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Abstract
Financial decision-makers face more informa-
tion than they can directly inspect, making con-
text compression necessary. Yet when large
language models (LLMs) compress financial
source material, they can alter the investment
judgment supported by the original source.
We frame this problem as information fidelity:
compression loses fidelity when it changes the
decision induced by the source. In agentic sys-
tems, such losses may recur across intermediate
steps and amplify throughout the decision pro-
cess. Across financial filings and earnings-call
transcripts, we find that LLM-based compres-
sion can produce fluent and factually plausi-
ble compressed contexts that nevertheless al-
ter downstream decisions. We analyze two di-
agnostic patterns associated with fidelity loss:
decontextualization, where salient evidence is
retained but separated from the caveats and con-
textual qualifiers needed for correct interpreta-
tion, and model dependency, where different
compressors expose different views of the same
source. We then propose Agentic Context Com-
pression, which generates multiple candidate
compressions and audits their disagreements
against the original source. Our results suggest
that financial compression should be evaluated
not only by efficiency or factuality, but also by
its ability to preserve decision-relevant context.

1 Introduction

Large language models (LLMs) are increasingly
used to compress long documents into shorter con-
texts before those contexts are passed to another
model or a human decision-maker. In high-stakes
domains such as finance, the resulting short context
is useful only if it preserves the source evidence
needed to support the decision.

A preprint of this work is available at https://arxiv.
org/abs/2606.29251.
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Figure 1: Compression-induced decision flip. Context
compression can cause a decision-maker to reach a dif-
ferent decision from the one supported by the original
source. For example, information that supports a bullish
decision in the original source may lead to a bearish
decision after compression.

Long-context compression is also inherently
open-ended. A financial source text has no sin-
gle correct summary because different summaries
can select different evidence while remaining flu-
ent and plausible. This paper studies a simple but
consequential failure mode: an LLM-compressed
representation can lead a decision-maker to make a
financial judgment that differs from the judgment
supported by the full source text, as shown in Fig-
ure 1. The issue is not limited to hallucination or
factual inconsistency. It also depends on which
evidence remains visible, how it is contextualized,
and how competing signals are balanced.

Existing compression evaluations often measure
reconstruction, factual consistency, or surface-level
information preservation (Łajewska et al., 2025),
but they do not directly test whether compression
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preserves the decision supported by the original
source. We frame this problem as information fi-
delity, where a compressed representation has high
information fidelity if it preserves the decision im-
plied by the original source. A summary may retain
headline facts but omit the caveats or offsets needed
to interpret them, remaining factually correct while
inducing a different decision.

We examine two structured patterns that help
characterize fidelity loss. Decontextualization
builds on work showing that isolated claims need
context to remain meaningful (Choi et al., 2021;
Gunjal and Durrett, 2024). Compression may
preserve headline claims while stripping away
decision-relevant caveats, comparisons, or expec-
tation framing. When such context is removed, a
factually correct summary can still carry a different
decision implication.

Model dependency is motivated by evidence that
investment analyses vary across LLMs (Lee et al.,
2025b). In our setting, the relevant variation is
not only how models analyze the same evidence,
but also which evidence each compressor preserves
from the same source. These patterns suggest that
decision change is not merely random degradation.
Instead, it can reflect systematic differences in the
evidence made visible after compression.

These observations motivate a source-grounded
compression approach that preserves contextual
qualifiers and compares multiple compressed views
of the same source. We instantiate this approach
as agentic context compression, in which an agent
generates competing compressed contexts and au-
dits their disagreements against the original source.

We evaluate information fidelity and compare
several compression methods on quarterly filings
and earnings-call transcripts. Our main contribu-
tions are as follows:

• We introduce information fidelity, a decision-
centered criterion for evaluating LLM context
compression against the original source.

• Using real-world quarterly filings and earnings-
call transcripts, we show that LLM-based com-
pression can alter decisions, with decontextual-
ization and model dependency emerging as recur-
ring diagnostic patterns.

• We propose agentic context compression, a
source-grounded procedure that audits multiple
candidate compressed contexts, and show that it
reduces compression-induced decision flips.

2 Related Work

2.1 Context Compression

Context compression has become a central prob-
lem in LLM-based systems. Prior work shows
that LLM-mediated representations can degrade
source information during agentic context updat-
ing (Zhang et al., 2026) and delegated document
workflows (Laban et al., 2026). Compressed con-
texts may preserve the general topic while drop-
ping essential details, motivating grounding and
information-preservation metrics beyond efficiency
(Łajewska et al., 2025). A related line asks what
compression should retain: LLM salience aligns
only weakly with human judgment (Trienes et al.,
2025), and conformal summarization formalizes
coverage of critical content in high-stakes settings
(Kuwahara et al., 2025). Even recent generative
prompt compression that targets coherence and
key information (Zhang et al., 2025) is evaluated
mainly by task quality or summary metrics, not by
preservation of the source-implied decision.

2.2 Summarization Distortion

Repeated generation through LLMs can cumula-
tively distort source information (Mohamed et al.,
2025). Summarization can likewise distort a source
by selectively reweighting content and failing to
preserve perspectives or polarity balance. Fair-
Summ measures gaps between source and summary
perspectives (Zhang et al., 2024); opinion summa-
rization can amplify majority polarity and weaken
minority polarity (Lei et al., 2024); and LLMs may
implicitly resolve disagreement during generation,
suppressing minority viewpoints (Aghaebe et al.,
2026). LLM-generated news summaries also in-
troduce framing through selective emphasis and
omission (Pastorino and Moosavi, 2026).

LLM-generated summaries can also change read-
ers’ decisions while remaining fluent and plausible.
Alessa et al. (2025) find that LLM-generated con-
tent can induce framing and primacy biases and
shift human purchase decisions, while Peters and
Chin-Yee (2025) find that LLM summaries of sci-
entific studies often omit scope-limiting details and
overgeneralize conclusions.

These studies show that summarization is not
neutral compression but a process of selecting and
aggregating perspectives (Mayilvaghanan et al.,
2025), where selective omission is itself a form
of bias. We extend this insight to financial texts by
asking which decision-relevant evidence survives.
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2.3 LLMs in Financial Decision-Making

LLMs are increasingly embedded in financial work-
flows, from semantic stock representations for the-
matic investing (Lee et al., 2025a) and text-paired
time-series construction (Lee et al., 2026) to screen-
ing of trading signals (Kim et al., 2026) and al-
pha extraction from corporate disclosures (Choi
et al., 2025). At the same time, research on finan-
cial LLMs shows that the investment judgments
they produce can be systematically biased by com-
pany names, asset classes, prior knowledge, or
evaluation design. Glasserman and Lin (2023)
show that company names and general knowledge
can interfere with financial sentiment prediction.
Nakagawa et al. (2024) quantify company-specific
bias in financial sentiment analysis. Lee et al.
(2025b) analyze model-specific investment pref-
erences and confirmation bias in LLM investment
analysis. Kong et al. (2026) place these issues in a
broader evaluation framework and argue that finan-
cial LLM evaluation must account for bias.

3 Information Fidelity

3.1 Problem Formulation

Task. We define information fidelity as source-
relative decision preservation: a compression has
high fidelity when the decision-model belief in-
duced by the compressed text remains close to
the belief induced by the original source. Given a
source text s, a compression model M produces
a compressed text c whose length |c|, measured in
bullets, must respect a fixed budget B:

c = M(s) subject to |c| ≤ B. (1)

We hold B fixed across methods so that fidelity
differences reflect what each method retains rather
than how much it writes. The realized token ratio
τ = tok(c)/tok(s) is reported descriptively.

A decision model E maps any text to a
belief distribution over the label set V =
{bear, neutral, bull}, that is, E(·) ∈ ∆(V ), the
probability simplex over V . For each fixed text, we
average R = 3 independent decision runs, yielding
a source belief ps and a compressed belief pc,

ps =
1

R

R∑

r=1

E(r)(s), pc =
1

R

R∑

r=1

E(r)(c),

(2)
where c = M(s) is fixed and E(r) is the r-th
decision-model run. Their top decisions are the
most likely labels

v̂x = argmax
v∈V

px(v), x ∈ {s, c}. (3)

We quantify its loss with two metrics. The Deci-
sion Flip rate is the fraction of source documents
whose top decision changes after compression,

Flip =
1

N

N∑

i=1

1
[
v̂(i)c ̸= v̂(i)s

]
, (4)

where i indexes the N source documents, while
Total Variation Distance (TVD), dTV(pc, ps), mea-
sures how far the belief distribution moves even
when the top decision is unchanged,

dTV(pc, ps) =
1

2

∑

v∈V

∣∣pc(v)− ps(v)
∣∣. (5)

The flip rate captures outright decision changes,
while TVD captures smaller belief shifts that may
not cross the decision boundary. We report TVD
as its mean over source texts for each method.

3.2 LLM Context Compression
We realize the compression operator M with calls
to a language model. Following Kang et al. (2026),
we write LLM(x; θ,P) for a model with pretrained
weights θ that maps an input x to an output under
a natural-language prompt P .

Naive prompt. The naive baseline is a single
pass c = LLM(s; θ,Pcomp): the model receives the
full source and a fixed bullet budget, then selects
the facts it judges most material. The full prompt
is shown in Appendix H.

Contextualization. Contextualization uses the
same fixed budget but changes what counts as
worth keeping. Instead of choosing facts that look
important on their own, it asks the compressor to
preserve the details that make each material point
interpretable: the relevant comparison, caveat, off-
setting signal, or qualifier. Under the same model,
source, and budget, it uses Pctx to generate can-
didate contexts c̃ = LLM(s; θ,Pctx). The mech-
anism is unchanged; only the selection criterion
shifts from isolated salience to interpretable evi-
dence.

3.3 Agentic Context Compression
We further consider Agentic Context Compres-
sion (ACC), which realizes the same operator
M as a two-stage agentic compression process.
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Figure 2: Decision change under one-shot compression. Bars show Decision Flip and source-relative TVD for four
compressors across MD&A and earnings calls, averaged across the two decision models. Dashed lines show the
decision-model randomness floor: the same decision model reads the original source again, with no compression.

First, the agent calls LLM candidate-generation
tools to produce contextualized candidate contexts
ck = LLM(s; θk,Pctx) from the same source s,
where k indexes a distinct compression model. Sec-
ond, the agent audits disagreements among the
set {ck} against the source. At step t, it emits
an action at = LLM(ot,ht−1; θ,Pagent) from the
latest tool observation ot and history ht−1 =
(o1, a1, . . . , ot−1, at−1). For a claim or omission
that differs across candidate contexts ck, the action
can grep the source for the relevant terms and then
read only a short source snippet around the match-
ing span, following the direct-corpus-interaction
view of agentic search (Li et al., 2026). The agent
uses these snippets to test whether a candidate
context ck overclaims the source, for example by
making the evidence more bullish, bearish, or cer-
tain than the source supports, then scores each ck
by overclaim risk and source-locus coverage, and
commits to the intact compressed context that the
source best supports (Appendix H.4). In prelimi-
nary experiments, allowing the agent to edit candi-
date text tended to break the preserved context and
degrade decision fidelity, so we restrict the agent
to selecting among intact candidates rather than
revising them. This connects ACC to multi-agent
factuality verification (Ning et al., 2025) and fi-
nancial atomic-claim grounding (Guo et al., 2026),
but targets decision-changing omissions and over-
claims rather than factuality alone.

4 Experiments

4.1 Experimental Setup

Datasets. Our main panel covers two source
types from S&P 100 firms over fiscal 2025 Q1–Q3:
10-Q MD&A sections (N = 300), collected from
structured SEC filings following EDGAR-Crawler
(Loukas et al., 2025), and quarterly earnings call
transcripts (N = 297).

10-Q MD&A Earnings Call

Self-agreement 90.2±9.3% 90.5±7.8%
Fleiss’ κ 0.839±0.135 0.819±0.140

Table 1: Reliability of the decision models. We report
pairwise top-decision agreement and Fleiss’ κ across
three independent reads of the same raw source, as the
mean±s.d. across the two decision models.

Decision models. We use two decision models,
GEMINI-3.1-FLASH-LITE and CLAUDE-HAIKU-
4.5, under the same decision prompt: given a
source s or compressed text c, each produces the
belief distribution used to compute ps or pc.

Baselines. We compare against compression
baselines under the same budget. Chunking par-
titions s into fixed-size chunks, applies the same
compression to each chunk, and concatenates the
outputs. For Token Pruning, we use LLMLingua
(Jiang et al., 2023), which drops low-information
tokens, and LongLLMLingua (Jiang et al., 2024),
its long-context extension; both use FINANCE-
LLAMA3-8B as the token-scoring model. Integra-
tor obtains compressed texts from multiple models
and combines them into one final context.

4.2 Fidelity Loss Under Compression
Compression changes the decision model’s output
beyond rereading noise. In Figure 2, the dashed
line is the decision-model randomness floor: the
same model rereads the original source, with no
compression. Averaged across the two decision
models, rereading still flips 7.0% of MD&A doc-
uments and 5.7% of earnings calls, so this floor
captures rereading randomness alone.

All four one-shot compressors exceed this floor
by more than a factor of two on both source types.
The excess is the compression-induced component:
summaries remove or reweight decision-relevant
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Figure 3: Model-specific decision movement under one-shot compression. Each panel shows one compressor;
points are source-relative movements for individual disclosures. The horizontal axis shows signed decision shift
from bearish to bullish, the vertical axis shows TVD magnitude, and the dashed line marks the noise floor.

evidence. The parallel rise in TVD shows that
compression also shifts the decision model’s belief
distribution even without a top-label flip.

Table 1 addresses the possibility that these flips
come from unstable decision models. Across three
independent reads of the same raw source, both
models reproduce their top decisions at high rates,
with Fleiss’ κ in the substantial-agreement range
or above on both disclosure types. This makes it
unlikely that the gap in Figure 2 is only a judge arti-
fact, and supports interpreting the no-compression
line as a rereading-noise floor. Per-model results
are reported in Appendix D, and the main conclu-
sions persist when the label space is refined to five
return bands (Appendix F).

4.3 Model Dependency

All compressors lose fidelity in aggregate, but flip
rate reduces movement to a binary outcome (Fig-
ure 2). We call this model dependency when the
size or direction of belief shifts varies with the com-
pressor. To examine this pattern, we plot source-
relative movement by ticker for each compressor.

Figure 3 separates these shifts by compressor.
The horizontal axis shows direction, from bear-
ish to bullish, and the vertical axis shows mag-
nitude as source-relative TVD. If compression
were model-invariant, the panels would look sim-
ilar. Instead, compressors occupy different re-
gions: some move tickers toward bearish decisions,
others toward bullish decisions, and high-TVD
points differ across panels. This pattern suggests
that compression-induced decision change is not

merely information loss; single-model summaries
can carry a model-specific tilt.

If part of the tilt is compressor-specific, aggre-
gating models may reduce it. The Integrator pro-
vides a simple check: it differs from single-model
compression only by merging a second model’s
summary, and Table 2 shows this alone lowers the
MD&A flip rate from 31.5% to 25.6%. ACC re-
duces it further by drawing on both models and
checking their disagreements against the source.

4.4 Decontextualization

We diagnose decontextualization with an offline
fact inventory following FActScore and SAFE (Min
et al., 2023; Wei et al., 2024); details of the de-
composition and role-labeling prompts are in Ap-
pendix H.6. We split each source disclosure into
atomic facts, link each fact to its source sentence,
and tag it as headline, context, or boilerplate. Head-
line facts carry the main investment signal; context
facts calibrate that signal through caveats, offsets,
comparisons, or expectation framing; boilerplate
facts are background or procedural text.

The second diagnostic pattern is decontextual-
ization: under a fixed budget, compression often
keeps headline results while dropping the caveats,
offsets, comparisons, and forward-looking quali-
fiers needed to interpret them. Figure 4A shows
that this stripping is selective: under MD&A com-
pression, the context share falls from 25% in the
source to 9% in the one-shot compression. This
disproportionate loss can make a factually accu-
rate summary read less calibrated than the source
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10-Q MD&A Earnings Call

Method Flip ↓ TVD ↓ Cost ↓ τ Flip ↓ TVD ↓ Cost ↓ τ

No compression 7.0±5.6% 0.050 - 100% 5.7±3.3% 0.041 - 100%

LLM (GPT-5.4-MINI)

Naive Prompt 31.5±2.2% 0.153 $6.69 4.1% 24.9±1.4% 0.128 $3.83 4.6%
Chunking 30.1±9.8% 0.133 $6.03 4.0% 29.8±2.6% 0.138 $4.26 4.0%
Contextualization 21.2±0.2% 0.096 $8.06 4.2% 22.1±0.2% 0.111 $3.82 4.2%

Token Pruning (FINANCE-LLAMA3-8B)

LLMLingua 49.8±4.5% 0.218 - 4.0% 59.7±12.6% 0.276 - 4.0%
LongLLMLingua 43.0±9.9% 0.200 - 4.0% 40.8±2.4% 0.191 - 4.0%

Multi-LLM (GPT-5.4-MINI + DEEPSEEK-V4-FLASH)

Integrator 25.6±1.3% 0.121 $9.76 4.3% 21.7±1.7% 0.114 $6.52 4.7%
ACC 19.5±1.1% 0.096 $9.07 4.3% 19.9±1.9% 0.106 $7.52 4.7%

Table 2: Main results for information fidelity under compression. Flip and TVD are averaged across the two decision
models; the ± on Flip is the s.d. across the two models. No compression is the identity floor, where the decision
model rereads the source. Flip denotes the rate at which compression changes the source-based decision. TVD
denotes source-relative probability drift. Cost denotes total inference cost.

it came from. The pattern is milder for shorter
earnings transcripts, where more facts fit under the
same budget and context is largely preserved.

We then run an add-back diagnostic on flip cases
(Figure 4B). Starting from one-shot summaries that
flipped the decision model’s output, we append
omitted facts and have the model reread the sum-
mary. Restoring dropped context facts recovers
the source decision in 37% of MD&A flips, com-
pared with 16–19% for boilerplate or random facts
from the same filing. Both placebo conditions ap-
pend the same number of facts per document as
the context condition, so the recovery gap reflects
which facts are restored rather than how much text
is added. Earnings calls show the same ordering
but a narrower gap: 33% for context versus 19–
27% for the placebos. This pattern is consistent
with missing context being an important contrib-
utor, though the add-back exceeds the budget and
remains diagnostic rather than deployable.

The gain is largest where the decontextualization
diagnostic is strongest: for 10-Q MD&A, where
dropped context produces the clearest add-back
recovery, contextualization lowers the flip rate from
31.5% to 21.2%. For earnings calls, where context
is already better preserved under the budget, the
gain is smaller, from 24.9% to 22.1%.

4.5 Source-Grounded Selection and Cost

Table 3 holds ACC’s two candidate compressions
fixed and varies only the selection rule. Audited
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Figure 4: (A) Context facts are dropped much more un-
der MD&A than earnings-call. (B) Re-adding dropped
context recovers more flipped decisions than boilerplate
or random facts.

selection lowers the flip rate over a seeded ran-
dom choice by 2.0pp on MD&A and 3.7pp on
earnings calls, and on MD&A it matches the best
fixed candidate. ACC recovers the best candi-
date without knowing it in advance (worked ex-
ample in Appendix G). Paired comparisons (Ap-
pendix E) show that the ACC−Naive reduction is
significant on both source types and the audited-
versus-random gain on earnings calls, while the
ACC−Contextualization difference is not.

ACC carries cost overhead relative to a single
compression pass. Against the budget-matched In-
tegrator that consumes the same two compressors,
it achieves lower flip rates at comparable aggre-
gate cost. Because compressed representations are
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Selection variant 10-Q MD&A Earnings Call

Contextualization A (GPT) 21.3 [16.7, 26.0] 21.5 [17.2, 26.3]
Contextualization B (DEEPSEEK) 20.3 [15.7, 25.0] 22.6 [17.8, 27.3]
Random candidate 22.3 [17.7, 27.3] 22.2 [17.8, 26.9]
ACC (audited selection) 20.3 [15.7, 25.0] 18.5 [14.1, 22.9]

Table 3: Ablation of the selection rule. The two candi-
date compressions are held fixed, and each row changes
only how the final compressed context is chosen. Cells
report Flip (%) with 95% bootstrap confidence intervals
over documents.

commonly reused downstream, fidelity errors can
propagate beyond the initial call, so the additional
audit cost is small relative to the cost of decisions
made on distorted context.

5 Industry Case Study

To test whether these fidelity effects translate to
production forecasting systems, we apply ACC in
a globally deployed commercial equity-forecasting
product used by institutional investors. The study
is conducted on S&P 100 disclosures from fiscal
2025 Q1–Q3. Forecasting quality is measured by
the information coefficient (IC), the cross-sectional
Spearman correlation between predicted and real-
ized next-quarter returns, holding the forecasting
model, stock universe, and evaluation period fixed
and varying only the disclosure representation.

Relative to the original disclosures, both naive
compression and ACC reduced token consump-
tion by more than 90%. However, naive com-
pression degraded forecasting IC, suggesting that
compression-induced decision changes remove
forecast-relevant signals. In contrast, ACC im-
proved forecasting IC by 8.3% over the original-
source baseline and by 23.8% relative to naive com-
pression, while reducing source-relative decision
flips by 59.5% (a relative reduction versus naive
compression, not the rate of distorted outputs in
production). In production, outputs that change
the source-based decision are routed through ACC,
and the original disclosure is retained when the
discrepancy remains unresolved.

Preserving decision-relevant context thus mat-
ters not only for compression quality, but also for
retaining downstream forecasting signal.

6 Conclusion

This paper examines fidelity loss in LLM context
compression for financial decision-making: com-
pressed contexts can remain fluent and factually

plausible while still changing downstream invest-
ment judgments. Our results point to two recurring
sources of such loss. One is decontextualization:
when key caveats, offsets, or comparative framing
are omitted, preserving isolated facts is insufficient.
The other is model dependency: compressors shift
decisions on the same source in different directions
and magnitudes, so a single-model summary can
carry a model-specific tilt. To address both, we pro-
pose ACC, which audits contextualized candidates
from different models against the source and adopts
the best-supported one. Under the same budget,
ACC better preserves source-relative decisions than
one-shot baselines. Overall, compression should
be evaluated not only by efficiency or factuality,
but also by its ability to preserve decision-relevant
context.

7 Limitations

Our experiments focus on financial disclosures
from S&P 100 firms, so the findings may not di-
rectly generalize to other domains, firm types, or
market conditions. In addition, fidelity is mea-
sured through decision models rather than human
analysts or realized market outcomes, although
the main conclusions are consistent across two
independent decision models and a refined label
space. Future work should validate these findings
on broader domains and against human judgments.
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A Budget Sensitivity

As a brief robustness check, Figure 5 repeats one-shot compression with budgets from 5 to 40 bullets
on a 150-document subset, evaluated under GEMINI-3.1-FLASH-LITE only. Larger budgets reduce
source-relative TVD, especially from 20 to 40 bullets, but decision flips remain well above that model’s
no-compression floor. Extra space therefore smooths belief drift more reliably than it eliminates top-label
changes.
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Figure 5: Budget sensitivity under GPT-5.4-MINI one-shot compression. Top: decision flips remain above the
decision-model noise floor even at larger budgets. Bottom: source-relative TVD declines with budget but plateaus
above the floor.

B Inter-Model Agreement

Aggregate flip rates can hide whether compressors fail on the same filings. Figure 6 reports pairwise
top-decision agreement across four one-shot compressors on the 597 source documents pooled across
MD&A and earnings-call Q&A. The mean off-diagonal agreement is 0.75, so compressors disagree
on roughly one filing in four even when their marginal flip rates are similar. This supports treating
compression fidelity as model-dependent rather than as a property of the source alone.
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Figure 6: Pairwise top-decision agreement among one-shot compressors on the same source filings. Cells show the
share of filings for which two compressors induce the same downstream bear/neutral/bull decision; off-diagonal
values near 0.75 indicate that compressor choice changes the induced decision on about one quarter of filings.
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C Decision Movement

Figures 7 and 8 show the same movement diagnostic separately for MD&A and earnings-call Q&A. The
black vertical marker is the source-implied stance for each ticker, and each colored arrow shows where a
one-shot compressor moves the downstream decision. Wider horizontal spread within a ticker indicates
stronger model dependence.
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Figure 7: Decision movement for MD&A disclosures.
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D Per-Evaluator Results

Table 4 reports the components of Table 2 separately for the two decision models; Flip is shown with the s.d.
across each model’s three decision runs. The main contrasts hold under both evaluators: Contextualization
and ACC lower the flip rate relative to the Naive prompt on both source types, and the token-pruning
baselines remain weakest. The full ordering is not identical, however: on MD&A, Chunking is the weakest
LLM method under GEMINI-3.1-FLASH-LITE but outperforms the Naive prompt under CLAUDE-HAIKU-
4.5, and on earnings calls the Integrator attains a lower flip rate than ACC under CLAUDE-HAIKU-4.5
(20.5% vs. 21.2%), consistent with framing ACC as source-grounded selection. The candidate-A row of
Table 3 re-evaluates the same artifacts under fresh decision reads; its gap from the 22.2% entry here is
decision-run resampling noise, well inside the bootstrap CI.

10-Q MD&A Earnings Call

Method Flip ↓ TVD ↓ Flip ↓ TVD ↓
GEMINI-3.1-FLASH-LITE

Naive Prompt 33.0 ± 1.6 0.172 23.9 ± 1.4 0.137
Chunking 37.0 ± 1.3 0.155 31.6 ± 0.5 0.147
Contextualization 21.3 ± 1.8 0.099 22.2 ± 3.7 0.116
LLMLingua 53.0 ± 0.7 0.231 50.8 ± 1.8 0.247
LongLLMLingua 50.0 ± 1.0 0.226 39.1 ± 1.9 0.196
Integrator 24.7 ± 1.0 0.128 22.9 ± 1.9 0.128
ACC 20.3 ± 1.7 0.103 18.5 ± 0.4 0.111

CLAUDE-HAIKU-4.5

Naive Prompt 29.9 ± 0.9 0.135 25.9 ± 0.9 0.118
Chunking 23.1 ± 1.2 0.111 27.9 ± 1.9 0.129
Contextualization 21.1 ± 0.5 0.094 21.9 ± 1.2 0.106
LLMLingua 46.6 ± 1.7 0.205 68.7 ± 3.7 0.306
LongLLMLingua 36.1 ± 1.1 0.174 42.4 ± 1.2 0.186
Integrator 26.5 ± 0.7 0.113 20.5 ± 1.6 0.100
ACC 18.7 ± 2.1 0.089 21.2 ± 0.5 0.101

Table 4: Per-evaluator information fidelity results. Flip (%) is reported ± the s.d. across the three decision runs of
each decision model; TVD is the mean source-relative total variation distance.

E Bootstrap Confidence Intervals and Paired Comparisons

Table 5 reports 95% bootstrap confidence intervals (5,000 document resamples) for the main methods under
each decision model, and Table 6 reports paired flip deltas over the same documents. Under GEMINI-3.1-
FLASH-LITE, the ACC−Naive reduction is significant on both source types and the audited-versus-random
gain on earnings calls, while the ACC−Contextualization difference is not; CLAUDE-HAIKU-4.5 shows
the same qualitative pattern.

10-Q MD&A Earnings Call

Method Flip [95% CI] TVD [95% CI] Flip [95% CI] TVD [95% CI]

GEMINI-3.1-FLASH-LITE

Naive Prompt 33.0 [27.7, 38.3] 0.172 [0.157, 0.186] 23.9 [19.2, 29.0] 0.137 [0.124, 0.150]
Contextualization 21.3 [16.7, 26.0] 0.098 [0.089, 0.108] 22.2 [17.5, 27.3] 0.116 [0.105, 0.127]
Integrator 24.7 [20.0, 29.7] 0.128 [0.117, 0.140] 22.9 [18.2, 27.6] 0.128 [0.116, 0.140]
ACC 20.3 [15.7, 25.0] 0.103 [0.093, 0.112] 18.5 [14.1, 22.9] 0.111 [0.101, 0.122]

CLAUDE-HAIKU-4.5

Naive Prompt 29.9 [24.8, 35.0] 0.135 [0.121, 0.148] 25.9 [20.9, 31.0] 0.118 [0.106, 0.131]
Contextualization 21.1 [16.7, 25.9] 0.094 [0.082, 0.106] 21.9 [17.2, 26.6] 0.106 [0.095, 0.118]
Integrator 26.5 [21.8, 31.6] 0.113 [0.100, 0.127] 20.5 [15.8, 25.3] 0.100 [0.089, 0.112]
ACC 18.7 [14.3, 23.1] 0.089 [0.078, 0.100] 21.2 [16.5, 25.9] 0.101 [0.091, 0.113]
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Table 5: 95% bootstrap confidence intervals (5,000 document resamples) for Flip (%) and TVD under each decision
model.

Contrast 10-Q MD&A Earnings Call

GEMINI-3.1-FLASH-LITE

Naive → Contextualization −11.7 [−17.7, −5.3] −1.7 [−7.4, +4.0]
Contextualization A → random candidate +1.0 [−2.7, +4.7] +0.7 [−3.4, +4.7]
Random candidate → ACC −2.0 [−5.3, +1.3] −3.7 [−7.4, −0.3]
Naive → ACC −12.7 [−19.0, −6.3] −5.4 [−10.4, −0.3]
Contextualization → ACC −1.0 [−5.7, +3.7] −3.7 [−8.8, +1.0]
Integrator → ACC −4.3 [−10.0, +1.3] −4.4 [−9.8, +0.7]

CLAUDE-HAIKU-4.5

Naive → Contextualization −8.8 [−14.6, −3.1] −4.0 [−9.8, +1.7]
Naive → ACC −11.2 [−17.0, −5.1] −4.7 [−10.4, +1.0]
Contextualization → ACC −2.4 [−7.1, +2.4] −0.7 [−4.4, +3.0]
Integrator → ACC −7.8 [−13.3, −2.4] +0.7 [−4.7, +6.4]

Table 6: Paired flip deltas in percentage points with 95% bootstrap CIs over documents. The candidate-routing
contrasts (rows two and three) are defined by the fixed-candidate ablation and reported under GEMINI-3.1-FLASH-
LITE only.

F Five-Class Label Space

Keeping the compressed artifacts fixed, we re-run GEMINI-3.1-FLASH-LITE with five next-quarter return
bands (strong bear, bear, neutral, bull, strong bull), averaging two independent decision runs. The main
conclusion persists (Table 7); on MD&A, contextualization attains the lowest five-class flip rate (18.7%
vs. 21.3% for ACC), consistent with the source-grounded-selection framing.

10-Q MD&A Earnings Call

Method Flip ↓ TVD ↓ Flip ↓ TVD ↓
Naive Prompt 36.0 0.185 30.7 0.165
Contextualization 18.7 0.125 30.7 0.151
Integrator 26.7 0.151 27.3 0.161
ACC 21.3 0.125 23.3 0.149

Table 7: Information fidelity under a five-class next-quarter return label space, with the compressed artifacts held
fixed and GEMINI-3.1-FLASH-LITE averaged over two independent decision runs.

G Worked Example of the ACC Audit

In this logged case from a Lockheed Martin earnings call, management describes the Golden Dome
opportunity as fluid and not yet quantifiable and warns that charges on legacy programs cannot guarantee
zero future issues; the two candidate compressions treat this evidence differently:

Worked audit example (Lockheed Martin, earnings call)
Candidate A (GPT-5.4-MINI) writes:
- Munitions and Golden Dome are the main new upside.
Candidate B (DEEPSEEK-V4-FLASH) writes:
- Golden Dome unquantifiable until architecture and budget set; Lockheed well-positioned.
- Management took charges on legacy helicopter and missile programs to reduce future risk, but cannot guarantee zero issues.
Audit. Candidate A elevates the fluid, not-yet-quantifiable opportunity into the main new upside and omits the
legacy-program warning; the audit rates A as higher overclaim risk against the retrieved source spans. Candidate B retains
both qualifications and is selected verbatim.
Outcome. Without observing any evaluator outputs, ACC selects candidate B. Under GEMINI-3.1-FLASH-LITE, the source
and candidate B induce neutral decisions, whereas candidate A induces a bull decision.
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H Prompt Templates

The boxed templates below reproduce the prompts used in our experiments. Template variables are
instantiated with the values used for the main results: the bullet budget is B=20 and word caps are
stated per box. Compression prompts are sent as system messages; the user message supplies the source
document and, for the integrator, the model views.

H.1 One-Shot Compression Prompt

One-shot compression
System.
Compress the document below into exactly 20 bullets. This count is STRICT; do not exceed it.
Each bullet must be on its own line starting with ‘- ’. Do not write headers or blank lines.
Each bullet captures exactly ONE fact or figure. Do not combine multiple facts into a single bullet.
If the document contains more facts than 20, select only the 20 most material facts and omit the rest.
Output only the bullets.
User.
[{ticker}] {company} {document_label}
<document>
{source}
</document>

H.2 Contextualization Compression Prompt

Contextualization compression
Compress the document below into exactly 20 bullets. This count is STRICT; do not exceed it.
Each bullet must be on its own line starting with ‘- ’. Do not write headers or blank lines.
Each bullet captures exactly ONE decision-relevant point. Do not combine unrelated points into one bullet.
The 20 bullets together should be about 240-250 words total. Do not exceed 250 words, but do not make the summary much
shorter unless the source lacks material decision-relevant information.
A downstream decision model will make a bear / neutral / bull investment judgment from your bullets alone. Your goal is to
preserve the source’s decision direction and confidence as closely as possible. The compressed bullets should induce the
same overall investment interpretation as the full source.
Selection rules:
- Preserve the source’s dominant signal when the source is directionally positive, negative, or neutral.
- Preserve facts that explain why that signal is strong, weak, improving, deteriorating, uncertain, or mixed.
- When including a number, keep the comparison or frame that gives it meaning: prior year, prior quarter, guidance,
consensus, management expectation, segment trend, margin impact, liquidity impact, or risk exposure.
- Do not write standalone figures without explaining what they imply.
- Preserve management’s framing when it changes interpretation.
- Preserve forward-looking guidance, demand signals, margin or cost pressure, capital allocation, liquidity, and material risks
when they affect the investment judgment.
- Include caveats or offsetting evidence only when they materially change the interpretation or confidence.
- Do not mechanically include both positive and negative facts.
- Do not force neutrality if the source has a clear directional signal.
- Avoid boilerplate, immaterial details, and facts that are vivid but unlikely to affect the investment judgment.
Use only what the source actually says; do not add outside information.
Output only the bullets.
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H.3 Multi-LLM Integrator Prompt

Multi-LLM integrator
You are a view-only financial-disclosure compression integrator.
You will receive one-shot compressed summaries from different LLMs. Treat the summaries as compressed model views,
not as truth. Integrate them into one 20-bullet summary that keeps the decision-relevant information visible across the views.
Rules:
- Use only the provided compressed model views and task metadata.
- Do not use source decision labels, decision-model probabilities, realized outcomes, or external knowledge.
- Do not take a majority vote across views.
- Do not invent facts to fill gaps that no view mentions.
- If views differ, use cautious wording or keep both material perspectives.
- Output exactly 20 bullets.
- Each bullet must start with ‘- ’ and capture one view-supported fact or qualifier.
- Output only the bullets, with no heading or commentary.
- The entire 20-bullet summary must total at most 330 words. Keep every bullet concise; drop lower-value detail rather than
exceed the word budget.

H.4 Agentic Context Compression

Agent runtime contract

Candidates. The agent adjudicates two one-shot Contextualization summaries of the same disclosure. Candidate A and
candidate B are produced independently by two compression models.
Source access. The raw source.txt is not placed in the prompt, and the agent does not read the disclosure end-to-end.
It uses targeted tools: get_metadata identifies the document and source length, grep_source searches for terms or
claims where candidates disagree, and read_source_span opens short local passages around retrieved evidence. These
inspections are span-limited; the agent must perform at least four targeted source checks before deciding.
Audit criteria. The audit focuses on disagreements between candidates and checks them against retrieved source spans for
overclaim risk and source-locus coverage. Each checked claim is labeled supported, unclear, or overclaiming and each
material source locus covered, partial, or missed; these labels are aggregated into categorical overclaim-risk and coverage
scores per candidate.
Selection rule. The agent must select exactly one candidate, A or B. It compares the two candidates using retrieved source
spans, chooses the candidate with lower overclaim risk, and uses broader source-locus coverage as the deciding criterion
when overclaim risk is comparable.
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H.5 Decision Model Prompt

Decision model
System.
You are a financial decision model. You are given a corporate disclosure (or a compressed summary of one). Do not use prior
knowledge of the company or any external context.
Estimate the disclosure-implied update, not a full investment recommendation. Use ONLY the provided disclosure evidence.
Do not use valuation, stock price, prior returns, external company knowledge, or market context.
Based on the disclosure evidence alone, estimate how the disclosure would update an investor’s belief about the stock’s
NEXT-QUARTER total-return regime:
bear = disclosure evidence points to downside risk (< -5% if realized)
neutral = evidence is mixed, immaterial, or balanced (-5% to +5% if realized)
bull = disclosure evidence points to upside potential (> +5% if realized)
Output ONLY a JSON object with three probabilities that sum to 1.0, no other text:
{"bear": 0.xx, "neutral": 0.xx, "bull": 0.xx}
User.
Ticker: {ticker} ({company}, {sector})
Period of report: {period} ({q_label} {year})
Disclosure type: {level_label}
Disclosure:
{material}
Disclosure-implied probability distribution over next-quarter regime (JSON only):

H.6 Fact Decomposition and Role Labeling

Fact decomposition
You are a financial-document fact extractor. Decompose the 10-Q MD&A below into atomic facts. For each fact, return both
the atomic claim and the source sentence it was extracted from.
Rules:
- Each fact is ONE atomic claim or figure. Do not combine multiple claims.
- Preserve quantitative detail verbatim (numbers, percentages, dates, entities).
- "source" is the full sentence (or short adjacent span) from the MD&A that contains the fact. Copy it VERBATIM from the
document – do not paraphrase or summarize.
- Do NOT assign sentiment, polarity, or positivity/negativity. Sentiment is labeled in a separate step.
- Skip boilerplate (forward-looking disclaimers, table-of-contents text, GAAP definitions) and strictly neutral structural
sentences.
- Return ONLY a JSON object: {"facts": [{"content": str, "source": str}]}. No prose, no markdown fences.
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Role labeling
You are a financial fact-role labeling assistant.
You are labeling atomic facts from a financial disclosure for an information-fidelity study.
The study asks whether compression preserves the context needed to interpret headline investment signals.
You will receive a numbered list of atomic facts from one disclosure. For each atomic fact, assign exactly one evidence-role
label:
Use exactly one label:
- "headline": a primary investment signal that could directly move the decision model’s assessment. This includes standalone
facts about revenue, sales, demand, margins, profitability, costs, cash flow, guidance, growth, decline, market share, customer
traction, operational performance, capital allocation, liquidity, or material risk when the fact itself is the main directional
signal.
- "context": a fact that calibrates how a headline should be read. Label a fact as context only if it changes the interpretation of
a headline signal by providing a caveat or limitation, offsetting evidence, year-over-year/sequential/segment/geography/
customer/product comparison, magnitude/baseline/expectation-relative framing, causal driver, timing/durability/one-time
nature, forward-looking qualifier, or risk condition/dependency.
- "boilerplate": generic background, corporate description, accounting/legal boilerplate, procedural text, vague management
language, or scene-setting that does not materially affect how a headline investment signal should be interpreted.
Important: Do not label a fact as context merely because it is detailed, neutral, hedged, explanatory, legal/regulatory, or
generally relevant to the business. A context fact must help interpret the direction, strength, scope, durability, cause, or
expectation-relative meaning of a headline.
Decision rule: Ask: "If this fact were removed, would the decision model interpret the relevant headline signal differently?"
If yes, and the fact calibrates another signal, label it "context". If the fact itself is the main directional signal, label it
"headline". If it does not affect interpretation of a decision-relevant signal, label it "boilerplate".
Tie-break rules:
1. If a fact contains both a headline result and a qualifier that changes how the result should be read, choose "context".
2. If it is a standalone KPI/result/metric/guidance/capital-allocation fact, choose "headline".
3. If it is generic, procedural, definitional, or only broadly relevant, choose "boilerplate".
Output exactly one JSON object and no prose:
{"labels": [{"fact_id": 0, "role": "<headline|context|boilerplate>", "context_function": "<none|caveat|offset|comparison|
expectation_framing|causal_driver|timing_durability|scope_magnitude|risk_condition>", "target_headline": "<short
description or null>", "rationale": "<one short sentence>"}]}
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