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Abstract

Many-shot in-context learning (ICL) lets large
language models exploit hundreds or thou-
sands of demonstrations, but its cost grows
with the prompt. We argue that many-shot
demonstrations carry two kinds of information:
task-level information, such as task structure,
which emerges only across many examples, and
instance-level information, such as exact input-
output associations and rare exceptions, which
resides in individual demonstrations. Exist-
ing efficiency methods commit all information
to a single placement: demonstration retrieval
keeps a few demonstrations as raw text, while
context compression places the full pool into a
compact memory. We study where each kind
of information should be placed. On Manyl-
CLBench, each one-sided method falls short on
tasks that depend on the information it discards,
while combining the two retains much of the
full many-shot performance at a much smaller
inference budget. Synthetic tasks further show
that compressed memory and retrieved exam-
ples can complement each other but sometimes
interfere.

1 Introduction

Large language models (LLMs) adapt to new tasks
through In-Context Learning (ICL; Brown et al.,
2020) by conditioning on demonstrations in the
prompt. With longer context windows, many-shot
ICL with hundreds or thousands of demonstrations
provides richer information about the target task
(Agarwal et al., 2024), but its cost grows with the
prompt: longer demonstration prefixes increase
prefill computation and enlarge the key-value (KV)
cache (Bertsch et al., 2025).

We argue that many-shot demonstrations carry
two kinds of information. 7ask-level information,
such as task structure and label semantics, emerges
only across many examples, while instance-level
information, such as exact input-output associa-
tions and rare exceptions, resides in individual

(a) Retrieval

,,,,,,,,,,,,,,,,,,, Query D
Many-shot demos ] ] '
- Task-level ------- ] ) —| LLM
Information 0 __Kretrieved demos _;
J X Task-level
Demo 1 ! V Instance-level
i (b) Compression
D Demo 2 E T —— Query D
| alldemos; (® TEC R l
! ! | =m am |
DDemo3 . E_, LU —»| LLM
| ! compressed memory )

Vv Task-level

|
|
|
|
|
|
|
|
|
I
|
I
|
I
|
I
|
I
|
I
1
I
I
X Instance-level
I
|
|
|
|
|

all demos / ragk-jevel
Vv Instance-level

Figure 1: Three ways to place many-shot demonstra-
tions under a limited budget. (a) Retrieval keeps a few
demonstrations verbatim, preserving instance-level in-
formation (orange) but only part of the task-level infor-
mation (blue); (b) compression covers all demonstra-
tions but loses instance-level details first; (c) combining
them aims to keep both.

demonstrations. Existing efficiency methods pre-
serve only one side (Figure 1): demonstration re-
trieval (Liu et al., 2022) keeps a few query-relevant
demonstrations as raw text but loses global struc-
ture, while context compression places the full pool
into a latent representation (Nawrot et al., 2024;
Chevalier et al., 2023) or a textual summary (Honda
et al., 2025) but weakens rare local evidence.

In this work, we study where each kind of infor-
mation should be placed when the full pool cannot
be kept as raw text. We hypothesize that task-level
information, being more robust to compression,
belongs in compressed memory, whereas instance-
level information must remain in raw text. On
ManyICLBench (Zou et al., 2025), we compare
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compression only, retrieval only, and their combina-
tion (task-level compression with instance-level re-
trieval), all built from the same demonstration pool.
Each one-sided configuration falls short on tasks
that depend on the information it discards, while
the combination retains much of the full many-shot
performance at lower latency.

We further construct two synthetic tasks, each
isolating one kind of information. Global Rule
Induction requires inferring a rule spread across
many demonstrations, while Local-Exception Han-
dling requires recalling sparse overrides of per-key
defaults. Neither one-sided method matches full
many-shot prompting on both tasks: retrieval only
falls short on the former and compression only fails
on the latter, while the combination performs on
par with it on both.

Our contributions are: (1) we distinguish task-
level and instance-level information in many-shot
demonstrations and study where each should be
placed; (2) on ManyICLBench, we show that com-
bining compressed memory with a few retrieved
demonstrations preserves much of the many-shot
performance at lower latency, especially on similar-
sample learning tasks; and (3) with synthetic tasks,
we show that compression loses exceptions first,
and that even retrieved exceptions can be overrid-
den by default labels.

2 Placing Task- and Instance-Level
Information

We now formalize how each existing efficiency
method relates to the two information types intro-
duced in Section 1. Given a demonstration pool
D = {(xi,y;)}!'_, and a query z, standard many-
shot ICL conditions on

po(y | Text(D), z). (1)

Retrieval is exact but local. Demonstration re-
trieval (Liu et al., 2022) keeps a query-dependent
subset S (x, D) C D as raw text:

po(y | Text(Sk(z, D)), ). (2)

The selected demonstrations enter verbatim, so the
exact content of those k examples, including any
rare exception retrieved, is preserved at full fidelity.
The remaining n — k demonstrations are dropped,
so task-level regularities distributed across the full
pool must be inferred from only k examples and
are recovered at most partially.

Compression is global but lossy. Context com-
pression methods replace D with a compact mem-
ory M (D), either a textual summary M (D) or
a compressed KV representation My, (D):

poly | M(D), ). 3)

Here M (D) does not keep any single demonstra-
tion as-is; it is a coarsened representation derived
from all of D. Because task-level information is ex-
pressed redundantly across many demonstrations,
we expect it to degrade more gracefully under such
lossy aggregation than instance-level information,
which is concentrated in a single demonstration
and is therefore likely to be lost first.

Combining the two placements. Since the two
placements lose different information first, combin-
ing them may retain more of both. We therefore
also consider a compressed memory of the full pool
with a few retrieved demonstrations as raw text:

po(y | M(D), Text(Sk(x, D)), x). (4

The memory carries task-level information aggre-
gated from all n demonstrations, while the retrieved
demonstrations restore the instance-level evidence
most relevant to the query.

3 Experimental Setup

3.1 Models

We use Qwen3-14B (Yang et al., 2025) and
Gemma3-27B (Team, 2025). Both models are run
in bfloat16 with greedy decoding. For Qwen3-14B,
we disable the thinking mode so that the model
directly outputs the final answer.

3.2 Demonstration Pool and Budgets

For each seed and context length L €
{1k, 2k, 4k, 8k, 16k} tokens, we sample a demon-
stration pool D that fills L tokens as raw text. All
methods start from the same pool D and the same
test queries, and differ only in how the information
in D is placed in the context. Unless otherwise
noted, we report scores averaged over the five con-
text lengths.

3.3 Latency

We measure wall-clock latency per query on a sin-
gle NVIDIA A100 GPU. Operations performed
once per pool, namely prefilling and compressing
the demonstration prefix, are amortized over the
test queries that share the pool; query-dependent
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SSL ASL
BBH- BBH- BBH- BBH- ARC-
BANKING77 CLINC150 TREC50 DialogRE geometric salient languages word GSMSK Challenge XLSUM

Qwen3-14B

Many-shot 0.788 0.862 0.505 0.168 0.599 0.591 0.126 0.336  0.929 0.924 0.221
Retrieve 0.796 0.869 0.501 0.168 0.602 0.583 0.165 0.309  0.909 0.922 0.218
Summ. 0.652 0.756 0.442 0.168 0.376 0.578 0.082 0.250  0.706 0.713 0.202
Latent 0.748 0.868 0.503 0.161 0.439 0.579 0.126 0.329  0.925 0.929 0.202
Summ. + Retrieve 0.753 0.816 0.530 0.190 0.547 0.589 0.099 0.306  0.745 0.772 0.220
Latent + Retrieve 0.803 0.885 0.556 0.176 0.551 0.605 0.188 0314 0918 0.925 0.206
Gemma3-27B

Many-shot 0.780 0.900 0.547 0.354 0.572 0.644 0.270 0.552  0.905 0.904 0.257
Retrieve 0.799 0.890 0.546 0.345 0.542 0.610 0.180 0.382  0.892 0.903 0.244
Summ. 0.740 0.861 0.528 0.331 0.450 0.614 0.238 0.526  0.701 0.913 0.210
Latent 0.772 0.848 0.526 0.304 0.446 0.658 0.278 0.542  0.934 0.898 0.221
Summ. + Retrieve 0.816 0.902 0.574 0.364 0.554 0.612 0.302 0412  0.769 0.878 0.238
Latent + Retrieve 0.835 0.905 0.620 0.360 0.576 0.606 0.284 0.536  0.925 0.873 0.257

Table 1: Results on ManyICLBench using Qwen3-14B and Gemma3-27B. SSL (similar-sample learning) tasks rely
on query-relevant demonstrations, whereas ASL (all-sample learning) tasks rely on information aggregated across
the pool. We average scores over context lengths of 1k, 2k, 4k, 8k, and 16k tokens. We use k = 8 and ¢ = 0.75

where applicable. Scores are reported on a 0—1 scale.

prefill, retrieval, and decoding are measured per
query. Summary generation for Summ. is per-
formed offline once per pool and is excluded from
the reported latency.

3.4 Methods

We instantiate the placements in Section 2 as six
methods. Many-shot places all of D as raw text.
Since every other method sees either a subset or a
compressed form of the same D, we treat Many-
shot as a reference for how much of the pool’s
information is available. Retrieve keeps the top-k
demonstrations ranked by BM25. Summ. replaces
D with a summary generated once per pool by
the evaluated model (Honda et al., 2025). Latent
compresses the KV cache of D with ExpectedAt-
tentionPress (Devoto et al., 2025) at compression
ratio ¢ (the fraction of KV entries removed), leav-
ing the system prompt and query uncompressed.
Summ.+Retrieve and Latent+Retrieve append
the k retrieved demonstrations as raw text to the
same memory. We use k = 8 and ¢ = 0.75. See
Appendix B.3 for details.

4 Experiments on Real Tasks

4.1 Task and Evaluation

We evaluate on ManyICLBench (Zou et al.,
2025), which groups many-shot ICL tasks into
similar-sample learning (SSL), where query-
relevant demonstrations matter, and all-sample
learning (ASL), where information aggregated
across the pool matters. Following the bench-
mark setup, we use eleven tasks. The SSL tasks

are BANKING77 (Casanueva et al., 2020) and
CLINCI150 (Larson et al., 2019) for intent clas-
sification, TREC50 (Li and Roth, 2002) for ques-
tion classification, DialogRE (Yu et al., 2020) for
relation extraction, and BBH-geometric (Suzgun
et al., 2023) for geometric reasoning. The ASL
tasks are BBH-salient, BBH-languages, and BBH-
word from BIG-Bench Hard (Suzgun et al., 2023),
GSMBSK (Cobbe et al., 2021) for math reasoning,
ARC-Challenge (Clark et al., 2018) for science
question answering, and XLSUM (Hasan et al.,
2021) for summarization. We report macro-F1
for classification and relation extraction, ROUGE-
L for XLSUM, and accuracy otherwise (Ap-
pendix B).

4.2 Main Results

Table 1 shows the results. Latent alone stays close
to Many-shot on some tasks, such as GSM8K
and ARC-Challenge, but drops on others, such as
BBH-geometric (0.489 vs. 0.599 for Qwen3-14B;
0.446 vs. 0.572 for Gemma3-27B) and XLSUM.
This suggests that compressed latent memory
can retain task-level information while exact
local evidence is less reliably preserved. On SSL
tasks, adding retrieved demonstrations to the
latent memory improves over Latent on all five
tasks for both models. Latent+Retrieve outper-
forms Many-shot on BANKING77, CLINC150,
TRECS50, and DialogRE for both models, and
achieves the best score among all methods on three
of the five SSL tasks for Qwen3-14B and four
for Gemma3-27B. On ASL tasks, the picture is
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Figure 2: Performance—-latency trade-off on SSL tasks in ManyICLBench using Qwen3-14B.
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Figure 3: Performance-latency trade-off on ASL tasks in ManyICLBench using Qwen3-14B.

mixed. Latent+Retrieve improves over Latent on
BBH-languages and XLSUM for both models, but
Many-shot remains the best on BBH-word for both
models, and for Gemma3-27B, Latent alone is the
best on BBH-salient and GSM8K. When a task
relies on information aggregated across the pool,
a few retrieved demonstrations add little and can
even distract from the signal already carried by the
full context or its compressed memory.

4.3 Performance-Budget Trade-offs

Figures 2 and 3 show the performance—latency
trade-off on SSL and ASL tasks, respectively. Sum-
marization is fast but often loses accuracy, while
full Many-shot prompting is strong but costly. On
SSL tasks, Latent+Retrieve achieves a favorable
trade-off, often matching or exceeding Many-shot
with lower latency. On ASL tasks, the trend is more
mixed: Latent+Retrieve improves some tasks, but
full Many-shot or Latent remains stronger when
globally aggregated information or formatting cues
are sensitive to compression.

5 Synthetic Diagnostic Tasks

The ManyICLBench results suggest that com-
pressed memory and retrieved demonstrations pro-
vide complementary benefits. However, real tasks
mix many factors, including task format, label se-
mantics, reasoning difficulty, and retrieval quality.
To isolate the source of these gains, we construct
two synthetic diagnostic tasks that separately test

task-level and instance-level information.

5.1 Task Design

Global Rule Induction. This task tests whether
a method can infer task-level structure distributed
across many demonstrations. Internally, each ex-
ample is generated from a six-attribute record

r; = (ai> bi7 Ci, dia €i, mi)a

and its label is produced by a hidden seed-specific
rule,
fz‘ = f s (r’L)

The model observes only serialized input-output
demonstrations. Test queries do not repeat records
from the demonstration pool, so success requires
inferring the global rule rather than copying a local
match. The full data-generation rule is described
in Appendix A.1.

Local-Exception Handling. This task tests
whether a method can recall sparse exceptions that
override dense key-specific evidence. Demonstra-
tions define a base assignment function fhase(k)
and sparse override assignments foyerride(k). The
prediction rule is as follows:

foverride (k)
fbase (k)

Thus, default queries require a key’s base entry,
while exception queries require its sparse override,
which takes priority. The full data-generation pro-
cedure is described in Appendix A.2.

if an override for k is present,

otherwise.

3550



Method

Many-shot 0.572
Retrieve 0.440
Global rule Summ. 0.335
Latent 0.391
Summ.+Retrieve 0.475
Latent+Retrieve  0.566
Many-shot 0.841
Retrieve 1.000
Local exception Summ. 0.345
Latent 0.158
Summ.+Retrieve 0.610
Latent+Retrieve  0.871

Table 2: The synthetic diagnostic results using Qwen3-
14B. We use k = 8 and ¢ = 0.75 where applicable.

5.2 Evaluation

We evaluate each task with three random seeds
under the context budgets in Section 3, with 256
test queries per seed-budget setting. Accuracy is
measured by exact match against the gold label.

5.3 Results

Table 2 shows the results. On Global Rule Induc-
tion, Retrieve is substantially worse than Many-
shot, confirming that a small set of local demonstra-
tions is insufficient to recover structure distributed
across the full pool. Latent alone also drops (0.391),
but it retains about two-thirds of Many-shot ac-
curacy, far more than on Local-Exception Han-
dling (less than a fifth). Latent+Retrieve nearly
matches Many-shot, improving over Retrieve by
0.126; since the two differ only in the compressed
memory, this gain reflects task-level information
carried by the memory. On Local-Exception Han-
dling, Retrieve achieves the best score, showing
that explicit local evidence is crucial for rare ex-
ceptions. In contrast, Latent performs poorly, in-
dicating that compressed memory can lose sparse
instance-level information. Latent+Retrieve largely
recovers this loss by restoring exception evidence
as raw text.

Overall, the synthetic results support our hypoth-
esis: task-level information benefits from access to
the full demonstration pool, while instance-level
information needs to remain explicit. Combining
compressed memory with retrieved demonstrations
performs on par with Many-shot on both tasks,
whereas neither one-sided method does.

5.4 Effect of compression

Figure 4 varies the compression ratio ¢ with k = 8
and splits Local-Exception Handling into default
and exception queries. For Latent alone, exception

—— Latent —=— Latent+Retrieve (k=8) -- Many-shot Retrieve (k=8)

(a) Global rule (b) Default queries (c) Exception queries
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Figure 4: Accuracy under increasing compression ra-
tio ¢ on the synthetic tasks. We report Global Rule
Induction in (a), and split Local-Exception Handling
into default queries (b) and exception queries (c). Many-
shot and Retrieve do not depend on c and are shown as
horizontal lines.

accuracy collapses already at ¢ = 0.75 (0.221 —
0.009), while Global Rule Induction remains stable
(0.364 — 0.391) and degrades only at ¢ = 0.90,
confirming that compression removes instance-
level information first. Adding retrieval restores
default queries (>0.98), but exception accuracy
still falls from 0.781 to 0.214 as c increases, far be-
low Retrieve alone (1.000). This is not a retrieval
failure: the correct override is always retrieved,
and 89.6-100% of errors return the key’s default
value. The same errors dominate whenever default-
supporting context grows, as in Retrieve with k =
16 (0.812) and Many-shot (0.695), suggesting that
retrieved exceptions compete with the prevalence
of base labels, a task-level prior that compression
may strengthen by discarding overrides first.

6 Conclusion

We studied where task-level and instance-level in-
formation in many-shot demonstrations should be
placed under a limited inference budget. On Many-
ICLBench, each one-sided placement fell short on
tasks that depend on the information it discards,
while combining a compressed KV memory of the
full pool with a few retrieved demonstrations as raw
text retained much of the many-shot performance
at lower latency, particularly on similar-sample
learning tasks. Synthetic tasks further showed that
compression loses exceptions first, and that even
retrieved exceptions can be overridden by default
labels. Future work could adaptively balance com-
pressed memory and raw text.

Limitations

This study has several limitations. First, our eval-
uation is based on ManyICLBench, which covers
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a range of classification, reasoning, question an-
swering, relation extraction, and summarization
tasks, but does not cover all possible many-shot
ICL settings. More open-ended generation, tool-
use, domain-specific, and multilingual scenarios
may require different allocations of task-level and
instance-level information.

Second, the combination method depends on
both compression quality and retrieval quality. If
compression removes task-relevant global struc-
ture, or if retrieval selects irrelevant or distracting
demonstrations, the combination may provide lim-
ited gains.

Third, we do not fully explore adaptive alloca-
tion strategies. In this work, the number of re-
trieved demonstrations and the compression con-
figuration are fixed in most settings. Future work
could dynamically choose how much information
to store in compressed memory and how much to
preserve as raw retrieved demonstrations.

Finally, our synthetic diagnostic tasks are inten-
tionally simplified to isolate task-level and instance-
level information. While they support our interpre-
tation, real tasks often combine global structure,
local exceptions, formatting constraints, and rea-
soning difficulty in more complex ways.
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A Synthetic Diagnostic Datasets Details

A.1 Global Rule Generation
The global rule induction task is generated from a
structured record

r = (a,b,c,d,e,m).

The model does not observe the rule directly. It
only observes serialized input-output pairs (z, y),
where © = Text(r) and y = Text(¥).

For each seed s, the record is mapped to one of
four labels through two hidden bits. First, attribute
a determines the first bit:

BO = ga(a)v

where g, assigns each value of a to a hidden group
in {0,1}.

The second bit is determined by two trigger con-
ditions:

the =W[b e By Nce CY,
tgem = W[d = diAge(e) = 1Am =1 (mod 2)].

Then,
61 = tpe V tdem-

The two bits define a code
q = Po + 2P,

which is mapped to a surface label by a seed-
specific label mapping:
¢=1Ls(q), qe€{0,1,2,3}.

The code assignment is summarized as follows:

B1 Bo q
0O 0 O
0o 1 1
1 0 2
1 1 3

An example serialized prompt is shown below:

Input: item a=a@1; b=b3; c=cC; d=d0; e=e@4; m
=3.
Label: GB9

Input:
=0.
Label: GU9

item a=a@7; b=b2; c=cD; d=d1; e=e@1; m

Input:
=8.
Label: GU9

item a=a06; b=b0d; c=cA; d=d0; e=e@5; m

Input:
=4,
Label:

item a=a04; b=bl; c=cB; d=d0; e=e@2; m

A.2 Local-Exception Generation

For the nominal context settings of 1k, 2k, 4k, 8k,
and 16k, pools contain 50,99, 198, 396, and 792
distinct opaque keys, respectively. For each seed,
frase(k) assigns each key pseudorandomly to one
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of four default labels. Each base assignment ap-
pears once; keys have no observable group struc-
ture.

We designate 5,11,22,44, and 88 keys as ex-
ceptions, respectively (10% of keys at 1k and ap-
proximately 11.11% otherwise). Each exception
key receives one additional override demonstration,
with a value from four override labels disjoint from
the default labels. Overrides appear 8—32 base as-
signments after their corresponding base entries
and take priority over them.

For each seed and context setting, we evaluate
256 queries, equally split between default and ex-
ception queries. All queried keys occur in the
pool; keys are reused when necessary. Targets
are fhase(k) and foverride (k). respectively. We use
seeds 0, 1, and 2.

An abridged example follows; ellipses indicate
omitted demonstrations. The correct answer is
LEO-NEXA-997-135

Input: base assignment key=KEY-D2873B5BF@
Label: LEB-EMBER-00-418

Input: override assignment key=KEY-D2873B5BF0@
Label: LEO-NEXA-997-135

Input: key=KEY-D2873B5BF@
Label:

B ManyICLBench Details

B.1 Task Groups, Metrics, and Evaluation
Sizes

ManyICLBench categorizes tasks into two broad
groups: similar-sample learning (SSL) and all-
sample learning (ASL). SSL tasks are designed so
that query-relevant demonstrations are especially
important, while ASL tasks require using informa-
tion distributed across the demonstration pool. This
distinction is useful for our study because it roughly
separates settings where retrieved demonstrations
should help from settings where broader many-shot
context may be needed.

Table 3 summarizes the tasks used in our real-
task experiments. For classification and relation-
extraction tasks, we report macro-F1. For BBH
tasks, GSMS8K, and ARC-Challenge, we report
accuracy. For XLSUM, we report ROUGE-L.

B.2 Prompting and Parsing Details

We follow the ManyICLBench evaluation protocol
whenever available and keep the task formatting
fixed across allocation methods. For classification-
style tasks, the model is instructed to output only
the final label or intent. For BANKING77 and
TREC_50, we include the allowed label set in the
query-side prompt to reduce invalid outputs. For
BBH-LANGUAGES, we use a compact backtick-
delimited format and strip backticks during answer
parsing.

All methods are evaluated with the same test
examples, random seeds, context-length budgets,
decoding settings, and task-specific parsers.

B.3 Retrieval and Compression Details

We implement KV-cache compression using
ExpectedAttentionPress from the KVPress li-
brary (Devoto et al., 2025). We evaluate compres-
sion ratios ¢ € {0.50,0.75,0.90}, corresponding
to retained KV ratios of 1 — c. We divide each
prompt into the system prompt, the demonstration
prefix, retrieved demonstrations, and the query. We
apply KV-cache compression only to the demon-
stration prefix, while leaving the system prompt
and query uncompressed. For Latent+Retrieve, we
insert the retrieved demonstrations as additional
raw text without compression. Thus, Latent and
Latent+Retrieve share the same compressed rep-
resentation of the demonstration prefix, and differ
only in whether they additionally expose query-
specific demonstrations as raw text.
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Task Group Task Type Metric Eval. Size

BANKING77 SSL intent classification macro-F1 600
CLINC150 SSL intent classification macro-F1 600
TRECS50 SSL question classification macro-F1 600
DialogRE SSL relation extraction macro-F1 600
BBH-geometric SSL geometric reasoning accuracy 300
BBH-salient ASL translation error detection  accuracy 300
BBH-languages ASL formal-language reasoning accuracy 300
BBH-word ASL algorithmic reasoning accuracy 300
GSMSK ASL math reasoning accuracy 600
ARC-Challenge ASL science question answering accuracy 600
XLSUM ASL summarization ROUGE-L 600

Table 3: ManyICLBench task details used in our experiments. Eval. Size denotes the typical number of evaluated
examples per task and context-length cell across three seeds.
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