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Abstract

Long-context understanding poses significant
challenges in natural language processing, par-
ticularly for real-world dialogues character-
ized by high redundancy and uneven informa-
tion density. Although large language models
(LLMs) achieve impressive results on existing
benchmarks, these datasets fail to reflect the
complexities of such texts, limiting their ap-
plicability to practical scenarios. To bridge
this gap, we construct the first spoken long-text
dataset, derived from live streams, designed
to reflect the redundancy-rich and conversa-
tional nature of real-world scenarios. We con-
struct tasks in three categories: retrieval, rea-
soning, and hybrid tasks. We then evaluate
both popular LLMs and specialized methods
to assess their ability to understand long con-
texts in these tasks. Our results show that cur-
rent methods exhibit strong task-specific pref-
erences and perform poorly on highly redun-
dant inputs, with no single method consistently
outperforming others. We propose a new base-
line that better handles redundancy in spoken
text and achieves strong performance across
tasks. Our findings highlight key limitations of
current methods and suggest future directions
for improving long-context understanding. Fi-
nally, our benchmark fills a gap in evaluating
long-context spoken language understanding
and provides a practical foundation for devel-
oping real-world e-commerce systems. The
code and benchmark are available at https:
//github.com/Yarayx/livelongbench.

1 Introduction

Spoken texts, common in scenarios such as dia-
logues and live streams, are increasingly used in
conversational AI. Existing studies have demon-
strated that spoken text exhibits unique linguistic
properties (Eisenstein, 2013), particularly high re-
dundancy characterized by repetitive phrases and
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filler words. This redundancy imposes significant
computational challenges, including increased pro-
cessing overhead and difficulties in semantic un-
derstanding (Chen et al., 2020). While advanced
LLMs support long-context lengths (Touvron et al.,
2023) and current Key-Value (KV) cache com-
pression methods (Liu et al., 2024b; Jiang et al.,
2024; Pan et al., 2024) have been designed for writ-
ten texts, their ability to handle the unique redun-
dancy patterns of spoken texts remains unexplored.
This gap underscores the need for specialized ap-
proaches tailored to the characteristics of spoken
language.

Generally, long contexts pose challenges for
both understanding and computation. LLMs of-
ten struggle with lengthy texts, such as the lost in
the middle phenomenon (Liu et al., 2024a). How-
ever, existing benchmarks (Bai et al., 2024; Zhang
et al., 2024a) for long-context understanding pre-
dominantly focus on written texts, neglecting the
informal characteristics of spoken language. Be-
yond these understanding challenges, LLMs of-
ten waste computation on filler words (e.g., “um”,
“uh”) and other redundant content. These tokens
contribute little semantic value but significantly ex-
pand the KV cache, increasing memory and latency
costs (Dinkar et al., 2020). This motivates the need
for more aggressive and selective context compres-
sion strategies (Li et al., 2023b). To explore this,
we raise two central questions:

Question (1): Can base models effectively pro-
cess long spoken texts with informal language char-
acteristics?

Question (2): Can existing methods achieve
higher compression rates, for example, through the
combination of multiple techniques?

To assess how well existing LLMs and context
compression methods handle long-form spoken
texts, we construct a new benchmark, LiveLong-
Bench, tailored to the challenges of this setting.
As a core component, we construct a novel dataset
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Dataset Response Type Attention Span Language Style Avg. Tokens
Closed Open Global Semantic Spoken Texts

LongBench ✓ ✓ ✓ ~13k
∞Bench ✓ ✓ ~300k
Loong ✓ ✓ ~110k
Marathon ✓ ~163k
L-Eval ✓ ✓ ✓ ✓ ✓ 3k - 62k
M4LE ✓ ✓ ✓ ✓ ~4k
TCELongBench ✓ ✓ ✓ ✓ ~18k
FinTextQA ✓ ✓ ✓ ~19k

LiveLongBench ✓ ✓ ✓ ✓ ✓ ~97k

Table 1: Comparison of Different Long-context Benchmark Datasets.

recorded from live streams, with sequences averag-
ing approximately 97K tokens. To tackle the first
question, we follow the study (Wang et al., 2024)
and design six distinct tasks that fall into three cat-
egories: retrieval, reasoning, and hybrid tasks. For
each category, we synthesize multiple questions to
evaluate various model capabilities, covering both
open-domain and closed-domain settings to assess
knowledge recall and generalization. Furthermore,
according to the findings in (Kwan et al., 2024), the
critical information required for task completion
in long sequences can be categorized by relevance
into single-span, multiple-span, or global. Specifi-
cally, global tasks involve reasoning over the entire
context and can be viewed as generalizing over
other span types. As an important extension, we
introduce semantic multi-span, which focuses on
semantically distributed spans rather than merely
structurally separated paragraphs. This task type
can be seen as an advanced form of multi-span rea-
soning, requiring models to integrate and infer over
multiple conceptually related but dispersed seg-
ments. Built upon these designs, LiveLongBench
offers a thorough evaluation framework for long-
context understanding in spoken language, which
remains underexplored in existing benchmarks.

To address the second question, we first eval-
uate individual KV cache compression meth-
ods, including KIVI (Liu et al., 2024b), MInfer-
ence (Jiang et al., 2024), and LLMLingua (Pan
et al., 2024). Interestingly, we discover that cer-
tain method combinations can lead to improved
performance while reducing memory consump-
tion, outperforming individual approaches. For
example, using MInference+LLMLingua-4× out-
performs each single method, while using KIVI-
4bit+MInference+LLMLingua-2× achieves the
lowest memory usage and still surpasses individual
approaches such as KIVI or MInference. To fur-

ther balance memory efficiency and performance,
we apply a Data Envelopment Analysis (DEA)
framework to evaluate the cost-effectiveness of all
method combinations. The resulting ranking offers
a practical reference for selecting the optimal com-
bination under different deployment constraints.

Our contributions are summarized as follows:
• We construct and release LiveLongBench, the

first benchmark derived from live streaming spo-
ken texts, designed to evaluate long-context under-
standing and reasoning, with sequences averaging
approximately 97K tokens.
• We systematically evaluate current LLMs, un-

covering significant performance degradation when
processing lengthy spoken contexts and highlight-
ing the unique challenges posed by informal lan-
guage patterns.
• We propose a hybrid KV cache compres-

sion strategy, which combines multiple compres-
sion methods and achieves superior performance-
memory trade-offs, as identified through a compre-
hensive DEA-based efficiency analysis.

2 Related Work

Long-context Understanding Benchmarks.
Numerous benchmarks have been developed to
evaluate long-text understanding, predominantly
focusing on formal, written texts (Shaham
et al., 2022), with recent efforts also construct-
ing benchmarks for complex Chinese semantic
generation (Liu et al., 2025). Datasets such as TCE-
LongBench (Zhang et al., 2024b), Loong (Wang
et al., 2024) emphasize structured, coherent,
and information-dense content, while tasks like
document summarization, information retrieval,
and long-form question answering have been
extensively studied using datasets such as Narra-
tiveQA (Kočiskỳ et al., 2018), MultiNews (Fabbri
et al., 2019), and SQuAD 2.0 (Rajpurkar et al.,
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2018). Although these benchmarks have driven
progress in long-text understanding, their reliance
on formal language overlooks the challenges posed
by spoken language, characterized by disfluencies,
redundancy, and variability, which leads to models
that often struggle with real-world applications
such as live stream transcripts and conversational
logs.

Conversational and Spoken Text Processing.
Research in conversational text processing has
introduced benchmarks such as DailyDialog (Li
et al., 2017), PersonaChat (Zhang et al., 2018),
and DSTC (Williams et al., 2016), which fea-
ture short, goal-oriented dialogues with little noise
or redundancy. Traditional SLU datasets like
ATIS (Hemphill et al., 1990) and SNIPS (Coucke
et al., 2018) are also widely used but remain highly
structured and domain-specific with limited context.
In contrast, corpora such as Switchboard (Godfrey
et al., 1992) and CallHome (Kingsbury et al., 1997)
capture the irregular, fragmented nature of natural
spoken language, though restricted to telephony.
Live streaming platforms now provide diverse spo-
ken data, yet systematic collection and analysis are
scarce. Recent work in video summarization (Song
et al., 2015) and e-commerce dialogue datasets fur-
ther highlights the need for specialized methods,
as comprehensive solutions for long-form spoken
language understanding remain underdeveloped.

Spoken Long-Text Benchmarks: Gaps and
Advances. Existing long-text benchmarks focus
largely on formal written language, overlooking the
redundancy, informality, and variability of spoken
texts (Wang et al., 2025), and rarely test redundancy
reduction or long-context processing on authen-
tic spoken data (Chen and Chen, 2008). As sum-
marized in Table 1, LongBench (Bai et al., 2024)
provides rich content but with evidence often con-
fined to specific paragraphs; ∞Bench (Zhang et al.,
2024a), Marathon, and Loong (Wang et al., 2024)
extend context length but offer limited question di-
versity; L-Eval (An et al., 2024) and M4LE (Kwan
et al., 2024) include varied tasks but over shorter
inputs; and domain-specific datasets such as TCE-
LongBench (Zhang et al., 2024b) and FinTex-
tQA (Chen et al., 2024) target news or finance.
In contrast, LiveLongBench preserves extensive
context, covers a broader range of question types,
and integrates spoken linguistic features, making
it more representative of real-world spoken lan-
guage.

3 LiveLongBench

3.1 Basic Challenges

To study long-context understanding in realistic
spoken scenarios, we construct a dataset that cap-
tures the core challenges encountered in practice,
particularly informal language and high redun-
dancy (Li et al., 2023a). Next, we will describe
the construction process in detail.

Informal Language. Live streaming e-
commerce data often involves conversational
speech, contributing to the informality of the
language. Unlike formal text, live streaming
content typically consists of short, fragmented
utterances, leading to a high occurrence of
syntactic reduction (Gliwa et al., 2019). Addi-
tionally, interactive conversations with viewers
frequently introduce topic drift, where discussions
shift abruptly, making it difficult for models to
maintain contextual coherence (Wang et al., 2020).
These characteristics significantly increase the
complexity of document understanding compared
to well-structured formal text.

Examples of the informal language

▷ Syntactic Reduction:
“Big scarf, the discount area.”
Verbless

“This place, the focus of our vision.”
Right-Dislocation

▷ Topic Drift:
“This handbag is made of genuine leather and comes
in three colors. I bought one for my sister last week...
Oh, by the way, did you see the movie I talked about
yesterday?”
From product details to unrelated personal topics

High Redundancy. Live streaming transcripts
contain a substantial amount of filler words. To
emphasize key product features, presenters often
include repetitive content, reiterating the same in-
formation multiple times. Furthermore, interactive
dialogues introduce additional non-informative to-
kens, which inflate the overall length while lower-
ing the density of useful information (Dinkar et al.,
2020). This high redundancy poses challenges for
long-context processing, requiring models to ef-
ficiently filter out noise while retaining essential
details (Li et al., 2023b).
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Examples of the redundant content

▷ Filler Words:
“Um, okay, so, yeah, you know, like, I mean, actually,
basically...”

▷ Repetitive Content:
“This bag is beautiful, really beautiful, so beautiful! I
mean, it’s just beautiful!”

▷ Non-informative Tokens:
“This is really nice, you know? It’s just so good. Like,
really good, you know what I mean?”

3.2 Dataset Collection
To benchmark long-context understanding in spo-
ken language, we construct a dataset through the
pipeline illustrated in Figure 6 (Appendix A.3), de-
signed to capture real-world characteristics at scale
and support systematic evaluation across diverse
spoken tasks.

Data Source. We constructed the dataset from
Douyin (the Chinese version of TikTok) live stream-
ing e-commerce sessions, covering 11 major prod-
uct categories and 32 subcategories (e.g., apparel,
electronics, household goods) (Chang et al., 2024).
Each document primarily consists of host mono-
logues featuring informal expressions, repetitive
promotions, and frequent Q&A exchanges (see Sec-
tion 3.1), thus capturing the linguistic challenges of
real-world spoken language. Audio was transcribed
with Whisper, retaining repetitions and fillers to
preserve authenticity, following common practices
in speech-derived dataset construction (Ren et al.,
2025), while detailed ASR performance can be
found in Appendix A.3. Sensitive identifiers were
removed for privacy, and a light filtering step elim-
inated extreme noise (e.g., sentences repeated over
ten times), ensuring both realism and usability
for downstream analysis. In total, the benchmark
contains 967 evaluation instances across the con-
structed tasks, and detailed annotation protocol and
quality control procedures are provided in Ap-
pendix A.1.

3.3 Task Construction
Motivated by the study (Wang et al., 2024), we
define three primary task categories that align with
the inherent characteristics of spoken language
(see Figure 1): 1) retrieval-dependent tasks, which
challenge models to extract specific information
from lengthy and often redundant spoken content,

2) reasoning-dependent tasks, which require mod-
els to navigate informal expressions, filler words,
and fragmented structures to perform complex log-
ical inference, and 3) hybrid tasks, which combine
both retrieval and reasoning, reflecting real-world
spoken scenarios where models must identify rel-
evant details while simultaneously reasoning over
loosely structured discourse. For each task, ques-
tions are constructed from manually identified key
information spans or product attributes, requiring
models to perform information retrieval, logical
reasoning, or a combination of retrieval and reason-
ing across dispersed content.

Retrieval-Dependent Tasks. Retrieval in this
context refers to a model’s ability to locate spe-
cific information from spoken content, such as
identifying product return or shipping terms (i.e.,
task “Policy”), or extracting product specifica-
tions from a single document (i.e., task “Single”).
These tasks may require the model to find the listed
price of a product mentioned during a live stream
or to verify its attributes based on the host’s verbal
descriptions.

Reasoning-Dependent Tasks. Reasoning refers
to a model’s ability to infer information not ex-
plicitly mentioned in the spoken content by lever-
aging internal knowledge. This includes classify-
ing a product into the correct category (i.e., task
“Class”), which often requires external knowledge
about product types and market conventions, e.g.,
recognizing that a niche electronic device is a type
of wearable. It also includes summarizing key
points from lengthy and informal conversations
(i.e., task “Summary”), where the model must iden-
tify and synthesize essential information despite
redundancy and noise, such as distilling a coher-
ent summary from a promotional session with re-
peated slogans and off-topic remarks (Francia
et al., 2020).

Hybrid Tasks. Hybrid tasks combine both re-
trieval and reasoning, requiring models to first ex-
tract multiple relevant pieces of information from
spoken content and then synthesize them through
reasoning to form a coherent response. This in-
cludes answering questions that span multiple seg-
ments of a live streaming transcript (i.e., task
“Multiple Document QA”), where the model must
retrieve dispersed details based on semantic cues,
such as descriptions of shoe style, material, and
weight, typically scattered across different parts of
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Figure 1: Showcase of Three Evaluation Tasks in LiveLongBench.

the input. These attributes need to be accurately ex-
tracted and contextually integrated, challenging the
model’s ability to maintain coherence and perform
fine-grained semantic alignment (Chai et al., 2021).
Another example is the product price comparison
task (i.e., task “Price”), where the model must
identify price points mentioned at different times
or in varying contexts, reason about fluctuations,
detect potential discounts, and distinguish between
original and adjusted prices to support informed
comparison.

4 Experiments

Next, to answer the questions mentioned in Sec-
tion 1, we first report the performance of existing
large language models on LiveLongBench (Sec-
tion 4.1) and then introduce our new baseline for
context compression (Section 4.2).

4.1 Large Language Models

Experimental Setup. We investigate whether
foundation models can handle long and spoken

queries using both closed-source models (GPT-4o,
Gemini-1.5-pro, Claude-3.7-sonnet, GLM4plus)
and open-source models (Qwen2.5-7B 1, LLaMA-
3.1-8B 2, and Mistral-7B 3). Our experimental
setup ensures that each model is evaluated with
identical decoding and prompting settings while us-
ing each model’s native maximum context window.
To investigate the impacts of domain-specific fine-
tuning, we also include eCeLLM-M (Peng et al.,
2024) 4, a model fine-tuned from the large base
models Mistral-7B-Instruct for e-commerce, along-
side general-purpose LLMs. For evaluation met-
rics, we employ Exact Match (%), which assesses
whether the model’s output exactly matches the
ground-truth answer. This metric provides a strict
evaluation of model correctness. In addition, we
introduce a complementary metric, Score, which

1https://huggingface.co/Qwen/Qwen2.5-7B-Instruct
2https://huggingface.co/meta-llama/Llama-3.1-8B-

Instruct
3https://huggingface.co/mistralai/Mistral-7B-Instruct-

v0.3
4https://huggingface.co/NingLab/eCeLLM-M
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Score

Claimed Retrieval Hybrid Reasoning OverallLength Single Policy Avg. Multi Price Avg. Class Sum. Avg.

Human - 91.5 100.0 92.1 81.8 55.4 74.9 41.0 65.8 50.0 76.3

Closed

GPT-4o 128K 27.7 64.0 30.2 38.9 62.3 45.0 87.0 75.3 82.7 47.6
Gemini-1.5-pro 1000K 64.4 85.0 65.8 77.7 27.9 64.8 59.8 91.4 71.3 66.7
Claude-3.7-sonnet 200K 47.3 100.0 50.8 43.3 16.5 36.3 62.5 79.3 68.6 49.9
GLM4plus 131K 25.1 75.0 28.5 34.1 16.5 29.5 36.2 92.1 56.5 35.4

Open

Qwen2.5-7B 131K 17.1 20.0 17.3 42.0 16.7 35.4 35.7 78.1 51.1 31.5
LLaMA-3.1-8B 128K 19.2 74.6 23.0 30.9 33.2 31.5 39.7 64.1 48.6 31.9
Mistral-7B 32K 9.0 80.0 13.8 33.9 13.5 28.6 33.8 52.1 40.5 25.2
eCeLLM-M 32K 11.5 75.0 15.8 48.4 16.9 40.2 21.4 20.0 20.9 25.6

Exact Match (%)

Claimed Retrieval Hybrid Reasoning OverallLength Single Policy Avg. Multi Price Avg. Class Sum. Avg.

Human - 89.1 100.0 89.8 51.4 15.4 42.0 4.8 8.3 6.1 53.5

Closed

GPT-4o 128K 20.6 40.0 21.9 54.1 61.5 56.0 56.0 58.6 57.0 42.1
Gemini-1.5-pro 1000K 52.3 75.0 53.8 11.1 9.6 10.7 59.2 44.2 53.7 38.6
Claude-3.7-sonnet 200K 34.6 100.0 39.0 28.4 11.8 24.0 12.5 66.7 32.2 32.1
GLM4plus 131K 18.2 75.0 22.0 21.6 7.7 18.0 0.0 50.0 18.2 19.7

Open

Qwen2.5-7B 131K 10.9 0.0 10.2 16.2 6.7 13.7 0.0 30.8 11.2 11.7
LLaMA-3.1-8B 128K 12.8 72.7 16.8 6.7 10.0 7.5 11.5 6.9 9.9 11.9
Mistral-7B 32K 3.6 75.0 8.5 16.2 0.0 12.0 0.0 0.0 0.0 7.8
eCeLLM-M 32K 5.5 75.0 10.2 35.1 7.7 28.0 0.0 0.0 0.0 14.1

Table 2: Performance comparison of large language models, including closed-source models (GPT-4o (128k),
Gemini 1.5 Pro (1000k), Claude 3.7 Sonnet (200k), and GLM4plus (131k)) and widely used open-source models
(Qwen, LLaMA, and Mistral). eCeLLM-M is a domain-specific model fine-tuned from Mistral-7B-Instruct.

offers a softer and more fine-grained assessment by
capturing partial correctness and enabling a contin-
uous measure of model performance across tasks.

Findings on Research Question (1)

While closed-source models remain the
strongest, there is a clear gap compared
to humans, with retrieval tasks being the
most challenging for current models when
processing long spoken texts.

Comparison of Foundation Models. Table 2
presents the performance of various foundation
models 5 across tasks. Overall, we find that closed-
source models generally outperform open-source
ones, which may be due to their larger training
data and stronger overall modeling capacity. For
example, Gemini-1.5-pro achieves the highest over-
all score (66.7). However, a notable performance
gap remains between LLMs and human annota-

5For models with a maximum context length shorter than
the benchmark input (e.g., Mistral-7B, 32K), we truncated
inputs to the maximum supported length, ensuring consistency
with their native inference limits.

tors, that is, even with a 1M-token context win-
dow, Gemini-1.5-pro still falls short of human-level
performance (76.3), indicating the benchmark re-
mains challenging. In addition, we observe that
longer context windows substantially improve per-
formance on retrieval-related tasks, because mod-
els can access more complete information instead
of truncated inputs. Gemini-1.5-pro significantly
outperforms GLM4plus (131k context) in both re-
trieval (65.8 vs. 28.5) and hybrid tasks (64.8 vs.
29.5), demonstrating the benefit of extended con-
text. By zooming in on open-source models, we ob-
serve that Qwen2.5-7B and LLaMA-3.1-8B reach
overall scores of 31.5 and 31.9, respectively, ap-
proaching those of GLM4plus. In contrast, other
models tend to perform well only on a limited sub-
set of tasks. Specifically, Qwen2.5-7B performs
well in reasoning tasks, while LLaMA-3.1-8B ex-
cels at retrieval.

Impacts of Domain-specific Fine-tuning. Mod-
els pre-trained or fine-tuned in specialized domains
(e.g., finance, e-commerce) often exhibit deeper
knowledge in those areas, which can enhance rea-
soning or mitigate redundancy in domain-specific
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Figure 2: Performance of Context Compression Methods on LLaMA-3.1-8B-Instruct. “K.” denotes KIVI, “M.”
denotes MInference, and “L.” denotes LLMLingua, while “2x” and “4x” refer to compression ratios. Methods
shown in bold along the x-axis represent multi-methods. From left to right, the methods are arranged in descending
order of their Overall average scores. For each bar, the darker segment represents the “Exact Match (%)” score of
the corresponding method. Detailed results are provided in Table 6 in the Appendix.

tasks. As shown in Table 2, although Mistral-7B
is not explicitly designed for understanding long
contexts, domain-specific fine-tuning (eCeLLM-
M) still improves its effectiveness in certain long
input tasks. This improvement is likely attributed to
its adaptation to domain-specific patterns and struc-
tures through fine-tuning. Notably, eCeLLM-M
demonstrates superior performance in hybrid tasks
(40.2 in score and 28.0% exact match), likely due
to its enhanced domain understanding. However,
this specialization compromises its reasoning abil-
ity, resulting in the lowest reasoning score (20.9)
and the exact match of 0.0% among all the models
evaluated.

4.2 Context Compression Methods
LLMs show varying capabilities in long-context
scenarios, but often face challenges due to mem-
ory usage and computational overhead. To address
these limitations, we evaluate existing context com-
pression methods and introduce a simple yet effec-
tive baseline to improve their performance.

Experimental Setup. We evaluated representa-
tive context compression methods on LiveLong-
Bench to assess their utility for long-context under-
standing and their performance on retrieval, reason-
ing, and hybrid tasks. The evaluated methods fall
into three categories:
• Token pruning, which directly removes to-

kens deemed less relevant, exemplified by LLM-

Lingua (Pan et al., 2024).
• Attention sparsification, which reduces compu-

tational complexity by applying sparse attention
mechanisms, represented by MInference (Jiang
et al., 2024).
• Quantization, which compresses internal key-

value caches into lower-precision formats, as im-
plemented by KIVI (Liu et al., 2024b).

Additionally, we report the performance and re-
source usage of each model when applying com-
pression methods, ensuring a comprehensive as-
sessment of both accuracy and efficiency. To
illustrate the trade-offs introduced by different
strategies, Figure 2 visualizes the performance of
LLaMA-3.1-8B-Instruct across multiple compres-
sion settings. A detailed summary of the quantita-
tive results is provided in Table 6 in the Appendix.

Single-Method Analysis. Our analysis reveals
that different compression methods exhibit distinct
preferences across tasks. 1) Low-bit quantization
excels in retrieval tasks by retaining complete in-
formation, which is essential for such tasks. For
example, even under ultra-low-bit settings, KIVI
achieves the highest retrieval score (80.0) in the
policy task with minimal memory usage, but its
performance drops in other tasks due to informa-
tion loss from over-compression. The “Needle in
the Haystack” task (see Appendix B.5) further
validates KIVI’s retrieval advantage, highlighting
the role of information retention in accurate re-
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trieval. 2) In contrast, sparsification and token
pruning hinder retrieval by discarding information
but enhance reasoning performance. For instance,
LLMLingua, with a 4× compression rate, signifi-
cantly outperforms other single methods in reason-
ing tasks. This improvement is likely due to the
removal of redundant content, which serves as a
form of noise reduction, enabling models to focus
on essential semantic information. A case study
shows that LLMLingua-4× enhances key informa-
tion clarity (e.g., price) by eliminating redundancy.
Although compression is often introduced to reduce
computational cost in formal text, in long spoken
transcripts it also acts as a strong denoising step.
For instance, LLMLingua-4× surprisingly outper-
forms 2× (36.7 vs. 33.3), suggesting that heavier
compression can better suppress noise when redun-
dancy is high. This effect is not uniform across
tasks. Retrieval depends on access to detailed cues
scattered across long contexts, whereas reasoning
benefits more from cleaner inputs with less distrac-
tion. As compression changes what remains in the
transcript, its impact varies across task types.

Examples of Denoising Effects of Lingua4x

▷ Original Text:
“Let me show you this pair of gloves...”
<long noisy text>

“...rabbit wool thermal gloves, just 9.9 yuan per pair!
Item No. 1, available for two days. 9.9 yuan per pair,
9.9 yuan per pair!... ”
<long noisy text>
▷ Compressed Text by Lingua4x:

“...The Rabbit wool thermal gloves, just 9.9 yuan per
pair! 9.9 yuan per pair!...”

▷ Question:
“What is the price of the rabbit wool thermal gloves?”
▷ w/o Lingua4x Answer:
“8.8 yuan”
▷ w Lingua4x Answer:
“The price of the rabbit wool thermal gloves is 9.9
yuan per pair.”

Multi-Methods Analysis. Our analysis high-
lights that combining different compression strate-
gies can achieve extreme sparsity without com-
promising performance. Figure 2 shows that
MInference+LLMLingua-4× delivers the best over-
all performance, balancing retrieval and reasoning.
This strength likely stems from efficient memory
use and selective token retention. In comparison,
MInference+LLMLingua-2× excels in reasoning
tasks, particularly logical inference, due to its pri-

KIVI 4b
KIVI 2b

MInference

Lingua 2x

Lingua 4x

K. & M.

K. & L. 2x

M. & L. 4x

M. & L. 2x

M. & L. 4x

K. & M. & L. 2x

K. & M. & L. 4x

Figure 3: Efficiency Scores Based on DEA Analysis

oritization of critical tokens and attention heads,
though with slightly lower retrieval scores. KIVI
combined with LLMLingua and MInference sus-
tains strong retrieval but weakens reasoning, pos-
sibly due to excessive compression affecting long-
range coherence. Each method modifies the input
differently. Their effects do not fully overlap, so
some combinations still preserve enough relevant
content for stable performance under strong com-
pression.

Optimal Combination of Balancing Perfor-
mance and Memory. As shown in Figure 3,
to better understand the trade-offs between per-
formance and memory efficiency, we apply Data
Envelopment Analysis (DEA), a robust method
for evaluating the relative efficiency of different
context compression strategies. DEA is a non-
parametric approach that treats each method as a
Decision-Making Unit (DMU), where memory con-
sumption is considered the input and performance
(measured by average score) is the output. By con-
structing a linear programming model, we assess
the efficiency of each compression method, consid-
ering both their computational cost and ability to
maintain performance across tasks. The resulting
efficiency scores, illustrated in the figure, reveal
crucial insights: hybrid approaches, notably the
combination of KIVI, MInference, and LLMLingua-
2, emerge as the most efficient configuration overall.
This hybrid strategy strikes the best balance, effec-
tively improving performance while minimizing
memory usage. The results highlight that hybrid
methods outperform individual techniques by inte-
grating complementary strengths, making them an
ideal choice for applications like LiveLongBench,
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Findings on Research Question (2)

The combination of MInference and LLM-
Lingua achieves the best overall perfor-
mance, while integrating all three methods
(KIVI, MInference, and LLMLingua) strikes
the most balanced trade-off between perfor-
mance and memory efficiency.

where both performance and resource constraints
are critical.

5 Conclusion

We present LiveLongBench, the first benchmark
for evaluating long-context understanding in live-
stream spoken data, with sequences averaging ∼
97K tokens and extending beyond 500K. Our eval-
uation shows that current LLMs suffer notable per-
formance degradation when processing lengthy, in-
formal speech due to redundancy, colloquial expres-
sions, and complex discourse structures. To miti-
gate these challenges, we show that a hybrid com-
pression strategy combining multiple techniques
enhances both performance and memory efficiency.
Using DEA-based efficiency analysis, we deter-
mine the optimal balance among context length,
computational cost, and performance. Overall, the
study offers insights into long-context compression
and practical guidelines for improving LLM effi-
ciency in real-world spoken-language applications.

Limitations

Our work has several limitations. First, LiveLong-
Bench is primarily based on live streaming content,
which may not fully represent the variety of spoken
language found in other domains, such as academic
lectures or news broadcasts. However, this focus
was chosen to capture the dynamic and informal
nature of live communication. Second, the evalua-
tion process involves substantial annotation effort,
as assessing long-context understanding requires
bilingual experts to review extensive documents.
Future work should explore automated solutions to
reduce this cost while maintaining high evaluation
quality.

Ethical Considerations

All live streaming data were collected from pub-
licly accessible sessions in accordance with the plat-
form’s Terms of Service. Personally identifiable

information (PII) was systematically removed dur-
ing preprocessing to ensure user privacy, and only
de-identified transcripts are retained for research
purposes. The study protocol was reviewed for
compliance with institutional research ethics stan-
dards, and no direct interaction with human sub-
jects occurred beyond the use of publicly available
data. The released benchmark is distributed under
a research-only license, containing only metadata
and de-identified text to mitigate potential risks of
misuse.
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Appendix A Data

Appendix A.1 Human Annotators.
To facilitate the evaluation of LLMs, we employed
a group of students as human annotators to pro-
vide gold-standard labels for the datasets used in
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our study. These human-generated scores serve as
a reference point for comparing the performance
of various LLMs. We report Cohen’s κ for two-
annotator tasks and Fleiss’ κ for summary valida-
tion, with agreement ranging from 0.77 to 0.91.
Next, we will introduce the annotation process in
detail.

Selection of Annotators. We selected five stu-
dents with relevant background knowledge for the
task. The annotators have been trained to ensure
consistency and accuracy in their labeling, with a
focus on the specific requirements of our dataset.

Cost of the Annotation. The annotation task in-
volved five student assistants, each contributing
two full days of work. Each annotator was com-
pensated with 800 CNY, bringing the total cost of
the annotation effort to 4,000 CNY.

Quality Control. To maintain high annotation
quality, we conducted regular quality checks
throughout the process. This included cross-
checking annotations from different annotators and
resolving discrepancies through consensus or re-
view by senior researchers. Specifically, we applied
6 steps for the quality control (Luo et al., 2025): 1)
Detailed Annotation Guidelines and Training, com-
prehensive guidelines were developed and training
was conducted to ensure clear understanding of
the annotation criteria. 2) Pilot Annotation Round,
a pilot round was performed on a data subset to
refine guidelines and address potential ambigui-
ties. 3) Cross-Checking annotations, each anno-
tation was independently verified by at least two
annotators, with discrepancies flagged for review.
4) Consensus-Based resolution, conflicts were re-
solved through discussion; if consensus could not
be reached, senior researchers provided the final
decision. 5) Random Sample Review. A random
subset of annotations was regularly re-evaluated
by independent reviewers to ensure accuracy. 6)
Continuous Feedback Loop, regular team meetings
provide an ongoing channel for raising concerns
and implementing improvements.

Appendix A.2 Human Baseline

To establish the human baseline in Table 2, a sep-
arate group of participants directly answered the
benchmark questions. They completed the tasks
independently based on the full transcripts without
external tools. Because the transcripts are long,
noisy, and contain dispersed product information,

hybrid retrieval–reasoning tasks are particularly
challenging for humans, and missing a single re-
quired item results in an exact-match failure.

Appendix A.3 Further Analysis of the Data

LiveLongBench is constructed through a system-
atic data collection and processing pipeline, as il-
lustrated in Figure 6. The benchmark integrates
multiple task types relevant to long-context under-
standing in the live-streaming e-commerce domain,
ensuring a comprehensive evaluation of large lan-
guage models. The benchmark is multilingual, con-
sisting primarily of Mandarin live streaming tran-
scripts along with a smaller set of English sessions.
All data are analyzed in their original languages
to preserve linguistic authenticity. To provide a
clearer picture of the dataset composition, we re-
port additional statistics in this subsection. First,
Table 3 summarizes the distribution of product cat-
egories and subcategories across the e-commerce
domain, reflecting the breadth of coverage in our
benchmark. Next, Table 4 presents the detailed
statistics of each task in LiveLongBench, offering
a quantitative overview of task categories, instance
counts, and average input lengths. Although the
current release focuses on Chinese live streaming e-
commerce, the task design and evaluation protocol
are domain-agnostic and can be directly applied to
other long spoken scenarios such as lectures and
meetings.

ASR performance. We evaluated several ASR
systems, including Whisper, iFLYTEK 6, and
Paraformer-zh 7, to obtain accurate results. Us-
ing the JiWER package, we compared the tran-
scriptions with human-generated references and
calculated the Word Error Rate (WER) and Char-
acter Error Rate (CER) for the long live streaming
texts (see Table 5). We computed WER/CER on 48
hours of manually proof-read transcripts. Two an-
notators independently corrected outputs following
a written protocol; disagreements were adjudicated
by a senior reviewer. Metrics were computed with
jiwer. Although iFLYTEK achieved high accuracy,
it supports only 6-hour audio segments. For effi-
ciency, we used Whisper for transcription followed
by manual proofreading. After proofreading, Whis-

6iFLYTEK is a Chinese company known for
its high-accuracy speech recognition system (see
https://www.iflyrec.com/home/).

7Paraformer-zh is an automatic speech recognition
model developed by Alibaba DAMO Academy (see
https://huggingface.co/funasr/paraformer-zh).
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Category Subcategory Count Share (%)

Baby, Kids & Pets Pet Supplies 1 0.10
Baby, Kids & Pets Children’s Products 18 1.89
Baby, Kids & Pets Children’s Clothing 63 6.46
Baby, Kids & Pets Children’s Food 2 0.20
Digital & Electronics Digital Accessories 11 1.09
Digital & Electronics Audio & Video Equipment 9 0.89
Digital & Electronics Home Appliances 19 2.09
Miscellaneous General Categories 203 20.97
Jewelry & Collectibles Jewelry 58 5.96
Jewelry & Collectibles Collectibles 24 2.49
Food & Beverages Beverages 51 5.27
Food & Beverages Snacks 57 5.86
Smart Home Home Essentials 61 6.26
Smart Home Kitchenware 4 0.40
Smart Home Bedding 18 1.89
Smart Home Hardware Tools 22 2.29
Toys & Musical Instruments Musical Instruments 7 0.70
Toys & Musical Instruments Merchandise 4 0.40
Toys & Musical Instruments Toys 18 1.89
Beauty & Personal Care Makeup 30 3.08
Beauty & Personal Care Skincare 3 0.30
Beauty & Personal Care Beauty Devices 1 0.10
Shoes & Bags Men’s Shoes 63 6.46
Shoes & Bags Bags 3 0.30
Shoes & Bags Women’s Shoes 34 3.58
Apparel & Underwear Fashion Accessories 98 10.14
Apparel & Underwear Men’s Clothing 12 1.29
Apparel & Underwear Women’s Clothing 16 1.69
Apparel & Underwear Underwear & Hosiery 26 2.58
Sports & Outdoor Sports Equipment 14 1.49
Sports & Outdoor Bicycles 19 1.89

Table 3: Subcategory distribution (counts sum to their category total).

per’s transcription yielded a WER of 0.53% and
a CER of 0.31%, confirming the high accuracy of
our transcriptions.

Length of the Data. We present the statistics on
the length of LiveLongBench. Table 4 illustrates
the average number of tokens, languages, and test
instances across major categories (retrieval, reason-
ing, hybrid) and their fine-grained subcategories.
In addition, we use a bar plot (see Figure 5) to illus-
trate the distribution of data lengths in LiveLong-
Bench. As shown, the data follows a power-law
distribution, with the majority of instances con-
centrated below 220K tokens, while the overall
distribution extends beyond 500K tokens.

Word Cloud. To further explore the dataset, we
generate a word cloud representation in Figure 4
that highlights the most frequent terms across the
various categories and subcategories of LiveLong-
Bench. From this result, we observe a high degree
of redundancy in the content, with frequent terms
mostly consisting of discourse markers or exclam-
atory phrases, rather than being closely related to
specific content. This observation aligns with the
main challenges discussed in Section 3.1.
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Task Category Sub Task Category Task Sub Task

Avg. Token #Inst. Avg. Token Std. Token #Inst. Lang.

Retrieval Single Product Retrieval 132.11K 443 147.89K 158.72K 351 Zh
Logistics Policy Recognition 71.88K 54.67K 92 Zh

Reasoning Product Classification 20.80K 129 20.53K 31.19K 21 Zh
Live Stream Summary 24.38K 34.39K 69 Zh

Hybrid Price Comparison 85.07K 395 17.71K 106.15K 85 Zh
Multi Product Comparison 101.47K 112.28K 349 Zh

Table 4: Data statistics of LiveLongBench.

ASR WER CER Dur.

Whisper + Manual 0.53% 0.31% ∞
Whisper 12.74% 10.20% ∞
iFLYTEK 3.13% 2.35% 6h
Paraformer-zh 36.17% 26.69% ∞

Table 5: Word Error Rate (WER) and Character Error
Rate (CER) of different models

Figure 4: Word Cloud

Appendix B Additional Experimental
Details and Results

Appendix B.1 Evaluation Metrics.

We adopt two complementary metrics: (1) Exact
Match (EM), the percentage of predictions exactly
matching the ground truth, providing a strict mea-
sure of correctness. Because EM requires a fully
correct answer, missing a single required item re-
sults in zero credit. (2) Score, a softer metric that
assigns partial credit for answers with correct spans
or elements, averaged across tasks. Partial credit
is given when the answer is factually correct but
incomplete, or when minor numerical deviations
occur.
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Figure 5: Distributions of the length in LiveLongBench

Appendix B.2 DEA Model Specification.

To analyze performance–efficiency trade-offs, we
use an output-oriented CCR DEA model with mem-
ory usage (GB) as input and overall Score as output.
Each compression method is treated as a decision-
making unit, and efficiency is assessed against the
DEA frontier. The linear program is solved with
Pulp in Python. Robustness checks with ±5%
memory perturbation showed stable efficiency rank-
ings.

Appendix B.3 Detailed Results of
Compression Methods.

To evaluate the effectiveness of various KV cache
compression methods and their combinations, we
conduct experiments on LiveLongBench using
LLaMA-3.1-8B-Instruct. The detailed results, pre-
sented in Table 6, illustrate the performance of in-
dividual compression techniques as well as hybrid
approaches, providing insights into their impact on
long-context processing. The table details the ac-
curacy and overall scores achieved under different
configurations, highlighting the trade-offs between
compression efficiency and model performance.
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Figure 6: Illustrations of the Construction of LiveLongBench.

Appendix B.4 Optimal Combination of
Compression Methods with the
Effect of Self-Extend

Building upon our evaluation of KV cache compres-
sion methods, we further explore the integration of
Self-Extend (Jin et al., 2024), a self-regressive ex-
tension technique designed to enhance inference by
expanding the context window of existing LLMs.
As shown in Table 7, we incorporate Self-Extend
into two compression method combinations: (1) the
performance-optimal configuration, “MInference
(③) + LLMLingua 4× (⑤)”, and (2) the resource-
performance balanced configuration, “KIVI 4-bit
(①) + MInference (③) + LLMLingua 4× (⑤)”, iden-
tified using the DEA method. In the table, different
compression methods are denoted as follows: ①

for KIVI, ③ for MInference, ④ for LLMLingua 2×,
⑤ for LLMLingua 4×, and ⑥ for Self-Extend. Ex-
perimental results demonstrate that incorporating
Self-Extend (⑥) into the resource-optimal method
further enhances inference performance, reinforc-
ing the model’s ability to process long-context in-
puts effectively.

Appendix B.5 Needle-in-a-Haystack Test
We follow the work (Mohtashami and Jaggi, 2023)
to execute the Needle-in-a-Haystack Test. Needle-
in-a-Haystack (NIAH) is a style of synthetically

generated stress test designed to assess a language
model’s ability to retrieve specific information em-
bedded within a large volume of unrelated back-
ground text. The core task involves inserting a
critical piece of information at varying positions
within different lengths of irrelevant content and
then querying the model to recall this information
accurately. The corpus comprises live stream tran-
scripts characterized by high redundancy and infor-
mal, spoken language. The results are presented
in Figure 7. Specifically, Mohtashami and Jaggi
(2023) introduced a standardized passkey retrieval
task, in which a key phrase formatted as “The pass
key is <PASS KEY>. Remember it. <PASS KEY>
is the pass key” is inserted into background text
composed of repetitive generic sentences such as
“The grass is green. The sky is blue. The sun
is yellow. Here we go. There and back again.”
This formulation ensures that the task is purely fo-
cused on retrieval rather than inference. A variation
of NIAH proposed by Greg Kamradt replaces the
passkey with a more natural sentence, such as “The
best thing to do in San Francisco is eat a switch and
sit in Dolores Park on a sunny day,” which serves
as the retrievable target. In both formulations, the
objective for large language models (LLMs) re-
mains the same: they must successfully extract
the inserted key information from an overwhelm-
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Score

Mem. Retrieval Hybrid Reasoning Overall(GB) Single Policy Avg. Multi Price Avg. Class Sum. Avg.

Full OOM - - - - - - - - - -

① KIVI 4bit 11.4 11.2 80.0 15.8 22.7 16.2 21.0 23.1 58.8 36.1 22.4
② KIVI 2bit 11.2 15.1 80.0 19.5 21.9 7.7 18.2 10.5 19.2 13.6 17.7
③ Minference 15.7 21.6 57.1 24.0 24.1 17.0 22.2 19.5 58.3 33.6 25.6
④ Lingua 2x 37.2 26.0 67.5 28.8 41.2 8.5 32.7 28.3 66.3 42.1 33.3
⑤ Lingua 4x 25.9 22.7 52.5 24.7 46.6 25.0 41.0 39.5 72.5 51.5 36.7

①+③ 11.7 18.3 75.0 22.1 29.3 18.5 26.5 22.9 56.7 35.2 26.7
①+④ 17.3 19.9 60.0 22.6 36.1 35.9 36.0 15.4 55.0 29.8 29.0
①+⑤ 15.5 17.8 60.0 20.7 35.0 11.5 28.9 12.1 55.8 28.0 24.7
③+④ 18.7 22.6 61.7 25.2 34.6 24.1 31.9 28.1 80.7 47.2 32.7
③+⑤ 18.1 26.4 61.3 28.7 46.1 42.3 45.1 34.5 81.3 51.5 39.8

①+③+④ 9.6 17.6 60.0 20.4 34.7 31.5 33.9 18.6 61.7 34.2 28.4
①+③+⑤ 7.6 17.9 40.0 19.4 28.6 14.6 25.0 12.1 58.8 29.1 23.6

Exact Match (%)

Mem. Retrieval Hybrid Reasoning Overall(GB) Single Policy Avg. Multi Price Avg. Class Sum. Avg.

Full OOM - - - - - - - - - -

① KIVI 4bit 11.4 1.8 75.0 6.8 2.7 0.0 2.0 0.0 0.0 0.0 3.5
② KIVI 2bit 11.2 5.5 75.0 10.2 2.7 0.0 2.0 0.0 0.0 0.0 4.9
③ Minference 15.7 10.9 57.1 14.0 8.1 0.0 6.0 0.0 0.0 0.0 8.0
④ Lingua 2x 37.2 14.6 50.0 17.0 18.9 0.0 14.0 0.0 16.7 6.1 13.4
⑤ Lingua 4x 25.9 10.9 25.0 11.9 18.9 7.7 16.0 14.3 8.3 12.1 13.4

①+③ 11.7 12.7 75.0 17.0 10.8 7.7 10.0 0.0 0.0 0.0 10.6
①+④ 17.3 9.1 50.0 11.9 16.2 29.4 19.7 0.0 0.0 0.0 11.9
①+⑤ 15.5 10.9 50.0 13.6 13.5 0.0 10.0 0.0 8.3 3.0 9.9
③+④ 18.7 12.5 33.3 13.9 20.0 9.5 17.3 4.8 13.0 7.8 13.7
③+⑤ 18.1 20.0 25.0 20.3 16.2 15.4 16.0 9.5 8.3 9.1 16.2

①+③+④ 9.6 9.1 50.0 11.9 10.8 7.7 10.0 0.0 0.0 0.0 8.5
①+③+⑤ 7.6 9.1 25.0 10.2 10.8 0.0 8.0 12.5 8.3 4.9 7.8

Table 6: Performance of context compression methods on LLaMA-3.1-8B-Instruct.

ing amount of distractor text. Our implementation
of the NIAH task closely follows the passkey re-
trieval template proposed by Mohtashami and Jaggi
(2023). However, we introduce two key modifica-
tions: (1) the use of a 7-digit passkey instead of a
generic phrase, and (2) the replacement of artifi-
cially structured background text with colloquial
multi-domain live-streaming transcript fragments.
This adjustment more closely reflects real-world
applications where models must filter out irrele-
vant conversational noise while preserving and re-
trieving critical embedded information. Following
the Needle-in-a-Haystack implementation and Reid
et al. (2024), the general retrieval prompt structure
is as follows: "There is an important piece of infor-
mation hidden inside a large volume of irrelevant
text. Your task is to find and memorize it. I will
later quiz you about this information." A standard
filler, such as excerpts from Paul Graham’s essays,
precedes the inserted passkey phrase: "The pass

key is <7-DIGIT PASS KEY>. Remember it.
<7-DIGIT PASS KEY> is the pass key." A
suffix filler follows, after which the
model is prompted with: "What is the pass
key?" Our results highlight the unique advantage
of low-bit quantization in preserving retrieval per-
formance, aligning with previous findings that re-
taining more information is critical for accurate
retrieval. KIVI effectively reduces memory usage
while maintaining retrieval accuracy, reinforcing
the importance of information retention in long-
context tasks. In addition, we also observe that
the combination of MInference+KIVI consistently
achieves strong retrieval performance, validating
the effectiveness of hybrid compression methods
in balancing efficiency and accuracy.
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Score

Mem. Retrieval Hybrid Reasoning Overall(GB) Single Policy Avg. Multi Price Avg. Class Sum. Avg.

③+⑤ 18.1 26.4 61.3 28.7 46.1 42.3 45.1 34.5 81.3 51.5 39.8
③+⑤+⑥ 18.1 18.7 68.8 22.1 39.7 43.5 40.7 36.7 72.1 50.0 35.0

①+③+⑤ 7.6 17.9 40.0 19.4 28.6 14.6 25.0 12.1 58.8 29.1 23.6
①+③+⑤+⑥ 7.6 14.6 52.5 17.2 29.7 21.5 27.6 21.4 60.8 35.8 25.2

Exact Match (%)

Mem. Retrieval Hybrid Reasoning Overall(GB) Single Policy Avg. Multi Price Avg. Class Sum. Avg.

③+⑤ 18.1 20.0 25.0 20.3 16.2 15.4 16.0 9.5 8.3 9.1 16.2
③+⑤+⑥ 18.1 12.7 25.0 13.6 16.2 7.7 14.0 14.3 25.0 18.2 14.8

①+③+⑤ 7.6 9.1 25.0 10.2 10.8 0.0 8.0 12.5 8.3 4.9 7.8
①+③+⑤+⑥ 7.6 3.6 25.0 5.1 10.8 7.7 10.0 9.5 9.1 7.3 7.8

Table 7: Optimal Combination of Compression Methods with the Effect of Self-Extend

Appendix C Case Study on the
Performance of Different
Compression Methods.

To help readers better understand the impact of
KV cache compression methods on predictions, we
provide several case studies in Figure 8 and Fig-
ure 9. The presented examples have been translated
into English for ease of understanding and presen-
tation. All analyses and evaluations, however, were
performed on the original-language transcripts to
maintain the authenticity of the spoken data.

Appendix D LLM Usage

We use LLMs solely to check and correct grammat-
ical errors in our paper.
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(d) LLMLingua2-2x
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(e) LLMLingua + KIVI
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(f) MInference + KIVI
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(g) Lingua + MInference
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(h) Lingua + MInf + KIVI

Figure 7: Needle-in-a-Haystack results for each method on Llama-3-8B-Instruct. A 20k-word input corresponds to
approximately 28k tokens.
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Figure 8: Case Study of Retrieval-Dependent & Hybrid Tasks.29731



Figure 9: Case Study of Reasoning-Dependent Tasks.
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