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Abstract

The recent advancement of time series has wit-
nessed Vision Language Models (VLMs) as
a powerful tool for a variety of multimodal
time series analysis tasks, including forecasting,
classification, question answering, etc. How-
ever, with time series as an explicit modality,
inputs with long time series horizons yield ex-
cessive numeric tokens for VLMs, resulting in
high inference latency. Moreover, such long
contexts often contain redundant or noisy seg-
ments that might distract the model and thus de-
grade downstream performance. Although pre-
vious token pruning methods can reduce visual
or textual tokens, they are mostly unimodal and
do not explicitly explore multimodal semantics
for time series. To address this, we propose
TimePrune, a plug-and-play temporal pruning
framework for VLMs in multimodal time series
analysis, which can accelerate VLM inference
without fine-tuning the VLM backbone. Specif-
ically, TimePrune formulates time series prun-
ing as a budgeted temporal selection problem
and introduces a Trimodal Budgeted Network
to score temporal patches via jointly condition-
ing on linguistic and visual semantics. Then,
under a fixed budget, this framework is opti-
mized via the proposed Narrative-Calibrated
Binned Grounding constraints, to further fa-
cilitate context-aware and temporally-coherent
pruning. Extensive experiments on four time
series tasks across application domains on mul-
tiple VLMs show that TimePrune could con-
sistently achieve better performances. For ex-
ample, on Qwen3VL-8B, TimePrune improves
average forecasting performance by 33.91%.
Our code is publicly available.'

1 Introduction

Vision Language Models (VLMs) have emerged
as a natural extension of Large Language Models

*corresponding author
! https://github.com/coenliu/timeprune
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Figure 1: Top: Existing multimodal time series

pipelines feed dense inputs into a VLM, resulting in
high computational cost and latency. Bottom: The pro-
posed TimePrune accelerates inference by selectively
removing redundant tokens.

(LLMs), transferring their strong language under-
standing capabilities to multimodal contexts such
as images and video (Liu et al., 2023; Lin et al.,
2024; Team, 2025a). Thus, VLMs have demon-
strated strong generalization across a wide range
of real-world applications, including document un-
derstanding (Nacson et al., 2025; Liu et al., 2025a),
chart and diagram reasoning (Mukhopadhyay et al.,
2024), and video analysis (Arefeen et al., 2024).
More recently, with time series being an important
modality in scenarios across domains such as fi-
nance, weather, etc, VLMs have been increasingly
explored in multimodal time series analysis, where
they show powerful performance in interpreting
temporal signals, narrative descriptions, and auxil-
iary modalities (Jiang et al., 2025).

Multimodal time series analysis (MTSA) covers
a broad spectrum of tasks, ranging from forecast-
ing (Fan et al., 2022, 2023; Fei et al., 2026), classifi-
cation (Li et al., 2023) to anomaly detection (Zhou
and Yu, 2025), as well as causal discovery (Shen
et al., 2025). To address these MTSA tasks, recent
VLM-based approaches typically incorporate time
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series alongside textual and tabular signals (Feng
etal., 2025), by encoding them into unified prompts
for instruction fine-tuning (Wang et al., 2024),
aligning multimodal representations (Lee et al.,
2025), or leveraging meta-information (e.g., do-
main, data statistics and granularity, and auxiliary
covariates) to provide real-world context (Liu et al.,
2024). However, directly adapting VLMs to the
time series domain introduces a distinct compu-
tational bottleneck: as models often need to pro-
cess long, high-frequency numerical time series
sequences, this substantially increases inference
cost and limits scalability of VLMs. Moreover,
lengthy time horizons are frequently noisy and con-
tain irrelevant temporal segments. When too many
redundant numeric tokens are retained, these dis-
tractions could largely hinder the performance of
downstream time series tasks.

To address the above challenges, we propose
TimePrune, a novel model-agnostic framework
for efficient and effective multimodal time series
analysis. The core idea of TimePrune is to perform
context-aware selective pruning on the time series
in order to make VLMs retain semantically infor-
mative tokens and prune redundant noise. Specifi-
cally, we first formalize the token selection for time
series as a Budgeted Temporal Pruning problem,
which aims to maximize downstream utility under a
strict budget constraint by selecting at most context-
conditioned temporal patches via conditioned on
the multimodal context to form a pruned context.
Next, since existing VLM pruning methods usually
focus on spatial redundancy in images, we perform
trimodal-conditioned budgeted pruning via a Tri-
modal Budgeted Network, which could learn the
interactions among text, image, and time to dy-
namically filter out irrelevant temporal segments
based on textual and visual signals. Finally, to miti-
gate the risk of breaking temporal continuity during
pruning, we propose Narrative Calibrated Binned
Grounding, an optimization objective that lever-
ages textual narratives as supervision. It employs a
joint regularization loss to ensure that the selected
tokens remain narrative-grounded and coherent. In
summary, our contributions are as follows:

* We propose TimePrune, a plug-and-play
framework for frozen VLMs that employs a
Trimodal Budgeted Network to dynamically
select informative time series tokens based on
multimodal semantics.

¢ We introduce Narrative Calibrated Binned

Grounding, which leverages textual narra-
tives as supervisory signals. This mechanism
optimizes a compound loss to strictly enforce
temporal coherence and cross-modal ground-
ing under a constrained token budget.

* We conduct extensive experiments in finance
and weather domains. The results demonstrate
that TimePrune achieves a superior latency-
accuracy trade-off compared to baselines, de-
livering speedups while maintaining or even
improving predictive performance.

2 Related Works

LLMs for Time Series. Recent studies have ex-
tensively explored the adaptation of LLMs to time
series analysis (Jiang et al., 2025; Liu et al., 2025c).
Some approaches incorporate textual information
into time series tasks using LL.Ms (Wang et al.,
2025a; Jin et al., 2024b; Su et al., 2025), while
others leverage cross-modal interactions to achieve
deeper insights and robust predictive and analytical
performance (Zhong et al., 2025). Beyond these
directions, recent research combines LLMs with
time series modeling to advance a variety of down-
stream applications, including forecasting (Gruver
et al., 2023), anomaly detection (Liu et al., 2025d),
and financial prediction (Yu et al., 2024; Liu et al.,
2025a). However, few studies explicitly incorpo-
rate task-aware temporal segment selection when
applying LLMs to long-horizon inputs.
Multimodal Time Series Analysis. Multimodal
approaches have shown that integrating diverse
data modalities enhances contextual representation,
leading to better performance of MLLMs in fore-
casting (Liu et al., 2025b), classification (Lee et al.,
2025), and causal discovery (Zheng et al., 2024).
Beyond time series signals, recent research also
explores the incorporation of textual and visual
modalities, where text provides semantic context
and images capture spatial cues, together enhanc-
ing the forecasting ability of multimodal LLMs
(Jin et al., 2024a; Zhong et al., 2025; Chen et al.,
2026). Few of them incorporate selection mech-
anisms to filter out irrelevant temporal segments,
often leading to redundancy and increased compu-
tational costs when processing long-horizon data.
MLLMs Token Pruning. Computational effi-
ciency is a significant challenge in MLLM-based
time series analysis, especially when dealing with
long input horizons and multivariate streams (Liu
et al., 2025¢). Recent work has explored strategies
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for efficient time series modeling, including storing
the last token in forecasting (Liu et al., 2025b), a
pruning and fine-tuning approach that structurally
adapts time series foundation models to specific
forecasting tasks (Zhao et al., 2025), and SPAT,
which applies sensitivity-based structured pruning
to remove low importance multi-head attention
modules in Transformer forecasters (Guo et al.,
2025). However, these methods predominantly rely
on unimodal signals, overlooking the potential of
utilizing a cross-modal semantic context to guide
the pruning of temporal patches.

3 TimePrune

In this section, we propose TimePrune, a model-
agnostic budgeted temporal pruning framework for
multimodal time series analysis. As illustrated in
Figure 2, TimePrune first formulates budgeted tem-
poral pruning under a fixed token budget as de-
scribed in Sec. 3.1. It then introduces a lightweight
Trimodal Budgeted Network that scores temporal
patches conditioned on textual and visual context
as described in Sec. 3.2. Finally, it trains the selec-
tor with Narrative Calibrated Binned Grounding,
using pseudo labels and coherence regularization
as described in Sec. 3.3.

Task Formulation. we consider the task of Mul-
timodal Time Series Analysis, where the goal is to
generate a target response Y (e.g., forecast values
or analytical answers) from a multimodal input.
Each instance is represented as D = (P,C,V),
where P = {p1,...,pn} is the sequence of
patched temporal tokens from a multivariate time
series (p; € R%), C is a sequence of context tokens
(e.g., news, queries), and V is the visual input. The
frozen VLM backbone with parameters ® induces
a conditional distribution:

P@(Y | P,C,V), (1)

3.1 Budgeted Temporal Pruning

Multimodal time series analysis typically feeds the
full patched sequence P = {p;} ¥, together with
textual context C and a plot token V), into a frozen
VLM backbone Py (Y | P,C,V). However, when
N is large, directly processing P incurs high com-
putation and latency. We therefore study tempo-
ral token pruning for VLM time series analysis:
given a token budget K < N, we seek a context-
conditioned subset f’g C P that preserves the
most informative windows conditioned on (C, V),
and is injected into VLM before inference.

Formally, we define a pruning policy fp that
selects Py = fy(P,C,V) subject to |Py| < K.
Under the frozen backbone @, the ideal objective:

max Ep [1og Po(Y | Pg,c,v)} o

which characterizes the best reasoning performance
achievable under a fixed budget. In practice, di-
rect optimization is intractable due to the non-
differentiable top-k selection (Jang et al., 2017),
motivating a lightweight trainable Trimodal Bud-
geted Network and a narrative calibrated binned
grounding surrogate objective for alignment.

3.2 Trimodal Budgeted Network

The core of TimePrune is a Trimodal Budgeted
Network gy that assigns temporal patches by
jointly conditioning on linguistic and visual seman-
tics in the multimodal context (C, V). Concretely,
we encode the patched time series into temporal
embeddings and construct a context memory from
frozen text and vision encoders; the temporal em-
beddings then attend to this memory via multi-
head cross-attention, followed by a lightweight
MLP head to produce logits sy and probabilities
po = o(sg). At inference time, we apply top-k
selection on py to obtain a sparse mask and pruned
temporal patches Py under the token budget.

Temporal Patching and Instance Normalization.
Given an input series x € R”, we first apply
instance normalization to reduce scale variation
across instances:

x — pu(x)
o(x)

X = ; 3)
where 11(x) and o(x) are computed over the time
dimension. We then discretize X into N tempo-
ral patches and compute bin-level features (e.g.,

summary statistics and relative position) to form
X € RV*F which is fed into the Time Encoder.

Multimodal Context Encoding. From patched
temporal tokens P = {p1, ..., pn} we derive bin-
level features X € RV *F (statistics and relative
position) and encode them with a Time Encoder:

H; = TimeEnc(X). 4)
A frozen text encoder produces text embeddings:

Hix; = Enciext (0)7 (5
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Figure 2: An overview of TimePrune. We normalize and patch the time series into N windows, thep use a
lightweight trimodal budgeted network conditioned on (C, V) to score windows and select top-k patches Py for a
frozen VLM prompt [V; C; Py]. The gate is trained with narrative derived pseudo labels y, and a compound loss.

and a frozen vision encoder yields a visual token:
€img = Encimg(V). 6)

Both are projected to the D-dimensional space and
concatenated:

Metx = [Projtxt(Htxt)§ Projimg(eimg)]' (7)

Budgeted Patch Selection via Trimodal Gating.
We align patch relevance via cross-attention to the
multimodal anchors and then convert the scores
into a budget constrained top-k mask.

A =MHA(Q = Hy, K =M.y, V = M),

®)
followed by a residual connection and layer nor-
malization:

H, = LayerNorm(H; + A). 9)

A lightweight MLP head produces patch-level log-
its and probabilities:

Sp = h@(I:It) S ]RN, Po = O'(Sg). (10)

At inference time, py is converted into a sparse
mask my € {0,1}V via top-k selection and the

pruned set is:
Po={pieP|mg;=1}, (D

realizing gy : (P,C,V) +— sy as used in the win-
dow pruning formulation.

VLM Inference on Pruned Context. Finally,
the selected temporal patches Py are serialized to-
gether with the original textual context C and visual
plot token V into a multimodal prompt, which is
fed into the frozen VLM backbone to generate the
final response. By exposing only a small num-
ber of context-conditioned windows to the VLM,
TimePrune reduces the effective context length
while maintaining task performance.

3.3 Narrative Calibrated Binned Grounding

To avoid fragmented selections that break temporal
continuity during pruning, we train the network
with narrative-derived pseudo labels using a differ-
entiable surrogate objective that enforces the token
budget and temporal coherence.

Surrogate Optimization. Because the pruning
decision involves a discrete top-k and the back-
bone P is kept frozen, we optimize a weakly super-
vised grounding objective rather than Eq. (2). We
construct patch-level pseudo labels y,; € {0, I
from narrative timestamps, and define:

so = go(P,C,V) e RY (12)

as patch-level logits, with selection probabilities.

po = o(sg) € (0, 1)V (13)
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At inference time, we prune P by selecting the
top-k patches according to py. During training,
we optimize continuous py and never apply hard
top-k; top-k is used at inference, while sparsity
is encouraged through Rgpare as a differentiable
proxy to the budget.

mein £total(p07 Ygt) . (14)
To encourage the gating probabilities to respect
the token budget, we enforce an expected-budget
constraint on py. Let p = K /N denote the target
keep ratio. We define:

N 2
1
7?/sparse(I)Q) = (N E boi — P’) (15)
=1

We obtain yg € {0,1}" from the narrative by
extracting temporal expressions in C (e.g., times-
tamps or time ranges) and mapping them to dis-
cretized patches, setting y,¢; = 1 if the i-th patch
overlaps a mentioned interval.

3.3.1 Coherence Regularized Objective.

Let sy = go(P,C, V) denote the patch-level logits
and pg = o(sg) the corresponding probabilities.
To obtain temporally coherent and sparse selec-
tions, we minimize a compound loss:

»Ctotal = Ebce + )\1 Eiou + )\2 Ltv + )\SRSparse s ( 16)

Coherence Regularization. We use a binary
cross-entropy loss Lyce to encourages patch-level
agreement with pseudo event interval. This fol-
lows the weakly supervised alignment established
in temporal localization (Gao et al., 2017). Al-
though BCE is a point-wise objective, it provides
weak supervision for trimodal grounding by encour-
aging the selector to activate temporal patches that
are consistent with high-level linguistic cues (e.g.,
“flash flood”), aligning with weakly supervised tem-
poral localization where supervision comes from
narrative context rather than dense annotations.
Lioy is the Soft-IoU loss (Rahman and Wang,
2016), which promotes span-level completeness
by maximizing the overlap between the predicted
soft mask and the pseudo event interval. We repre-
sent the pseudo interval as a binary mask aligned
with temporal patches. In contrast to point-wise su-
pervision, Soft-IoU optimizes global coverage, en-
couraging the selector to preserve contiguous event
windows rather than isolated high-score patches.

Budget-Constrained Grounding. To further
mitigate fragmented selections, L, applies To-
tal Variation (TV) regularization (Mahendran and
Vedaldi, 2015) to penalize rapid score changes be-
tween neighboring temporal patches. While Soft-
IoU enforces global span coverage, TV imposes
local smoothness, and together they reduce spikes
and produce stable, contiguous pruning masks.

Finally, Rsparse penalizes overly dense mask ac-
tivations to explicitly enforce the target sparsity
budget in Eq. (2), pushing the selector to allocate
its limited budget to the most informative temporal
patches. During training, we freeze VLM backbone
and update the trimodal budgeted network.

4 Experiments

In this section, we verify our proposed method on
different datasets and VLMs. We first introduce
our experimental setup in subsection 4.1 and then
report the main results in subsection 4.2. Analysis
experiments are presented in subsection 4.3.

4.1 Experimental Setup

Models and Evaluation Benchmark. We em-
ploy the Qwen3-VL series (Team, 2025b) and
InternVL3.5 series (Wang et al., 2025b) as the
backbone. We conduct our experiments on MT-
Bench (Chen et al., 2025), a multimodal time series
benchmark designed to assess cross-modal reason-
ing in LLMs. MTBench couples high frequency
numerical series with aligned textual narratives in
both Finance and Weather domains. The details of
dataset can be found in Appendix C.

Baselines. To verify the effectiveness of our
trimodal-guided approach, we compare TimePrune
against three pruning strategies. All baselines op-
erate under the same sparsity budget. FastV is a
vision-based method and we adapt it by treating
each temporal patch as a token and pruning it (Chen
et al., 2024). DivPrune is a diversity-based prun-
ing method that reformulates token selection as a
Max-Min Diversity Problem and we apply this di-
versity maximization rule to temporal patch tokens
(Alvar et al., 2025). Finally, Random samples win-
dows stochastically from the full sequence, serving
as a lower bound.

Metrics. For the financial domain, we use Mean
Absolute Error (MAE) and Mean Absolute Percent-
age Error (MAPE) to evaluate regression perfor-
mance. The news-driven tasks include correlation
prediction and multiple-choice QA, both evaluated
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Forecasting ({) Trend Pred. (1) Next-day Prediction ({) MCQA (1)

Method Token 14-D M Mi Diff  7-Day 14-D
Budget y %Y Past Future = " ! oy

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

Baseline 100% 29.04 4.29 25.50 3.93 46.30 25.00 29.53 4.11 23.41 3.61 50.01 5.72 58.33 60.00

Random ~30% 25.52 391 22.00 3.56 42.85 39.05 23.29 3.57 29.33 3.70 24.36 3.86 57.14 56.66

Qwen3VL-8B  FastV ~30% 24.84 391 19.36 3.38 41.17 39.86 24.68 3.54 21.90 3.30 25.14 3.84 57.85 58.33
DivPrune  ~30% 23.32 3.63 19.54 3.35 4453 39.56 21.82 3.51 21.88 3.33 24.77 3.74 55.00 57.50

TimePrune ~30% 16.64 3.08 19.09 3.32 47.05 40.17 16.52 3.05 11.99 2.66 20.94 3.32 60.00 62.50

Baseline 100% 25.28 4.04 24.62 3.88 64.06 35.15 30.42 4.15 17.39 3.17 35.06 4.59 48.34 43.54

Random ~30% 32.53 4.47 2558 390 57.50 34.16 27.11 4.04 15.04 3.00 22.76 3.50 64.28 64.28
InternVL3.5-8B FastV ~30% 37.03 4.64 2297 3.68 56.66 35.83 23.13 3.64 19.05 3.10 22.82 3.42 62.85 66.40
DivPrune ~30% 31.53 4.22 21.32 3.53 59.16 35.85 27.28 4.00 14.94 3.01 25.18 3.66 65.00 62.25

TimePrune ~30% 22.81 3.57 20.82 3.52 60.00 37.50 21.24 3.19 13.23 2.55 19.90 2.78 67.14 66.42

Baseline 100% 23.98 3.77 26.19 3.94 5237 26.66 36.81 4.66 18.86 3.23 57.66 6.08 54.57 56.59

Random ~30% 25.74 3.92 22.04 3.57 55.69 4583 24.51 3.68 16.24 3.05 3530 4.50 52.09 53.52

Qwen3VL-4B  FastV ~30% 28.02 3.87 1941 3.36 54.36 54.67 19.98 3.26 19.39 3.03 20.51 3.39 50.69 52.64
DivPrune ~30% 24.16 3.68 19.64 3.37 5543 5594 28.50 391 17.10 3.11 41.92 494 50.54 5441

TimePrune ~30% 15.91 2.98 19.19 3.34 55.74 56.20 18.71 3.28 15.08 2.80 17.14 3.20 55.65 59.11

Baseline 100% 23.42 3.76 22.67 3.73 46.03 2421 2647 3.68 19.70 3.24 21.08 3.33 53.49 55.00

Random ~30% 32.98 4.51 27.18 4.00 42.21 48.33 3479 4.56 21.96 3.55 36.29 4.17 22.14 54.28
InternVL3.5-4B FastV ~30% 24.16 3.86 25.57 3.89 43.33 50.35 23.92 3.62 20.64 3.20 25.80 3.54 52.85 52.14
DivPrune ~30% 31.63 4.23 25.13 3.62 44.16 49.16 29.66 4.10 17.78 3.21 35.47 4.23 51.42 52.85

TimePrune ~30% 21.99 3.72 21.32 3.53 45.83 52.50 22.71 3.51 14.37 3.14 20.73 2.67 55.71 58.57

Table 1: Overall performance of multimodal time series analysis in the Weather domain. | indicates that lower
is better, while 1 indicates that higher is better. The best result in each block is bolded, and the second-best is
underlined. In Appendix, results of Finance domain in Table 7; results of closed-source models are in Tables 9-10.

Method Prefill TPS. Spd. Performance (avg.)

s token/s X Forecasting  Trend Next-day MCQA
Full Context ~ 12.71 107.81 1.0x 27.27 35.65 34.31 59.16
DivPrune 4.76 121.18 1.88x 21.43 42.04 22.84 56.25
FastV 4.65 130.91 2.12x 19.13 40.51 21.42 58.09

4.12
-11.39%

136.55
+4.30%

2.59%
+22.16%

17.86
-6.58%

43.61
+7.65%

16.48 61.25
-23.06%  +6.00%

TimePrune
vs. FastV

Table 2: Overall efficiency comparison. Prefill (s) is
time to first token, TPS is throughput (tokens/s), and
Spd. is speedup vs. Full Context. Performance (avg.)
reports average scores on four representative tasks. In vs.
FastV, green marks increases in higher-is-better metrics,
while blue marks decreases in lower-is-better metrics.

with accuracy. For the weather data, we adopt
Mean Squared Error (MSE) and MAE, along with
next-day maximum temperature, minimum tem-
perature, and their difference as regression targets.
Weather trend prediction and multiple-choice QA
are also evaluated using accuracy.

Implementation Details. We process each mul-
timodal instance by discretizing the time series
window into N = 24 non-overlapping bins. For
each bin, we extract a 7-dimensional feature vector
containing statistical metrics (mean, std, min, max,
slope, count) and a relative positional feature (i/N).

Further details of the training implementation and
hyperparameters can be found in Appendix B.

4.2 Main Results
4.2.1 Weather Domain

Experimental results in Table 1 show that
TimePrune consistently enhances the performance
across various tasks under the same token bud-
get. Across all models, TimePrune achieves the
best or second-best results in most metrics, with
particularly strong gains on forecasting and fine-
grained next-day prediction. For Qwen3VL-8B,
TimePrune improves the 7-day MSE by 28.64%
relative to DivPrune, and further achieves a 24.28%
relative reduction in the next-day MAX MSE. On
InternVL3.5-8B, TimePrune remains competitive
across all tasks and achieves the highest over-
all MCQA accuracy in the short- and long-term,
scoring 67.14 and 66.42, respectively. Notably,
TimePrune substantially improves Qwen3VL-4B’s
performance. Relative to DivPrune, it yields a
34.1% improvement in 7-day forecasting MSE, an
11.8% improvement in next-day minimum-value
MSE, and a 10.1% increase in 7-day MCQA ac-
curacy. TimePrune also generalizes well to In-
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Figure 3: Performance sensitivity under token-budget pruning on finance and weather. Token budget decreases from
left to right; (a—b) report finance long/short forecasting (MAPE/) and (c—d) report weather long/short forecasting
(MSE)). Shaded regions indicate the performance gain of TimePrune over Random under the same budget.

ternVL3.5 family, delivering strong performance
on both 8B and 4B models. In contrast, the gains on
trend prediction are relatively small than those on
regression tasks, likely because trend classification
depends more on a few observations and is there-
fore less sensitive to moderate token budget reduc-
tions. Despite these differences, TimePrune demon-
strates consistent benefits across model scales and
architectures. Further experimental results in the
finance domain can be found in Appendix Table 7.
Efficiency Analysis on Weather Tasks. In addi-
tion to task performance, we follow (Dong et al.,
2025) to evaluate the overall inference efficiency.
As shown in Table 2, we report the Time-to-First-
Token (Prefill), Throughput (TPS), and end-to-end
speedup under the same fixed token budget with
Qwen3VL-8B model and evaluation settings as our
main results. Under a fixed budget, TimePrune
achieves the superior efficiency profile, recording
a 4.12s prefill time and a 2.59 x speedup over the
Full Context baseline. It also outperforms FastV,
reducing prefill latency by 11.39% and increasing
throughput by 4.30%. Crucially, these gains en-
hance rather than compromise quality. TimePrune
achieves the lowest error rates on Next-day and
Forecasting tasks (16.48 and 17.86, respectively).

4.3 Model Analysis

4.3.1 Ablation Study

We evaluate each modality in the trimodal gating
module using Qwen3VL-8B in Table 3. Accuracy
is averaged over short and long QA, and MAE is
averaged over short and long forecasting. Each
variant retrains the gating network under the same
objective while removing a specific conditioning
signal: Time only discards both text and visual
inputs; w/o Text Guidance conditions the gate only
on the visual trend plot; and w/o Visual Guidance
keeps text guidance but drops the visual token. All

Modality Variant Finance Weather

Ace. () MAE () Acc. () MSE ()
Time-only 83.07 891 2.12 021y 60.83 (042  22.24 (438)
w/o Text Guidance 86.92 506 2.23 (032 56.68 (457  22.00 (4.14)
w/o Visual Guidance 87.61 437 2.13 022 59.16 2090 21.52 (:3.66)
TimePrune (Ours) 91.98 1.91 61.25 17.86

Table 3: Ablation on Modality. We report the Accuracy
(%, 1) for MCQA tasks and MSE (]) and MAE (|)
for forecasting tasks. Values in parentheses denote the
performance drop compared to our TimePrune method.
“w/0” denotes the removal of a specific component. The
best results are highlighted in bold.

pruning variants use the same token budget ~ 30%.
Compared with all ablated variants, TimePrune
achieves the best overall results, reaching the high-
est QA accuracy and the lowest forecasting error.
Relative to Time-only, conditioning the gate on a
single modality yields task-dependent effects: it
improves Finance QA but consistently increases
forecasting error, and for Weather QA, using only
text or only visual guidance reduces accuracy rather
than improving it. Among dual-modality variants,
text guidance is more informative than visual guid-
ance for QA and forecasting, yet removing either
modality still degrades performance, suggesting
that text and vision provide complementary cues.

4.3.2 Sensitivity to Pruning Ratio

In this section, we show the performance of base-
lines and our method across various token budgets
for the Qwen3VL-8B model. The results are shown
in Figure 3 where the y-axis represents MAPE and
MSE. We compare TimePrune against FastV, Di-
vPrune, and Random, and include a dashed gray
line as the full context baseline. Across all token
budgets, TimePrune consistently yields the low-
est error rates, demonstrating strong robustness
to aggressive context pruning. Performance no-
tably peaks at around the 33% budget level. In
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Figure 4: Efficiency and effectiveness analysis on
Weather using Qwen3VL-8B. Panels (a) and (c) dis-
play the inference latency with relative speedup, while
panels (b) and (d) present the task performance.

the Finance domain, TimePrune reaches a mini-
mum MAPE of 2.35 for Long forecasting and a
near-optimal 1.43 for Short forecasting. The effec-
tiveness is even more pronounced in the Weather
domain, where the model attains its lowest MSE
values of around 19 and 16 for Long and Short
tasks, respectively. Furthermore, the shaded re-
gions indicate that the performance gap over the
Random baseline widens as the budget tightens. Al-
though errors increase slightly at the extreme 17%
budget, TimePrune maintains a consistent lead over
competing pruning strategies.

4.3.3 Efficiency and Effectiveness Analysis

The experiments discussed above demonstrate that
our method can substantially reduce the number
of time tokens. Here, we examine the inference
efficiency in real-world scenarios. We report the
total running time on the Weather dataset in Fig-
ure 4. In the Weather Forecasting task, TimePrune
yields substantial time savings without sacrificing
quality. For instance, it reduces inference latency
by 2.27x for short forecasting and 4.66 x for long
forecasting relative to the Full Context baseline,
while simultaneously lowering the MSE by 12.40
and 6.41, respectively. Furthermore, in the short
QA and long QA tasks, our method accelerates
inference by 1.44x and 1.07x, respectively. To-
gether, these results indicate that pruning redundant

Time bins
@ Selected bins
@ Discarded bins
Text tokens
W Image tokens

Mean A: -2.457
P(Closerimg): 0.625

Mean A: -9.094
P(Closerimg): 0.000

Figure 5: t-SNE visualization of latent representations
for time bins and context tokens. Left: highlighted
selected time bins; Right: highlighted discarded time
bins. For each highlighted bin, a line connects it to the
most-attended token. Insets report the mean distance
gap A = diext — dimg and proportion P(dimg < diext),
where diex; and din are nearest-neighbor distances to
text and image tokens.

time tokens can concurrently accelerate inference
and enhance forecasting quality, particularly as the
forecasting horizon extends. Additional results in
the Finance domain can be found in Appendix D.2.

4.4 Visualizing Trimodal Alignment

The t-SNE method (Maaten and Hinton, 2008)
projects the learned embeddings of time bins (gray)
and context tokens into 2D (Figure 5). The left
panel highlights selected time bins (red), while the
right panel highlights discarded bins (blue); each
highlighted bin is connected to its most-attended
context token. Selected bins exhibit stronger visual
association, with a higher geometry-based image
proximity P(Closer;y,,) = 0.625 and a less nega-
tive mean gap A = diext — dimg = —2.457. In con-
trast, discarded bins show P(Closer;;,q) = 0.000
and a much more negative A = —9.094, indicating
they are consistently closer to text than to image
tokens in the embedding geometry.

5 Conclusion

In this work, we introduce TimePrune, a
lightweight time token pruning framework that ac-
celerates VLM inference on multimodal time se-
ries tasks by selecting task-relevant temporal seg-
ments. Across multiple benchmarks, subtasks, and
VLM backbones, TimePrune delivers a stronger
efficiency—quality than prior pruning methods and
unimodal baselines, substantially reducing end-to-
end latency for QA and forecasting while maintain-
ing or improving accuracy and remaining robust un-
der varying token budgets. Moreover, TimePrune
is a plug-in pruning module that can be attached to
VLMs without modifying the backbone.
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Limitations

Although TimePrune keeps the VLM backbone
frozen, it still requires training a lightweight selec-
tor using narrative-derived pseudo labels. The cur-
rent supervision process depends on temporal ex-
pressions or event descriptions extracted from nar-
ratives. Therefore, the framework does not directly
support fully narrative-free settings where raw time
series data are available. In addition, when nar-
ratives are ambiguous, incomplete, or noisy, the
extracted event intervals may be inaccurate. These
intervals may also fail to perfectly correspond to the
temporal segments that are most useful for down-
stream prediction or reasoning, which can reduce
the quality of the selected patches.

The current evaluation is limited to the finance
and weather domains. Although these domains con-
tain different temporal patterns and reasoning tasks,
broader validation is still needed before claiming
general applicability across time series domains. In
particular, the effectiveness of TimePrune on medi-
cal signals, industrial sensors, traffic data, and other
application settings remains unexplored. These do-
mains may exhibit different temporal structures,
event frequencies, and narrative styles, which could
require changes to pseudo-label construction.

The transferability of a learned selector also re-
quires further investigation. A selector trained in
one domain may not directly generalize to unseen
domains, and transfer across different VLM back-
bones may require additional adaptation. Potential
failure cases may occur when relevant evidence is
weakly expressed in the narrative or located outside
the extracted event interval.
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Context:
The following events were reported: Tornado. These occurred
near station USW00012815, approximately 36.9124 km away,
between 2012-12-10 16:26:00 and 2012-12-10
16:34:00.Thankfully, no injuries or fatalities were reported. No
significant property or crop damage was reported. Episode
Narrative: Very moist southwest winds developed across east-
central Florida well in advance of a cold front and associated
upper level disturbance. Strong daytime heating, combined with
moderate low-level wind shear, resulted in numerous strong
storms, two of which produced tomadoes. The first tornado began
as a waterspout over Lake Apoka, then crossed the northeast
shore of the lake and remained on the ground for a short distance.
Although the waterspout/tornado
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Figure 6: Weather Domain Forecasting Case Study

A Case Study

Figure 6 presents a forecasting case study with
both the model inputs and outputs. On the left, we
show the raw time series input window together
with its plotted trajectory, as well as the associated
event context text that provides external informa-
tion potentially relevant to the target period. On the
right, we report the ground-truth future values and
our model’s predicted sequence, showing that the
forecast closely follows the target trend. We also
visualize the model’s selected time bins, where the
shaded region indicates the subset of historical seg-
ments retained by our gating mechanism to form
a compact yet informative representation. Finally,
the forecasting visualization overlays the historical
window with both the ground truth continuation
and our prediction.

B Training Details

Table 6 summarizes the main hyperparameters used
in our experiments, including the architecture con-
figuration, training setup, and the weights assigned
to each loss component. These settings are cho-
sen to provide stable optimization while encour-
aging smooth and sparse bin selection. More-
over, the Time Encoder maps the 7-dimensional
bin features to a latent space with d = 128 and
applies a 2-layer Transformer encoder with 4 at-

tention heads and learnable positional embeddings.
For context, a frozen al1l-MiniLM-L6-v2 encoder
produces sentence-level text embeddings and a
frozen clip-vit-base-patch16 encoder extracts
a global visual token from the time series plot. All
experiments are run on a single RTX 5090 GPU
with 32GB of memory.

C Dataset Specifications

Table 5 reports dataset specifications for Finance
and Weather across four subtasks each, including
prediction targets, sample counts, horizons, time
resolution, and input modalities. Both domains use
hourly multimodal inputs combining time series,
text, and plot images, while the subtasks span fore-
casting, classification-based trend and correlation
prediction, and MCQA. The table highlights how
dataset sizes and horizons vary across subtasks and
domains under a consistent input format.

Finance Domain. Each finance sample consists
of an equity price time series, where every hourly
observation is paired with its timestamp, together
with associated news articles.

Forecasting. The short forecasting setting takes
the past 7 days of hourly prices paired with 168
timestamped steps as input and predicts the next 1
day of hourly prices while long forecasting instead
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Aspect Weather Finance
Train / Val / 1567/ 196/ 196 600/75175
Test

Selector One selector One selector
training trained trained

Shared across
tasks
Shared across
VLM

independently for
this domain

Yes, within the
same domain
Yes, within the
same domain

independently for
this domain

Yes, within the
same domain
Yes, within the
same domain

backbones

Trainable Lightweight Lightweight

components selector only selector only

Frozen VLM backbone VLM backbone

components and pretrained and pretrained
text/vision text/vision
encoders encoders

Epochs 5 5

Batch size 8 8

Optimizer AdamW, learning ~ AdamW, learning
rate 5 x 107* rate 5 x 107*

Model Best checkpoint Best checkpoint

selection based on based on

validation loss

validation loss

Table 4: Selector training configuration.

uses the past 30 days of hourly prices to forecast
the next 7 days of hourly prices.

Stock Trend Prediction. Using the same in-
put—output windows as forecasting, MTBench
maps the realized return over the prediction horizon
to discrete trend labels. The scheme is based on per-
centage change: a three—way setting with negative,
neutral, and positive trends, and a five—way set-
ting with strong decrease, mild decrease, near—flat,
mild increase, and strong increase.

News-stock Correlation. Given the multimodal
context, the model is asked to predict the trend
label. In the short forecasting task, the label is com-
puted from the cumulative return over the next 1
day; in the long forecasting task, from the cumu-
lative return over the next 7 days. Performance is
reported as classification accuracy under both the
three—way and five—way label schemes.

News—driven Question Answering. News—driven
QA evaluates cross—modal reasoning between the
textual narrative and the time series. In the multi-
ple—choice QA task, the model selects the correct
statement about price dynamics and events given
the same 7-day or 30—day history and its corre-
sponding news context.

Weather Domain. In the weather domain, the
Forecasting and MCQA tasks follow the same short-
and long-horizon settings as in finance, but operate
on hourly temperature series paired with narrative

descriptions of meteorological events. Trend Pre-
diction focuses on the directional behavior of future
temperature: given the same input-output windows
as in forecasting, MTBench converts the future
temperature profile into discrete trend labels that
indicate whether the overall evolution is cooling,
roughly stable, or warming, with both coarse three-
way and finer five-way categorizations. Next-day
Prediction involves regressing the maximum tem-
perature, minimum temperature, and temperature
difference for the next day, given past temperature
observations and their textual and visual contexts.

D Experiment

D.1 Additional Main Result
D.1.1 Finance Domain

As shown in Table 7, TimePrune consistently deliv-
ers superior performance across all subtasks under
a constrained token budget. In particular, build-
ing upon the strong full-context performance of
Qwen3VL-8B, TimePrune achieves the best results
for all metrics within the block, while using sub-
stantially fewer tokens. For forecasting, TimePrune
achieves an additional 12.8% MAE relative reduc-
tion in short forecasting and 13.6% MAPE rela-
tive reduction in long forecasting compared to Di-
vPrune, while also improving trend prediction and
news-stock correlation accuracies. A similar trend
is observed on InternVL3.5-8B as well as smaller
backbones (Qwen3VL-4B and InternVL3.5-4B),
demonstrating that our trimodal pruning method
can robustly enhance multi-task finance perfor-
mance under strict token budgets.

Table 9 and Table 10 summarize additional eval-
uations under token-reduction across two domains.
They compare proprietary LLMs (GPT-40, Gem-
ini, Claude) with an open-source VLM backbone
(Qwen3VL-2B) equipped with different pruning
strategies at comparable token budgets. Table 9 re-
ports Finance results on multi-horizon forecasting,
stock trend prediction, news—stock correlation, and
MCQA, while Table 10 reports Weather results on
four distinct tasks: forecasting, trend prediction,
next-day prediction, and MCQA.

Across both domains, the main trend is consis-
tent: pruning baselines (FastV, DivPrune, Random)
often degrade performance, whereas TimePrune
achieves the best overall results among open-source
pruning methods, remaining competitive with or
improving upon the baseline on several metrics.
Overall, these tables support the conclusion that
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Domain  Subtask Prediction Target Num. Horizon Time Res. Modalities

Forecasting MAE, MAPE 750, 525 7-day, 30-day hourly time series + text + plot image
. Stock Trend Prediction 3-way, 5-way classification 750, 525 7-day, 30-day hourly time series + text + plot image

Finance . . . . . .
News—Stock Correlation ~ 3-way, 5-way classification 750, 525 7-day, 30-day hourly time series + news text + plot image
MCQA Accuracy 491,516 7-day, 30-day hourly time series + text + plot image
Forecasting MSE, MAE 1959, 1959  7-day, 14-day hourly time series + event text + plot image
Trend Prediction Past, Future classification 1959 14-day hourly time series + text + plot image

Weather . . . . . . .
Next-day Prediction Max, Min, Diff regression 1959 7-day hourly time series + text + plot image
MCQA Accuracy 645, 728 7-day, 14-day hourly time series + text + plot image

Table 5: Dataset specifications by domain and subtask. Each row corresponds to a subtask evaluated under the same

multimodal input format.

Hyperparameters

Architecture

Input bins N: 24

Input feature dim din: 7
Model hidden dim dmoger: 128
Transformer heads npeads: 4
Transformer layers niayers: 2
Image size: 224

Training

Epochs: 10

Batch size: 8

Optimizer: AdamW
Learning rate: 5 x 1074
Weight decay: 1 x 1074

Loss

BCE: BCELoss

IoU weight: 0.5

TV weight: 0.01
Sparsity weight: 0.001

Table 6: Parameters used in our experiments.

time-aware pruning preserves task-relevant tempo-
ral evidence more effectively.

D.2 Latency Test on Finance Domain

In Figure 7, it reduces end to end latency by 1.75
times for short-horizon forecasting and 1.34 times
for long-horizon forecasting, compared to Full Con-
text. Meanwhile, it consistently lowers forecasting
error, with absolute MAE reductions of 0.09 for
short-horizon and 0.59 for long-horizon settings.
For finance QA, TimePrune yields an even larger
latency gain: it speeds up short QA by 8.62x and
long QA by 1.57x. Despite the substantial accel-
eration, accuracy is not compromised and instead
improves by +0.94 and +1.60 points for short and
long QA, respectively.

D.3 Comparison with the Training-Free
Narrative-Span Baseline

To examine whether the Trimodal Budgeted Net-
work is necessary, we construct a simple training-
free alternative based directly on the pseudo la-

40 @ Full Coniext @) (b)
[ TimePrune 31
1.75x%x
2 1.34% ‘-0.50
S l =
o = 2 i
5201 S
3
11
0° ting ting ting ting
ghort FOre® | g ForeeaSE oy grt FOreeaSy g Forech®
EZA Full Context © @
1.5{ BB TimePrune
1.57x _
2z 8.62x S 92
£ 1.0 g
= 2
0.51 ]
90
0.0
Short QA Long QA Short QA Long QA

Figure 7: Efficiency and effectiveness analysis on Fi-
nance using Qwen3VL-8B.

bels y, introduced in Sec. 3.3. These labels al-
ready identify narrative-aligned temporal regions
in the time series, raising the question of whether
a learned selection mechanism is required. We
therefore define a Narrative-Span baseline that
bypasses both the Trimodal Budgeted Network and
the coherence-regularized training objective. It di-
rectly retains time-series bins whose timestamps
overlap with the extracted narrative intervals, with-
out any additional learning or optimization. Un-
like our method, Narrative-Span does not enforce
a fixed retention budget. Instead, the number of
retained bins is fully determined by the coverage
of the narrative spans in each sample, which can
vary substantially across inputs and therefore does
not correspond to a constant ratio such as ~30%.

As shown in Table 8, Narrative-Span exhibits
inconsistent performance across tasks and model
backbones. In several settings, it even underper-
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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 5-way Acc. Acc.

Baseline  100% 1.52 2.06 2.59 4.64 2834 2342 2645 20.83 60.00 34.78 46.67 25.00 91.38 90.00
Random  ~30% 1.80 2.52 2.67 530 46.73 39.63 52.19 36.57 62.98 34.47 55.00 32.80 9225 89.80
Qwen3VL-8B  FastV ~30% 145 209 251 495 48.91 41.45 51.80 37.50 55.60 33.20 55.40 32.60 91.89 90.80
DivPrune  ~30% 1.64 231 258 4.55 48.13 40.67 5238 37.33 61.91 34.26 57.60 33.60 92.04 90.20
TimePrune ~30% 143 2.00 239 393 5021 42.64 53.89 38.09 63.34 3532 63.19 34.68 92.32 91.60

Baseline  100% 2.60 596 4.66 946 2343 17.18 4140 20.31 56.35 29.27 4524 26.19 5645 54.03
Random  ~30% 147 281 2.65 577 3343 2581 50.00 28.78 57.72 26.83 46.77 26.61 88.65 89.53
InternVL3.5-8B FastV ~30% 140 227 231 428 2409 19.63 5571 25.71 58.06 29.84 48.80 27.20 83.04 87.05
DivPrune  ~30% 135 233 248 471 30.12 22.04 48.61 23.61 57.26 29.03 4839 29.84 87.30 88.21
TimePrune ~30% 126 2.6 2.03 3.71 3530 28.91 5626 29.40 58.54 30.92 61.54 31.73 89.58 91.40

Baseline 100% 2.09 2.84 281 537 26.66 20.83 4583 24.16 55.00 33.33 45.00 22.50 81.66 88.00
Random ~30% 135 279 269 5.08 47.56 38.37 50.95 31.42 5437 33.36 5291 3198 80.04 84.49
Qwen3VL-4B  FastV ~30% 1.56 334 255 4.65 4648 36.75 51.61 32.85 56.69 34.22 53.10 31.59 85.94 88.56
DivPrune  ~30% 136 238 263 4.26 4594 36.75 51.52 31.86 57.23 35.25 53.16 32.75 81.69 87.98
TimePrune ~30% 130 2.19 240 3.62 50.37 40.58 52.00 33.90 59.47 36.46 59.81 3594 88.18 89.14

Baseline ~ 100% 1.82 3.51 354 669 1929 1578 38.28 18.12 4222 27.78 28.57 1429 93.54 89.51
Random  ~30% 146 2.87 246 554 2375 11.87 3750 15.62 37.69 23.08 4231 26.15 91.93 87.13
InternVL3.5-4B FastV ~30% 1.55 3.19 239 527 2250 1875 35.00 1625 4095 2571 39.23 23.85 92.66 89.53
DivPrune  ~30% 139 239 250 4.62 23.12 19.30 38.12 16.22 3692 23.85 41.54 26.02 91.20 88.52

TimePrune ~30% 135 2.24 223 4.00 25.00 21.07 38.75 19.53 48.41 31.11 43.08 27.38 94.90 90.69

Table 7: Overall performance of time series analysis on the Finance domain. | indicates that lower is better, while 1
indicates that higher is better. The best result in each block is bolded, and the second-best is underlined.

forms simple baselines such as Random pruning,
suggesting that restricting selection to narrative-
aligned timestamps can omit temporally relevant
segments that are not explicitly grounded in the text.
Although Narrative-Span can achieve competitive
results in a few short-horizon or low-complexity
settings, these gains are not stable and do not gen-
eralize across tasks. In particular, its performance
degrades substantially on long-horizon forecasting
and multimodal reasoning tasks, where temporal
dependencies extend beyond explicitly mentioned
narrative intervals.

In contrast, TimePrune consistently delivers
stronger and more stable results across all eval-
uated backbones and metrics. The improvements
are especially pronounced in long-range prediction
scenarios, highlighting its ability to better capture
task-relevant temporal structure. These results sug-
gest that narrative timestamps alone are insufficient
as a selection principle. Instead, effective tempo-
ral pruning requires integrating multimodal signals
beyond text, including visual and contextual cues,
and identifying semantically informative regions
that are not explicitly referenced in the narrative.
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Forecasting () Trend Pred. (1) Next-day Prediction (/) MCQA (1)

Method Token 7-Da 14-D. M Mi Diff 7-Day 14-D
Budget y 2 Ppast Future ax mn ! ay ay
MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE Acc. Acc.
Baseline 100% 29.04 4.29 25.50 3.93 46.30 25.00 29.53 4.11 23.41 3.61 50.01 5.72 58.33 60.00
Random ~30% 25.52 3.91 22.00 3.56 42.85 39.05 23.29 3.57 29.33 3.70 24.36 3.86 57.14 56.66
Qwen3VL-8B FastV ~30% 24.84 391 19.36 3.38 41.17 39.86 24.68 3.54 21.90 3.30 25.14 3.84 57.85 5833
DivPrune ~30% 2332 3.63 19.54 335 44.53 3956 21.82 3.51 21.88 3.33 24.77 3.74 55.00 57.50
Narrative-Span —  27.77 4.19 31.00 4.32 4545 3545 3130 4.24 19.61 3.30 52.70 5.79 56.02 56.17
TimePrune  ~30% 16.64 3.08 19.09 3.32 47.05 40.17 16.52 3.05 11.99 2.66 20.94 3.32 60.00 62.50
Baseline 100% 25.28 4.04 24.62 3.88 64.06 35.15 30.42 4.15 17.39 3.17 35.06 4.59 48.34 43.54
Random ~30% 32.53 4.47 2558 3.90 57.50 34.16 27.11 4.04 15.04 3.00 22.76 3.50 64.28 64.28
InternVL3.5-88 T2tV ~30% 37.03 4.64 2297 3.68 56.66 35.83 23.13 3.64 19.05 3.10 22.82 3.42 62.85 66.40
DivPrune ~30% 31.53 422 21.32 3.53 59.16 35.85 27.28 4.00 14.94 3.01 25.18 3.66 65.00 62.25
Narrative-Span  —  24.08 3.83 23.75 3.79 58.18 3446 30.13 4.11 14.60 2.87 34.18 4.55 5431 5823
TimePrune  ~30% 22.81 3.57 20.82 3.52 60.00 37.50 21.24 3.19 13.23 2.55 19.90 2.78 67.14 66.42
Baseline 100% 23.98 3.77 26.19 3.94 5237 26.66 36.81 4.66 18.86 3.23 57.66 6.08 54.57 56.59
Random ~30% 25.74 3.92 22.04 3.57 55.69 4583 24.51 3.68 16.24 3.05 35.30 4.50 52.09 53.52
Qwen3VL-4B FastV ~30% 28.02 3.87 19.41 3.36 54.36 54.67 19.98 3.26 19.39 3.03 20.51 3.39 50.69 52.64
DivPrune ~30% 24.16 3.68 19.64 337 5543 5594 2850 3.91 17.10 3.11 41.92 4.94 50.54 54.41
Narrative-Span  —  24.92 3.90 21.85 3.64 51.36 2727 34.16 4.52 18.11 3.15 50.85 5.70 53.83 55.58
TimePrune  ~30% 15.91 2.98 19.19 3.34 5574 56.20 18.71 3.28 15.08 2.80 17.14 3.20 55.65 59.11
Baseline 100% 23.42 3.76 22.67 3.73 46.03 2421 2647 3.68 19.70 324 21.08 3.33 53.49 55.00
Random ~30% 32.98 4.51 27.18 4.00 4221 4833 34.79 4.56 21.96 3.55 3629 4.17 22.14 5428
FastV ~30% 24.16 3.86 25.57 3.89 4333 50.35 23.92 3.62 20.64 3.20 25.80 3.54 52.85 52.14

InternVL3.5-4B | brine ~30% 31.63 423 25.13 3.62 44.16 49.16 29.66 4.10 17.78 321 3547 423 5142 52385

Narrative-Span  —  22.19 3.67 23.68 3.82 4520 28.18 2559 3.71 16.38 2.93 21.60 3.34 5197 53.84
TimePrune ~30% 21.99 3.72 21.32 3.53 45.83 52.50 22.71 3.51 14.37 3.14 20.73 2.67 55.71 58.57

Table 8: Comparison with the training-free Narrative-Span baseline on the Weather domain. Narrative-Span
retains only the time-series bins overlapping with extracted narrative time spans, without training a gating network;
its token budget is not strictly fixed because retention depends on narrative coverage. The best result in each block
is bolded, and the second-best is underlined.

Forecasting ({) Stock Trend Prediction (1) News-stock Correlation (1) MCQA (1)
Meth Token

ethod 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 5-way Acc. Acc.

Proprietary LLMs
GPT-40 N/A 159 254 233 352 4281 3645 4735 30.58 53.60 31.00 57.60 34.60 65.10 52.80
Gemini N/A 162 351 243 326 4730 41.50 4490 29.70 51.80 26.40 59.60 34.80 63.60 50.30
Claude N/A 142 209 2.06 284 4490 33.40 52.05 31.70 50.40 29.00 57.90 34.30 75.60 61.10

Open-source VLMs

Baseline 100% 197 278 240 5.01 20.00 17.50 38.31 18.35 48.33 16.67 43.14 19.17 71.69 60.34
FastV ~30% 132 226 248 557 2872 19.32 49.33 31.42 50.00 22.50 43.33 20.09 72.50 60.83
Qwen3VL-2B DivPrune  ~30% 1.52 325 254 470 2853 19.11 49.14 29.52 51.67 24.17 43.33 20.83 74.16 58.33
Random ~30% 138 292 268 621 2889 18.81 48.00 29.14 50.83 21.67 41.67 20.00 71.66 63.73
TimePrune ~30% 1.29 237 233 4.17 29.89 19.81 49.52 32.23 52.50 22.50 45.00 21.67 75.00 65.85

Table 9: Additional Results on the Finance Domain. | indicates that lower is better, while 1 indicates that higher
is better. The best result is bolded. Results for proprietary LLMs are reproduced from Chen et al. (2025).
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Forecasting () Trend Pred. (1) Next-day Prediction ({) MCQA (1)
Method Token 7-Da; 14-D M Mi Diff  7-Day 30-D
Budget y ay Past  Future o " ! 7ay Jy
MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE Acc. Acc.
Proprietary LLMs
GPT-40 N/A 17.55 3.11 4043 4.49 66.36 43.54 19.58 3.02 1539 2.76 18.84 3.20 41.7 44.8
Gemini N/A 2431 3.67 29.47 4.03 5696 51.76 1639 296 16.27 293 2321 3.63 434 540
Claude N/A 2248 3.50 25.08 3.75 59.78 56.87 18.69 3.21 13.42 2.63 19.10 3.26 51.8 51.2
Open-source VLMs
Baseline 100% 31.54 4.49 30.36 4.44 4453 21.66 4097 5.01 33.53 4.38 56.50 6.12 51.66 54.16
FastV ~30% 44.05 535 2277 3.67 44.16 29.16 17.19 3.16 35.13 4.38 34.06 4.83 50.00 52.85
Qwen3VL-2B DivPrune  ~30% 3591 4.76 23.16 3.70 45.00 35.00 19.73 3.35 41.95 5.07 34.65 4.81 52.85 52.14
Random ~30% 34.01 4.68 25.61 3.92 4250 36.66 27.60 3.85 42.16 5.02 37.16 4.80 52.14 49.28
TimePrune ~30% 29.72 4.24 20.82 3.51 4533 38.53 15.56 3.05 17.59 3.10 33.94 4.81 55.71 55.00

Table 10: Additional Results on the Weather Domain. | indicates that lower is better, while 1 indicates that
higher is better. The best result is bolded. Results for proprietary LLMs are reproduced from Chen et al. (2025).

Time Series:
17.8,17.6,17.4,17.2,17.0333 333333 3333,16.8666 666666 66667,
16.7,16.3333 333333 33332,15.9666 666666 66667,15.6,15.4,15.
2,15.0,15.0,15.0,15.0,15.5666 666666 66666,16.1333 333333 333
33,16.7, 17.233333333333334,.......

History Image:
\

YA

Context:

The following events were reported: Flash Flood, Flood, Hail,
Heavy Rain, Thunderstorm Wind, Tornado. These occumred near
station USWO00003927, approximately 18.9999 km away,
between 2015-05-23 12:00:00 and 2015-05-28 01:30:00. The
events included records with hailstones measuring 40.25 inches
The flood was caused by Heavy Rain. The events resulted in 0
injuries and 3 fatalities. The events caused property damage
valued at 36612500.0 and crop damage of 0.0. Episode Narrative:
For several days, a stalled cold front, combined with abundant
moisture from the Guff of Mexico combined to produce
widespread rain and thunderstorms in Texas. Several rounds of
strong to severe thunderstorms occumed during a four day

Question:

Given the severe weather events reported between May 23 and May
28, 2015, including flash floods, tornadoes, and heavy rainfall, what is
the most probable temperature anomaly expected on May 29, 2015,
considering the trend observed in the preceding week and the
influence of these events on local atmospheric conditions?

A) A significant drop in temperatures to seasonal lows due to lingering
cold air associated with the stalled front.

B) An immediate increase in temperatures to seasonal highs as the
severe weather subsides and clear skies return.

C) A moderate rise in temperatures leading to highs around 25\u00b0C
as moisture may still be lingering in the atmosphere, affecting cooling.
D) Fluctuating temperatures with a drastic drop towards evening due
to residual atmospheric disturbances from the tornado activity.

Ground Truth: C

Predict: C

Selected Bins:

0.0

— history_full
s 12

5.0
225
200
175

Figure 8: Weather Domain MCQA Case Study
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Time Series:

19.4, 19.4, 194, 19.4, 18.866666666666667, 18.333333333333332, 17.8,
17.233333333333334, 16.6666 666666 66668, 16.1, 15.1666 666666 66668,
14.233333333333334, 13.3, 14.066666666666666, 14.833333333333334, 15.6,
14.833333333333334, 14.0666 666666 66666, 13.3, 14.0666 666666 66666,
14.833333333333334, 15.6, 15.9666 66666666667, 16.333333333333332, 16.7, 16.5,
16.3,16.1, 16.3, 16.5, 16.7, 16.7, 16.7, 16.7, .......

History Image:

30.0 { — history_tull

2007-05-02 2007-05-09 2007-05-15
Context:

The following events were reported: Flash Flood, Flood, Hail, Heavy Rain. These occumred
near station USWO00003947, approximately 35.4383 km away, between 2007-05-06
06:00:00 and 2007-05-15 08:00:00. The events included records with hailstones
measuring 0.8333333333333334 inches. The flood was caused by Heavy Rain. Thankfully,
no injuries or fatalities were reported. The events caused property damage valued at
1467 000.0 and crop damage of 2050000.0. Episode Narrative: A slow moving cold front

and up per level storm system, combined .......
Ground Truth: Stable Predict: Stable
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Figure 9: Weather Domain Trend Prediction Case Study
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Context: Time Series:

18.9,18.333 333333 333332,17.766 666666 666666,17.2,16 .26666 6
6666 66666, 15.333333333333334,14.4,13.5,12.6,11.7,11.133333

333333333, 10.5666 666666 66666, 10.0,10.0,10.0,10.0,10.566666

6666 66666, 11.133333333333333,11.7,11.866666 666666 665,12

033333333333333,12.2,12.2,12.2, ......

The following events were reported: Hail, Thunderstorm Wind. These
occurred near station approximately 26.9145 km away, between 2004-
05-21 13:00:00 and 2004-05-21 13:56:00. The events included records
with hailstones measuring 32.83470588235294 inches.Thankfully, no
injuries or fatalities were reported. No significant property or crop
damage was reported. Episode Narrative: A derecho track along a
stalled frontal boundary which was located over northem Indiana and
Ohio during the early afternoon hours of the 21st. Washtenaw County | = [— o
was one of the hardest hit, with 28,000 homes losing power. A derecho
track along a stalled frontal boundary which was located over northem
Indiana and Ohio during the early afternoon hours of the 21st. Event | ...
Narrative: The emergency manager reported trees and wires down. A | o
trained spotter estimated a 65 mph thunderstorm wind gust. A trained | **

spotter measure a 65 mph thunderstorm wind gust. Trees were also i Py FrTyTen
reported blown down. A trained spotter estimated a 60 mph
thunderstorm wind gust. A trained spotter estimated a 70 mph | Ground Truth: "max": 27.8,"min"; 16.7," diff": 11.1
thunderstorm wind gust. The emergency manager reported 8 inch tree
limbs down. Ten utility poles were toppled along Wagner Road | predict: "max": 27.0,"min": 15.0," diff": 12.0
between Scio Church and Ellsworth Roads in Lodi Township. A trained
spotter estimated a 75 mph thunderstorm wind gust. Numerous trees | Sele cted Bins:
were also reported down. Numerous trees were blown down. A person
from the general public estimated a 95 mph thunderstorm wind gust. A
trained weather spotter reported small trees blown down. A trained
spotter estimated a 80 mph thunderstorm wind gust. The emergency
manager reported numerous trees and wires down.
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Figure 10: Weather Domain Indicator Prediction Case Study

Time Series: Ground Truth:
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Context:

Telenor teams with AWS to accelerate modernisation of
telecommunications By Telenor Published on: 2022-01- |
20T06:00:00Z (Fornebu, 20 January 2022) Telenor signs a strategic | s
collaboration agreement with Amazon Web Services (AWS) to help | 1 -
expand its 5G core transformation and deliver new 5G and edge | **
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Figure 11: Finance Domain Short Forecasting Case Study
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Time Series:
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Context:

Title: Nordic American Tankers (NAT) Reports Q2 Loss, Misses Revenue Estimates \n
Content: ['We use cookies to understand how you use our site and to improve your
experience. This includes personalizing content and advertising. To learn more, click
here. By continuing to use our site, you accept our use of cookies, revised Privacy
Policy and Terms of Service.', \"Don't Know Your Password?\", ”’,'New to Zacks? Get
started here.,, \"Don't Know Your Password?\", ", 'You are being directed to
ZacksTrade, a division of LBMZ.....

Question:

"Which of the following statements about NAT's stock price and the given financial
analysis isincorrect?\n

A. The earnings surprise of -12.50% indicates that the stock is undervalued and offers
a strong buying opportunity for investors looking for bargains following the news
release.\n

B. The company's Zacks Rank of #4 (Sell) following the news suggests that analysts
expect continued underperformance relative to the market, which may lead to
further declines in the stock price.\n

C. Following the publication of Nordic American Tankers' disappointing Q2 earnings
report, the stock price declined from an initial value of $2.35 to around $2.24 within
the same trading day.\n

D. The earnings report indicated a substantial miss in revenue estimates, which is
likely to exert downward pressure on the stock price in the near term due to investor
sentiment.",

Ground Truth: A Predict: A
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Figure 12: Finance Domain MCQA Case Study
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Time Series:
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Context:

Analyst Ratings for First Interstate BancSys\nBy Benzinga Insights\nPublished on:
2023-04-27T15:02:01Z\n\nAnalysts have provided the following ratings for First
Interstate BancSys (NASDAQ:FIBK) within the last quarter: the last 3 months, 6
analysts have offered 12-month price targets for First Interstate BancSys. The
company has an average price target of $39.0 with a high of $43.00 and a low of
$33.00. \nBelow is a summary of how these 6 analysts rated First Interstate BancSys
over the past 3 months. The greater the number of bullish ratings, the ...Full story
available on Benzinga.com\n\nArticle Content:\n\nAnalysts have provided the
following ratings for First ....
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Figure 13: Finance Domain Long Forecasting Case Study
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Time Series:
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Time

Context:

Analyst Ratings for Owens-Corning \n Content: ['\\xa0', \"Over the past 3 months, 9
analysts have published their opinion on Owens-Corning OC stock. These analysts are
typically employed by large Wall Street banks and tasked with understanding a
company's business to predict how a stock will trade over the upcoming year.\", 'In
the last 3 months, 9 analysts have offered 12-month price targets for Owens-Corning.
The company has an average price target of $91.22 with a high of $128.00 and a low
of $77.00.", 'Below is a summary of how these 9 analysts rated Owens-Corning over
the past 3 months. The greater the number of bullish ratings, the more positive
analysts are on the stock and the greater the number of bearish ratings, the more
negative analysts are on the stock', 'This current average represents a 9.46% decrease
from the previous average price target of $100.75.', 'Analysts are .......

Ground Truth: Moderate Negative Correlation

Predict: Moderate Negative Correlation. \n\nThe analysis text indicates a decrease in
the average price target, suggesting a negative sentiment. The price series shows a
general downward trend in the last few days, which aligns with the negative
sentiment. Therefore, there is a moderate negative cormrelation between the analysis
sentiment and the stock price fluctuations.
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Figure 14: Finance Domain Trend Prediction Case Study
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