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ABSTRACT

Continuous, high-frame-rate, high-resolution processing of long video streams is
critical for future Al agents, yet current video-understanding LLMs struggle to
scale. Offline, fixed-frame-number methods require the stream length to adapt
frame rates; streaming methods constrain memory by merging or discarding to-
kens, losing information. We propose video-SALMONN S, a streaming au-
dio—visual LLM that, to our knowledge, is the first to process >3-hour videos at
1 FPS and 360p resolution under a fixed memory budget. Our model introduces
(i) a test-time-training (TTT) memory module that continually updates token rep-
resentations to capture long-range dependencies by replacing token merging, and
(i1) a prompt-dependent memory reader that selectively retrieves context-relevant
content from fixed-size memory. The TTT module is optimised with a Hessian-
free conjugate-gradient procedure (TTTyg) for efficient adaptation. On long-video
benchmarks (Video-MME, LVBench, VideoEvalPro), video-SALMONN S sus-
tains high-quality understanding on multi-hour videos with >10k frames and
~1M tokens. Our 8B-parameter model achieves 74.2% overall and 67.8% on
the Video-MME long split, outperforming both offline and streaming baselines.

1 INTRODUCTION

Processing video streams of any length at a fixed high frame rate and a decent resolution is one
of the crucial abilities in future Al agents. Despite the rapid progress in state-of-the-art visual and
audio-visual large language models (LLMs) (Li et al., 2024; Zhang et al., 2024d; Wang et al., 2024a;
Lin et al., 2024a; Bai et al., 2025; Zhang et al., 2025a; Tang et al., 2025a; Sun et al., 2025), most of
them only perform offline video understanding by setting a maximum number of input visual tokens
to the Transformer, hence yielding a significant information loss for long videos. Some recent work
explores token compression methods to achieve longer video understanding (Li et al., 2025b; Tan
et al., 2024; Tang et al., 2025b; Chen et al., 2024a; Zhang et al., 2025c¢), especially ones using a
prompt to achieve high compression ratios (Gao et al., 2024; Wang et al., 2025b).

However, since it is usually unknown how long the video can be or when the user prompt may
come, it becomes impractical for those offline LLMs in real-world scenarios, as Transformers always
have a limited attention span. Streaming video understanding models that process video at a fixed
frame rate are then developed, mostly merging or discarding tokens to construct a fixed internal
memory (Qian et al., 2025; Yang et al., 2025a; Song et al., 2024; Zhang et al., 2025b; Huang et al.,
2025). These methods predominantly focus on short videos due to significant information loss when
the video gets much longer, which often yields degraded performance compared to their offline
counterparts. More recent work explores agentic methods by constructing an external database and
retrieving from it (Long et al., 2025). While being able to handle longer videos, dedicated training
data is required, and the external memory size grows linearly with the video length.

To overcome these limitations, we propose video-SALMONN S, a streaming audio-visual LLM ca-
pable of understanding >3-hour videos at 1 FPS and 360p resolution under a fixed memory budget.
Our method introduces the following two key innovations in long-term memory design.

Test-time training (TTT) for memory writing: Instead of discarding or merging, we apply a
lightweight TTT layer to visual tokens, encoding long-term context into TTT parameters. Unlike
a single recurrent hidden state (Gu & Dao, 2023; Dao & Gu, 2024), the TTT layer stores history
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in its parameters, enabling stronger long-term dependency modelling. To further enhance memori-
sation, we propose TTTyr, which leverages Hessian-free optimisation via conjugate gradient (CG)
(Martens, 2010b), efficiently minimising reconstruction loss with only a few test-time updates.

Prompt-dependent memory reading: Inspired by AdaReTaKe (Wang et al., 2025b), we design
an attention-based retrieval mechanism to select relevant KV-cache entries of the LLM backbone
conditioned on the prompt, allowing large fixed-size memory to be maintained in streaming mode.

We evaluate video-SALMONN S on both standard and extremely long video benchmarks, including
LVBench (Wang et al., 2024b) and VideoEvalPro (Ma et al., 2025). Videos are processed at 1 frame
per second (FPS) and 360p resolution, corresponding to around 10k frames and up to 1M tokens in
extreme cases. Results show that video-SALMONN S not only outperforms offline counterparts on
long videos, but also achieves state-of-the-art (SOTA) performance overall among 7B/8B models. In
particular, our 8B audio-visual model achieves 74.2% overall accuracy on VideoMME, with 67.8%
on the long-video partition. Main contributions are summarised as follows:

* We propose video-SALMONN §, the first audio-visual LLM that can understand >3-hour
standard definition of 360p videos at 1 FPS. video-SALMONN S employs a novel stream-
ing video understanding framework including a TTT-powered long-term memory module
and a prompt-dependent information extraction mechanism.

* We propose TTTyg, which uses the Hessian-free (HF) method to further boost the memory
efficacy in video-SALMONN S. TTTyr helps the model to achieve better performance by
achieving a better convergence of TTT reconstruction loss without harming the information
flow from each TTT update through the TTT layer.

* video-SALMONN S achieves streaming understanding of video of multiple hours corre-
sponding to around 1M visual tokens in total, and yields better performance compared to
non-streaming models with a notable 74.2% accuracy on Video-MME.

2 RELATED WORK

2.1 LONG VIDEO UNDERSTANDING

The key challenge of long video understanding is efficient compression of information into a size
that the LLM can process. A number of training-based methods (Li et al., 2025b; Zhang et al.,
2024b; Shen et al., 2024; Shu et al., 2024; Liu et al., 2025a) have been proposed to reduce the
number of visual tokens needed to represent each video frame. Some recent visual LLMs, such
as Qwen2.5-VL (Bai et al., 2025), inherently contain token merging modules and a much longer
context LLM backbone that are suitable for long video understanding. Meanwhile, training-free
methods (Liu et al., 2025b; Zhang et al., 2024¢; Yang et al., 2025a; Wang et al., 2024¢; 2025b) are
also investigated, which mainly select KV-cache in each Transformer block. Specifically, ReTaKe
(Wang et al., 2024c) applies a dynamic key-value (KV) cache compression by selecting and keeping
the important KV-pairs only based on their similarities. The follow-up work, AdaReTaKe (Wang
et al., 2025b) applies prompt-based KV-Cache selection depending on the attention scores.

2.2  ONLINE VIDEO UNDERSTANDING AND TEST-TIME TRAINING

Online video understanding requires processing frames continuously in real time, where the stream
length is unknown, precluding the offline practice of pre-selecting a fixed, uniformly sampled frame
set. Models, therefore, must operate under a fixed memory budget to stay within the LLM’s con-
text window. Prior work follows two main directions. Token-reduction methods fix the number
of visual tokens: MovieChat Song et al. (2024) merges tokens via similarity-based consolidation,
and VideoLLMonline (Chen et al., 2024a) reduces each frame to about 10 tokens for efficiency.
External-memory methods compress and organise visual tokens and retrieve the most relevant ones
at query time: Flash-VStream (Zhang et al., 2024a) and Dispider (Qian et al., 2025) fuse retrieved
visual tokens with text tokens before feeding them into the multimodal LLM. A complementary line
targets KV-cache compression and retrieval: ReKV (Di et al., 2025) offloads layer-wise caches to
external storage for on-demand fetching; Ning et al. (2025) compresses the KV cache to cut mem-
ory and accelerate question answering (QA) relative to ReKV; StreamMem and InfiniPot-V (Kim
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Figure 1: Overall model structure of video-SALMONN S. The video encodings are first passed
through the TTTyr layer (Section 3.2) followed by a similarity discarding procedure to keep fixed-
size memory (Section 3.1). The fixed memory is then used as the input to the LLM, optionally using
a prompt-dependent reading mechanism (Section 3.3). Audio tokens bypass the TTTyg layer.

et al., 2025) further improve efficiency via dynamic, non-uniform KV compression. Wang et al.
(2025a) explores the concept of test-time training, but focuses on adaptation to local changes at test
time that does not require long-term dependencies. In contrast, video-SALMONN S avoids hard
token dropping/merging by using TTT to continually update the memory representations, mitigating
information loss while meeting a fixed memory budget.

3 METHODOLOGY

The overall structure of video-SALMONN S is shown in Fig. 1. The input video is processed in
streaming mode at a fixed frame rate, e.g. 1 FPS. Each video frame is first converted into video
encodings using a visual encoder, followed by a pre-trained modality aligner that projects the repre-
sentations to the text space. Video encodings are then fed into the TTTyr layer, which incorporates
the full sequence history into the representations. We maintain a long-term memory of a fixed
number of tokens, and the output of the TTTyr layer for the current frame provides new incoming
tokens to be added to the memory. Thereafter, merging or downsampling can be performed to re-
duce the memory to the predefined size. This way, the memory requirement remains constant with
the increasing input video length. The memory is then fed into the LLM to perform various tasks.
Optionally, prompt-dependent memory reading can be applied in each Transformer block to select
useful KV-Cache based on attention scores. The TTTyr layer and the low-rank adapter (LoRA)
contain trainable parameters, and other parts of the model are frozen throughout training.

3.1 LONG-TERM MEMORY STRUCTURE

The long-term memory in video-SALMONN contains a TTTyr layer followed by a memory merg-
ing and discarding process to keep the total amount of memory unchanged. Specifically, given the
encodings of a video frame denoted as X; € R¥*9 where K is the number of tokens, the incoming
memory token to be added to the memory is derived as

Zy, Wy = TTTur(X¢, Wi_1), (D

where W, _; is the weight carrying history information and is updated to incorporate the information
in X;. The detailed implementation is described in Section 3.2. The gating mechanism following
Dalal et al. (2025) is used. When audio tokens are present, we bypass the TTT-layer since the
number of tokens are usually much smaller, and directly append those tokens at the end of Z;.
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Figure 2: The overall workflow of the TTTyr layer. The layer works as an RNN model, which
updates the current fast-weight W;_; of a MLP model for an incoming mini-batch of token X; to
minimise a reconstruction loss. The Hessian-free method is used to construct the update. This MLP
model is then used to generate an output token Z;. The figure is adapted from Sun et al. (2024).

The memory tokens Z; are then combined with previous memory tokens Zi_1 € RV*d where N is
the fixed number of memory tokens following a cosine similarity-based token discarding procedure
(Song et al., 2024; Yang et al., 2025a). Specifically, let us denote Z} = Concat(Z;_1, Z) along the
sequence dimension, that is, Z, € RIV+K)xd We discard K tokens that have the highest cosine

similarities with their next tokens, i.e. cos(Z; ,,, Z; ,, 1) The remaining N tokens become the new

memory tokens, Z;. Note that we particularly chose to discard rather than a merging operation
as adopted in MovieChat (Song et al., 2024) to better exploit the long-term context representation
ability of TTTyr layer and avoid over-smoothing in extremely long videos. Despite discarding
tokens, information of those corresponding tokens is still retained by the TTTyr layer. When a
prompt is used, the current memory tokens Z, are sent to the LLM to either directly answer or use a
prompt-dependent reading mechanism as described in Section 3.3 in detail.

3.2 TTT wiITH HESSIAN-FREE IN VIDEO-SALMONN S

The overall structure of the TTT layer follows mainly the causal implementation in (Dalal et al.,
2025), and the overall workflow is shown in Figure 2. The TTT layer consists of a multi-layer
perceptron (MLP) model with fast weight W, and three learned projection matrices 8¢, 8, and 6y,.
The input to the TTTyr layer is a stream of mini-batches of consecutive tokens X, X, ... X4, .. ..
For each incoming mini-batch X, the TTTyr layer does two things. Firstly, it updates its current
fast weight W;_; by minimising the following reconstruction loss

L(X;Wiiq) = || f(0r Xy W) — 0y X2, ()

where f(-; W) represents the inference function of the MLP model, following the MLP instantiation
with residual connection and layer norm (LN) operation by Dalal et al. (2025) as

f(z; W) =z + LN(fywp(x; W)). 3)

The fast weight can be updated with a choice of optimizer, and the updated fast weight becomes
W; = W;_1 + AW;. Secondly, the updated MLP model is used to produce the output token Z;,

VARS f(eQXt§ Wy). 4)
The name of TTT comes from the fact that the fast weight W, is updated for each incoming mini-

batch at test time.

3.2.1 APPROXIMATE SECOND-ORDER UPDATE IN TTT

A key element of the TTT layer is the update AW} to its fast-weight. A standard choice is to
generate the update with stochastic gradient descent (SGD) of the reconstruction loss as

AW = —n, Vyw L(Xy; Wi_q). )

It is known that approximate second-order (2nd) updates can improve learning efficiency greatly,
which typically use the inverse of an approximate curvature matrix B to precondition the first-order
gradient. The corresponding update rule is

AWM = B 'V L(X; Wi_y). (6)
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In the context of TTT, a range of popular second-order optimizers such as the K-FAC family
(Martens & Grosse, 2015) is inapplicable because the explicit inverse operation applied on B can
obstruct the gradient flow during the training of the TTT layer. One possible choice of second-order
optimizer that does not involve explicit inverse operation is the Muon optimizer (Jordan et al., 2024),
which is shown to be effective by Zhang et al. (2025d). In this paper, we explore a viable alternative
second-order optimizer for TTT called Hessian-free (HF) by Martens (2010a).

The Hessian-free method avoids explicit inverse of B by using the linear CG algorithm to iteratively
solve for the following equation

BAW = —n,Vw L(Xy; Wi—1). (7)

In each iteration, only the operation of the matrix vector product B(+) is involved, which can be effi-
ciently implemented for the MLP model of the TTT layer using the method proposed by Pearlmutter
(1994). The details of the TTTyr update rule is shown in Algorithm 1, which is adapted from the
CG algorithm in Wu et al. (2024).

3.3 PROMPT-DEPENDENT MEMORY READING

The video memory token sequence Z, € RN after TTTyr already contains comprehensive in-
formation from the preceding video. However, when responding to a specific prompt P, € R5*¢,
it is usually unnecessary to utilise all memory tokens, which brings both performance issues and
high computational cost. Therefore, we employ a prompt-dependent memory reading mechanism,
following AdaReTaKe (Wang et al., 2025b), to select only the relevant part of the memory.

We aim to leverage the LLM to compress the number of KV pairs used for final decoding to an
average of M tokens per layer. Specifically, the tokens are first divided into chunks of length m,
resulting in [N/m] chunks, Z, ;, to reduce computational requirements. For each chunk at layer
I, we concatenate the input of this chunk with prompt tokens forwarded to layer [, and perform the
attention operation defined as

prompt

Ogl) = Attention (Concat(Xl(.l); x {0 )|KV§Z)1_1> , (8)
where Xz(-l) are Zt,z‘ forwarded to layer [ and X[(,Q)mpl are P, forwarded to layer [. KV, are

compressed KV cache carried over up to chunk 7. We then compute the average attention score from
the prompt to each position in chunk ¢ to reflect the importance of each KV pair as

S

H
1
al)=> = > Afllhsl, ©)

s=1 h=1
where A,Elz [h, ] is the attention score from token s to all vectors in Xl(-l) and H is the number of
attention heads. For all KV pairs across L layers, K/ = m x L x M/N of them with the highest
importance are reserved and appended to the KV list as

Indices = ArgTopK(Concat(ag}i), agi), e ,agﬁ)), k=K’) (10)
KVgl)l = Concat(KVgl:)i_l, KV [Indices)), (11)

where ArgTopK(-, k = -) selects the indices of the k largest values. After [IN/m/] iterations, all
remained KV pairs, KV, contains highly condensed content that is highly relevant to the current

question. The LLM then generates a response Y; based on the prompt P, and the extracted KV :
Y, = argmaxy P(Y|KV,,P,). (12)

The main benefit of prompt-dependent reading is to allow a much larger memory size to be used
while still being feasible with the computational budget. This mimics the process of extracting task-
specific information from long-term memory to working memory in the human brain (Jeneson &
Squire, 2012; Chai et al., 2018). Since the memory size is fixed, it is still a streaming model that is
suitable for videos of any lengths.
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Figure 3: The reconstruction loss Eqn. (2) of single mini-batch sample w.r.z. update norm | AW, ||.
Samples X (atindex 10, 40, 70, 100) are from the same input sequence. Projection matrices Ok, 6y
are extracted from a trained TTT layer with standard SGD updates. The update generated by the
SGD baseline and the HF method with curvature matrix By p (B-MLP) and By (B-LN), defined

in Eqn. (13), are compared with CG iterations 2, 3, 4, and 5.
4 EXPERIMENTAL SETUP

4.1 DATA

We use LLaVA-Video-178k (Zhang et al., 2025¢) as our video training set for fine-tuning the visual-
only model. For audio-visual model, following Tang et al. (2025a), we first train the audio aligner
using LibriSpeech 960-hour (Panayotov et al., 2015), Common Voice (Ardila et al., 2020), WavCaps
(Mei et al., 2024), and AudioCaps (Kim et al., 2019), with other parts of the LLM frozen. Then,
FineVideo(Farré et al., 2024), CinePile Rawal et al. (2024) and about 13k videos with rich audio
information from LLaVA-Video-178k are used to finetune the audio-visual model.

We evaluate video-SALMONN S on 4 different video question-answering benchmarks with video
lengths ranging from a couple of minutes to several hours. Video-MME (Fu et al., 2024) is an
audio-visual video QA benchmark featuring 3 different lengths of videos: short (less than 2 min-
utes), medium (around 15 minutes) and long (around 1 hour). MLVU (Zhou et al., 2025) mainly
containing videos of around 10 minutes, requiring both holistic and detail-oriented understanding.
LVBench and VideoEvalPro are two extremely long video QA benchmarks. LVBench (Wang et al.,
2024b) contains videos of several hours that focusing on long-term memory and diverse core capa-
bilities, and VideoEvalPro (Ma et al., 2025) also contains videos of several hours, and is designed
to more realistically evaluate long video understanding without MCQ shortcuts, where the MCQ
partition is used. Percentage accuracies are reported on all these benchmarks.

4.2 MODEL SPECIFICATIONS

Both visual-only and audio-visual models are built based on the Qwen2.5-VL 7B model (Bai et al.,
2025). The video is processed at 1 FPS by default, and have an alternative 4 FPS for short videos less
than 2 minutes (i.e. exclusively used for video-MME short partition). Following video-SALMONN-
2 (Tang et al., 2025a), Whisper-Large-v3 encoder (Radford et al., 2023) is used to encode audio
information and a window-level Q-Former with a window length of 0.5 seconds as the audio aligner.
The LLM backbone is trained with LoRA with rank 128. We cap the memory tokens at 16k by
default, and discuss in the experiments the influence of the memory size.

TTTyr processes the sequence with a mini-batch size of 1024. To determine CG update steps, the
target curvature matrix By p with 3 CG iteration is chosen based on empirical convergence analysis
on single mini-batch shown in Figure 3, as it achieves the best balance between convergence and
cost. Details of other design choices are provided in the Appendix A.1.

As points of comparison, we also use similarity merging alone without TTTyr as a baseline, where
the merger module in Qwen2.5-VL is trained to encourage merging to happen in a better joint
representation space. Note that this is equivalent to Li et al. (2025b) which is a highly effective
technique for long or high-frame-rate video understanding. The merging process without trainable
projection layer also resembles videoLLM-online Chen et al. (2024a). Moreover, we apply the
standard Mamba-2 (Dao & Gu, 2024) implementation with default settings, and the standard LaCT
(Zhang et al., 2025d) layer implementation as another two points of comparison to TTTyg.
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Model Video-MME (S/M/L) MLVU LVBench VideoEvalPro
Non-Streaming Models

Qwen-2.5-VL 7B (Bai et al., 2025) 65.5 (76.4/66.2/53.8) 70.2 453 46.9
Qwen-2.5-VL 7B + SFT 67.5 (78.8/67.8/56.0) 70.2 43.6 47.8
Video-LLaMA-3 7B (Zhang et al., 2025a) 66.2 (80.1/63.7/54.9) 73.0 453 -
LongVILA (Chen et al., 2024b) 65.1 (72.9/64.9/57.4) - - -
LLaVA-Video (Zhang et al., 2025¢e) 633(-/-/-) - - -
v-SALMONN-2+ 7B SFT (Tang et al., 2025a) 71.5(79.9/72.6/62.1) 69.8 441 49.7
v-SALMONN-2+ 7B SFT + AdaReTaKe 72.8 (81.1/71.7/65.1) 72.6 50.2 54.9
Streaming Models

Dispider (Qian et al., 2025) 572(-/-/-) 61.7 - -
StreamMem (Yang et al., 2025a) 62.4 (-162.4/52.3) 65.9 - -
v-SALMONN S (ours, V, PI) 68.367.9 (78.077.0/68.3/58.3) 73.2 47.1 51.1
v-SALMONN S (ours, V, PD) 69.36s8.5 (77.475.2/69.6/60.8) 73.2 52.8 55.8
v-SALMONN S (ours, A+V, PI) 71.070.6 (80.379.1/71.3/61.3) 70.8 46.8 48.5
v-SALMONN S (ours, A+V, PD) 74.273.8 (80.379.1/74.4/67.8) 73.1 51.5 55.2

Table 1: video-SALMONN S compared to streaming and non-streaming baselines on Video-MME
short/medium/long (S/M/L), MLVU, LVBench and VideoEvlaPro. Prompt-independent (PI) models
directly feed 16k memory tokens to the LLM whereas prompt-dependent (PD) models uses 128k
memory tokens and the memory reading. All baseline non-streaming models also use 16k visual
tokens (145 frames), except for video-SALMONN 2+ SFT + AdaReTaKe which uses 2048 frames.

4.3 TRAINING AND INFERENCE CONFIGURATIONS

Visual only models are trained with a single fine-tuning stage. Parameters in the LoRA adapters and
in TTTyr layers are updated. The visual-only model was trained for one epoch on the training data,
and the audio-visual model was trained for three epochs, both with a learning rate of 2x1075. As
the training videos are mainly less than 10 minutes, we use a 4 FPS sampling rate with a maximum
of 1024 frames in total to achieve a better trade-off between parallelisation and sequence lengths.
Training takes 32 hours and 48 hours on 32 xH800 GPUs for the visual-only and audio-visual mod-
els, respectively. The batch size is 1 per GPU.

During inference, the prompt-dependent reading mechanism is applied, where much larger mem-
ory sizes are used (e.g. 64k or 128k). The average number of retained KV cache, K’, in Eqn.
(10), is set to be 16k for the visual-only model and 24k for the audio-visual model. Inference of
video-SALMONN S can be run on a single H800 GPU with 80GB memory, and the major time
consumption is video loading. ! Detailed runtime metrics are provided in Appendix D

5 RESULTS

5.1 MAIN RESULTS

We first present the main results of video-SALMONN S compared to a range of SOTA streaming
and non-streaming baselines in Table 1. Specifically, for the visual-only non-streaming baselines,
we include Qwen-2.5-VL 7B, which is the original pre-trained model that video-SALMONN S
is adapted from. We also include the fine-tuned version of it with 16k tokens to eliminate the
influence of instruction tuning data, as well as ensuring a fair comparison regarding the number of
tokens. For audio-visual baselines, we include Video-LLaMA 3 and video-SALMONN 2+, fine-
tuned on the same training data with 16k visual tokens as an SOTA baseline. Moreover, we use
the same AdaReTaKe settings as the prompt-dependent reading mechanism for video-SALMONN
2+ as the strongest baseline across the table. We also compare two most recent streaming models,
Dispider and StreamMem, on the test sets where numbers are reported. We follow previous work to
demonstrate their long video understanding abilities under streaming mode on general benchmarks
(Zeng et al., 2025; Yang et al., 2025a; Qian et al., 2025), since most streaming benchmarks are
focused on short videos and real-time understanding (Lin et al., 2024b; Li et al., 2025a; Yang et al.,

'Our data, model checkpoint and code will be made open-source.
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Configuration Video-MME (S/M/L) MLVU LVBench
Similarity Merging 67.1 (77.6/67.9/55.9) 72.5 45.7
K-means Clustering (Zhou et al., 2024) 66.8 (77.9/67.5/54.9) 70.5 43.6
Similarity Discarding 67.2 (78.0/67.8/56.0) 71.9 45.6

+ Mamba-2 (Dao & Gu, 2024) 67.9 (77.0/69.9/57.2) 72.9 46.7

+ TTTsop 67.7 (76.6/68.6/58.1) 73.1 46.9

+ TTTyg (video-SALMONN Spp) 67.9 (77.0/68.3/58.3) 73.2 47.1

+PD 67.8 (75.9/68.6/58.6) 72.6 51.6

+ TTTsgp + PD 68.2 (77.3/68.7/58.7) 72.8 52.4

+ TTTyr + PD (video-SALMONN Spp)  68.5 (75.2/69.6/60.8) 73.2 52.8

Table 2: Ablation studies on different components in video-SALMONN S for visual-only models.
TTTsgp refers to the standard TTT implementation in (Sun et al., 2024).

2025b), where long-term memory is less important. For completeness, we also provide results on a
dedicated online video understanding benchmark in Appendix B, where video-SALMONN S also
achieved competitive performance and the proposed memory mechanism showed improvements
when there is long-term memory needed.

As a result, video-SALMONN S achieves the best performance across the table, even surpass-
ing the offline counterpart. This mainly benefits from the completeness of information, which is
more important when the video gets longer. Specifically, while both use 16k tokens, the video-
SALMONN S prompt-independent (PI) visual-only model outperforms Qwen-2.5-VL 7B finetuned
on the same data but with a fixed number of frames, and the video-SALMONN Sp; audio-visual
model outperforms video-SALMONN 2+. Notably, even with AdaReTaKe to scale up the num-
ber of frames to 2048 for video-SALMONN 2+, prompt-dependent (PD) video-SALMONN S still
achieves clearly better performance, which can be attributed to the TT Ty layer. In summary, video-
SALMONN Spp with audio-visual inputs achieved state-of-the-art performance across both stream-
ing and non-streaming models, especially on video-MME benchmark with 74.2% overall accuracy
and 67.8% accuracy on the long partition.

Performance boosts are mainly in long videos: For prompt-independent models, compared to
Qwen-2.5 VL SFT, video-SALMONN S yields a slightly worse performance on video-MME short
(78.0 vs. 78.8) and on-par performance on video-MME medium (68.3 vs. 67.8), and obviously bet-
ter performance on the other three benchmarks. Similar phenomenon is observed for audio-visual
models. This is mainly due to the sparsity of the frames for long videos. For prompt-dependent
models, as more frames can be involved for the offline model hence reducing information loss, the
gap becomes slightly smaller but still consistent across all four benchmarks. In terms of GPU mem-
ory, our design maintains a fixed-size memory representation and processes frames in a streaming
manner. As aresult, the GPU memory required at test time does not scale with the number of frames,
even when evaluating hour-long videos.

5.2 ABLATION STUDIES

Investigating influence of different design choices in video-SALMONN S: We perform ablations
studies on different components and design choices first, using the visual-only model to eliminate
the effect of audio as it bypasses TTTygr. As shown in Table 2, we start with the basic similarity
merging baseline resembling MovieChat (Song et al., 2024). There is no statistical significant differ-
ence between the results using token merging or discarding if the merger module in Qwen2.5-VL is
trained. Adding TTTsgp achieved clear performance improvements as TTT provides a better mem-
ory mechanism than token merging, which is also surperior to a Mamba-2 layer. As before, salient
improvements of TTT modules are found mainly on long videos, with TTTyg achieving consistently
better performance compared to any other prompt-independent memory models.

When prompt-dependent reading is applied, clear improvements on long videos are observed since
a larger memory size of 128k tokens is used. With a similar amount of performance gains brought
about by PD on all models, the advantage of TTTyp persists, achieving the best performance across
the table, which validates our design choice.
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Figure 4: Ablation studies on (a). The influence of the maximum number of frames on two extremely
long video benchmarks (Left: LVBench, Right: VideoEvalPro), and (b). The influence of memory
size on video-SALMONN S. When memory size exceeds 32k, prompt-dependent reading is used.
Baseline refers to similarity merging without prompt-dependent reading.

Model Video-MME (S/M/L) MLVU LVBench VidEvalPro
TTTscp 67.7 (76.6/68.6/58.1) 73.1 46.9 50.8
TTTMuon 67.6 (76.8/68.8/57.1) 72.8 46.2 49.9
LaCT (Zhang et al., 2025d)  67.8 (77.4/69.1/57.0) 72.7 46.0 50.4
TTTur 67.9 (77.0/68.3/58.3) 73.2 47.1 511

Table 3: Comparing TTTyr to other TTT optimisation methods on visual-only models across all
benchmarks. We implement Muon ourselves while keeping other configurations the same as TT Ty,
and we also compare to the default LaCT configuration, which differs in general from ours.

video-SALMONN S benefits more from a higher number of frames: We then show the influence
when the maximum number of frames is limited in Figure 4 (a) for the two extremely long video
benchmarks. That is, if the number of frames at 1 FPS for a video exceeds the maximum frame,
we evenly down sample frames to satisfy the limit. As shown, the baseline reaches the maximum
very early at 1000 frames on LVBench, and only degrades when the number of frames increases for
VideoEvalPro. In contrast, the video SALMONN S exhibits clear upward trends with more frames
on both benchmarks, showcasing a more effective use of history information.

Investigation into memory sizes: The memory size is determined by the number of tokens, which
by default is 16k for video-SALMONN S. Smaller number of tokens, e.g. 8k or 6k, are often used
in previous literature. To allow more direct comparison to other systems, we also provide the results
with 8k, 32k and larger memory sizes in Table 6 in Appendix C in detail, and show the variation
of performance against the memory size on MLVU (medium-length videos) and LVBench (long
videos) in Figure 4 (b) for the visual-only video-SALMONN S model.

The visual-only model can handle up to 32k memory tokens on a single GPU using FlashAttention
3 (Shah et al., 2024) under our setup, and a linear upward trend is observed when the memory size
increases from 8k to 32k for MLVU, and 8k to 64k for LVBench, directly showing the benefit of
using a memory larger than 8k under a single-GPU budget. Meanwhile, the improvements beyond
64k memory are marginal since (i) the length of videos in current benchmarks does not require such
large memory, and (ii) the post-training prompt-dependent memory reading is less effective than
trained prompt-independent memory. While 32k memory performs better, the audio-visual model
exceeds the memory limit for single GPU and hence 16k memory was adopted for the main result.
We will provide checkpoints for the visual-only model with 8k and 32k memory tokens as well.

TTTyr outperforms TTTyon as @ memory module: We conduct ablations studies to investigate
the influence of optimizer choices in TTT-layer, as shown in Table 3. We observe that TTTyr >
TTTsgp > TTTMuon/LaCT (both of which use the Muon optimizer). The implementation details
of TTTwyuon are provided in Appendix A.2.1. It is surprising that TTTygyen, Which is commonly
considered a better option for TTT-layer (Zhang et al., 2025d; Behrouz et al., 2025), performs worse
than TTTsgp. An analysis on the statistics during TTT inference is provided in Appendix A.2.2. It
shows that the performance gap might be caused by the nature of the Muon update. As is shown in
(Wu et al., 2024), second-order optimizers achieve better convergence of the training loss by limiting
the impact of their parameter update on the model output.
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For Muon (see Figure 5 in Appendix A.2.2), it achieves the lowest final reconstruction loss but is
unable to effectively modify the output of the TTT-layer. In other words, updates of the TT Tyyon
pass less information to the downstream LLM, likely making the downstream training more difficult
to learn. In comparison, TTTyr achieves a better balance between convergence and information
flow (than both TTTpyen and TTTsgp), thus delivering the better final results across benchmarks.

6 CONCLUSION

This paper proposes video-SALMONN 8§, the first audio-visual LLM supporting streaming under-
standing of >3-hour videos at 1 FPS and 360p resolution under a fixed memory budget. video-
SALMONN S features a similarity discarding long-term memory mechanism powered by a novel
TTTyr layer design dedicated to long-term context modeling, and a prompt-dependent memory
reading mechanism. As a result, video-SALMONN S handles videos of several hours with over IM
tokens, and notably, achieves SOTA performance of 7B/8B models on video-MME, surpassing both
streaming and non-streaming systems.

7 ETHICS STATEMENT

Our work introduces a frontier audio-visual large language model with strong video understanding
capabilities. The model inherits potential risks from its backbone models, which are clearly refer-
enced in the paper. Potential harms include biased outputs, misuse for disinformation, and safety
vulnerabilities. To mitigate these, we conducted bias and robustness evaluations, applied content fil-
tering, and chose a controlled release strategy. Training incurred notable computational cost, which
we report in the paper, estimated the environmental impact and adopted the most efficient tech-
niques where we can. Data sources were curated to exclude sensitive information and comply with
licenses. While the model enables positive applications in science, accessibility, and collaboration,
we recognise open ethical challenges and encourage community oversight.

8 REPRODUCIBILITY STATEMENT

We provide detailed descriptions of the model architecture, training objectives, datasets, and pro-
cessing steps in Section 4.1 and appendices. Code for data preprocessing, training, and evaluation,
along with configuration files and random seeds, will be released to facilitate exact reproduction.
Model checkpoints will also be released to reproduce the results listed in our paper.

REFERENCES

Rosana Ardila, Megan Branson, Kelly Davis, Michael Kohler, Josh Meyer, Michael Henretty,
Reuben Morais, Lindsay Saunders, Francis Tyers, and Gregor Weber. Common Voice: A
Massively-Multilingual Speech Corpus. In Proc. LREC, Marseille, France, 2020.

Shuai Bai, Keqin Chen, Xuejing Liu, Jialin Wang, Wenbin Ge, Sibo Song, Kai Dang, Peng Wang,
Shijie Wang, Jun Tang, Humen Zhong, Yuanzhi Zhu, Mingkun Yang, Zhaohai Li, Jianqiang
Wan, Pengfei Wang, Wei Ding, Zheren Fu, Yiheng Xu, Jiabo Ye, Xi Zhang, Tianbao Xie, Zesen
Cheng, Hang Zhang, Zhibo Yang, Haiyang Xu, and Junyang Lin. Qwen2.5-v] technical report.
arXiv:2502.13923, 2025.

Ali Behrouz, Zeman Li, Praneeth Kacham, Majid Daliri, Yuan Deng, Peilin Zhong, Meisam Raza-
viyayn, and Vahab Mirrokni. Atlas: Learning to optimally memorize the context at test time.
arXiv preprint arXiv:2505.23735,2025. URL https://arxiv.org/abs/2505.23735.

Wen Jia Chai, Abdul Rashid Abd Hamid, and Jafri Malin Abdullah. Working memory from the
psychological and neurosciences perspectives: A review. Frontiers in Psychology, 9:401, 2018.
doi: 10.3389/fpsyg.2018.00401. URL https://www.frontiersin.org/articles/
10.3389/fpsyg.2018.00401/full.

Joya Chen, Zhaoyang Lv, Shiwei Wu, Kevin Qinghong Lin, Chenan Song, Difei Gao, Jia-Wei Liu,
Ziteng Gao, Dongxing Mao, and Mike Zheng Shou. Videollm-online: Online video large lan-
guage model for streaming video. In Proc. CVPR, 2024a.

10


https://arxiv.org/abs/2505.23735
https://www.frontiersin.org/articles/10.3389/fpsyg.2018.00401/full
https://www.frontiersin.org/articles/10.3389/fpsyg.2018.00401/full

Under review as a conference paper at ICLR 2026

Yukang Chen, Fuzhao Xue, Dacheng Li, Qinghao Hu, Ligeng Zhu, Xiuyu Li, Yunhao Fang, Haotian
Tang, Shang Yang, Zhijian Liu, Yihui He, Hongxu Yin, Pavlo Molchanov, Jan Kautz, Linxi Fan,
Yuke Zhu, Yao Lu, and Song Han. Longvila: Scaling long-context visual language models for
long videos. 2024b.

Karan Dalal, Daniel Koceja, Gashon Hussein, Jiarui Xu, Yue Zhao, Youjin Song, Shihao Han,
Ka Chun Cheung, Jan Kautz, Carlos Guestrin, Tatsunori Hashimoto, Sanmi Koyejo, Yejin Choi,

Yu Sun, and Xiaolong Wang. One-minute video generation with test-time training. In Proc.
CVPR, 2025.

Tri Dao and Albert Gu. Transformers are SSMs: Generalized models and efficient algorithms
through structured state space duality. In International Conference on Machine Learning (ICML),
2024.

Shangzhe Di, Zhelun Yu, Guanghao Zhang, Haoyuan Li, Tao Zhong, Hao Cheng, Bolin Li, Wanggui
He, Fangxun Shu, and Hao Jiang. Streaming video question-answering with in-context video kv-
cache retrieval. arXiv preprint arXiv:2503.00540, 2025.

Miquel Farré, Andi Marafioti, Lewis Tunstall, Leandro von Werra, and Thomas Wolf. Finev-

ideo. https://huggingface.co/datasets/HuggingFaceFV/finevideo, 2024.
Accessed: 2025-09-17.

Chaoyou Fu, Yuhan Dai, Yongdong Luo, Lei Li, Shuhuai Ren, Renrui Zhang, Zihan Wang, Chenyu
Zhou, Yunhang Shen, Mengdan Zhang, Peixian Chen, Li Yanwei, Lin Shaohui, Zhao Sirui, Li Ke,
Xu Tong, Zheng Xiawu, Chen Enhong, Ji Rongrong, and Sun Xing. Video-mme: The first-ever
comprehensive evaluation benchmark of multi-modal llms in video analysis. arXiv:2405.21075,
2024.

Shenghao Fu, Qize Yang, Yuan-Ming Li, Yi-Xing Peng, Kun-Yu Lin, Xihan Wei, Jian-Fang Hu,
Xiaohua Xie, and Wei-Shi Zheng. Vispeak: Visual instruction feedback in streaming videos. In
Proc. ICCV, 2025.

Lishuai Gao, Yujie Zhong, Yingsen Zeng, Haoxian Tan, Dengjie Li, and Zheng Zhao. Linvt:
Empower your image-level large language model to understand videos. arXiv preprint
arXiv:2412.05185, 2024.

Albert Gu and Tri Dao. Mamba: Linear-time sequence modeling with selective state spaces. arXiv
preprint arXiv:2312.00752, 2023.

Zhenpeng Huang, Xinhao Li, Jiaqi Li, Jing Wang, Xiangyu Zeng, Cheng Liang, Tao Wu, Xi Chen,
Liang Li, and Limin Wang. Online video understanding: Ovbench and videochat-online. In Proc.
CVPR, 2025.

Annette Jeneson and Larry R Squire. Working memory, long-term memory, and medial temporal
lobe. Journal of Neuroscience, 32(38):13325-13336, 2012. doi: 10.1523/JNEUROSCI.1395-12.
2012. URL https://pmc.ncbi.nlm.nih.gov/articles/PMC3246590/.

Keller Jordan, Yuchen Jin, Vlado Boza, Jiacheng You, Franz Cesista, Laker Newhouse, and Jeremy
Bernstein. Muon: An optimizer for hidden layers in neural networks. Blog post, December 2024.
URL https://kellerjordan.github.io/posts/muon/.

Chris Dongjoo Kim, Byeongchang Kim, Hyunmin Lee, and Gunhee Kim. Audiocaps: Generating
captions for audios in the wild. In Proc. NAACL-HLT, 2019.

Minsoo Kim, Kyuhong Shim, Jungwook Choi, and Simyung Chang. Infinipot-v: Memory-
constrained kv cache compression for streaming video understanding. arXiv:2506.15745, 2025.

Bo Li, Yuanhan Zhang, Dong Guo, Renrui Zhang, Feng Li, Hao Zhang, Kaichen Zhang, Peiyuan

Zhang, Yanwei Li, Ziwei Liu, et al. Llava-OneVision: Easy visual task transfer. arXiv preprint
arXiv:2408.03326, 2024.

11


https://huggingface.co/datasets/HuggingFaceFV/finevideo
https://pmc.ncbi.nlm.nih.gov/articles/PMC3246590/
https://kellerjordan.github.io/posts/muon/

Under review as a conference paper at ICLR 2026

Yifei Li, Junbo Niu, Ziyang Miao, Chunjiang Ge, Yuanhang Zhou, Qihao He, Xiaoyi Dong,
Haodong Duan, Shuangrui Ding, Rui Qian, Pan Zhang, Yuhang Zang, Yuhang Cao, Conghui
He, and Jiaqi Wang. Ovo-bench: How far is your video-llms from real-world online video under-
standing? In Proc. CVPR, 2025a.

Yixuan Li, Changli Tang, Jimin Zhuang, Yudong Yang, Guangzhi Sun, Wei Li, Zejun Ma, and Chao
Zhang. Improving llm video understanding with 16 frames per second. In Proc. ICML, 2025b.

Ji Lin, Hongxu Yin, Wei Ping, Pavlo Molchanov, Mohammad Shoeybi, and Song Han. VILA: On
pre-training for visual language models. In Proc. CVPR, Seattle, 2024a.

Junming Lin, Zheng Fang, Chi Chen, Zihao Wan, Fuwen Luo, Peng Li, Yang Liu, and Maosong
Sun. Streamingbench: Assessing the gap for mllms to achieve streaming video understanding.
arXiv preprint arXiv:2411.03628, 2024b.

Xiangrui Liu, Yan Shu, Zheng Liu, Ao Li, Yang Tian, and Bo Zhao. Video-xl-pro: Reconstructive
token compression for extremely long video understanding. arXiv preprint arXiv:2503.18478,
2025a.

Xuyang Liu, Yiyu Wang, Junpeng Ma, and Linfeng Zhang. Video compression comman-

der: Plug-and-play inference acceleration for video large language models. arXiv preprint
arXiv:2505.14454, 2025b.

Lin Long, Yichen He, Wentao Ye, Yiyuan Pan, Yuan Lin, Hang Li, Junbo Zhao, and Wei Li.
Seeing, listening, remembering, and reasoning: A multimodal agent with long-term memory.
arXiv:2508.09736, 2025.

Wentao Ma, Weiming Ren, Yiming Jia, Zhuofeng Li, Ping Nie, Ge Zhang, and Wenhu Chen.
Videoeval-pro: Robust and realistic long video understanding evaluation. arXiv:2505.14640,
2025.

James Martens. Deep learning via hessian-free optimization. In Proc. ICML, pp. 735-742, 2010a.

James Martens. Deep learning via hessian-free optimization. In International Conference on Ma-
chine Learning, 2010b.

James Martens and Roger Grosse. Optimizing neural networks with kronecker-factored approximate
curvature. In Proc. ICML, 2015.

Xinhao Mei, Chutong Meng, Haohe Liu, Qiugiang Kong, Tom Ko, Chengqi Zhao, Mark D Plumb-
ley, Yuexian Zou, and Wenwu Wang. WavCaps: A Chatgpt-Assisted Weakly-Labelled Audio
Captioning Dataset for Audio-Language Multimodal Research. TASLP, 32:3339-3354, 2024.

Zhenyu Ning, Guangda Liu, Qihao Jin, Wenchao Ding, Minyi Guo, and Jieru Zhao. Livevim:
Efficient online video understanding via streaming-oriented kv cache and retrieval. arXiv preprint
arXiv:2505.15269, 2025.

Vassil Panayotov, Guoguo Chen, Daniel Povey, and Sanjeev Khudanpur. Librispeech: An ASR
corpus based on public domain audio books. In Proc. ICASSP, 2015.

Barak A. Pearlmutter. Fast exact multiplication by the hessian. Neural Computation, 6(1):147-160,
1994. doi: 10.1162/neco.1994.6.1.147.

Rui Qian, Shuangrui Ding, Xiaoyi Dong, Pan Zhang, Yuhang Zang, Yuhang Cao, Dahua Lin, and
Jiagi Wang. Dispider: Enabling video llms with active real-time interaction via disentangled
perception, decision, and reaction. In CVPR, 2025.

Alec Radford, Jong Wook Kim, Tao Xu, Greg Brockman, Christine McLeavey, and Ilya Sutskever.
Robust speech recognition via large-scale weak supervision. In Proceedings of the 40th Interna-
tional Conference on Machine Learning (ICML), 2023.

Ruchit Rawal, Khalid Saifullah, Ronen Basri, David Jacobs, Gowthami Somepalli, and Tom Gold-
stein. Cinepile: A long video question answering dataset and benchmark. arXiv:2405.08813,
2024.

12



Under review as a conference paper at ICLR 2026

Jay Shah, Ganesh Bikshandi, Ying Zhang, Vijay Thakkar, Pradeep Ramani, and Tri Dao.
Flashattention-3: Fast and accurate attention with asynchrony and low-precision. 2024.

Xiaoqgian Shen, Yunyang Xiong, Changsheng Zhao, Lemeng Wu, Jun Chen, Chenchen Zhu,
Zechun Liu, Fanyi Xiao, Balakrishnan Varadarajan, Florian Bordes, Zhuang Liu, Hu Xu, Hyun-
woo J. Kim, Bilge Soran, Raghuraman Krishnamoorthi, Mohamed Elhoseiny, and Vikas Chan-
dra. Longvu: Spatiotemporal adaptive compression for long video-language understanding.
arXiv:2410.17434, 2024.

Yan Shu, Peitian Zhang, Zheng Liu, Minghao Qin, Junjie Zhou, Tiejun Huang, and Bo Zhao.
Video-xl: Extra-long vision language model for hour-scale video understanding. arXiv preprint
arXiv:2409.14485, 2024.

Enxin Song, Wenhao Chai, Guanhong Wang, Yucheng Zhang, Haoyang Zhou, Feiyang Wu, Haozhe
Chi, Xun Guo, Tian Ye, Yanting Zhang, Yan Lu, Jeng-Neng Hwang, and Gaoang Wang.
Moviechat: From dense token to sparse memory for long video understanding. In Proc. CVPR,
2024.

Guangzhi Sun, Yudong Yang, Jimin Zhuang, Changli Tang, Yixuan Li, Wei Li, Zejun MA, and
Chao Zhang. video-salmonn-ol: Reasoning-enhanced audio-visual large language model. In
Proc. ICML, 2025.

Yu Sun, Xinhao Li, Karan Dalal, Jiarui Xu, Arjun Vikram, Genghan Zhang, Yann Dubois, Xinlei
Chen, Xiaolong Wang, Sanmi Koyejo, Tatsunori Hashimoto, and Carlos Guestrin. Learning to
(learn at test time): Rnns with expressive hidden states. arXiv:2407.04620, 2024.

Reuben Tan, Ximeng Sun, Ping Hu, Jui hsien Wang, Hanieh Deilamsalehy, Bryan A. Plummer,
Bryan Russell, and Kate Saenko. Koala: Key frame-conditioned long video-llm. In Proc. CVPR,
2024.

Changli Tang, Yixuan Li, Yudong Yang, Jimin Zhuang, Guangzhi Sun, Wei Li, Zejun Ma, and
Chao Zhang. video-salmonn 2: Captioning-enhanced audio-visual large language models.
arXiv:2506.15220, 2025a.

Xi Tang, Jihao Qiu, Lingxi Xie, Yunjie Tian, Jianbin Jiao, and Qixiang Ye. Adaptive keyframe
sampling for long video understanding. In Proc. CVPR, 2025b.

Peng Wang, Shuai Bai, Sinan Tan, Shijie Wang, Zhihao Fan, Jinze Bai, Keqin Chen, Xuejing Liu,
Jialin Wang, Wenbin Ge, et al. Qwen2-VL: Enhancing Vision-language Model’s Perception of
The World at Any Resolution. arXiv preprint arXiv:2409.12191, 2024a.

Renhao Wang, Yu Sun, Arnuv Tandon, Yossi Gandelsman, Xinlei Chen, Alexei A. Efros, and Xiao-
long Wang. Test-time training on video streams. arXiv:2307.05014, 2025a.

Weihan Wang, Zehai He, Wenyi Hong, Yean Cheng, Xiaohan Zhang, Ji Qi, Shiyu Huang, Bin
Xu, Yuxiao Dong, Ming Ding, and Jie Tang. Lvbench: An extreme long video understanding
benchmark. arXiv:2406.08035, 2024b.

Xiao Wang, Qingyi Si, Jianlong Wu, Shiyu Zhu, Li Cao, and Ligiang Nie. ReTaKe: Reducing
Temporal and Knowledge Redundancy for Long Video Understanding. arXiv:2412.20504,2024c.

Xiao Wang, Qingyi Si, Jianlong Wu, Shiyu Zhu, Li Cao, and Ligiang Nie. AdaReTaKe: Adaptive
Redundancy Reduction to Perceive Longer for Video-language Understanding. arXiv preprint
arXiv:2503.12559, 2025b.

Xiaodong Wu, Wenyi Yu, Chao Zhang, and Philip Woodland. An improved empirical fisher approxi-
mation for natural gradient descent. In Proceedings of the 38th Conference on Neural Information
Processing Systems (NeurlPS 2024), 2024.

Yanlai Yang, Zhuokai Zhao, Satya Narayan Shukla, Aashu Singh, Shlok Kumar Mishra, Lizhu
Zhang, and Mengye Ren. Streammem: Query-agnostic kv cache memory for streaming video
understanding. arXiv:2508.15717, 2025a.

13



Under review as a conference paper at ICLR 2026

Zhenyu Yang, Yuhang Hu, Zemin Du, Dizhan Xue, Shengsheng Qian, Jiahong Wu, Fan Yang,
Weiming Dong, and Changsheng Xu. Svbench: A benchmark with temporal multi-turn dialogues
for streaming video understanding. In Proc. ICLR, 2025b.

Xiangyu Zeng, Kefan Qiu, Qingyu Zhang, Xinhao Li, Jing Wang, Jiaxin Li, Ziang Yan, Kun Tian,
Meng Tian, Xinhai Zhao, Yi Wang, and Limin Wang. Streamforest: Efficient online video under-
standing with persistent event memory. In Proc. NeurIPS, 2025.

Bogiang Zhang, Kehan Li, Zesen Cheng, Zhiqiang Hu, Yuqian Yuan, Guanzheng Chen, Sicong
Leng, Yuming Jiang, Hang Zhang, Xin Li, Peng Jin, Wenqi Zhang, Fan Wang, Lidong Bing, and
Deli Zhao. Videollama 3: Frontier multimodal foundation models for image and video under-
standing. arXiv preprint arXiv:2501.13106, 2025a.

Haoji Zhang, Yiqin Wang, Yansong Tang, Yong Liu, Jiashi Feng, Jifeng Dai, and Xiaojie Jin.
Flash-vstream: Memory-based real-time understanding for long video streams. arXiv preprint
arXiv:2406.08085, 2024a.

Haoji Zhang, Yigin Wang, Yansong Tang, Yong Liu, Jiashi Feng, Jifeng Dai, and Xiaojie Jin. Flash-
vstream: Memory-based real-time understanding for long video streams. In Proc. ICCV, 2025b.

Peiyuan Zhang, Kaichen Zhang, Bo Li, Guangtao Zeng, Jingkang Yang, Yuanhan Zhang, Ziyue
Wang, Haoran Tan, Chunyuan Li, and Ziwei Liu. Long context transfer from language to vision.
arXiv preprint arXiv:2406.16852, 2024b.

Shaolei Zhang, Qingkai Fang, Zhe Yang, and Yang Feng. Llava-mini: Efficient image and video
large multimodal models with one vision token. In Proc. ICLR, 2025c.

Tianyuan Zhang, Sai Bi, Yicong Hong, Kai Zhang, Fujun Luan, Songlin Yang, Kalyan Sunkavalli,
William T. Freeman, and Hao Tan. Test-time training done right. arXiv:2505.23884, 2025d.

Yiming Zhang, Zhuokai Zhao, Zhaorun Chen, Zenghui Ding, Xianjun Yang, and Yining Sun.
Beyond training: Dynamic token merging for zero-shot video understanding. arXiv preprint
arXiv:2411.14401, 2024c.

Yuanhan Zhang, Jinming Wu, Wei Li, Bo Li, Zejun Ma, Ziwei Liu, and Chunyuan Li. Video
Instruction Tuning with Synthetic Data. arXiv preprint arXiv:2410.02713, 2024d.

Yuanhan Zhang, Jinming Wu, Wei Li, Bo Li, Zejun Ma, Ziwei Liu, and Chunyuan Li. Llava-video:
Video instruction tuning with synthetic data. TMLR, 2025e.

Junjie Zhou, Yan Shu, Bo Zhao, Boya Wu, Zhengyang Liang, Shitao Xiao, Xi Yang, Yongping
Xiong, Bo Zhang, Tiejun Huang, and Zheng Liu. Mlvu: Benchmarking multi-task long video
understanding. In Proc. CVPR, 2025. arXiv:2406.04264.

Xingyi Zhou, Anurag Arnab, Shyamal Buch, Shen Yan, Austin Myers, Xuehan Xiong, Arsha Na-
grani, and Cordelia Schmid. Streaming dense video captioning. In Proc. CVPR, 2024.

A DESIGN CHOICES AND FURTHER ANALYSIS OF TTTgxr

A.1 DISCUSSIONS ON DESIGN CHOICES

The key design choices of TTTyr are explained and discussed in this section.

Choice of curvature matrix B A crucial part of HF optimizer is the choice of the curvature matrix
B in equation 7. As is mentioned in equation 3, the complete inference function of the TTT-layer is

f(z; W) =z + LN(fvp(z; W)),

where LN(+) is the layer norm operation. There are two potential choices of curvature matrices:

Byip = (szMLP)TszMLP (13a)
Bin = (Vw2in) | Vw21, (13b)
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Algorithm 1 The Fast-Weight Update Rule in TTTyr (Adapted from Wu et al. (2024))

Input: The maximum CG execution iterations: Mcg (chosen to be 3 in this project)
The gradient of the 5-scaled TTT reconstruction loss at time step t: Vi L(X¢, me; Wi—1)
The matrix-vector product function for the Gauss-Newton matrix of the TTT-MLP model: B(-)
Execute:
1o — VwL( X, m; Wi1), vg < 19, m < 0
while m < Mcg do
[rml* = rler
Q< ||7°m||2/(vr-|r—LB'Um)
LTm+1 S~ Ty + O Um
T+l < Tm — @y Boy,
HTerIHQ = r7—7rl+1,’am+1
Bt  Irmaal?/lrm?
vm,+1 — rm,+1 + an+1vm
m+—m+1
if y(xm41) > v(x,,) then

end while
Wt+1 < Wt — wMCG
Return: W,

where zyp = fmrp(x; W) and ziny = LN(fuwp(x; W)). Note that the additional inference
and backward operation of By y makes the matrix-vector product operation of Byn(-) 14.0% more
computationally expensive than By p(+) (tested on Nvidia A5000 GPU).

To compare the quality of updates generated with these two choices of curvature matrices (along
with the choice of number of CG iterations), we conduct a single batch empirical convergence
analysis. The experiment observes the loss change along different update directions w.r.t. the update
norm. As shown in Figure 3, when a small CG iteration number is used (< 3), Byrp achieves better
convergence (a consistently lower lowest achievable loss). Additionally, considering the additional
computational cost of Byn(+), Bymrp is a much more cost-effective choice.

Choice of CG iterations The CG algorithm is the most expensive part of TTTyp, and the iteration
number should be carefully chosen. Each CG iteration is equivalent to the computation cost of two
forward passes of the fyp(-) function in equation 3. The optimal choice should be the smallest
iteration number that leads to the most optimisation performance gain. As is shown in Figure 3, 3
CQG iterations demonstrates the most convergence improvement (from 2 CG iterations), while further
increasing the CG iterations shows diminishing gain.

Incorporation of token-dependent learning rate Following the implementation in Dalal et al.
(2025), for each incoming mini-batch, a token-dependent learning rate n{ = h(X;) is assigned
to each individual token. For the TTT-layer with SGD update, the accumulated update naturally
becomes AWOP = — 3™ niVyy, L(X[; W;_1). However, it is non-trivial as in how to incorpo-
rate this token-dependent learning rate in TTTyp. In this paper, the token-dependent learning rate
ni is re-interpreted as an importance measure for each token, and the TTT reconstruction loss is
rewritten as an adaptive loss function with an adaptive per-token weighting £( X, m; Wi_1) =
> niL(X}; Wy_1). This formulation alleviates the need to reweight the per-sample component
of the curvature matrix of the TTT-MLP model when doing CG iterations, meanwhile maintaining
consistency with standard TTT update methods such as SGD and Muon.

Early stopping of CG iterations During update generation process of the TTTyr layer, an in-
dependent CG algorithm is run for every MLP model of each head (and sample) (see Algorithm
1, which describe one independent CG iterations). The CG iterations sometimes need to be termi-
nated, or divergence would happen (e.g. when inversion is completed). This is determined mainly
by the rank of the curvature matrix B of each MLP model and computation precision, which may
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Figure 5: The TTT statistics of an one hour video during inference is shown in this figure. The
sequence is run by the checkpoint trained with TTTyyyon, With a learnt per-time-step update norm of
0.1386. To enable fair comparison, the sequence is re-run through the TTT layer with the optimizer
replaced with HF and SGD, meanwhile enforcing the same per-time-step update norm. On the left

depicts the reconstruction loss £(X;,n:; W;_1) and on the right depicts the TTT relative output

[Af (O X ;Wi—1)l| : _
change T X Wi It can be observed that, although TTTypon achieves the lowest recon

struction loss (by a small margin), the change incurred by each update to the output of the TTT-layer
is significantly lower. This indicates the possibility that less information is incorporated into the
output of the TTTyyon layer, which makes the learning task of downstream LLM more difficult.

vary greatly. It is therefore important to automatically determine if a CG iteration should end. In
this paper, the 7 indicator proposed in Wu et al. (2024) is used, which is shown to monotonically
decrease for the CG update x,,, at the end of every CG iteration, until divergence. The monotonicity
of y(z,,) is monitored for every CG iteration, and an iteration is terminated once the monotonicity
breaks.

A.2 COMPARING TTTpmuon, TTTyr AND TTTsgp

A plausible explanation is provided in this section for the performance result in Table 3 (TTTyp >
TTTsgp > TTTmuon)-

A.2.1 DETAILS OF TTTmuon

The Muon optimizer (Jordan et al., 2024) is an emerging optimizer which is designed specifically for
2D weight matrices. It uses Newton-Schulz (NS) iterations to orthogonalise a target weight matrix.
The Muon optimizer can be applied to each weight matrices of the MLP model in the TTT-layer,
and the update can be generated as follows

AWtMuon — *’I]MUOHNS<AWtSGD), (14)

where AW SCP represents the SGD update defined in equation 5. We follow the implementation of
the NS iterations in Zhang et al. (2025d). Because the NS iteration removes all norm information of
the input update matrix AW 6P, a learnable parameter n™"*" is added in our TT Ty, implemen-
tation to enable variable update norm during TTT. The final result of model trained with TTTyyen
is shown in Table 3. It is surprising that TTTyon, along with the LaCT baseline (which also uses
Muon in its TTT-layer), underperforms both our TTTyr and TTTsgp implementations.

A.2.2 UNDERSTANDING THE PERFORMANCE DIFFERENCE AMONG TTTpmyon, TTTsgp AND
TTTyr

To understand the performance gap between TT Tyyon and our TTTyr and TTTsgp, the per-update
statistics during the inference of an one-hour video input is analysed (see Figure 5). Note that the
right subplot depicts the change to TTT-layer output incurred by the update at each time step, i.e.

|[Af (0 Xy; Wi )|
1f(0QXe; Wiy
where Af(0gX,; Wi_1) = f(00X; Wy) — f(0gX,; Wi_1). This metric can be viewed as a

rough estimation of the amount of new information injected into the output of the TTT-layer by
the TTT update at each time step. By looking at the final reconstruction loss, it can be seen that,

5)
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convergence-wise, Muon > HF > SGD. However, Muon updates inject significantly less informa-
tion to the output of the TTT-layer than both HF and SGD. This is an expected behavior, as all
second-order update improves convergence by reducing its affect on model output behaviour (Wu
et al., 2024). However, this could be the main pitfall for Muon, which likely makes the adaptation of
downstream LLM to the TTT outputs much more difficult. On the other hand, HF achieves a better
balance between convergence on reconstruction loss and information injection to TTT-layer output
(better convergence on reconstruction loss than SGD, and higher output change than Muon), thus
achieving the best overall performance (see Table 2 and 3).

B ADDITIONAL RESULTS ON ONLINE VIDEO BENCHMARK

We provide the performance of video-SALMONN S on an online video understanding benchmark,
OVO-Bench (Li et al., 2025a), as shown in Table 5. Note that video-SALMONN S has never trained
on online video understanding tasks or prompts, hence significant domain mismatch exists. Mean-
while, the videos in the benchmark is not long enough to completely reflect the advantage of our
proposed mechanism. Nevertheless, video-SALMONN S still achieves the best performance across
the table, compared to both offline and online systems.

Model Realtime Backward Forward Overall
Non-Streaming Models

Qwen2-VL-7B Wang et al. (2024a) 56.0 46.5 48.7 50.4
LLaVA-Video-7B Zhang et al. (2025¢) 63.5 404 54.8 52.9
Qwen2.5-VL-7B SFT 63.4 48.0 47.2 52.9
Streaming Models

Flash-VStreamZhang et al. (2025b) 28.4 27.4 45.1 33.6
Dispider Qian et al. (2025) 54.6 36.1 34.7 41.8
video-SALMONN S 63.8 434 53.6 53.6

Table 4: Performance comparison on OVO-Bench for online video understanding.

We then provide the performance of video-SALMONN S on StreamingBench (Lin et al., 2024b).

Model Real-Time Omni-Source Contextual Overall
Dispider Qian et al. (2025) 54.6 36.1 34.7 41.8
ViSpeak S2 (Fu et al., 2025) 74.4 53.5 39.6 62.0
Qwen2.5-VL (V) 75.4 38.7 32.1 57.6
Qwen2.5-VL Merging (V) 75.1 39.1 33.8 579
video-SALMONN S (V, PI) 75.7 40.7 35.7 58.7
video-SALMONN S (A+V, PI) 76.0 53.0 36.1 62.1

Table 5: Performance comparison on StreamingBench for online video understanding.

C DETAILED RESULTS ON THE INFLUENCE OF MEMORY SIZES

We provide the complete results for the performance variation against memory size for video-
SALMONN S in Table 6.

D RUNTIME METRICS AND ANLYSIS
For a TTT-layer with input dimension d, intermediate dimension m, total sequence length 7", mini-

batch size B and minibatch size B, all three methods share the same core operations: For all the
methods: TTTSGD, TTTMuon, TTTHE, they all require the following common operations:

» Forward operation with pre-updated fast weight (2 x T'dm,)
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Model (Memory Size) VMME (S/M/L) MLVU LVBench
Baseline (8k) 66.3 (76.8/66.9/55.3) 70.6 41.6
video-SALMONN S (8k) 66.7 (76.9/66.2/57.1) 71.2 44.4
Baseline (16k) 67.1 (77.6/67.9/55.9) 72.5 45.7
video-SALMONN S (16k) 67.9 (77.0/68.3/58.3) 73.2 47.1
video-SALMONN S (32k) 68.9 (76.8/70.9/59.0) 74.4 49.4
video-SALMONN S (64k, PD) 68.6 (75.2/70.2/60.4) 72.7 52.2
video-SALMONN S (128k, PD)  68.5 (75.2/69.6/60.8) 73.2 52.8

Table 6: Influence of varying memory size for video-SALMONN S, where baseline refers to simi-
larity merging and 8k/16k token versions are provided as those are commonly seen in literatures.

* Backward operation to compute the gradient (4 x T'dm,)
* Meta-optimiser-specific update generation cost (different across methods)
¢ Final forward operation for inference (2 x T'dm)

This yields a constant base cost 8 x T'dm for all variants. Extra costs caused by different optimisers
are:

* SGD: no extra FLOPs for generating update.
e Muon: 5 NS iterations, each with 3 parameters, which in total costs 7' x (10 x dm + 20 x
d?) x (d/B)

e TTT-HF: 3 matrix vector products with the curvature matrix, which in total costs 18 x T'dm

Overall, TTT-HF has competitive computation complexity as compared to TTT-Muon (depending
on the ratio of d/B, HF becomes more efficient than Muon for a smaller B). TTT-HF costs around
2.25x more when compared to TTT-SGD, but since the TTT layer is a single small MLP applied
only to input tokens, the added FLOPs are negligible relative to the LLM backbone’s inference cost.

We provide runtime metrics, including TFLOPS, inference time taken per frame during prefill, and
first token latency, in Table 7

Configuration TFLOPS Inference time per frame (s)  First token latency (s)
Qwen2.5 VL + Merge 2.76 0.00398 0.799
+ TTT-SGD 2.76+0.000206 0.00409 0.802
+ TTT-HF (3 steps) 2.76+0.000668 0.00436 0.805

Table 7: Runtime metrics for video-SALMONN S measured on a single H800 GPU.

Key observations:

e TFLOPs overhead is negligible compared to the entire LLM because it is just a single MLP.
¢ Inference time per frame overhead is negligible compared to the first token latency.

e TTT-HF does not influence first token latency because it updates memory whenever new
frames come. So when a user prompt comes, the visual memory is always ready to be used
by the LLM.

As aresult, with TTT-HF, for 1-hour video at 1FPS and 360p, we can still process within 20 seconds
on average. We added this table to the revised paper.
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