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2.Main Contribution

We propose TAMMs, the first unified 

framework to synergistically couple 

temporal change understanding with 

future forecasting in a mutually 

reinforcing manner.

①

We introduce TAM to awaken latent 

long-range temporal reasoning abilities

 of MLLM for SITS.

②

We design a novel SFCI mechanism 

to translate the MLLM’s high-level 

temporal understanding into 

fine-grained generative control.

③

We design the TCS, the first metric 

designed to specifically quantify the

consistency of predicted changes 

against historical dynamics.

④

3. The TAMMs framework architecture 5. Experiments & Results

4. Generated samples from our temporal prediction task

Left columns are input sequences and target (with red dates indicating the target images to 

be predicted); right are predictions from different models. It can be clearly seen that TAMMs 

well captures the changing trends in the sequence and also ensures good image quality.

Table 1:Comprehensive 

evaluation on Temporal Change 

Description and Future Satellite 

Image Forecasting tasks. Metrics 

are abbreviated: B-4 (BLEU-4), M 

(METEOR), R-L (ROUGE-L), C-

D (CIDEr-D), P (PSNR), S (SSIM), 

L (LPIPS). Models are grouped by 

their primary task. A dash (-) 

indicates the metric is not 

applicable for that model. Bold is 

best; underline is second best.

Table 2:Ablation studies for both 

tasks

6. Conclusion and Future Work

In this paper, we addressed the fragmented 

nature of SITS, where temporal change 

description (TCD) and future forecasting 

(FSIF) are treated as disjointed tasks limited 

by a common bottleneck in long-range 

temporal understanding. We proposed 

TAMMs, the first unified framework designed 

to synergistically solve both, built on core 

hypothesis that empowering MLLM to deeply 

comprehend historical dynamics would enable 

more consistent future forecasting. Our 

comprehensive experiments validate that 

TAMMs achieves state-of-the-art performance 

on both tasks, significantly outperforming 

specialist baselines. Critically, its substantial 

gains on our proposed TCS metric provide 

strong evidence that unified approach leads to 

forecasts are demonstrably more consistent 

with historical evolution, establishing a new 

paradigm for reasoning-based SITS analysis.

Building on this work, several promising 

research avenues are identified. To enhance 

forecasting over very long-term horizons and 

for rare, abrupt events, future work will 

explore hierarchical temporal modeling and 

the integration of external data sources. To 

improve the framework’s efficiency and 

reliability for real-world applications, we will 

also investigate model compression 

techniques and incorporate uncertainty 

quantification (e.g., through Bayesian 

approaches) to move beyond deterministic 

predictions and provide richer forecasting 

outputs.


