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Abstract

Choosing the right large language model
(LLM) backbone is the most consequential de-
cision when building a vision-language model
(VLM), yet it remains fundamentally unprinci-
pled: compute-based scaling laws fail to gen-
eralize across model families, and no frame-
work exists for directly predicting VLM per-
formance before training begins. We propose
the Capability-Driven Multimodal Scaling
Law, the first cross-family framework that
predicts VLM benchmark accuracy from di-
rectly observable textual capability. Given a
low-dimensional capability score S extracted
from LLM textual benchmarks via PCA, we
model VLM performance as a function of .5,
with a per-backbone transfer rate and an ab-
sorption rate that quantifies data-scaling effi-
ciency. To fit and validate the framework, we
train over 150 VLMs on 34 LLMs spanning
7 model families under a strictly controlled
recipe. Evaluations on more than 200 textual
and 50 multimodal benchmarks show that the
law accurately extrapolates transfer rate from
models up to 8B parameters to 72B-scale back-
bones, predicts full VLM training trajectories
with high fidelity, and generalizes to entirely
held-out model families. Beyond the scaling
law, our analysis surfaces actionable insights:
certain textual benchmarks negatively corre-
late with multimodal performance, exposing la-
tent benchmark-gaming behavior; base LLMs
outperform instruction-tuned counterparts as
VLM backbones due to higher absorption rates
and lower data-scaling decay; and different
model families occupy distinct positions in
the transfer—absorption space. The framework
turns backbone selection from costly empiri-
cal sweeps into a principled, quantitative de-
cision. Code and data are available at https:
//github.com/wangg-dev/CDMScaling.

“Equal Contribution.

1 Introduction

Scaling laws for large language models (LLMs)
have proven remarkably predictive: given only
compute budget, parameter count, and training data
volume, one can accurately forecast not just train-
ing loss but also downstream task performance
across diverse benchmarks (Kaplan et al., 2020;
Hoffmann et al., 2022). This predictability has
transformed LLM development—practitioners can
allocate resources, compare architectures, and an-
ticipate benchmark scores before a single train-
ing run completes. Yet when it comes to vision-
language models (VLMs), no analogous framework
exists. State-of-the-art VLMs universally depend
on strong LLM backbones (Liu et al., 2024b; Bai
et al., 2025; Wang et al., 2025a), and practition-
ers widely accept that a better LLM yields a better
VLM (Li et al., 2024b)—but how much better, on
which tasks, and for how much multimodal data?
Choosing the right LLM backbone is the single
most consequential decision when building a VLM,
yet it remains fundamentally unprincipled.
Compute-based scaling laws offer a natural start-
ing point, but they fail to generalize across model
families, because parameter count alone cannot
capture the heterogeneous pre-training histories
that differentiate modern LLMs. A more direct
route is to use observable textual benchmark per-
formance as a capability proxy—it is publicly re-
producible, requires no access to training details,
and is strongly correlated with multimodal perfor-
mance across diverse model families. This observa-
tion raises a central question: can we build a unified
[framework that directly predicts VLM performance
from the textual capability of its LLM backbone?
Addressing this question is non-trivial. LLM ca-
pability is inherently multidimensional, spanning
reasoning, knowledge, instruction following, and
beyond, and different dimensions may contribute
heterogeneously to multimodal transfer. Further-
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more, VLM performance depends jointly on LLM
capability and multimodal training data volume,
and their interaction must be explicitly modeled:
stronger backbones may respond differently to ad-
ditional multimodal data than weaker ones. Fi-
nally, LLMs from different families exhibit het-
erogeneous capability profiles across benchmarks,
making it challenging to derive a single comparable
capability measure that generalizes across families.

In this paper, we propose the Capability-Driven
Multimodal Scaling Law, a framework that pre-
dicts multimodal model performance from the tex-
tual capability of the LLM backbone and the mul-
timodal training data volume. To build this frame-
work, we collect 34 LLM backbones spanning 7
model families and train over 150 VLMs under a
strictly controlled multimodal training recipe, yield-
ing a dataset of LLM—VLM pairs across diverse
families and scales. We extract a low-dimensional
capability score from more than 200 textual bench-
marks to represent the basic capability of an LLM
backbone, and build the multimodal scaling law by
introducing transfer and absorption rates to bridge
LLM capability and vision-language training.

Beyond the scaling law itself, our framework sur-
faces a set of actionable insights. (i) Benchmark
selection matters: not all textual benchmarks con-
tribute positively to multimodal transfer; some are
uncorrelated or even negatively correlated with
VLM performance, revealing latent benchmark-
gaming behavior in certain LLMs—high textual
scores that do not translate to multimodal capability.
(ii) Base models are better VLM backbones: de-
spite lower initial transfer rates, base LLMs exhibit
higher absorption rates and lower decay, yielding
superior data-scaling efficiency; instruction-tuned
models incur an “alignment tax” on multimodal
generalization. (iii) Family-specific transfer pro-
files: different model families occupy distinct posi-
tions in the (transfer, absorption) space—some fam-
ilies show high transfer but low absorption (strong
out-of-the-box but data-inefficient), while others
show the opposite, reflecting fundamental differ-
ences in pre-training strategy and benchmark satu-
ration. The framework thus turns backbone selec-
tion from costly trial-and-error into a principled,
quantitative decision.

Our main contributions are as follows:

* A capability-driven scaling law for VLMs.
We propose the Capability-Driven Multi-
modal Scaling Law, the first cross-family

framework that predicts VLM performance
from directly observable textual capability S
and multimodal data volume, parameterized
by a per-backbone transfer rate and an absorp-
tion rate.

* Insights into LLM-to-VLM transfer. We
reveal that (1) not all textual benchmarks con-
tribute positively—some negatively correlate
with multimodal performance, exposing la-
tent benchmark gaming; (ii) base LLMs are
more data-efficient VLM backbones than their
instruction-tuned counterparts due to higher
absorption rates and lower data-scaling decay;
and (iii) model families occupy distinct posi-
tions in the transfer—absorption space, reflect-
ing fundamental differences in pre-training
strategy.

* Practical applications. The framework di-
rectly supports performance prediction for
candidate backbones, optimal joint selection
of backbone and data budget under a compute
constraint, and hyperparameter extrapolation
for efficient training configuration.

2 Capability-Driven Scaling Laws for
Multimodal Performance Prediction

In this section, we establish a capability-driven
framework to formulate our multimodal scaling
law. Our methodology proceeds in two key mod-
eling steps. First, we introduce a low-dimensional
text capability metric S to enable consistent cross-
family loss fitting (Sec. 2.1.1). Second, we de-
rive the end-to-end vision-language performance
P by coupling S and the multimodal data volume
Dy through explicit transfer and absorption terms
(Sec. 2.1.2). Ultimately, the design of these formu-
lations captures the core components of the under-
lying learning dynamics.

2.1 Capability-Driven Scaling Law

2.1.1 From Classical Compute Scaling to
Capability-Driven Loss Scaling

The classical compute-based scaling law models
the pre-training loss as a power-law function of
parameter count /N and data volume D (Kaplan
et al., 2020; Hoffmann et al., 2022):

A B
LZW‘FW‘FE, (1)

where A, B, E, «, and S are fitted constants.
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A natural extrapolation to the multimodal setting
is to treat the LLM backbone as the model term
and multimodal training data as the data term:

A B
L[=—+4+—+F 2
Nt pr T (2)

where Dy, denotes the amount of multimodal
training data measured in billion tokens (B to-
kens). However, this extrapolation relies on N
as a proxy for backbone capability, which be-
comes problematic across model families. Models
with identical parameter counts may differ substan-
tially in pre-training data volume Dy as well as
the training strategy, and thus in actual capabil-
ity. Moreover, the underlying pre-training compute
Clext = 6N Dyeyy is rarely observable in practice, as
most model providers do not disclose Dyexs.

To address the limitations of parameter count
or raw pre-training compute—which fail to cap-
ture heterogeneous training histories across differ-
ent model families—we propose using directly ob-
servable textual benchmarks as a capability proxy.
However, because LLM capability is multidimen-
sional, directly using raw benchmark scores as pre-
dictors leads to severe redundancy and risks over-
fitting on our limited VLM training pairs. To re-
solve this, we apply Principal Component Analysis
(PCA) to extract a compact, low-dimensional repre-
sentation, which can be treated as a latent capability
representation optimized for predictive scaling-law
modeling.

Specifically, we construct a benchmark-model
matrix X € RT*M containing the mean-centered
scores of M models across 1" benchmarks. Prior
work suggests that X exhibits a low-rank struc-
ture (Ruan et al., 2024), allowing the scores to be
factorized into a K -dimensional capability vector
S, € RE that simultaneously satisfies:

Sm ~ 0;10g(Crn) + Vs, Xim ~ 7, Smy (3)

where O, v € RX are family-specific constants
and v; € R¥ are orthonormal vectors. The princi-
pal components extracted from X provide a natural
empirical instantiation of S,,,. We therefore define
the scalar capability score S, as a unit-norm linear
combination of the top-K principal components:

- WTSm, lw| =1, )

where w € R is optimized jointly with the down-
stream scaling law. Since S, is a linear projec-
tion of S,,, it inherits the log-linear relationship in

Eq. 3:
S o log C, (5)

To balance the bias-variance tradeoff, we select
K to explain at least 95% of the total variance in
X, while the unit-norm constraint on w ensures a
well-defined and interpretable scale. Similar meth-
ods of latent factorization have been also employed
in (Ruan et al., 2024), whose objective is primar-
ily to predict unobserved textual benchmarks in
a training-free manner (i.e., zero-shot benchmark
prediction). In contrast, we leverage this latent
representation to bridge LLM backbone and vision-
language.

The capability score S, derived directly from
benchmark performance, resolves both limitations
of parameter count: it is publicly observable and, as
established in Eq. 5, satisfies S’ o log Ciext, jointly
capturing the effect of both IV and Dyey. Inverting
gives Clext X ¢S, which motivates the substitution
of Eq. 2. We arrive at the capability-driven scaling
law:

B
L=A-c™ 4 oot B ©

mm

where Dy, denotes the multimodal training data
volume, and S encodes the textual capability of
the LLM backbone prior to multimodal training.
We retain the power-law form B/ Dr’?lm for the data
term, as Dy, 1s an explicit training hyperparameter
rather than a latent capability variable, and power-
law scaling with data volume is well-established
empirically (Kaplan et al., 2020). The residual E
represents the irreducible loss floor. Because S is
derived from benchmark performance rather than
from architectural hyperparameters, Eq. 6 applies
uniformly across model families without requiring
family-specific recalibration.

2.1.2 An End-to-End Predictor for
Vision-Language Performance

Building on the capability-driven loss scaling law
above, we now introduce a direct predictor for end-
to-end vision-language performance. We propose
a formula that directly predicts multimodal bench-
mark accuracy P from textual capability score S
and multimodal training data volume Dpyp:

P=A-S+B-InDym+ Py, (7
B=DBy— B, S, (8)

where fl, By, B,,, and Py are fitted constants.
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The formulation of Eq. 7 is phenomenologically
motivated by established empirical scaling behav-
iors. Specifically, downstream benchmark accuracy
P has been shown to scale log-linearly with train-
ing data volume (Kaplan et al., 2020) and linearly
with primary capability proxies (Guo et al., 2025).

2.2 Interpreting the Performance Predictor

2.2.1 Design Principle: Transfer and
Absorption

The two additive terms in Eq. 7 capture comple-
mentary sources of multimodal performance. The
first term reflects the capability transferred from the
textual backbone to the multimodal setting, while
the second term captures the gain absorbed from
multimodal training data. Under this view, multi-
modal performance is determined not only by the
strength of the initial LLM backbone, but also by
how effectively the model turns additional multi-
modal data into benchmark improvements.

2.2.2 Transfer

The first term A - S reflects the transfer efficiency
from textual capability to multimodal performance:
it serves as the capability-dependent starting point
of multimodal training, determining the portion of
multimodal performance directly attributable to the
textual backbone prior to substantial multimodal
adaptation. A stronger LLLM backbone (higher 5)
leads to higher multimodal accuracy, with A quan-
tifying how effectively textual capability transfers
to the multimodal setting.

2.2.3 Absorption

The second term B - In Dy in Eq. 7 models
the performance gain from multimodal training.
The logarithmic form characterizes the diminishing
marginal returns of data scaling. Crucially, the ef-
fective data absorption rate B is modulated by the
backbone’s capability S (Eq. 8). We parameterize
this behavior using two constants. First, By repre-
sents the baseline absorption rate of a theoretical
backbone with S = 0. Second, B, represents the
absorption decay rate. This decay rate quantifies
how quickly data-scaling efficiency diminishes as
textual capability scales. A positive By, formal-
izes the empirical observation that stronger textual
priors attenuate the marginal utility of additional
data, which means high-capability models acceler-
ate performance saturation and require less train-
ing data. In contrast, weaker backbones require
more extensive data scaling to compensate for de-

ficient initialization. The constant F; accounts for
benchmark-specific baseline performance, such as
chance-level accuracy.

2.2.4 Transfer Tax

While the capability score S aggregates textual
benchmark performance into a unified predictor,
the PCA decomposition reveals that individual
benchmarks contribute heterogeneously to multi-
modal performance. Expanding S,, = w'S,,
in terms of benchmark scores via the PC loading
vectors -, yields an effective transfer coefficient
AN = wTﬁyZ- for each benchmark 7, such that:

P=A-> A\Xim+B-nDpn+Py. (9
7

We define the transfer tax as the set of textual
capabilities for which A\ <O improving these
dimensions raises text leaderboard scores but fails
to improve multimodal performance. We revisit
this concept in Sec. 4.1 and Appendix 14, where
we identify which benchmark dimensions exhibit
positive-transfer or transfer-tax patterns, analyze
their implications for LLM backbone selection, and
verify the stability of these fitted associations un-
der changes to benchmark composition and model-
family mixture.

3 Empirical Setup and Extrapolation
Validation

3.1 Models and Training Recipe

We select a diverse set of open-source LLM
backbones spanning a wide range of model
families, scales, and architectures, including
Qwen2.5 (Qwen et al., 2025), Qwen3 (Yang et al.,
2025), Llama-3.2 (Grattafiori et al., 2024), Fal-
con3 (Team, 2024), Gemma-2 (Team et al., 2024),
DeepSeek (Bi et al., 2024), and Mistral (Jiang et al.,
2023).

All models are built upon the LLaVA-OneVision
architecture (Li et al., 2024c), comprising a SigLIP
vision tower (Zhai et al., 2023), a two-layer MLP
projector, and a language backbone. A unified
vision-language training recipe is applied consis-
tently across all backbones on the Infinity-MM
dataset (Gu et al., 2024): Stage 1 trains only the
projector (~5M samples) to align visual features
with the LLM’s embedding space, while Stage 2
fine-tunes the full model end-to-end (~12M sam-
ples). Full details on backbone selection, model
list, and training hyperparameters are provided in
Appendix 8.
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3.2 Evaluation Metrics: Textual and
Multimodal Benchmarks

Textual Benchmarks. To fully build our pro-
posed methods, we evaluate LLLM backbones on
more than 200 benchmarks across six dimensions:
Knowledge (world knowledge across diverse do-
mains), Language (reading comprehension and text
understanding), Math (quantitative reasoning and
problem-solving), Reasoning (multi-step logical
and commonsense reasoning), NLI/NLU (logical
entailment and semantic understanding), and In-
formation Extraction (structured knowledge ex-
traction from unstructured text, e.g., named entity
recognition). All textual benchmarks are evalu-
ated under a few-shot setting to better reflect the
intrinsic capabilities of the LLM backbone.

Multimodal Benchmarks. We evaluate 35
benchmarks across four dimensions: General VQA
(visual understanding and commonsense reason-
ing), STEM Puzzle (vision-integrated scientific and
mathematical reasoning), Document Understand-
ing (charts, tables, and scanned documents), and
Alignment (hallucination-free, instruction-faithful
generation). All multimodal benchmarks are eval-
uated under a zero-shot setting. The mean score
across all 35 benchmarks is reported as the Aver-
age Multimodal Accuracy metric. Details of the
selected benchmarks are provided in Tables 5 and
6.

3.3 Fitting Results: Validating the
Capability-Driven Scaling Law

We compare our capability-driven scaling law
(Eq. 6) with the compute-based baseline (Eq. 1)
towards loss fitting. Specifically, we fit both laws
on Falcon3 and Llama-3.2 families. The PCA ap-
plied to the benchmark-model matrix X yields the
first 3 principal components, which explain over
95% of the total variance. As shown in Figure 1,
the capability-driven scaling law achieves consis-
tent fits across both families within a single uni-
fied model, whereas the compute-based baseline
requires separate fitting per family and still yields
substantially higher error. Replacing /N with the ca-
pability score S reduces the Mean Absolute Error
(MAE) from 0.0383 to 0.0087 across families.

3.4 Predicting Multimodal Benchmark
Accuracy

Multimodal Accuracy Fitting. We fit the multi-
modal accuracy scaling law (Eq. 7) across all 32

0 20 0 60 0 100 0 20 0 60 %0 100
D (B tokens) D (B tokens)

Figure 1: Comparison of two scaling law formulations
fitted to the Falcon3 and Llama-3.2 base model fami-
lies. Left: Compute-based scaling law, where model
scale is parameterized directly by the number of param-
eters V. Right: Capability-driven scaling law, where
the effective model scale is parameterized by princi-
pal components derived from downstream benchmark
performance. Solid lines denote observed training loss
trajectories and dashed lines denote fitted predictions.

LLM backbones, following the fitting procedure
detailed in Appendix 10. As shown in Figure 2,
the predicted accuracy trajectories closely follow
the observed trends across all model families and
scales, with the fitted scaling law achieving a MAE
of 1.2870% without requiring family-specific re-
calibration. We further analyze the validity and
robustness of the learned capability representation.
Appendix 11 compares the proposed representa-
tion with simpler predictors, while Appendix 12
evaluates its robustness to highly correlated textual
benchmarks.

Validating Transfer. To evaluate whether the
fitted transfer coefficient A generalizes to unseen
backbones at larger scales, we fix the multimodal
training data D,,,, and directly fit P =AS+ P}
for validation. We use the fitted law to predict
the multimodal accuracy of Qwen2.5-72B, whose
parameter count far exceeds that of any model seen
during fitting. As shown in Figure 3, the predicted
accuracy closely matches the observed values, with
an absolute error of 1.92% for the Base variant
and 0.70% for the Instruct variant, demonstrating
that A captures transfer efficiency reliably even for
model scales beyond the training distribution.

Validating Absorption. To validate the ratio-
nality of the absorption coefficient B, we first pre-
dict the full accuracy trajectorys of Qwen2.5-72B
across all training checkpoints using the complete
prediction formula (Eq. 7). As shown in Figure 4,
the predicted region correctly covers the target
models, achieving a combined holdout MAE of
only 1.225% on both Base and Instruct variants of
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Figure 2: Multimodal accuracy scaling law fitting results across all 32 LLM backbones. For clarity, only the first 4
training checkpoints are shown for each backbone. The dashed line shows the fitted scaling law (Eq. 7).
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Figure 3: Predicted vs. observed multimodal accuracy
for the Base and Instruct variants of Qwen2.5-72B. The
training data D,,,,, is fixed at around 12.5B tokens.

Qwen2.5-72B.

In addition, we further analyze the ablation of
adding the decay rate (B,, - S), which is shown in
Table 1. The results show that for models with mod-
erate capability scores (S € [—0.369, 0.339]), the
two variants perform comparably since the score
S is close to zero. However, when it comes to pre-
dicting models with substantially higher capability
scores (S > 0.6), adding the decay rate can effec-
tively reduce the overall MAE (reducing the MAE
of Qwen2.5-72B-Base from 2.375% to 2.055%).
These results collectively demonstrate the impor-
tance of the interaction term B,, - S as S grows
larger: stronger backbones exhibit systematically
lower data absorption rates, and failing to account

for this modulation leads to progressively larger
prediction errors when extrapolating beyond the
training distribution. This validates the necessity of
the capability-modulated absorption term in Eq. 7
for accurate out-of-distribution trajectory predic-
tion.

Table 1: Comparison of in-distribution (<8B) and out-
of-distribution (72B) prediction errors (MAE %) with
and without capability-modulated absorption (B,,.5).

Variant <8B MAE |

S € [~0.369,0.339]

1.266%
1.259%

72B-Base MAE | 72B-Inst MAE |
5>0.6

0.476%
0.394%

By -In Dy,
(Bo = B - S) - In Dinm

2.374%
2.055%

3.5 Cross-Family Generalization

To validate the robustness of our methods across
different model families, we systematically eval-
uate its cross-family generalization performance
using leave-one-family-out validation. Specifically,
we sequentially select each of the four representa-
tive model families (Qwen3, DeepSeek, Falcon3,
and Gemma-2) as a held-out target, and fit our
capability-driven scaling law on the remaining in-
domain families to predict the entire trajectories
of the held-out family. As illustrated in Figure 5,
our method consistently yields highly accurate ex-
trapolation trajectories across all target lineages,
aligning the holdout checkpoints tightly within a
narrow confidence band. Although a small num-
ber of checkpoints exhibit noticeable deviations
from the predicted curves, the overall prediction
errors remain within an acceptable range, preserv-
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Figure 4: Predicted vs. observed multimodal accuracy.
The dots represent the true values of training check-
points across various model families. The star markers
in the top-right corner denote the predicted points for
the held-out Qwen2.5-72B variants (Base and Instruct).
The dashed line represents the fitted formula, with the
shaded region indicating the 95% confidence interval
(£1.960). The full model incorporating the capability-
modulated absorption rate (By — By, S) In D achieves
a holdout MAE of 1.225%.

ing the global scaling trend and relative perfor-
mance ordering across model scales. This consis-
tent generalizability demonstrates that our strategy
successfully bypasses heterogeneous architectural
and pre-training recipe differences, establishing a
robust cross-family framework for multimodal per-
formance prediction.

4 Understanding LLM-to-VLM Transfer

In this section, we analyze the transfer dynamics
from LLM to VLM through four complementary
lenses: the identification of beneficial and harmful
textual capabilities (Sec. 4.1), the paradoxical be-
havior of instruction-tuned backbones (Sec. 4.2), a
cross-family comparison of transfer dynamics via
the fitted scaling coefficients (Sec. 4.3), and the
extrapolation of optimal training hyperparameters
across model scales (Sec. 4.4). We further investi-
gate whether these transfer and absorption patterns
differ across multimodal capability dimensions by
fitting the scaling law separately on the benchmark
categories summarized in Table 6 (Appendix 13).

4.1 Analyzing LLM-to-VLM Transfer
Efficiency

The transfer coefficient \; = wayj in Eq. 9 mea-
sures how the j-th textual benchmark contributes

to downstream multimodal performance. Specifi-
cally, positive coefficients (A\; > 0) identify textual
benchmark dimensions that are positively associ-
ated with multimodal transfer, such as structured
reasoning (dyck_languages_hard, matrixshapes)
and factual knowledge (mmlu_stem). Neutral co-
efficients (\; ~ 0) stem from dimensional orthog-
onality (e.g., purely syntactic tense detection) or
saturated performance (e.g., piga). Crucially, neg-
ative coefficients (\; < 0) represent a transfer-tax
pattern: these benchmark dimensions exhibit neg-
ative fitted associations with multimodal transfer.
This suggests that improvements on certain text-
specific benchmarks may not consistently trans-
late into multimodal gains. One possible expla-
nation is that optimization toward specific textual
evaluation formats may be less aligned with mul-
timodal requirements. Selecting backbones by un-
weighted leaderboard averages can thus be mislead-
ing, as scores can be artificially inflated by gaming
negative-transfer benchmarks; practitioners should
instead prioritize capabilities with significantly pos-
itive coefficients (A; > 0). The full list of the fitted
transfer coefficients for all textual benchmarks is
provided in Table 7.

4.2 The Instruction-Tuning Disparity in
Multimodal Training

Instruction-tuned (IT/Chat) language models fre-
quently yield suboptimal vision-language model
(VLM) backbones compared to their base coun-
terparts, despite their superior textual benchmark
performance. To systematically analyze this
instruction-tuning disparity, we summarize the fit-
ted scaling parameters of Eq. 7 for all the Base and
Instruct backbones separately, as shown in Table 2.

The fitted parameters characterize the baseline
divergence in scaling behavior between the two
regimes. Although instruction tuning does not
attenuate the initial transfer efficiency—as evi-
denced by instruct models’ higher transfer slope
(A = 0.254 vs. 0.212)—it imposes a significant
constraint on subsequent data scaling. Specifi-
cally, the data absorption decay rate B,, of In-
struct models is 1.33x higher than that of Base
models (0.0104 vs. 0.0078). This accelerated de-
cay indicates that as textual capability S increases,
Instruct models’ capacity to absorb multimodal
data saturates faster than that of Base models. We
attribute this phenomenon to the alignment tax:
over-optimizing the representational space for text-
specific instruction formatting (such as prior sup-
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Figure 5: Cross-family generalization using the capability-driven formula (Eq. 7).

pression, Sec. 4.1) constrains the latent space’s
geometric flexibility, reducing its residual capacity
to align with continuous visual embeddings. Con-
sequently, the fitted aggregate scaling law indicates
that Base backbones exhibit stronger scaling ad-
vantages in large-data regimes (high D,,,,) and
at higher backbone capacities, where their higher
absorption rate (B = 0.0161 vs. 0.0147) over-
comes Instruct models’ initial transfer head start.
Nevertheless, this aggregate trend does not imply
universal superiority: Instruct backbones remain
competitive in low-resource regimes (low D)
and in specific model families with more favor-
able scaling behavior. We further investigate these
regime-dependent behaviors through a pair-wise
crossover analysis in Appendix 15.

Table 2: Comparison of scaling and transfer parameters
between Base and Instruct backbones fitted via Eq. 7.

Type A  By(1072) B, (1072 B 1072 MAE (%)
Base 0.212 1.60 0.78 1.61 1.33
Chat 0.254 1.49 1.04 1.47 1.11

4.3 Cross-Family Analysis: Heterogeneity in
Transfer and Absorption

While Sec. 4.2 establishes systemic Base-Instruct
differences, architectural variations, pretraining
corpora, and training recipes also dictate distinct
transfer dynamics. We resolve these intra-family
behaviors by separately fitting for four representa-
tive model families with sufficient sample sizes, as
summarized in Table 3.

Interestingly, the results reveal distinct trade-
offs between text prior utilization and multimodal
scaling potential across different model families.
Specifically, Llama exhibits a “high-transfer, low-
capacity” regime, yielding the highest transfer
slope (A = 0.361) but suffering from a low ba-
sic absorption (By = 0.0028) and high decay rate

(B, = 0.0455), which leads to a rapid scaling
saturation. On the contrary, Qwen3 represents a
“low-transfer, high-capacity” regime, showing a low
transfer slope (A = 0.246) while performing well
in absorption (B = 0.0126). The relatively low
A likely stems from over-optimizations on textual
benchmarks, and these optimizations are difficult
to be fully transferred into multimodal training.
However, because of the strong model capacity and
representation, the Qwen3 family is highly robust
to extensive data scaling.

Table 3: Fitted scaling and transfer parameters of Eq. 7
across representative model families. For consistency,
By, B,,,, and B are scaled by 102.

Family A By(1072) B, (1072 B(10°%) MAE (%)
Llama  0.361 0.28 455 1.22 0.90
Gemma 0324 246 451 2.13 1.02
Falcon3 0.288 112 1.33 1.17 0.60
Qwen3  0.246 1.40 2.19 1.26 111
4.4 Extrapolation of Hyperparameters Across
Scales
-
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Figure 6: Relationship between the optimal hyperpa-
rameter batch size and the proposed composite scaling
metric in multimodal finetuning. The predicted optimal
batch sizes for Qwen2.5-72B and Qwen2.5-72B-Instruct
at 50B tokens are annotated in the figure.
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Beyond accuracy prediction, the Capability-
Driven Multimodal Scaling Law also provides a
reliable foundation for inferring optimal training
hyperparameters across different model scales. To
obtain the guidance, controlled finetuning experi-
ments were conducted on five representative mul-
timodal backbones: Llama-3.2-1B, Falcon3-3B-
Base, Qwen3-1.7B-Base, Qwen3-4B-Base, and
Qwen3-8B-Base. For each backbone, training was
performed under five batch size configurations in
{128, 256, 512, 1024, 2048}. The experiments
started at approximately 16B tokens, up to around
50B, ensuring consistent compute budgets across
settings. Along the horizontal axis, we compared
the loss values across the five batch size configura-
tions at each identical metric value. The batch size
yielding the lowest loss was plotted as the point’s
vertical coordinate in the figure.

As shown in Figure 6, we find that the optimal
batch size for multimodal finetuning increases with
the composite scaling metric A- S+ (By— By, -S)-
In D, indicating that models with stronger tex-
tual capability and larger multimodal dataset size
can process bigger data batches more efficiently.
Leveraging this composite metric allows us to es-
timate suitable hyperparameters for unseen back-
bones directly from their benchmark scores and
training data specifications, without costly tuning
runs.

Compared with the compute-based scaling law,
which uses parameter count N as the predictor, the
composite metric avoids misleading ordering of
hyperparameter optima. For example, compute-
based scaling would predict that Falcon3-3B-Base
requires a larger optimal batch size than Qwen3-
1.7B-Base due to its higher parameter count. In
practice, the opposite holds: Qwen3-1.7B-Base,
with a higher composite metric value, benefits
from a larger batch size. This underscores that
the proposed composite scaling metric captures
backbone capability and data scaling effects more
faithfully, enabling correct hyperparameter extrap-
olation across model families and scales.

5 Conclusion

In this paper, we proposed the Capability-Driven
Multimodal Scaling Law, a predictable framework
that shifts VLM performance forecasting from
parameter-driven approximations to directly ob-
servable textual capabilities. Backed by an exten-
sive empirical training suite totaling 25,000 H800

GPU-days across 34 LLM backbones, our law suc-
cessfully predicts downstream multimodal trajecto-
ries up to 72B-scale models and entirely held-out
lineages. Beyond prediction, our systematic analy-
sis has exposed a "transfer tax" on gamable bench-
marks, characterized the data-scaling advantages of
base backbones over instruction-tuned variants due
to lower absorption decay, and mapped model fam-
ilies onto a distinct transfer—absorption trade-off
space. Ultimately, this work turns costly backbone
selection sweeps into a principled, zero-shot quan-
titative decision, providing a scalable blueprint for
future multi-modal scaling research.

Limitations

While the capability-driven scaling law establishes
a unified framework for VLM performance, we po-
sition our controlled empirical setup as a pioneering
first step, focusing on the primary bottlenecks of
multimodal scaling while keeping auxiliary vari-
ables regulated. Two strategic boundaries of our
current framework warrant discussion:

First, all experiments were conducted under
a unified, late-fusion training recipe (based on
LLaVA-OneVision) to cleanly isolate the mathe-
matical contribution of the LLM backbone. Al-
though this standardized pipeline serves as a rigor-
ous baseline for our cross-family study, we observe
strong cross-family generalization across diverse
LLM backbone architectures. A natural and excit-
ing avenue for future work is to extend and validate
this framework on alternative fusion paradigms,
particularly emerging early-fusion or native mixed-
modal architectures, where visual and textual to-
kens are integrated from the very first layer.

Second, our framework treats the pre-trained vi-
sion encoder as a fixed component. In the context
of modern VLMs, the frozen visual encoder ef-
fectively functions as a static visual vocabulary.
Empirically, the LLM backbone serves as the core
reasoning engine, accounting for the vast majority
of computational cost and behavioral complexity,
whereas scaling the visual encoder often yields
highly predictable and localized saturation. To es-
tablish a robust pioneering law, it was methodolog-
ically vital to first crack the most challenging vari-
able—the LLM backbone capability. Incorporating
the co-scaling dynamics of this "visual vocabulary"
(e.g., scaling encoder capacity or input resolutions)
represents a straightforward and structured exten-
sion of our current law.
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6 Preliminary Observations

6.1 Correlation Between Textual and
Multimodal Capabilities

Intuitively, a stronger LLM backbone should yield
a more capable VLM. To empirically validate this,
we collect and analyze the evaluation results of
17 representative VLMs and their corresponding
LLMs from the OpenCompass leaderboard.
Figure 7 illustrates the correlation between mod-
els’ textual and multimodal proficiencies. Specif-
ically, the textual capability (x-axis) is com-
puted as the average score across eight bench-
marks spanning complementary capability di-
mensions: MMLU-Pro (Wang et al., 2024b),
GPQA-Diamond (Rein et al., 2023), BBH (Suz-
gun et al., 2022), MATH-500 (Hendrycks et al.,
2021b), AIME (Dekoninck et al., 2026), Live-
CodeBench (Jain et al., 2025), HumanEval (Chen
et al., 2021), and IFEval (Zhou et al., 2023). The
multimodal performance (y-axis) is calculated as
the average score across eight prominent bench-
marks: MMBench v1.1 Chinese and English test

Spearman p = 0.791 (p < 0.001)
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Figure 7: Correlation between LLM text scores and
VLM multimodal scores across 17 models. Each point
represents an individual model. The dashed line indi-
cates the linear regression fit. Spearman’s rank correla-
tion coefficient (p = 0.791, p < 0.001) is shown in the
upper left, and the fitted equation (y = 0.23z + 59.20)
is located in the lower right. All evaluation scores are
sourced from the OpenCompass leaderboard (Open-
Compass Contributors, 2023), available at https://
opencompass.org.cn.

sets (Liu et al., 2024¢), MMStar (Chen et al., 2024),
MMMU val set (Yue et al., 2024), MathVista test-
mini split (Lu et al., 2024), HallusionBench (Guan
et al., 2024), AI2D test set (Kembhavi et al., 2016),
OCRBench (Liu et al., 2024d), and MM Vet (Yu
et al., 2024). We observe a strong positive correla-
tion between the foundational textual capabilities
of the LLMs and the performance of their VLM
counterparts, suggesting that a stronger textual
foundation generally leads to better multimodal
performance.

6.2 The Limitation of Compute-Based Fitting

A natural hypothesis is that multimodal training
loss follows a scaling law governed by model size
and training data volume, consistent with well-
validated scaling laws in language modeling (Hoff-
mann et al., 2022; Kaplan et al., 2020). To verify
this hypothesis, we train a series of VLMs across
multiple model families using a unified training
recipe (Appendix 8.4), and model the multimodal
training loss as a power-law function of parameter
count NV and multimodal training token volume
Dy, following the fitting methodology of Hoff-
mann et al. (2022):

A B
L(N,D)ZWJFDTJFE (10)
mm

where A, B, «, 3, and F are fitted constants, and
FE represents the irreducible loss. As shown in

53370


https://arxiv.org/abs/2311.07911
https://arxiv.org/abs/2311.07911
https://arxiv.org/abs/2411.00836
https://arxiv.org/abs/2411.00836
https://arxiv.org/abs/2411.00836
https://opencompass.org.cn
https://opencompass.org.cn

Figure 8, this formulation fits well within the same
model family: scaling up from Falcon3-1B-Base
to Falcon3-10B-Base (Team, 2024) yields a steady
reduction in multimodal training loss consistent
with Eq. 10. The fitting procedure is detailed in
Appendix 9.

1.10F —— Falcon3-1B-Base (Measured)
~—— Falcon3-3B-Base (Measured)
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Figure 8: Scaling law fitting of multimodal training loss
within the Falcon3 model family. The dashed curve
is fitted following the methodology of Hoffmann et al.
(2022).

However, this regularity breaks down across
model families. The root cause is that N alone
is an incomplete proxy for LLM capability: it ig-
nores the pre-training data volume Dy, Which
jointly determines total training compute Clex; ~
6N Dyt (Kaplan et al., 2020). Two models with
identical N but different Dy therefore operate at
different effective compute scales, resulting in sub-
stantially different textual capabilities that Eq. 10
is structurally blind to.
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Figure 9: Cross-family comparison of multimodal train-
ing loss between Llama-3.2-3B and Falcon3-3B-Base.
Despite nearly identical parameter counts, the two fam-
ilies exhibit divergent loss trajectories that cannot be
fitted into a single compute-based scaling curve.

This is concretely illustrated by Llama-3.2-
3B (Grattafiori et al., 2024) and Falcon3-3B-
Base (Team, 2024): despite nearly identical param-
eter counts, their divergent pre-training histories

produce substantially different textual capabilities,
leading to divergent VLM loss trajectories that a
unified N-D scaling law fails to fit (Figure 9).

This drives us to shift from parameter-driven to
capability-driven fitting: rather than using N as a
surrogate for model quality, we directly measure
the observable textual capability of an LLM as
a unified proxy that implicitly encodes the joint
effect of NV, Diext, and training quality. The formal
definition is presented in Sec. 2.

7 Related Works

Vision Language Models. Driven by rapid ad-
vancements in LLMs (Grattafiori et al., 2024; Yang
et al., 2025; Team et al., 2025), VLMs (Bai et al.,
2025; Wang et al., 2025a; Wu et al., 2024; Guo
et al., 2025) have achieved remarkable progress in
recent years. Built upon pretrained LL.Ms, main-
stream VLM architectures such as Qwen3-VL (Bai
et al., 2025) and Seed1.5-VL (Guo et al., 2025)
integrate visual tokens by projecting them into the
language model’s embedding space as sequential
inputs, following paradigms established by LLaVA
(Liu et al., 2023) and MiniGPT-4 (Zhu et al., 2023).
However, despite this architectural dependency, the
impact of the underlying LLM’s intrinsic capabil-
ities on VLM performance remains largely unex-
plored. While extensive research has focused on
optimizing vision encoders and cross-modal align-
ment mechanisms such as refining CLIP-based en-
coders (Tong et al., 2024), designing Q-former con-
nectors (Dai et al., 2023), and curating instruction-
tuning data (Wei et al., 2023; Gu et al., 2024),
the systematic investigation into how fundamental
LLM attributes propagate to and shape multimodal
behaviors is still lacking.

Scaling Laws. Scaling laws establish predictive
frameworks for allocating computational resources
to maximize model performance. Kaplan et al.
(2020) demonstrate power-law scaling in autore-
gressive language models, where loss improves pre-
dictably with model size, data, and compute. How-
ever, Hoffmann et al. (2022) challenge this through
refined training configurations, arguing that model
size and training tokens must be scaled equally—
contradicting Kaplan’s earlier conclusions. Down-
stream performance has also been examined: Gadre
et al. (2024) study over-training effects on task-
specific metrics, while others investigate scaling
laws for translation and agentic benchmarks (Isik
et al., 2024; Ruan et al., 2024). Beyond training,

53371



inference-time scaling (Sardana et al., 2023) re-
veals critical trade-offs: for high inference demand,
models should be over-trained beyond Chinchilla-
optimal points using smaller parameters but more
tokens per parameter to minimize total deployment
costs. Under data constraints, moderate repetition
has minimal impact, but excessive repetition causes
multi-epoch degradation and diminishing returns
(Muennighoff et al., 2023; Xue et al., 2023). How-
ever, most scaling laws are primarily established
for large language models, with multimodal coun-
terparts remaining underexplored. Notably, Agha-
janyan et al. (2023) examined multimodal models
that tokenize text, speech, and image modalities
into discrete tokens for unified generation. In par-
allel, recent work on native multimodal models has
focused on early-fusion architectures (Shukor et al.,
2025). In contrast, we systematically investigate
late-fusion models that process image-text inputs
and generate text outputs, focusing on the scaling
dynamics of LLM backbones while keeping vision
encoders frozen.

8 Experimental Setup

To validate the proposed capability extrapolation
framework from LLMs to VLMs, and to thoroughly
investigate the behavior of different model fami-
lies, parameter scales, and alignment stages during
multimodal transfer, we design a strictly controlled
experimental framework. The core objective of this
study is to isolate and quantify the independent im-
pacts of intrinsic LLM capabilities and the volume
of multimodal training data on the final VLM per-
formance. Therefore, across all experiments, we
maintain strict consistency in the multimodal align-
ment architecture and the training recipe, treating
only the selection of the LLM and the multimodal
training data volume as independent variables.

8.1 Model Selection

To systematically evaluate how capabilities transfer
from LLMs to VLMs and to validate our proposed
extrapolation framework, we carefully curate a di-
verse set of base models. Rather than relying on
a homogenous group of models, our selection is
designed to control specific variables and is driven
by three primary considerations:

Cross-Family Comparison and Decoupling
Compute Scaling Compute scaling laws often fail
across different model families. To decouple per-
formance from parameter counts, we pair models

with identical sizes but distinct text capabilities
(e.g., Llama-3.2-1B vs. Falcon3-1B). This verifies
our hypothesis: intrinsic text capability dictates the
multimodal starting point.

Alignment Stages Exploration To analyze how
different text alignment stages affect multimodal
transfer, we systematically select paired pre-trained
and instruction-tuned versions of the same underly-
ing LLMs. This paired setup allows us to quantita-
tively compare their transfer behaviors and investi-
gate how the specific text capabilities altered during
the instruction-tuning stage influence subsequent
visual-language alignment.

Scale Span Our selected models span parameter
sizes from 0.6B to 72B and include Mixture-of-
Experts (MoE) architectures.

Detailed specifications and family affiliations of
all selected models are summarized in Table 4.

8.2 Benchmark Details

We provide a complete listing of all textual and
multimodal benchmarks used in this study. Textual
benchmarks are grouped into six capability dimen-
sions as described in Sec. 3.2, and are summarized
in Table 5. Multimodal benchmarks are grouped
into four capability dimensions as described in
Sec. 3.2, and are summarized in Table 6.

8.3 Benchmark Collection and Filtering

We initially collected and evaluated a large pool
of over 200 benchmark subsets. The final bench-
mark list reported in Appendix Table 5 contains
40 benchmark entries after a series of filtering and
consolidation steps. The difference between the ini-
tial collection and the final benchmark set is mainly
due to the following processing procedures:

(1) Language filtering. We exclude non-English
benchmarks from the final evaluation set. Al-
though multilingual capabilities are valuable, dif-
ferent model families exhibit substantially different
levels of multilingual support, which may intro-
duce additional variance unrelated to the capability
transfer studied in this work. Therefore, we fo-
cus on English benchmarks to ensure a controlled
comparison across model families.

(2) Subset merging. We merge highly related
subsets originating from the same dataset into a
single benchmark entry to reduce redundancy and
avoid over-weighting datasets with multiple vari-
ants. For example, logiga:mrc and logiga:nli
are aggregated into a unified logiga benchmark
entry.
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(3) Capability-oriented benchmark filtering.
We further filter benchmarks that provide limited or
redundant signals for constructing a general textual
capability representation. Specifically, we remove
benchmarks whose performance patterns are highly
redundant with existing benchmarks or provide in-
sufficient additional information for distinguishing
model capabilities. This step prevents the learned
capability representation from being dominated by
duplicated signals, ensuring that the final bench-
mark set provides complementary signals for tex-
tual capability modeling.

After these processing steps, we obtain the final
set of 40 benchmark entries used for constructing
the textual capability representation and fitting the
proposed scaling law.

8.4 Training Details

We implement our method based on the official
codebase of LLaVA-OneVision'. The training is
divided into two stages, with detailed hyperparam-
eter configurations summarized in Table 8.

Model Architecture. All models are built
upon the LLaVA-OneVision architecture (Li et al.,
2024c), comprising a vision tower, a projector, and
a language tower. Specifically, the vision tower em-
ploys SigLIP (Zhai et al., 2023) (~400M parame-
ters) to extract visual features from input images. A
two-layer MLP with GELU activation (Hendrycks
and Gimpel, 2016; Liu et al., 2024a) then serves
as the projector to map visual features into the lan-
guage embedding space.

Training Data. We adopt the Infinity-MM
dataset (Gu et al., 2024), which provides open-
source access and sufficient scale for our experi-
ments. Due to computational constraints, we train
on a curated subset rather than the full corpus. In
Stage 1, approximately SM samples are drawn from
a 50% random subset of its Stage 1 partition. In
Stage 2, we construct a combined set of approx-
imately 12M samples, comprising the complete
Stages 3—4 data along with ~3M samples from its
Stage 2 partition.

Visual Representations. Following Li et al.
(2024a), we adopt the AnyResMax-9 strategy (up
to 9 sub-image tiles) to balance visual detail and
computational cost for single-image inputs.

1https://github.com/LLaVA—VL/LLaVA—NeXT/tree/
main

9 Methodology for Fitting Multimodal
Training Loss

To robustly fit the scaling law parameters, we min-
imize the Huber loss (Huber, 1964) between the
predicted and observed training loss using the L-
BFGS algorithm (Nocedal, 1980):

i Hub (1 L(N;, D) —1 L-)
4 in R%S:i ubers ( log L(N;, D;) — log L;
(11)

where A, B, a, § and FE are the scaling law parame-
ters and § = 10~3 is the threshold hyperparameter.

Given that the objective function for fitting scal-
ing laws is highly non-convex, gradient-based op-
timizers like L-BFGS are susceptible to local min-
ima. To mitigate this risk, we perform the optimiza-
tion across multiple independent random initializa-
tions. We then select the parameter configuration
that yields the lowest Huber loss on the training set
as our final fit.

Training loss is recorded at every 10 optimiza-
tion steps, yielding a dense trajectory for reliable
curve fitting. To avoid the highly volatile loss
behavior observed in the early phase of training,
we exclude data points prior to step 1000 and
fit the scaling law exclusively on loss trajectories
from step 1000 onward, where the training dynam-
ics have stabilized and the loss curve follows a
smoother convergence trend.

Furthermore, prior to fitting, we apply a centered
rolling average with a window size of 5 to smooth
the raw training loss curves:

. 1
Li=—=>Y L
|Wt‘ PE€EW;

(12)

where VW, denotes the set of indices within the
window centered at step t, and |W;| accounts
for boundary effects (i.e., min_periods=1). This
smoothing step attenuates high-frequency noise in
the loss trajectory while preserving the underly-
ing convergence trend, leading to more stable and
generalizable fits.

10 Optimization Algorithm for the
Performance Predictor

We detail the optimization procedure for the multi-
modal performance predictor (Eq. 7), as outlined
in Algorithm 1. The objective is to jointly learn the
capability aggregation weights w and the scaling
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coefficients {fl, By, By, Py} from M LLM-VLM
training trajectories.

Algorithm Walkthrough

Step 1 — Latent Capability Extraction. To pre-
vent overfitting on high-dimensional text bench-
marks (Ruan et al., 2024), we apply PCA to the
benchmark-model matrix X. We extract a low-
dimensional latent representation S,, € RX that
captures at least 95% of the total variance.

Step 2 — Joint Trajectory Parameterization.
The scalar capability score S,, = w'S,, jointly
drives the transfer term (A -Sm) and the absorption
term (B -In Dym). Optimizing w and the scaling
parameters end-to-end ensures that w captures a
holistic textual capability measure governing the
entire multimodal learning dynamics. During op-
timization, the capability direction w is treated as
an unconstrained parameter. After convergence, w
is normalized to satisfy the unit-norm constraint,
and the inverse scaling factor is absorbed into the
transfer coefficient A.

Step 3 — Robust Objective with Constraints.
We employ the Huber loss for robustness against
noisy evaluations and missing checkpoints. A soft
penalty enforces B >0, satisfying the physical
constraint that additional multimodal data should
not degrade performance.

Step 4 — Two-Stage Optimization. The bilinear
interaction (B, - Sy, - In D) renders the objec-
tive non-convex. Therefore, we utilize Differential
Evolution (Storn, 1995) for global search, followed
by L-BFGS-B (Nocedal, 1980) for precise local
refinement.

Step 5 — Zero-Shot Trajectory Prediction.
Once fitted, the framework predicts complete mul-
timodal learning trajectories of unseen backbones
strictly from their text benchmark scores, enabling
zero-cost, optimal LLM selection prior to expen-
sive multimodal training runs.

11 Comparison with Alternative
Predictors

To further contextualize the proposed capability-
driven scaling law, we compare it against two di-
rect baselines: (1) average textual benchmark score
and (2) model parameter count (log N). Figure 10
visualizes the corresponding scaling fits and 72B

extrapolation behavior, while Figure 2 presents the
proposed capability-driven formulation.

Compared with both baselines, our method
achieves substantially lower fitting and extrapola-
tion errors. In particular, average textual bench-
mark score and parameter count exhibit notice-
ably weaker extrapolation behavior at larger scales,
whereas the proposed capability-driven represen-
tation maintains stable predictive accuracy across
both fitting and held-out prediction regimes. No-
tably, parameter count alone cannot distinguish
between models with substantially different textual
capabilities but similar parameter scales, leading to
nearly identical VLM performance predictions for
equally-sized backbones.

12 Robustness to Highly Correlated Text
Benchmarks

To evaluate whether the proposed scaling law
depends disproportionately on a small number
of highly correlated textual benchmarks, we an-
alyze the relationship between text and multi-
modal benchmarks using Spearman rank correla-
tion across all benchmark pairs. We observe that
several textual benchmarks, including mmlu_stem,
matrixshapes, and formal_fallacies_hard,
exhibit particularly high correlation with the multi-
modal benchmark DynaMath (maximum p > 0.9).

We therefore remove all textual benchmarks
whose maximum correlation with any multimodal
benchmark exceeds 0.9, and refit the capability-
driven scaling model using only the remaining
benchmarks. As shown in Figure 11, the fitting
MAE changes only marginally from 1.287% to
1.299%, while the holdout MAE increases moder-
ately from 1.225% to 1.567%.

These results suggest that the predictive perfor-
mance of the proposed framework does not depend
on a small set of highly correlated benchmarks, but
instead emerges from broader transferable textual
capability signals.

13 Category-Specific Multimodal Scaling
Dynamics

Our main analysis uses the average score across
all multimodal benchmarks as the prediction tar-
get, providing a broad measure of overall VLM
capability. However, different multimodal tasks
may rely on textual priors and multimodal training
data to different degrees. To examine whether such
task-specific differences are captured by our frame-
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Figure 10: Comparison of two alternative predictors for VLM performance. Both average textual benchmark score
and model parameter count provide coarse fitting trends but exhibit substantially weaker extrapolation behavior
compared with the proposed capability-driven formulation shown in Figure 2.
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Figure 11: Robustness analysis after removing highly
correlated textual benchmarks. All textual benchmarks
whose maximum Spearman correlation with any mul-
timodal benchmark exceeds 0.9 are excluded before
refitting the capability-driven scaling law. The result-
ing model maintains nearly identical fitting error and
only moderately increased holdout prediction error, in-
dicating that the proposed framework does not rely on a
small set of highly correlated benchmarks.

work, we further decompose the multimodal eval-
uation suite according to the taxonomy in Table 6
and independently fit Eq. 7 on four capability cate-
gories: General VQA, Document Understanding,
STEM Puzzle, and Alignment. For each category,
the target performance is computed as the average
score over its constituent benchmarks, while the
textual capability representation and fitting proce-
dure remain unchanged.

The resulting parameters are summarized in Ta-
ble 9. The fitted coefficients vary substantially
across capability categories, revealing heteroge-
neous transfer and absorption dynamics. Gen-
eral VQA exhibits the largest transfer coefficient
(A = 0.322), indicating the strongest fitted asso-
ciation between textual backbone capability and
downstream performance among the four cate-
gories. In comparison, Document Understanding
and STEM Puzzle yield smaller transfer coeffi-
cients (A = 0.228 and 0.212, respectively), sug-
gesting that the contribution associated with textual
capability differs considerably across multimodal
capability groups.

The data-scaling terms exhibit similarly dis-
tinct behaviors. Document Understanding has the
largest average absorption rate (B = 2.601x1072),
suggesting comparatively strong gains from addi-
tional multimodal training data. STEM Puzzle, in
contrast, has a very small capability-dependent ab-
sorption decay (B,, = 0.098 x 10~2), indicating
that its data-scaling rate remains relatively stable
across backbones with different textual capability
scores. Alignment displays the opposite pattern: al-
though its average absorption rate is relatively low
(B = 0.728 x 1072), it has the largest absorption
decay coefficient (B,, = 2.309 x 10~2), showing
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the strongest dependence of data-scaling efficiency
on the textual capability of the backbone.

Despite these category-specific differences, the
proposed scaling law maintains consistently low
prediction errors, with MAESs ranging from 0.996%
to 1.974% across all four categories. This sug-
gests that the capability-driven formulation gener-
alizes beyond aggregate multimodal performance,
while revealing distinct category-specific transfer—
absorption profiles.

14 Robustness of Transfer Coefficients

The transfer coefficients analyzed in Sec. 4.1 are
estimated from a particular collection of textual
benchmarks and LLM backbones. We therefore ex-
amine whether the identified positive-transfer and
transfer-tax patterns remain stable under perturba-
tions to the benchmark composition and model-
family mixture. Specifically, we refit the capability-
driven predictor under six complementary robust-
ness settings: randomly removing approximately
12.5% of the textual benchmarks, performing four
leave-one-family-out fits by excluding Qwen3,
DeepSeek, Falcon3, and Gemma-2 respectively,
and constructing a contamination-resistant setting
by removing textual benchmarks exhibiting excep-
tionally high correlations with individual multi-
modal benchmarks.

For each textual benchmark, we record the signs
of its fitted transfer coefficients across the available
settings. We classify a benchmark as stable posi-
tive transfer if A; > 0 in at least five settings, as a
stable transfer tax if \; < 0 in at least five settings,
and as unstable otherwise. When a benchmark is
excluded by the contamination-resistant filtering
procedure, statistics are computed over the remain-
ing available fits. Table 10 reports the mean and
standard deviation of );, together with the num-
bers of positive and negative coefficients across
robustness settings.

Overall, the coefficient signs remain largely
stable across these perturbations. Among the
40 textual benchmarks, 25 (62.5%) are iden-
tified as stable positive-transfer benchmarks,
6 (15.0%) as stable transfer-tax benchmarks,
and 9 (22.5%) as unstable. These results
are broadly consistent with the capability-
level interpretation in Sec. 4.1:  positive-
transfer benchmarks such as matrixshapes,
dyck_languages_hard, and mmlu_stem remain
consistently positive, while transfer-tax bench-

marks such asmultirc, entailed_polarity, and
contextual_parametric_knowledge_conflicts
remain consistently negative across different ro-
bustness settings. Meanwhile, near-neutral
benchmarks such as piga exhibit sign changes
across settings, consistent with our interpretation
that such coefficients may be sensitive to saturation
or dimensional orthogonality. Overall, more
than three quarters of the benchmarks preserve
a consistent transfer direction, supporting the
robustness of the positive-transfer and transfer-tax
patterns observed in the main analysis.

15 Pair-wise Crossover Analysis between
Base and Instruct Variants

To further analyze the scaling behavior between
Base and Instruct variants, we perform a pair-wise
scaling analysis on representative matched Base—
Instruct model pairs. For each pair, we indepen-
dently fit the multimodal scaling trajectories of the
Base and Instruct variants using a log-linear scaling
function:

L(D) =a+ fln(D), (13)

where L(D) denotes the multimodal benchmark
performance and D represents the amount of mul-
timodal training data (in billion tokens). The co-
efficient 3 captures the performance improvement
rate as multimodal data increases.

For each Base—Instruct pair, we obtain the cor-
responding scaling coefficients (pase, Bpase) and
(achat7 /Bchat), and define

A/B = /Bbase - Bchat'

A positive Af indicates that the Base variant
improves faster as multimodal data increases. We
further estimate the crossover data scale D*, where
the two fitted scaling trajectories achieve the same
performance, by solving

(14)

Qbase T+ Bbase IH(D*) = Qlchat 1 Bchat IH(D*),
(15)
which gives

ln(D*) __ Ochat — Obase

= . 16
ﬂbase - 5chat ( )

Representative results are summarized in Ta-
ble 11.

53376



The pair-wise results reveal substantial variation
across model families. Llama-3.2-1B and Gemma-
2-9B exhibit crossover points at approximately 85B
and 235B multimodal tokens, respectively, while
Qwen3-30B-A3B crosses over at a larger scale of
approximately 588B tokens. Qwen3-4B is already
Base-favorable over the considered data range.
In contrast, Falcon3 exhibits much weaker Base—
Instruct differentiation: Falcon3-3B has nearly
identical fitted slopes (A5 = 0.024), yielding an
extremely distant and unstable crossover, whereas
Falcon3-10B has a negative A and exhibits Chat-
favorable scaling behavior.

Across all model pairs with positive Ag, the
median crossover occurs at In(D*) = 4.95, corre-
sponding to approximately 141B multimodal train-
ing tokens. Notably, this scale falls within the train-
ing budgets of modern large-scale VLMs. For ex-
ample, Qwen2.5-VL is trained on trillions of tokens
(4.1T tokens in total), substantially exceeding this
median crossover scale.
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Table 4: Summary of all 34 LLM backbones used in this study. Model names correspond to their Hugging Face
identifiers.

Family Model Type Size
Qwen3-0.6B-Base Base 0.6B
Qwen3-0.6B Instruct 0.6B
Qwen3-1.7B-Base Base 1.7B
Qwen3-1.7B Instruct 1.7B
Qwen3-4B-Base Base 4B

Qwen3 Qwen3-4B Instruct 4B
Qwen3-8B-Base Base 8B
Qwen3-8B Instruct 8B
Qwen3-30B-A3B-Base Base 30B (A3B)
Qwen3-30B-A3B Instruct 30B (A3B)
Qwen2.5-72B Base 72B

Qwen2.5 Qwen2.5-72B-Instruct Instruct 72B
Falcon3-1B-Base Base 1B
Falcon3-1B-Instruct Instruct 1B
Falcon3-3B-Base Base 3B

Falcon3 Falcon3-3B-Instruct Instruct 3B
Falcon3-7B-Base Base 7B
Falcon3-7B-Instruct Instruct 7B
Falcon3-10B-Base Base 10B
Falcon3-10B-Instruct Instruct 10B
Llama-3.2-1B Base 1B

Llama-3.2 Llama-3.2-1B-Instruct Instruct 1B

" Llama-3.2-3B Base 3B
Llama-3.2-3B-Instruct Instruct 3B
gemma-2-2b Base 2B

Gemma.2 gemma-2-2b-it Instruct 2B
gemma-2-9b Base 9B
gemma-2-9b-it Instruct 9B

Mistral Mistral-7B-v0.3 Base 7B
Mistral-7B-Instruct-v0.3 Instruct 7B
deepseek-1lm-7b-base Base 7B

DeepSeek deepseek-1lm-7b-chat Instruct 7B

p deepseek-math-7b-base Base 7B
deepseek-math-7b-instruct  Instruct 7B
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Table 5: Textual benchmarks used in this study, grouped by capability dimension. BB: BIG-Bench (Srivastava
et al., 2022); BBH: BIG-Bench Hard (Suzgun et al., 2022); MMLU: Massive Multitask Language Understand-
ing (Hendrycks et al., 2021a).

Category Benchmark Source
Information Extraction CrossNER (Liu et al., 2021)
hindu_knowledge BB
mmlu_stem MMLU
Knowledge mmlu_humanities MMLU
mmlu_other MMLU
dark_humor_detection BB
anachronisms BB
play_dialog_same_or_different BB
word_unscrambling BB
contextual_parametric_knowledge_conflicts BB
wic (Pilehvar and
Camacho-Collados, 2019)
winogrande (Sakaguchi et al., 2021)
Language mnist_ascii BB
movie_dialog_same_or_different BB
ascii_word_recognition BB
disfl_qa BB
word_sorting_hard BBH
winowhy BB
tense BB
dyck_languages_hard BBH
Math matrixshapes BB
checkmate_in_one BB
unit_conversion BB
multirc (Khashabi et al., 2018)
NLI/NLU symbol_interpretation BB
undo_permutation BB
piqa (Bisk et al., 2020)
boolean_expressions_hard BBH
logic_grid_puzzle BB
presuppositions_as_nli BB
logiqga (Liu et al., 2020)
entailed_polarity BB
proofwriter_cwa (Tafjord et al., 2021)
Reasoning proofwriter_owa (Tafjord et al., 2021)
mathematical_induction BB
fantasy_reasoning BB
analogical_similarity BB
causal_judgement_hard BBH
navigate_hard BBH
formal_fallacies_hard BBH
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Table 6: Multimodal benchmarks used in this study, grouped by capability dimension.

Category Benchmark

MMBench_DEV_EN_V11 (Liu et al., 2024c¢)
MMStar (Chen et al., 2024)
SEEDBench_IMG (Li et al., 2023b)
SEEDBench?2 (Li et al., 2023a)
SEEDBench2_Plus (Li et al., 2024d)

MME (Fu et al., 2026)

General VQA TaskMeAnything_v1_imageqa_random (Zhang et al., 2024a)
A-OKVQA (Schwenk et al., 2022)
RealWorldQA (X.AI, 2024)

HRBench4K (Wang et al., 2025b)

MM Vet (Yu et al., 2024)
MME-RealWorld-Lite (Zhang et al., 2025)
VStarBench (Wu and Xie, 2023)

MMSci_DEV_MCQ (Li et al., 2024e¢)
MMMU_DEV_VAL (Yue et al., 2024)
MathVista_ MINI (Lu et al., 2024)
DynaMath (Zou et al., 2024)
ScienceQA_VAL (Lu et al., 2022)
AI2D_TEST (Kembhavi et al., 2016)
MicroVQA (Burgess et al., 2025)
PathMMU_VAL (Sun et al., 2024)
MathVision (Wang et al., 2024a)
MathVerse_MINI (Zhang et al., 2024b)

STEM Puzzle

InfoVQA_VAL (Mathew et al., 2022)
TableVQABench (Kim et al., 2024)

Document Understanding OCRVQA_TEST (Mishra et al., 2019)
DocVQA_VAL (Mathew et al., 2021)
GQA_TestDev_Balanced (Hudson and Manning, 2019)

MIA-Bench (Qian et al., 2025)
HallusionBench (Guan et al., 2024)
MMVP (Tong et al., 2024)
Alignment LLaVABench (Liu et al., 2023)
POPE (Li et al., 2023c¢)
AesBench_VAL (Huang et al., 2024)
AMBER (Wang et al., 2023)
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Table 7: Complete list of transfer coefficients \; for all textual benchmarks (subsets are merged), ranked by absolute
value and categorized into Positive Transfer and Transfer Tax regimes.

Rank  Benchmark Aj Rank  Benchmark Aj
Positive Transfer ()\; > 0) Positive Transfer (Continued)
1 dyck_languages_hard +0.119 21 checkmate_in_one +0.019
2 hindu_knowledge +0.108 22 undo_permutation +0.019
3 play_dialog_same_or_different +0.082 23 mmlu_other +0.016
4 word_unscrambling +0.063 24 causal_judgement_hard +0.015
5 mmlu_stem +0.057 25 winowhy +0.015
6 logic_grid_puzzle +0.050 26 CrossNER +0.014
7 matrixshapes +0.049 27 navigate_hard +0.013
8 mmlu_humanities +0.046 28 anachronisms +0.009
9 wic +0.046 29 tense +0.002
10 winogrande +0.045 Transfer Tax (\; < 0)
11 movie_dialog_same_or_different +0.041 1 boolean_expressions_hard -0.078
12 unit_conversion +0.041 2 contextual_param_knowledge_conflicts -0.048
13 presuppositions_as_nli +0.039 3 mnist_ascii -0.043
14 logiqa +0.038 4 entailed_polarity -0.037
15 mathematical_induction +0.036 5 proofwriter_cwa -0.037
16 ascii_word_recognition +0.035 6 proofwriter_owa -0.036
17 disfl_qa +0.035 7 multirc -0.035
18 fantasy_reasoning +0.030 8 word_sorting_hard -0.024
19 symbol_interpretation +0.030 9 formal_fallacies_hard -0.011
20 analogical_similarity +0.026 10 dark_humor_detection -0.010
11 piga -0.000

Table 8: Configuration for training across various stages.

Stage-1 Stage-2
S Resolution 384 {(1x1),...(6x6)}
2 #tokens Max 10x729
3
S Samples 12M
Q
=
§ Trainable  Projector Full Model
= Batch Size 512
£ LR 1x1073 1x107°
& Epoch 1
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Algorithm 1: Fitting the Capability-Driven Multimodal Performance Predictor

10

11

12
13

14
15

16
17

18

19
20

21

Args: number of LLM—-VLM pairs M, number of text benchmarks 7", number of principal
components K, number of checkpoints Ny, absorption penalty weight A
Input: text benchmark matrix X € RT*M  multimodal data scales Dy, € RVeknt,
multimodal accuracy trajectories P € RM*Nekpt
Result: fitted performance predictor F, optimal parameters A*, By, B, Py, w*

/* Step 1: Extract latent capability representation via PCA (cf. Eq. 3) */
< Mean(X, axis = 1) > Compute benchmark-wise means across training LLM backbones
X+~ X—pu > Center each benchmark dimension using training-set statistics
I',S + PCA(X,, K) > Fit PC loading vectors I' € RX*T and extract capability matrix

S =T'X, € RExXM
> Select K as the minimum number of components explaining > 95% of total variance

/* Step 2: Parameterize scalar capability score and predicted trajectory (cf. Eq. 4-7) */
Sm(W) <~ w'S,,, Vm > Aggregate latent capability with weights w € R¥

B(w) <= By — By, - Si(W) > Compute model-specific data absorption rate
Porea(m, t;6) A- S (W) + B(w) -In Dr(rf,)n + Py > Predicted accuracy;
0= {A' B07 B?na PO; W}

/* Step 3: Define objective function with robust loss and physical constraints */

Lituber (0) < Z Huber (Pyred(m, t;6) — Pr.t) > Huber loss over valid observations

(m,t):
Prm,t#NaN
M
Laps(0) < A Z [min (0, By — Bp, - Sm(w))]% > Soft penalty enforcing non-negative absorption
m=1
rate
L(0) < Liuber(0) + Labs(0) > Full optimization objective

/* Step 4: Two-stage optimization and capability normalization */
Oinit, < DifferentialEvolution(L£(6)) > Gradient-free global search to escape local optima
0* < L-BFGS-B(L(0), 6init) > Gradient-based refinement without explicit unit-norm constraint
onw

A* By, B, Pr,w* < 0*

T |[w*|2 > Compute scale factor of optimized capability direction
w* WT* > Normalize capability direction to unit norm
A* — A* .y > Absorb scale ambiguity between w and A
/* Step 5: Inference — predict trajectory of any unseen model */

return F : (Xnew, Do) = A*Snew + (Bf — B, Suew) I Dy + B
> where Spew = W' T'(Xpew — p); it is computed from training LLM backbones
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Table 9: Category-specific fitting of the Capability-Driven Multimodal Scaling Law. Multimodal benchmarks are
grouped according to the taxonomy in Table 6, and Eq. 7 is fitted independently for each category. For consistency,
By, B, and B are scaled by 102.

Category A By(107? B, (1072% B(107%) MAE (%)
General VQA 0.322 1.502 1.056 1.501 1.552
Document Understanding  0.228 2.601 0.917 2.601 1.974
STEM Puzzle 0.212 1.665 0.098 1.665 1.583
Alignment 0.245 0.728 2.309 0.728 0.996

Table 10: Robustness of benchmark-level transfer coefficients across six complementary fitting settings. Benchmarks
are classified as Stable Positive Transfer if A; > 0 in at least five settings, as Stable Transfer Tax if A; < 0 in at
least five settings, and as Unstable otherwise. For benchmarks excluded by the contamination-resistant filtering
procedure, statistics are computed over the remaining available fits. Benchmarks within each group are ordered by
the absolute value of their mean transfer coefficient.

Stable Positive Transfer

Benchmark Mean A Std. A Pos. Neg. Benchmark Mean A Std. A Pos. Neg.
dyck_languages_hard 0.374 0.156 6 0 symbol_interpretation 0.118 0.038 6 0
matrixshapes 0.341 0.106 5 0 disfl_qga 0.116  0.048 6 0
hindu_knowledge 0.282  0.091 6 0 wic 0.116  0.109 5 1
word_unscrambling 0.261 0.052 6 0 mmlu_humanities 0.106  0.062 5 1
winogrande 0.217  0.097 5 0 winowhy 0.105 0.144 5 1
play_dialog_same_or_different 0.189  0.096 6 0 anachronisms 0.097 0.074 5 1
mmlu_stem 0.175  0.020 5 0 fantasy_reasoning 0.087 0.074 5 1
logiga 0.144  0.061 6 0 movie_dialog_same_or_different 0.087 0.060 6 0
unit_conversion 0.143  0.061 6 0 undo_permutation 0.083  0.041 6 0
presuppositions_as_nli 0.137  0.046 6 0 navigate_hard 0.079  0.049 5 1
logic_grid_puzzle 0.124  0.093 6 0 word_sorting_hard 0.077  0.099 5 1
ascii_word_recognition 0.123  0.028 6 0 mmlu_other 0.066 0.023 6 0
causal_judgement_hard 0.048 0.035 6 0
Stable Transfer Tax
multirc -0.119  0.056 0 6 contextual_parametric_knowledge_conflicts  -0.099 0.060 0 6
proofwriter_cwa -0.115  0.092 1 5 proofwriter_owa -0.089  0.082 1 5
entailed_polarity -0.107  0.041 0 6 dark_humor_detection -0.062  0.069 1 5
Unstable
mnist_ascii -0.077  0.121 1 4 CrossNER 0.036  0.067 3 3
analogical_similarity 0.075  0.060 4 1 formal_fallacies_hard 0.022  0.030 3 2
checkmate_in_one 0.047  0.049 4 1 tense 0.021  0.045 4 2
mathematical_induction -0.038 0.210 3 2 boolean_expressions_hard 0.011  0.195 4 2
piga 0.010  0.085 2 4

Table 11: Representative pair-wise crossover analysis between Base and Instruct variants. AS = Bpase — Behat
measures the relative multimodal scaling slope of Base variants, and D* denotes the estimated crossover point in
billion multimodal training tokens.

Family Backbone Ap D* (B) Interpretation
LLaMA-3.2 Llama-3.2-1B +0.828 85.2 Crossover
Gemma-2 Gemma-2-9B +0.903 234.5 Crossover
Qwen3 Qwen3-30B-A3B  +1.117 587.8 Large-scale crossover
Qwen3 Qwen3-4B +0.084 - Base-favorable
Falcon3 Falcon3-3B +0.024 7.6 x 103 Weak / unstable
Falcon3 Falcon3-10B -0.098 - Chat-favorable
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