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Abstract

Although large language models (LLMs) exhibit remarkable reasoning capabilities, their reliance
on text-only pre-training restricts the perception of the multimodal physical world. Native
multimodal pre-training avoids this limitation by training models from scratch on multimodal
inputs, thereby achieving deep cross-modal integration and mitigating optimization asymmetries
inherent to traditional late-fusion architectures. Despite these advantages, the scaling properties
of this paradigm remain systematically uncharacterized. To address this gap, we investigate
the optimal model size and token count for training a transformer-based vision-language model
under a fixed computational budget. We demonstrate that minimal objective loss adheres to
a predictable compute law, whereas compute-optimal model sizes and token counts scale as
power laws. Notably, language and multimodal objectives manifest distinct scaling behaviors.
The language allocation law is largely invariant to the composition of the data, indicating stable
language learning regardless of the multimodal data ratio. Conversely, the multimodal allocation
law is highly sensitive to this composition. Specifically, text-heavy mixtures become compute-
efficient only at larger model scales, shifting the optimal resource allocation toward greater
model capacity. Additionally, by modeling the influence of data composition on compute laws
and allocation exponents, we derive an efficiency frontier specifying precise configurations of
model size, token count, and data mixture. Downstream evaluations further reveal that native
multimodal pre-training induces positive cross-modal transfer, thereby enhancing pure-text spatial
reasoning and enabling robust multimodal in-context learning. In summary, this empirical research
establishes the essential groundwork for predictably scaling multimodal foundation models.

1 Introduction

Large language models (LLMs) (Google DeepMind, 2026; Anthropic, 2026; OpenAI, 2026) have demonstrated
remarkable reasoning and generation capabilities, establishing themselves as powerful foundation models. Despite
these successes, text-only pre-training remains inherently constrained by its inability to ground multimodal concepts
in the physical world. Multimodal pre-training mitigates this limitation by incorporating diverse multimodal data.

Currently, the dominant paradigm for multimodal pre-training relies on late fusion (Shukor et al., 2025). Typically,
this approach couples a pre-trained language model with a vision encoder (Radford et al., 2021; Zhai et al., 2023;
Tschannen et al., 2025) via a projection layer, followed by continued training on multimodal data (Kimi et al.,
2026; Liu et al., 2023a; Lin et al., 2026). Although this strategy efficiently leverages existing pre-trained weights, it
introduces a fundamental asymmetry. Specifically, vision and language representations are learned independently,
from distinct data distributions, and under different optimization objectives.

To resolve this asymmetry, researchers have explored native multimodal pre-training (Shukor et al., 2025; Cui et al.,
2025). In this paradigm, models are trained from scratch on multimodal data, enabling deep modality integration and
shared representational capacity. While promising, this approach raises an immediate practical question regarding
optimal resource allocation under a fixed compute budget. For unimodal language models, this resource allocation is
guided by compute-optimal scaling laws that dictate how to distribute a budget between model size and data (Kaplan
et al., 2020; Hoffmann et al., 2022). However, it remains unclear whether native multimodal pre-training follows
analogous scaling laws and whether the optimal allocations for language and multimodal objectives align or conflict.

To bridge this gap, we establish compute-optimal scaling laws for native multimodal pre-training. Specifically, we
derive these laws using two estimators, IsoFLOP profiles and training-curve envelopes (Hoffmann et al., 2022).
The close agreement between these estimators confirms that our results reflect inherent properties of the data
distributions rather than artifacts of a specific functional form. We demonstrate that the optimal achievable loss for
each objective follows a predictable compute law, while compute-optimal model sizes and token counts adhere to
power-law allocation rules (Kaplan et al., 2020; Hoffmann et al., 2022).

By fitting scaling laws separately for language and multimodal objectives, we reveal sharp differences in their
scaling behaviors. The language allocation law remains largely invariant to data composition, suggesting that text
representations are learned consistently per token, regardless of the accompanying multimodal data. Conversely, the
multimodal allocation law is highly sensitive to data composition. Specifically, text-heavy data mixtures are only
compute-efficient for larger models, which shifts the optimal allocation toward increased model capacity.

Furthermore, we model the impact of multimodal data composition on both the compute law and the allocation
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exponents. For any given compute budget, varying the multimodal data ratio delineates a steep language-multimodal
Pareto frontier. Each point on this frontier represents a concrete, deployable training configuration specifying the
optimal model size, text token count, and multimodal token count.

Beyond scaling dynamics, we also evaluate the downstream implications of native multimodal pre-training across
language and multimodal understanding tasks. Our findings indicate that native multimodal pre-training improves
pure-text spatial reasoning, demonstrating that spatial understanding acquired through multimodal training suc-
cessfully generalizes to unimodal text tasks. Moreover, this paradigm exhibits multimodal in-context learning
capabilities analogous to those observed in traditional LLMs (Brown et al., 2020).

Ultimately, this research provides the foundational infrastructure necessary to guide native multimodal pre-training
from scratch. Our main contributions are summarized as follows:

• We independently analyze the scaling behaviors of language and multimodal objectives, revealing distinct
allocation laws for each modality.

• We identify a language-multimodal Pareto frontier, offering quantitative guidance for the optimal scaling of
native multimodal pre-training.

• We empirically demonstrate that native multimodal pre-training improves pure-text spatial reasoning and
enables robust multimodal in-context learning.

2 Preliminaries

2.1 Compute-Optimal Allocation

In this work, we revisit a fundamental problem in native multimodal pre-training: given a fixed computational budget
C, how should resources be optimally allocated between the model size N (the number of activated non-embedding
parameters) and the total number of training tokens D? Furthermore, we investigate how this optimal trade-off is
influenced by data composition, parameterized by the multimodal data ratio r.

To formalize this problem, we model the final pre-training loss L(N, D) as a function of N and D. Using the
standard approximation C = 6ND, the computational budget is strictly determined by these two variables. Our
objective is to minimize the loss under a fixed compute constraint:

Nopt(C), Dopt(C) = arg min
N,D s.t. FLOPs(N,D)=C

L(N, D), (1)

where Nopt(C) and Dopt(C) denote the compute-optimal allocation for the given budget C. Given the lack of solid
multimodal validation metrics, and because each token is seen roughly once during pre-training, we rely solely on
the smoothed training loss as a proxy for the test loss, ensuring standardized evaluation across both language and
multimodal objectives.

In native multimodal pre-training, the language and multimodal objectives (Ltext and Lmm) are optimized simultane-
ously using shared underlying parameters. Given this shared capacity, it remains unclear whether these objectives
follow analogous scaling laws and whether their optimal compute allocations align or conflict. To investigate
this dynamic, we decouple the allocation problem and analyze each objective independently. Based on the data
composition, we define the effective compute for the text and multimodal objectives as Ctext = 6NDtext and
Cmm = 6NDmm, respectively, where Dtext = D/(1 + r) and Dmm = Dr/(1 + r).

For both objectives, we demonstrate that the compute-optimal allocation follows a power-law relationship:

Nopt(C) ∝ Ca, Dopt(C) ∝ Cb, a + b = 1, (2)

where a and b are the scaling exponents governing this behavior.

2.2 Estimators of the Compute-Optimal Frontier

We estimate the allocation in Equation (1) using two independent methodologies. The IsoFLOP profile method serves
as our primary estimator, while the training-curve envelope provides an independent cross-validation mechanism.
Subsequent joint Pareto analyses rely exclusively on the IsoFLOP estimator.

IsoFLOP Profiles. At a predetermined compute budget C, plotting the loss of each model against log N generates
an IsoFLOP profile. A parabola accurately models each profile, with its minimum identifying the optimal model
size Nopt(C). The optimal token count then follows algebraically as Dopt(C) = C/(6Nopt). Regressing Nopt and
Dopt on C yields the allocation exponents a and b. By aggregating data across multiple models at each budget,
the parabolic minimum provides a stable interpolation, regardless of whether any single training run reaches the
theoretical envelope.
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Figure 1: IsoFLOP curves (language objective). For a range of model sizes, we adjust the number of training
tokens to maintain a constant final FLOPs, setting the cosine cycle length to match this target compute budget. The
distinct valley in the loss curve demonstrates that an optimal model size exists for any given FLOP budget. Based
on the locations of these minima, we project the compute-optimal model size and token count for larger scales.
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Figure 2: Training curve envelope (language objective). Training curves are shown for all runs across varying
values of r, encompassing various model sizes. By extracting the envelope of minimal loss per FLOP from these
curves, we estimate the optimal model size and training token allocation for a given compute budget.

Training Curve Envelope. For a fixed model size N, increasing the token count D during training produces a
trajectory of loss versus total compute C = 6ND. Pooling the trajectories of all evaluated models and extracting
the lower envelope yields the minimum achievable loss for any given budget C. Every point on this envelope
corresponds to a specific (N, D) configuration. Therefore, regressing log N and log D against log C across these
points generates independent estimates of a and b to corroborate our IsoFLOP fits.

The Compute Frontier L(C). Along the lower envelope, the loss strictly follows a power law in compute:

L(C) = E +

(
Cc

C

)β

, (3)

where E is an irreducible floor, Cc is a critical compute scale, and β is a decay exponent. We fit these parameters via
least squares in logarithmic space, applying a log-sum-exp parameterization to enforce strict positivity. Relying
exclusively on total compute rather than on independent parameters N and D, this power law functions both
as a smooth analytical description of the frontier and as a reliable extrapolant for predicting loss at expanded
computational budgets.

2.3 Experimental Setup

Training Data. Our model is trained on a mixture of text and multimodal datasets. The corpus contains 250B text
tokens derived from web pages, books, academic papers, and other domains. Moreover, we construct a large-scale
multimodal dataset comprising web-crawled image-text pairs and interleaved image-text documents. By converting
images into continuous patch embeddings, we produce a total of 75B multimodal tokens.

Model Architecture. We employ a MoE architecture based on a decoder-only Transformer. Rather than using
traditional vision encoders, we rely exclusively on a single patch embedding layer to project images directly into
continuous patch embeddings. Notably, we train these MoE models using an auxiliary-loss-free approach (Liu et al.,
2024a). More implementation details are provided in Section A.

3 Scaling Native Multimodal Pre-Training

Building on our established estimators, we investigate the compute-optimal scaling behavior of native multimodal
models. By decoupling the resource allocation problem into isolated objectives, we first analyze how r independently
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Figure 3: Compute-optimal allocation (language objective). (a) Optimal model size Nopt and (b) optimal token
count Dopt as a function of the compute budget Ctext for each r. Solid lines and stars represent the IsoFLOP fits
and their respective minima, while thin dashed lines and scattered points provide a cross-check using the training
envelope. The two estimation methods align closely, and the slopes exhibit minimal variation with respect to r,
demonstrating that the compute-optimal allocation is composition-invariant.
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Figure 4: IsoFLOP curves (multimodal objective). For a range of model sizes, we adjust the number of training
tokens to maintain a constant final FLOPs, setting the cosine cycle length to match this target compute budget. The
distinct valley in the loss curve demonstrates that an optimal model size exists for any given FLOP budget. Based
on the locations of these minima, we project the compute-optimal model size and token count for larger scales.

influences the scaling exponents for the text and multimodal domains. We then evaluate their joint trade-off under a
unified computational budget Ctotal.

3.1 The Language Objective

We first isolate the optimization dynamics of the language objective Ltext. To determine the optimal allocation under
the text-compute constraint Ctext, we derive IsoFLOP profiles in Figure 1, which reveal stable parabolic minima
across various values of r. These findings are corroborated by the training-curve envelope, where the compute
frontier strictly follows the power law in Equation (3), as illustrated in Figure 2. An empirical finding from this
decoupled analysis is that the compute-optimal allocation for the language objective is highly composition-invariant.
Although the IsoFLOP parametric fits display a slight decrease in allocation scaling exponents as r increases, the
absolute variance remains minimal. Crucially, cross-checking the independent training-curve envelope reveals no
monotonic downward trend; instead, it fluctuates across different values of r. The absence of a synchronized decline
between the two estimators indicates that this minor numerical drift falls well within the margin of fitting error.
Consequently, this cross-validation establishes that the parameter capacity required to minimize Ltext is strictly
governed by the isolated budget Ctext, demonstrating empirical robustness to the introduction of multimodal tokens.

3.2 The Multimodal Objective

In contrast, applying these independent methodologies to the multimodal objective Lmm, under the effective compute
constraint Cmm, reveals strictly composition-variant scaling behavior. As r increases from 0.1 to 0.3, the optimal
model size exponent derived from the IsoFLOP profiles decreases substantially. This sharp downward trajectory is
validated by the training-curve envelope, which exhibits a consistent decline across the entire spectrum. The strong
agreement between both estimators confirms that this monotonic decline represents a robust scaling law rather than
an artifact of localized fitting. Ultimately, this quantitative trajectory underscores the inherently data-hungry nature
of cross-modal alignment. Specifically, processing increasingly dense multimodal data continuously flattens the
optimal parameter-scaling curve, thereby shifting the optimal compute allocation heavily toward data scaling rather
than parameter expansion.
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Figure 5: Training curve envelope (multimodal objective). Training curves are shown for all runs across varying
values of r, encompassing various model sizes. By extracting the envelope of minimal loss per FLOP from these
curves, we estimate the optimal model size and training token allocation for a given compute budget.
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Figure 6: Compute-optimal allocation (multimodal objective). (a) Optimal model size Nopt and (b) optimal
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Figure 7: Joint Pareto frontier. (a) Pareto frontier demonstrating the trade-off between multimodal loss Lmm and
language loss Ltext by sweeping the mixture ratio r. The curves are bounded by fixed total compute budgets Ctotal,
plotting actual data points alongside extrapolated frontiers for larger compute scales. (b) Optimal model size Nopt
and (c) optimal token count Dopt as a function of compute Ctotal. The distinct scaling exponents, a(r) and b(r), are
compared between the base text objective (r-free) and the multimodal objective across different mixture ratios.

3.3 Joint Pareto Frontier

Although analyzing decoupled budgets yields crucial mechanistic insights, practical native multimodal pre-training
must ultimately optimize the shared parameter count N under a unified computational budget Ctotal. Balancing the
competing objectives of Ltext and Lmm establishes a strict Pareto frontier across varying data ratios r. To rigorously
define this global architectural trade-off, we employ an asymmetric modeling framework based on our primary
IsoFLOP estimator. Specifically, we pair a composition-invariant language objective with a composition-variant mul-
timodal objective. This asymmetry reflects the inherent structural divergence between the two modalities; text-based
language modeling relies on a robust, self-contained statistical structure, whereas visual tokens are hypothesized
to largely provide external context without altering fundamental token-to-token dependencies. Consequently, the
computational efficiency of the language objective remains largely independent of r; forcing it to fluctuate would
introduce overfitting and localized optimization noise. Conversely, cross-modal alignment is highly sensitive to
data composition. Failing to model Lmm as a function of r would obscure the rapid flattening of the multimodal
parameter-scaling curve, ultimately yielding over-parameterized and data-starved architectures at scale.

By capturing this empirical duality, our joint optimization accurately isolates how varying data ratios dictate the
trade-off between parameter and token capacity. Projecting the globally optimal allocation exponents, a(r) and
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Figure 8: Text capabilities are preserved under native multimodal pre-training. Average accuracy across 16
text benchmarks with varying multimodal data ratios r (fixed 250B text token budget). (a) Text performance across
model sizes N. (b) A3B text performance over training tokens Dtext. Consistently overlapping curves indicate
multimodal data integration does not degrade core language abilities.

b(r), reveals that under a low multimodal ratio (r = 0.1), optimal parameter scaling follows Nopt ∝ C0.69
total. However,

increasing the multimodal allocation to r = 0.3 imposes the substantial data requirements of dense multimodal
inputs onto the entire system. This reduces the parameter scaling proportionality to C0.66

total, concurrently necessitating
a more aggressive scaling of the system-wide token allocation (∝ C0.34

total). Ultimately, scaling a unified multimodal
foundation model requires a deliberate architectural shift, one that constrains theoretical parameter expansion in
favor of training on substantially larger token budgets.

4 Downstream Implications

4.1 Evaluation of Base Models

Text Capabilities. The evaluation of text capabilities is conducted using 16 distinct benchmarks.

• Aggregate: MMLU-Redux (Hendrycks et al., 2020)(5-shot), MMLU-Pro (Wang et al., 2024b)(5-shot),
AGIEvalen (Zhong et al., 2023)(3-shot), and SuperGPQA (Du et al., 2025)(5-shot).

• Coding: HumanEval+ (Liu et al., 2023b)(0-shot) and MBPP+ (Liu et al., 2023b)(3-shot).
• Mathematics: GSM8K (Cobbe et al., 2021)(4-shot, CoT) and MATH (Lightman et al., 2023)(4-shot, CoT).
• Logic Reasoning: BBH (Suzgun et al., 2022)(3-shot, CoT) and SpatialEval (Wang et al., 2024a)(1-shot).
• Knowledge: NaturalQuestions (Kwiatkowski et al., 2019)(5-shot) and TriviaQA (Joshi et al., 2017)(5-shot).
• Commonsense Reasoning: Hellaswag (Zellers et al., 2019)(10-shot), SIQA (Sap et al., 2019)(0-shot),

PIQA (Bisk et al., 2020)(0-shot), and WinoGrande (Sakaguchi et al., 2021)(5-shot).

Multimodal Capabilities. The evaluation of multimodal capabilities is conducted using 23 distinct benchmarks.

• Aggregate: MMStar (Chen et al., 2024)(3-shot), MMMU (Yue et al., 2024)(3-shot), MMMU-Pro (Yue et al.,
2025)(3-shot), MME (Fu et al., 2026)(3-shot), and MMBenchen (Liu et al., 2024b)(3-shot).

• VQA: VQAv2 (Goyal et al., 2017)(1-shot) and TextVQA (Singh et al., 2019)(1-shot).
• STEM: MathVista (Lu et al., 2024)(3-shot), MathVerse (Zhang et al., 2024)(3-shot), and ScienceQA (Saikh

et al., 2022)(3-shot, CoT).
• Doc Understanding: HallusionBench (Guan et al., 2024)(3-shot), LogicVista (Xiao et al., 2024)(1-shot, CoT),

AI2D (Kembhavi et al., 2016)(3-shot), and ChartQA (Masry et al., 2022)(3-shot).
• Vision Knowledge: MMBenchcc (Liu et al., 2024b)(3-shot) and SimpleVQA (Cheng et al., 2025)(3-shot).
• Counting: CountBench(0-shot) (Paiss et al., 2023) and CountQA (Tamarapalli et al., 2025)(1-shot).
• Spatial Reasoning: RealWorldQA (xAI, 2024)(3-shot), CV-Bench (Tong et al., 2024)(3-shot), OmniSpatial (Jia

et al., 2025)(3-shot), SEAM (Tang et al., 2025)(3-shot), and SpatialEval (Wang et al., 2024a)(1-shot).

Evaluation Protocol. For native multimodal pre-training, we evaluate the pre-trained models in an in-context
learning setting. For multiple-choice tasks, we report accuracy by selecting the option that yields the lowest
perplexity. Meanwhile, open-ended tasks are evaluated using the exact-match metric against reference answers,
whereas coding tasks are evaluated using the Pass@1 metric.

Image Processing. To accommodate the 4K-token context limit of our pre-trained models, we restrict the number
of visual tokens per image. Specifically, images are partitioned into 32 × 32 patches and proportionally downscaled
if the resulting grid exceeds the token budget. We allocate a maximum of 1536 tokens per image, reducing this limit
to 512 tokens in few-shot scenarios to ensure both the templates and the test query fit within the context window.

Few-shot Templates. To ensure representative coverage, few-shot templates are sampled across distinct categories
from each benchmark’s development or training split. These templates are formatted as interleaved image-question-
answer sequences and prepended to the test query.

6



71M
128M

340M
590M

874M 3B

Model size N

25

30

35

40

45

A
bs

tra
ct

 sp
at

ia
l a

cc
ur

ac
y 

(%
) (a) Abstract spatial reasoning vs model size

r= 0

r= 0.3

50 100 150 200 250
Text tokens Ntext (B)

30

35

40

45

50

A
bs

tra
ct

 sp
at

ia
l a

cc
ur

ac
y 

(%
) (b) A3B abstract spatial reasoning vs text tokens

Figure 9: Multimodal pre-training enhances pure-text spatial reasoning. Accuracy on SpatialEval’s text-only
abstract spatial-reasoning sub-tasks (Wang et al., 2024a), comparing baseline (r = 0) and multimodal (r = 0.3)
settings. (a) Accuracy across model sizes N. (b) A3B accuracy over training tokens Dtext. Multimodal models
consistently outperform text-only baselines, with the performance gap widening at larger scales.
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Figure 10: Multimodal in-context learning emerges with model scaling. (a) Average multimodal accuracy for
0-, 1-, and 3-shot settings across model sizes N. (b) Relative performance gains of k-shot settings over the 0-shot
baseline. The increasing gains demonstrate that multimodal in-context learning emerges with model scaling.

4.2 Text Performance under Multimodal Pre-Training

A central concern in native multimodal pre-training is whether it compromises core language capabilities. To isolate
this effect, we fix the text budget at 250B tokens and vary the multimodal budget from 0B (text-only, r = 0) to 75B
(r = 0.3), evaluating models across six scales (N ranging from 71M to 3B).

Preservation of core language capabilities. Introducing multimodal data leaves aggregate text performance
unaffected. As shown in Figure 8, average accuracy across 16 text benchmarks remains consistent across all
multimodal data ratios. This parity holds across the entire model family, with average scores deviating by less than
one percentage point at every scale. Furthermore, models trained with different data ratios exhibit nearly identical
performance trajectories throughout A3B training. Rather than compromising text competence for visual grounding,
the shared parameters successfully optimize both objectives without measurable interference.

Cross-modal transfer in spatial reasoning. The most compelling evidence of cross-modal transfer emerges in the
abstract spatial reasoning subtasks of SpatialEval (Wang et al., 2024a) (MazeNav and SpatialMap). Although these
queries are strictly text-based and lack visual input, incorporating multimodal tokens during pre-training yields
substantial performance gains. As illustrated in Figure 9, multimodal models (r = 0.3) consistently outperform
text-only baselines (r = 0). Notably, this advantage scales with model size. While smaller models (71M and 128M)
exhibit marginal differences, the performance gap widens substantially for larger models up to 3B. This suggests
that spatial and relational structures learned from visual modalities are embedded within the shared parameter space,
successfully generalizing to enhance unimodal text comprehension.

4.3 Multimodal Few-Shot Learning

Beyond aggregate accuracy, we also investigate whether native multimodal pre-training endows base models with
multimodal in-context learning. This allows models to leverage a few image-text templates during inference without
parameter updates, analogous to text-only LLMs. We evaluate this across our entire model family, with model size
N ranging from 71M to 3B. All models are trained on 250B text tokens and 75B multimodal tokens. Evaluations
are conducted in 0-, 1-, and 3-shot settings. Given the instability of CoT reasoning in pre-trained base models under
the zero-shot setting, we conduct our analysis of multimodal few-shot learning on 21 multimodal benchmarks. Full
results are detailed in Tables 13 to 15.

In-context learning emerges with model scaling. Figure 10 demonstrates that the efficacy of in-context templates
increases alongside model scale. At the smallest scale, these templates provide no measurable benefit; the 3-shot
average is virtually identical to the 0-shot baseline, and a 1-shot evaluation slightly degrades performance. However,
the performance gain scales positively with model capacity, increasing from near zero for the A71M model to +1.80
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Figure 11: Few-shot accuracy under data scaling. Average benchmark accuracy of each model under 0-, 1-, and
3-shot across training tokens. Although the performance trajectories remain overlapping throughout training for
smaller models, the few-shot settings progressively outperform the 0-shot baseline in larger models.
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Figure 12: Few-shot trends by task category across model scale. Each panel aggregates the benchmarks of
one category and reports 0-, 1-, and 3-shot accuracy across model size N. The few-shot margin is largest and
most consistent on spatial reasoning, modest on aggregate and vision-knowledge suites, and absent or negative on
OCR/recognition benchmarks.

points for the A874M model, and ultimately reaching +2.43 points at the A3B scale. Furthermore, at the largest
scale, accuracy consistently improves with shots. This progression mirrors the in-context learning capabilities
observed in text-only LLMs, indicating that in-context learning capabilities emerge naturally from native multimodal
pre-training.

In-context learning strengthens with data scaling. Figure 11 illustrates a similar trend across each model’s
training process. The performance margin afforded by few-shot prompting is initially absent; early in training, the
0-, 1-, and 3-shot evaluation curves are virtually indistinguishable. The expected hierarchical ordering, where an
increased number of shots yields higher accuracy, only emerges during later stages of training. The onset of this
divergence depends heavily on model capacity. For the A71M through A340M models, the performance curves
remain overlapping throughout the entire training process. Conversely, for the A874M and A3B models, a clear
performance gap emerges early and widens steadily as the training progresses. This indicates that in-context learning
is acquired gradually, requiring both sufficient model scale and substantial training data to manifest.

Few-shot gains concentrate on spatial reasoning. Figure 12 demonstrates that the benefits of in-context learning
vary considerably across task categories. The most pronounced and consistent improvements are observed in spatial-
reasoning benchmarks, alongside notable gains in structured-diagram and aggregate evaluation suites. Conversely,
performance on OCR- and recognition-oriented benchmarks plateaus or even degrades as in-context templates
are introduced. This suggests that the templates primarily assist the model in resolving the spatial and relational
structure of a query, rather than enhancing fine-grained visual recognition or text extraction. This phenomenon aligns
with the cross-modal spatial-reasoning transfer discussed in Section 4.2. A detailed per-benchmark breakdown is
provided in Section B.

Few-shot gain trends upward with training. Figure 13 plots the A3B few-shot gain against total training tokens
D for each r. Although the per-checkpoint gains fluctuate, they show an overall upward trend as training progresses,
and this holds for all three values of r. The 3-shot gains are generally larger than the 1-shot gains. Since the three
r curves trend upward together, we read the few-shot gain as positively correlated with D rather than tied to any
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Figure 13: Few-shot gain trends upward with training. Few-shot gain of the A3B model over the 0-shot baseline
for the 1-shot and 3-shot settings, shown for r ∈ {0.1, 0.2, 0.3} against total training tokens D. Despite run-to-run
fluctuation, the gains show an overall positive trend with D across all r.

particular r. Together with Figure 11, this suggests that multimodal in-context learning strengthens as the model
sees more training data.

5 Related Works

Multimodal Pre-Training Paradigms. Most vision-language models adopt a late-fusion paradigm, coupling a pre-
trained language model with a separately pre-trained vision encoder via a lightweight projection layer for subsequent
adaptation on multimodal data (Radford et al., 2021; Zhai et al., 2023; Tschannen et al., 2025; Liu et al., 2023a; Lin
et al., 2026; Kimi et al., 2026). Although this modular design efficiently reuses robust unimodal checkpoints, it
introduces a fundamental asymmetry. Vision and language representations are learned independently from disparate
data distributions and distinct training objectives, thereby constraining deep cross-modal integration. To address
this limitation, emerging research investigates native multimodal pre-training, where a single model is trained from
scratch on interleaved multimodal data to establish a unified representational space from the outset (Shukor et al.,
2025; Cui et al., 2025; Tong et al., 2026). Our work adopts this paradigm by eliminating the vision encoder; instead,
a single projection layer maps images into continuous patch embeddings for direct processing by a decoder-only
Transformer. Rather than proposing a novel architecture, we investigate the orthogonal and largely unexplored
problem of scaling native multimodal models.

Compute-Optimal Scaling Laws. Scaling laws characterize the predictable relationship between model perfor-
mance, scale, training data, and compute, offering principled guidance for resource allocation under fixed training
budgets. For unimodal language models, Kaplan et al. (2020) first established power-law relationships between
loss and scale. Subsequently, Hoffmann et al. (2022) refined the compute-optimal frontier using IsoFLOP profiles
and training-curve envelopes, demonstrating that model size and training tokens should scale proportionally. These
frameworks have since become the standard methodology for performance extrapolation and compute allocation.
However, existing analyses predominantly focus on unimodal settings with fixed data distributions. Consequently,
compute-optimal allocation for jointly optimizing heterogeneous modalities within a shared parameter space remains
unresolved. Shukor et al. (2025) investigated scaling behaviors for native multimodal models, and they modeled
the training objective as a single aggregate loss. In contrast, we decouple the language and multimodal objectives
and employ both IsoFLOP profiles and training-curve envelopes as complementary estimation methods (Hoffmann
et al., 2022; Shukor et al., 2026). Our findings reveal that the two objectives follow fundamentally divergent scaling
regimes. One is composition-invariant, whereas the other is composition-variant. We further demonstrate that these
conflicting behaviors can be reconciled by a compute-optimal frontier that explicitly accounts for the data mixture.

6 Conclusion

In this work, we established compute-optimal scaling laws for native multimodal pre-training, systematically
characterizing its scaling behavior. By decoupling the joint training objective into language and multimodal
components and estimating the compute-optimal frontier via complementary methodologies, we demonstrated that
both objectives scale predictably but follow fundamentally different allocation laws. Specifically, language scaling
remains largely insensitive to data composition, whereas multimodal scaling depends heavily on the multimodal data
ratio. This divergence necessitates a joint compute-optimal frontier that maps compute budgets and data mixtures to
optimal allocations of model parameters and training tokens. Beyond scaling, our experiments showed that native
multimodal pre-training preserves language capabilities while facilitating positive cross-modal transfer and the
emergence of multimodal in-context learning, particularly for abstract spatial reasoning. Although our analysis is
limited to models with up to 3B active parameters, a single image-text data family, and loss-based scaling proxies,
the proposed framework provides a principled foundation for designing compute-efficient multimodal foundation
models. Consequently, these findings motivate subsequent validation at larger scales and across diverse modalities
and data compositions.
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A Implementation Details

For native multimodal pre-training, we employ the Muon optimizer with a weight decay of 0.1 and a gradient
clipping threshold of 1.0. Additionally, we utilize a warmup-stable learning rate schedule, a global batch size of
16M, and a maximum sequence length of 4096. The training loss is computed only on text tokens, with vision
tokens masked out from loss computation (Kimi et al., 2026). We detail the specific architecture configurations and
training settings in Table 1.

A71M A128M A340M A590M A874M A3B

Architecture Configurations

layers 11 15 19 23 27 48
hidden size 640 768 1152 1280 1536 2048
FFN hidden size 2048 2048 3072 4096 4096 6912
attention heads 8 12 16 20 24 32
query groups 4
kv channels 128
total experts 128
activated experts 8
expert FFN hidden size 256 256 384 512 512 768
shared-expert hidden size 256 256 384 512 512 768
MoE layer first layer dense, remaining layers MoE

Training Settings

batch size (sequences) 2048
sequence length 4096
warmup steps 2000
learning rate 2.6e-3 1.9e-3 1.1e-3 8.2e-4 6.8e-4 3.0e-4

Table 1: Pre-training hyperparameters. We detail the hyperparameters used for pre-training different model
configurations to derive scaling laws.

B Experiment Results

This section details the comprehensive per-benchmark results supporting the analyses presented in Section 4,
organized into three primary categories. First, we present the training dynamics of the A3B model, evaluating text and
multimodal performance at successive pre-training token budgets across multimodal data ratios r ∈ {0, 0.1, 0.2, 0.3}
(Tables 2 to 8). Second, we report the final text performance across the entire model family, scaling from A71M
to A3B, for each data ratio (Tables 9 to 12). Third, we evaluate multimodal in-context learning, providing per-
benchmark accuracies for the 0-, 1-, and 3-shot settings across all model capacities (Tables 13 to 15). All aggregate
scores represent unweighted means across the constituent benchmarks. Notably, the two benchmarks (ScienceQA
and LogicVista), evaluated with CoT reasoning process, are excluded from the few-shot averages discussed in the
main text, as their zero-shot performance collapses without provided exemplars.
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Table 2: Performance on text benchmarks at different pre-training token budgets for A3B models. The models
are trained with 250B text tokens.

# Pre-Trained Tokens 25B 50B 75B 100B 125B 150B 175B 200B 225B 250B

Aggregate

MMLU-Redux (Acc.) 27.07 41.26 46.77 49.86 52.39 53.02 54.35 55.65 56.42 57.79
MMLU-Pro (Acc.) 10.80 14.25 16.68 17.64 20.10 21.28 21.86 24.09 24.26 24.88
AGIEvalen (Acc.) 19.53 26.20 28.55 30.70 34.21 34.36 36.26 35.74 35.13 36.96
SuperGPQA (Acc.) 10.00 13.29 14.71 17.00 16.70 18.83 20.16 19.81 20.33 19.95

Coding HumanEval+ (Pass@1) 9.15 12.80 13.41 16.46 14.63 18.90 16.46 14.63 18.90 20.73
MBPP+ (Pass@1) 17.72 34.92 34.66 40.48 47.09 48.68 47.35 50.26 51.59 48.68

Mathematics GSM8K (Pass@1) 6.52 16.22 27.60 35.78 35.25 39.80 43.90 46.02 49.73 48.75
MATH (Pass@1) 5.40 10.30 14.90 17.40 19.10 20.10 22.10 21.55 25.00 26.70

Logic
Reasoning

BBH (EM) 29.84 30.08 34.46 35.56 38.66 40.26 41.06 43.39 39.76 44.97
SpatialEval (Acc.) 27.70 33.04 31.74 34.59 29.94 34.80 38.19 37.93 40.28 35.95

Knowledge NaturalQuestions (EM) 10.42 15.24 18.70 20.72 20.19 20.11 22.94 22.63 22.91 22.74
TriviaQA (EM) 21.81 33.33 40.42 46.94 47.08 51.25 52.36 54.58 54.58 56.11

Commonsense
Reasoning

Hellaswag (Acc.) 52.73 61.00 65.10 66.80 68.83 69.07 70.40 70.87 71.67 71.57
SIQA (Acc.) 33.52 47.34 52.56 56.29 56.35 58.60 58.24 59.72 61.26 60.24
PIQA (Acc.) 71.27 73.83 74.97 76.39 77.04 77.86 77.20 78.67 77.97 78.35
WinoGrande (Acc.) 52.88 55.56 56.27 56.83 57.06 60.06 60.77 60.38 59.83 61.96

Average 25.40 32.42 35.72 38.71 39.66 41.69 42.73 43.49 44.35 44.77

Table 3: Performance on text benchmarks at different pre-training token budgets for A3B models. The models
are trained with 250B text tokens and 25B multimodal tokens.

# Pre-Trained Tokens 25B 50B 75B 100B 125B 150B 175B 200B 225B 250B 275B

Aggregate

MMLU-Redux (Acc.) 28.65 37.00 44.88 49.72 51.23 52.51 53.54 54.14 54.74 55.54 56.84
MMLU-Pro (Acc.) 11.14 13.41 16.67 17.92 20.34 22.11 21.71 23.07 24.71 25.42 25.29
AGIEvalen (Acc.) 21.15 23.49 26.53 30.15 33.32 33.24 33.11 33.78 35.16 35.60 37.38
SuperGPQA (Acc.) 10.03 12.77 15.42 15.84 18.07 17.89 18.56 19.21 19.87 20.77 20.31

Coding HumanEval+ (Pass@1) 6.71 6.10 11.59 14.02 12.80 20.73 18.90 19.51 18.29 17.07 19.51
MBPP+ (Pass@1) 16.14 28.57 34.13 40.48 43.12 46.03 48.15 50.53 51.59 52.65 53.97

Mathematics GSM8K (Pass@1) 5.00 14.86 25.47 33.36 38.51 38.44 42.91 48.98 48.22 48.67 50.49
MATH (Pass@1) 7.20 11.75 14.60 17.20 19.60 21.15 23.20 24.85 25.40 25.85 25.60

Logic
Reasoning

BBH (EM) 26.54 33.29 34.45 36.66 38.85 38.71 41.83 42.59 44.25 43.08 43.60
SpatialEval (Acc.) 26.68 32.37 32.31 31.39 38.87 39.63 38.52 39.34 38.65 39.78 39.28

Knowledge NaturalQuestions (EM) 10.69 15.32 18.84 18.78 19.45 21.22 23.41 24.76 24.27 24.71 23.49
TriviaQA (EM) 21.11 33.33 38.06 44.44 47.64 49.44 51.11 55.42 55.97 54.44 57.92

Commonsense
Reasoning

Hellaswag (Acc.) 51.47 61.50 64.43 66.87 68.03 69.13 69.97 70.53 71.37 70.83 71.30
SIQA (Acc.) 35.11 45.55 50.51 54.96 52.92 58.96 55.94 55.48 59.16 56.86 62.54
PIQA (Acc.) 71.33 75.03 75.30 76.33 76.88 77.53 75.95 77.97 77.75 78.29 77.80
WinoGrande (Acc.) 52.01 56.83 57.46 58.72 58.64 57.85 59.51 61.01 62.83 62.12 62.67

Average 25.06 31.32 35.04 37.93 39.89 41.54 42.27 43.82 44.51 44.48 45.50

Table 4: Performance on text benchmarks at different pre-training token budgets for A3B models. The models
are trained with 250B text tokens and 50B multimodal tokens.

# Pre-Trained Tokens 25B 50B 75B 100B 125B 150B 175B 200B 225B 250B 275B 300B

Aggregate

MMLU-Redux (Acc.) 26.19 40.39 46.39 48.00 49.81 52.39 52.46 54.39 55.60 56.09 55.89 56.68
MMLU-Pro (Acc.) 11.28 12.58 17.01 18.24 18.23 19.75 21.88 21.05 21.17 19.85 24.18 23.93
AGIEvalen (Acc.) 21.48 23.11 28.85 29.50 31.59 32.48 34.79 33.80 33.56 34.25 36.55 36.32
SuperGPQA (Acc.) 10.17 12.64 14.06 16.02 15.74 17.50 18.31 18.43 19.22 20.55 20.98 20.52

Coding HumanEval+ (Pass@1) 7.93 11.59 14.63 17.68 18.29 18.90 21.95 20.12 20.73 19.51 18.90 20.12
MBPP+ (Pass@1) 14.55 26.19 33.33 42.33 42.86 47.09 47.35 46.56 48.94 48.41 50.79 51.85

Mathematics GSM8K (Pass@1) 5.61 15.24 23.50 30.33 37.07 36.01 44.66 49.28 50.27 52.92 50.57 53.90
MATH (Pass@1) 5.25 10.00 14.25 16.20 17.25 19.85 21.30 22.50 22.95 25.30 24.15 25.35

Logic
Reasoning

BBH (EM) 27.59 27.13 31.29 37.16 38.27 40.99 40.33 40.12 42.04 43.09 44.10 45.44
SpatialEval (Acc.) 30.41 33.65 37.61 36.87 35.04 32.48 33.13 34.72 37.37 34.89 35.91 38.04

Knowledge NaturalQuestions (EM) 10.89 14.21 17.31 20.83 20.33 21.16 22.11 20.33 22.33 21.88 21.16 21.44
TriviaQA (EM) 19.72 27.64 34.31 42.22 47.64 48.89 49.31 54.72 51.67 56.53 56.67 57.50

Commonsense
Reasoning

Hellaswag (Acc.) 51.67 59.77 63.67 66.90 67.60 69.23 68.60 70.30 70.77 71.10 72.00 71.60
SIQA (Acc.) 33.88 42.94 45.29 53.22 54.55 56.24 56.40 56.96 59.21 58.39 60.59 60.29
PIQA (Acc.) 70.95 74.32 75.46 76.99 77.04 77.91 78.13 79.22 78.40 78.62 78.18 78.73
WinoGrande (Acc.) 52.49 55.41 55.72 59.43 59.83 60.38 61.64 61.64 61.56 64.01 62.67 61.64

Average 25.00 30.43 34.54 38.24 39.45 40.70 42.02 42.76 43.49 44.09 44.58 45.21
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Table 5: Performance on text benchmarks at different pre-training token budgets for A3B models. The models
are trained with 250B text tokens and 75B multimodal tokens.

# Pre-Trained Tokens 25B 50B 75B 100B 125B 150B 175B 200B 225B 250B 275B 300B 325B

Aggregate

MMLU-Redux (Acc.) 27.05 38.81 44.74 48.35 51.19 51.37 54.49 54.21 55.05 56.00 57.18 57.09 57.98
MMLU-Pro (Acc.) 10.85 12.99 17.73 19.19 19.86 20.21 22.03 23.84 24.61 24.92 25.33 27.53 27.68
AGIEvalen (Acc.) 20.49 22.71 27.88 29.27 32.13 32.66 36.03 36.58 35.02 35.99 37.11 36.92 37.73
SuperGPQA (Acc.) 10.78 13.48 14.92 16.88 18.11 18.27 18.69 19.63 20.17 20.63 21.08 21.53 22.00

Coding HumanEval+ (Pass@1) 6.10 11.59 15.24 14.63 15.24 15.24 13.42 18.90 19.51 15.85 17.68 21.34 21.34
MBPP+ (Pass@1) 18.52 26.98 31.48 37.83 41.27 47.09 46.03 48.94 49.47 48.94 49.74 53.44 54.23

Mathematics GSM8K (Pass@1) 4.85 17.21 22.21 30.63 37.00 36.01 42.15 43.82 48.07 50.19 49.58 51.40 52.39
MATH (Pass@1) 5.95 10.60 14.05 16.05 19.00 19.70 20.65 21.80 22.60 23.90 24.65 25.00 26.30

Logic
Reasoning

BBH (EM) 29.21 29.44 33.50 33.93 34.28 36.56 40.07 39.49 39.08 42.94 43.82 43.68 40.84
SpatialEval (Acc.) 29.85 32.59 36.78 34.52 36.98 37.24 39.02 35.85 39.04 41.91 40.95 44.25 41.43

Knowledge NaturalQuestions (EM) 10.08 14.99 16.32 18.17 19.31 21.77 24.13 22.05 19.64 22.02 23.35 21.55 23.63
TriviaQA (EM) 20.56 32.08 37.08 42.78 43.47 46.81 50.42 50.97 52.92 54.58 57.22 58.19 57.92

Commonsense
Reasoning

Hellaswag (Acc.) 51.23 59.40 63.20 66.47 66.97 67.87 68.27 69.37 69.53 70.60 71.23 71.37 71.57
SIQA (Acc.) 34.85 45.14 52.71 54.15 56.24 55.48 59.72 59.67 60.90 62.28 62.08 61.87 62.95
PIQA (Acc.) 71.16 74.59 75.63 76.12 77.31 76.88 77.42 77.31 78.29 77.86 79.05 78.45 77.80
WinoGrande (Acc.) 50.83 55.41 56.43 59.12 59.51 58.25 59.98 61.64 59.27 62.12 61.25 61.17 60.62

Average 25.15 31.13 34.99 37.38 39.24 40.09 42.03 42.75 43.32 44.42 45.08 45.92 46.03

Table 6: Performance on multimodal benchmarks at different pre-training token budgets for A3B models.
The models are trained with 250B text tokens and 25B multimodal tokens.

# Pre-Trained Tokens 25B 50B 75B 100B 125B 150B 175B 200B 225B 250B 275B

Aggregate

MMStar (Acc.) 26.65 25.62 25.21 27.07 28.37 25.21 26.72 28.65 26.31 29.75 28.72
MMMU (Acc.) 25.59 30.81 35.28 33.42 32.92 33.79 33.66 36.02 34.04 36.89 35.53
MMMU-Pro (Acc.) 13.29 14.97 15.30 14.97 15.44 17.92 17.85 18.59 18.52 19.93 19.19
MME (Acc.) 50.44 50.84 50.71 52.56 53.01 55.04 55.79 53.09 56.50 56.01 54.51
MMBenchen (Acc.) 29.71 32.84 35.37 36.67 38.08 38.64 39.41 40.01 41.44 41.46 42.86

VQA VQAv2 (EM) 39.84 42.74 42.14 43.86 44.46 45.48 45.72 47.22 45.60 46.74 49.20
TextVQA (EM) 10.66 10.58 9.34 10.98 9.58 11.52 11.92 13.02 14.10 13.08 13.86

STEM
MathVista (Pass@1) 34.00 33.60 37.20 38.00 39.80 42.40 39.20 40.80 42.20 41.60 41.00
MathVerse (Pass@1) 29.53 29.06 30.84 31.67 33.10 33.87 29.89 33.87 33.69 33.99 33.39
ScienceQA (EM) 34.01 43.58 45.46 49.68 53.10 52.75 53.30 52.45 54.64 49.23 56.72

Doc
Understanding

HallusionBench (Acc.) 49.23 46.58 43.38 42.96 42.40 44.49 41.98 42.40 44.63 43.38 46.03
LogicVista (EM) 15.85 20.73 23.17 23.48 23.17 27.13 21.95 23.48 26.52 26.52 28.66
AI2D (Acc.) 24.18 37.11 42.80 45.88 49.21 48.85 50.88 53.63 51.28 52.95 52.49
ChartQA (Acc.) 2.67 4.58 5.11 4.98 5.92 4.29 4.58 5.19 4.66 5.47 6.16

Vision
Knowledge

MMBenchcc (EM) 26.97 26.72 27.32 30.56 29.34 31.62 31.87 30.3 31.26 30.96 31.67
SimpleVQA (EM) 5.87 6.77 7.12 8.48 8.23 9.38 8.58 9.78 10.49 10.29 8.98

Counting CountBench (EM) 12.39 13.91 11.74 15.43 16.52 13.91 12.39 15.22 16.09 17.83 16.74
CountQA (EM) 2.89 7.84 6.40 3.10 3.10 4.44 5.16 3.92 5.37 5.88 3.82

Spatial
Reasoning

RealWorldQA (Acc.) 35.58 38.60 39.30 39.30 43.49 37.91 41.63 43.72 41.63 37.67 41.40
CV-Bench (Acc.) 40.79 44.51 45.93 44.17 45.36 47.62 46.51 46.51 46.51 46.55 45.32
OmniSpatial (Acc.) 19.45 33.03 26.28 27.75 35.39 34.42 31.49 36.37 34.26 34.66 40.52
SEAM (Acc.) 22.45 25.51 27.55 31.22 30.37 29.45 31.73 31.52 30.94 30.54 31.15
SpatialEval (Acc.) 27.44 32.65 30.55 28.16 37.63 38.61 34.13 32.80 35.74 37.39 33.85

Average 25.19 28.40 28.85 29.75 31.22 31.68 31.15 32.11 32.45 32.56 33.12
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Table 7: Performance on multimodal benchmarks at different pre-training token budgets for A3B models.
The models are trained with 250B text tokens and 50B multimodal tokens.

# Pre-Trained Tokens 25B 50B 75B 100B 125B 150B 175B 200B 225B 250B 275B 300B

Aggregate

MMStar (Acc.) 28.37 24.38 28.93 27.82 26.72 25.83 29.96 27.82 28.79 30.23 29.96 28.79
MMMU (Acc.) 29.19 30.19 31.93 34.66 37.64 37.27 37.39 36.89 34.53 37.02 36.52 37.64
MMMU-Pro (Acc.) 13.22 14.09 14.63 15.57 16.17 17.05 18.19 16.11 18.12 18.52 18.66 18.59
MME (Acc.) 51.59 49.29 52.03 52.92 51.24 51.90 57.74 51.28 60.21 56.72 53.80 57.65
MMBenchen (Acc.) 28.40 33.54 35.88 38.36 40.18 42.30 42.37 44.73 47.12 48.10 48.00 48.49

VQA VQAv2 (EM) 41.98 43.16 47.68 46.76 50.04 48.88 50.18 47.88 50.20 52.10 52.28 50.18
TextVQA (EM) 11.54 11.52 12.66 13.66 13.34 14.06 14.54 16.80 21.50 22.62 25.10 27.98

STEM
MathVista (Pass@1) 35.80 38.40 38.40 40.00 38.80 42.00 40.80 40.60 41.00 40.20 40.20 39.40
MathVerse (Pass@1) 29.00 27.45 31.49 33.63 34.46 33.87 32.62 33.93 30.36 34.11 34.82 34.40
ScienceQA (EM) 31.18 41.99 47.25 49.33 52.55 47.60 49.33 51.26 53.79 55.23 55.28 57.06

Doc
Understanding

HallusionBench (Acc.) 50.07 42.12 41.56 41.84 42.82 48.40 45.19 44.91 43.10 41.56 43.65 47.84
LogicVista (EM) 18.60 21.34 24.09 23.48 23.48 25.00 19.82 21.95 25.30 23.17 25.30 27.13
AI2D (Acc.) 23.79 34.88 44.18 46.79 47.19 49.54 51.96 51.73 51.21 51.44 51.15 52.78
ChartQA (Acc.) 4.54 3.89 4.50 4.25 4.29 5.71 4.54 5.47 3.97 5.75 5.19 4.94

Vision
Knowledge

MMBenchcc (EM) 26.62 26.41 26.52 26.92 29.49 30.45 33.13 31.72 32.42 33.13 32.47 33.13
SimpleVQA (EM) 6.72 6.87 7.98 9.33 8.63 9.68 8.53 8.43 10.24 11.69 12.39 10.69

Counting CountBench (EM) 11.96 13.48 12.61 14.78 15.65 16.52 17.39 20.65 21.74 22.39 28.70 28.26
CountQA (EM) 7.84 6.40 3.72 3.41 4.64 6.19 5.16 7.53 7.02 5.47 4.33 5.16

Spatial
Reasoning

RealWorldQA (Acc.) 33.95 36.28 42.09 43.26 41.86 47.21 42.09 45.35 42.09 39.07 41.63 43.49
CV-Bench (Acc.) 41.63 39.10 41.52 43.90 44.32 46.12 43.21 42.48 43.94 46.28 45.28 47.39
OmniSpatial (Acc.) 21.40 31.49 32.79 34.42 32.47 35.23 33.93 38.97 38.49 35.96 36.37 42.72
SEAM (Acc.) 23.06 24.63 25.03 25.88 25.85 25.61 28.53 26.49 31.01 30.20 29.55 27.79
SpatialEval (Acc.) 28.33 29.76 36.04 36.74 33.11 33.50 32.78 33.04 35.72 35.37 32.91 36.24

Average 26.03 27.42 29.72 30.77 31.08 32.17 32.15 32.44 33.56 33.75 34.07 35.12

Table 8: Performance on multimodal benchmarks at different pre-training token budgets for A3B models.
The models are trained with 250B text tokens and 75B multimodal tokens.

# Pre-Trained Tokens 25B 50B 75B 100B 125B 150B 175B 200B 225B 250B 275B 300B 325B

Aggregate

MMStar (Acc.) 28.99 25.96 28.72 27.89 30.65 29.13 29.48 30.85 28.51 32.16 33.33 31.13 30.51
MMMU (Acc.) 29.07 29.94 30.19 33.66 34.66 35.90 33.79 33.91 35.90 37.27 36.02 34.91 37.64
MMMU-Pro (Acc.) 12.01 13.89 14.83 16.11 16.91 18.05 17.25 18.72 18.66 18.46 18.86 19.87 21.54
MME (Acc.) 51.41 50.04 51.41 51.72 50.49 53.89 57.34 57.65 61.80 61.98 62.16 58.36 59.86
MMBenchen (Acc.) 28.47 33.12 36.93 38.92 40.43 41.77 45.55 48.80 49.05 52.25 51.97 52.28 54.73

VQA VQAv2 (EM) 40.70 46.74 46.32 47.08 49.68 49.72 49.60 49.92 49.66 51.16 49.42 53.70 62.78
TextVQA (EM) 11.88 13.78 12.94 12.28 13.86 16.56 21.46 25.00 30.26 30.76 33.76 34.52 39.70

STEM
MathVista (Pass@1) 34.00 33.40 37.20 37.00 39.60 41.00 42.20 41.00 41.80 44.40 41.20 41.20 43.00
MathVerse (Pass@1) 23.35 29.95 27.93 30.07 28.58 33.10 34.52 32.20 31.97 36.07 33.87 33.33 36.13
ScienceQA (EM) 34.16 39.56 46.31 48.04 49.23 54.88 51.36 52.75 54.39 53.79 55.03 55.28 57.16

Doc
Understanding

HallusionBench (Acc.) 51.60 41.70 42.68 41.56 41.70 45.61 42.26 41.14 41.56 42.26 42.82 48.81 43.93
LogicVista (EM) 18.29 19.82 20.73 21.65 21.65 22.56 21.65 24.70 19.82 19.82 25.00 20.43 25.61
AI2D (Acc.) 24.74 34.82 43.78 46.56 48.69 48.82 51.05 52.62 52.68 53.89 54.22 51.77 54.45
ChartQA (Acc.) 4.42 3.48 3.73 4.90 4.54 4.21 4.38 4.17 5.43 6.32 6.69 7.33 8.06

Vision
Knowledge

MMBenchcc (EM) 24.80 26.16 29.09 30.00 32.42 31.92 32.17 33.94 35.00 34.95 33.28 36.77 36.87
SimpleVQA (EM) 7.12 8.73 8.98 8.93 10.44 9.48 10.34 11.14 11.74 11.39 11.29 13.15 13.95

Counting CountBench (EM) 10.43 10.87 15.65 11.30 15.22 25.22 23.04 24.78 28.91 27.83 30.22 34.78 34.13
CountQA (EM) 3.72 1.55 4.95 4.13 5.16 2.68 7.33 5.88 6.09 5.47 6.19 7.43 7.53

Spatial
Reasoning

RealWorldQA (Acc.) 39.53 37.67 40.00 40.23 43.49 43.26 40.23 36.98 41.16 42.56 39.77 42.79 44.88
CV-Bench (Acc.) 41.90 45.78 44.90 44.01 43.98 41.10 42.90 42.56 44.97 45.32 45.43 46.05 46.39
OmniSpatial (Acc.) 21.07 24.57 35.31 36.94 34.50 36.05 33.93 32.79 37.43 40.93 37.27 35.39 37.02
SEAM (Acc.) 21.91 23.91 25.20 28.57 25.44 28.19 28.02 28.06 28.67 30.98 28.46 28.63 32.10
SpatialEval (Acc.) 32.46 31.96 32.74 35.69 34.63 31.70 33.98 30.35 35.76 37.58 36.65 37.80 34.33

Average 25.91 27.28 29.59 30.31 31.13 32.38 32.78 33.04 34.40 35.55 35.34 35.90 37.49
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Table 9: Performance on text benchmarks. Model sizes (N) range from 71M to 3B activated parameters, with
all models trained on 250B text tokens.

Model Sizes (N) A71M A128M A340M A590M A874M A3B

Aggregate

MMLU-Redux (Acc.) 26.39 31.75 40.79 44.74 49.72 57.79
MMLU-Pro (Acc.) 11.47 12.39 13.95 14.11 21.46 24.88
AGIEvalen (Acc.) 20.72 18.98 24.61 28.81 31.56 36.96
SuperGPQA (Acc.) 9.99 10.36 12.88 13.04 17.12 19.95

Coding HumanEval+ (Pass@1) 4.88 7.93 15.24 15.24 18.90 20.73
MBPP+ (Pass@1) 11.64 16.67 28.31 35.19 39.68 48.68

Mathematics GSM8K (Pass@1) 1.90 5.91 15.31 22.97 25.02 48.75
MATH (Pass@1) 3.30 5.15 10.10 13.40 16.05 26.70

Logic
Reasoning

BBH (EM) 26.78 27.71 30.77 32.75 35.15 44.97
SpatialEval (Acc.) 28.24 27.89 26.40 29.87 32.65 35.95

Knowledge NaturalQuestions (EM) 7.76 10.66 12.96 15.62 17.89 22.74
TriviaQA (EM) 12.64 19.58 26.11 35.56 40.14 56.11

Commonsense
Reasoning

Hellaswag (Acc.) 42.57 47.73 56.97 62.57 64.80 71.57
SIQA (Acc.) 34.29 36.34 44.22 44.78 53.58 60.24
PIQA (Acc.) 68.88 70.29 73.67 74.10 76.17 78.35
WinoGrande (Acc.) 52.49 50.12 54.54 55.33 56.83 61.96

Average 22.75 24.97 30.43 33.63 37.30 44.77

Table 10: Performance on text benchmarks. Model sizes (N) range from 71M to 3B activated parameters,
with all models trained on 250B text tokens and 25B multimodal tokens.

Model Sizes (N) A71M A128M A340M A590M A874M A3B

Aggregate

MMLU-Redux (Acc.) 28.11 32.09 42.14 46.95 49.60 56.84
MMLU-Pro (Acc.) 11.51 11.33 14.27 15.66 17.32 25.29
AGIEvalen (Acc.) 21.81 21.36 24.33 27.63 29.07 37.38
SuperGPQA (Acc.) 8.79 9.34 13.10 13.35 14.62 20.31

Coding HumanEval+ (Pass@1) 6.71 9.76 13.41 16.46 15.85 19.51
MBPP+ (Pass@1) 7.14 12.96 29.10 33.86 38.89 53.97

Mathematics GSM8K (Pass@1) 1.82 5.53 12.51 20.02 28.66 50.49
MATH (Pass@1) 3.45 5.00 8.50 14.35 16.25 25.60

Logic
Reasoning

BBH (EM) 25.34 27.14 30.38 32.85 34.34 43.60
SpatialEval (Acc.) 28.35 26.80 35.35 32.93 34.96 39.28

Knowledge NaturalQuestions (EM) 7.98 9.42 13.80 15.24 17.37 23.49
TriviaQA (EM) 13.89 16.11 24.31 34.72 41.53 57.92

Commonsense
Reasoning

Hellaswag (Acc.) 42.47 46.67 57.47 62.90 65.33 71.30
SIQA (Acc.) 34.29 34.80 42.43 45.80 52.71 62.54
PIQA (Acc.) 69.31 69.31 73.45 73.94 76.28 77.80
WinoGrande (Acc.) 50.51 51.54 55.41 56.91 57.85 62.67

Average 22.59 24.32 30.62 33.97 36.91 45.50

Table 11: Performance on text benchmarks. Model sizes (N) range from 71M to 3B activated parameters,
with all models trained on 250B text tokens and 50B multimodal tokens.

Model Sizes (N) A71M A128M A340M A590M A874M A3B

Aggregate

MMLU-Redux (Acc.) 26.28 32.72 41.09 47.02 48.61 56.68
MMLU-Pro (Acc.) 11.24 11.73 13.33 15.61 21.19 23.93
AGIEvalen (Acc.) 21.11 22.78 25.50 27.27 32.58 36.32
SuperGPQA (Acc.) 9.47 9.82 13.09 13.73 17.17 20.52

Coding HumanEval+ (Pass@1) 7.32 7.93 12.80 15.85 17.07 20.12
MBPP+ (Pass@1) 8.73 12.17 26.72 34.13 39.15 51.85

Mathematics GSM8K (Pass@1) 2.58 4.25 14.10 24.56 27.60 53.90
MATH (Pass@1) 2.90 5.90 10.15 13.00 15.50 25.35

Logic
Reasoning

BBH (EM) 27.00 28.71 30.27 32.04 35.77 45.44
SpatialEval (Acc.) 27.76 25.05 30.18 36.06 37.95 38.04

Knowledge NaturalQuestions (EM) 7.42 9.78 13.88 16.18 17.48 21.44
TriviaQA (EM) 15.56 19.17 28.89 34.44 40.42 57.50

Commonsense
Reasoning

Hellaswag (Acc.) 42.70 47.90 57.67 61.97 64.90 71.60
SIQA (Acc.) 36.03 35.72 43.24 49.49 53.89 60.29
PIQA (Acc.) 66.76 69.97 73.61 74.48 76.61 78.73
WinoGrande (Acc.) 51.14 51.93 54.54 55.41 57.54 61.64

Average 22.75 24.72 30.57 34.45 37.71 45.21
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Table 12: Performance on text benchmarks. Model sizes (N) range from 71M to 3B activated parameters,
with all models trained on 250B text tokens and 75B multimodal tokens.

Model Sizes (N) A71M A128M A340M A590M A874M A3B

Aggregate

MMLU-Redux (Acc.) 25.40 32.11 38.91 44.95 49.04 57.98
MMLU-Pro (Acc.) 10.68 11.63 13.87 14.97 17.28 27.68
AGIEvalen (Acc.) 20.64 20.45 25.54 26.29 29.67 37.73
SuperGPQA (Acc.) 8.00 10.31 11.81 14.16 14.90 22.00

Coding HumanEval+ (Pass@1) 4.88 7.93 12.20 16.46 15.85 21.34
MBPP+ (Pass@1) 7.94 13.23 26.46 30.95 37.57 54.23

Mathematics GSM8K (Pass@1) 2.27 5.08 14.25 23.28 28.05 52.39
MATH (Pass@1) 3.70 4.95 9.40 11.95 15.60 26.30

Logic
Reasoning

BBH (EM) 26.87 28.06 30.31 33.03 35.93 40.84
SpatialEval (Acc.) 27.94 30.17 32.39 38.93 33.07 41.43

Knowledge NaturalQuestions (EM) 7.15 10.03 13.85 14.65 18.86 23.63
TriviaQA (EM) 17.08 17.92 25.97 36.94 39.86 57.92

Commonsense
Reasoning

Hellaswag (Acc.) 42.13 48.13 57.57 62.10 65.60 71.57
SIQA (Acc.) 32.45 33.88 43.04 49.90 52.05 62.95
PIQA (Acc.) 68.50 69.64 73.45 74.05 75.68 77.80
WinoGrande (Acc.) 51.54 51.70 53.83 56.35 58.41 60.62

Average 22.32 24.70 30.18 34.31 36.71 46.03

Table 13: Performance on multimodal benchmarks in a 0-shot setting. Model sizes (N) range from 71M to 3B
activated parameters, with all models trained on 250B text tokens and 75B multimodal tokens.

Model Sizes (N) A71M A128M A340M A590M A874M A3B

Aggregate

MMStar (Acc.) 27.82 26.86 24.59 28.58 28.86 30.17
MMMU (Acc.) 28.70 24.97 28.07 31.80 30.31 36.65
MMMU-Pro (Acc.) 12.42 14.30 13.62 15.37 15.17 16.98
MME (Acc.) 49.73 50.18 50.71 51.90 53.58 50.35
MMBenchen (Acc.) 27.12 30.79 34.95 43.42 47.26 54.10

VQA VQAv2 (EM) 45.44 46.78 51.70 48.52 52.24 58.32
TextVQA (EM) 14.92 14.54 16.02 24.90 29.28 41.24

STEM
MathVista (Pass@1) 33.40 32.00 31.00 37.20 37.80 39.00
MathVerse (Pass@1) 27.63 29.71 21.87 30.36 28.34 34.17
ScienceQA-CoT (EM) 0.00 0.84 12.99 18.94 7.88 18.54

Doc
Understanding

HallusionBench (Acc.) 52.30 44.63 49.65 41.98 41.14 47.84
LogicVista-CoT (EM) 0.91 6.40 5.18 18.60 6.71 5.18
AI2D (Acc.) 25.82 26.77 31.15 39.04 40.18 47.02
ChartQA (Acc.) 4.46 4.90 5.39 6.36 5.96 8.87

Vision
Knowledge

MMBenchcc (EM) 25.76 25.96 28.33 28.74 33.33 33.03
SimpleVQA (EM) 3.51 4.92 5.92 8.08 8.83 9.08

Counting CountBench (EM) 8.70 13.91 15.22 20.43 20.43 34.13
CountQA (EM) 5.88 3.41 3.92 5.47 2.06 5.37

Spatial
Reasoning

RealWorldQA (Acc.) 34.65 41.16 39.53 41.16 38.84 41.86
CV-Bench (Acc.) 41.67 42.36 42.36 41.71 44.24 41.48
OmniSpatial (Acc.) 21.89 20.67 22.86 23.76 23.92 22.78
SEAM (Acc.) 24.69 25.92 26.26 25.37 26.87 27.38
SpatialEval (Acc.) 26.85 24.29 27.20 26.85 22.59 27.26

Average 23.66 24.19 25.59 28.63 28.08 31.77
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Table 14: Performance on multimodal benchmarks in a 1-shot setting. Model sizes (N) range from 71M to 3B
activated parameters, with all models trained on 250B text tokens and 75B multimodal tokens.

Model Sizes (N) A71M A128M A340M A590M A874M A3B

Aggregate

MMStar (Acc.) 28.79 29.48 27.34 27.69 27.34 31.20
MMMU (Acc.) 27.58 30.31 33.17 31.30 37.14 38.76
MMMU-Pro (Acc.) 12.28 14.23 14.23 14.43 14.83 20.94
MME (Acc.) 50.57 49.69 50.13 51.06 50.62 58.53
MMBenchen (Acc.) 27.80 30.88 33.17 38.68 41.91 52.00

VQA VQAv2 (EM) 42.06 45.92 46.74 47.34 48.64 62.78
TextVQA (EM) 13.18 14.66 13.18 21.60 22.16 39.70

STEM
MathVista (Pass@1) 34.20 34.60 39.80 38.80 39.60 40.60
MathVerse (Pass@1) 31.02 30.30 28.64 30.48 32.03 33.21
ScienceQA-CoT (EM) 34.01 27.62 43.38 43.78 48.29 54.78

Doc
Understanding

HallusionBench (Acc.) 44.77 41.28 43.38 41.28 41.70 49.23
LogicVista-CoT (EM) 20.73 23.48 18.90 21.65 23.78 25.61
AI2D (Acc.) 24.51 29.65 37.04 41.03 45.22 53.53
ChartQA (Acc.) 2.35 3.44 3.53 4.74 4.29 8.35

Vision
Knowledge

MMBenchcc (EM) 26.77 25.66 27.78 29.80 30.76 33.54
SimpleVQA (EM) 4.26 3.56 5.02 6.07 6.17 8.78

Counting CountBench (EM) 10.00 12.83 12.83 17.83 18.48 23.04
CountQA (EM) 7.64 5.26 4.44 8.67 5.78 7.53

Spatial
Reasoning

RealWorldQA (Acc.) 32.79 37.44 35.81 43.26 42.79 39.30
CV-Bench (Acc.) 40.94 38.33 46.16 41.52 45.28 46.51
OmniSpatial (Acc.) 23.43 23.76 31.57 34.74 37.10 36.13
SEAM (Acc.) 22.32 24.80 23.88 23.81 26.09 30.67
SpatialEval (Acc.) 27.66 27.61 26.55 36.28 32.80 34.33

Average 25.64 26.30 28.12 30.25 31.43 36.05

Table 15: Performance on multimodal benchmarks in a 3-shot setting. Model sizes (N) range from 71M to 3B
activated parameters, with all models trained on 250B text tokens and 75B multimodal tokens.

Model Sizes (N) A71M A128M A340M A590M A874M A3B

Aggregate

MMStar (Acc.) 29.48 25.00 27.13 27.20 28.51 30.51
MMMU (Acc.) 26.21 30.06 30.43 31.43 33.66 37.64
MMMU-Pro (Acc.) 12.48 14.30 13.36 15.17 15.84 21.54
MME (Acc.) 50.53 50.66 50.49 52.30 52.79 59.86
MMBenchen (Acc.) 27.26 30.83 33.47 40.64 43.87 54.73

VQA VQAv2 (EM) 42.58 45.42 47.94 48.50 51.90 57.28
TextVQA (EM) 16.64 17.22 16.96 24.72 29.42 38.42

STEM
MathVista (Pass@1) 34.00 34.60 39.00 38.40 39.00 43.00
MathVerse (Pass@1) 29.59 29.89 29.59 31.19 29.53 36.13
ScienceQA-CoT (EM) 30.19 42.34 44.72 48.93 48.64 57.16

Doc
Understanding

HallusionBench (Acc.) 42.26 42.68 41.56 41.28 41.42 43.93
LogicVista-CoT (EM) 23.17 24.39 13.11 21.34 24.09 25.61
AI2D (Acc.) 24.71 30.96 38.68 42.15 45.98 54.45
ChartQA (Acc.) 2.76 4.25 4.62 6.12 5.67 8.06

Vision
Knowledge

MMBenchcc (EM) 26.57 26.01 28.08 30.91 32.63 36.87
SimpleVQA (EM) 6.22 6.62 6.97 9.13 9.03 13.95

Counting CountBench (EM) 11.74 12.39 13.48 19.35 18.48 23.70
CountQA (EM) 7.95 6.81 7.12 6.71 7.84 6.81

Spatial
Reasoning

RealWorldQA (Acc.) 36.98 41.86 39.77 41.63 44.88 44.88
CV-Bench (Acc.) 41.75 39.98 46.51 42.40 43.28 46.39
OmniSpatial (Acc.) 22.05 25.87 31.49 33.60 36.70 37.02
SEAM (Acc.) 23.61 24.35 23.78 25.58 29.11 32.10
SpatialEval (Acc.) 27.48 29.48 27.40 33.15 29.55 30.89

Average 25.92 27.65 28.51 30.95 32.25 36.56
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