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Figure 3. Scaling Consistency. We discover Scaling Consistency, where design decisions made with smaller models on smaller datasets
carry over to larger models on larger datasets. (Left) R2 values of 7B and 0.5B versus other LLM sizes show an increasing correlation
with larger LLM sizes for the 7B model. The same trend is not seen in the 0.5B model. Interestingly, while the Qwen1.5 − 4B model
variants have lower/similar performance to their smaller Qwen2 − 1.5B counterparts, the correlation to larger models is still higher (See
App. Fig. 13). (Right) R2 of 0.5/1.5/4B models to 7B vs dataset size. R2 to larger datasets starts to plateau at around 500K samples.

Large Language Model size. In Fig. 3, left, we plot the
R2 values against the LLM sizes. The correlation with the
7B LLM increases with the size of the smaller LLMs is log-
linear, and generalizes between model families. This behav-
ior is not observed with smaller models, e.g., 0.5B, where
R2 drops below 0.8. We discover that design decisions on
models of a critical size (� 2 � 4B) correlate highly with
larger models, a phenomenon we call Scaling Consistency.
Please see the App. Sec. C for a complete analysis.

Impact of dataset size. We examined the impact of
dataset size on model performance. We trained models us-
ing the same data mixture but varied the dataset size from
75K to 1M, using the same strategy employed by Zhao et al.
[62], the results of which can be seen in Fig. 3 (right). Fo-
cusing on the 4B LLM variant, we found that� 500K sam-
ples are required to reach the plateau in R2, while other
models were less regular.

Finding 1. We discover Scaling Consistency, where
design decisions can be made on smaller models and
datasets and transfer reliably to larger ones.

5. Exploring the video-LMM design space:
what influences effective model design?

In this section, we delve into the architectural choices that
significantly impact the performance of Large Multimodal
Models (LMMs) in video-language tasks. We focus on
four critical aspects: (I) Video Sampling (Sec. 5.1) where
we investigate how videos should be sampled. (II) Video
Representation (Sec. 5.2) where we explore which en-
coder and encoder pairs lead to the best performance. (III)
Video Token Resampling (Sec. 5.3) where we test differ-
ent visual token resamplers. (IV) Video Token Integration
(Sec. 5.4) where we examine various strategies to integrate
visual and text tokens. Unless stated otherwise, we utilized
a Qwen2.5� 3B and trained on a dataset of 750K samples.
A Perceiver resampler was employed, with 16 tokens per

frame at a frame rate of 2 fps. The dual encoders used were
InternVideo2 and SigLIP-SO400M. When training on im-
age data, images were duplicated before being encoded by
the video encoders for fully integrated encoding.

5.1. Video sampling
Videos can be sampled in many ways, from uniformly sam-
pling video frames, which was very prominent in early
works [12, 19, 23, 60] to fps sampling, which more meth-
ods rely on now [18, 27, 36]. Uniform frame samples en-
able simplified training because the effective “vision batch
size” remains constant. However, training video-LMMs
with uniform frame sampling means that the time differ-
ence between concurrent frames changes with each video,
effectively setting a different ‘video speed’ in every video.
As shown in Fig. 4, we found that uniform sampling frames
consistently underperform compared to fps sampling. To
show this is not due to sampling a different number of
frames during test time, we also tested models trained with
uniform sampling but tested with fps sampling and found
marginal improvement, showing that the source is indeed
training with uniform frame sampling (Fig. 4, middle).

Finding 2. fps sampling is preferable over uniform
sampling both during model training and inference.

When training at a constant fps, the tokens per second
(tps) can also be varied using the token resampler. We in-
vestigate how varying fps and tps affect the LMM’s ability
to comprehend videos (Fig. 4, right). There appears to be a
tradeoff between tps and fps, balancing short and long video
performance, with 16–32 tokens per frame achieving strong
performance at different fps. In concurrent work, Du et al.
[7] reached similar conclusions but required many more to-
kens per frame to achieve performance saturation, likely as
they utilized an image encoder, which is less compressible.

Finding 3. There is a trade-off between tps and fps,
with 16-32 tokens per frame being optimal.
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