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DeepSeek V4.1 Flash replaces the uniform decoder with a 40 layer Causal Encoder
Decoder: 20 encoder layers read the prompt with 8B active parameters and 20 decoder
layers write with 16B. Alongside a compressed sparse attention scheme and a much
smaller KV cache, it changes what long context agent work costs. This paper examines
the architecture, the reported benchmarks, the API economics, and the honest caveats,
and asks what a vendor reported win on agent tasks means for teams building on

African hardware budgets.

Introduction

Most large language models are symmetric. They are stacks of decoder layers that process
the prompt and generate the answer with the same parameters, the same attention pattern,
and the same cache behavior. DeepSeek V4.1 Flash is not symmetric. Released on September
10, 2026, it splits forty transformer layers into a twenty layer causal encoder and a twenty
layer decoder, activates 8B parameters while reading and 16B while writing, and compresses

the key and value cache to a fraction of the previous generation.

That is a systems decision as much as a modeling decision. Agent workloads are input heavy.
A coding agent reads a repository, a research agent carries many documents, a multimodal
agent watches screenshots, and a long tool loop keeps appending results to a context that is
re read far more often than it is extended. If reading is cheap and prompt reuse is cheap, the
economics of long running agents change. DeepSeek is betting the architecture on that, and it

is retiring its own prior flagship, V4 Pro, by routing its traffic to the smaller V4.1 Flash.

This paper describes the Causal Encoder Decoder, the Compressed Sparse Attention 2
scheme, the native vision path, and the reported benchmarks. It then argues why the design
is better for a specific class of work, states where the evidence is thin, and closes with what it
means on African hardware budgets. All model figures are as reported by DeepSeek and the

model card unless stated otherwise.



The architecture: an asymmetric causal encoder decoder

V4.1 Flash is a 552B parameter mixture of experts model. The headline change is its topology.
Instead of a single decoder stack, it uses forty layers split evenly into a causal encoder and a

decoder. DeepSeek calls this the Causal Encoder Decoder, or CED.

The asymmetry is in activation, not just shape. During prefill, when the model ingests the
prompt and the existing context, 8B parameters are active per token. During decode, when it
produces output, 16B are active. The model spends more capacity on writing than on
reading. The decoder does not rebuild a global key and value cache from every decoder
layer. It projects the decoder cache from the encoder final hidden states, so the encoder does

the expensive global attention once and the decoder reuses the result.

Classic sequence to sequence models used an encoder for understanding and a decoder with
cross attention for generation, and the pattern fell out of favor as decoder only models
scaled. The CED is a return to the split, but with a causal encoder and a projection step rather
than cross attention, and with the split tuned for a workload where the input dwarfs the
output. Whether that holds for open ended generation, where output can be as long as input,

is the central open question we return to later.

Component Value

Total parameters | 552B mixture of experts

Layers 40, split into 20 causal encoder and 20 decoder

Active
8B during prefill, 16B during decode
parameters

Context window | 1M tokens

Maximum output | 384K tokens

Compressed Sparse Attention 2 with Full, Reindex, and Reuse
Attention
modes

Vision Native, trained from scratch with 2D RoPE and 3x3 pixel




Component Value

unshuffle
License MIT, open weights
API name deepseek-flash

Compressed sparse attention and the cache

The previous generation introduced DeepSeek Sparse Attention, or DSA. V4.1 Flash extends it
with Compressed Sparse Attention 2. Attention layers use one of three static modes: Full,
Reindex, or Reuse. Instead of rebuilding sparse indices at every layer, the model shares key
and value data and sparse attention indices across layers. In the decoder, a hierarchical
sparse indexer narrows later searches to a candidate pool created by the first full attention

layer.

The static nature of the modes is the part that matters for serving. Dynamic, per token
routing is hard to schedule on hardware because the memory access pattern changes
constantly. A small set of known attention modes lets an inference engine lay out the cache
predictably and amortize index construction. This is a serving first design, and it is

consistent with the rest of the release.

The cache numbers are where the architecture turns into money. The model card reports a
global KV cache of about 890 bytes per token. DeepSeek says that is roughly one quarter of
the high bandwidth memory footprint of V4 Flash and about one eighth of the persistent SSD
storage, helped by an SWA Bounded Replay mechanism that avoids writing the full sliding
window attention state to disk. Against DeepSeek V1, the same figure is described as roughly

one part in four hundred and thirty seven.

For a fixed memory budget, a smaller cache per token means more tokens of live context. An
890 byte per token cache is what makes a one million token window practical to keep
resident rather than aspirational, and it is why the API can charge a very low rate for a cache

hit.



Native vision

V4.1 Flash processes images and text together. DeepSeek describes a vision encoder trained
from scratch with 2D RoPE and 3x3 pixel unshuffle downsampling, followed by a two layer

projector that turns images into embeddings for the language model.

The practical effect is that an agent no longer needs a separate vision model in the loop for
screenshots, charts, or interface state. One model reads the image and reasons about it in the
same context, which removes a network hop, a second cache, and a second billing surface.
For agents that inspect visual test results or user interfaces, that is a meaningful

simplification even before quality is considered.

What the benchmarks show

DeepSeek reports strong results on several agent, coding, and security tests. The figures
below are from DeepSeek release materials and the model card, not from an independent
evaluation, and they were produced with specific harnesses and settings. DeepSeek states

that its instruct evaluations used a maximum reasoning effort.

Reported V4.1 Flash
Benchmark What it measures
result
Terminal Bench terminal and tool use in a shell
90.6
2.1 environment
software engineering tasks from real
DeepSWE v1.1 74.2 resolved
repositories
CyberGym 88.1 security oriented code tasks
AutomationBench | 54.8 multi step automation

The pattern is more useful than any single number. The wins cluster on agentic, tool using,
input heavy tasks. DeepSeek also reports weaker relative results on other tests, including
Terminal Bench 3.0 and 4.0, where it places behind Opus 5.0 on the table. A model that leads
on DeepSWE and CyberGym but trails on later terminal suites is not uniformly better, and

the published results use different harnesses, step limits, context limits, and reasoning



settings for different rows.

That mixed picture is consistent with the architecture thesis. When the input dominates and
tools do the acting, cheap reading and a small cache pay off. When the task rewards deep

open ended generation, the advantage is less clear.

Why it is better

Three claims can be defended from the design and the reported numbers.

First, the asymmetric split matches the dominant workload. Agent sessions spend most
tokens on input and cached context, and comparatively few on output. Putting 8B active
parameters on reading and 16B on writing spends compute where the quality is visible and
saves compute where it is not. It is the opposite of a uniform decoder that pays the same

price to re read a repository as it does to write the answer.

Second, cache compression is a cost lever that compounds. The gap between a cache hit and
a cache miss is large: at off peak pricing a million cached input tokens cost about three
thousandths of a dollar while a million uncached input tokens cost fifteen cents. Over a long
tool loop with a stable prefix, the same reasoning produces a much smaller bill. Architecture
that shrinks the cache per token improves not only the memory ceiling but the price of every
reuse. This is why we read the release as an agent economics play first and a quality play

second.

Third, static attention modes and a projected decoder cache are easier to serve than dynamic
alternatives. Predictable memory access and amortized index construction translate into
throughput, and the reported concurrency limits and pricing suggest DeepSeek believes the
cost curve is favorable. A model that is cheap to serve can be priced aggressively, which is

exactly what the release does.

There is a fourth, softer signal. DeepSeek is routing V4 Pro traffic to V4.1 Flash until a V4.1
Pro arrives. A vendor does not retire its flagship in favor of a smaller model unless it believes
the smaller model is at least as good on the workloads it cares about. That is an unusual and

revealing admission.



What it costs

The API separates cached input, uncached input, and output, and it halves prices off peak.

Off peak per Peak per
Token category

1M 1M
Input, cache hit | $0.003 $0.006
Input, cache

$0.15 $0.30
miss
Output $0.60 $1.20

Off peak rates apply outside the peak windows, and DeepSeek states that off peak prices are
half of peak prices. The practical instruction is to keep a stable, cacheable prefix and to
schedule flexible work off peak. Two cautions follow. A low cache hit price does not
guarantee a high hit rate, so teams should read their billing data rather than assume a
theoretical hit ratio. And a low price per token does not mean a low price per completed

task. A model that needs more retries can erase a cheaper token.

Caveats and what to verify

The evidence is vendor reported. The benchmark rows come from DeepSeek, produced on
different harnesses with settings such as maximum reasoning effort, and they are not an
independent evaluation. The KV cache and storage reductions are architecture and model
card claims, and they do not by themselves prove lower end to end latency or cost in every
deployment. Prompt reuse, cache hit rate, output length, provider, concurrency, and tool

latency still decide the real bill.

The asymmetric split has an untested edge. Input heavy agent tasks are the obvious
beneficiary. Open ended generation, where output length approaches input length, is the
case where 16B active parameters on decode may not match a larger uniform model. This is

the first place to look when a workload underperforms.

Finally, the migration itself is a data hazard. The names deepseek-v4-flash and deepseek-v4-

flash-vision-exp now route to V4.1 Flash, so an evaluation log that says V4 Flash after



September 14 may not describe the model that was originally tested. Store the request date,

the returned model metadata, the reasoning setting, and the price schedule with every run.

What it means for African hardware budgets

A 552B parameter multimodal mixture of experts model does not run on the hardware most
builders in the region own. DeepSeek itself cites a resource profile of roughly two thousand
GPUs plus a storage cluster for large scale deployment. On the four hardware tiers we
defined in our audit of local AI for rural and informal sectors, V4.1 Flash is a network model,

not an on device one.

That does not make it irrelevant. It changes the buildable surface. A one million token
window with a small cache means a team can put an entire repository or a whole document
set into one session without a retrieval pipeline, over a connection, and pay cache hit prices
for the repeated context. Native vision means a single call can read a form, a chart, or a
screenshot. The work shifts from serving the model to designing the cached prefix,
controlling the reasoning effort, and scheduling off peak. Those are software skills the region

has.

Two constraints should shape any plan. The first is connectivity and latency, which no cache
compression removes. The second is data sovereignty, which argues for careful scoping of
what leaves the machine and for watching regional and self hosted serving of the open
weights. The MIT license matters here. It lets regional providers and research groups inspect
the weights, adapt inference engines, and study the architecture without waiting on a closed
API. The honest position is that the architecture lowers the cost of using a frontier model
over the network, and that on device work remains the domain of the small models we

surveyed earlier.

Conclusion

DeepSeek V4.1 Flash is an asymmetric architecture aimed at a specific problem: agent
workloads are input heavy, context grows, and cache storage becomes a first order cost. The
Causal Encoder Decoder, Compressed Sparse Attention 2, the 890 byte per token cache, and
native vision all attack that problem directly, and the reported agent benchmarks and the
aggressive cache hit pricing are consistent with the design. The design is better for long

context, tool using, input dominated work, and it is unproven for open ended generation



where the decoder carries more of the load. Evaluate it on your own harness, keep the

settings fixed, and measure cost per completed task rather than cost per token.

Sources

* DeepSeek, Introducing DeepSeek V4.1 Flash, September 10, 2026,

https://www.deepseek.com/en/news/deepseek-v4-1-flash/

* DeepSeek V4.1 Flash model card and technical report, Hugging Face,
https://huggingface.co/deepseek-ai/DeepSeek-V4.1-Flash

» DeepSeek V3.2 Exp, DeepSeek Sparse Attention,

https://www.deepseek.com/en/news/v3-2-exp/

» DeepSeek V4 Preview, affordable million token context,

https://www.deepseek.com/en/news/v4-preview/

+ Atoms, DeepSeek V4.1 Flash architecture, pricing, and benchmarks,

https://atoms.dev/blog/deepseek-v4-1-flash

» DeepSeek API pricing, https://api-docs.deepseek.com/quick start/pricing



https://www.deepseek.com/en/news/deepseek-v4-1-flash/
https://api-docs.deepseek.com/quick_start/pricing
https://atoms.dev/blog/deepseek-v4-1-flash
https://www.deepseek.com/en/news/v4-preview/
https://www.deepseek.com/en/news/v3-2-exp/
https://huggingface.co/deepseek-ai/DeepSeek-V4.1-Flash

	Introduction
	The architecture: an asymmetric causal encoder decoder
	Compressed sparse attention and the cache
	Native vision
	What the benchmarks show
	Why it is better
	What it costs
	Caveats and what to verify
	What it means for African hardware budgets
	Conclusion
	Sources

