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my work 

• information theory 


• information processing 


• data compression 



what this talk is not about 

• compression of neural networks 


• compression of gradients while training  


• KV cache compression 


• etc. 



outline 

• apology


• lossless compression landscape 


• compressors as Sequential Probability Assignments (SPAs)


• the LZ78 SPA: classical and modern twists 


• example applications: classification and “Gen AI”


• LZ78 as a data generator 


• the interplay between lossy compression and denoising 


• textual transform coding 


• some takeaways     

(will try to accommodate a diversity of backgrounds)  



apology in advance 

• [SW26]


• [Omri et al. 25] 


• [Gorle et al. 26]


• [SDHW26] 


• [SOW26]


• [Ding et al. 26]


• [W23]

there will be no justice to the (classical and recent) literature but it is served in: 



lossless compression landscape in practice 



https://www.mattmahoney.net/dc/text.html



https://www.mattmahoney.net/dc/text.html

LZ-based NN-based

highest 



• LZ77 (sliding window) 
• LZ78 (incremental parsing)

Jacob Ziv Abraham Lempel



• the fundamental limits (entropy rate and finite-state compressibility)  

• (near) linear complexity    

• elegance 

• state of the art performance on real data

LZ compression achieves:



why care about (lossless) compression? 
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in(formation) theory (101) 

• (gets rediscovered periodically in other communities, cf., e.g., “Language modeling is compression”, ICLR 2024)

Kraft inequality:
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universality is also inherited 
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practically/algorithmically  

(e.g. via arithmetic coding)
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LZ(78): both universality and practicality is inherited 

LZ 

LZ 

LZ 

LZ based 



LZ78 induced Sequential Probability Assignment (SPA) 

incremental parsing:

induces tree:

tree induces SPA

# of phrases in the parsing



arXiv:2410.06589 - Sagan and Weissman

N. Sagan and T. Weissman,  
"A Family of LZ78-based Universal Sequential Probability Assignments",  
Information Theory transactions, April 2026 
[SW26]



[SW26] construction: Bayesian mixtures in LZ78 contexts

arXiv:2410.06589 - Sagan and Weissman

00011001 -> 0,00,1,10,01,…



example  
when f is the Dirichlet prior: 

[SW26] 



optimum per-symbol log loss achievable by a finite-state SPA


(aka “finite-state predictability under log loss”) 

[SW26] 



optimum per-symbol log loss achievable by a Markov SPA


(aka “Markov predictability under log loss”) 

[SW26] 



Theorem:

trivial surprising 

[SW26] 



universality of the LZ78 family of SPAs 
[SW26] 



(equivalently: )

universality in the stochastic setting (classical) 

entropy rate:



result at the heart 



initial experiments in [SW26] 



initial experiments in [SW26] (cont.) 



Y. Omri, N. Sagan, E. Min, H. Choi, T. Moon and T. Weissman,  
"Genomic Data Classification via Universal Compression”,  
[Omri et al. 25] 
ISMB 2025 and  
submitted for journal publication 
https://doi.org/10.21203/rs.3.rs-6363017/v1

https://doi.org/10.21203/rs.3.rs-6363017/v1


main idea 

• compress the labeled data from each class jointly with the test sequence


• choose class with which the test sequence jointly compresses best     


• when using LZ78: 

• training is linear in the training data


• inference is linear in the test data


• induced LZ78 tree gives a succinct and transparent summary of the class statistics 

[Omri et al. 25]



on accuracy:  

(GUE: Genomic Understanding Evaluation Suite)

[Omri et al. 25]



on compute: [Omri et al. 25]



merits

• improved accuracy 


• dramatically faster


• requires substantially less training data   


• transparent white-box logic 


• theoretically justified

[Omri et al. 25]



A. Gorle, C. Ding, S. Bhattacharya, D. Hasteer, N. Sagan and T. Weissman, 
"LZMidi: Compression-Based Symbolic Music Generation",  
ICASSP 2026 
[Gorle 26]



LZMidi 

● Goal: Offer an alternative to large ML-based generators with a 
universal, CPU-only compression-driven generator (sampler) 

● Core idea: Fast sampling from the sequential probability 
assignment induced from an LZ78 tree (compression) 

● Application: Symbolic Music generation 
● Theoretical results: Convergence to true source statistics  

Training and Dataset:  
● Lakh MIDI Dataset (LMD): 648,574 symbolic MIDI sequences 

(each 256 tokens over alphabet {0-89}, where 0=rest, 
1=continuation, 2-89=pitches) 

● 80/20 split: ~518 k sequences for training (used to build/update 
the LZ78 tree) 

● Training: a simple one-pass through all training sequences to build 
the LZ tree, CPU-friendly

[Gorle 26]



LZMidi highlights 
● Sampling/generation: initialized by a single randomly selected 

symbol (a direct child of the LZ tree root) 
from the 90-symbol alphabet 

● Reference sample on the right  
● Metrics (vs. deep models): 
○ FAD as low as ↓ 0.64 (comparable to MusicVAE and fully-

trained Diffusion baselines) 
○ Training: 30× faster, Generation: 300× faster (CPU only) 

versus neural baselines (GPU) 
○ substantially outperforms compute-matched deep-learning 

baselines  
● Compute Efficiency: Hits FAD ~ 0.7 within minutes on M1 CPU 

vs hours of GPU training for deep-learning models 

Key Takeaway: Quality comparable to SOTA, but minutes on CPU instead of GPU-days

examples:

[Gorle 26]

http://drive.google.com/file/d/14uAhGOhxK2vjfqUL5yUarnTqnVfE26Ei/view
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got us thinking 

• about compressors and SPAs as information sources 


• for some it’s very clear: Markov, CTW,…


• what about the LZ78 SPA as an information source?  



question: 

what are the distributional and entropic properties of a process generated from the LZ78 source?  

N. Sagan, A. Dembo, M. Ho and T. Weissman,  
"The LZ78 Source", Information theory transactions, 2026 [SDHW26]  



[SDHW26]:

on the other hand: 

so there’s a “Jensen gap” (in stark contrast to stationary ergodic processes)



divergence properties[SDHW26]:



distributional properties[SDHW26]:



intuition

• the true model keeps track of the tree and the location of the process in it


• most of the time the process is in nodes visited a growing number of times 
so true model quickly learns their realized theta 


• then “merely” need show the empirical distribution of the thetas is what one 
would expect 


• any finite memory machine loses sync of where the process is in the tree and 
since things are locally iid its log loss is as good as that for predicting an iid 
source   



• is non-stationary 


• but ergodic


• is asymptotically “locally iid” 


• is globally far from it  


• has entropy rate < finite-state compressibility


• has the Shannon-McMillan-Breiman property


• divergent relative entropies

[SDHW26]:
question: 


what are the distributional and entropic properties of a process generated from the LZ78 source?  

answer: the “LZ source”  





why is this interesting?

• provides a highly non-trivial ergodic information source with 
very different local vs global behavior 


• can be useful for testing deep nets 


• might be a ‘universal data source for training’ 


• can be harnessed for lossy compression

cf. upcoming international symposium on information theory (ISIT 2026):



speaking of lossy compression 



denoising via lossy compression

46

• “Occam filters”  
• “Compresstimation”   
• “Kolmogorov sampler” 
• etc. 

lossy 
compression 
(done right)

renewed recent interest due to prevalence of good “universal” lossy compressors  



lossy compression of noisy signals for denoising (cont.) 

less storage, faster processing/learning, boosted accuracy in the downstream, 
enhanced privacy when it matters, …



“The Performance of Compression-Based Denoisers”, 


Dan Song, Ayfer Özgür and T. Weissman, 


to appear in Information Theory Transactions 


https://arxiv.org/abs/2512.14539 

[SOW26]:

https://arxiv.org/abs/2512.14539




[SOW26]:



in words: 


’good’ lossy compression of the noisy signal gives a ‘sample from the posterior’   

[SOW26]:



in words: an independent sample from the posterior  

[SOW26]:



(note scheme is oblivious to loss function) 

[SOW26]:



proof elements
• the r-d achieving test channel of the noisy source is the true posterior 


• empirical distribution of good codes ~ the r-d achieving test channel  


• new Markov lemma => a conditionally independent sample from the posterior 

• generalizes, strengthens, and bridges gaps in the literature 


• oblivious to the loss function under which denoising is judged 


• yields schemes with “perfect perception” a la “rate-distortion-perception”

benefits



original noisy compressed compressed 

AWGN

squared 

error

distortion

noisy original+

(also yields 

state of the art 

rate-distortion-

perception

performance)



56

Unsupervised Audio Denoising via Neural Lossy Compression

● Motivation: Neural codecs for audio are increasingly prevalent which much success. Neural compressors offer better rate-
distortion performance than traditional compressors. Since audio is 1-dimensional, we can obtain a good lossy compressor with a 
small-scale network. 

● Approach: We train a scale-hyperprior neural compressor on noisy audio samples to construct a good lossy code for the given 
noise mechanism. The learned compressor can be applied to the target noisy signal, which upon reconstruction, gives us a 
denoised signal. Thus, we obtain joint audio compression and enhancement. 

● Unsupervised Benefit: There have been recent attempts at this joint problem, such as SoundStream [1] and ADNAC [2]. 
However, these approaches require access to clean-noisy audio pairs, which may not always be viable. Our approach only 
requires access to the noisy data. 

● In addition to compression and denoising, we have a positive byproduct of bandwidth reduction.

[1] "SoundStream: An End-to-End Neural 
Audio Codec," N. Zeghidour et al. 
[2] “ADNAC: Audio Denoiser using Neural 
Audio Codec,” D. Jimon et al.

Figure: Clean, noisy, and denoised signals at 10dB SNR AWGN noise.



57

Results and Takeaways:
● Compression and Denoising Performance: 
○ At 10dB SNR, we get ~4dB gain and ~12x compression. 
○ At 5dB SNR, we get ~6dB gain and ~20x compression. 

● Classical Baselines: We compare the denoising performance of our 
compressor to classical methods such as lowpass filtering, spectral subtraction, 
and Wiener filtering. In terms of SI-SDR, our approach outperforms these 
methods 

● Neural Audio Codecs: We look at two off-the-shelf neural audio codecs used 
in practice – EnCodec and DAC – and compare their rate-denoising 
performance to our approach 
○ EnCodec and DAC are neural codecs trained on, and meant for, clean audio 

data 
○ Our approach gets a better denoising gain than these codec, while achieving 

a comparable bitrate regime 
● Specialised Audio Denoisers: We also compare our denoising performance 

to Facebook Demucs [1], which is a specialized audio denoiser trained in a 
supervised way, and outperforms our denoising capabilities. However, it offers 
no compression, and should be treated as a denoising benchmark

Figure: Denoising performance at 10dB SNR against classical baselines.

Figure: Comparing rate-denoising performance at 10dB SNR against 
off-the shelf methods.[1] “Real Time Speech Enhancement in the Waveform Domain,” 

A. Défossez et al.



C. Ding, A. Rao Gorle, J. Jeong, N. Sagan and T. Weissman,  
"Information-computation trade-offs in non-linear transforms",  
Philosophical Transactions of the Royal Society A, 2026 
[Ding et al. 26]

•  neural


• textual 


• LZ 

among other highly non-linear transforms, considers:



transform coding 101



elements of a good transform

• basis functions have biological/physical/conceptual significance 


• sparsity


• transform coefficients related simply (e.g. independent, uncorrelated, etc.) 


• invertibility (information lossless)  


• smoothness of forward and inverse transform (w.r.t. relevant metrics)


• manageable complexity (both forward and inverse transform)   


• induced benefit: yields a wieldy and natural model for your data 



quest for a new transform

• what resonates with us?


• what is a ‘thing’?


• what lights up our (biological) neural nets?   

what are the right “harmonics”? 

• T. Weissman, “Toward textual transform coding”, IEEE BITS, Vol 3, Issue 2, June 2023, [W23]



words  

• are what we’ve invented/evolved to refer to and describe 
concepts/things that resonate with/are meaningful to us



analogy toward a “textual transform”

Fourier transform Textual transform 

harmonics objects for which we have words

frequencies words 

amplitude/phase of harmonics size/location/orientation of objects 

precision of amplitude/phase precision of size/location

frequency resolution number of words



(some cartoonish sketches of)  
examples for what such a transform might look like  



white noise

FFT, etc.
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representation of an image in the textual transform domain  

• how many objects (up to prescribed number L for cognitive load) 


• list of what they are (one word each) 


• their sizes, locations, orientations (at prescribed resolution R)


• more words of description for each and how they relate to each other (at 
prescribed resolution W)

in other words:  
essentially what a verbal description would look like  

(confined to a given budget of words/sentences)



textual transformers 

• transformers (Large Language and visual models), diffusion models, etc. 


• computationally effective textual transforms 


• humans


• ongoing: text emerging from extreme lossy compression 



a bit on denoising and lossy compression via the textual transform: 
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denoising the
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(discrete denoising

in the textual domain)



goes way beyond the cartoons to yield state of the art lossy 
compression and denoising 

via the textual transform + visual sketches 

[Ding et al. 26]:



some takeaways

• NNs, transformer and diffusion based architectures have shown us what’s achievable 


• existing compressors such as LZ hint that NNs are highly suboptimal from a compute 
perspective 


• “plenty of room at the bottom” for new architectures 


• at compute regimes >> compressors and << NNs


• need go back to the drawing board


• seek more inspiration from humans and other (not necessarily neuronal) biological systems  


• new architectures could give rise to new types of intelligence



thanks 


