaches that allow the processing of infinite context under
limited resources and context windows. Here, we describe the encoding process in detail, discuss
key efficiency benefits, and present our early exit strategy that provides further efficiency gains when
using recurrent chunked forwarding to create context embeddings.

Embedding extraction with recurrent chunked forwarding. To process extremely long inputs un-
der limited computational budget and context windows, we adopt an iterative KV cache compression
approach [3, 4, 5, 6]. Specifically, we segment the long input into larger chunks (32k tokens for our
experiments) and apply KV cache compression after forwarding each chunk to better utilize parallel
computation. For KV cache compression, we employ attention-based token eviction following H2O
[4]. After compression, we reassign the position IDs so that the tokens in the compressed cache have
consecutive position IDs. This position reassignment allows the model to handle longer sequences
beyond its pre-trained context limit.

Unlike existing approaches that aim to directly use these compressed KV cache for generation, we
use it only to construct context embeddings that will later be used to identify which part of the input
is required for generating a response.

Early exit. Utilizing a compressive approach for creating embeddings introduces an additional
benefit: efficiency can be further improved by employing an early exit strategy. As observed
in Section 3.2, high-performing embeddings are often available in the lower Transformer layers.
Therefore, forwarding the inputs through the remaining layers after the topmost layer used for
embedding extraction is unnecessary. The proposed early exit strategy reduces both computation and
memory requirements because we do not need to keep the KV cache for the upper layers.

3.2 Constructing Cross-Layer Context Embeddings

Table 1: Comparing similarity search methods.
Best-3 MNR scores (lower is better) corresponding
to different similarity search methods, including
attention, and cosine similarity search using hidden
states (HS) or attention QKV states. Scores are
measured with Mistral-Nemo-Instruct-2407, and
averaged over 500 multi-hop QA examples.

Type Dim. Top-1 Top-2 Top-3 Avg.

Attention 160 6.91 7.70 7.81 7.47
Cosine-HS 5120 9.40 9.63 9.80 9.61
Cosine-Q 160 6.48 6.74 6.93 6.72
Cosine-K 160 6.77 7.31 7.41 7.16
Cosine-V 160 5.77 6.57 6.57 6.30

Prior research has revealed the existence of spe-
cialized Transformer heads distributed across
different layers that can accurately retrieve rel-
evant information from long context input [15].
To construct informative embeddings, we thus
analyze the retrieval performance of various
heads and embeddings in Transformers to de-
termine the most suitable ones for our method.
Specifically, we compare the token-level re-
trieval performance of attention scores (without
positional encoding, to make it applicable to
extremely long inputs), and cosine similarity be-
tween hidden states, or the attention QKV states
(i.e. embeddings resulting from QKV projection
in attention layers) across Transformer layers.

Embedding head identification. We conducted a set of experiments on a multi-hop question-
answering dataset to identify the best embeddings to use for the similarity search; see Section C.1 for
details. We report the MNR scores for the top-performing layers and heads in Table 1. Somewhat
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surprisingly, we observe that cosine similarity search with attention QKV states often outperform
the widely-used attention scores. It also outperformed using cosine similarity between the hidden
states despite having a much smaller size. This finding suggests that, with careful selection of the
appropriate heads, directly using the QKV states from the attention layer and using them for cosine
similarity search can achieve a very high performance, while requiring minimal memory.
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Figure 2: MNR Scores for Value Heads. The dis-
tribution of the MNR scores (lower is better) across
value states of different attention heads, measured
by Mistral-Nemo-Instruct-2407 model for 500 syn-
thetic multi-hop QA examples. 256-token heavy
hitter budget was used for computation.

Figure 2 illustrates the distribution of the top-
performing value heads. Notably, the best-
performing heads are not necessarily from the
final Transformer layers. This observation im-
plies that forwarding inputs through the upper
layers may not be required for constructing ef-
fective retrieval embeddings, serving as a key
motivation for our early exit strategy described
in the previous section.

To create a universal embedding that is useful
for a wide range of tasks, we do additional ex-
periments to identify heads that can effectively
represent complex input patterns. Specifically,
we create a synthetic key-value retrieval task,
which involves embedding multiple sentences
of the format “The value corresponding to the id {key} is {value}.” within the WikiText [16] corpus,
where keys and values are random 10-character ASCII strings.

We selected the top-performing embeddings for each synthetic dataset after evaluating 500 samples
each. We highlight that although head selection is based on relatively short synthetic data (8k tokens),
the benefits extrapolate to longer contexts involving millions of tokens.

Combining multiple heads. After identifying the top-performing heads, we combine their em-
beddings to create a single, token-level embedding. In our preliminary experiments, we observed
that using an average of retrieval scores obtained from different heads often improves final retrieval
performance. Accordingly, we concatenate the gathered embeddings after normalizing them:

ecomb = concat

({
ei
||ei||

, i ∈ selected_heads
})

This approach ensures that performing a cosine similarity search using the resulting embedding is
mathematically equivalent to independently computing cosine similarity scores for each head and
then averaging them.

3.3 On-Demand Cache Recomputation

To enable random access to the previous inputs, we utilize the cross-layer context embeddings
to identify the input segments that are relevant to the last part of the input. Then, we gather the
corresponding input embeddings and forward them through the model again, re-constructing the KV
cache with the most relevant inputs. We conduct the detailed process as follows.

Identification of significant inputs. After constructing the cross-layer context embeddings corre-
sponding to the input, we perform a token-level similarity search between the query (the last part of
the input) and the remaining inputs using the context embeddings. Then, we max-pool the similarity
scores over the query to tokens to ensure that each token is assigned a single score. To preserve the
continuity of the identified inputs, we further max-pool each token’s score with the 128 adjacent
tokens. After processing the significance scores, we identify the tokens with the highest scores. We
always keep the initial and final 256 tokens to maintain coherence.

On-Demand Cache Recomputation. Once we identify the relevant segments, we gather the
corresponding input embeddings and forward them through the model again, recomputing the KV
cache. The new KV cache is then used for the further decoding process. By introducing an on-demand
cache recomputation scheme, we avoid the need of storing the full KV cache while enabling random
access to previous inputs, significantly reducing the memory requirements.
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4 Experiments

This section demonstrates the performance of our method across diverse tasks. In Section 4.1,
we begin by showcasing the precise retrieval ability of our approach using a needle-in-a-haystack
benchmark. In Section 4.2, we evaluate our method on RULER [17] and BABILong [18], which are
more advanced synthetic datasets consisting of more complex long-context assesments, including
more challenging needle-in-a-haystack tasks, aggregation tasks, question answering, and multi-hop
reasoning. In Section 4.3, we further test REFORM’s performance on more realistic tasks including
∞-Bench [19] and RepoEval [20], as well as highlighting the flexibility of our approach by evaluating
it on multi-modal benchmarks. In Section 4.4, we compare our approach to retrieval-augmented
generation, an emerging direction for handling long inputs. Finally, we ablate on the key components
and analyze the efficiency of our approach in Section 4.5.

Common setup and baselines. Throughout the paper, we mainly compare our approach against
context extrapolation methods that do not alter the model parameters, with a primary focus on
recurrence-based and random-access approaches. Specifically, we compare our method against
StreamingLLM [3], TOVA [5], H2O [4], InfiniPot [6], and InfLLM [7]. We also include a truncation
baseline, which simply drops the middle part of the input. For H2O, we restrict attention score
computations to the last 128 tokens of each chunk for efficient implementation.

For all text-based experiments, we use Mistral-NeMo-Instruct-2407 [2] and Qwen2.5-7B-Instruct
[21] models. For code completion experiments, we use Qwen2.5-Coder-1.5B and 7B models. For
multi-modal experiments, we use Pixtral-12B-2409 [9]. All recurrent baselines operate with a KV
cache budget and chunk size of 32k tokens, and InfLLM also uses 32k active KV cache budget. We
always keep the initial and recent 256 tokens in cache for all baselines and REFORM to maintain the
coherency of the text. For REFORM, we use a recomputation budget of 8k tokens for Mistral-Nemo-
Instruct-2407 and 16k tokens for all other models. We provide more details in Section C.1.

4.1 Needle-In-A-Haystack Evaluation
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Figure 3: Needle-In-A-Haystack Evalua-
tion. We visualize the retrieval accuracy of
Qwen2.5-7B-Instruct at different depth and
context lengths. Performance is averaged over
20 samples.

To evaluate the precise retrieval performance of
our approach, we employ the Needle-in-a-Haystack
(NIAH) benchmark [22]. In this task, a specific "nee-
dle" sentence (“The best thing to do in San Francisco
is eat a sandwich and sit in Dolores Park on a sunny
day”) is embedded within various depths of irrel-
evant context consisting of diverse essays by Paul
Graham. The model must correctly answer the ques-
tion: “What is the best thing to do in San Francisco?”
For evaluation, we consider a response to be correct
if it contains all three key phrases: “eat a sandwich”,

“sit in Dolores Park”, and “a sunny day.”

In Figure 3, we measure the performance of our
method at different context lengths and needle depths.
Our method demonstrates perfect performance across
all setups up to 1M tokens, highlighting our method’s
robustness in handling extremely long contexts while
maintaining precise retrieval performance.

4.2 Performance on RULER and BABILong

In this section, we further demonstrate the performance of our approach in more diverse and chal-
lenging synthetic benchmarks. Specifically, we evaluate different methods on an extended version of
the RULER [17] and BABILong [18] benchmarks. RULER is a synthetic long-context benchmark
consisting of diverse and challenging needle-in-a-haystack tasks, as well as some aggregation and
question answering tasks. BABILong further challenges the model by introducing more difficult
tasks, such as multi-hop reasoning. Although the original version of RULER only supports up to
128k tokens, we further extend the dataset to 1M using the same recipe to evaluate on longer inputs.
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Table 2: Evaluation on RULER and BABILong. We measure the performance on an extended
version of the RULER [17] and BABILong [18] benchmark. We report the averaged performance of
all tasks at different context lengths. The best values are highlighted in bold.

RULER BABILong

64k 128k 200k 300k 400k 500k 1M 64k 128k 256k 512k 1M

Mistral-Nemo-Instruct-2407

Truncation 32.6 20.4 17.8 15.2 12.3 12.5 10.8 32.2 26.2 17.0 13.6 14.0
StreamingLLM 27.6 13.8 11.6 9.3 7.2 7.1 4.7 38.8 23.4 15.4 11.0 6.2
TOVA 21.6 15.3 14.0 11.8 7.9 8.7 4.6 37.8 23.6 14.4 9.6 3.4
H2O 15.1 7.4 7.8 5.6 4.2 5.7 3.6 38.0 25.2 16.2 7.2 3.6
InfiniPot 26.9 19.4 15.6 14.5 12.7 13.4 12.0 39.6 26.8 18.6 11.2 8.8
InfLLM 52.7 39.7 28.5 24.9 20.9 22.0 23.3 40.6 34.0 23.6 13.0 9.6
REFORM (Ours) 79.9 81.1 83.0 84.6 84.1 83.5 75.5 57.4 51.4 50.6 47.6 48.8

Qwen2.5-7B-Instruct

Truncation 46.3 25.1 21.8 17.4 14.9 15.2 11.3 48.4 33.4 27.4 20.0 15.6
StreamingLLM 43.5 25.3 18.7 17.3 11.8 11.8 9.1 53.4 40.6 33.2 23.8 19.6
TOVA 66.2 27.7 25.7 25.8 21.9 20.4 17.0 56.0 46.6 40.6 29.4 21.8
H2O 51.8 20.9 18.5 17.1 11.6 12.1 8.7 57.0 41.6 36.4 24.6 18.8
InfiniPot 65.7 51.7 39.2 33.9 27.8 26.7 23.7 59.6 51.0 53.4 48.2 40.2
InfLLM 47.1 34.2 29.2 24.0 22.0 23.2 23.8 43.0 29.2 20.4 15.4 11.4
REFORM (Ours) 78.2 75.8 74.7 74.9 74.9 73.0 75.1 61.6 60.4 59.8 58.8 58.8

We highlight the evaluation results on RULER and BABILong in Table 2. In both benchmarks,
REFORM outperforms the baselines by a large margin, indicating its superiority in tasks that require
precise recall of essential parts of the context, benefiting both from the ability to locate essential
contexts from long inputs and the removal of distribution shifts in the KV cache that commonly come
with recurrence-based or random-access approaches.

4.3 Performance on∞-bench, RepoEval, and Multi-Modal Evaluations

In this section, we further evaluate the performance on more diverse long context handling tasks.
Specifically, we evaluate the performance of REFORM on ∞-bench [19], a more realistic long-
context benchmark including tasks derived from long books and dialogues, and RepoEval [20], a
repository-level code completion benchmark, to demonstrate that REFORM is useful in realistic tasks.
Furthermore, we highlight the broad applicability of REFORM by demonstrating its performance on
a multi-modal benchmark, MM-NIAH [23].

Table 3: Evaluation on∞-Bench. We evaluate each method on more 10 datasets from∞-Bench
[19]. We did not evaluate on C.Run and M.Calc datasets since no method was capable of achieving a
nonzero score with these models. The best values are highlighted in bold.

R.PK R.Num R.KV En.Sum En.QA En.MC En.Dia Zh.QA C.Debug M.Find Avg.

Mistral-Nemo-Instruct-2407

Truncation 27.1 21.4 3.6 13.7 16.0 51.1 11.5 25.2 28.9 20.3 21.9
StreamingLLM 28.1 15.3 0.0 12.5 12.6 45.9 6.5 19.2 27.2 0.0 16.7
TOVA 82.2 47.0 0.0 12.3 13.8 47.2 8.0 6.6 25.1 4.6 24.7
H2O 31.5 9.5 0.0 14.2 17.6 49.3 6.0 21.2 26.1 15.7 19.1
InfiniPot 84.1 13.6 0.0 11.9 17.1 52.0 7.0 11.3 27.4 15.7 24.0
InfLLM 100.0 100.0 1.0 16.9 17.4 58.1 7.0 24.5 24.1 27.1 37.6
REFORM (Ours) 100.0 100.0 88.2 18.2 18.0 70.3 18.5 26.7 25.9 36.0 50.2

Qwen2.5-7B-Instruct

Truncation 27.1 27.1 7.4 29.0 13.3 43.2 15.0 9.34 37.1 45.7 25.4
StreamingLLM 28.8 28.8 6.0 29.2 8.6 52.4 14.5 9.51 32.5 28.6 23.9
TOVA 100.0 100.0 1.2 29.4 8.6 56.8 15.0 10.65 34.3 42.6 39.8
H2O 93.1 85.4 0.0 31.0 11.0 56.3 15.5 11.97 34.8 44.6 38.4
InfiniPot 100.0 99.8 0.8 30.6 11.3 59.0 17.0 9.99 36.6 44.9 41.0
InfLLM 100.0 99.8 1.6 27.6 9.6 38.0 12.0 10.41 29.7 45.1 37.4
REFORM (Ours) 100.0 100.0 32.8 27.8 16.5 61.6 21.5 11.81 33.0 21.7 42.7
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Table 4: Evaluation on RepoEval and MM-NIAH. For RepoEval, we report the edit similarity
(ES) score on RepoEval api-level completion task and line-level completion task with 1.5B and 7B
models. For MM-NIAH, we report normalized performance across input lengths to ensure equal
contribution from each context length range. We do not run multi-modal evaluation for InfLLM, as
its implementation only supports text-based models. Best results are in bold.

Method RepoEval MM-NIAH

1.5B API 1.5B Line 7B API 7B Line Retrieval Counting Reasoning Avg.

Truncate 54.8 63.9 59.2 59.5 72.2 18.7 51.2 47.4
StreamingLLM 55.0 62.7 59.9 58.4 71.9 17.8 49.8 46.5
TOVA 54.7 62.2 59.7 59.8 82.9 18.8 54.1 52.0
H2O 55.1 63.4 61.2 59.6 83.3 18.9 53.5 51.9
InfiniPot 59.4 68.4 66.2 63.8 85.4 18.8 54.7 53.0
InfLLM 61.8 66.8 64.3 66.3 N/A N/A N/A N/A
REFORM (Ours) 65.3 72.4 68.7 69.4 89.2 22.0 61.3 57.5

For∞-bench, we evaluate both Mistral-Nemo-Instruct-2407 and Qwen2.5-7B-Instruct models. For
RepoEval, we perform evaluation using code-specific models, namely Qwen2.5-Coder-1.5B/7B-
Instruct. For each sample, we provide the entire repository as the context except for the file that is
being completed for the given sample. We report the edit similarity (ES) score as the evaluation
metric. Finally for multi-modal evaluations, we use Pixtral-12B-2409 [9].

As shown in Table 3 and Table 4, REFORM consistently outperforms all baselines in all three
benchmarks. This highlights REFORM’s superior performance on realistic tasks, and its flexibility to
handle diverse inputs, even across different modalities.

4.4 Comparison to Retrieval Augmented Generation

Table 5: Comparison with RAG. We compare
the performance of RAG methods and REFORM
on four groups of needle-in-a-haystack datasets
(single, multikey, multivalue, and multiquery) from
RULER at 300k contexts, using Mistral-NeMo-
Instruct-2407 model.

Single M.Key M.Value M.Query

Sparse RAG 86.7 77.3 88.5 90.0
Dense RAG 87.3 57.3 82.5 78.0

REFORM 99.3 93.3 98.5 100.0
+ RAG 99.3 94.7 99.0 100.0

We now compare REFORM to Retrieval Aug-
mented Generation (RAG), a popular method
for processing long inputs [24, 25]. RAG
frameworks segment inputs into smaller chunks,
which are independently encoded, and use ex-
ternal retrieval models to identify relevant seg-
ments. While effective in some scenarios, RAG
suffers from key limitations.

First, REFORM avoids the context fragmenta-
tion inherent in RAG by conditioning retrieval
embeddings on the entire input, ensuring global
context continuity and allowing for cohesive pro-
cessing of long contexts. Second, while RAG
frameworks are constrained by the training do-
main of the retrieval model—requiring domain-
specific retraining or advanced adaptations for different domains and modalities—REFORM is
inherently flexible and can seamlessly handle diverse domains, including multi-modal applications,
without requiring such modifications. Finally, REFORM integrates retrieval functionality directly
into the model, eliminating the need for external retrieval models.

In Table 5, we compare the performance of REFORM against RAG approaches using sparse and dense
retrievers on the needle-in-a-haystack datasets from RULER at 300k contexts. We provide a more
detailed experiment setup in Section C.4. REFORM consistently outperforms both approaches in all
evaluations, demonstrating its robustness and efficiency. Furthermore, we explore a hybrid approach
by combining REFORM with a dense retriever, blending REFORM ’s token-level significance scores
with retrieval scores using a weighted sum (25% for the dense retriever, 75% for REFORM). This
approach performs even better, highlighting the complementary strengths of REFORM and RAG.
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Table 6: Ablation study and efficiency analysis. (a) We report the average performance on RULER
300k and BABILong 512k datasets using Mistral-NeMo-Instruct-2407 model. (b) We compare the
inference time and peak memory usage required for generating 10 tokens conditioned on 256k inputs.
All measurements are made with the Mistral-NeMo-Instruct-2407 model on a single H100 GPU, and
are averaged over 10 samples. The best values are highlighted in bold.

(a) Ablation study.

RULER BABILong

REFORM (Ours) 84.6 47.6

w/ StreamingLLM 82.7 44.6
w/ TOVA 81.4 46.8

w/ Random heads 80.3 43.0
w/ Worst heads 44.7 22.8

w/ Kernel size 5 18.4 36.8
w/ Kernel size 17 39.4 45.8

(b) Efficiency Analysis.

Time (s) Memory (GB)

StreamingLLM 36.58 37.34
H2O 41.33 37.85
TOVA 39.46 37.06
InfiniPot 40.90 37.06
InfLLM 129.14 51.62
REFORM (Ours) 27.24 35.00

4.5 Ablation Studies

We conduct an ablation study to evaluate the key components contributing to the effectiveness of our
approach. Specifically, we analyze the impact of (1) the choice of the recurrent compression method,
(2) the selection of attention heads used for retrieval, and (3) size of the maxpool kernel applied
during the gather stage. We assess model performance on the BABILong and RULER benchmarks at
context lengths of 512k and 300k, respectively.

Choice of recurrent compression method. To demonstrate the generality of our approach, we
replace our recurrent compression component with alternative methods, namely StreamingLLM and
TOVA. While H2O yields the best results, Table 6a shows that other compression methods achieve
comparable performance. This further highlights the flexibility of our framework and its potential for
even higher performance with more advanced compression techniques.

Choice of attention heads. To examine the importance of attention head selection for embedding
construction, we replace the selected heads with (1) four randomly chosen heads and (2) four worst
heads, identified based on poor performance on both synthetic datasets used for head selection. As
shown in Table 6a, the heads selected by our mechanism achieve the best performance, demonstrating
its effectiveness. Random heads generally show lower but reasonable performance. In contrast, using
bad heads results in a substantial performance drop on both benchmarks, underscoring the importance
of proper attention head selection to ensure effective embedding construction.

Pooling kernel size. In the on-demand cache recomputation phase, we apply max-pooling over
129-token windows to smooth token-level similarity scores. As demonstrated in Table 6a, reducing
the pooling size to 5 or 17 tokens significantly degrades performance, highlighting the importance of
pooling to maintain contextual information during the recomputation.

4.6 Efficiency Analysis

To highlight the efficiency benefits of our approach, we measure the peak memory usage and inference
time required for processing a long input. We outline the results in Table 6b. InfLLM suffers from
high inference time due to frequent memory transfer between CPU and GPU and requires large
memory to store the cache. Recurrent methods offer faster inference at lower memory costs, enjoying
the benefits of using a fixed-size KV cache. Our approach shows even lower latency and memory
requirements compared to the recurrent baselines thanks to the early exit, which saves computation as
well as memory by removing the need to keep the KV cache for the upper layers. We present further
latency breakdown analysis in Section D.2, highlighting that REFORM keeps both time to first token
(TTFT) and time per output token (TPOT) minimal.
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5 Conclusion

We introduce REFORM, a novel inference framework for efficient long-context processing. REFORM
incrementally processes input chunks while maintaining a compressed KV cache, extracting key
QKV states to construct cross-layer context embeddings. An early-exit strategy enhances efficiency,
and a similarity-based selection mechanism identifies and gathers essential tokens for KV cache
recomputation. REFORM outperforms existing methods across long-context benchmarks while
reducing inference time and memory usage. Furthermore, its modality-agnostic design makes it
applicable to a wide range of use cases including multi-modal applications.

Limitations and Future work. One limitation is that the effectiveness of REFORM depends in
part on the gather stage’s ability to identify informative tokens. While our results across diverse
benchmarks demonstrate that this step is generally reliable, edge cases may exist where the model’s
selection could be further optimized. Another limitation is the redundant attention score computation
in the current implementation. Our current implementation recomputes attention scores using
matrix multiplication to compute the eviction scores, as Flash Attention does not output attention
weights. Integrating eviction score computation into the Flash Attention kernel could further improve
REFORM’s efficiency.

Also, we directly adopt the token eviction criteria proposed by H2O [4] as the compression component
of our framework. As a future direction, we plan to investigate more sophisticated compression
approaches tailored for constructing the context embeddings. Furthermore, applications to more
diverse data modalities such as audio and video is another promising direction to explore.

Acknowledgements

For WS and JS: This work was supported by Institute for Information & communications Technology
Promotion(IITP) grant funded by the Korea government(MSIT) (No.RS-2019-II190075 Artificial
Intelligence Graduate School Program (KAIST); No. RS-2024-00509279, Global AI Frontier Lab;
RS-2022-II220959, Few-shot Learning of Causal Inference in Vision and Language for Decision
Making).

WS expresses his sincere gratitude to Jihoon Tack for his insightful discussions, support, and
mentorship throughout the course of this work.

References
[1] Abhimanyu Dubey, Abhinav Jauhri, Abhinav Pandey, Abhishek Kadian, Ahmad Al-Dahle,

Aiesha Letman, Akhil Mathur, Alan Schelten, Amy Yang, Angela Fan, et al. The llama 3 herd
of models. arXiv preprint arXiv:2407.21783, 2024.

[2] Albert Q Jiang, Alexandre Sablayrolles, Arthur Mensch, Chris Bamford, Devendra Singh
Chaplot, Diego de las Casas, Florian Bressand, Gianna Lengyel, Guillaume Lample, Lucile
Saulnier, et al. Mistral 7b. arXiv preprint arXiv:2310.06825, 2023.

[3] Guangxuan Xiao, Yuandong Tian, Beidi Chen, Song Han, and Mike Lewis. Efficient streaming
language models with attention sinks. arXiv preprint arXiv:2309.17453, 2023.

[4] Zhenyu Zhang, Ying Sheng, Tianyi Zhou, Tianlong Chen, Lianmin Zheng, Ruisi Cai, Zhao
Song, Yuandong Tian, Christopher Ré, Clark Barrett, et al. H2o: Heavy-hitter oracle for efficient
generative inference of large language models. Advances in Neural Information Processing
Systems, 36:34661–34710, 2023.

[5] Matanel Oren, Michael Hassid, Nir Yarden, Yossi Adi, and Roy Schwartz. Transformers are
multi-state rnns. arXiv preprint arXiv:2401.06104, 2024.

[6] Minsoo Kim, Kyuhong Shim, Jungwook Choi, and Simyung Chang. Infinipot: Infinite context
processing on memory-constrained llms. arXiv preprint arXiv:2410.01518, 2024.

[7] Chaojun Xiao, Pengle Zhang, Xu Han, Guangxuan Xiao, Yankai Lin, Zhengyan Zhang, Zhiyuan
Liu, Song Han, and Maosong Sun. Infllm: Unveiling the intrinsic capacity of llms for under-
standing extremely long sequences with training-free memory. arXiv preprint arXiv:2402.04617,
2024.

10



[8] Xiaoran Liu, Ruixiao Li, Qipeng Guo, Zhigeng Liu, Yuerong Song, Kai Lv, Hang Yan, Linlin
Li, Qun Liu, and Xipeng Qiu. Reattention: Training-free infinite context with finite attention
scope. arXiv preprint arXiv:2407.15176, 2024.

[9] Pravesh Agrawal, Szymon Antoniak, Emma Bou Hanna, Baptiste Bout, Devendra Chaplot,
Jessica Chudnovsky, Diogo Costa, Baudouin De Monicault, Saurabh Garg, Theophile Gervet,
et al. Pixtral 12b. arXiv preprint arXiv:2410.07073, 2024.

[10] Zihang Dai, Zhilin Yang, Yiming Yang, Jaime Carbonell, Quoc V Le, and Ruslan Salakhutdinov.
Transformer-xl: Attentive language models beyond a fixed-length context. arXiv preprint
arXiv:1901.02860, 2019.

[11] Aydar Bulatov, Yury Kuratov, and Mikhail Burtsev. Recurrent memory transformer. Advances
in Neural Information Processing Systems, 35:11079–11091, 2022.

[12] Tsendsuren Munkhdalai, Manaal Faruqui, and Siddharth Gopal. Leave no context behind:
Efficient infinite context transformers with infini-attention. arXiv preprint arXiv:2404.07143,
2024.

[13] Yuhuai Wu, Markus N Rabe, DeLesley Hutchins, and Christian Szegedy. Memorizing trans-
formers. arXiv preprint arXiv:2203.08913, 2022.

[14] Weizhi Wang, Li Dong, Hao Cheng, Xiaodong Liu, Xifeng Yan, Jianfeng Gao, and Furu Wei.
Augmenting language models with long-term memory. arXiv preprint arXiv:2306.07174, 2023.

[15] Wenhao Wu, Yizhong Wang, Guangxuan Xiao, Hao Peng, and Yao Fu. Retrieval head mecha-
nistically explains long-context factuality, 2024.

[16] Stephen Merity, Caiming Xiong, James Bradbury, and Richard Socher. Pointer sentinel mixture
models, 2016.

[17] Cheng-Ping Hsieh, Simeng Sun, Samuel Kriman, Shantanu Acharya, Dima Rekesh, Fei Jia,
Yang Zhang, and Boris Ginsburg. Ruler: What’s the real context size of your long-context
language models? arXiv preprint arXiv:2404.06654, 2024.

[18] Yuri Kuratov, Aydar Bulatov, Petr Anokhin, Ivan Rodkin, Dmitry Sorokin, Artyom Sorokin, and
Mikhail Burtsev. Babilong: Testing the limits of llms with long context reasoning-in-a-haystack.
arXiv preprint arXiv:2406.10149, 2024.

[19] Xinrong Zhang, Yingfa Chen, Shengding Hu, Zihang Xu, Junhao Chen, Moo Hao, Xu Han,
Zhen Thai, Shuo Wang, Zhiyuan Liu, et al. ∞ bench: Extending long context evaluation beyond
100k tokens. In Proceedings of the 62nd Annual Meeting of the Association for Computational
Linguistics (Volume 1: Long Papers), pages 15262–15277, 2024.

[20] Fengji Zhang, Bei Chen, Yue Zhang, Jacky Keung, Jin Liu, Daoguang Zan, Yi Mao, Jian-Guang
Lou, and Weizhu Chen. Repocoder: Repository-level code completion through iterative retrieval
and generation. arXiv preprint arXiv:2303.12570, 2023.

[21] An Yang, Baosong Yang, Beichen Zhang, Binyuan Hui, Bo Zheng, Bowen Yu, Chengyuan
Li, Dayiheng Liu, Fei Huang, Haoran Wei, et al. Qwen2. 5 technical report. arXiv preprint
arXiv:2412.15115, 2024.

[22] gkamradt. Needle in a haystack - pressure testing llms. https://github.com/gkamradt/
LLMTest_NeedleInAHaystack, 2023.

[23] Weiyun Wang, Shuibo Zhang, Yiming Ren, Yuchen Duan, Tiantong Li, Shuo Liu, Mengkang
Hu, Zhe Chen, Kaipeng Zhang, Lewei Lu, et al. Needle in a multimodal haystack. arXiv
preprint arXiv:2406.07230, 2024.

[24] Zhuowan Li, Cheng Li, Mingyang Zhang, Qiaozhu Mei, and Michael Bendersky. Retrieval
augmented generation or long-context llms? a comprehensive study and hybrid approach. In
Proceedings of the 2024 Conference on Empirical Methods in Natural Language Processing:
Industry Track, pages 881–893, 2024.

11

https://github.com/gkamradt/LLMTest_NeedleInAHaystack
https://github.com/gkamradt/LLMTest_NeedleInAHaystack


[25] Tan Yu, Anbang Xu, and Rama Akkiraju. In defense of rag in the era of long-context language
models. arXiv preprint arXiv:2409.01666, 2024.

[26] Jianlin Su, Murtadha Ahmed, Yu Lu, Shengfeng Pan, Wen Bo, and Yunfeng Liu. Roformer:
Enhanced transformer with rotary position embedding. Neurocomputing, 568:127063, 2024.

[27] Shouyuan Chen, Sherman Wong, Liangjian Chen, and Yuandong Tian. Extending context
window of large language models via positional interpolation. arXiv preprint arXiv:2306.15595,
2023.

[28] kaiokendev. Things i’m learning while training superhot. https://kaiokendev.github.
io/til#extending-context-to-8k./, 2023.

[29] bloc97. Ntk-aware scaled rope allows llama models to have extended (8k+) con-
text size without any fine-tuning and minimal perplexity degradation. https:
//www.reddit.com/r/LocalLLaMA/comments/14lz7j5/ntkaware_%20scaled_rope_
allows_llama_models_to_have/, 2023.

[30] Bowen Peng, Jeffrey Quesnelle, Honglu Fan, and Enrico Shippole. Yarn: Efficient context
window extension of large language models. arXiv preprint arXiv:2309.00071, 2023.

[31] Chi Han, Qifan Wang, Wenhan Xiong, Yu Chen, Heng Ji, and Sinong Wang. Lm-infinite: Simple
on-the-fly length generalization for large language models. arXiv preprint arXiv:2308.16137,
2023.

[32] Jianlin Su. Rectified rotary position embeddings. https://github.com/bojone/rerope,
2023.

[33] Hongye Jin, Xiaotian Han, Jingfeng Yang, Zhimeng Jiang, Zirui Liu, Chia-Yuan Chang, Huiyuan
Chen, and Xia Hu. Llm maybe longlm: Self-extend llm context window without tuning, 2024.

[34] Dawei Zhu, Nan Yang, Liang Wang, Yifan Song, Wenhao Wu, Furu Wei, and Sujian Li. Pose:
Efficient context window extension of llms via positional skip-wise training. arXiv preprint
arXiv:2309.10400, 2023.

[35] Yukang Chen, Shengju Qian, Haotian Tang, Xin Lai, Zhijian Liu, Song Han, and Jiaya
Jia. Longlora: Efficient fine-tuning of long-context large language models. arXiv preprint
arXiv:2309.12307, 2023.

[36] Yuhong Li, Yingbing Huang, Bowen Yang, Bharat Venkitesh, Acyr Locatelli, Hanchen Ye,
Tianle Cai, Patrick Lewis, and Deming Chen. Snapkv: Llm knows what you are looking for
before generation. arXiv preprint arXiv:2404.14469, 2024.

[37] Woomin Song, Seunghyuk Oh, Sangwoo Mo, Jaehyung Kim, Sukmin Yun, Jung-Woo Ha, and
Jinwoo Shin. Hierarchical context merging: Better long context understanding for pre-trained
llms. arXiv preprint arXiv:2404.10308, 2024.

[38] Zheng Wang, Boxiao Jin, Zhongzhi Yu, and Minjia Zhang. Model tells you where to merge:
Adaptive kv cache merging for llms on long-context tasks. arXiv preprint arXiv:2407.08454,
2024.

[39] Harry Dong, Xinyu Yang, Zhenyu Zhang, Zhangyang Wang, Yuejie Chi, and Beidi Chen. Get
more with less: Synthesizing recurrence with kv cache compression for efficient llm inference.
arXiv preprint arXiv:2402.09398, 2024.

[40] Hanlin Tang, Yang Lin, Jing Lin, Qingsen Han, Shikuan Hong, Yiwu Yao, and Gongyi
Wang. Razorattention: Efficient kv cache compression through retrieval heads. arXiv preprint
arXiv:2407.15891, 2024.

[41] Guangxuan Xiao, Jiaming Tang, Jingwei Zuo, Junxian Guo, Shang Yang, Haotian Tang, Yao Fu,
and Song Han. Duoattention: Efficient long-context llm inference with retrieval and streaming
heads. arXiv preprint arXiv:2410.10819, 2024.

12

https://kaiokendev.github.io/til#extending-context-to-8k./
https://kaiokendev.github.io/til#extending-context-to-8k./
https://www.reddit.com/r/LocalLLaMA/comments/14lz7j5/ntkaware_%20scaled_rope_allows_llama_models_to_have/
https://www.reddit.com/r/LocalLLaMA/comments/14lz7j5/ntkaware_%20scaled_rope_allows_llama_models_to_have/
https://www.reddit.com/r/LocalLLaMA/comments/14lz7j5/ntkaware_%20scaled_rope_allows_llama_models_to_have/
https://github.com/bojone/rerope


[42] Coleman Hooper, Sehoon Kim, Hiva Mohammadzadeh, Michael W Mahoney, Yakun Sophia
Shao, Kurt Keutzer, and Amir Gholami. Kvquant: Towards 10 million context length llm
inference with kv cache quantization. arXiv preprint arXiv:2401.18079, 2024.

[43] Hao Kang, Qingru Zhang, Souvik Kundu, Geonhwa Jeong, Zaoxing Liu, Tushar Krishna, and
Tuo Zhao. Gear: An efficient kv cache compression recipefor near-lossless generative inference
of llm. arXiv preprint arXiv:2403.05527, 2024.

[44] Prajwal Singhania, Siddharth Singh, Shwai He, Soheil Feizi, and Abhinav Bhatele. Loki:
Low-rank keys for efficient sparse attention. arXiv preprint arXiv:2406.02542, 2024.

[45] Zhilin Yang, Peng Qi, Saizheng Zhang, Yoshua Bengio, William W Cohen, Ruslan Salakhut-
dinov, and Christopher D Manning. Hotpotqa: A dataset for diverse, explainable multi-hop
question answering. arXiv preprint arXiv:1809.09600, 2018.

[46] Stephen E Robertson, Steve Walker, Susan Jones, Micheline M Hancock-Beaulieu, Mike
Gatford, et al. Okapi at trec-3. Nist Special Publication Sp, 109:109, 1995.

[47] Shitao Xiao, Zheng Liu, Peitian Zhang, and Niklas Muennighoff. C-pack: Packaged resources
to advance general chinese embedding, 2023.

[48] Tri Dao. FlashAttention-2: Faster attention with better parallelism and work partitioning. In
International Conference on Learning Representations (ICLR), 2024.

[49] Elena Voita, David Talbot, Fedor Moiseev, Rico Sennrich, and Ivan Titov. Analyzing multi-head
self-attention: Specialized heads do the heavy lifting, the rest can be pruned. arXiv preprint
arXiv:1905.09418, 2019.

[50] Jie Ren, Qipeng Guo, Hang Yan, Dongrui Liu, Quanshi Zhang, Xipeng Qiu, and Dahua
Lin. Identifying semantic induction heads to understand in-context learning. arXiv preprint
arXiv:2402.13055, 2024.

[51] Zifan Zheng, Yezhaohui Wang, Yuxin Huang, Shichao Song, Mingchuan Yang, Bo Tang, Feiyu
Xiong, and Zhiyu Li. Attention heads of large language models: A survey. arXiv preprint
arXiv:2409.03752, 2024.

[52] Oscar Skean, Md Rifat Arefin, Dan Zhao, Niket Patel, Jalal Naghiyev, Yann LeCun, and Ravid
Shwartz-Ziv. Layer by layer: Uncovering hidden representations in language models. arXiv
preprint arXiv:2502.02013, 2025.

[53] Niklas Muennighoff, Nouamane Tazi, Loïc Magne, and Nils Reimers. Mteb: Massive text
embedding benchmark. arXiv preprint arXiv:2210.07316, 2022.

[54] Sebastian Bruch, Siyu Gai, and Amir Ingber. An analysis of fusion functions for hybrid retrieval.
ACM Transactions on Information Systems, 42(1):1–35, 2023.

[55] Tao Chen, Mingyang Zhang, Jing Lu, Michael Bendersky, and Marc Najork. Out-of-domain
semantics to the rescue! zero-shot hybrid retrieval models. In European Conference on
Information Retrieval, pages 95–110. Springer, 2022.

13



A REFORM algorithm

We illustrate the overall process of REFORM through a pseudocode in Algorithm 1.

Algorithm 1 Overview of REFORM

procedure FORWARDCHUNK(chunk, cache, emb)
/* Initialize hidden states */
hs← input
/* Forward with early exit */
for layer in model_layers[:early_exit_layer] do

hs, cache, qkv← layer.Forward(hs, cache)
/* Save selected embeddings */
emb.SaveSelected(qkv)

end for
/* Evict less important tokens */
cache← Compress(cache)
return cache, emb

end procedure
procedure REFORM(input)

/* Initialize */
cache, emb← EmptyInit()
/* Prepare input chunks */
context, query← SplitQuery(input)
chunks← ChunkInputs(context) + [query]
/* Recurrent chunked forwarding */
for ci in chunks do

cache, emb← ForwardChunk(ci, cache, emb)
end for
/* Gather relevant inputs */
relevant_inputs← GatherRelevant(input, emb)
/* On-demand recomputation */
cache← model.Forward(relevant_inputs)
return cache

end procedure

B Extended related works

Extending LLMs to handle extremely long inputs. To extend the context windows of Large
Language Modles (LLMs) efficiently, various approaches have been proposed. A significant body
of work focuses on modifying positional embeddings. These include scaling Rotary Positional
Embeddings (RoPE) [26] beyond the model’s context limit [27, 28, 29, 30], applying attention masks
[31], or adjusting the relative distances between tokens to fall within a predefined range [32, 33].
Another line of research explores fine-tuning techniques to adapt models for longer contexts [34, 35].
While these methods enable models to handle extended inputs, they do not address the significant
computational and memory costs introduced by the self-attention mechanism, limiting their practical
utility for extremely long contexts. Hence, we did not include them as baselines in our experiments.

Other approaches for efficient long context processing. Together with the recurrent KV cache
compression approaches, a large volume of recent works focus on reducing the size of the KV cache
to enable more efficient inference at long contexts. For example, SnapKV [36] proposes to forward
the full input through the model, and then compress the cache by evicting tokens based on attention
scores. While efficient at decoding-time, it requires the model to first process the full input, and
therefore is not applicable to extremely long inputs that exceed the model’s pre-trained context
window. Alternatively, HOMER [37] proposes to use a hierarchical divide-and-conquer approach
to combine the encoding and eviction process. Some works propose to further enhance KV cache
compression by merging tokens instead of evicting them [38, 39], but their experiments also only
consider inputs within the model’s context limit, and their extrapolation capabilities remain unknown.
Some recent works propose another direction to keep the full cache only for some selected attention
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heads known as ‘retrieval heads’ [40, 41], reducing the memory burden of preserving the full KV
cache. Other works investigate quantization [42, 43] and low-rank cache compression [44] to further
reduce the memory requirements of the KV cache. However, these methods also cannot extrapolate
to longer sequences beyond the model’s pre-trained context limit.

C Experimental Details

C.1 Evaluating Retrieval Heads and Embeddings

Dataset preparation. To evaluate the embeddings, we constructed a synthetic dataset based on
multi-hop question answering. In this setup, we embedded documents from the HotPotQA dataset
[45] at random positions within a long text corpus derived from the WikiText dataset [16]. Each
question was appended at the end of the context, and token-level labels were created, where tokens
from the golden documents were marked as ground truth. All samples were designed to be 8k tokens
long, which is within the context window of the Mistral-7B-Instruct-v0.2 model.

Embedding extraction. To simulate long-context scenarios where full attention computation is
infeasible due to computational or memory constraints, we employed a recurrent chunk forwarding
method based on H2O [4], elaborated in Section 3.1. For attention, we compute the retrieval scores
using the dot product between query states (Q) and the key states (K) without applying positional
encoding. For all other embeddings, we compute the significance scores using cosine similarity
between question embeddings and context embeddings, followed by max-pooling over question
tokens. Additionally, retrieval scores for each context token were smoothed by mean-pooling with 20
neighboring tokens.

Performance measurement. Retrieval performance was quantified using the Mean Normalized
Rank (MNR), which is calculated as the average normalized rank of the golden tokens. Lower scores
correspond to higher performance, as the golden tokens have a high rank.

MNR =
1

len(gold_doc)

∑
t∈gold_doc

rank(t)

num_tokens

C.2 Detailed Head Selection Process

Step 1: Data preparation. We construct two synthetic tasks for attention head selection: a pattern
matching task and a multi-hop question answering task. For the pattern matching task, we insert
sentences into the WikiText corpus with the format: “The value corresponding to the id key is value.”
where both the key and value are random 10-character ASCII strings. For the multi-hop QA task, we
use passages from HotPotQA that contain the information required to answer a given question. The
tokens corresponding to this key information are labeled as “golden tokens.”

Step 2: Context encoding. We apply recurrent chunked forwarding using H2O to each sample in the
dataset, extracting token-level QKV embeddings from every layer and attention head.

Step 3: Significance score computation. For each QKV head in each layer, we compute a token-wise
significance score. This is done by (1) calculating cosine similarity between context tokens and
question tokens, (2) aggregating the similarity scores over the question tokens via max-pooling, and
(3) smoothing the scores using mean pooling across a 20-token window.

Step 4: Performance measurement and head selection. We evaluate the effectiveness of each
attention head using the Mean Normalized Rank (MNR) score, as described in Section C.1. Based on
these scores, we select four heads: two that perform best on the pattern matching task, and two that
perform best on the multi-hop QA task.

C.3 Multimodal Evaluations

Baseline details. In the multi-modal experiments, we evaluate the model performance using
recurrence-based methods only, as the codebase for InfLLM only supports text-based models. For
InfiniPot, the NuC (novelty under compression) score cannot be utilized for cache compression for
multi-modal models because the vision tokens do not output a logit. Therefore, we only apply the
CaP (catalyst prompt) score for the InfiniPot baseline in multi-modal experiments.
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C.4 Comparison against RAG

Experiment setup. We follow the setup in OP-RAG [25] for the RAG experiments, segmenting
the inputs to 128-token chunks and preserving the order of the chunks instead of rearranging them
according to the retrieval scores. We use Mistral-NeMo-Instruct-2407 as the base LLM. We use
BM25 [46] as the sparse retriever, and bge-large-en-v1.5 [47] as the dense retriever. For each sample,
8k tokens are retrieved in total, matching the KV size with our approach to ensure fair comparison.

C.5 Efficiency Measurements

Experiment setup. We measure the average inference time and peak memory usage for generating
10 tokens conditioned on 256k tokens. All measurements are made on a single H100 GPU, and
we apply Flash Attention 2 [48] for all measurements. We further elaborate the experiment setup
for InfLLM, as the inference speed and memory consumption can largely vary depending on the
configuration. We use the default configuration provided in their GitHub repository, while modifying
the number of retrieved blocks to keep 32k active tokens in the cache. The maximum number of
blocks cached in GPU was set to be the twice as large as the number of retrieved blocks, following
the convention in their official configuration file.

C.6 Embedding Construction and Similarity Search for REFORM

Embedding head selection. We construct the context embeddings by combining four QKV em-
beddings, where two heads are identified using the pattern matching dataset and the other two are
identified using the multi-hop QA dataset. To balance between performance and efficiency gains, we
select the top-performing heads from layers with depth under 70% for pattern matching heads. See
Section D.1 for a more detailed discussion.

For Mistral-NeMo-Instruct-2407, the following heads are used:

1. Query head 9 at layer 15

2. Value head 5 at layer 19

3. Value head 0 at layer 27

4. Value head 7 at layer 27

For Qwen2.5-7B-Instruct, the following heads are used:

1. Value head 3 at layer 7

2. Key head 0 at layer 14

3. Value head 3 at layer 14

4. Value head 0 at layer 19

For Qwen2.5-Coder-1.5B-Instruct, the following heads are used:

1. Query head 3 at layer 8

2. Value head 1 at layer 11

3. Key head 0 at layer 14

4. Value head 0 at layer 15

For Qwen2.5-Coder-7B-Instruct, the following heads are used:

1. Value head 2 at layer 13

2. Key head 0 at layer 14

3. Value head 3 at layer 14

4. Query head 4 at layer 14

For Pixtral-12B-2409, the following heads are used:
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1. Value head 3 at layer 10

2. Value head 5 at layer 19

3. Value head 0 at layer 27

4. Value head 7 at layer 27

Similarity search. REFORM performs a cosine similarity search between each token in the query
(the final part of the input) and the remaining tokens. For better precision in identifying the relevant
inputs, we remove the special tokens and the generation prefix (e.g. ‘the answer is’) when computing
the similarity scores.

D Additional Results

D.1 Embedding Head Identification for Pattern Matching Task

Table 7: Comparing different LLM embeddings. Best-3 MNR scores (lower is better) correspond-
ing to the hidden states and the attention states, measured by Mistral-Nemo-Instruct-2407. Scores are
averaged over 500 synthetic pattern matching examples.

Type Dim. Top-1 Top-2 Top-3 Avg.

Hidden States 5120 1.72 1.88 2.10 1.90
Attention 160 1.24 1.36 1.37 1.32
Query 160 1.51 1.56 1.57 1.55
Key 160 1.53 1.65 1.72 1.63
Value 160 0.93 0.95 1.13 1.00

In this section, we present the distribution of MNR scores measured with our pattern matching
dataset, similarly to what we presented in Table 1 and Figure 2. The corresponding results for pattern
matching dataset is presented in Table 7 and Figure 4. The retrieval performance of QKV heads often
outperform that of the hidden states, similarly to the case of multi-hop QA datasets.

Interestingly, the distribution of best-performing heads show a different pattern compared to the
milti-hop QA dataset, and the heads at lower layers and middle-to-upper layers show the highest
performance. This suggests that different heads show different characteristics depending on the task.
It also motivates our approach of using the embeddings identified by the different tasks as it yields
more general representations and makes similarity-based retrieval more accurate. It is also important
to note that while the upper layer has more good-performing heads, these heads can be also identified
in the mid-lower layers (e.g., Layer 16, Head 1). To balance the performance with the efficiency
gains provided by early-exit strategy, we select the best-performing pattern-matching heads from
layers under 70% of depth. This strategy ensures that we utilize the high-performing heads as well as
enjoying the computation savings from early exit.
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Figure 4: MNR Scores for Value Heads. The distribution of the MNR scores (lower is better) across
value states of different attention heads, measured by Mistral-Nemo-Instruct-2407 model over 500
synthetic pattern matching examples. Recurrent chunked forwarding with 256-token heavy hitter
budget was employed for computing the embeddings.
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D.2 Latency Breakdown

Here, we extend our latency analysis to three context lengths (only 256k in the main text), and
separately present the pre-fill and decoding latency in Table 8a and Table 8b.

In Table 8a, InfiniPot and InfLLM shows slower processing speed compared to StreamingLLM
due to the additional computation associated with dynamic cache eviction and retrieval. On the
other hand, REFORM consistently shows faster prefill time compared to all baselines, thanks to the
early-exit optimization. Further latency breakdown of the Compress+Gather stage and Recompute
stage suggests that the recomputation overhead is minimal, taking under 1.52% of the total prefill
time.

Table 8b shows a similar trend for the decoding time. InfiniPot and InfLLM shows slower decoding
time compared to StreamingLLM due to the additional operations. On the other hand, REFORM also
shows improved decoding speed as the generation is conditioned on KV cache created with a small
recomputation budget (8k), unlike the baselines that condition on the full compressed cache (32k).
(Note that these budgets are the hyperparameters used for the Mistral-Nemo experiments in our main
text.)

Table 8: Latency Breakdown. (a) Time to first token (seconds) measurements and (b) time per
output token (seconds) measurements (Mistral-Nemo-Instruct-2407, single H200, averaged over 20
runs and 200 tokens generated per measurement).

(a) Time to first token (seconds).

Model 256k 512k 1M

StreamingLLM 30.59 68.22 143.57
InfiniPot 35.77 73.67 149.64
InfLLM 95.71 213.23 474.96
REFORM (Ours) 26.24 53.68 108.64

- Compress + Gather 25.84 53.28 108.24
- Recompute 0.40 0.40 0.40

(b) Time per output token (seconds)

Model 256k 512k 1M

StreamingLLM 0.111 0.111 0.111
InfiniPot 0.256 0.256 0.256
InfLLM 0.259 0.267 0.329
REFORM (Ours) 0.040 0.040 0.040

D.3 Evaluation with a Larger Model

In this section, we present additional results using the Qwen2.5-32B-Instruct model on the RULER
and BABILong benchmarks. As shown in Table 9, REFORM consistently outperforms both H2O and
InfiniPot across all evaluation settings, demonstrating the scalability and robustness of our method on
larger models.

Table 9: Performance of Qwen2.5-32B-Instruct. We report the performance on key long-context
benchmarks for H2O, InfiniPot, and REFORM. The best values are highlighted in bold.

RULER RULER RULER RULER BABILong
Single 300k Multikey 300k Multivalue 300k Multiquery 300k 256k

H2O 38.7 2.7 14.0 6.0 31.0
InfiniPot 69.3 19.3 40.0 74.0 54.2
REFORM (Ours) 100.0 90.0 96.0 100.0 67.6

E Further Discussions

E.1 Complexity Analysis

Time and memory complexity. Recurrent baselines such as StreamingLLM have a time complexity
of O(L), where L is the input length, assuming a fixed (or bounded) chunk size and query length.
Each recurrence step involves a constant amount of computation, and the total number of steps scales
linearly with the input length. Their memory complexity is O(1), since only a fixed-size KV cache is
maintained throughout.
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In contrast, random-access baselines like InfLLM incur a time complexity of O(L2), primarily due
to periodic cache lookups across the full input length. These methods also require O(L) memory, as
they store the entire KV cache in memory. This memory burden is significant, often requiring CPU
offloading, which further increases latency.

REFORM maintains a time complexity of O(L) through its recurrent chunked processing. Although
it has an O(L) memory cost due to storing token-level embeddings, these embeddings are very small
in practice. Moreover, the early-exit strategy significantly reduces memory and compute requirements.
Consequently, REFORM achieves faster speed and lower memory usage than both baselines (as
demonstrated in Table 6b), highlighting the practical efficiency of our method.

Amount of offline computation. While REFORM involves offline computation for head selection,
the computational overhead of head selection is minimal in practice. The selection is performed
only once using synthetic inputs of 8k tokens, and the chosen heads are reused across all inference
runs, independent of the downstream task or input domain. By selecting heads using short inputs and
reusing them across long-context inference, REFORM keeps the additional computation minimal.
Quantitatively, the entire head selection procedure requires roughly the same amount of computation
(in FLOPs) as processing just two 1M-token inputs with H2O.

E.2 Theoretical Analysis on Head Selection

Our attention head selection is motivated by findings from mechanistic interpretability literature,
which show that different heads specialize in different functions [49, 50]. Some heads are more useful
than others for tasks like pattern recognition or reasoning. We leverage this diversity by selecting
only a few high-performing heads, both for better identification performance and to keep the size of
token-level embeddings tractable (including all heads would be memory-intensive). Our method thus
aims for functional specialization as well as computational efficiency.

Although we use cosine similarity rather than attention weights to evaluate heads, our approach shares
key insights with existing interpretability work. Prior studies show that lower-layer heads often detect
syntactic or structural features, mid-layer heads handle semantic reasoning, and upper-layer heads
guide output generation [51]. This aligns with our empirical findings: the most useful heads for
pattern matching tend to appear in lower and upper layers, while those for multi-hop QA (i.e. semantic
understanding) concentrate in the mid-layers. These trends are reflected in our MNR visualizations
(Figure 2 and Figure 4). Also, Skean et. al. [52] suggests that the middle layer representations are
more useful than the final layer representations for 32 MTEB (Massive Text Embedding Benchmark,
[53]) tasks, similar to what we observe for the multi-hop QA task.

Furthermore, our choice of the head identification tasks is rooted in information retrieval literature,
which shows that hybrid retrievers [54, 55] combining sparse (structural) and dense (semantic)
retrievers outperforms either alone. Inspired by this, we use two distinct head evaluation tasks:
pattern matching and multi-hop QA. The former identifies heads that capture structural similarity,
while the latter targets heads that encode semantic relevance. This dual-task strategy helps us select a
complementary set of heads that are robust across diverse long-context scenarios.

F Broader Impacts

We believe that the high capability and flexibility will aid everyday use of large foundation models, by
extending the model capabilities to efficiently and effectively handle very long contexts. On the other
hand, such capabilities of REFORM could potentially enable malicious parties to analyze vast amount
of data, enhancing the capabilities of autonomous systems that could be used for manipulation or
misinformation.

G License Information for Datasets and Models

Here, we provide the license for all datasets and models used in our experiments. Apache 2.0
license is applied for Babilong, RULER, Mistral-Nemo-Instruct-2407, Qwen2.5-Coder family, and
Pixtral-12B-2409. BSD license is also applied for some parts of Babilong dataset. MIT license is
applied to Needle-in-a-Haystack, InfiniteBench, RepoEval, WikiText, and bge-large-en-v1.5. CC
BY-SA 4.0 is applied for HotPotQA.
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NeurIPS Paper Checklist

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: Our claims accurately reflect the paper’s contributions and scope, and they are
backed up through experiments in the experiments section.
Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: See Limitations section in the conclusion.
Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
Answer: [NA]
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Justification: The paper does not showcase theoretical results.

Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility
Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We provide necessary information to reproduce the experiments, including
the detailed experiment setups, in-depthh explanation of data generation process and the
identified heads.

Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
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Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
Answer: [No]
Justification: We do not provide the code at the submission time.
Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?
Answer: [Yes]
Justification: We describe the experimental setup in details in the appendix.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?
Answer: [No]
Justification: All of the experiments involve greedy (i.e. deterministic) decoding, and our
method is a training-free approach, meaning that it is not subject to the inherit randomness
in the training stage.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).
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• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: We provide the precise memory requirements and inference time for different
methods in Table 6b.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: The research we have conducted in the paper conform with the NeurIPS Code
of Ethics.

Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).

10. Broader impacts
Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: Check Section F.

Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
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• Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?
Answer: [NA]
Justification: We do not release any data or models.
Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?
Answer: [Yes]
Justification: Check Section G.
Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.
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• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [NA]
Justification: We do not release new assets.
Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [NA]
Justification: The core method development in this research does not involve LLMs as any
important, original, or non-standard components.
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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