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In this supplementary material, we first provide a com-
prehensive description of our base model, POINTS1.5-8B-
Instruct. Subsequently, we elaborate on the architectural
details and training protocols of POINTS-Long. Finally, we
present additional ablation studies and visualizations.

1. Details about POINTS1.5-8B-Instruct
1.1. Model Architecture
The POINTS [26] series is a family of advanced multi-
modal large language models (MLLMs) that was first re-
leased in September 2024. The POINTS1.5-8B-Instruct
model employed in this work is an enhanced iteration of
POINTS1.5 [26] (Fig. 1). It is initialized from Qwen3-8B-
Base [49] and Qwen2-VL-ViT [43]. The model applies 1D
RoPE [39] for visual tokens within the LLM backbone and
2D RoPE within the ViT image encoder. Furthermore, the
intermediate projector utilizes a pixel-shuffle operation to
reduce the visual sequence length by a factor of 4.

1.2. Model Training Dataset
POINTS1.5-8B-Instruct underwent comprehensive multi-
modal training, organized into four distinct stages:
Visual-textual Alignment In this initial phase, the param-
eters of both the Vision Transformer (ViT) and the Large
Language Model (LLM) remained frozen, with training
optimized solely on the alignment projector. We utilized
Laion-5B [34] as seed data, which was subsequently pro-
cessed using CapFusion [52] for recaptioning and perplex-
ity filtering [27] for quality control. For this stage, we em-
ployed a sequence length of 8192.
Multimodal Continue Pre-training To construct our
image-text pre-training dataset, we sourced raw PDFs from
the CC-MAIN-2021-31-PDF-UNTRUNCATED1 dataset,
retaining only Chinese and English documents. Our pro-
cessing pipeline utilized PaddleOCR [9] for image extrac-
tion and the POINTS-Reader [28] document OCR model
for text extraction. For each document, we concatenated

1https://digitalcorpora.org/corpora/file-corpora/cc-main-2021-31-pdf-
untruncated/

the extracted images (placed at the beginning) with the cor-
responding text and page format. This process yielded a
pre-training corpus containing approximately 400 billion
tokens. Analogous to LLM pre-training, this stage utilizes
massive unlabeled web data to expose the model to broad
world knowledge.
Multimodal Decay Following pre-training, we initiated
a Decay stage designed to bolster the MLLM’s perfor-
mance across a spectrum of capabilities, including ground-
ing, OCR, GUI navigation, reasoning, video understanding,
and text-based CoT.

To achieve this, we constructed specialized training data
from diverse sources, including open-source datasets such
as Wukong [15], Object365 [35], and Koala-36M [44],
alongside proprietary in-house data. Training in this stage
was conducted in two steps: first, we focused on fine-
grained image understanding with a context length of 8k.
Subsequently, we expanded the context length to 32k, in-
corporating data for complex video understanding tasks
(e.g., dense captioning and temporal grounding) and long-
context, text-only CoT data.
Multimodal Supervised Instruction Tuning The Multi-
modal Supervised Fine-Tuning (SFT) stage is designed to
utilize high-quality data to teach the model to follow in-
structions and align with human preferences.

In this phase, we utilize a large volume of high-quality
image-text and video QA data. For the video domain, in
addition to proprietary in-house data, we primarily leverage
open-source datasets, including FineVideo [12], Vript [50],
ShareGPT4Video [6], OpenVid-1M [32], VideoUFO [45],
CinePile [33], VideoChat2IT [21], LLaVA-Hound [56],
LLaVA-Video-178K [57], and Ego4D [14]. We conduct
training with a 32K context length in this stage. For video
preprocessing, we split ultra-long videos into shorter seg-
ments and sample frames at 1 fps. Due to sequence length
constraints, we set the maximum frame limit to 128; videos
exceeding this limit are uniformly downsampled on tempo-
ral dimension.
Multimodal Post-training We apply RFT (Rejection Sam-
pling Fine-Tuning) and RL (Reinforcement Learning) to en-
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hance the model’s reasoning and cognitive capabilities. For
RFT, we utilize open-source synthetic reasoning datasets
such as AM-DeepSeek-R1-Distilled-1.4M [58], Reason-
RFT [40], and VisualWebInstruct [19], covering a wide
range of disciplines. For RL, we train on a diverse range of
tasks, including STEM (e.g., mathematics, physics, chem-
istry), puzzle solving, and OCR-based reasoning.

1.3. Training Recipe
We conduct training using our in-house framework, which
is analogous to Megatron [37]. We set the Tensor Par-
allel (TP) degree to 2 during the Alignment stage and 4
for all subsequent stages. During the long-context training
phase, we enable sequence parallelism and utilize activation
checkpointing to minimize memory overhead. We employ
a ”pack-to-pack” (or sample packing) training strategy, uti-
lizing a learning rate of 3e-4 for the Alignment stage and
5e-5 for all other phases.

1.4. Chat Template
We adhere to the standard chat template of Qwen2.5-
VL [1], with the primary distinction lying in the repre-
sentation of video inputs. Instead of treating the video as
a monolithic entity, we enclose each input frame within
<|vision start|> <|vision end|> tags. To en-
able the model to explicitly perceive temporal informa-
tion, we prepend a metadata string to the video input:
Video of x fps:. This prefix identifies the modal-
ity and specifies the framerate. Furthermore, we in-
terleave textual timestamps between video frames. To
conserve token usage, these timestamps are inserted di-
rectly as numerical values representing seconds (e.g.,
1<frame1>2.5<frame2>4<frame3>).

2. Details about POINTS-Long

In the supplementary material, we provide more details
about POINTS-Long.

2.1. POINTS-Long Architecture
POINTS-Long is built upon the POINTS1.5-8B-Instruct ar-
chitecture. As illustrated in Fig. 2 of the main paper, the
primary modification involves the vision backbone, where n
additional learnable tokens—termed ”standby tokens”—are
concatenated with the original patchified visual sequence.
Within each layer, duplicated MLPs are introduced to pro-
cess these standby tokens independently. Furthermore, a
temporal modeling attention block is inserted into the final
5 layers of the ViT to encode standby tokens across 8 ad-
jacent frames. Crucially, the attention mechanism in this
temporal block is causal, enabling efficient processing of
streaming inputs without the need for re-computation. Un-
like full attention, which necessitates simultaneous access

to a window of 8 frames during the forward pass—an ap-
proach ill-suited for frame-by-frame streaming—causal at-
tention allows the model to simply cache the standby rep-
resentations of the preceding 7 frames. This results in neg-
ligible memory overhead while significantly enhancing the
model’s capability to handle streaming scenarios.

To maintain architectural consistency, we apply the same
duplication strategy to the projection layer. It is important to
clarify the notation regarding n: in our experimental tables,
the reported token count refers to the final input tokens to
the LLM. Since the projection layer employs a pixel-shuffle
operation that aggregates 4 neighboring tokens into 1, the
number of learnable standby tokens initialized in the ViT is
4 times the final token count in the LLM. For instance, in
Tab. 1 in the main paper, a ”Num/Frame” of 8 corresponds
to an initialization of n = 32 standby tokens in the vision
backbone.

Here we express this encoding process in a mathemati-
cal way. The input image Iq is transformed into a patchi-
fied visual sequence with o as sequence length: Zq0 =
{zq01, ..., zq0o} ∈ Ro×d by patch embedding layer (the 3
subscripts represent frame index, layer index, and sequence
index, respectively). We initialize n learnable tokens Lq0 =
{lq01, ..., lq0n} ∈ Rn×d and prepend them to the original
sequence {Lq0, Zq0} = {lq01, ...lq0n, zq01, ..., zq0o}, where
normally o ≫ n. The two parallel sequences share the same
attention block:

{L′
qi, Z

′
qi} = Attention Blocki({Lqi, Zqi}), (1)

where i is the layer/block index. The resultant sequences
are processed by different MLPs:

{Lq(i+1), Zq(i+1)} = {MLPLi(L
′
qi),MLPZi(Z

′
qi)}. (2)

Note that the parameter of MLPLi is initialized by MLPZi.
In the last 5 blocks, we add one temporal attention between
attention and MLP, taking only the learnable tokens of the
adjacent 8 frames:

{L′′
(q−w)i, ..., L

′′
qi, ..., L

′′
(q+v)i} =

Attenion Ti({L′
(q−w)i, ..., L

′
qi, ..., L

′
(q+v)i}),

(3)

where w + v ≤ 8, depending on the position of current
input image/frame Iq . For image understanding, the input is
L′
qi only, and for video inputs, we group the neighboring 8

frames without overlap. Since we use pack-to-pack parallel
computing technique, the temporal attention only needs to
be calculated once per 8 frames. With temporal modeling,
the subsequent MLP layer becomes:

{Lq(i+1), Zq(i+1)} = {MLPLi(L
′′
qi),MLPZi(Z

′
qi)}. (4)

For the projection layer, we also apply the same parallel
encoding strategy. We note {z1, ..., zo}q the resultant orig-
inal visual sequence for each image q and {l1, ..., ln}q the



Figure 1. POINTS1.5-8B-Instruct Architecture. POINTS1.5-8B consists of a native-resolution image encoder (initialized from Qwen2-
VL-ViT), a pixel-shuffle projector reducing the token count by a factor of 4, and an LLM initialized from Qwen3-8B-Base. The architecture
employs 1D RoPE for the LLM and 2D RoPE for the ViT.

learnable standby tokens, after being encoded by ViT and
projector. During the two-stage training process, we acti-
vates different modes. In stage 1, we only pass the learnable
standby tokens to LLM:

Loss = LLM({l1, ..., ln}q∀q ∈ Q,Text), (5)

where Q is the image/frame set in the sample. In stage 2,
we apply the 2-forward training strategy:

Loss1 = LLM({l1, ..., ln}q∀q ∈ Q,Text),
Loss2 = LLM({l1, ..., ln, z1, ..., zo}q∀q ∈ Q,Text),

Loss =
1

2
(Loss1 + Loss2)

(6)

2.2. Training Dataset
The training of POINTS-Long is conducted in two distinct
stages.
Stage 1: Visual Distillation and Alignment. In this phase,
all parameters of the original architecture—including the
LLM backbone—remain frozen. Optimization is restricted
exclusively to the newly introduced learnable tokens, the
duplicated MLPs, and the projection layer. The objective
is to enable these “standby tokens” to effectively aggregate
and distill visual information from the original sequence, a
process analogous to the alignment phase in MLLM train-
ing. To achieve this, we utilize the complete alignment
dataset alongside a subset of data from the multimodal de-
cay stage (detailed in Sec. 1.2) to ensure robust visual dis-
tillation. Since all parameters governing the original infer-
ence path remain frozen, the model’s baseline performance
remains strictly preserved during this stage.

Stage 2: LLM Mode Adaptation. In the second stage, we
fine-tune the LLM using a reduced learning rate. We em-
ploy a dual-path forward strategy: computing the average
loss derived from both Standby and Focus forward passes
before backpropagating the gradients. This mechanism en-
ables the LLM to adapt simultaneously to both inference
modes. For this stage, we incorporate a high-quality subset
of the multimodal decay data alongside the full Supervised
Fine-Tuning (SFT) dataset. Notably, all training data em-
ployed across both stages is derived exclusively from the
training set of the baseline model, POINTS1.5-8B. No ex-
ternal data is introduced, thereby ensuring a fair compari-
son.

2.3. Dual-Mode Inference
Here, we detail the inference protocols for standby mode
and focus mode. When operating in standby mode,
we feed only the compressed, short learnable token se-
quence to the LLM as visual input for inference. Con-
versely, in focus mode, the entire sequence—comprising
both the learnable tokens and the original visual tokens—is
passed to the LLM. Formally, for focus mode, we pass
{l1, ..., ln, z1, ..., zo}q to LLM. While for standby mode, we
only pass {l1, ..., ln}q . Formally, we can express the infer-
ence of the two modes as follows:

Standby : Output = LLM({l1, ..., ln}q,Text),
Focus : Output = LLM({l1, ..., ln, z1, ..., zo}q,Text)

(7)

In practice, we could use only the original visual se-
quence (without the learnable tokens) for inference. How-
ever, including the learnable tokens provides a significant
advantage for streaming visual inference: we can leverage



Table 1. Performance of Different Inference Mode. In standard focus mode, we concatenate the learnable standby tokens with the
original visual tokens and pass to LLM. Nevertheless, it makes no big difference to inference with only the original visual tokens. *ori-seq
means original sequence without standby tokens.

Model MMBench MMStar MMMU val MathVista OCRBench AI2D HallusionBench MMVet Avg
POINTS1.5-8B (baseline) 81.9 65.7 53.2 70.9 85.8 83.9 50.1 64.7 69.5
POINTS-Long (focus) 82.1 66.1 53.7 70.6 85.5 84.2 48.3 66.7 69.7
POINTS-Long (ori-seq) 82.1 65.8 53.0 69.7 85.0 83.8 48.0 67.4 69.4

Table 2. Learning Rate & Model Performance. We train the model under different learning rates (1e-5, 2e-5, 5e-5) in stage 2. Perfor-
mance differences were minimal, proving the training scheme’s robustness.

Model Num
Frame

Token/
Frame

Learning
Rate MVBench Video-MME MMBench-Video Tempcompass MLVU LongVideoBench Avg

POINTS-Long (standby) 64 16 1e-5 59.7 65.0 59.3 69.1 71.7 58.9 63.9
POINTS-Long (standby) 64 16 2e-5 58.3 64.9 59.3 69.3 71.8 58.2 63.6
POINTS-Long (standby) 64 16 5e-5 59.7 64.9 60.0 69.4 70.3 58.4 63.8
POINTS-Long (standby) 64 32 1e-5 60.8 65.7 60.9 70.3 71.6 59.5 64.8
POINTS-Long (focus) 64 32 1e-5 61.0 66.1 60.3 71.3 73.2 59.4 65.2
POINTS-Long (standby) 64 32 2e-5 61.3 65.9 60.3 70.6 70.8 59.5 64.7
POINTS-Long (focus) 64 32 2e-5 62.1 66.1 61.3 71.4 72.5 58.8 65.4
POINTS-Long (standby) 64 32 5e-5 58.8 65.8 61.3 71.3 71.1 59.4 64.6
POINTS-Long (focus) 64 32 5e-5 61.2 67.0 61.3 71.1 72.2 59.5 65.4

the ”detachable KV cache” technique (described in the main
paper Sec. 3.4) and avoid re-computation. Given that the
learnable token sequence is significantly shorter than the
original sequence, this method has a negligible impact on
accuracy and computational overhead, as we show in Tab. 1.

2.4. Training-free Token Pruning

Following the two-stage training, the standby tokens have
effectively absorbed critical visual information from the
original sequence. Previous research has indicated that the
attention distribution of learnable global representation to-
kens correlates strongly with the most salient information.
This implies that we can leverage the attention distribution
of the standby tokens relative to other tokens to identify the
most important visual tokens within the long sequence.

This enables us to perform a training-free pruning of vi-
sual tokens based directly on this distribution. Specifically,
within the final layer of the Vision Transformer (ViT), we
calculate the mean attention score for each token in the orig-
inal visual sequence relative to the standby tokens. These
scores are then sorted, and we retain only the top m% of
tokens to be fed into the LLM.

It is important to note that the pixel-shuffle operation per-
forms a projection on adjacent groups of four tokens. To
avoid disrupting this projection, our compression method
treats these four-token groups as atomic units. We calculate
a group attention score (by averaging the attention of the
four constituent tokens), ensuring that we prune at the gran-
ularity of these post-pixel-shuffle units. As demonstrated
in Tab. 4 of the main paper, this straightforward approach
outperforms other token compression methods.

3. Details on Evaluation
In this section, we explain in detail our evaluation metric.

3.1. Evaluation Benchmark
Fine-grained Image Benchmarks We leverage Open-
compass [8] image benchmark for evaluation, including
MMBench [23], MathVista [30], HallusionBench [16],
OCRBench [25], AI2D [20], MMVet [53], MMStar [5],
MMMU [54]. Note that MMMU is evaluated on valida-
tion set, MMBench is the average of MMBench test EN
and MMBench test CN. We use VLMEvalKit [10] for all
the image evaluation.
Video Benchmarks We evaluate on a wide range
of video benchmarks, including Opencompass video
leaderboard: VideoMME [13], Tempcompass [24],
MVBench [22], MMBench-Video [11], MLVU [59],
LongVideoBench [48], and other commonly used
video benchmarks: MovieChat1K [38], CG-Bench [4],
EgoSchema [31], TemporalBench [3], Activitynet-qa [2],
LVBench [46] and WorldSense [17]. We use lmms-
eval [55] to evaluate LVBench, WorldSense, EgoSchema,
TemporalBench and Activitynet-qa, while for the rest we
use VLMEvalKit [10]. Note that we evaluate CG-Bench on
its long accuracy and MLVU on M-Avg.

3.2. Streaming Video Evaluation
Streaming video understanding is an increasingly critical
application for large models. Our POINTS-Long model
is specifically designed and optimized for this scenario,
achieving a long-term visual memory bank by leveraging
a detachable KV cache and dual-mode cooperation.

Our evaluation methodology mimics a real-world
streaming scenario. For the baseline model’s inference, we



Table 3. Training Data & Model Performance. We train the model using different amount of data in stage 2. By adding more high-quality
data in stage 2 (85%-100%), we witness a steady improvement in performance.

Model Num
Frame

Token/
Frame

Training
Data MVBench Video-MME MMBench-Video Tempcompass MLVU LongVideoBench Avg

POINTS-Long (standby) 64 16 Standard 59.7 65.0 59.3 69.1 71.7 58.9 63.9
POINTS-Long (standby) 64 16 Reduced 59.3 64.0 59.0 68.9 71.3 59.2 63.6
POINTS-Long (standby) 64 32 Standard 60.8 65.7 60.9 70.3 71.6 59.5 64.8
POINTS-Long (standby) 64 32 Reduced 60.7 65.1 59.3 69.9 70.8 60.9 64.3

Table 4. Comparison with Visual Token Reduction Methods. Under the same setting (or even using fewer tokens), POINTS-Long
exceeds previous visual token reduction methods by a large margin. It’s a natural result since the standby mode is carefully trained as a
native inference mode.

Model Num
Frame

Token/
Frame

Total Num
of Token MVBench Video-MME MMBench-Video Tempcompass MLVU LongVideoBench Avg

POINTS1.5-8B (baseline) 64 324 ≈ 20K 60.3 66.1 61.0 71.1 72.0 59.8 65.0
POINTS1.5-8B (low-resolution) 64 32 2048 (10%) 54.9 61.2 51.0 67.1 67.3 53.9 59.2 (91.1%)
POINTS1.5-8B (pooling) 64 32 2048 (10%) 54.9 55.4 43.0 66.6 67.1 54.5 56.9 (87.5%)
POINTS1.5-8B (+VisionZip [51]) 64 32 2048 (10%) 56.7 60.0 51.7 66.6 65.9 54.9 59.3 (91.2%)
POINTS1.5-8B (+Dycoke [41]) 64 32 2048 (10%) 56.1 62.5 55.7 67.5 67.2 55.6 60.8 (93.5%)
POINTS1.5-8B (+PruneVID [18]) 64 32 2048 (10%) 57.8 62.0 55.3 69.3 67.5 56.5 61.4 (94.4%)
POINTS1.5-8B (+FastVID [36]) 64 32 2048 (10%) 54.9 63.9 56.0 68.3 70.1 54.5 62.7 (96.5%)
POINTS-Long (standby) 64 8 512 (2.5%) 59.4 63.5 58.0 69.9 71.9 58.2 63.5 (97.7%)
POINTS-Long (standby) 64 16 1024 (5%) 59.7 65.0 59.3 69.1 71.7 58.9 63.9 (98.3%)
POINTS-Long (standby) 64 32 2048 (10%) 60.8 65.7 60.9 70.3 71.6 59.5 64.8 (99.7%)

uniformly sample 256 frames for prefilling. Once its 64-
frame context limit is exceeded, the preceding frame’s KV
cache is discarded.

For POINTS-Long, we uniformly sample either 256 or
512 frames. The most recent 8 frames are prefilled using
focus mode. As soon as this 8-frame local window limit
is surpassed, we follow the procedure illustrated in Fig. 3
of the main paper: the standby tokens of previous frames
about to be discarded are detached and integrated into the
memory bank, while the rest are dropped. While the precise
system implementation for this detachment is complex, it
can be simplified by just re-prefilling the standby tokens.
This alternative method yields nearly identical results with
a negligible increase in computational overhead.

It is important to note that while POINTS-Long substan-
tially extends the visual memory capacity, high-FPS long
videos may still surpass the context length limit. For this
unavoidable forgetting, we recommend employing an ex-
ternal database, such as M3-agent [29]. Since this compo-
nent is outside the scope of the core POINTS-Long solution,
we do not detail a specific implementation. Our evaluation
employs a fixed number of frames specifically to measure
the performance gains within the POINTS-Long memory
capacity; performance on content exceeding this range is
expected to be no different from the baseline model.

3.3. Efficiency Benchmarking
In Sec. 4.3.6 of the main paper, we provide a detailed analy-
sis of the advantages of POINTS-Long for industrial-grade
deployment. We emphasize that POINTS-Long can signifi-
cantly accelerate inference in two key ways:
Substantial Reduction in LLM Prefill Time: POINTS-
Long significantly reduce the visual sequence length, thus

speed up the LLM prefill phase. Benchmarks using SGLang
measured a 10-20x decrease in LLM prefill latency.
Increased Decode Throughput: During the LLM decode
stage, the historical visual sequence is drastically shortened.
This allows us to parallelize significantly more decode re-
quests under the same KV cache budget. Because decod-
ing is an I/O-intensive operation, the number of parallel
requests is almost directly proportional to the throughput.
Even with our relatively naive implementation, we achieved
a 6.2x increase in generation throughput.

For our benchmarks, we used identical samples (from
VideoMME) and precisely measured LLM prefill latency
using SGLang and the PyTorch profiler. To test throughput,
we optimized SGLang’s asynchronous visual input CPU
preprocessing by using multiprocessing for frame handling,
thereby increasing request parallelism. With mem-fraction-
static=0.65, the baseline model using 256 frames could only
decode approximately 8 requests in parallel. In contrast,
POINTS-Long was able to decode over 70 requests in par-
allel. (It is worth noting that this number was constrained
by our system’s CPU performance and machine bandwidth,
suggesting that the optimal parallel capacity can be higher.)

4. More Experiment
4.1. Ablation
In addition to the ablation study on the parameter module
presented in the main paper, we conduct supplementary ex-
periments regarding training data size and learning rate.
Ablation on Learning Rate As shown in Tab. 2, we eval-
uated the model performance using varying learning rates
(1e-5, 2e-5, 5e-5) on LLM at stage 2. The results on video
benchmarks indicate minimal performance variance across



Table 5. Model Soup Performance. We apply model soup (model merge) to two models trained by different learning rates. The model’s
performance can further boost in this way.

Model Num
Frame

Token/
Frame

Total Num
of Token CG-Bench Video-MME MMBench-Video Tempcompass MLVU LongVideoBench Avg

POINTS1.5-8B (baseline) 64 324 ≈ 20K 36.7 66.1 61.0 71.1 72.0 59.8 61.1
POINTS-Long (standby) 64 16 1024 (5%) 34.6 65.0 59.3 69.1 71.7 58.9 59.8
POINTS-Long (model soup) 64 16 1024 (5%) 35.2 65.9 60.3 69.9 71.6 58.1 60.2 (+0.4)
POINTS-Long (standby) 128 16 2048 (10%) 36.2 66.4 61.0 69.6 72.7 60.3 61.0
POINTS-Long (model soup) 128 16 2048 (10%) 36.7 66.7 61.3 70.4 72.0 60.7 61.3 (+0.3)
POINTS-Long (standby) 64 32 2048 (10%) 35.7 65.7 60.9 70.3 71.6 59.5 60.6
POINTS-Long (model soup) 64 32 2048 (10%) 36.5 65.8 61.0 70.9 72.1 59.8 61.0 (+0.4)
POINTS-Long (standby) 128 32 4096 (20%) 37.3 66.9 62.0 70.1 72.5 60.4 61.5
POINTS-Long (model soup) 128 32 4096 (20%) 37.5 66.6 63.3 70.8 73.8 61.2 62.2 (+0.7)

Standby and Focus inference modes, thereby validating the
robustness of our two-stage training strategy. Consequently,
to preserve the model’s general capabilities and minimize
weight shifts, we use the smaller learning rate for stage 2.
Ablation on Training Data In Tab. 3, we demonstrate the
effect of data scaling during Stage 2. Increasing the amount
of high-quality image-text and video data yields consistent
performance improvements. This validates the criticality of
data scale and indicates promising scalability towards larger
architectures and more extensive datasets.

4.2. Comparison with Visual Reduction Methods
Recent works have extensively explored visual token com-
pression, particularly for video understanding [7, 18, 36,
41, 42, 51]. While most existing approaches are training-
free—offering high compatibility—they suffer from severe
performance degradation at high compression ratios (as dis-
cussed in our Introduction). POINTS-Long addresses this
bottleneck via native training, effectively embedding the
high-compression ’Standby’ mode as a native inference
mechanism. As shown in Table 6, this strategy allows
POINTS-Long to significantly outperform previous meth-
ods at the same compression ratio (99.7% vs. 96.5%). Re-
markably, even with 4 times fewer tokens, our model still
achieves superior performance (97.7%). This native train-
ing paradigm maximizes model potential and represents the
future architectural direction for MLLMs. Note that for all
comparison methods, we re-implement on POINTS1.5-8B-
Instruct, using only their optimization before LLM.

4.3. Model Soup Enhancement
In POINTS1.5 [26], we employ the Model Soup tech-
nique [47] to enhance performance. Model Soup involves
averaging the weights of multiple fine-tuned models—often
trained with different hyperparameters or data—to improve
generalization without incurring additional inference costs.
specifically, we performed simple parameter averaging on
two model checkpoints trained with distinct learning rates.
We observed a consistent and notable performance gain
across benchmarks (ranging from +0.3 to +0.7). This in-
dicates that the model has not yet reached its performance
upper bound and has further capacity for optimization.

5. Visualization
We visualize the position encoding mentioned in Sec. 3.3.1.
For the newly introduced learnable standby tokens, we
assign positional embeddings by uniformly sampling the
RoPE encodings from the original sequence. In Fig. 2, we
visualize the attention distribution of these standby tokens
towards other visual patches in the final layer of the ViT.
We observe a distinct positional clustering effect (or spatial
locality bias), where standby tokens tend to aggregate infor-
mation from spatially adjacent tokens. This behavior aligns
perfectly with our design expectations.

6. Failure Case Analysis
We conduct a qualitative analysis on Video-MME in Fig. 3,
comparing Baseline (64 frames) with Standby mode (128
frames). As shown in the figure below, many Standby
failures (> 50%) are caused by deficits in spatial or fine-
grained perception, whereas the Baseline fails more often
on temporal and general understanding.

7. Limitation & Future Work
In this work, we provided a comprehensive analysis of train-
ing dual-mode MLLMs and validated their effectiveness
across both offline and streaming scenarios. However, the
full potential of this dual-mode architecture remains under-
explored. For instance, future training strategies could in-
volve interleaved mode switching or utilizing the Standby
mode to scale up the number of training frames. Ideally,
the model should autonomously determine the appropri-
ate inference mode via post-training strategies, potentially
achieving frame-level precision.

Consider a long video understanding scenario: the model
could first ingest densely sampled frames in Standby mode,
then dynamically select keyframes to examine in Focus
mode based on the specific query. This concept of ’think-
ing with videos’ mirrors human cognitive patterns: skim-
ming the video first and answering directly if the question
is general, or revisiting specific segments based on mem-
ory if the query requires fine-grained details. We plan to
prioritize exploring such complex reasoning patterns in fu-
ture work. Notably, this form of adaptive visual thinking



is unattainable without POINTS-Long’s dual-mode design,
which uniquely enables reasoning over the entire video con-
text. We hope this establishes a new direction for the field
of visual reasoning.



Figure 2. Visualization of Position Encoding. We initialize learnable standby tokens by uniformly sampling RoPE embeddings from the
original sequence. We visualize their attention maps in the last ViT layer, marking assigned positions with a yellow square. For clarity, we
display only the top 10% of attention weights, where darker red indicates higher intensity. The results reveal a strong localization effect:
standby tokens primarily absorb information from their neighboring patches.



How many times does the person in the video transfer the phone to another person?
Baseline: 1 × Standby: 3 √           Skill: Temporal Perception 

What style is the video? Baseline: Match video. × Standby: Funny clip. √  Skill: General Understanding 

How many peppers can be seen on the 
plate in the video's final shot?

Baseline: 7 √ Standby: 8 ×
Skill: Object Counting

What card does the male judge pick?
Baseline: 2 of spades. √
Standby: 2 of hearts. ×

Skill: Fine-grained Recognition

How did the photographer who took pictures of the three 
tourists in the video take the photo?
Baseline: By lying down himself. √

Standby: By standing at the foot of the statue. ×
Skill: Spatial Perception

Figure 3. Failure case analysis. Standby mode fails on spatial or fine-grained perception while the baseline fails more on temporal and
general understanding.
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