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Abstract

Multimodal large language models have re-
cently shown strong potential for time series
reasoning, where models jointly process textual
context and long numerical sequences. How-
ever, dense time series representations intro-
duce a large number of tokens, leading to sub-
stantial computational and memory overhead
during inference. Existing token pruning meth-
ods are mainly designed for visual tokens and
rely on global attention or representation geom-
etry, overlooking the fact that token redundancy
varies across layers and modalities. This makes
pruning-induced perturbations difficult to con-
trol, especially when tokens are pruned across
multiple transformer layers. In this paper, we
propose StratPrune, a cascade stratum pruning
framework for efficient time series reasoning.
StratPrune first identifies an early-layer prun-
ing stratum where time series tokens remain
less diverse than text tokens, indicating high re-
dundancy suitable for stable pruning. We then
derive a hidden-state stability bound that de-
composes pruning-induced perturbation into a
layer-dependent stability term and a token-level
attention saliency term. Guided by this analysis,
StratPrune allocates layer-wise pruning bud-
gets according to time series diversity and re-
moves low-saliency time series tokens through
a context-aware cascade process. Experiments
on 7 datasets show that StratPrune outperforms
strong pruning baselines under matched token
budgets, achieving up to 30% relative improve-
ment. Our code is publicly available.'

1 Introduction

Large Language Models (LLMs) have achieved re-
markable success at billion-parameter scales (Team,
2025; DeepSeek-Al, 2026), excelling in challeng-
ing tasks (Andriushchenko et al., 2025; Kuntz
et al., 2025). Building on this progress, multi-
modal LL.Ms, which extend LLMs to process di-
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verse modalities, have rapidly scaled up to tackle
complex multimodal applications such as visual
question answering (Kim et al., 2025), document
understanding (Hu et al., 2025), and time series rea-
soning (Kong et al., 2025). In time series reasoning,
models jointly reason over textual context and long
numerical sequences, requiring the processing of
both semantic and time series information (Guan
et al., 2026; Kong et al., 2025).

Although multimodal LLMs generally improve
time series reasoning performance, the large num-
ber of tokens introduced by dense time series rep-
resentations substantially increases computational
and memory costs (Shi et al., 2025). Existing ap-
proaches for token pruning in multimodal LLMs
can be broadly categorized into three families. The
first is attention-based ranking, which scores each
token by the attention it receives and removes the
lowest-scoring ones (Bolya et al., 2023; Yang et al.,
2025b). The second is geometry-based methods,
which operate on hidden-state embeddings to either
select a maximally diverse subset under a max—min
cosine criterion or merge highly similar tokens via
bipartite matching (Alvar et al., 2025; Bolya et al.,
2023). The third is adaptive methods that com-
bine attention and geometry signals using input-
dependent criteria such as effective rank or atten-
tion entropy (Ye et al., 2025; Endo et al., 2025).

While prior methods achieve strong performance
in multimodal LLMs, they operate on tokens origi-
nating from a single modality and assume relatively
uniform redundancy across layers. This becomes
particularly severe for long time series inputs con-
taining thousands of numerical data points, where
the redundancy of time series tokens varies across
layers (Liu et al., 2025b; Shi et al., 2025). Further-
more, existing pruning methods lack a principled
characterization of how token removal affects the
hidden states of the remaining tokens (Wen et al.,
2025). As aresult, the representation perturbation
induced by pruning remains uncontrolled, partic-
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ularly under multi-layer pruning, where perturba-
tions can accumulate across depth.

To address this, we introduce cascade stratum
pruning for time series reasoning (StratPrune), an
efficient pruning method that cascades token prun-
ing across an early-layer stratum while allocating
layer-wise pruning budgets based on modality rep-
resentation diversity. Specifically, we first intro-
duce a per-modality token diversity and identify
an early-layer stratum in which time series tokens
remain substantially less diverse than text tokens,
indicating a region of high redundancy suitable for
stable pruning. We then derive a hidden-state sta-
bility bound that decomposes the pruning-induced
perturbation into a per-layer stability term and a per-
token attention saliency term. Guided by this, we
further propose a stratum-wise pruning policy that
derives per-layer budgets by optimizing a stability-
induced surrogate of the perturbation bound. We
complement this with a saliency-guided token se-
lection rule that ranks time series tokens based on
their cross-modal attention scores. In summary, our
contributions are as follows:

* We formulate token pruning for time series
reasoning from a per-modality, per-layer diver-
sity perspective, which reveals an early-layer
stratum where time series tokens exhibit low
diversity and can be safely pruned, and en-
ables a centroid-corrected hidden-state stabil-
ity bound that decomposes pruning-induced
perturbations into a per-layer stability term
and a per-token attention saliency term.

* We propose StratPrune, an efficient pruning
framework that instantiates a stability-driven
formulation through two tightly coupled mod-
ules: a stratum-wise pruning policy that as-
signs closed-form per-layer budgets derived
from the analysis and a saliency-guided to-
ken selection rule that prioritizes time series
tokens based on cross-modal attention.

* We evaluate StratPrune on 7 tasks in MT-
Bench (Chen et al.,, 2025) that span the
weather and finance domains across four back-
bones. Under the same pruning budget, Strat-
Prune outperforms strong pruning baselines,
achieving up to ~30% relative improvement
in forecasting tasks and substantial gains in
past-trend accuracy.

2 Related Works

LLMs for Time Series Reasoning. Time se-
ries reasoning, which aims to model and reason
about temporal patterns from sequential numerical
data (Chang et al., 2026), has recently emerged as
an important capability of Large Language Mod-
els (LLMs) (Luo et al., 2025; Chang et al., 2026;
Su et al., 2025). Leveraging LLMs, prior work
has explored a range of tasks including numeri-
cal forecasting (Fan et al., 2022, 2023; Fei et al.,
2026), trend classification (Zhou et al., 2025), and
analytical question answering (Yugeswardeenoo
et al., 2024; Chen et al., 2026) across domains
such as weather (Li et al., 2025) and finance (Yu
et al., 2024; Liu et al., 2025a). Despite these ad-
vances, time series reasoning remains constrained
when task-relevant temporal signals are distributed
across both numerical dynamics and unstructured
contextual narratives. To address this limitation,
multimodal time series LLMs have been proposed
to extend the LLM-based time series reasoning
paradigm by jointly modeling numerical time series
and narrative context, such as news articles (Wang
et al., 2024), market commentary (Kawarada et al.,
2024), and weather reports (Li et al., 2025). These
models aim to support more complex temporal rea-
soning tasks that require integrating signals across
both numerical and textual modalities (Guan et al.,
2026; Jin et al., 2024; Zhong et al., 2025).

Token Pruning. Token pruning is a compres-
sion technique that removes unimportant tokens
from the input sequence to reduce compute and
KV-cache memory (Yang et al., 2025b). Recently,
token pruning has been widely adopted in mul-
timodal LLMs, where visual tokens often con-
stitute a large portion of the input sequence and
significantly increase inference cost (Yang et al.,
2025a; Zhang et al., 2025). Current methods can be
broadly categorized into two families based on how
token importance is defined. The first is attention-
based ranking, which scores tokens by the atten-
tion they receive from other positions and removes
low-scoring ones (e.g., FastV (Chen et al., 2024),
VisionZip (Yang et al., 2025b)). These methods
typically rely on attention signals extracted either
from early LLM layers or the vision encoder. The
second is geometry-based selection, which oper-
ates directly on visual embeddings without using
attention, and selects or compresses tokens based
on their distribution in representation space. For
example, DivPrune (Alvar et al., 2025) preserves
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a diverse subset via farthest-point sampling, while
Token Merging compresses tokens by merging sim-
ilar pairs. Beyond the vision modality, compres-
sion for time series foundation models has so far
focused primarily on weight-level pruning rather
than input-token reduction. A third line of work
combines attention signals with geometric prop-
erties through adaptive, input-dependent criteria.
AgilePruner (Baek et al., 2026) dynamically ad-
justs the pruning threshold based on the effective
rank of token embeddings and attention entropy.
SCOPE (Deng et al., 2025) instead adopts a greedy
token selection strategy guided by both attention
importance and coverage gain. Within the time
series domain, structured pruning methods rank
linear-layer channels in time series foundation mod-
els before fine-tuning (Zhao et al., 2025).

3 Method

In this section, we first introduce a per-modality,
per-layer diversity analysis that induces a pruning
stratum and a corresponding stability bound (Sec-
tion 3.1). Based on this, we propose a stratum-wise
pruning policy and a saliency-guided token selec-
tion rule, which determine layer-wise pruning allo-
cation (Section 3.2) and token-level ranking within
each layer (Section 3.3), respectively.

3.1 Time Series Pruning Stratum

To identify the layers where time series tokens can
be stably pruned in modality-imbalanced inputs,
we observe that such layers are characterized by
time series (TS) tokens exhibiting relatively homo-
geneous representations, while text (TEXT) tokens
remain comparatively more differentiated. To quan-
tify this phenomenon, we introduce a per-modality
token diversity statistic sx (¢) that measures how
hidden representations vary within each modality.

Definition 1 (Token Diversity). Let L denote the
number of transformer layers, indexed by ¢ €
{0,1,..., L} with ¢ = 0 the input embedding and
¢ > 1 post-attention representations. Let Ty de-
note the set of token indices belonging to modality
X € {TS,TEXT}, and let h{" € R? denote the
hidden representation of token 7 at layer /. We
define the token diversity of X at layer / as:

sx(0) = E; jery, iz |1 — COS(h§€)7 hg'@)}? (M

where the expectation is computed over token pairs.
Based on this, we compute the layer-wise token di-
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Figure 1: Per-layer within-modality diversity sts, STexT

and single-layer pruning MSE for Qwen3-4B. Shaded

band: rising segment L, ; dashed line: no-prune MSE.

versity across all layers of Qwen3-4B (Team, 2025)
in Figure 1. We provide observations as follows.

First, text tokens exhibit high diversity in early
layers and become progressively more homoge-
neous in deeper layers. As shown in Fig. 1,
stexT(£) is high at the input layer and gradually de-
creases with depth. At early layers, text representa-
tions are largely shaped by input token embeddings,
leading to more distinct hidden states across tokens
and higher within-modality diversity. As depth
increases, model layers integrate contextual infor-
mation across tokens, resulting in more aligned
representations and a gradual reduction in diversity.
Formally, we define the per-layer rate of change
for each modality as yx (¢) := sx(¢+1)/sx(¢).
Taking the product across layers yields:

stext(L)

1 2
stexT(0) <5 @

L1
1] vrexr(k) =
k=0

which is consistent with a contraction tendency in
representation space (Noci et al., 2022).

In contrast, sts(¢) exhibits a non-monotonic
trend across depth. At shallow layers, TS repre-
sentations are driven by low-level numeric struc-
ture in the input, resulting in highly similar token
embeddings and low within-modality diversity. As
depth increases, contextual information from time
series values is progressively incorporated, leading
to more differentiated representations. This differ-
entiation accumulates until reaching the saturation
depth lax 1= arg maxy sts(¢), after which diver-
sity gradually decreases. Taking the product across
layers yields:

En’)axf1

I ~sk) =
k=0

indicating that time series diversity accumulates
over early layers rather than contracting.

STS (fmax)

1 3
515(0) > 1, 3
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Figure 2: Overview of StratPrune. StratPrune first identifies an early pruning stratum where time series tokens
exhibit low within-modality diversity relative to text tokens, then allocates layer-wise pruning budgets according to
the stability-induced diversity profile. Within each selected layer, low-saliency time series tokens are removed, and
the remaining tokens are progressively forwarded through a context-aware cascade pruning process.

Pruning Stratum. Building on the observations
above, text diversity contracts across depth while
time series diversity expands over the early layers
[0, £imax). To characterize this cross-modal asym-
metry, we define the modality diversity ratio:

g_
Cosrs(0) -

~ ostext(f)

s (k)
Py ~yrext (k)

=

0) - “)

where the second equality follows from Eqgs. 2
and 3. Motivated by this observation, we define
the pruning stratum S as an early-layer interval
in which time series tokens can be pruned with
minimal impact on downstream representations:

Definition 2 (Pruning Stratum). Given a threshold
n* € (0, 1), the pruning stratum S is defined as the
set of early rising-stage layers where time series
representations remain substantially less diverse
than text representations:

S = {lellmax) | n(0) <} (5)

The stratum S serves as a set of candidate layers
for time series pruning. However, this candidate set
does not always ensure stable downstream repre-
sentations. As shown in Figure 1, single-layer time
series pruning at £ € S induces a non-trivial resid-
ual MSE relative to the no-pruning baseline. To

formalize this observation, we introduce a per-layer
measure of stability that quantifies the representa-
tion displacement induced by time series pruning at
leS. Let Oz;? denote the softmax attention weight
from query position j to key position & at layer ¢,
and let V() denote the value projection matrix. For
a time series pruning subset P C Tts, we define
a masked attention operator that excludes pruned
tokens from the key—value set. The resulting post-
pruning representation at a non-TS position j is
given by flg-“-l) = zk@; a%gV(Z) hz(f) where at-
tention is restricted to unpruned tokens. The follow-
ing proposition characterizes the resulting stability
of this pruning operation and establishes a uniform
bound over layers in S.

Proposition 1 (Pruning Stability). For any ¢ €

S and TS pruning subset P C Trs, let ﬁ(Tgs) =

\Tiisl D keTis h,(f) denote the time series centroid

at layer /. The centroid-corrected post-attention
displacement at any non-TS position j satisfies:

= (041 041 j i
Ah; == BV —p{*Y 4 9 vOR(Y, ©
|Aby]| < Cp-pp) /i stixe (D),
where pg) = D kep 0‘5‘? denotes the attention

mass that query j assigns to the pruned sub-
set, and Oy := |[V)|op. The correction term
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+ pg) V(E)E(TZS) removes the shared centroid contri-
bution that remains recoverable from the surviving
TS tokens, so that Ah; isolates the irrecoverable
deviation of the pruned tokens from the TS mean.
The bound decomposes naturally into two factors.
The first, pg), captures how strongly query j de-
pends on the pruned tokens through attention. The
second, \/n* stexT(¢), captures the intrinsic redun-
dancy of TS representations at layer ¢, induced by
the stratum condition 7(¢) < n*. Asn*—0, the TS
representations become increasingly concentrated
around their centroid, causing the perturbation to
vanish. This decomposition directly guides the two
components: the redundancy term governs layer-
wise budget allocation (§3.2), while the attention
term drives saliency-guided token selection by min-
imizing pg) (§3.3). Proof in Appendix A.

3.2 Stratum-Wise Pruning Policy

The above section establishes S as a stable region
for time series pruning. Nevertheless, we still con-
sider how to distribute the pruning budget across
layers within S, since Equation 6 indicates that
the perturbation induced by pruning time series
(TS) tokens differs across layers through the layer-
dependent scale /sts(¢). This suggests that ap-
plying a uniform pruning ratio across S is subopti-
mal. Existing attention-based token pruning meth-
ods (Alvar et al., 2025; Yang et al., 2025b) typically
apply a shared pruning ratio together with a global
saliency score across selected layers. However,
such strategies ignore the layer-dependent stabil-
ity structure characterized by Eq. 6. Inspired by
stability-aware layer-wise sparsity allocation (Ye
et al., 2025; Endo et al., 2025; Tao et al., 2025), we
propose a stratum-wise pruning policy that adapts
pruning decisions to the stability profile of each
layer within S. The proposed policy consists of
two components: a stability-guided layer selection
that determines which layers in S participate in
pruning, and a layer-dependent pruning policy that
allocates the global pruning budget N* according
to the per-layer TS diversity.

Stratum Stability for Layer Selection. To es-
tablish that every layer in S admits stable pruning,
we derive a per-layer stability margin that bounds
the representation displacement uniformly over the
choice of TS pruning subset P,. We begin with
Proposition 1. Its proof (Appendix A) yields a

tighter TS-domain characterization, Ah}Z)H <

Cy p(7‘;.72 \/ STS (ﬂ), via the identity n(f)STEXT(f) =
sts(¢), before the relaxation n(¢) < n* that
gives the looser TEXT-domain form stated in
Eq. 6. Combining this tighter form with the nor-

malization property of softmax attention pgé) =

> keP, ag.? < 1, we obtain the following bound:

¢ )
gy = Ce m, Vg € S, VPZ g ﬁ57

where P, denotes the TS pruning subset at layer /.
The first inequality captures the linear sensitivity
of the representation displacement to the attention
mass assigned to pruned tokens, while the second
follows from the upper bound p%) < 1, yielding a
‘Pe-independent per-layer stability margin €,. Here,
¢ := Cyy/sts({) characterizes the intrinsic stabil-
ity of layer ¢, where sts(¢) measures the within-
modality diversity of TS representations and C
denotes the operator norm of the value projection.
By construction, layers in S lie in the early stage
of the TS diversity profile (Eq. 3), where sts(¥)
remains small and TS representations have not yet
developed strong heterogeneity. Together with the
boundedness of CY, this implies that 4 remains uni-
formly small over S. Consequently, every layer in
S admits a uniformly stable pruning guarantee, and
we therefore adopt S directly as the inference-time
pruning layer set of StratPrune.

1AL < pP ey < &,

Dynamic Pruning Scheduling. To leverage the
layer stability structure for pruning allocation, we
formulate the pruning process as a budget alloca-
tion problem over layers. Specifically, we assign a
per-layer pruning budget by := |Py| foreach ¢ € S,
where the allocation is dynamically conditioned
on the stability margin ¢, defined in Eq. 7. Un-
der this formulation, layers with smaller stability
margins admit larger pruning budgets, while more
sensitive layers are assigned fewer removals. With
the total budget constraint ), by = N* and the

uniform-attention approximation pgz) x by, the
global displacement bound reduces to a quadratic
form over layer budgets:

min Y “bjej st by=N*
{be} s eS8
1/5TS (f)
:bg:ng*, Wy = .
> wes 1/sts(?)

The resulting allocation wy o 1/sts(¢) reveals a
coupling between pruning intensity and TS diver-

®)
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sity: layers with lower sts(¢) receive larger prun-
ing budgets, while layers approaching the stratum
boundary at ¢, are allocated smaller budgets.

3.3 Saliency-Guided Token Selection

While the stratum-wise policy in Section 3.2 de-
termines both the selected layers S and their cor-
responding pruning budgets by, it does not spec-
ify which individual time series tokens should be
removed within each layer. This requires a finer-
grained criterion at the token level. To this end, we
define token importance by measuring its contribu-
tion to non-TS computation. Specifically, Proposi-
tion 1 shows that the representation displacement
of non-TS queries is governed by their attention
to pruned TS tokens, suggesting that TS tokens re-
ceiving higher attention from non-TS positions are
more critical. Based on this, we aggregate attention
from all queries to each TS token, and define the
token-level saliency score as:

> AP ©)

1€ TisUText

namely the total attention received by TS token j
from all non-TS and TS positions at layer ¢. This
score measures how strongly a token is attended
to by the rest of the model, and thus reflects its
potential impact on downstream representations if
removed. This formulation is consistent with prior
attention-based token pruning methods (Chen et al.,
2024; Alvar et al., 2025; Yang et al., 2025b), which
similarly rank tokens according to their received
attention. In contrast to these heuristic designs, our
scoring function arises directly from the stability
bound in Proposition 1, providing an interpretation
of attention as a measure of pruning sensitivity.

4 Experiments

4.1 Experimental Setups

Models and Benchmark. We evaluate prun-
ing on four popular LLM backbones, including
Gemma4, the latest open-source model series from
Google, and the Qwen3 series (Team, 2025). The
Qwen3 models, including Qwen3-4B and Qwen3-
8B, share the same architecture but differ in parame-
ter scale, enabling controlled analysis of model size
effects. We also include TimeOmni-1-7B (Guan
et al., 2026), a model specialized for time series
reasoning, to examine whether pruning remains
effective on a domain-specialized backbone. We

evaluate on MTBench (Chen et al., 2025), a multi-
modal time series benchmark consisting of seven
tasks across weather and financial domains. The
benchmark covers regression tasks including 7-day
and 14-day forecasting and indicator prediction,
classification tasks such as trend prediction and
news—price correlation, and both short-form and
long-form multiple-choice question answering. For
evaluation metrics, regression tasks are measured
using mean squared error (MSE) and mean abso-
lute error (MAE), while classification and MCQA
tasks are evaluated using accuracy.

Baselines. We compare StratPrune with four rep-
resentative token pruning methods. Although these
methods were originally designed primarily for
pruning visual tokens in vision-language models,
we adapt them to time series inputs by treating each
time series token as the basic pruning unit and ap-
plying a matched overall pruning ratio for fair com-
parison. TopV (Yang et al., 2025a) ranks tokens
according to the cumulative attention they receive
at a fixed early layer and removes the lowest-ranked
half. DivPrune (Alvar et al., 2025) formulates to-
ken selection as a Max-Min diversity optimization
problem, iteratively choosing a subset of tokens
that maximizes the minimum pairwise distance in
the embedding space. AgilePruner (Baek et al.,
2026) dynamically selects between attention-based
and diversity-based pruning for each input, guided
by common proxies such as effective rank and at-
tention entropy. SCOPE (Deng et al., 2025) per-
forms iterative token selection using a joint cri-
terion that combines attention-based importance
with a coverage-gain term measuring each token’s
contribution to semantic completeness.

4.2 Results

Table 1 reports the comparison on MTBench under
matched ~67% token budgets across four back-
bones. On the three generalist backbones (Gemma-
4-E4B, Qwen3-4B, and Qwen3-8B), StratPrune
consistently achieves the lowest forecasting MSE
as well as the lowest next-day max, min, and diff
MSE across most evaluation settings. It also deliv-
ers relative reductions of up to around 30% com-
pared to the strongest pruning baseline on 14-day
forecasting and next-day min MSE. In addition,
StratPrune attains the highest past-trend accuracy
on all generalist backbones. On the specialized
TimeOmni-1-7B backbone, the advantage remains
clear. StratPrune achieves more than 25% relative
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Forecasting (|) Trend Pred. (1) Next-day Prediction (]) MCQA (1)

Method foken 7-D 14-D M Mi Diff  7-Day 14-D
Budget ay %Y Past Future x mn ! ay ay

MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE Acc. Acc.

Baseline 100% 26.66 3.94 26.63 3.94 43.5 27.0 3222 442 19.55 345 59.61 6.02 48.0 33.5

TopV ~67% 26.39 4.01 25.55 3.99 41.0 10.5 30.47 4.30 4094 499 56.37 5.85 475 335

DivPrune ~67% 33.86 4.54 87.59 7.30 46.5 28.0 53.50 5.71 32.47 4.45 9898 7.76 48.5 40.5

Gemmad-4B SCOPE ~61% 32.32 4.43 25.59 3.95 38.0 23.0 2994 427 52.02 5.63 5539 5.81 405 38.5
AgilePruner ~T3% 2693 4.05 77.33 6.86 415 240  25.68 3.95 15.59 3.08 47.51 538 420 49.0

StratPrune (Ours) ~67% 25.08 3.28 24.82 3.16 49.0 29.0 23.90 3.52 10.34 2.53 41.62 4.60 51.0 46.5

Baseline 100% 40.89 4.85 61.34 7.83 48.0 360 2890 4.32 17.92 3.17 56.73 620 52.0 50.5

TopV ~67% 49.30 5.39 73.95 8.60 42.5 235 27.63 424 26.56 3.75 62.58 6.41 47.0 47.0

DivPrune ~67% 52.02 5.82 78.03 8.83 31.5 525 24.82 390 1539 3.92 48.65 698 52.5 51.0

Qwen3-4B SCOPE ~61% 40.89 492 61.34 7.83 38.5 47.0 21.72 3.68 27.39 3.88 37.37 472 535 525
AgilePruner ~73% 41.31 4.85 61.97 7.87 39.0 55.0 2420 391 15.00 3.87 4743 6.89 50.0 53.5

StratPrune (Ours) ~67% 40.74 4.16 56.28 5.77 48.5 55.0 20.35 3.30 11.50 2.62 38.08 4.44 50.0 51.5

Baseline 100% 41.32 4.78 72.40 6.19 36.0 24.5 28.23 4.24 36.35 4.04 62.85 6.81 43.0 39.5

TopV ~69% 32.68 4.34 73.23 6.32 29.5 25.0 29.42 439 58.76 5.67 65.51 8.19 40.5 40.5

DivPrune ~69% 55.12 5.61 96.46 10.15 27.5 24.5 26.11 420 51.52 5.88 5823 742 41.0 38.5

Qwen3-8B SCOPE ~54% 35.66 4.54 63.47 5.76 29.5 21.0 26.82 391 56.69 5.61 73.68 641 40.5 41.0
AgilePruner ~T3% 3855 4.77 67.08 628 32.0 205 2470 3.85 76.60 8.75 55.08 7.22 44.5 42.0

StratPrune (Ours) ~69% 30.64 4.32 50.00 5.51 38.5 26.5 22.64 3.75 25.19 3.92 4542 4.78 49.5 485

Baseline 100% 53.24 7.30 65.78 8.11 53.0 220 57.61 7.59 37.09 5.78 37.53 5.12 250 52.0

TopV ~66% 68.08 8.25 84.42 9.19 45.0 18.0 33.87 5.82 3228 4.16 30.65 490 30.0 37.0

DivPrune ~66% 52.11 6.59 49.02 6.79 48.0 17.0 66.63 8.16 31.16 4.00 36.38 4.58 24.0 350
TimeOmni-1-7B SCOPE ~66% 68.92 8.30 85.46 9.24 44.0 21.0 4472 6.69 49.97 5.50 29.33 420 28.0 38.0
AgilePruner ~T2% 73.64 8.58 91.31 9.56 52.0  19.0  29.49 543 29.99 4.06 17.53 3.62 34.0 40.0

StratPrune (Ours) ~66% 37.65 4.79 52.36 5.64 62.0 24.0 28.53 4.42 1249 292 11.28 341 450 55.0

Table 1: Overall comparison of pruning methods on the MTBench weather domain across four LLM backbones
under matched token-budget ratios. The best and second best results are in bold and underlined, respectively.

improvement in MSE for 7-day forecasting. It also
improves the accuracy of trend prediction by 9%
compared to the no-pruning setting. Furthermore,
it outperforms all baselines on both MCQA vari-
ants, with an 11-point gain on the 7-day MCQA
over the strongest pruning baseline.

We further analyze inference efficiency on
Qwen3-8B in Table 2. Among the pruning base-
lines, StratPrune attains the lowest per-token decod-
ing latency and ties SCOPE for the smallest peak
memory, while reducing the KV cache to the same
size as the other pruners at the matched token bud-
get. The K =3 scoring forward passes introduce a
modest end-to-end overhead relative to single-pass
pruners, but StratPrune remains substantially faster
than DivPrune, whose iterative diversity selection
dominates its runtime.

5 Further Analysis

Effect of Pruning Ratio. To further evaluate our
approach, we analyze the effect of varying the
prune ratio 7 on Qwen3-8B, ranging from 0.2
for light pruning to 0.8 for aggressive pruning. As
shown in Figure 3a, StratPrune remains competitive

Method Decode E2E Mem KV Lat.

(ms/tok) (s) (GB) (MB) (%)
No-prune 126 090 7.90 264.7 1.00
TopV 20.1 1.56 844 1734 0.58
DivPrune 19.6 7.08 845 1732 0.13
SCOPE 19.6 154 826 1734 0.58
AgilePruner 19.6 153 835 173.7 0.59
StratPrune (Ours) 19.3 1.39 8.26 1734 0.65

Table 2: Inference efficiency on Qwen3-8B at a matched
~67% token budget over a 64-token generation. Decode
= ms/token; E2E = end-to-end latency; Mem = peak
GPU memory; KV = analytic KV-cache size; Lat. =
latency relative to no-prune.

with AgilePruner across the entire ratio range in
future trend prediction. Both methods outperform
the no-pruning baseline, whereas TopV degrades
substantially as the prune ratio increases. Figure 3b
presents the results on next-day prediction. Strat-
Prune achieves the lowest error at every prune ratio
and maintains stable performance throughout the
sweep, keeping the MSE below approximately 16.
In contrast, DivPrune and AgilePruner exceed the
no-pruning baseline under high pruning ratios.
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(a) Future trend prediction. (b) Indicator prediction.

Figure 3: Pruning performance across token-budget
ratios on two weather domain tasks.

Layer-wise Selection. To validate the diversity-
based layer selection strategy in §3.1, we evalu-
ate each Qwen3-8B transformer layer and exam-
ine the relationship between pruning MSE and the
corresponding intra-TS diversity score sts (). As
shown in Figure 4, within the candidate region
Lyise, pruning MSE increases approximately lin-
early with sts(£), achieving an R? of 0.55 with a
bootstrap 95% confidence interval. Moreover, the
layer with the lowest diversity score, L1, also at-
tains the smallest pruning MSE (23.7, marked by
%), suggesting that lower-diversity layers provide
more stable pruning behavior. This trend disap-
pears outside the candidate region [¢y,ax, L), where
pruning MSE exhibits larger variance and no con-
sistent ordering across diversity scores is observed.
Together, these results empirically support restrict-
ing cascade pruning to Lyige.

Ablation Study. Table 3 presents an ablation
study of three core components of StratPrune. The
results show that the proposed stratum provides the
most consistent overall performance. Using fewer
pruning layers leads to weaker results, while adding
more layers produces marginal changes. This sug-
gests that most effective pruning decisions are al-
ready captured by a small set of low-diversity lay-
ers. Replacing the iterative context-aware cascade
with a single forward aggregation step consistently
reduces performance, indicating that recomputing
token importance after each pruning stage helps
later layers adapt to the updated token context.

Intra-TS diversity srs(£)

Figure 4: Per-layer pruning MSE versus intra-TS di-
versity sts(£). Within Lrise (blue), MSE scales ap-
proximately linearly with sTS(¢) (R? = 0.55), and
the minimum-diversity layer matches the empirical
minimum-MSE layer (%). This relationship breaks down
in the excluded region (gray).

(b) |Topv S
2 -
!.‘-.. ° Je. ?
o
RN ol
DI €
L J ez,
e ® S T
- ’} 5
L J

TS-kept

TEXT-kept

X TS-pruned

TEXT-pruned

Figure 5: t-SNE visualization of time series and text
token hidden states. Pruned tokens are marked by x.

Token Selection Behavior. Figure 5 visualizes
hidden-state tokens together with the keep masks
produced by different methods. TopV highlights
the limitation of modality-unaware pruning, where
most removed tokens come from the text region
while the time series distribution remains largely
unchanged. DivPrune instead removes tokens near
the boundary of the time series cluster, preserving
redundant interior representations while discard-
ing structurally informative regions. In contrast,
StratPrune concentrates pruning within compact
low-diversity regions while preserving the overall
structure of the time series distribution, consistent
with our layer-wise diversity analysis.
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6 Conclusion

In this paper, we introduce StratPrune, a cascade
stratum pruning framework for time series reason-
ing in multimodal LLMs. By identifying an early-
layer pruning stratum through per-modality diver-
sity analysis and deriving a hidden-state stability
formulation, StratPrune enables both layer-wise
budget allocation and token selection. Experiments
on multiple tasks and LLM backbones demonstrate
consistent improvements over strong baselines un-
der matched token budgets across diverse settings.
Our results further highlight the importance of mod-
eling layer and modality dependent redundancy for
efficient multimodal time series reasoning.

Limitations

While StratPrune demonstrates consistent improve-
ments across multiple tasks and LLLM backbones,
several limitations remain for future work. First,
our diversity analysis focuses on the interaction
between time series and text representations. Al-
though this setting captures a common form of
multimodal time series reasoning, extending the
framework to richer modality combinations such
as image, audio, or sensor streams remains an im-
portant direction. Second, the proposed pruning
stratum is identified from layer-wise representation
statistics observed during inference. While the re-
sulting strategy generalizes well across evaluated
models and tasks, incorporating instance-adaptive
mechanisms that dynamically adjust the stratum for
each input may further improve flexibility. Third,
our stability formulation characterizes the local ef-
fect of pruning on hidden-state representations and
provides a principled basis for pruning allocation.
Understanding how these local perturbations relate
to end-to-end reasoning behavior over long infer-
ence trajectories remains an interesting direction
for future investigation.
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A Proof of Proposition 1 (Pruning
Stability on S)

We prove the bound in Eq. 6. Let £ € S be fixed
and let h( ) gﬁs\ D keTis h( ) denote the TS
centroid at layer

Step 1: Diversity controls maximum deviation
from the centroid. For unit-norm hidden states,
1—cos(hg, hy) = i|h, — by, so the within-
modality cosine diversity coincides with the cen-
tered squared spread up to a factor of two. In
particular, sts(¢) = Egerrg [th) B(TKS)HQ}. A
standard concentration argument (sub-Gaussian or
bounded-support tokens) yields a layer-uniform
constant ¢ >0 such that:

~hiY|| < Vers(f) /e (10)

max Hh
keTrs

The factor 1/+/c is absorbed into the constant Cy
in the bound below.

Step 2: Centroid-corrected displacement has a
clean form. The pre- and post-pruning attention
outputs at any non-T'S position j are:

4+1 £) x7(0)1, (£
B = 3o vOn,
k
F(04+1) @) xr (01 (O
b = ey vl
k¢ P

whose naive difference is ﬁg“l) — hg“l)

— > kep ag.f;)V(é)hff). Adding the centroid-
correction term p(j)V( )7”(1“65) (with p%) =

ZkeP ]k) and using the identity p%)h(f)

¢
Y ohep @ g'k)h(Ts? yields:
Ah; = = v Za
keP

The centroid correction therefore eliminates the
dependence on the absolute hidden-state norm and
leaves the per-token deviation from the TS centroid.

Step 3: TS-domain bound. Taking norms in
Eq. 11, applying triangle inequality, and bounding
the convex combination by its maximum element,

1A < VOl > o1 —BiY|
keP
< [V lop 3 max [ B
(12)

Substituting Eq. 10 and absorbing 1/+/c into Cy
gives the tighter TS-domain form:

|Ab;| < Cp-pY)-

STs(E). (13)

This is the form used by the per-layer stability mar-
gin €y in Section 3.2.

Step 4: Stratum relaxation gives the TEXT-
domain bound. By the definition of S, every
(€ S satisfies n(¢) <n*. Combined with the iden-

tity sts(£) =n(¢) stexr(£),

\/STS \/77

Substituting into Eq. 13 yields the looser TEXT-
domain form stated in the proposition,

A < Co-pD - \/n* stext(©).

) stext(¢) < /n* stExT({).

(14)
O

B StratPrune Algorithm

Algorithm 1 summarizes the full StratPrune proce-
dure. The offline phase (lines 1-6) runs once per
model on a small calibration set: it estimates the
per-modality diversity profile, identifies the prun-
ing stratum S, and pre-computes the layer-wise
allocation weights {wy}scs. The inference phase
(lines 7-16) is invoked per input prompt: it walks
the stratum layers in ascending order, scores the
surviving TS tokens by their received attention, and
drops the lowest-saliency b, tokens at each sched-
uled layer; the resulting cascade keep-mask is then
passed to standard generation. The procedure intro-
duces no additional trainable parameters and adds
|S| extra forward passes during scoring (typically
|S| <3 in our experiments).

C Baseline Adaptation Details

All four baselines, TopV (Yang et al., 2025a), Di-
vPrune (Alvar et al., 2025), AgilePruner (Baek
et al., 2026), and SCOPE (Deng et al., 2025), were
originally developed for vision—language models,
where pruning is performed over visual patch to-
kens produced by a frozen vision encoder. To adapt
them to multimodal time series LLMs under a con-
trolled setting, we use each time series token as the
basic pruning unit and re-implement all methods
within a shared pruning interface. This appendix
describes the method-specific adaptation choices
used in our experiments, ensuring that the compar-
isons in Table 1 and Table 4 are fair.
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Algorithm 1 StratPrune Inference Procedure

Require: model f, prompt with token sets
Tinst, Ts> Trexe; TS prune ratio 7; threshold n*;
calibration set C

Ensure: compressed keep-mask m € {0, 1}°
Offline calibration (run once per model)

1: Compute sts(¢), stext(¢) on C for { =
0,...,L > Eq. 1
2: lpax < arg maxy sts ()
3: U(f) < STs(E) / STEXT(E) foreach /¢ ©» Eq. 4
4: S {l e[, lmax) : n(¢) <n*} > Def.2
1 / STS (E)
S o 1515 (0) for/ e S > Eq. 8

6: Sort S in ascending order of ¢
Per-inference cascade pruning

7: Initialize active set A < T; m < 1g

8 N* Lrts |7?SH’ Ndone < 0

9: fort =0,...,|S|—1with¢; € Sinascending
order do

10 Forward f with current m up to layer /¢;;
capture A (¢0)

e si(l) & Yienor Al Wie A b
Eq. 9

12: by « |wg, N*]if t < |S| — 1else N* —
Ndone

13: P; + bottom-min(b, |A| — 1) of A by
s;(Ct)

14: mfj] < Oforj € P; A« A\ Py
Ndone < Mdone + by

15: end for

16: return f.GENERATE(prompt, attention_mask
m)

50wy 4—

Shared design choices. Three conventions are
applied uniformly across all baselines and to Strat-
Prune itself, so that no method gains an advantage
from the boundary conditions:

* Only time series tokens are prunable. Instruc-
tion tokens Tins are always preserved (sys-
tem prompt, task description, output-format
string). Narrative tokens 7y are also al-
ways preserved, since pruning text degrades
all methods uniformly; all baselines and our
method run in a TS-only pruning regime.

e Token budget aligned by TS-token retention
rate, i.e., each method targets the same ratio
ris =|P|/|Ts| of TS tokens to drop, not a ra-
tio of the full sequence. We set the target at
ris = 0.33 (keep ~67% of TS tokens). Two
methods (SCOPE, AgilePruner) include in-

ternal adaptive selection rules that cannot be
forced to an exact ratio without breaking their
design; we report the realized retention in the
“Token Budget” column of every results table.

Single-layer scoring at layer 4. For every
attention- or hidden-state-based baseline we
extract the scoring signal from the same trans-
former layer (¢ = 4) used by FastV in the
original paper. This isolates the effect of the
scoring rule from the effect of layer choice,
and matches the hook layer used by StratPrune
in the main comparison.

TopV (FastV-style column-sum attention).
TopV scores each visual token by the column sum
of received attention at an early LLM layer (Yang
et al., 2025a). We keep the original scoring rule
unchanged and only restrict it to the TS slice of the
attention matrix:

TopV V4
Sjop ({=4) = Zie’nsu’rm Az(‘j)v

where instruction rows are excluded by construc-
tion since most lie before the TS block and are
causally blocked. The bottom 7| 75| TS tokens by
S}OPV are masked at generation; text and instruction
tokens are untouched. This is the direct LLM-side
analog of FastV; the only adaptation is restricting

the scored column index set to Ti.

j€7;57

DivPrune (geometric diversity over TS hidden
states). DivPrune (Alvar et al., 2025) formulates
pruning as max—min cosine diversity over visual-
encoder embeddings. Since multimodal time se-
ries LLMs have no separate visual encoder for
TS, we use the LLM’s own layer-4 hidden states
{h§-4) }jeTs as the geometric substrate, and restrict
the selection set to TS token positions:

Ets = arg AIS’nca%( mlens[ 1-— cos(hi(jl)7 h(4))]’
Sk

solved by the same greedy farthest-point-sampling
procedure as the original DivPrune. Text and in-
struction tokens contribute neither candidates nor
distance constraints. The ~860x runtime penalty
reported in our efficiency table reflects FPS over
~1000 TS positions per sample at single precision.

AgilePruner (adaptive threshold via effective
rank). AgilePruner (Baek et al., 2026) adaptively
widens its similarity threshold using the effective
rank (erank) of token embeddings and the attention
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entropy of the [CLS] row. Two adaptations are
required because multimodal time series LLMs
lack a CLS token:

* Effective rank. We compute erank on the
matrix H(") € RI7/%4 of layer-4 TS hidden
states, using the original formula erank(A) =
exp(— >, ¢ilogai), ¢ =04/ Zj o; with o;
the singular values of A. This restricts the ge-
ometry to TS and removes the dependence on
visual-encoder geometry, which is undefined
in our setting.

* Attention entropy. In place of the CLS row,
we use the attention row corresponding to the
last instruction token, which carries the “re-
turn one word” output-format prefix and plays
an analogous summarization role at this layer.
Entropy is then computed by the original for-
mulation, restricted to TS column indices.

The adaptive threshold rule 7; = order; X
(erankinput/erankaye x 0.01) is applied unchanged.
Because the threshold is sample-adaptive, the real-
ized TS budget varies per sample.

SCOPE (greedy coverage in TS token space).
SCOPE (Deng et al., 2025) greedily picks tokens
that maximize additive coverage of high-attention
regions. We adapt SCOPE by restricting both the
candidate set and the already-selected set to the TS
modality: the marginal coverage gain is measured
between candidate and already-selected TS tokens
using layer-4 hidden states, and text/instruction
tokens contribute neither candidates nor coverage
targets. Because SCOPE’s selection terminates
when marginal gain falls below a threshold rather
than at a fixed budget, the realized TS retention
varies between ~54% and ~66% across backbones.
We report the realized rate in the “Token Budget”
column of every results table rather than forcing an
exact ratio match, which would require modifying
SCOPE’s stopping criterion.

D Extended Layer-wise Selection Results

To further validate the diversity-based layer selec-
tion introduced in Section 3.1, we extend the layer-
wise selection analysis from Section 5 to two ad-
ditional backbones, Qwen3-4B and Gemma4-4B.
For each backbone, we independently prune each
transformer layer under the same pruning ratio and
record the resulting task MSE. This analysis ex-
amines whether the relationship between intra-TS

diversity sts(¢) and pruning error, originally ob-
served on Qwen3-8B, generalizes across model
scale and architecture.

E Extended Results

E.1 Validation of the Per-Layer Stability

Single-layer pruning validates the stratum de-
sign. Figure 6 and Figure 7 study the effect of
pruning each layer independently under the same
pruning ratio. The top panel plots the resulting
MSE against the intra-TS diversity sts(¢). Within
the candidate region, the MSE increases approxi-
mately linearly with sts(¢), while the fitted trend
remains stable under the 95% confidence band.
This observation is consistent with the stability
bound in Eq. 7: since the per-layer perturbation
is controlled by Cyy/sts(£), the corresponding
squared error is expected to scale with sys(¢) up
to a layer-dependent constant. Therefore, the em-
pirical sweep supports using sts(¢) as a practical
proxy for layer-level pruning sensitivity.

The stratum separates stable and unstable prun-
ing layers. The bottom panel shows the same
MSE values ordered by layer index. For the candi-
date layers before the rising-stage boundary, prun-
ing remains relatively stable: most layers stay close
to the no-prune baseline, and the variation is mod-
erate despite using the same pruning ratio. In con-
trast, once the pruning layer moves outside the
stratum, the MSE becomes substantially larger and
more volatile, with several late layers producing
catastrophic errors. This sharp change indicates
that the boundary used to define S is not merely a
heuristic cutoff, but marks a practical stability tran-
sition between layers where TS redundancy can be
safely removed and layers where pruning disrupts
downstream representations.

The minimum-diversity layer explains the al-
location rule. The green star marks ¢* =
argming sts(¢). This layer yields one of the
lowest post-pruning MSEs and stays close to the
no-prune baseline, matching the prediction that
lower intra-TS diversity leads to a smaller pruning-
induced perturbation. This result directly moti-
vates our allocation strategy: layers with smaller
sts(¢) receive larger pruning budgets through by o
1/s1s(¢). Thus, the single-layer sweep provides ev-
idence for both components of our design: restrict-
ing pruning to the stable stratum and allocating
more pruning to layers with stronger redundancy.
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Figure 6: Single-layer pruning sweep on Qwen3-4B.

Top: MSE versus intra-TS diversity sts(¢), with a lin-

ear fit over candidate layers. Bottom: MSE ordered by

layer index. Excluded layers show larger and less stable

errors, while the minimum-diversity layer marked by
the green star yields low pruning error.

E.2 Evaluation on Finance Domain

Table 4 reports the results on the finance do-
main using the same experimental protocol, back-
bones, and matched token-budget setting as Table 1.
Across all four backbones, StratPrune consistently
achieves the lowest or near-lowest forecasting er-
rors in MAE and MAPE, as well as the highest
accuracy on stock trend prediction, news—stock cor-
relation, and multiple-choice question answering.
These results show that the improvements observed
in weather domain generalize to a different domain.

E.3 Cross-Backbone Layer Diversity

Figure 8 reports the layer-wise diversity profiles of
sts(¢) and stexT(¢) across all four evaluated back-
bones. The results show a consistent pattern across
models. TS token diversity increases in the early
layers and then gradually saturates, whereas TEXT
token diversity decreases monotonically with depth.
This consistent separation supports the pruning stra-
tum defined in Section 3.1 and confirms that the
same layer-selection principle generalizes across
different backbones.
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Figure 7: Single-layer pruning sweep on Gemma4-4B.
Top: MSE versus intra-TS diversity sts(¢), with a lin-
ear fit over candidate layers. Bottom: MSE ordered by
layer index. Excluded layers yield larger errors, while
the minimum-diversity layer achieves low pruning error.

F Case Study

Figures 9 and 10 present qualitative examples from
the weather and finance domains, respectively, il-
lustrating how StratPrune’s stratum selection and
budget allocation operate on a single real sample.

Figure 9 presents a real weather forecasting case.
Panel (a) shows the input weather report, while
Panel (b) shows the 168-hour temperature history
together with the 24-hour target window. The
ground truth in the target window follows a decreas-
ing trend. Panels (c) and (d) illustrate how Strat-
Prune converts layer-wise diversity statistics into a
concrete pruning decision for this sample. Panel (c)
reports the per-layer diversity profile sts(¢) within
the rising segment. Panel (d) shows the correspond-
ing inverse-diversity budget weights, defined by
wy o< 1/s15(¢), together with the aggregated keep
mask m", which retains approximately 67% of the
time series tokens.

Figure 10 follows the same overall structure with
a representative finance example. Diversity calibra-
tion is performed once for each backbone rather
than separately for each input. Therefore, Panels
(c) and (d) use the same stratum layers and bud-
get weights as Figure 9, while the domain-specific
content differs in Panels (a) and (b).
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Forecasting () Stock Trend Prediction (1) News-stock Correlation (1) MCQA (1)
Token
Method Budget  7-Day 30-Day 7-Day 30-Day 7-Day 30-Day  7-Day 30-Day
MAE MAPE MAE MAPE 3-way 5-way 3-way 5-way 3-way 5-way 3-way S5-way Acc. Acc.
Baseline 100% 4.44 4.62 566 570 520 28.0 440 220 760 420 650 350 600 72.0
TopV ~67% 499 496 551 553 760 350 600 28.0 88.0 48.0 70.0 38.0 56.0 60.0
Gemmad-4B DivPrune ~67% 850 9.20 1020 11.50 29.0 17.0 250 14.0 47.0 250 550 230 47.0 60.0
SCOPE ~61% 5.10 505 635 720 450 240 380 190 550 30.0 450 220 520 560
AgilePruner ~T73% 530 525 6.55 745 480 260 420 21.0 60.0 320 500 260 53.0 58.0
StratPrune (Ours) ~67% 4.20 4.40 530 530 78.0 38.0 65.0 350 89.0 500 750 42.0 640 74.0
Baseline 100% 3.77 4.64 531 445 160 100 140 80 240 140 220 120 880 85.0
TopV ~67% 3.77 452 4.04 379 31.8 18.0 28.0 160 545 300 48.0 260 864 78.0
Qwen3-4B DivPrune’ ~67% 482 898 7.61 1415 31.0 17.0 260 140 60.8 340 520 28.0 750 68.0
SCOPE ~61% 395 485 7.85 650 250 140 220 120 18.0 100 16.0 19.0 78.0 70.0
AgilePruner ~T3% 4.05 495 7.65 630 280 150 240 130 160 9.0 150 180 80.0 720
StratPrune (Ours) ~67% 3.34 3.99 380 350 40.0 22.0 34.0 19.0 63.0 360 550 30.0 90.0 87.0
Baseline 100% 5.16 555 652 585 330 18.0 28.0 150 66.0 36.0 560 300 89.0 79.0
TopV ~69% 579 595 640 580 36.8 200 320 170 684 370 600 320 8l.1 76.0
Qwen3-8B DivPrune’ ~69% 6.55 640 7.20 7.10 326 180 270 140 695 38.0 61.0 330 853 875
SCOPE ~54% 585 570 6.85 650 300 160 250 130 62.0 33.0 520 280 830 750
AgilePruner ~73% 595 585 695 6.65 320 170 270 140 640 340 540 290 850 76.0
StratPrune (Ours) ~69% 495 530 6.10 555 38.0 21.0 340 190 71.0 395 620 340 90.0 89.0
Baseline 100% 3.46 330 4.60 445 920 50.0 78.0 42.0 92.0 52.0 80.0 440 48.0 351.0
TopV ~66% 452 4.12 456 720 73.0 68.0 280 150 450 240 380 200 47.0 380
. . DivPrune’ ~66% 455 4.13 438 840 250 640 620 120 380 200 320 170 38.0 320
TimeOmni-1-7B
SCOPE ~66% 450 4.15 435 780 280 750 640 530 400 21.0 340 180 42.0 36.0
AgilePruner ~T2% 448 4.11 433 750 300 46.0 360 140 420 220 360 190 440 37.0
StratPrune (Ours) ~66% 3.20 3.10 430 4.15 94.0 52.0 80.0 44.0 940 540 82.0 46.0 52.0 53.0
Table 4: Finance domain results across four backbones.
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Figure 8: Cross-backbone diversity.
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Temperature (°C)

~

Reported events: “Hail, Thunderstorm Wind” near station USW00003927 (2011/04/10 21:12 -
00:32). Hailstones = 40.2 in. Property damage = $675k. Narrative: A strong upper

level low pressure system over the southern Rockies aided in the late evening

development of severe thunderstorms along a dryline across north central and central ...
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(d) Stages 2--3 — budgets b,x1/srs(¢) + saliency — keep-mask m®™ (~67%)
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Figure 9: Case Study in Weather Domain

18812



Title: “Is Amadeus IT Group (AMADY) Stock Outpacing Its Business Services Peers This
Year?” Content: If you do not, click Cancel.', 'OK Cancel', 'Image: Bigstock', 'Zacks
Equity Research\n July 14, 2023\n', 'CPRT Quick QuoteCPRT AMADY Quick
QuoteAMADY ', '\n\n\nBetter trading starts here.\n\n', '\nYou follow Tale of t...
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(d) Stages 2--3 — budgets b,x1/srs5(¢) + saliency — keep-mask m" (~ 67%)
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Figure 10: Case Study in Finance Domain
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