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Abstract

When large language models process struc-
tured temporal data, serialization into token se-
quences collapses the two-dimensional organi-
zation (Features x Time) that encodes meaning-
ful relationships between co-occurring features.
We investigate whether visual encoding can re-
cover the structural information that lineariza-
tion loses. We introduce LE-Viz, a framework
that transforms longitudinal experiential data
into complementary visual and textual represen-
tations for a vision-language model that gener-
ates prospective narratives, framing prediction
as language generation. Evaluated on cross-
distribution tasks across three datasets span-
ning mental health and educational forecast-
ing, LE-Viz sets a new benchmark on a widely-
adopted cross-distribution generalization task,
improving over both the traditional state-of-the-
art and the best text-only LLM baseline, and
consistently outperforms all baselines. Anal-
yses show that spatial organization of visual
inputs, not information quantity, drives the gen-
eralization gain, and that the multimodal com-
bination exceeds both text-only and vision-only
conditions.

1 Introduction

Large language models (LLMs) are widely applied
to structured data that originates outside natural lan-
guage, including tabular records, clinical time se-
ries, and behavioral sensing streams (Hegselmann
et al., 2023; Herzig et al., 2020; Kim et al., 2024;
Thach et al., 2025; Hayat et al., 2024b). A com-
mon strategy is to serialize such data into token
sequences so that it can be processed within the au-
toregressive architecture of LLMs. While effective
for short or low-dimensional data, serialization of-
ten obscures structural relationships when temporal
and feature interactions become more complex.
Longitudinal experiential (LE) data is a setting
where this mismatch is both pronounced and conse-
quential. LE data combines subjective self-reports

(e.g., mood, stress) with objective sensor mea-
surements (e.g., physical activity, sleep, phone us-
age), collected repeatedly from individuals over
extended periods through established paradigms
such as Experience Sampling Method (Larson and
Csikszentmihalyi, 1983) and Ecological Momen-
tary Assessment (Stone and Shiffman, 1994; Shiff-
man et al., 2008; Mohr et al., 2017). The result-
ing data exhibits a Features x Time organization
where concurrent patterns across modalities bear
semantic weight. For instance, simultaneous de-
clines in physical activity, shifts in communication
behavior, and lower self-reported affect may col-
lectively signal behavioral change requiring con-
textual interpretation beyond statistical correlation
(Saeb et al., 2015; Patharkar et al., 2024). When
this two-dimensional structure is serialized into a
token sequence, co-occurring feature values occu-
pying the same time step in the original data matrix
become scattered across distant token positions.
The patterns distinguishing one behavioral trajec-
tory from another become difficult to recover. Both
standard machine learning (ML) and deep learn-
ing (DL) approaches (Saeb et al., 2015; Xu et al.,
2023a) and LLM-based methods (Kim et al., 2024;
Thach et al., 2025; Hayat et al., 2025) exhibit lim-
ited cross-distribution generalization on LE data, a
failure attributable in part to this representational
collapse.

When LE data with N features across 7' time
steps is serialized, temporally adjacent values of the
same feature become separated by at least N —1 in-
tervening tokens. LLM-based approaches bring the
advantage of pre-trained language understanding
and contextual reasoning, but they inherit this con-
straint of one-dimensional processing. Temporal
proximity in the original data does not translate to
positional proximity in the token sequence. Vision-
language models (VLMs) have also been applied
to time-series forecasting by converting numerical
sequences into visual format (Zhong et al., 2025).
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Such approaches target purely numerical univariate
data and do not accommodate the heterogeneity of
LE data, which blends numerical streams, categori-
cal logs, and qualitative subjective reports (Mohr
et al., 2017; Shiffman et al., 2008). Our experi-
ments (Section 4) show that both text-only LLM
approaches and generic time-series VLMs exhibit
limited cross-distribution generalizability on LE
data.

Given these limitations, we investigate whether
visual encoding can recover the structural informa-
tion that serialization loses, not by replacing text-
based processing but by complementing it with a
second modality that preserves what linearization
discards. Research on visuospatial reasoning shows
that external visualizations such as charts and di-
agrams do not simply display information in an
alternative format; they reorganize it so that struc-
tural relationships become perceptually accessible
through spatial proximity, alignment, and group-
ing (Tversky, 2005, 2011). We apply this principle
to structured temporal data. By encoding the data
matrix as a visual image, structural relationships
that are invisible in token sequences become spatial
patterns that vision encoders are equipped to detect.
Pairing such visual representations with textual de-
scriptions that capture interpreted semantic context
creates a multimodal input in which each modality
contributes what the other lacks.

To realize this approach, we introduce LE-Viz,
a framework that transforms LE data into two
complementary modalities for a pre-trained VLM.
(1) Spatially-encoded visualizations (line charts
or heatmap chains) that map the Features x Time
matrix into interpretable images, preserving tem-
poral adjacency as pixel-level spatial proximity.
(2) Textual meta-narratives that summarize sig-
nificant behavioral trends and global context. A
VLM (LLaVA-NeXT 7B (Liu et al., 2024a)) is
fine-tuned to process these multimodal inputs and
generate prospective narratives (Moulton and Koss-
lyn, 2009; Schacter et al., 2008), natural language
descriptions of forecasted states in place of clas-
sification labels. This formulation yields outputs
that can be parsed for categorical predictions while
retaining the reasoning trace behind them.

We evaluate LE-Viz on cross-distribution fore-
casting tasks across three diverse LE datasets
spanning mental health and educational behav-
ior prediction. GLOBEM (Xu et al., 2023a), a
widely-adopted benchmark for cross-dataset gener-
alization; LifeSnaps (Yfantidou et al., 2022); and

MFAFY (Hayat et al., 2024a,b; Thach et al., 2025).
Our main contributions are:

I. Evidence that visual encoding of structured
temporal data complements text-based LLM
approaches by preserving two-dimensional
relational structure that linearization de-
stroys, leading to substantially stronger cross-
distribution generalization.

II. A multimodal framework (LE-Viz) that pairs
spatially-encoded visualizations with textual
meta-narratives and extends prospective nar-
rative generation to multimodal inputs, condi-
tioning forecasting on complementary visual
and textual representations.

III. New state-of-the-art (SOTA) on GLOBEM
with 72.86% out-of-distribution accuracy, im-
proving over the traditional SOTA of 52.8%
by over 20 percentage points and over the
best text-only LLM baseline by 5.46 percent-
age points, and over a generic time-series
VLM baseline, with consistent gains across
all datasets.

IV. Ablation evidence that spatial organization
of visual inputs, not information quantity,
drives the generalization gain, and that text-
vision complementarity yields improvements
beyond what either modality achieves alone.

2 Related Work

LLMs for Structured and Longitudinal Data.
Several approaches apply LLMs to LE data through
prompting and fine-tuning on health datasets (Kim
et al., 2024), behavioral forecasting with diverse ar-
chitectures (Hayat et al., 2024a,b), zero-shot multi-
label prediction (Thach et al., 2025), and contextual
meta-narrative generation for cross-distribution
forecasting (Hayat et al., 2025). These approaches
serialize structured temporal data into token se-
quences, inheriting the linearization limitations dis-
cussed in Section 1. Traditional ML and DL meth-
ods trained on LE data similarly struggle with cross-
distribution generalization (Xu et al., 2023a,b), and
domain generalization techniques (Pan and Yang,
2010; Zhou et al., 2022) have shown limited suc-
cess on complex behavioral data where distribution
shifts span cohorts, time periods, and contexts.

Visual Encoding and Multimodal Approaches
for Temporal Data. An alternative to text serializa-
tion is to encode structured data visually, allowing
VLMs to process spatial patterns alongside linguis-
tic context. VLMs pre-trained on large-scale image-
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text corpora (Radford et al., 2021; Alayrac et al.,
2022) have been extended to non-photographic vi-
sual content including documents (Xu et al., 2020,
2021b) and charts (Masry et al., 2022; Islam et al.,
2024). VLMs have also been applied to time-series
forecasting by converting numerical sequences into
visual format (Zhong et al., 2025). Our approach
differs from this line of research in three respects.
We transform heterogeneous data combining nu-
merical, categorical, and qualitative modalities; we
target cross-distribution generalization across co-
horts and time periods; and we design visual en-
codings that preserve two-dimensional relational
structure beyond simple temporal trajectories. Our
representational design draws on cognitive research
on visuospatial reasoning (Tversky, 2005, 2011),
as discussed in Section 1. An extended review is
provided in Appendix A.7.

3 Methodology

3.1 Problem Formulation

We address cross-distribution generalization for
heterogeneous sequential data, where models
trained on a source distribution (7") are evaluated
on a target distribution (7”) drawn from differ-
ent cohorts or time periods. As discussed in Sec-
tion 1, standard approaches serializing temporal
sequences into one-dimensional token streams lose
the two-dimensional structural relationships sup-
porting generalization across distributions.

For data collected from N individuals over K
weeks (constituting T3, daily time steps), each
individual 7 € {1,..., N} at daily time step j €
{1, ..., Tiota: } has a feature vector x; ; encompass-
ing diverse modalities (numerical sensor streams,
categorical logs, qualitative reports). Following
standard practice (Xu et al., 2023a), we segment
each individual’s K-week data into overlapping
k-week input sequences using a sliding window,
starting at week s and ending at week s + k£ — 1,
generating K — k sequences per individual. Each
sequence corresponds to raw data {x; ;} for all
daily time steps within that window.

Our approach transforms raw LE se-
quences into  multimodal representations
text visual :
(Xi,s...s—f—k:—l’Xi,s...s+k—1) where visual en-

codings preserve temporal structure through spatial
locality. The textual component XX provides
semantic context through meta-narratives, while
the visual component X V5“4 encodes temporal
trajectories as spatial patterns in charts and

heatmaps. Instead of classification, we formulate
forecasting as prospective narrative generation,
where the model outputs natural language de-
scriptions ;% ;. of the subsequent week’s state.
The problem is to learn a function f instantiated
by a fine-tuned VLM that maps multimodal
representations to prospective narratives with
effective cross-distribution generalization:

visual ) text

. text
Il i,5..51k—1> Yis..stk—1) 7 Yi stk

3.2 The LE-Viz Framework

LE-Viz is a multimodal framework designed for
generalizable modeling of LE data through three
stages (Figure 1): Multimodal Input Transforma-
tion, Prospective Narrative Generation, and Model
Adaptation and Inference. The first stage trans-
forms raw heterogeneous sequential data into com-
plementary textual and visual representations that
preserve the data’s two-dimensional structure.

Multimodal Input Transformation. For each k-
week input sequence, we transform raw LE data
into two components that capture both the two-
dimensional Feature x Time organization and qual-
itative nuances discarded by standard serialization
approaches, leveraging distinct VLM processing
capabilities.

Textual Meta-Narrative Generation. Previous
approaches to textualizing LE data include ver-
balizing the complete detailed sequence (Hayat
et al.,, 2024a,b), generating a concise summary
(Thach et al., 2025), structuring in a clustered for-
mat (Kim et al., 2024), and creating an interpreta-
tive meta-narrative of global context and significant
trends (Hayat et al., 2025). While the first three
methods provide 1D text inputs that may not fully
capture interwoven temporal trends due to token-
level linearization, the Meta-Narrative approach
generates a concise summary across all features
(e.g., “Mood declined as sleep decreased”), dis-
tilling high-dimensional data into a semantically
rich form that emphasizes (i) temporal patterns and
trends observed in individual features; (ii) relation-
ships and interactions between different features
over time; and (iii) contextual interpretations or
anomalies based on domain knowledge. LE-Viz
adopts this meta-narrative as its textual component
and pairs it with visual encodings. We use GPT-40
(OpenAl, 2024) to generate these meta-narratives,
which also serve as a standalone text-only baseline
in our experiments.
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Figure 1: Overview of the LE-Viz Framework. Raw heterogeneous sequential data is transformed into multimodal
representations combining textual meta-narratives and visual encodings (charts, heatmaps) through Multimodal
Input Transformation. A pre-trained VLM is fine-tuned with prospective narratives as training targets for the
Prospective Narrative Generation task. During inference, the fine-tuned VLM generates predictive narratives from

which forecasts are extracted.

Visual Representation Generation. The visual
component explicitly encodes feature dynamics
through spatial organization, preserving temporal
adjacency as spatial adjacency so that vision en-
coders can process temporal patterns through local
patch operations. We generate two complementary
visualization types (Figure 2):

* Feature Trajectory Line Charts: A standard
two-dimensional plot visualizing the feature’s
value over time, mapping time to the horizontal
axis and value to the vertical axis. This for-
mat effectively captures temporal trajectories
as spatial patterns (e.g., slope, curvature) and
explicitly shows exact values and trend details.
Feature Heatmap Chains: A visual chain (or
sequence) of colored markers organized along
a temporal axis. Each marker corresponds to
a time step, and its color intensity encodes the
feature’s value at that time step. This format
captures the temporal progression of values
through color variations, emphasizing relative
changes via color perception rather than posi-
tion on a second spatial axis, and can be par-
ticularly effective for VLMs trained on diverse
visual patterns.

We use mean imputation for missing values fol-
lowing standard practice (Xu et al., 2023a). The
multimodal input is structured in an interleaved
format. The global meta-narrative followed by
feature-specific modules, each comprising a brief
feature-specific text summary and its correspond-
ing visualization. This organization maintains spa-
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Figure 2: Examples of per-feature visual representations
for a single feature’s k-week trajectory. Left: Feature
trajectory line chart showing detailed value variations
over time. Right: Feature heatmap chain displaying
temporal progression through color intensity.

tial proximity between related textual and visual
information, facilitating cross-modal attention in
the VLM. An alternative combined format, where
all feature visualizations are arranged in a single
image, is evaluated in Section 4.2.

We note that the textual and visual components
encode overlapping content from the same under-
lying data, but through different representational
structures. The meta-narrative compresses high-
dimensional trajectories into interpreted semantic
summaries, while the visualizations preserve lo-
cal temporal structure as spatial patterns. Whether
these complementary affordances lead to gains be-
yond what either modality provides alone is an
empirical question we address through component
isolation ablations in Section 4.

Prospective Narrative Generation. We formu-
late LE data forecasting as prospective narrative
generation in natural language (Hayat et al., 2025),
instead of traditional classification or regression
(Xu et al., 2023a). LE-Viz extends this formulation
to multimodal inputs, leveraging VLMs’ alignment



between spatial visual patterns and linguistic de-
scriptions.

For each k-week sequence, the VLM generates
a prospective narrative incorporating the forecasted
state for the subsequent week. This narrative serves
as a holistic assessment that can be later parsed
for specific predictions. To create training targets
(y;C;‘Er i) we use GPT-4o to generate narrative re-
flections on past trajectories aligned with known

actual states for week s + k.

This generative formulation requires the VLM to
integrate information across modalities. The model
attends to visual patterns in the charts (capturing
fine-grained temporal dynamics), interprets the
meta-narrative (providing global context), and syn-
thesizes this information into a coherent linguistic
forecast. Through the causal self-attention mecha-
nism operating over the interleaved text and visual
token sequence, the model learns to ground lin-
guistic concepts (e.g., “declining mood”) in visual
patterns (e.g., downward slopes in mood charts),
creating representations that capture both semantic
meaning and temporal dynamics. During evalua-
tion, these generated narratives are processed using
an LLM to extract specific forecasts (e.g., binary
depression level) for comparison with ground truth,
as detailed below.

Model Adaptation and Inference. The final stage
adapts a pre-trained VLM (LLaVA-NeXT 7B (Liu
et al., 2024a)) for our forecasting task through
fine-tuning. LLaVA-NeXT combines a SigLIP-
SO400M vision encoder (Zhai et al., 2023) with
a Qwen1.5-7B-Chat language model (Bai et al.,
2023), connected through a two-layer MLP pro-
jector that maps visual tokens into the language
model’s embedding space (Li et al., 2024). Dur-
ing fine-tuning, we update both the projector pa-
rameters and the language model parameters using
Low-Rank Adaptation (LoRA) (Hu et al., 2021)
with rank 64 and alpha 128, applied to all attention
modules in the language model, while keeping the
vision encoder frozen. Freezing the vision encoder
preserves pre-trained visual features while allowing
the projector and language model to adapt cross-
modal integration for the specific representational
demands of abstract temporal visualizations. The
model is trained for 20 epochs with a learning rate
of 1 x 10~* and cosine decay. All visual encodings
use fixed axis scales, standardized feature order-
ing, and uniform color mappings across samples to
ensure that learned patterns reflect structural rela-

tionships in the data, not artifacts of visualization
formatting.

The VLM processes the multimodal input
through the following stages. (1) The vision
encoder independently processes each chart or
heatmap image, extracting a sequence of patch
embeddings. (2) The projector maps these vi-
sual embeddings into the language model’s token
space. (3) The language model processes the in-
terleaved sequence of projected visual tokens and
text tokens (from the meta-narrative and feature de-
scriptions) through causal self-attention, allowing
cross-modal interaction within the unified token
sequence. (4) The model generates the prospec-
tive narrative autoregressively, conditioned on this
multimodal representation. At inference, we use
greedy decoding (temperature 0) with a maximum
generation length of 2000 tokens.

At test time, we apply the same input transforma-
tion pipeline to create multimodal representations.
The fine-tuned VLM generates predictive narra-
tives for the subsequent period. For quantitative
evaluation, an external LLM (GPT-40) performs
structured extraction on these narratives, parsing
them into categorical predictions (e.g., “high” or
“low” depression level) that are compared against
ground truth labels. This extraction step is a con-
strained parsing task (mapping narrative text to
predefined categories) that is independent of the
narrative generation used to create training targets;
the evaluation comparison is between extracted pre-
dictions and held-out ground truth, not between
model outputs and GPT-40’s own generations. To
verify that evaluation results are not sensitive to the
extraction model, we repeat the extraction using
the open-source Llama 3.1 8B Instruct (Grattafiori
et al., 2024). The two extraction pipelines show
strong agreement, with BERTScore (Zhang et al.,
2020) similarity exceeding 95%, confirming that
the evaluation is not dependent on a proprietary
model. We discuss reproducibility considerations
regarding GPT-40 usage for meta-narrative and tar-
get generation in Section 6. For implementation
details including optimization settings and full hy-
perparameter configuration, see Appendix A.1.

4 Experiments and Results

Datasets. We evaluate LE-Viz on three diverse
LE datasets that pose distinct challenges for cross-
distribution generalization from structured tempo-
ral data. GLOBEM (Xu et al., 2023a) comprises
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661 person-years from 497 participants across two
institutions and four years, with 15 mobile sens-
ing features (location, phone usage, physical activ-
ity, sleep) for mental health forecasting with cross-
cohort and cross-temporal generalization. LifeS-
naps (Yfantidou et al., 2022) includes 71 partic-
ipants over 4 months with over 35 Fitbit sensing
and Ecological Momentary Assessment features for
anxiety prediction with cross-temporal and cross-
participant generalization. MFAFY (Hayat et al.,
2024a,b; Thach et al., 2025) spans 96 college stu-
dents across two academic years with 28 qualitative
non-cognitive dimensions for educational engage-
ment forecasting with cross-year generalization.
While GLOBEM and LifeSnaps contain structured
numerical sensor data, MFAFY consists purely of
qualitative self-reports, representing a particularly
challenging case for visual encoding.

All experiments follow strict cross-distribution
evaluation protocols, with 15% of data from the
training period (7') forming the in-distribution test
set and 100% of data from the distinct period (1")
constituting the out-of-distribution (OOD) test set.
This protocol ensures no overlap between training
and evaluation samples. Detailed preprocessing,
feature sets, and split configurations appear in Ap-
pendix A.3.

Baselines. We compare LE-Viz against baselines
spanning three categories. Time-series models:
PatchTST (Nie et al., 2022) and iTransformer (Liu
et al., 2024c¢), two SOTA transformer-based archi-
tectures that process numerical sequences without
language or vision components. LLM baselines
using different textualization strategies: (i) LLM-
Complete (Hayat et al., 2024a,b), which verbalizes
the full sequence into natural language; (ii) LLM-
Summary (Thach et al., 2025), which generates con-
cise summaries using standard techniques (Zhang
et al., 2023); (iii) LLM-Meta (Hayat et al., 2025),
which uses a textual meta-narrative summarizing
behavioral trends; this representation also serves
as the textual component of our multimodal in-
put (Section 3.2); and (iv) LLM-Clustered (Kim
et al., 2024), which presents features sequentially
with their values. Multimodal time-series model:
Time-VLM (Zhong et al., 2025), which integrates
numerical time-series inputs with vision-language
modeling components. For additional context, we
reference the best reported traditional ML/DL re-
sult on GLOBEM (52.8% OOQOD accuracy) (Xu
et al., 2023b). Detailed baseline descriptions ap-

pear in Appendix A.3.

Evaluation Metrics. As detailed in Section 3.2, an
external LLM (GPT-40) performs structured extrac-
tion on each generated narrative (y;%)! ;), parsing
it into a categorical prediction (e.g., binary depres-
sion, anxiety, or engagement level). We compute
standard classification metrics by comparing ex-
tracted forecasts to ground truth labels (yj‘cst‘jra}c)
Given the nearly balanced datasets, we report accu-

racy, precision, recall, and F1-score.

Implementation Details. LE-Viz is implemented
using the Hugging Face Transformers library. The
core VLM is LLaVA-NeXT 7B (Liu et al., 2024a).
Baseline LLM experiments use Llama 3.1 8B In-
struct (Grattafiori et al., 2024). Textual meta-
narrative generation, target narrative creation for
training, and forecast extraction for evaluation use
the GPT-40 API. Visual representations (charts
and heatmaps) are generated using Matplotlib and
Seaborn. Experiments run on a server with 8x
NVIDIA A40 48GB GPUs. Specific hyperparame-
ters are provided in Appendix A.1.

4.1 Results

GLOBEM. Table 1 presents results for the
GLOBEM mental health forecasting task. Time-
series baselines (PatchTST, iTransformer) achieve
OOD accuracies near 50%, comparable to the best
reported traditional ML/DL result of 52.8% (Xu
et al.,, 2023b). Time-VLM, despite incorporat-
ing vision-language components, performs sim-
ilarly (51.43% OOD), suggesting that generic
multimodal time-series architectures do not ad-
dress the specific representational challenges of
LE data. Among text-only methods, OOD per-
formance ranges from 62.43% to 67.40%, with
LLM-Meta (Hayat et al., 2025) achieving the
strongest text-only OOD Accuracy (67.40%) and
F1 (69.40%). LE-Viz (Chart) achieves the highest
OOD performance (Acc 72.86%, F1 74.92%), a
gain of 5.46 percentage points over the best text-
only baseline. LE-Viz (Heatmap) also surpasses all
baselines (Acc 70.98%, F1 73.16%).

LifeSnaps. For the LifeSnaps stress level forecast-
ing task (Table 1), time-series baselines and Time-
VLM again achieve limited OOD performance (43—
48%), while LLM-Meta achieves the strongest text-
only OOD results (Acc 67.19%, F1 68.66%). LE-
Viz (Chart) attains the highest OOD performance
(Acc 71.88%, F1 76.92%), surpassing all base-
lines across both metrics. LE-Viz (Heatmap) also
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Table 1: Cross-distribution generalization results (7" — T"”) across all datasets. Bold indicates best performance for

each dataset and metric category.

Dataset  Shift Method In-Distribution (ID) Test Out-of-Distribution (OOD) Test
Acc (%) P(%) R(%) Fl1(%) Acc(%) P(%) R(%) Fl(%)
Time-Series Models
PatchTST (Nie et al., 2022) 53.58 53.73 5358 53.01 49.88 49.24 4988  49.16
;; iTransformer (Liu et al., 2024c) 54.61 54.61 54.61 54.61 51.06 51.07 51.06 51.07
= §  LLM Models
g >T- LLM-Complete (Hayat et al., 2024a,b) 69.96 71.56 6842  69.96 65.94 6795 68.52 68.23
S ~ LLM-Summary (Thach et al., 2025) 69.51 7222 6724  69.65 62.43 6597 63.57 64.75
T & LLM-Clustered (Kim et al., 2024) 70.05 7130  69.37 7032 66.44 67.92  69.09 68.50
% LLM-Meta (Hayat et al., 2025) 73.99 7593 7193  73.87 67.40 68.81 70.00 69.40
>~
VLM Models
Time-VLM (Zhong et al., 2025) 57.34 5592 5648  56.20 51.43 49.87 50.21 50.04
LE-Viz (Text: Meta + Visual: Heatmap) 76.68 72.83 71.28 72.04 70.98 73.19  73.13 73.16
LE-Viz (Text: Meta + Visual: Chart) 79.37 83.33 80.77  82.03 72.86 75.58 7428  74.92
. Time-Series Models
£ PatchTST (Nie et al., 2022) 47.83 47.83 47.83 47.83 43.75 41.23 4375 4047
< iTransformer (Liu et al., 2024¢) 52.17 46.81 52.17  48.83 48.44 48.14 4844 4799
a % LLM Models
g ?‘ LLM-Complete (Hayat et al., 2024a,b) 58.82 77.78 5833  66.67 54.84 50.00 57.14 5333
E 2 LLM-Summary (Thach et al., 2025) 47.06 40.00 57.14  47.06 46.88 36.67 4231 39.29
3 E LLM-Clustered (Kim et al., 2024) 70.59 80.00 72.72  76.19 62.50 5294  69.23  60.00
E LLM-Meta (Hayat et al., 2025) 64.71 7178  63.64  70.00 67.19 63.89 74.19 68.66
£ VLM Models
Time-VLM (Zhong et al., 2025) 49.28 47.11 4786 4748 47.36 45.02 4571 45.36
LE-Viz (Text: Meta + Visual: Heatmap) 76.47 83.33 6250 7143 69.23 7241 63.64 67.74
LE-Viz (Text: Meta + Visual: Chart) 82.35 85.71 75.00 80.00 71.88 83.33 7143  76.92
Time-Series Models
PatchTST (Nie et al., 2022) 67.39 63.66 67.39 64.34 50.57 49.68 50.57 4431
iTransformer (Liu et al., 2024c) 53.26 51.77 5326 5247 44.29 43.05 4429 4242
S~ g LLM Models
: >T- LLM-Complete (Hayat et al., 2024a,b) 60.66 56.67 60.71 58.62 57.14 50.55 60.53  55.09
= ~ LLM-Summary (Thach et al., 2025) 57.38 48.28 56.00 51.85 53.43 52.02 5294 5248
= g LLM-Clustered (Kim et al., 2024) 63.93 6296 69.37  60.71 62.86 5747 64.10 60.61
~ LLM-Meta (Hayat et al., 2025) 70.49 65.22  60.00 62.50 64.86 61.11 6748 64.14
VLM Models
Time-VLM (Zhong et al., 2025) 53.41 51.76 5233  52.04 48.27 46.14  46.82 4648
LE-Viz (Text: Meta + Visual: Heatmap) 72.13 69.57 61.54 65.31 65.43 62.94  56.96 59.80
LE-Viz (Text: Meta + Visual: Chart) 77.05 75.76  80.65  78.12 66.57 6447 60.87 62.62

outperforms text-only methods on OOD Accuracy
(69.23%), though with lower F1 (67.74%). These
results support the effectiveness of visual encod-
ing for cross-distribution generalization when the
underlying data contains continuous numerical sen-
sor readings with temporal trajectories that benefit
from spatial representation.

MFAFY. On the MFAFY educational engage-
ment forecasting task (Table 1), the picture shifts.
MFAFY differs from other datasets in that its in-
puts consist purely of qualitative self-reports with
no numerical sensor data, providing a test of vi-
sual encoding’s boundary conditions. Time-series
baselines and Time-VLM show limited OOD per-
formance (44-50%), consistent with the absence
of continuous numerical signals. Both LE-Viz vari-
ants achieve higher OOD Accuracy than the best
text-only baseline (Chart 66.57%, Heatmap 65.43%
vs. LLM-Meta 64.86%). However, LLM-Meta
achieves the highest OOD F1 (64.14%), while LE-
Viz Chart reaches 62.62%. This pattern suggests

that visual encoding provides consistent accuracy
gains across data types, but the magnitude of im-
provement is modulated by whether the underlying
features contain continuous temporal dynamics that
benefit from spatial representation. When features
are categorical, the visual channel’s advantage nar-
TOWS.

4.2 Ablation Study

We conduct ablation studies analyzing three dimen-
sions of LE-Viz’s design. Table 2 summarizes key
results; full tables and detailed analysis are in Ap-
pendix A.8.

(1) VLM architecture. Using the optimal in-
put configuration (Text: Meta-Narrative + Vi-
sual: Interleaved Charts), we compare three VLMs
on GLOBEM, selected to vary along the archi-
tectural dimensions most relevant to visual en-
coding: vision encoder type (SigLIP vs. CLIP),
language model integration (instruction-tuned vs.
frozen), and parameter scale (7B—13B). Not all ben-
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Table 2: Summary of ablation results. All values are
OOD Accuracy (%).

Comparison OO0D Acc (%)
(1) VLM Architecture (GLOBEM)

LLaVA-NeXT 7B 72.86
MiniGPT-4 13B 66.68
mPLUG-OwI2 8.2B 65.74
Text-only Baseline 67.40
(2) Visual Organization (GLOBEM)
Interleaved Chart 72.86
Combined Chart 62.48

(3) Component Analysis (LifeSnaps)
Text-only .
Vision-only 57.3
Multimodal (Text+Vision) 71.9

efit equally from visual encoding. LLaVA-NeXT
7B (Liu et al., 2024a) (72.86% OOD) outperforms
both MiniGPT-4 13B (Zhu et al., 2023) (66.68%)
and mPLUG-OwI2 8.2B (Ye et al., 2023) (65.74%)
despite fewer parameters. Both MiniGPT-4 and
mPLUG-OwI2 underperform the text-only base-
line on OOD F1 (see Appendix A.8, Table 4), sug-
gesting that a poorly aligned vision encoder can
degrade generalization. Vision encoder quality and
cross-modal alignment are important when apply-
ing visual encoding to structured temporal data.

(2) Visual organization. Interleaved presenta-
tion (72.86% OOD) outperforms combined single-
image format (62.48% OOD) by over 10 percent-
age points, despite containing identical visual infor-
mation. The same pattern holds for Heatmap repre-
sentations (70.98% vs. 66.73%, see Appendix A.8,
Table 5), indicating that the organizational effect
generalizes across visualization types. Since both
formats encode the same data, the gap cannot be at-
tributed to the visual channel providing additional
information; it indicates that spatial representa-
tional structure drives the generalization gain. In
the interleaved format, visual tokens for each fea-
ture appear adjacent to the corresponding text, sup-
porting local cross-modal attention; the combined
format groups all visual tokens together, requir-
ing long-range correspondences that are less robust
under distribution shift.

(3) Component analysis. Controlled compari-
son on LifeSnaps with identical hyperparameters
shows that Text-only (67.0% OOD) outperforms
Vision-only (57.3%), but the multimodal combi-
nation (71.9%) exceeds both, indicating that the
visual channel contributes complementary informa-
tion that text alone does not capture. This pattern
is consistent across all three VLMs, with multi-
modal gains over text-only ranging from 4.9 to 6.7
percentage points OOD.

5 Discussion

The experimental findings point to three comple-
mentary mechanisms through which visual encod-
ing supports generalization. First, as argued in
Section 1, text serialization separates temporally ad-
jacent values by O(NN) tokens for N-feature data;
visual encoding reduces this to local patch oper-
ations, and the interleaved vs. combined ablation
confirms that this locality translates to measurable
OOD gains. Second, pre-trained visual features
transfer to abstract visualizations. The 7.12 per-
centage point OOD gap between LLaVA-NeXT
(SigLIP) and mPLUG-OwI2 (CLIP) persists with
frozen encoders, suggesting that the quality of low-
level visual primitives learned from natural images
is consequential for temporal pattern detection in
charts. Third, interleaved organization supports
local cross-modal grounding. The interleaved ad-
vantage persists under distribution shift (10.38 per-
centage points OOD vs. 12.11 ID), confirming that
local text-vision alignment remains beneficial on
unseen data. The contrast with Time-VLM is in-
structive. Despite incorporating vision-language
components, Time-VLM performs at or below pure
time-series baselines on all three datasets. Generic
multimodal integration without purpose-designed
visual encoding does not address the representa-
tional challenges of LE data.

The component analysis shows an important
asymmetry. Text alone outperforms vision alone
across all VLMs, but the multimodal combination
consistently exceeds both. Visual encoding con-
tributes complementary information that text cap-
tures poorly, even when vision is not independently
sufficient. These mechanisms are strongest when
the underlying features contain continuous tempo-
ral dynamics (GLOBEM, LifeSnaps); the narrower
gains on MFAFY’s categorical features suggest that
spatial continuity in the visualized data is one con-
dition for the visual channel to provide substantial
benefit. For structured temporal data with inherent
two-dimensional organization, spatial visual rep-
resentations offer a complementary pathway that
extends what text-based processing can achieve. A
natural next step is to investigate whether learned
visual encodings, where the model optimizes the vi-
sualization parameters jointly with the forecasting
objective, could extend the benefits of spatial rep-
resentation to data types where fixed chart formats
show limited advantage.

585



6 Limitations

Empirical Scope. While our evaluation spans three
datasets across different domains (mental health,
stress, educational engagement) and data modal-
ities (numerical sensing, qualitative self-reports),
all tasks involve binary prediction with specific
distribution shift scenarios. The generality of our
findings would be strengthened by evaluation on
datasets with different characteristics, including
varying sparsity patterns, longer prediction hori-
zons, multi-class or continuous outcomes, and
larger participant populations. We evaluate a lim-
ited set of VLM architectures (three) and LLM
baselines (four textualization strategies); testing
with a broader range of models, including more re-
cent open-weight VLMs, would provide a fuller
picture of when and why visual encoding ben-
efits cross-distribution generalization. Our only
VLM-based time-series baseline is Time-VLM,
which was designed for purely numerical forecast-
ing rather than heterogeneous LE data; comparison
with additional multimodal temporal architectures
as they become available would strengthen the eval-
uation. As reported in Section 4.1, the text-only
baseline achieves higher OOD F1 than LE-Viz on
MFAFY, indicating that the multimodal approach
does not uniformly dominate across all metrics and
data types, particularly for purely qualitative fea-
tures.

Dependence on GPT-40. The framework relies on
GPT-40 for three components: meta-narrative gen-
eration (input creation), prospective narrative gen-
eration for training targets, and forecast extraction
during evaluation. This introduces a dependency
on a proprietary model, raising concerns about re-
producibility and cost. Meta-narrative generation
and training target creation are preprocessing steps
whose outputs can be cached and distributed with
the dataset, and our Llama 3.1 extraction valida-
tion (Section 3.2) confirms that the evaluation is
not sensitive to the extraction model. Nonetheless,
evaluating the full pipeline with open-weight alter-
natives for all three components is an important
direction for ensuring broader reproducibility. Ad-
ditionally, the quality of generated meta-narratives
and training targets may be sensitive to prompting
strategies; we use a fixed set of prompts across
all experiments, but systematic analysis of prompt
sensitivity remains an open question.

Narrative Generation Formulation. Our ap-

proach formulates prediction as prospective nar-
rative generation followed by structured extraction,
introducing an intermediate natural language step
between input processing and categorical output.
This formulation offers potential interpretability
benefits (the generated narrative can be inspected),
but it also introduces a potential source of error.
Predictions are mediated by the model’s language
generation quality and the extraction step’s parsing
accuracy. We have not compared this formulation
against classification heads on the same multimodal
representations, which would clarify whether the
generalization gains are attributable to the multi-
modal representation, the generation formulation,
or their interaction.

Visual Encoding Design. The visual representa-
tions used in LE-Viz (line charts, heatmap chains)
are informed by domain knowledge and cognitive
principles of visuospatial reasoning, but they have
not been systematically optimized. Design parame-
ters such as axis scaling, color mapping, line thick-
ness, image resolution, and aspect ratio may influ-
ence how effectively vision encoders process tem-
poral patterns, and a principled study of these pa-
rameters’ effects on downstream performance has
not been conducted. The MFAFY results suggest
that visual encoding is less beneficial for categori-
cal features lacking continuous temporal dynamics,
but we have not characterized the full range of data
properties (feature types, dimensionality, tempo-
ral granularity) that modulate the effectiveness of
visual encoding.

Interpretability of Visual Feature Transfer. The
VLM comparison ablation provides indirect evi-
dence that pre-trained visual features transfer to ab-
stract temporal visualizations, but validating what
specific visual primitives the encoder applies to
temporal charts, and how attention patterns differ
between interleaved and combined formats, would
require feature attribution analysis or attention vi-
sualization methods that we have not yet applied.
Such analysis could also clarify whether the vi-
sion encoder processes temporal charts through
the same mechanisms it uses for natural images or
through distinct computational pathways.

Privacy, Fairness, and Ethical Considerations.
LE data contains sensitive personal information
including mental health indicators, behavioral pat-
terns, and educational outcomes. Using powerful
generative models on such data raises concerns
about potential memorization of sensitive training
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examples, amplification of biases present in the
data or pre-trained model weights, and the relia-
bility of generated narratives when used for conse-
quential predictions. Our current evaluation does
not include fairness audits across demographic sub-
groups or analysis of whether the model’s general-
ization patterns differ across populations. Responsi-
ble deployment of LE-Viz or similar frameworks in
applied settings would require systematic bias eval-
uation, privacy-preserving training procedures, and
domain expert validation of generated narratives
before any predictions inform real-world decisions.

Computational Requirements. Fine-tuning LE-
Viz requires multiple high-end GPUs (8 x NVIDIA
A40 48GB), and the multimodal input format (in-
terleaved text and images) increases both training
time and inference-time memory relative to text-
only approaches. The interleaved format, while
giving the strongest generalization results, pro-
cesses more visual tokens per sample than a com-
bined single-image format, creating a tradeoff be-
tween representational quality and computational
efficiency. This may affect scalability for applica-
tions requiring low-latency or real-time processing,
and for researchers with constrained computational
resources.
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A Appendix

This appendix provides supplementary material or-
ganized as follows:

* Appendix A.1: Implementation details, includ-
ing experimental settings and hyperparameters.

* Appendix A.2: Comparison of VLM architec-
tures evaluated in the ablation study.

* Appendix A.3: Detailed descriptions of datasets
and baselines.

* Appendices A.4-A.6: LLM prompts used for
meta-narrative generation, training target genera-
tion, and forecast extraction.

* Appendix A.7: Extended related work.

* Appendix A.8: Detailed ablation study with full
tables and analysis.

A.1 Implementation Details

This appendix provides detailed technical informa-
tion about the implementation of the LE-Viz frame-
work, expanding on the methodology presented in
Section 3.

A.1.1 Problem Formulation Details

For comprehensive notation clarity, we provide ad-
ditional details on our problem formulation:

For LE data collected from /V individuals over
a total period 7', spanning K weeks with fea-
tures measured daily (constituting T}, daily time
steps), we define:

* Individual index: ¢ € {1,..., N}

* Daily time step index: j € {1,..., Tiotai }

e Feature vector: x;; (encompassing diverse
modalities and types)

* Total number of weeks: K (typically K =
Ttotal/ 7)

The k-week sliding window approach generates
K — k input sequences per individual. Each se-
quence starts at week s and comprises the raw data
{x;,;} for all daily time steps falling within weeks
s through s+ k — 1, with s ranging from 1 to K — k.

A.1.2 Detailed Meta-Narrative Generation
Process

The meta-narrative generation process employs a
carefully designed prompt structure for the external
LLM (GPT-40). The prompt includes:

1. A context section explaining the nature of LE
data and the purpose of the meta-narrative

2. A structured presentation of the k-week input
data organized by feature, day, and week

3. Instructions to identify and emphasize:

* Global patterns across the entire k-week
window

* Feature-specific trajectories and their sig-
nificance

* Co-variations and potential relationships
between features

* Contextual interpretation based on do-
main knowledge relevant to the specific
domain (mental health or educational be-
havior)

4. Guidelines for creating a concise, informa-
tive summary (150-250 words) that integrates
these elements

For feature-specific meta-text generation, we use
a similar but more focused prompt structure target-
ing the individual feature’s trajectory. These sum-
maries are typically 30-50 words and emphasize
key changes, patterns, or anomalies in that specific
feature’s values.

A.1.3 Visual Representation Generation
Details

For generating the visual representations, we em-
ploy Python libraries (Matplotlib for charts and cus-
tom visualization code for heatmap chains) with
standardized parameters:
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Feature Trajectory Line Charts

* Figure dimensions: 640 x 480 pixels
e X-axis: Days within the k-week window

* Y-axis: Feature value (scaled appropriate to
the feature’s range)

* Line style: Solid line with circular markers at
data points

¢ Title: Feature name

» Missing values: Represented by breaks in the
line (visually indicating data gaps)

¢ Colors: Consistent color scheme across all
features to aid VLM interpretation

Feature Heatmap Chains

* Figure dimensions: 1600 x 400 pixels (elon-
gated horizontal format)

* Chain structure: Circular markers arranged
horizontally, representing consecutive days

» Marker size: 80 pixels diameter

* Color encoding: Normalized feature values
mapped to a color gradient:

— Low values: Cool colors (blues)

— Moderate values: Neutral colors (yel-
lows, greens)

— High values: Warm colors (reds)

 Labels: Day numbers displayed beneath each
marker

* Title: Feature name and time period

Alternative Visual Organizations In our abla-
tion study (Section 4.2), we explore an alternative
visual organization where all feature visualizations
for a given instance are combined into a single
composite image:

e Multi-feature chart: All feature line charts
stacked vertically in a grid layout

e Multi-feature heatmap array: All feature
heatmap chains arranged in rows, forming a
2D array

This alternative organization is designed to test
whether the VLM benefits more from processing all
feature visualizations simultaneously as a unified
spatial pattern versus the interleaved approach that
associates each feature’s visual with its specific
textual context.

A.1.4 Language Generation Task Details

To generate training targets (y;% ;), we employ a

structured approach:

1. For each k-week input sequence with known
ground truth for week s + k, we craft a spe-
cialized prompt for GPT-40

2. The prompt includes:

* The complete k-week input data

e The actual future state or outcome
actual

(yi,s—l—k)
* Instructions to behave like an expert and
generate a 3-4 lines narrative that:

— Reflects on patterns and trajectories
in the k-week data

— Incorporates knowledge of the actual
future state without explicitly stating
it

— Highlights features and trends that
would plausibly anticipate or align
with this future state

— Uses domain-appropriate language
and reasoning

3. The resulting narrative implicitly encodes the
future state, serving as our target text

For example, if the actual future state is “low
depression,” the generated narrative might focus
on positive trends in social activity, improved sleep
patterns, and stabilizing mood indicators—without
explicitly stating “low depression” but rather de-
scribing a trajectory consistent with this outcome.

A.1.5 Prediction Extraction Process

The process of extracting specific predictions from
generated narratives uses a structured extraction
prompt with:

1. Instructions to behave like an expert identify
key indicators in the narrative that suggest the
target state

2. Options representing possible outcomes (e.g.,
“high depression” or “low depression’)

3. Requirements to provide a single, definitive
answer (e.g., high or low depression)
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A.1.6 VLM Adaptation and Inference Details

Base VLM Specification We utilize LLaVA-
NeXT 7B (Liu et al., 2024a) as our base VLM
architecture, which comprises:

* Vision encoder: SigL.IP
* Language model: Qwen1.5-7B-Chat

* Vision-language connector: MLP-based pro-
jector

VLM Fine-tuning Configuration Our fine-
tuning process employs the following specifica-
tions:

» Parameter-efficient fine-tuning: LoRA (Hu
et al., 2021) with:

— Rank: 64

— Alpha: 128

— Target modules: All attention modules in
the language model

* Training objective: Causal language modeling
with teacher forcing

* Optimizer: AdamW

* Learning rate: 1e-4 with cosine decay sched-
ule

* Warm-up steps: 0.1

* Weight decay: 0.01
 Batch size: 4

* Training epochs: 20

* Mixed precision: bfloat16

VLM Inference Configuration During infer-
ence, we use the following generation parameters:

* Decoding strategy: Greedy search
* Maximum generation length: 2000 tokens
* Temperature: O

LLM Fine-tuning Configuration We utilize
Llama 3.1 8B Instruct (Grattafiori et al., 2024) for
the baseline experiments. Our fine-tuning process
employs the following specifications:

* Parameter-efficient fine-tuning: LoRA (Hu
et al., 2021) with:

— Rank: 32

— Alpha: 16

— Target modules: All attention modules in
the language model

* Training objective: Causal language modeling
with teacher forcing

* Optimizer: paged-AdamW-8bit

* Learning rate: le-5 with cosine decay sched-
ule

* Warmup-ration: 0.1

* Batch size: 8

* Training epochs: 20

* Mixed precision: bfloat16

Training Hardware Training was conducted on
8 x NVIDIA A40 GPUs (48GB each) with dis-
tributed data parallelism.

A.2 Comparison of VLM Architectures

This section provides a detailed comparison of the
VLMs evaluated in the ablation study (Section 4.2):
LLaVA-NeXT 7B (Liu et al., 2024a), MiniGPT-4
13B (Zhu et al., 2023), and mPLUG-OwI2 8.2B
(Ye et al., 2023). Understanding their architectural
differences, fine-tuning strategies, and multimodal
capabilities is crucial for interpreting their varied
performance on the LE-Viz task, particularly their
ability to process interleaved image-text inputs and
generate prospective narratives for generalization.

Table 3 summarizes the key characteristics of
each VLM relevant to our application and the ob-
served performance differences. The evaluated
VLMs differ significantly in their core components
and how they are fine-tuned for multimodal tasks.
These differences provide insight into their vary-
ing performance on the LE-Viz generalization task.
LLaVA-NeXT 7B, built on an instruction-tuned
Qwen LLM and designed with robust native sup-
port for multimodal interleaving through its ar-
chitecture and training, appears particularly well-
suited for the LE-Viz framework’s requirements,
enabling strong integration of textual and visual
features. In contrast, MiniGPT-4 13B, despite a
larger base LLM, relies on a simpler single-layer
adapter and a fine-tuning strategy that freezes the
base LLM during multimodal adaptation, which
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likely hinders its ability to fully leverage the com-
plex interleaved LE-Viz input structure for general-
ization. mPLUG-OwI2 8.2B offers good interleav-
ing support and a flexible modular design but uses
araw LLaMA base LLM and a potentially less per-
formant vision encoder compared to LLaVA-NeXT
for this domain, which may impact its overall multi-
modal understanding and narrative generation qual-
ity for this specific task. The empirical results
in Section 4.2 align with these architectural char-
acteristics, demonstrating that VLMs with robust
multimodal integration capabilities, strong base lan-
guage models, and effective vision encoders (like
LLaVA-NeXT 7B) are critical for effectively pro-
cessing the LE-Viz multimodal representation and
achieving superior generalization performance.

A.3 Datasets and Baselines

Datasets We utilize the following LE datasets,
selected for their relevance to health and behav-
ioral forecasting and their suitability for evaluating
challenging generalization across different cohorts
and time periods:

* GLOBEM (Xu et al., 2023a): This is a widely
used benchmark for longitudinal human behav-
ior modeling and generalization. It comprises
data collected from 497 unique participants
across two institutions over four years (Year
1 & 2 from Institution A, Year 3 & 4 from Insti-
tution B), resulting in 661 person-years of data
after initial preprocessing steps. Institutions A
(pre-COVID) and B (post-COVID) represent
distinct cohorts and time periods, with surveys
including PHQ-4, BDI-II, and PANAS for de-
pression assessment. We utilize a subset of 15
features based on prior work (Xu et al., 2023a;
Thach et al., 2025; Kim et al., 2024), derived
from mobile sensing data sources, including
Location (variance, entropy, travel distance, du-
ration of stay), Phone Usage (unlock counts,
stats), Bluetooth (scan counts, unique devices),
Call (duration stats, missed call count), Physi-
cal Activity (steps, active/sedentary duration),
and Sleep (duration, episode stats). For the
main evaluation, we use data from Years 1 & 2
from Institution A (344 person-years) for train-
ing and data from Years 3 & 4 from Institution
B (317 person-years) for cross-cohort and cross-
temporal generalization testing. Each person-
year of data represents a 10-week observation
period from which 6 sequences are generated
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using a 4-week sliding window predicting the
subsequent week. This results in a training set
of approximately 2226 sequences and a test set
of approximately 2023 sequences. The task
is binary mental health prediction based on a
threshold applied to survey scores, resulting in
a nearly balanced distribution.

LifeSnaps (Yfantidou et al., 2022): This is a
multi-dimensional LE dataset initially collected
from 71 participants over 4 months, capturing
unobtrusive snapshots of real-world human be-
havior in the wild. Data sources include Fitbit
sensing data (e.g., activity, sleep, stress, heart
rate), EMAs (e.g., mood, context), and vali-
dated surveys (e.g., psychological traits). The
dataset includes over 35 distinct data types. For
this work, we use a subset of relevant features
from these modalities to predict a binary anxi-
ety level in the week subsequent to a k=1 week
observation window. After initial preprocess-
ing steps, including filtering participants with
significant missing values, a subset of partici-
pants was used for the evaluation splits. The
specific cross-distribution split for evaluation
involves training on data from 26 participants
collected during the first 2 months of the study
period and testing on data from 13 disjoint par-
ticipants collected during the last 2 months,
assessing cross-temporal and cross-participant
generalization within the study cohort. Using
a k=1 week window over these approximately
8-week periods yields a training set of approx-
imately 112 sequences and a test set of ap-
proximately 64 sequences. This dataset serves
to further validate cross-study generalization
within the mental health domain using a dif-
ferent dataset structure, population, and data
collection protocol.

MFAFY (Hayat et al., 2024a,b; Thach et al.,
2025): The Messages From A Future You
(MFAFY) dataset captures aspects of first-
year college students’ academic journey over
three consecutive semesters spanning two aca-
demic years (Year 1: Semesters 1 & 2; Year
2: Semester 3). It is a high-dimensional
dataset comprising non-cognitive (28 dimen-
sions, qualitative, e.g., motivation, engage-
ment), cognitive (41 dimensions, quantitative,
e.g., assessment scores), and background fac-
tors (9 dimensions, static qualitative, e.g., aca-



Table 3: Detailed Comparison of VLM Architectures Evaluated in Ablation Study.

Model

Architecture
(Language, Vision,
Adapter)

Fine-Tuning Process
(Relevant Stages for
Multimodal
Adaptation)

Multimodal
Interleaving Support

Relevance to LE-Viz Performance

LLaVA-NeXT 7B

- Language:
Qwenl.5-7B-Chat
(instruction-tuned
LLM).

- Vision:
SigLIP-L-336px.

- Adapter: MLP-based
projector.

Two-stage: 1) Initial
feature alignment
(projector training), 2)
Visual instruction tuning
(joint projector + LLM
tuning). Strong emphasis
on multimodal
instruction following.

Strong native support,
designed to effectively
handle sequences of
interleaved images and
text through its
instruction tuning and
architecture.

Its instruction-tuned base LLM, capable
vision encoder, robust adapter, and joint
LLM tuning provide strong multimodal
reasoning and narrative generation
capabilities. Native interleaving support
directly aligns with the LE-Viz input
structure, enabling superior integration
of features and temporal patterns for
generalization.

MiniGPT-4 13B

- Language: Vicuna
13B (instruction-tuned
LLM).

- Vision:
CLIP-ViT-L-336px.

- Adapter: Single linear
projection layer.

Two-stage: 1) Alignment
(projector training), 2)
Fine-tuning with detailed
image descriptions
(projector + some
generation layers, base
LLM frozen). Focus on
high-quality captioning.

Limited native support.
Primarily designed for
single image + text.
Interleaving requires
custom handling and is
not natively optimized,
potentially hindering
effective information
integration from multiple
visual inputs.

Strong base LLM for generation.
However, the simpler single-layer
adapter and the strategy of freezing the
base LLM during multimodal
fine-tuning limit its ability to capture
the complex temporal and relational
structures in interleaved LE visuals,
leading to weaker multimodal
integration compared to architectures
that fine-tune the LLM or use more
complex adapters.

mPLUG-OwI2 8.2B

- Language:
LLaMA-2-7B (raw, not
instruction-tuned).

Two-stage: 1) Alignment
(adapter training, LLM
frozen), 2) Joint LoORA

Good native support via
modular architecture and
multimodal instruction

Modular design and LoRA tuning offer
flexibility in adapting to new tasks.
However, starting from a raw LLaMA

- Vision:
CLIP-ViT-L-14.

- Adapter: Modular
(Visual Knowledge,
Abstractor) with
two-layer MLPs and
LoRA.

tuning (LLM +
Abstractor) with
multimodal instructions.
Modular design.

base (vs. instruction-tuned LLMs),
potentially a less performant vision
encoder (CLIP-ViT-L-14), and how its
modular components interact with
structured line chart inputs may limit its
overall multimodal reasoning and
narrative generation quality for this
specific generalization task compared to
LLaVA-NeXT.

tuning. Designed to
handle diverse
multimodal sequences.

demic meta-information). For forecasting stu-
dent behavioral engagement, we predict a stu-
dent’s lecture-related engagement status (bi-
nary: high/low) in the subsequent week, us-
ing a k=4 week observation window. Input
features use only relevant non-cognitive dimen-
sions. The binary target is derived by com-
paring the average of relevant non-cognitive
features during weeks s through s 4+ k£ — 1 with
their average during week s + k. This task re-
sults in a nearly balanced binary distribution.
For evaluation, the cross-year generalization
split consists of a training set using data from
61 subjects in Year 1 (Semesters 1 & 2) and
a test set using data from 35 subjects in Year
2 (Semester 3). Each subject-year/semester of
data represents a 15-week observation period
from which 10 sequences are generated using
a 4-week sliding window predicting the subse-
quent week. This results in a training set of
approximately 610 sequences and a test set of
approximately 350 sequences.

For all datasets, train/test splits are carefully cre-

ated to ensure strict separation of data from dif-
ferent cohorts or time periods for generalization
evaluation, with 15% of the data from the training
period (1) reserved as an in-distribution test set and
100% of the data from the distinct period (7”) used
as the OOD test set. Data preprocessing, including
handling raw sensor data and feature scaling where
appropriate, is applied consistently before handling
missing data (via mean imputation, as detailed in
Section 3.2) and generating the multimodal repre-
sentations.

Baselines We compare the LE-Viz framework
against baselines spanning three categories: time-
series models, LLM-based text approaches, and
a multimodal time-series model. We also refer-
ence the best reported traditional ML/DL result on
GLOBEM for historical context.

* Best Reported Traditional ML/DL Result
on GLOBEM: The best reported cross-
distribution accuracy using traditional methods
on the GLOBEM benchmark is 0.528 + 0.024
(Xu et al., 2023a), achieved by the method
from (Chikersal et al., 2021), which utilizes ex-
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tensive feature engineering (breakpoint, slope)
and combines sensor-specific gradient boost-
ing models with Adaboost. The GLOBEM pa-
per’s own proposed multi-task learning method,
Reorder (Xu et al., 2023b) (which trains a
1D-CNN to solve a reordering puzzle pretext
task alongside classification), reports an av-
erage cross-distribution accuracy of 0.525 +
0.003. None of the traditional methods eval-
uated achieve generalization performance sig-
nificantly above random chance (0.50) for this
challenging task.

Time-Series Models: We evaluate two state-of-
the-art transformer-based time-series architec-
tures that process numerical sequences without
language or vision components:

— PatchTST (Nie et al., 2022): A patch-based
Transformer that segments time series into
subseries-level patches and applies channel-
independent processing with self-attention.
PatchTST has achieved strong results on
standard long-term forecasting benchmarks
by capturing local semantic information
through patching while reducing compu-
tational cost.

— iTransformer (Liu et al., 2024c): An in-
verted Transformer architecture that applies
attention across variate dimensions rather
than temporal dimensions, treating each fea-
ture’s entire time series as a token. This
design captures multivariate correlations
while maintaining computational efficiency.
These models are evaluated under identical
in-distribution and out-of-distribution con-
ditions as all other baselines across all three
datasets.

* LLM Baselines: To compare the impact of our
multimodal input representation against text-
based LLM approaches, we implement base-
lines using Llama 3.1 8B Instruct (Grattafiori
et al., 2024). The LLM is fine-tuned on tex-
tual representations derived from the k-week
input sequences, with the goal of generating
the same prospective narrative output as LE-
Viz. We evaluate four distinct strategies for
converting the k-week LE data into a linear
textual input:

— LLM-Complete (Hayat et al., 2024a,b): The
complete, detailed LE sequence is verbal-
ized into a natural language narrative.

— LLM-Summary (Thach et al., 2025): A con-
cise narrative summary of the k-week se-
quence is generated using standard tech-
niques (Zhang et al., 2023), intended to cap-
ture key information in a condensed form.

— LLM-Meta (Hayat et al., 2025): The textual
meta-narrative representation introduced in
ConText-LE, which produces an interpreta-
tive summary capturing global behavioral
context and significant trends across all fea-
tures. This representation also serves as the
textual component of LE-Viz’s multimodal
input (Section 3.2).

— LLM-Clustered (Kim et al., 2024): A struc-
tured representation where each feature is
presented sequentially, followed by a list
of its temporally ordered values (e.g., Fea-
ture A: [v1,v2,...,v]). This approach
groups values by feature but maintains a
1D sequence input to the LLM.

The generative text output of these LLM base-
lines is evaluated using the same metrics and
extraction procedures as LE-Viz.

Multimodal Time-Series Model: We include
Time-VLM (Zhong et al., 2025), a multi-
modal architecture that integrates numerical
time-series inputs with vision-language mod-
eling components. Time-VLM was designed
for standard numerical time-series forecasting
tasks (e.g., electricity, traffic, weather) and
does not specifically accommodate the hetero-
geneous multimodal inputs (numerical, categor-
ical, and qualitative features) characteristic of
LE data. We include it as the most closely
related VLM-based time-series approach to
assess whether generic multimodal temporal
architectures transfer to LE data forecasting.
Time-VLM is evaluated under identical con-
ditions as all other baselines across all three
datasets.

A4 LLM Prompt for Textual Meta-Narrative

Generation

The following system prompt is used with GPT-40
to generate textual meta-narratives from raw LE
data.
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System Prompt:

You are an expert behavioral analyst tasked with evalu-
ating a student’s weekly behavioral reflections over a 4-
week course. The data includes daily pre- and post-lecture
thoughts, confidence levels, peer comparisons, and future-
oriented reflections.

Your objective is to analyze the evolution of the student’s
behavior and mindset across the 4 weeks. In your response:

— Identify and describe specific behavioral trends, such as
shifts in confidence, motivation, or engagement.

— Reference specific weeks (e.g., “In Week 1...”, “By Week
3.7

— Use precise language to describe changes, such as “X
increased by Week 27, “Y decreased from Week 1 to Week
4”, or “Z remained consistent until Week 3”.

— Avoid vague terms like “overall” or “in general” to ensure
analytical precision.

— Provide a concise, natural, and evidence-based analysis in
3—4 sentences.

— Exclude any personal or identifying information from the
response.

A.5 LLM Prompt for Textual Output
Language Generation

The following prompt is used with GPT-40 to gen-
erate prospective narrative targets for training. The
model receives the student’s behavioral data and
ground-truth label, and produces an expert expla-
nation supporting that label.

System Prompt:

You are an expert behavioral analyst. A student’s weekly
behavioral reflections over a 4-week course are provided
below, including daily pre- and post-lecture thoughts, con-
fidence levels, peer comparisons, and future-oriented re-
flections:

{input_text}
The student’s behavior is labeled as ‘{output_label}’.

Write a clear, natural-language expert explanation — just a
single 3—4 sentence paragraph explaining the behavioral
trends that support the label. Be concise and insightful, as
if communicating with another expert. Avoid vague terms
like “overall” or “in general,” and exclude any personal or
identifying information.

A.6 LLM Prompt for Interpretation of the
Generated Narrative

The following prompt is used with GPT-4o to ex-
tract a binary classification from the generated
prospective narrative.

System Prompt:

You are a student engagement expert. Based on the be-
havioral reasoning below, classify the student’s confidence
level as either “High” or “Low”. You must choose one. No
explanation.

Reasoning: {reasoning_text}

Output only: High or Low.

A.7 Extended Related Work

Our work intersects several areas of research in
natural language processing, multimodal learning,

and cross-distribution generalization. This sec-
tion reviews relevant literature on LLM-based ap-
proaches to longitudinal and structured data, vision-
language models for non-photographic content,
domain generalization, multimodal representation
learning, and cognitively-inspired visual represen-
tation design.

Longitudinal Experiential Data Modeling.
Modeling longitudinal experiential data is impor-
tant for applications in behavioral health (Nemati
et al., 2022; Rabbi et al., 2019; Bae et al., 2017),
mental health (Wang et al., 2018; Xu et al., 2021a,
2019; Chikersal et al., 2021), and education (Wang
et al., 2016; Li et al., 2020). Traditional machine
learning and deep learning approaches prioritize
in-distribution performance and struggle with cross-
distribution generalization, as highlighted by the
GLOBEM benchmark (Xu et al., 2023b). These
methods often neglect multi-dimensional relational
structure (Xu et al., 2019) and face challenges with
limited training data (Xu et al., 2023a).

LLMs for Temporal and Behavioral Forecast-
ing. Recent work applies LLMs to LE data fore-
casting through various text serialization strate-
gies. Kim et al. (Kim et al., 2024) investi-
gate LLM prompting and fine-tuning on health
datasets including GLOBEM, achieving promis-
ing in-distribution performance but focusing on
within-dataset evaluation. Hayat et al. (Hayat et al.,
2024a,b) apply LLM-based forecasting using di-
verse architectures on the MFAFY dataset, while
Thach et al. (Thach et al., 2025) propose MuH-
Boost for zero-shot multi-label prediction using
LLMs. More recently, Hayat et al. (Hayat et al.,
2025) introduce a contextual meta-narrative rep-
resentation and formulate forecasting as prospec-
tive narrative generation, achieving strong cross-
distribution results on GLOBEM, LifeSnaps, and
MFAFY through text-only LLM processing. A
common limitation of these text-based approaches
is that they process data as one-dimensional token
sequences, collapsing the inherent two-dimensional
Feature x Time organization into a linear token
stream where temporal adjacency is not preserved
as positional proximity (Liu et al., 2024b). Our
work builds on the meta-narrative and prospective
narrative formulations of (Hayat et al., 2025) and
investigates whether adding visual encoding can
recover the structural information that text serial-
ization loses.

Vision-Language @ Models for  Non-
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Photographic Visual Data. VLMs pre-trained on
massive image-text pairs (Radford et al., 2021; Jia
et al., 2021; Alayrac et al., 2022) have achieved
strong results on natural image understanding tasks.
Recent work extends VLMs to structured visual
content including documents (Xu et al., 2020,
2021b), scientific figures, and charts (Masry et al.,
2022; Islam et al., 2024). LayoutLM (Xu et al.,
2020) jointly models text and layout information
for document understanding, while ChartQA
(Masry et al., 2022) introduces benchmarks for
visual and logical reasoning about charts. These
applications address the challenge of processing
abstract, structured visual data where spatial
organization encodes semantic relationships that
do not depict physical scenes. Our work extends
this direction by applying visual encoding to
inherently non-visual numerical temporal data,
transforming sequences into spatial representations
that VLMs can process for cross-distribution
generalization.

Temporal Data Modeling with Vision-
Language Approaches. Time-VLM (Zhong et al.,
2025) applies VLMs to time series forecasting
by visualizing numerical sequences, achieving
improvements on standard benchmarks through
multimodal integration. While sharing the high-
level concept of leveraging visual representations
for sequential data, our work differs in several
respects.  First, we transform heterogeneous
data combining numerical, categorical, and
qualitative modalities, not purely numerical
sequences. Second, we address cross-distribution
generalization across cohorts and time periods,
not in-domain forecasting. Third, we design
visual encodings to preserve two-dimensional
relational structure (Features x Time) beyond
simple temporal trajectories. Fourth, we formulate
forecasting as prospective narrative generation,
producing natural language outputs that can be
parsed for specific predictions while maintaining
interpretability.

Domain  Generalization and  Cross-
Distribution Learning.  Domain adaptation
(Pan and Yang, 2010) and domain generaliza-
tion (Zhou et al., 2022) aim to improve model
performance on target distributions different
from training distributions. Techniques including
invariant representation learning, meta-learning,
and data augmentation have been applied across
various domains. However, success on complex

longitudinal behavioral data remains limited (Xu
et al., 2023a). The multifaceted shifts occurring
across human cohorts, time periods, and contexts
pose challenges beyond typical domain shifts in
static image or text classification datasets. Our
work addresses this gap by designing visual
representations that preserve structural properties
invariant to distribution shift, combined with
pre-trained visual features that transfer across
domains.

Multimodal Integration and Representation
Learning. Multimodal learning combines informa-
tion from different data types (Baltrusaitis et al.,
2017), with applications spanning medical imaging
(Singhal et al., 2023; Lin et al., 2023; Wang et al.,
2022), video understanding, and embodied Al. Ef-
fective multimodal integration requires designing
representations that preserve complementary infor-
mation across modalities while supporting cross-
modal reasoning. Our approach uses linguistic
representations (textual meta-narratives) to provide
global semantic context and visual representations
(spatially-encoded charts and heatmaps) to preserve
local temporal dynamics. This complementary de-
sign allows VLMs to leverage both language under-
standing and spatial pattern processing capabilities
for temporal reasoning.

Cognitively-Inspired Visual Representation
Design. Our approach draws on cognitive psychol-
ogy research, particularly Barbara Tversky’s work
on visuospatial reasoning (Tversky, 2005, 2011).
This research emphasizes that humans use external
visualizations (diagrams, maps, charts) as cogni-
tive tools that structure information, offload work-
ing memory, highlight relationships, and support
complex reasoning by making abstract concepts
spatially tangible. This functional view informs
our transformation of numerical temporal data into
multimodal representations designed to highlight
two-dimensional relational structure. The use of
complementary linguistic (abstract, global) and vi-
sual (structured, local) modalities draws on insights
about how humans integrate different representa-
tional formats to support comprehension and rea-
soning under complexity.

A.8 Detailed Ablation Study

This section provides full results and analysis
for the three ablation studies summarized in Sec-
tion 4.2.

(1) Impact of VLM Choice. Using the op-
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timal input configuration (Text: Meta-Narrative
+ Visual: Interleaved Charts), we compare three
VLMs alongside the text-only LLM-Meta base-
line on GLOBEM (Table 4). LLaVA-NeXT 7B
achieves the highest generalization (Acc 79.37 %
ID, 72.86% OOD), surpassing both MiniGPT-4
13B and mPLUG-OwI2 8.2B despite their compa-
rable or larger parameter counts. This result is in-
structive: not all VLMs benefit equally from visual
encoding of temporal data. LLaVA-NeXT pairs a
SigLIP-based vision encoder operating at 336 x 336
resolution with an instruction-tuned language back-
bone, producing stronger cross-modal integration
for abstract visualizations. In contrast, MiniGPT-4
uses a frozen language model and mPLUG-OwI2
relies on a CLIP-based vision encoder, and both
underperform the text-only LLM-Meta baseline
on OOD F1. This suggests that a poorly aligned
vision encoder can introduce noise that degrades
generalization, and that VLM architectural choices,
particularly vision encoder quality and cross-modal
alignment, are important variables when applying
visual encoding to structured temporal data.

The 7.12 percentage point OOD gap be-
tween LLaVA-NeXT (SigLIP-336px, 72.86%) and
mPLUG-OwI2 (CLIP, 65.74%) is particularly in-
formative because it persists despite frozen vision
encoder weights in both cases. This isolates the
contribution of visual representation quality from
language model capacity: the performance differ-
ence is attributable to the vision encoder’s ability
to process abstract temporal visualizations, not to
differences in language model size or instruction
tuning. Low-level visual primitives learned from
natural images (edge detectors sensitive to trend
slopes, texture analyzers responsive to pattern dis-
continuities, color gradient processors that track
intensity changes) appear to transfer to temporal
pattern detection in charts, but the fidelity of this
transfer depends on encoder architecture and pre-
training.

Table 4: VLM impact on GLOBEM generalization us-
ing Text (Meta) + Visual (Interleaved Chart).

In-Distribution Out-of-Distribution

VLM Acc (%) Fl1 (%) Acc(%) Fl (%)
LLaVA-NeXT 7B 79.37 82.03 72.86 74.92
MiniGPT-4 13B 73.09 70.87 66.68 64.00
mPLUG-OwI2 8.2B 70.85 65.97 65.74 63.77
LLM-Meta Baseline 73.99 73.87 67.40 69.40

(2) Impact of Visual Organization. This abla-
tion investigates whether the spatial arrangement

of visual information affects generalization, testing
the prediction from our representational design that
maintaining per-feature spatial modularity should
benefit cross-distribution transfer. Using LLaVA-
NeXT 7B on GLOBEM (Table 5), we compare
the interleaved format (each feature visualization
presented alongside its textual description) against
a combined format (all feature visualizations ar-
ranged in a single image). Interleaved visuals con-
sistently outperform combined formats by a wide
margin. For Chart representations, the interleaved
approach achieves 72.86% Acc /74.92% F1 OOD
versus 62.48% / 64.18% for combined, a differ-
ence of over 10 percentage points. Similar pat-
terns hold for Heatmaps (70.98% / 73.16% vs.
66.73% / 66.23%).

This result bears on the question of whether LE-
Viz’s gains stem from representational structure
or from information quantity. Both formats con-
tain identical visual information, but organizing
it to preserve per-feature spatial adjacency pro-
duces a 10+ percentage point difference in OOD
performance. If the gains were attributable to the
visual channel simply providing additional data,
spatial organization should not matter. The fact
that it does supports the claim that how the in-
formation is spatially structured, not how much
information is present, drives the generalization
improvement. The underlying mechanism can be
understood through attention distance: in the inter-
leaved format, visual tokens for each feature appear
adjacent to the corresponding textual description,
allowing local cross-modal attention to establish
feature-specific text-vision correspondences. In the
combined format, all visual tokens are grouped
together and separated from their textual counter-
parts, requiring the model to learn long-range cor-
respondences that are less robust under distribution
shift.

(3) Controlled Multimodal Component Anal-
ysis. To isolate each modality’s contribution, we
perform controlled component analysis using the
LifeSnaps dataset (Table 6). Three experimental
conditions are compared under identical hyperpa-
rameters: (i) Text-only (vision encoder disabled),
(i1) Vision-only (charts only, no textual input), and
(i11) Multimodal (Text + Chart). Across all three
VLMs, the multimodal configuration consistently
achieves the highest accuracy and F1 in both ID
and OOD settings. For LLaVA-NeXT 7B, the mul-
timodal condition (71.9% OOD Acc) outperforms
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Table 5: Impact of visual organization on GLOBEM generalization: interleaved vs. single combined visual
representations.

In-Distribution (Year 1 & 2 Test) Out-of-Distribution (Year 3 & 4 Test)

Method Acc (%) P (%) R(%) Fl1(%) Acc(%) P (%) R (%) F1 (%)
LE-Viz (Interleaved Chart) 79.37 8333 80.77 82.03 72.86 75.58 74.28 74.92
LE-Viz (Interleaved Heatmap) 76.68 72.83 71.28 72.04 7098 73.19 73.13 73.16
LE-Viz (Single Combined Chart) 6726 7627 66.67 71.15 6248  62.16 66.34 64.18

LE-Viz (Single Combined Heatmap)  72.65 7826 71.43 74.69 66.73  65.09 67.42 66.23

Table 6: Controlled multimodal component analysis on LifeSnaps comparing text-only, vision-only, and multimodal
conditions across three VLMs.

In-Distribution (ID) Out-of-Distribution (OOD)
A Text-Only Vision-Only Text+Vision Text-Only Vision-Only Text+Vision
Acc (%) 1 F1 (%) Acc (%) /F1 (%) Acc (%)/F1 (%) Acc(%)/F1 (%) Acc(%)/F1 (%) Acc(%)/F1 (%)
LLaVA-NeXT 7B 65.5/68.9 58.4/61.3 82.4/80.0 67.0/72.8 57.3/59.9 71.9/76.4
MiniGPT-4 13B 63.1/62.4 60.8/63.6 73.2/72.2 61.7/61.0 56.8/61.0 68.4/71.2
mPLUG-OwI2 8.2B 64.5/63.8 58.3/60.8 70.3/69.8 64.3/63.6 55.8/58.4 69.8/71.4

both Text-only (67.0%) and Vision-only (57.3%).

Two observations are important here. First, Text-
only outperforms Vision-only across all VLMs,
indicating that the textual meta-narrative is the
stronger individual modality and that current VLMs
are more effective at extracting behavioral predic-
tions from interpreted text summaries than from
raw visual temporal patterns. Second, despite this
asymmetry, the multimodal combination consis-
tently exceeds text-only performance, indicating
that the visual channel contributes complementary
information that text alone does not capture. Com-
bined with the visual organization results in Abla-
tion (3), where identical visual content organized
differently yields a 10+ point OOD gap, these find-
ings point to complementary representational affor-
dances as the source of the multimodal gain: text
provides interpreted semantic context while spatial
visual structure preserves local temporal patterns
that linearized text discards.

On LifeSnaps OOD, Text-only achieves 67.0%,
Vision-only 57.3%, and the multimodal combi-
nation yields 71.9%. The multimodal gain over
Text-only (4.9 points) exceeds the Vision-only per-
formance relative to chance, suggesting that text
and visual representations capture partially non-
overlapping aspects of the underlying temporal
structure. This pattern of super-additive multi-
modal combination is consistent across all three
VLMs, with gains ranging from 5.5 to 6.7 points
over the respective text-only baselines.
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