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Abstract

Multimodal Large Language Models (MLLMs) have re-
cently demonstrated remarkable capabilities in cross-modal
understanding and generation. However, the rapid growth
of visual token sequences—especially in long-video and
streaming scenarios—poses a major challenge to their scal-
ability and real-world deployment. Thus, we introduce
POINTS-Long, a native dual-mode MLLM featuring dy-
namic visual token scaling inspired by the human visual
system. The model supports two complementary perception
modes: focus mode and standby mode, enabling users to
dynamically trade off efficiency and accuracy during infer-
ence. On fine-grained visual tasks, the focus mode retains
the optimal performance, while on long-form general visual
understanding, the standby mode retains 97.7-99.7% of the
original accuracy using only 1/40-1/10th of the visual to-
kens. Moreover, POINTS-Long natively supports stream-
ing visual understanding via a dynamically detachable KV-
cache design, allowing efficient maintenance of ultra-long
visual memory. Our work provides new insights into the de-
sign of future MLLMs and lays the foundation for adaptive
and efficient long-form visual understanding. Model and
code are available at Link.

1. Introduction

Multimodal Large Language Models (MLLMs) [3, 21, 49,
52, 63–65, 70, 79, 86] have recently achieved remark-
able progress in cross-modal comprehension and reason-
ing. However, these remarkable abilities come at a steep
computational cost when processing long visual content like
videos. The root cause lies in the visual tokenization, which
expands the total sequence length with video duration, re-
sulting in quadratic growth of computation and memory
costs. This inherent scalability bottleneck remains a criti-
cal challenge for real-world long-duration applications.

Extensive research has recently yielded sophisticated
strategies for visual sequence compression [41, 72, 99].
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Figure 1. POINTS-Long: Bridging the Gap between Human
Visual Perception and MLLM Scalability. Inspired by human’s
adaptive visual processing, POINTS-Long introduces a dual-mode
system which switches between high-fidelity Focus Mode and effi-
cient Standby Mode, enabling both detailed analysis and long-term
streaming understanding with significantly reduced cost.

Nevertheless, most widely-used MLLMs still rely on sim-
ple methods like pixel-shuffle [69, 70] and pooling [21].
This gap between research and practice stems from three
key challenges hindering the adoption of advanced tech-
niques in production systems: (1) Insufficient Compression
Ratio: The reduction ratio is inadequate for long-video ap-
plications (thousands of frames) without a significant drop
in performance [62, 68, 83]. (2) Lack of Generality: Models
are often forced into a trade-off, becoming either efficient
long-video specialists [37, 42, 58] that sacrifice fine-grained
reasoning, or capable reasoners that cannot scale, limiting
their utility as all-in-one assistants. (3) Deployment Dif-
ficulty: Many methods [75, 80, 94] are incompatible with
modern inference optimizations or frameworks (e.g., Flash-
Attn [14], vLLM [31], SGLang [97]), preventing their the-
oretical efficiency from being realized in practice.

This suggests that a paradigm shift, rather than incre-
mental improvements, may be necessary. We are thus moti-
vated to ask: Is the current monotonous approach to visual
processing in MLLMs inherently flawed? We draw inspira-
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tion from the human visual system, which effortlessly pro-
cesses a continuous stream of visual information without
being overwhelmed. Human perception appears to operate
in at least two distinct modes: a focused mode for high-
fidelity details and a standby mode for low-effort, general
awareness [18, 66]. This duality is also reflected in our hi-
erarchical memory [2, 50]: precise immediate recall, blurry
short-term memories, and semantic long-term recollections,
like a textual summary. This reveals an efficient architec-
ture: a precise buffer for the present, a compressed cache
for short-term, and a conceptual archive for long-term.

Inspired by this human cognitive model, we introduce
POINTS-Long, a MLLM built upon POINTS1.5 [47]. Its
core innovation is a native dual-mode visual processing sys-
tem: Focus Mode: Uses the complete visual sequence for
tasks requiring fine-grained analysis, ensuring maximum
performance. Standby Mode: Operates on a drastically
reduced number of visual tokens for the holistic perception
of long videos, with only a negligible drop in performance.

To implement this functionality without compromising
the model’s original strengths, we employ a two-stage post-
training adaptation process. First, in a visual distillation
stage, we freeze the original MLLM and train a small set
of new parameters to distill the rich information from the
full visual sequence into a compact set of ”Standby tokens”
(Sec. 3.2). This ensures that the Standby tokens are semanti-
cally aligned with the original ”Focus tokens” while leaving
the Focus mode’s pathway entirely unaffected. In the sec-
ond stage, we adapt the LLM by fine-tuning it with a small
learning rate on high-quality data, enabling it to effectively
interpret inputs from both modes (Sec. 3.3.3).

This strategic approach yields remarkable efficiency: on
the OpenCompass video benchmark, our Standby mode re-
tains 97.7%–99.7% of the original model’s performance
while using just 1/40th to 1/10th of the visual tokens. Cru-
cially, this efficiency is achieved without compromise, as
the Focus mode fully preserves the model’s original fine-
grained capacity. Furthermore, this dual-mode architecture
enables a more effective approach to streaming vision. By
dynamically combining modes, POINTS-Long emulates a
human-like memory system—a high-fidelity ”present” (Fo-
cus) and a compressed ”short-term” (Standby)—through
a novel detachable KV cache mechanism. This allows
for native, long-term understanding without costly con-
text re-prefills. Notably, POINTS-Long is designed for
practical deployment; all evaluations were conducted using
SGLang [97] inference framework. Overall, our contribu-
tions can be summarized as follows:
• We introduce POINTS-Long, a novel MLLM inspired by

human cognition. It features a dual-mode visual system
(Focus and Standby) that resolves the critical trade-off be-
tween fine-grained reasoning and long-vision scalability.

• We propose a generalizable two-stage post-training strat-

egy that can efficiently equip a well-trained MLLM with
the high-compression Standby mode while fully preserv-
ing its original performance in the Focus mode.

• We demonstrate the practical viability and state-of-the-art
efficiency of our approach. POINTS-Long natively sup-
ports long-term streaming video understanding through a
novel detachable KV cache mechanism and is fully com-
patible with modern inference frameworks, achieving up
to 6.2× generation throughput with negligible loss.

2. Related Work
Video Large Language Models. MLLMs have demon-
strated impressive capabilities in understanding multimodal
information like video [3, 21, 32, 34, 63–65, 70, 79, 89].
However, the rapid growth in computational cost from the
large number of visual tokens severely limits their scalabil-
ity for practical, long-form video tasks. To address this bot-
tleneck, some MLLMs [37, 42, 58, 62] employ visual token
compression for efficient long-form understanding. How-
ever, they often result in highly specialized models: some
sacrifice fine-grained image reasoning to become video ex-
perts, while others [53, 91] built for streaming video are
even more task-specific. This specialization highlights a
critical need for a native MLLM that can perform both long-
video processing and precise image analysis.
Efficient MLLMs Inference. The practical deployment
of MLLMs is dominated by inference frameworks like
vLLM [31] and SGLang [97]. These systems achieve
state-of-the-art throughput by leveraging kernel-level opti-
mizations like FlashAttention [14] and PagedAttention [31].
However, many visual token reduction methods are incom-
patible with these frameworks (or hard to implement), e.g.,
requiring explicit attention matrices or disrupting the uni-
form block structure of the KV cache. As a result, their
theoretical efficiency doesn’t translate to real-world perfor-
mance, severely limiting their practical use.
Visual Token Reduction in MLLMs. Some preliminary
studies mainly focus on Vision Transformers [4, 30, 55]
and KV cache compression [38, 61, 96] for LLMs. In the
context of MLLMs, common methods like Q-Former [33],
resampler [12] and pooling [8] are widely used during the
training phase to reduce visual tokens. Recently, some stud-
ies tried to handle the token reduction problem in more del-
icate ways [1, 23–25, 56, 67, 73, 84]. In particular, training-
free methods mainly leverage task-orientated attention im-
portance [10, 43, 75, 94], or inherent visual redundancy [28,
68, 81], compromising efficiency with performance. Meth-
ods that require additional training [36, 39, 40, 57, 93] can
compress visual tokens more effectively, but they often en-
force a fixed trade-off, leading to performance degradation
and poor extensibility. We aim to build a natively adaptive
MLLM that provides the flexibility to dynamically balance
between computational efficiency and reasoning accuracy.
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3. Method
3.1. Overview
Our dynamic visual understanding framework is inspired
by the human visual system, incorporating both a Focus
Mode and a Standby Mode. This design aims to selec-
tively and drastically reduce computational load, and po-
tentially maintain long visual memory, which is guided
by four key principles: (P1) Performance Preservation:
The Focus Mode remains equivalent to the original, well-
trained MLLM. (P2) Optimized Standby Performance: The
Standby Mode strives to approximate Focus Mode quality
with drastically lower cost. (P3) Deployment Simplicity:
The architecture should be easy to deploy and compati-
ble with modern inference frameworks (e.g., vLLM [31],
SGLang [97]) for real-world speed-ups. (P4) Extensibility:
The training solution should be adaptable to a wide variety
of existing MLLMs.

To adhere to these principles, we begin with an instruct
model and introduce the Standby Mode capacity via one
post-training phase. We add several learnable modules be-
tween the vision backbone and the projector (Sec. 3.3), a
solution designed to satisfy (P1) and (P3) while maximizing
the performance of (P2). We then propose a two-stage train-
ing strategy, including (1) Visual Distillation and Alignment
(2) LLM Mode Adaptation, to efficiently integrate this new
mode (Sec. 3.3.3). The resulting model natively supports
both focus and standby modes. This dual-mode capability,
with a novel detachable KV cache mechanism, allows the
model to naturally support efficient, streaming visual un-
derstanding (Sec. 3.4) while keeping its full capacity.

3.2. Architecture of Base MLLM
We use POINTS1.5-8B-Instruct (improved version of
POINTS1.5 [47]) for experiments, a highly competitive
MLLM comparable to mainstream MLLMs like Qwen2.5-
VL [3]. It is composed of a LLM initialized from Qwen3-
8B-base [78] (1D RoPE [60] for visual inputs) and a
native-resolution image encoder initialized from Qwen2-
VL-ViT [69] (employing 2D RoPE). This base model has
already undergone a comprehensive, multi-stage training
pipeline, including multimodal alignment, continued pre-
training, multimodal SFT, and post-training phase. (de-
tails are in supplementary material). Our proposed dynamic
dual-mode scheme is applied as a post-training phase on
top of this instruct model. Note that our approach can be
applied to any MLLM following a similar architecture.

3.3. Native Visual Compression Structure
Starting from POINTS1.5-8B-Instruct architecture, we in-
troduce a novel modification to the vision backbone (ViT)
and projector, keeping the original inference path un-
changed. The core objective is to distill the vast information

from the original visual sequence into a small set of tokens,
enabling a highly efficient ”standby” mode without com-
promising the performance of the original ”focus” mode.

3.3.1. Dual-Path ViT Architecture
Inspired by CLIP [54], we append n learnable tokens onto
the patchified sequence, where n is significantly smaller
than the average visual sequence length. These tokens are
intended to act as a compressed representation of the full
sequence. However, integrating these learnable tokens in-
troduces a training dilemma: (1) If we freeze the ViT and
train only the learnable tokens, the model lacks the fitting
capability to distill complex visual information, leading to
poor performance (Tab. 6). (2) Unfreeze ViT can improve
the fitting capability, but the training dynamics are altered,
impairing the model’s original ”focus mode” performance.

To resolve this, we re-architect the ViT by introducing
a parallel processing path for new learnable tokens, shown
in Fig 2. Similar to MoT [15], for each MLP layer in the
ViT, we duplicate it to create a new one, which is initial-
ized with the weights of the original MLP. The original
visual sequence is processed by the original MLPs, while
the new learnable tokens are processed exclusively by these
new MLPs. This parallel structure is also mirrored in the
final projector with the same operation. The key interaction
between these two paths is the shared attention block. This
simple design significantly boosts the performance (Tab. 6).

In addition, to preserve the invariability of the original
”focus” path, we employ an asymmetric attention mask: the
original patch tokens compute attention only among them-
selves (masking out new learnable tokens), ensuring the
invariance of their representations. In contrast, the learn-
able tokens are allowed to attend to the entire sequence, en-
abling them to aggregate global visual information. This
simple masking strategy is fully compatible with Flash At-
tention [14]. Finally, we assign positional embeddings to
the learnable tokens by uniformly sampling the original 2D
RoPE [60], an initialization technique that, as visualized in
our supplementary material, encourages different tokens to
specialize in different spatial regions of the image.
Discussion This methodology was designed to achieve the
4 principles outlined in Sec. 3.1: The parallel ViT architec-
ture and asymmetric attention mask ensure the original path
is undisturbed, maintaining focus mode performance and
easing deployment. The added parameters enhance the rep-
resentation ability, boosting the capacity of standby mode.

3.3.2. Temporal Modeling
The architecture so far originates from POINTS1.5 im-
age encoder and, consequently, solely addresses intra-frame
spatial redundancy, overlooking the significant temporal re-
dundancy in video inputs, which can be more critical.

A naive application of our method would compress
each frame into n tokens independently and then concate-
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n learnable tokens (orange) processed through duplicated learnable MLPs and projector, to act as the compressed representation of the full
sequence. An additional temporal modeling allows better compression for video inputs. With symmetric attention mask, the original path
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when reaching maximum budget. (↓) POINTS-Long encodes new
frames in Focus Mode. When local window is full, the original
sequence’s cache is detached, and the compact standby-sequence
cache is migrated to a long-term ”Memory Bank”.

nate. However, a joint compression that models spatio-
temporal relationships could achieve higher information fi-
delity. Therefore, to further enhance the standby mode’s
efficacy for video, we introduce an explicit temporal mod-
eling component. As shown in Fig 2, we insert a temporal
attention module into the final layers (last 5) of the ViT, po-
sitioning it between attention and MLP blocks. This module
operates only on the compressed learnable token sequences.
It concatenates the learnable tokens from k adjacent frames
and applies causal attention across this new temporal se-
quence. We use standard 1D RoPE as position encoding.

Through this temporal attention layer, the compressed
representations of neighboring frames can exchange and re-
fine information, significantly raising the upper bound of in-
formation retention in the final standby sequence for video
understanding. The use of causal attention is a deliberate

design choice to ensure compatibility with streaming video
encoding scenarios (as detailed in the supplementary ma-
terial). We note that this explicit temporal module is only
designed for MLLMs with image encoder as ViT, while for
those using native video encoder, it’s no longer necessary.

3.3.3. Two-Stage Dual-Mode Training
To adapt the MLLM to these two distinct modes, we pro-
pose a two-stage training pipeline (Fig. 2).
Stage 1: Visual Distillation and Alignment We freeze all
parameters of the original POINTS1.5 model (ViT, projec-
tor, and LLM) and train only the newly introduced compo-
nents: the learnable tokens, the duplicated MLP, projector
and the temporal attention layers. During this stage, the
LLM is fed only the compressed learnable token sequence.
This stage functions similarly to the alignment phase in
MLLM training, forcing the new modules to distill the es-
sential visual information into the compact token sequence.
For this stage, we use the POINTS1.5 alignment data and a
subset of the multimodal continue-pretrain data.
Stage 2: LLM Mode Adaptation After Stage 1, the learn-
able tokens effectively carry the distilled visual information.
However, the LLM has not been trained to understand this
new, compressed sequence format. Therefore, in Stage 2,
we unfreeze the LLM and fine-tune it with a small learning
rate, training it jointly with the Stage 1 parameters. Mean-
while, a critical challenge arises: even low-LR fine-tuning
can degrade the LLM’s performance on the original focus
mode. To mitigate this, we employ a 2-forward training
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strategy: In each training step, we perform two forward
passes. Pass 1 (Standby): We feed LLM the short learn-
able token sequence. Pass 2 (Focus): We feed the LLM the
full sequence (learnable tokens + original tokens).

We average the losses from both passes and backpropa-
gate the combined loss. This joint objective forces the LLM
to adapt to the new standby mode while maintaining its
original focus mode capabilities. As shown in Tab. 4 and
Tab. 6, this method significantly improves standby mode
performance while fully preserving focus mode accuracy.
Discussion While other token compression modules exist,
e.g. resampler [26] or Q-Former [33], they often suffer from
training instability due to the random initialization of new
parameters. Our approach, by contrast, initializes all new
modules from the pre-trained weights, ensuring a more sta-
ble training. Furthermore, our parallel MLP design main-
tains better computational parallelism than sequential cross-
attention modules. Still, our primary contribution is not the
specific compression module itself, but the introduction of
a human-like, dual-mode paradigm that allows a model to
switch between high-efficiency (standby) and high-fidelity
(focus) visual processing at will.

3.4. Model Inference
Offline Inference Following the two-stage training,
POINTS-Long can perform two distinct modes, Focus and
Standby, which can be selected based on task requirements.
(1) Fine-grained Understanding (Focus Mode): For tasks
demanding high-fidelity detail, Focus Mode is employed to
achieve optimal performance (see Tab. 4).
(2) Holistic Long-sequence Understanding (Standby
Mode): For tasks involving holistic comprehension or long
visual sequences (e.g., video-QA), we switch to Standby
Mode. This mode achieves nearly identical performance
using drastically fewer tokens. For example, processing 64
frames of a 480p video, which originally required ≈20k
visual tokens, now requires only 0.5k-2k tokens while
retaining 97.7-99.7% of the full-sequence performance.
Notably, Standby Mode effectively overcomes the context
length limitations of most MLLMs (e.g., 32k). By rep-
resenting each frame compactly, POINTS-Long can gain
steadily with respect to sampled frame number (Tab. 3).
Streaming Inference POINTS-Long is inherently well-
suited for the streaming scenario. Previous models face
a critical limitation on streaming understanding: as new
frames are encoded (prefilled), the context limit/KV cache
budget will eventually be reached. At that time the oldest
cached frame will be discarded, resulting in a short memory
window, e.g., prefilling a 480p video at 2fps would retain
only about 50 seconds of visual memory for 32K context.

Meanwhile, POINTS-Long enables a far more effec-
tive hybrid memory strategy. As shown in Fig 3, we can
maintain a ”local window” by Focus Mode (prefilling new

frames using short+full sequence) and a ”memory bank” in
Standby Mode (retaining only the short-seq KV cache from
older frames). When the local window limit is reached,
we only discard the large full-sequence cache, migrating its
compact standby-sequence cache into the long-term mem-
ory bank. This allows us to manage a 32k context budget
dynamically, e.g., a 4k local window and a 28k memory
bank would allow the model to maintain 6 seconds of com-
plete current visual information (Focus) while preserving
up to 30 minutes of compressed visual memory (Standby).
This represents up to 40x increase in memory duration.
Discussion In real-world scenarios, many tasks prioritize
efficiency over fine-grained detail, e.g., video tagging and
security auditing. Concurrently, emerging applications like
interactive livestreaming and multimodal assistants demand
both long-term comprehension and high-fidelity analysis.
Meanwhile in MLLM design, efficiency and granularity are
always treated as a fixed trade-off, i.e., either an efficient
model or a performant one. Inspired by the observations
of human visual processing, we argue that the two modes
should be decoupled and fit in one single model, i.e., rather
than a fixed trade-off, they should represent a choice.

In this work, the choice between modes is predefined at
inference time. We believe that an advanced model could
learn to make this choice dynamically——learning which
parts of a video to ”glance” at (Standby) and which to ”scru-
tinize” (Focus). This concept, which we term ”Thinking
with Videos” [90], will be explored in future work.

4. Experiments

4.1. Implementation Details
To balance between efficiency and fidelity, we compress
single image into n ∈ {8, 16, 32} tokens and set tempo-
ral k = 8. For stage 1, we use the alignment data of
POINTS1.5 and a subset of pretrain data. The newly in-
troduced parameters were trained with learning rate 5e-5.
For stage 2, we use high-quality data from pretrain and SFT
stage, where the LLM parameters are unfrozen and jointly
trained with learning rate 1e-5 (details are in supplementary
material). The two-stage training process required approx-
imately 25,000 H20 GPU hours. Note on Reproducibility:
This work is primarily aimed at MLLM pre-training teams.
The computational cost is highly dependent on the scale of
proprietary training data and the size of the model.

4.2. Evaluation & Benchmarks
Fine-grained Image Benchmarks We follow Opencom-
pass [13] image leaderboard, evaluating on MMBench [44],
MathVista [48], HallusionBench [20], OCRBench [46],
AI2D [29], MMVet [87], MMStar [9], MMMU [88].
Video Benchmarks We evaluate on a wide range
of video benchmarks, including Opencompass video
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Table 1. Opencompass Video Benchmark. Under the same setting (64 frames), POINTS-Long achieves competitive performance (97.7%-
99.7%) against original POINTS1.5-8B with drastically less tokens (2.5%-10%), and retains even better focus mode performance.

Model Num
Frame

Token/
Frame

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

Qwen2-VL-7B [69] 64 - >12k 66.0 59.7 48.3 69.6 66.4 55.6 60.9
MiMo-VL-7B-RL [63] 64 - >12k 63.2 65.0 54.0 - 66.2 - -
Qwen2.5-VL-7B [3] 64 - >12k 67.5 62.8 53.0 72.0 70.2 56.0 63.6
VideoLLaMA3-7B [89] - - >12k 69.7 66.2 - 68.1 73.0 59.8 -
InternVL2.5-8B [11] 64 - >12k 70.5 63.7 56.0 68.7 68.5 - -
Qwen2.5-Omni-7B [76] 64 - >12k 69.0 64.1 55.0 70.7 67.5 - -
InternVL3-8B [101] 64 - >12k 73.2 66.0 56.3 70.4 71.4 58.8 66.0
GLM4.1V-9B [65] - - >12k 68.2 68.4 54.3 - 71.5 65.7 -
Kimi-VL-A3B-2506 [64] - - >12k 59.7 67.8 - - 74.2 64.5 -
InternVL3.5-8B [70] - - > 12k 72.1 66.0 55.7 - 70.2 62.1 -
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-res) 64 32 2048 54.9 61.2 51.0 67.1 67.3 53.9 59.2
POINTS1.5-8B (pooling) 64 32 2048 54.9 55.4 43.0 66.6 67.1 54.5 56.9
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%)
POINTS-Long (focus) 64 324+32 ≈ 22K 61.0 66.1 60.3 71.3 73.2 59.4 65.2 (100.3%)

Table 2. More Video Benchmarks. We evaluate on more video benchmarks to prove universality.

Model Num
Frame

Token/
Frame

Total Num
of Token

CG-Bench
(long-acc) MovieChat1k Egoschema LVBench TemporalBench Activitynet-qa WorldSense Avg

Moviechat [59] - - >12k - 62.3 53.5 22.5 - 45.7 - -
LLaVA-OV-7B [32] 64 - >12k 30.9 - 59.8 26.9 59.4 56.0 37.7 -
MiMo-VL-7B-RL [63] 64 - >12k - - 59.4 37.1 - - -
LLaVA-Video-7B [95] - - >12k - - 57.3 - 63.6 56.5 40.2 -
InternVL3-8B [101] - - >12k 38.6 - - 44.1 - - - -
POINTS1.5-8B (baseline) 64 324 ≈ 20K 36.7 77.0 60.6 44.3 64.3 54.3 40.4 53.9
POINTS-Long (standby) 64 8 512 (2.5%) 33.6 76.0 59.7 40.4 64.4 55.4 39.4 52.7 (97.8%)
POINTS-Long (standby) 64 16 1024 (5%) 34.6 73.0 60.5 42.5 65.1 55.1 39.7 52.9 (98.1%)
POINTS-Long (standby) 64 32 2048 (10%) 35.7 77.0 62.6 42.6 64.1 54.7 40.0 53.8 (99.8%)
POINTS-Long (focus) 64 324+32 ≈ 22K 35.4 79.0 62.5 44.5 64.5 54.7 40.4 54.4 (100.9%)

leaderboard: VideoMME [19], Tempcompass [45],
MVBench [35], MMBench-Video [17], MLVU [100],
LongVideoBench [74], and other commonly used
video benchmarks: MovieChat1K [59], CG-Bench [7],
EgoSchema [51], TemporalBench [6], Activitynet-qa [5],
LVBench [71] and WorldSense [22]. For Streaming
understanding, we choose LongVideoBench, VideoMME,
MLVU, LVBench, EgoSchema and CG-Bench. We use
VLMEvalKit [16] and lmms-eval [92] for evaluation.

4.3. Main Results
4.3.1. General Video Understanding
In Tab. 1 and 2, we compare POINTS-Long with base
model POINTS1.5-8B-Instruct on a wide range of video
benchmarks, under the same setting. As shown in Tab. 1,
with only 2.5% to 10% of the original tokens, our Standby
Mode retains 97.7% to 99.7% of the full performance. Sim-
ilar results are observed in Tab. 2 on more benchmarks.

This high level of performance retention, achieved
through our native dual-mode training, significantly out-
performs all prior visual token compression schemes, e.g.
PruneVid [24] retains only 96.9% at a 10% token ratio.
In Tab. 1, we report results using avg-pooling and low-
resolution. Even with 4 times fewer tokens, POINTS-Long
outperforms the baselines by a large margin (+4.3%). No-
tably, when operating in Focus Mode, the model’s perfor-
mance is fully maintained (65.2 vs 65.0). This allows users

to fully leverage the flexibility of our dual-mode system.
Furthermore, our model is designed for practical deploy-

ment: it requires no hyperparameter tuning, works out-of-
the-box, and can be easily deployed in modern inference
frameworks, making it ideal for industrial applications.

4.3.2. Scalability of Frames in Inference
We observe that for general MLLMs, video understanding
performance stops increasing when exceeding certain num-
ber of frames (e.g. 64) [27, 102]. We attribute this phe-
nomenon to the LLM’s long-range decay, stemming from
inherent limitations in context length and their training data.

To validate the assumption, we evaluated our Standby
Mode on long-video understanding benchmarks. As shown
in Tab. 3, the base model’s performance doesn’t improve
much when scaling from 64 to 128 frames. In contrast,
the Standby Mode of POINTS-Long shows continuously
improving performance as the number of input frames in-
creases. This allows it to achieve superior results on long-
video tasks, all while using a much smaller token budget.

Note that POINTS1.5 was never trained on data over 128
frames. This zero-shot scalability is a remarkable property
that only manifests in Standby Mode. We defer a detailed
theoretical explanation for this phenomenon to future work.

4.3.3. Fine-grained Image Understanding
A core design principle of POINTS-Long is the preser-
vation of its fine-grained understanding capabilities. Un-
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Table 3. Scalability of Inference Frame. By drastically compressing visual tokens, POINTS-Long can process more frames without
context length overflow. we witness a steady gain with respect to frame number, which is not always the case for general MLLMs.

Model Num
Frame

Token/
Frame

Total Num
of Token LVBench VideoMME

(Long/Overall) MMBench-Video CG-Bench
(60+/Overall) MLVU LongVideoBench

(3600+/Overall) Avg

POINTS1.5-8B 64 324 ≈ 20K 44.3 56.0/66.1 61.0 31.1/36.7 72.0 50.7/59.8 52.5
POINTS1.5-8B 128 144 ≈ 18K 45.4 54.4/65.0 61.3 32.4/37.0 72.0 51.2/60.2 52.8
POINTS-Long 64 8 512 (2.5%) 40.4 54.0/63.5 58.0 29.5/33.6 71.9 49.3/58.2 50.5
POINTS-Long 128 8 1024 (5%) 42.9 56.4/64.4 59.0 31.1/35.3 71.9 49.5/59.6 51.8
POINTS-Long 256 8 2048 (10%) 43.6 57.1/66.1 60.0 30.4/36.0 72.4 50.7/59.7 52.4
POINTS-Long 64 16 1024 (5%) 42.5 55.3/65.0 59.3 30.7/34.6 71.7 48.4/58.9 51.3
POINTS-Long 128 16 2048 (10%) 43.1 56.4/66.4 61.0 33.2/36.2 72.7 51.6/60.3 53.0
POINTS-Long 256 16 4096 (20%) 44.1 58.0/66.9 61.3 33.6/37.4 72.2 50.7/59.5 53.3
POINTS-Long 64 32 2048 (10%) 42.6 55.9/65.7 60.9 32.0/35.7 71.6 48.6/59.5 51.9
POINTS-Long 128 32 4096 (20%) 45.3 56.9/66.9 62.0 32.0/37.3 72.5 51.1/60.4 53.3
POINTS-Long 256 32 8192 (40%) 46.9 58.0/66.5 61.3 34.4/37.4 72.5 49.8/59.8 53.8

Table 4. Opencompass Image Benchmark. We show that our two-stage training will not harm the fine-grained capacity of focus mode.
Bonus: With simple training-free attention-based pruning, the focus mode can be more efficient, beating other training-free baselines.

Model MMBench MMStar MMMU val MathVista OCRBench AI2D HallusionBench MMVet Avg
Qwen2-VL-7B [69] 81.0 60.7 53.7 61.6 84.3 83.0 50.4 61.8 67.1
InternVL2.5-8B [11] 82.5 63.2 56.2 64.5 82.1 84.6 49 62.8 68.1
MiniCPM-o-2.6 [82] 80.6 63.3 50.9 73.3 88.9 86.1 51.1 67.2 70.2
Qwen2.5-VL-7B [3] 82.2 64.1 58 68.1 88.8 84.3 51.9 69.7 70.9
Ovis2-8B [49] 83.6 64.6 57.4 71.8 89.1 86.6 56.3 65.1 71.8
SAIL-VL1.6-8B [85] 84.0 69.5 55.4 74.2 90.5 87.5 54.4 73.3 73.6
InternVL3-8B [101] 82.1 68.7 62.2 70.5 88.4 85.1 49.0 82.8 73.6
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
+ Attn-prune 50% 82.0 64.5 52.4 69.0 83.5 84.2 47.2 66.7 68.7
+ Avg-pooling 50% 80.7 62.2 53.0 64.6 75.1 83.8 48.5 65.5 66.7
+ Folder [68] 50% 81.5 64.0 52.7 64.0 75.5 83.5 49.1 64.9 66.9

like specialized video models [37, 42, 58], POINTS-Long
completely retains the original model’s fine-grained im-
age understanding abilities through its Focus Mode. As
shown in Tab. 4, POINTS-Long (Focus Mode) matches the
base model’s performance (69.7 vs 69.5), proving that our
dual-mode training process is strictly beneficial and non-
destructive to the model’s core capabilities.

Furthermore, as an extra bonus, the learnable tokens can
be leveraged to perform training-free visual token pruning.
Specifically, by using the average attention weights from the
learnable tokens in the final ViT layer to all visual tokens,
we retain only the top m% with the highest scores for the
LLM (details in the supplementary material). This simple,
training-free method yields impressive results. Compared
to avg-pooling and other plug-and-play techniques [68], our
attention-based pruning method achieves significantly bet-
ter performance retention at the same compression ratios.

4.3.4. Streaming Video Inference
Streaming video understanding demands both fine-grained
understanding of recent events and robust long-term mem-
ory. Standard MLLMs [3, 47, 70] fail the latter: as new
frames are prefilled, the context window is exhausted, forc-
ing the earliest KV cache to be discarded. Such ”sliding
window” methods [77] yield only short-term memory. Con-
versely, specialized streaming models [53, 91] sacrifice the
former, lacking critical fine-grained understanding.

POINTS-Long, however, is inherently well-suited for
such a scenario via its dual-mode system. To validate the
claim, we compare two setups. The baseline model is lim-
ited to a 64-frame sliding window, discarding older frames’
KV cache. POINTS-Long, by contrast, activates its dual-
mode strategy (Sec. 3.4): the most recent 8 frames in Focus
Mode (local window) and all preceding frames in Standby
Mode (memory bank). We evaluate at the end of the video
to test long-term recall. As shown in Tab. 5, the base-
line fails due to information loss, whereas POINTS-Long
achieves superior performance by its high-quality memory.

4.3.5. Ablation Study
Tab. 6 validates our key design choices. Duplicating the
MLP layers enhances fitting capability, significantly boost-
ing visual distillation. The temporal attention layer mod-
els temporal redundancy for more compact compression,
further enhancing video understanding. Finally, our two-
stage training is crucial: the second stage substantially im-
proves Standby Mode while successfully preserving the Fo-
cus Mode’s fine-grained understanding. Our final design,
combining all components, yields the best performance.

4.3.6. Inference Efficiency and Performance
A primary motivator for POINTS-Long is computational ef-
ficiency. Prior research on visual token compression [10,
84, 94] focus solely on algorithms, overlooking the practi-
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Table 5. Streaming Understanding. General MLLMs struggle at long-range streaming VQA, while POINTS-Long preserves ultra-long
memory by detachable KV cache mechanism shown in Fig 3, resulting in much better performance.

Model Num
Frame

Token/
Frame

Total Num
of Token LVBench Video-MME CG-Bench Egoschema MLVU LongVideoBench Avg

VideoStreaming [53] - - 256 - - - 44.1 - - -
Qwen2-VL-online [69] - - 11520 39.8 59.4 - 64.0 62.9 - -
Flash-Vstream [91] - - 11520 42.0 61.2 - 68.2 66.3 - -
POINTS1.5-8B-online 64 324 20736 41.7 59.3 33.1 59.3 64.7 53.5 51.9
POINTS-Long 248+8 8 3200 44.2 65.4 36.4 61.6 71.8 59.3 56.5
POINTS-Long 504+8 8 5248 46.0 65.0 35.5 59.7 70.3 59.2 56.0
POINTS-Long 248+8 16 5248 46.3 65.8 37.0 60.7 72.1 59.1 56.8
POINTS-Long 504+8 16 9344 48.6 64.9 35.6 58.4 71.2 58.8 56.3

Table 6. Ablation Study. We ablate the training design in Sec. 3.1. All components are essential for obtaining the optimal result.

Num
Frame MLP Temporal Stage 2 MVBench Video-MME MMBench-Video Tempcompass MLVU LongVideoBench Avg

64 × × × 55.6 58.6 47.3 67.1 67.4 52.7 58.1
64 ✓ ✓ × 57.5 61.5 53.7 67.8 69.2 56.2 61.0
64 ✓ × ✓ 58.1 63.2 56.3 69.8 70.6 57.5 62.6
64 ✓ ✓ ✓ 59.4 63.5 58.0 69.9 71.9 58.2 63.5

Table 7. Real-world Inference Speed-up. We evaluate the speed-
up of the LLM side prefilling and decoding using SGLang and
Pytorch Profiler on H20. While ViT’s cost grows linearly with the
number of frames, LLM shows a quadratic increase in complexity.

Model Num
Frame

Token/
Frame

FLOPs
(ViT+LLM)

LLM Prefill
Latency (s)

Generation
Throughput (token/s)

POINTS1.5-8B 128 144 99.7+456.7 3.23 311
POINTS1.5-8B 256 144 199.4+1314.5 8.95 240
POINTS-Long 128 8 106.2+14.8 0.21 (6.5%) 1887 (6.1×)
POINTS-Long 256 8 208.5+30.9 0.41 (4.6%) 1494 (6.2×)
POINTS-Long 128 16 110.8+30.9 0.41 (12.7%) 1447 (4.7×)
POINTS-Long 256 16 221.6+66.8 0.70 (7.8%) 1124 (4.7×)

cal deployment. Here, we analyze the acceleration benefits
of Standby Mode from an infrastructure perspective. We
divide MLLM into two components: ViT and LLM, which
have very different computational and memory profiles.
Disparate Workloads The ViT-LLM computational bal-
ance is task-dependent. (1) For high-resolution images: For
∼10B models, compute is surprisingly comparable, as tech-
niques like pixel-shuffle shortens the LLM’s sequence. (2)
For long videos: The bottleneck shifts to LLM. ViT com-
pute scales linearly with frames, whereas the LLM’s prefill
scales quadratically, creating a dominant cost (Tab. 7).
Distinct Compute Phases The ViT encoding and LLM pre-
fill phases are compute-intensive, while the LLM decode
phase is I/O bound, as its speed is primarily limited by read-
ing the KV cache. Infrastructure optimizations like continu-
ous batching [31] maximize throughput by batching parallel
decode requests. The primary factor limiting this batch size
is the available VRAM for the KV cache.

Based on these characteristics, our Standby Mode pro-
vides two crucial acceleration benefits:
(1) Drastic Reduction in LLM Compute and Latency As
shown in Tab. 7, Standby Mode slashes the LLM’s compute
by 30-40×. While ViT compute is not reduced, it can be
overlapped with LLM, similar to ”decoupled deployment”

(PD) schemes [70, 98]. This optimization is paramount, as
the LLM’s total time (prefill + decode) typically exceeds the
ViT’s encode time, making it the primary bottleneck.
(2) Increased Generation Throughput via Batching By
reducing the visual sequence length, the KV cache footprint
per sample becomes drastically smaller. This allows the in-
ference system to batch significantly more concurrent de-
code requests within the same VRAM budget. This directly
translates to a massive improvement (6.2×) in overall gen-
eration throughput, a critical metric for production services.

We validated these claims using SGLang [97] and Py-
Torch Profiler. Despite our implementation being prelim-
inary and not fully optimized, the practical benefits are al-
ready substantial. As shown in Tab. 7, Standby Mode signif-
icantly reduces LLM prefill latency and boosts generation
throughput. These advantages are especially pronounced in
multi-frame video scenarios, confirming our approach’s ef-
fectiveness for processing long visual sequences.

5. Conclusion
We introduce POINTS-Long, a novel dual-mode MLLM
addressing the trade-off between fine-grained performance
and computational efficiency. Inspired by human cognition,
POINTS-Long operates in a high-fidelity ”Focus Mode”
and a highly compressed ”Standby Mode”. Our two-stage
post-training strategy effectively integrates Standby Mode
while fully preserving fine-grained abilities. POINTS-Long
achieves state-of-the-art efficiency, retaining 97.7%-99.7%
performance with only 1/40-1/10th visual tokens. Its dual-
mode architecture also enables an efficient detachable KV
cache for long-term streaming video understanding. Com-
patible with modern inference frameworks like SGLang,
POINTS-Long offers a practical and powerful solution to
the challenging trade-off in MLLM visual understanding.
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