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Executive Summary

Qwen3.8-Flash-Next is an open-weight, multimodal mixture-of-experts model that Alibaba's Qwen team released
on August 26, 2026, positioned as an experimental preview of the architecture that will underpin the future Qwen4
generation rather than a conventional production model. Its backbone totals 125 billion parameters with 6 billion
activated per token, alongside a 51 billion-parameter auxiliary n-gram table and a 4 billion-parameter multi-token-
prediction module, a split confirmed by the Qwen team'’s own arXiv paper published August 31, 2026 (arxiv.org).
The architecture alternates three Gated DeltaNet (GDN) linear-attention layers with one Qwen Sparse Attention
(QSA) block across 48 layers, adds a four-branch Gated Residual stream, together bringing the combined
checkpoint to approximately 180 billion parameters and supporting a native context window of 262,144 tokens,
extensible to 1,000,000 via YaRN scaling.


https://intuitionlabs.ai/articles/mixture-of-experts-moe-models
https://arxiv.org/abs/2608.30320#:~:text=125B%20parameters%2C%206B%20activated%20per%20token%2C%20and%20additional%2051B%20parameters%20of%20n-gram%20embedding%20tables

Memory requirements split sharply by deployment target. As detailed in the Memory Requirements section, the
official FP8 checkpoint is 172.78 GiB (about 185.5 GB) of checkpoint storage/weights, not a complete GPU-serving
memory requirement. The vLLM recipe validates FP8 at TP2 minimum on GB300 and recommends TP4; on 4x80
GB H100 GPUs, the n-gram embedding requires host-RAM offload, with runtime and KV-cache headroom planned
separately. At the other end of the hardware spectrum, community GGUF quantizations allow the model to run on
as little as 75 gigabytes of unified memory with no discrete GPU at all (unsloth.ai), while a validated NVIDIA GB300
NVL72 deployment reaches over 16,000 tokens per second per GPU with substantial prefill and decode speedups
from the hybrid attention design.

Compared with its architectural predecessor, Qwen3-Next-80B-A3B (released September 11, 2025, with 80 billion
total and 3 billion activated parameters, as detailed in the Comparison section below), Qwen3.8-Flash-Next roughly
doubles activated parameters and replaces dense fourth-layer attention with sparse block-level retrieval. As of
September 5, 2026, the model had drawn 351,374 Hugging Face downloads and 4,878 likes, alongside substantial
developer discussion, though its most favorable benchmark comparisons remain vendor-reported claims not yet
independently reproduced. Organizations evaluating it, including those in regulated fields such as life sciences,
should weigh its documented architectural transparency against its self-declared status as a preview rather than a
hardened production release.

Introduction and Background

Alibaba's Qwen team released Qwen3.8-Flash-Next as an open-weight multimodal model on August 26, 2026,
describing it on the model's own Hugging Face page as "this experimental preview of the architecture that will
underpin Qwen4" (huggingface.co) rather than a conventional incremental update. The name places it inside the
Qwen3.8 generation, but its internals depart sharply from earlier Qwen releases: it combines a linear-attention
mechanism called Gated DeltaNet (GDN) with a new sparse-retrieval mechanism called Qwen Sparse Attention
(QSA), adds a 51 hillion-parameter n-gram lookup table that can live in host RAM instead of GPU memory, and
trains with the Muon optimizer instead of the AdamW optimizer used throughout most of the Qwen3 family
(arxiv.org). For engineering teams evaluating it, the practical questions are narrower than the architecture is novel:
how much memory does it actually take to run, what hardware is validated, and how does it compare to the Qwen3-
Next model it descends from.

This report answers those questions using the model's own repository, its accompanying arXiv paper, official
deployment recipes, and independent benchmark trackers, with every volatile figure (price, benchmark score,
download count) dated to when it was observed. As of September 5, 2026, Qwen3.8-Flash-Next is eleven days old
as a public release; several of the operational details below, particularly around GPU memory planning, come from
community-maintained deployment recipes rather than an official Qwen hardware guide, and that provenance is
flagged wherever it applies.

Qwen3.8-Flash-Next should not be confused with two sibling models Alibaba shipped in the same month: Qwen3.8-
27B (released August 14, 2026) and Qwen3.8-2.4T-A95B (released August 12, 2026), both part of the separate
Qwen3.5/3.6/3.8 lineage documented in the QwenLM/Qwen3.8 repository (github.com). Qwen3.8-Flash-Next is a
distinct, separately versioned architecture preview, and this report treats it as such throughout. Consultancies that
advise regulated industries on Al infrastructure, including life-sciences and pharmaceutical organizations,
increasingly need to evaluate architecture-preview releases like this one on the same evidentiary basis as


https://recipes.vllm.ai/Qwen/Qwen3.8-Flash-Next
https://unsloth.ai/docs/models/qwen3.8-next#:~:text=can%20run%20locally%20on%20devices%20with%2075GB%20RAM%2Funified%20memory%20with%20no%20GPU%20VRAM%20required
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production models: IntuitionLabs, a life-sciences and Al consultancy, has previously published a comparable
architecture explainer on Mistral Large 3, a 675B-total-parameter open-weight mixture-of-experts model
(intuitionlabs.ai), and this report follows the same verification standard.

What Is Qwen3.8-Flash-Next? Definition, Lineage, and Positioning

Qwen3.8-Flash-Next is a causal language model with an integrated vision encoder, meaning it accepts both text
and image inputs, reflected in the "image-text-to-text" pipeline tag Hugging Face's own model index assigns it
(huggingface.co). It was published under the identifier Qwen/Qwen3.8-Flash-Next, with the repository created on
August 24, 2026 and the weights and code formally announced two days later (huggingface.co) (github.com). The
GitHub repository, QwenLM/Qwen3.8-Flash-Next, describes it plainly as a foundation model from the Qwen Team
at Alibaba Group (github.com).

The "Next" suffix carries specific meaning inside Alibaba's naming convention: it marks a model as an architecture
testbed rather than a mainline production release, a lineage that began with Qwen3-Next-80B-A3B in September
2025. Qwen3.8-Flash-Next continues that role, but as already noted, its stated ambition is larger, previewing
Qwen4 rather than refining Qwena3. A first-party technical report by the Qwen Team five days after the model's
release, titled "On the Design of Qwen3.8-Next Architecture: Evaluation, Efficiency, and Training Stability"
(arXiv:2608.30320, submitted August 31, 2026), documents the same architecture in technical detail and reports
that it matches or nears the performance of a much larger 397B-A17B predecessor while using markedly less
compute (arxiv.org).

Licensing is a practical taxonomy question in its own right. Qwen3.8-Flash-Next ships under a custom Qwen
Community License 1.0, recorded on Hugging Face as license type "other" (huggingface.co). The license text
requires organizations operating "Model as a Service" or "Al Work Assistant" products built on the weights to obtain
a separate commercial license from Qwen before use, and it requires the respective model name to be prominently
displayed in the user interface when the Software or derivative works are used for a commercial product or service
with more than 100,000,000 monthly active users or US$20,000,000 (or equivalent) monthly revenue
(huggingface.co). These are the same terms that govern the broader Qwen3.5/3.6/3.8 family; the underlying GitHub
code repository itself carries no separate machine-readable open-source license, and users are directed to the
license bundled with the weights (github.com).

Architecture Deep Dive: Hybrid Attention, Sparse MoE, and Novel
Components

Qwen3.8-Flash-Next's architecture combines five components. The backbone totals 125 billion parameters, of
which 6 billion are activated for any given token, alongside a 51 billion-parameter auxiliary n-gram table and a 4
billion-parameter multi-token-prediction module (huggingface.co), a split also stated in the Qwen Team's arXiv
technical report (arxiv.org). Including both auxiliary modules, the Hugging Face repository's own safetensors index
records a combined parameter count of approximately 180 billion for the base BF16 checkpoint, a figure an
independent technical reviewer likewise summarized shortly after launch (kaitchup.substack.com).


https://intuitionlabs.ai/articles/mistral-large-3-moe-llm-explained
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https://huggingface.co/Qwen/Qwen3.8-Flash-Next/raw/main/README.md#:~:text=license_name%3A%20qwen-community-1.0
https://huggingface.co/Qwen/Qwen3.8-Flash-Next/raw/main/LICENSE#:~:text=more%20than%20100%2C000%2C000%20monthly%20active%20users%20or%20US%24%2020%2C000%2C000
https://raw.githubusercontent.com/QwenLM/Qwen3.8-Flash-Next/main/README.md#:~:text=Please%20find%20the%20license%20file%20released%20with%20the%20model%20weights%20on%20Hugging%20Face%20Hub%20or%20ModelScope.
https://huggingface.co/Qwen/Qwen3.8-Flash-Next/raw/main/README.md#:~:text=Number%20of%20Parameters%3A%20125B%20with%206B%20activated%2C%20plus%2051B%20n-gram%20embedding%20and%204B%20MTP
https://arxiv.org/abs/2608.30320#:~:text=125B%20parameters%2C%206B%20activated%20per%20token%2C%20and%20additional%2051B%20parameters%20of%20n-gram%20embedding%20tables
https://kaitchup.substack.com/p/qwen38-flash-next-review-benchmarks#:~:text=125B-parameter%20main%20model%2C%20only%206B%20parameters%20activated%20per%20token

Hybrid attention (GDN and QSA). The 48 transformer layers are arranged in a fixed repeating pattern: twelve
groups, each consisting of three Gated DeltaNet (GDN) blocks followed by one Qwen Sparse Attention (QSA)
block, with a mixture-of-experts (MoE) feed-forward layer after every attention block (huggingface.co). GDN is a
linear, recurrent form of attention that compresses the entire history of a sequence into a fixed-size state rather than
growing a key-value (KV) cache with every new token, and NVIDIA describes its role directly: three of every four
layers use it to continuously compress historical context (developer.nvidia.com). GDN uses 48 linear-attention
heads for its value projection and 16 for its query/key projection, each with a head dimension of 128, per the
model's published specification sheet. The remaining layer in each group of four uses QSA, a sparse retrieval
mechanism that scores context at the granularity of blocks rather than individual tokens: NVIDIA describes it as
aggregating the sequence into micro-blocks, estimating block-level importance, and retrieving only the most
relevant regions (developer.nvidia.com). QSA uses 24 query heads and 2 key/value heads at a head dimension of
256, with a lightweight indexer and a fixed retrieval budget of 512 blocks or 2,048 tokens regardless of total context
length, again per the same specification sheet (reproduced in full in Table 1 below).

Sparse mixture-of-experts. The feed-forward layers route to a pool of 512 total experts, of which 10 routed
experts plus 1 always-on shared expert are activated per token, each with an intermediate dimension of 640. This
expert count and routing pattern is structurally identical to the predecessor Qwen3-Next-80B-A3B model, discussed
in the comparison section below.

Gated Residual (GR). A new component absent from earlier Qwen releases widens the residual stream from one
branch into four parallel branches, each read and written through data-dependent gates, at a bottleneck rank of
320. The Qwen Team's arXiv technical report documents the same mechanism in its architecture section (arxiv.org),
intended to give the model more representational capacity per layer without a proportional increase in compute.

N-gram embedding and multi-token prediction. Alongside the transformer backbone, the model carries the 51
billion-parameter auxiliary embedding table noted above, built from roughly 20 million bigram and trigram entries
inserted at layer 2, which functions as a memorization layer that can be offloaded to host RAM with asynchronous
prefetch, since it is looked up rather than computed. The separate 4 billion-parameter, single-layer multi-token-
prediction (MTP) head is trained with a multi-step objective and supports speculative decoding. The hidden
dimension throughout the backbone is 2,560, and the padded vocabulary totals 248,320 token embeddings.

Context length and training. The model natively supports sequences up to 262,144 tokens, extensible to
1,000,000 tokens using YaRN-based rotary position embedding scaling, which NVIDIA's technical blog describes
(developer.nvidia.com). Training used the Muon optimizer for the two-dimensional weight matrices that act as
genuine linear maps (attention and expert projections), while the MoE router specifically was trained with Adamw
because the paper reports Muon destabilized early router training (arxiv.org). Alibaba states the training run cost
roughly one-ninth as much compute as Qwen3.7-Plus while improving coding and office-task capability
(github.com).

Table 1 below summarizes the full specification sheet in one place for reference.

Component Specification
Backbone parameters 125B total, 6B activated per token
Auxiliary n-gram embedding 51B parameters, approximately 20,000,000 bigram/trigram entries, layer 2, host-RAM

offloadable


https://huggingface.co/Qwen/Qwen3.8-Flash-Next/raw/main/README.md#:~:text=Hidden%20Layout%3A%2012%20%C3%97%20%283%20%C3%97%20%28Gated%20DeltaNet%20%E2%86%92%20MoE%29%20%E2%86%92%201%20%C3%97%20%28Qwen%20Sparse%20Attention%20%E2%86%92%20MoE%29%29
https://developer.nvidia.com/blog/experiment-with-qwen3-8-flash-next-on-nvidia-gb300-nvl72-for-agentic-coding/#:~:text=Three%20out%20of%20every%20four%20layers%20use%20GDN%20to%20continuously%20compress%20historical%20context%20into%20a%20fixed-size%20recurrent%20state
https://developer.nvidia.com/blog/experiment-with-qwen3-8-flash-next-on-nvidia-gb300-nvl72-for-agentic-coding/#:~:text=aggregates%20the%20sequence%20into%20micro-blocks%2C%20estimates%20their%20importance%20at%20the%20block%20level%2C%20and%20selects%20only%20the%20most%20relevant%20regions
https://arxiv.org/html/2608.30320#:~:text=The%20residual%20stream%20is%20widened%20to%20four%20branches%20and%20read%20through%20an%20elementwise%20gate
https://developer.nvidia.com/blog/experiment-with-qwen3-8-flash-next-on-nvidia-gb300-nvl72-for-agentic-coding/#:~:text=native%20262%2C144-token%20context%20window%2C%20extensible%20to%201M%20tokens%20with%20YaRN
https://arxiv.org/html/2608.30320#:~:text=Therefore%2C%20we%20use%20AdamW%20for%20the%20router.
https://raw.githubusercontent.com/QwenLM/Qwen3.8-Flash-Next/main/README.md#:~:text=training%20takes%20only%20about%201%2F9%20as%20much%2C%20yet%20it%20delivers%20superior%20capabilities%20in%20coding%20and%20office%20tasks

Component
Multi-token prediction (MTP)

Combined parameter footprint

Layer layout
Gated DeltaNet (GDN) heads

Qwen Sparse Attention (QSA)
heads

Mixture-of-experts
Gated Residual (GR)
Hidden dimension
Vocabulary

Context length
Modality

Optimizer

License

Release date

Specification
4B parameters, 1 layer, multi-step trained

Approximately 180B (backbone plus n-gram table plus MTP), per Hugging Face safetensors
index

48 layers: 12 groups of (3x GDN+MoE, then 1x QSA+MoE)
48 heads (V), 16 heads (QK), head dimension 128

24 query heads, 2 KV heads, head dimension 256, retrieval budget 512 blocks / 2,048 tokens

512 total experts, 10 routed plus 1 shared active per token, expert intermediate dimension 640
4 parallel residual branches, bottleneck rank 320

2,560

248,320 padded token embeddings

262,144 tokens native, extensible to 1,000,000 tokens via YaRN

Causal language model with integrated vision encoder (text and image)

Muon for linear-map weights, AdamW for the MoE router

Qwen Community License 1.0 (custom, listed as "other" on Hugging Face)

August 26, 2026

Two observations follow. First, the architecture concentrates most of its raw parameter mass (51 of roughly 180
billion) in the n-gram table, a lookup rather than a matrix multiplication, The architecture paper states that n-gram
memory "scales capacity with negligible additional per-token FLOPs, while deterministic addressing enables host-
memory offloading and asynchronous prefetching" (arxiv.org). Second, the fixed 512-block QSA retrieval budget

keeps attention cost from growing linearly with context length, the architectural basis for the long-context throughput
claims in the Data Analysis section.

Memory Requirements and GPU/VRAM Planning

Memory planning for Qwen3.8-Flash-Next depends heavily on which of three checkpoint formats a deployment
uses, and most of the concrete GPU sizing guidance below comes from a community-maintained vLLM deployment
recipe and Unsloth's own documentation rather than an official Alibaba hardware chart, a provenance gap worth
stating plainly before the numbers.

Full-precision (BF16) checkpoint. The original BF16 weights total approximately 360 gigabytes across the
sharded safetensors files on Hugging Face, which the vLLM recipe records more precisely as 335.28 gibibytes
(GiB) (recipes.vlim.ai). At this precision the recipe's validated minimum on NVIDIA's GB300 platform is a two-GPU
tensor-parallel (TP2) configuration, using roughly 190 gibibytes per GB300 GPU, with a four-GPU (TP4) layout

recommended for a full server tray (recipes.vlim.ai).


https://arxiv.org/html/2608.30320
https://recipes.vllm.ai/Qwen/Qwen3.8-Flash-Next#:~:text=the%20checkpoint%20is%20335.28%20GiB
https://recipes.vllm.ai/Qwen/Qwen3.8-Flash-Next#:~:text=TP2%20is%20the%20validated%20minimum%20on%20GB300%3B%20TP4%20is%20the%20recommended%20full-tray%20configuration

Official FP8 checkpoint. Alibaba also publishes a quantized FP8 checkpoint, Qwen/Qwen3.8-Flash-Next-FP8,
using fine-grained 8-bit floating point quantization with a block size of 128, which its own model card describes as
producing performance nearly identical to the original weights (huggingface.co). Its total file size is approximately
185.5 gigabytes (huggingface.co), which the vLLM recipe records as 172.78 GiB (recipes.vilim.ai). This checkpoint
is the practical default for single-node GPU deployment, but it introduces hardware-specific constraints documented
in the recipe: on an 8x H200 node, a plain 8-way tensor-parallel (TP8) layout is incompatible with the FP8
checkpoint's 128-element quantization blocks and tensor-plus-expert parallelism (TEP8) must be used instead, and
on 4x H100 80GB GPUs the 80 gigabytes per GPU leaves insufficient headroom for the 51 billion-parameter n-
gram embedding table under a plain four-way tensor-parallel (TP4) layout, causing the engine to run out of memory
at startup unless an environment flag offloads that table to host RAM (recipes.vlim.ai). With that offload enabled, the
recipe reports sustained throughput of approximately 1,430 output tokens per second at a concurrency of 64
requests on the 4x H100 configuration, and it specifies the offload requires at least 51 gigabytes of free host RAM
plus runtime headroom, alongside a separate, unrelated startup failure mode tied to the GDN recurrent-attention
state that is mitigated by capping concurrent sequences at 256 (recipes.vlim.ai). As of this writing, a third-party
hardware-compatibility guide reports no validated deployment path exists for 40 or 80 gigabyte A100 GPUs, citing
an open GitHub issue describing an FP8 load failure on a 2x A100 configuration (kingy.ai).

Community GGUF quantization. For single-machine or consumer-hardware deployment, Unsloth publishes a
ladder of dynamic GGUF quantizations trading file size for accuracy retention, ranging from an 8-bit build (Q8_0) at
approximately 188 to 200 gigabytes down to a 1-bit build (UD-IQ1_S) at approximately 72.5 to 75 gigabytes,
against a 355 gigabyte BF16 baseline (unsloth.ai). Unsloth states the model can run locally with as little as 75
gigabytes of combined RAM or unified memory and no GPU VRAM at all, though the smallest quantization retains
only around 80 percent top-1 accuracy fidelity (unsloth.ai); the 4-bit UD-Q4_K_XL build at approximately 111
gigabytes is positioned as the accuracy-size sweet spot at roughly 93 percent accuracy retention. Because the n-
gram embedding table is accessed through random lookups rather than dense computation, Unsloth quantizes it no
lower than 4-bit and notes it can additionally be offloaded to SSD and accessed via memory-mapped I/O to reduce
both CPU and GPU memory pressure (unsloth.ai). Ollama distributes an MLX-format build occupying 105 gigabytes
on disk with a 256,000-token context window (ollama.com) (ollama.com).

Table 2 consolidates the size and hardware notes for each format.

Format Approximate size Deployment note

BF16 (original) Approximately 360GB total (335.28 Multi-GPU only; GB300 TP2 validated minimum,
GiB per vLLM) approximately 190GB per GPU

FP8 (official) Approximately 185.5GB total (172.78 H100 80GB needs n-gram table CPU offload; H200 needs
GiB per vLLM) TEPS, not plain TP8

GGUF Q8_0 (community) = Approximately 188 to 200GB Unsloth dynamic quantization

GGUF UD-Q4_K_XL Approximately 111GB Reported accuracy/size sweet spot, approximately 93%

(community) retention

GGUF UD-IQ1_S Approximately 72.5 to 75GB Lowest memory option, approximately 80% fidelity; runs on

(community) RAM/unified memory alone

Ollama MLX build 105GB on disk 256K context tag


https://huggingface.co/Qwen/Qwen3.8-Flash-Next-FP8#:~:text=fine-grained%20fp8%20quantization%20with%20block%20size%20of%20128%2C%20and%20its%20performance%20metrics%20are%20nearly%20identical
https://huggingface.co/Qwen/Qwen3.8-Flash-Next-FP8
https://recipes.vllm.ai/Qwen/Qwen3.8-Flash-Next#:~:text=the%20checkpoint%20is%20172.78%20GiB
https://recipes.vllm.ai/Qwen/Qwen3.8-Flash-Next#:~:text=plain%20TP4%20OOMs%20at%20engine%20startup
https://recipes.vllm.ai/Qwen/Qwen3.8-Flash-Next#:~:text=PLE%20CPU%20offload%20is%20required%20for%20DEP%2C%20and%20also%20required%20for%20TP%2FTEP%20on%2080GB-class%20GPUs%20%28H100%29
https://kingy.ai/blog/qwen3-8-flash-next-hardware-requirements-vram-vllm/#:~:text=A100%2040%20or%2080%20GB%20No%20validated%20path.%20An%20open%20issue%20reports%20an%20official-FP8%20load%20failure%20on%202x%20A100.
https://unsloth.ai/docs/models/qwen3.8-next#:~:text=UD-IQ1_S%2072.5%20...%20UD-Q4_K_XL%20111.3%20...%20Q8_0%20188.2
https://unsloth.ai/docs/models/qwen3.8-next#:~:text=can%20run%20locally%20on%20devices%20with%2075GB%20RAM%2Funified%20memory%20with%20no%20GPU%20VRAM%20required
https://unsloth.ai/docs/models/qwen3.8-next#:~:text=offload%20the%20PLE%20%2F%20Ngram%20layer%20to%20SSD%20and%20use%20mmap%20which%20allows%20less%20usage%20of%20CPU%20and%20GPU%20VRAM
https://ollama.com/library/qwen3.8-flash-next#:~:text=105GB
https://ollama.com/library/qwen3.8-flash-next#:~:text=256K%20context%20window

The practical takeaway: the auxiliary n-gram table, not the attention or MoE layers, most often determines whether
a given GPU configuration fits, since it is large enough to force an offload decision on 80 gigabyte-class
accelerators, yet structurally suited to host RAM because it sits outside the compute-bound attention path.

Deploying Qwen3.8-Flash-Next: Frameworks, Commands, and Hosted
API Access

The following self-hosting paths and one hosted-API path are documented for Qwen3.8-Flash-Next.

vLLM. The official Hugging Face model card provides a standard PyPI path (pip install v11m) followed by
vllm serve "Qwen/Qwen3.8-Flash-Next" (huggingface.co). The community-maintained FP8 recipe
recommends a dedicated vllm/v11lm-openai:qwen38-flash-next image for that recipe; its PyPI restriction is
specific to that configuration (vLLM Recipes).

TokenSpeed. The official repository documents TokenSpeed as an inference engine for Qwen3.8-Flash-Next and
provides a launch command for an OpenAl-compatible API service (Qwen3.8-Flash-Next README).

SGLang. The GitHub README documents a launch command that adds Qwen-specific reasoning and tool-call
parsers needed for agentic use cases (github.com).

Transformers. For teams standardized on Hugging Face's Transformers library, the GitHub README documents a
native OpenAl-compatible serving mode with continuous batching (github.com), avoiding a separate inference-
server dependency at some cost to throughput relative to vLLM or SGLang.

llama.cpp and Ollama. Qwen's official repository states that upstream llama.cpp supports Qwen3.8-Flash-Next for
text and vision, and directs users to GGUF models on the Hugging Face Hub (QwenLM/Qwen3.8-Flash-Next).
Ollama, built on llama.cpp and MLX, exposes the model through the pull tag qwen3.8-flash-next:125b-mlx
(ollama.com), suited to Apple Silicon deployments given the MLX build format.

Hosted API. Teams that prefer a managed API can use Qwen3.8-Flash, a distinct production APl model based on
Qwen3.8-Flash-Next rather than a hosted copy of the open-weight checkpoint. Qwen identifies it as the official
version with additional production features, including a 1M default context and built-in tools; its pricing, features,
context settings, and performance claims must therefore be evaluated as Qwen3.8-Flash API terms and not
assumed to apply to Qwen3.8-Flash-Next.

The overall pattern across all five deployment routes is that Qwen3.8-Flash-Next is supported by major open-
source serving stacks, while the published guidance still notes deployment-specific constraints such as the
dedicated image for the specialized FP8 vLLM recipe and the Ollama pull tag, consistent with its own description as
an experimental preview rather than a general-availability model.

Qwen3.8-Flash-Next vs. Qwen3 and Qwen3-Next: What Changed

Answering "how does Qwen3.8-Flash-Next compare to Qwen3" requires separating three distinct reference points:
the original Qwen3 family (dense and MoE models, documented in the Qwen3 Technical Report submitted to arXiv
on May 14, 2025 (arxiv.org)), the Qwen3-Next-80B-A3B hybrid-attention model that introduced Gated DeltaNet to


https://huggingface.co/Qwen/Qwen3.8-Flash-Next/raw/main/README.md#:~:text=%5BQwen3.8-Flash-Next%20Recipe%5D%28https%3A%2F%2Frecipes.vllm.ai%2FQwen%2FQwen3.8-Flash-Next%29
https://recipes.vllm.ai/Qwen/Qwen3.8-Flash-Next
https://raw.githubusercontent.com/QwenLM/Qwen3.8-Flash-Next/main/README.md
https://raw.githubusercontent.com/QwenLM/Qwen3.8-Flash-Next/main/README.md#:~:text=sglang%20serve%20--model-path%20Qwen%2FQwen3.8-Flash-Next%20...%20--reasoning-parser%20qwen3%20--tool-call-parser%20qwen3_coder
https://raw.githubusercontent.com/QwenLM/Qwen3.8-Flash-Next/main/README.md#:~:text=transformers%20serve%20Qwen%2FQwen3.8-Flash-Next%20--port%208000%20--continuous-batching
https://github.com/QwenLM/Qwen3.8-Flash-Next
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https://arxiv.org/abs/2505.09388#:~:text=Title%3A%20Qwen3%20Technical%20Report

the lineage in September 2025, and Qwen3.8-Flash-Next itself.

Qwen3-Next-80B-A3B's own Hugging Face model card documents an 80 billion total-parameter model with 3 billion
activated per token, 79 billion non-embedding parameters, a hidden dimension of 2,048, and 48 layers arranged as
a hybrid of Gated DeltaNet and standard Gated Attention blocks (huggingface.co). Its mixture-of-experts layer
already used the 512-total/10-activated/1-shared expert configuration that Qwen3.8-Flash-Next retains, and it
natively supported 262,144 tokens of context, extensible to 1,010,000 tokens (huggingface.co). Alibaba reported
that the Qwen3-Next-80B-A3B base model, pretrained on 15 trillion tokens, outperformed the dense Qwen3-32B-
Base model while costing only 10 percent as much to train and delivering roughly 10 times the inference throughput
above 32,000 tokens of context (huggingface.co).

Qwena3.8-Flash-Next extends this design along three axes rather than replacing it. First, scale: the backbone grows
from 80 billion to 125 billion total parameters, and activated parameters per token roughly double, from 3 billion to 6
billion. Second, attention: the fourth-layer mechanism changes from Qwen3-Next's Gated Attention (a standard
dense attention variant) to the new sparse, block-level Qwen Sparse Attention (QSA) described in the architecture
section above, and a Gated Residual module is added that has no counterpart in Qwen3-Next. Third, capacity
without proportional compute: the 51 billion-parameter n-gram embedding table adds largely lookup-driven capacity
that does not pass through the same dense compute path as the backbone. Qwen3-Next already featured Multi-
Token Prediction (MTP), so Flash-Next's 4 billion-parameter MTP head is not a newly introduced component.

A shared piece of infrastructure links the two generations. In April 2026, the Qwen team published FlashQLA, a set
of fused linear-attention kernels engineered specifically to accelerate Gated DeltaNet layers, and its own
announcement states plainly that GDN had by then become the standard attention layer across the Qwen family,
from Qwen3-Next-80B-A3B through the subsequent Qwen3.5 and Qwen3.6 releases (qwen.ai), reporting a 2 to 3
times forward-pass speedup and a 2 times backward-pass speedup over the prior Triton-based kernel on NVIDIA
Hopper GPUs (gwen.ai). The QwenLM/FlashQLA GitHub repository confirms this kernel work shipped in April 2026
(github.com), and Qwen3.8-Flash-Next inherits this kernel lineage rather than introducing GDN from scratch.

It is also worth explicitly separating Qwen3.8-Flash-Next from its same-month, differently-numbered siblings.
Qwen3.8-27B and Qwen3.8-2.4T-A95B, released August 14 and August 12, 2026 respectively, belong to the
conventional Qwen3.5/3.6/3.8 dense-and-MoE lineage documented in the QwenLM/Qwen3.8 repository
(github.com) (github.com), and are production releases rather than architecture previews. Confusing them with
Qwen3.8-Flash-Next, whose own documentation instead frames it as a stepping stone toward Qwen4, would
misattribute their respective maturity levels.

Table 3 lays out the two-way comparison.

Attribute Qwen3-Next-80B-A3B (Sept. Qwen3.8-Flash-Next (Aug. 2026)
2025)

Total parameters 80B 125B backbone plus 51B n-gram table plus 4B MTP,
approximately 180B combined

Activated parameters per 3B 6B
token

Fourth-layer attention Gated Attention (dense) Qwen Sparse Attention (QSA, block-sparse)


https://huggingface.co/Qwen/Qwen3-Next-80B-A3B-Instruct/raw/main/README.md#:~:text=Hybrid%20Layout%3A%2012%20%5C%2A%20%283%20%5C%2A%20%28Gated%20DeltaNet%20-%3E%20MoE%29%20-%3E%201%20%5C%2A%20%28Gated%20Attention%20-%3E%20MoE%29%29
https://huggingface.co/Qwen/Qwen3-Next-80B-A3B-Instruct/raw/main/README.md#:~:text=Context%20Length%3A%20262%2C144%20natively%20and%20extensible%20up%20to%201%2C010%2C000%20tokens
https://huggingface.co/Qwen/Qwen3-Next-80B-A3B-Instruct/raw/main/README.md#:~:text=outperforms%20Qwen3-32B-Base%20on%20downstream%20tasks%20with%2010%25%20of%20the%20total%20training%20cost%20and%20with%2010%20times%20inference%20throughput%20for%20context%20over%2032K%20tokens
https://huggingface.co/Qwen/Qwen3-Next-80B-A3B-Instruct
https://huggingface.co/Qwen/Qwen3-Next-80B-A3B-Instruct
https://qwen.ai/blog?id=flashqla#:~:text=from%20Qwen3-Next-80B-A3B%20all%20the%20way%20to%20the%20subsequent%20Qwen3.5%20%2F%20Qwen3.6%20series
https://qwen.ai/blog?id=flashqla#:~:text=achieving%202-3%C3%97%20forward%20speedup%20and%202%C3%97%20backward%20speedup%20over%20the%20FLA%20Triton%20kernel%20across%20multiple%20scenarios%20on%20NVIDIA%20Hopper
https://api.github.com/repos/QwenLM/FlashQLA#:~:text=%22created_at%22%3A%20%222026-04-24T09%3A18%3A05Z%22
https://github.com/QwenLM/Qwen3.8#:~:text=2026-08-14%3A%20Qwen3.8-27B%20is%20now%20available%20on%20%5BHugging%20Face%20Hub%5D
https://github.com/QwenLM/Qwen3.8#:~:text=2026-08-12%3A%20Qwen3.8-2.4T-A95B%20is%20now%20available%20on%20%5BHugging%20Face%20Hub%5D

Attribute Qwen3-Next-80B-A3B (Sept. Qwen3.8-Flash-Next (Aug. 2026)

2025)
Recurrent attention (3 of 4 Gated DeltaNet (GDN) Gated DeltaNet (GDN), accelerated by FlashQLA kernels
layers)
Extra components Multi-Token Prediction (MTP) Gated Residual (4-branch); 51B n-gram embedding; 4B MTP
head

MoE configuration 512 total, 10 routed plus 1 512 total, 10 routed plus 1 shared (unchanged)

shared
Native / extended context 262,144 /1,010,000 tokens 262,144 /1,000,000 tokens
Positioning Production hybrid-attention MoE = Experimental preview of the Qwen4 architecture

release

For teams weighing the two, Qwen3-Next-80B-A3B remains the better-established, more conservatively supported
option for production inference given its year of ecosystem maturation, while Qwen3.8-Flash-Next trades that
maturity for higher benchmark scores and a preview of architectural direction, at the cost of the rougher deployment
edges described above.

Data Analysis and Evidence

This section separates vendor-reported benchmark claims, independent third-party measurements, and adoption
metrics, since these three categories carry different evidentiary weight.

Vendor-reported benchmarks. Alibaba's own release benchmark table, which was not directly retrievable from
gwen.ai's JavaScript-rendered blog during this research but is reproduced by independent technology outlet The
Decoder and by DataCamp, reports Qwen3.8-Flash-Next scoring 91.9 on LiveCodeBench v6, ahead of sibling
model Qwen3.8-27B (90.3), predecessor Qwen3.7-Plus (89.6), and competitor DeepSeek-V4-Flash-0731 (90.6)
(the-decoder.com). The same vendor table reports 62.5 on SWE-bench Pro and 58.7 on DeepSWE 1.1, ahead of
both DeepSeek-V4-Flash-0731 (56.0 and 54.4 respectively) and Claude Opus 4.6 Max (53.4 on SWE-bench Pro)
(the-decoder.com), and 91.7 on GPQA Diamond, closely matched against Claude Opus 4.6 Max's 91.3 (the-
decoder.com). On pretraining benchmarks, the base model (Qwen3.8-Flash-Next-Base) is reported at 73.23 on
MMLU-Pro, 51.36 on SuperGPQA, 90.87 on BBH, 93.29 on GSM8K, and 78.76 on EvalPlus (datacamp.com). None
of these specific scores were independently reproduced by a third party as of this writing; every source that cites
them traces back to Alibaba's own release table, so they should be read as vendor claims, not independently
verified results.

Independent throughput and quality measurements. A separate independent tracker, BenchLM, reports a
broadly similar output speed of 69 tokens per second (against a higher field median of 92 tokens per second in its
own comparison set) but a first-token time of 31.53 seconds (benchim.ai), an order of magnitude higher than
Artificial Analysis's figure; this report could not reconcile the two measurements from the sources fetched, and
presents both rather than selecting one, since they may reflect different test prompts, context lengths, or
measurement methodologies. On dedicated accelerator hardware, NVIDIA's own technical blog reports GB300
NVL72 throughput above 16,000 tokens per second per GPU and above 200 tokens per second per user, and says
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Alibaba's published benchmarks suggest up to 7.6 times prefill and 4.9 times decoding speedups over full attention
(developer.nvidia.com); a community demonstration on an Apple M5 Max measured local throughput of
approximately 60 tokens per second using the MLX backend versus approximately 30 tokens per second using
llama.cpp with GGUF weights on the same machine (daily.dev).

Adoption metrics. As of September 5, 2026, Hugging Face's API records 351,374 total downloads and 4,878 likes
for the Qwen/Qwen3.8-Flash-Next repository (huggingface.co) (huggingface.co), and at least eleven public Hugging
Face Spaces have been built directly on the model. The QwenLM/Qwen3.8-Flash-Next GitHub repository shows
325 stars, 14 forks, and 7 open issues as of the same date (github.com). Community discussion volume was
substantial at launch: the main Hacker News announcement thread on August 26, 2026 drew 704 points and 233
comments (hacker-news.firebaseio.com), a pre-release discussion the day before drew 336 points and 173
comments (hacker-news.firebaseio.com), and a Show HN post about running the model locally on a Mac drew 232
points and 115 comments roughly a week after launch (hacker-news.firebaseio.com), a level of engagement
indicating substantial developer interest independent of Alibaba's own marketing. A more narrowly focused Hacker
News thread devoted specifically to third-party intelligence, performance, and price analysis drew more modest
engagement (hacker-news.firebaseio.com), suggesting the deepest technical scrutiny reached a smaller, more
specialized audience than the launch announcement itself.

Case Studies and Real-World Examples

NVIDIA GB300 NVL72 Reference Deployment

NVIDIA published a technical blog documenting Qwen3.8-Flash-Next running on its GB300 NVL72 rack-scale
system, reporting day-0 support in the TensorRT-LLM inference engine and the throughput and prefill/decode
speedup figures already detailed in the Data Analysis section above. For teams without access to a full GB300
rack, NVIDIA's post says the model also runs on local hardware, including DGX Station, DGX Spark clusters, and
workstations equipped with four RTX PRO 6000 Blackwell Max-Q GPUs (developer.nvidia.com), giving a
documented path from flagship data-center hardware down to a four-GPU workstation.

Local Inference on Consumer and Prosumer Hardware

A separate, independent thread of adoption formed around running Qwen3.8-Flash-Next without any data-center
hardware at all, building on the sub-100-gigabyte GGUF quantizations described in the Memory Requirements
section. A community demonstration captured in a Hacker News "Show HN" post, and separately summarized on
the developer platform daily.dev, benchmarked the model on an Apple M5 Max, finding the MLX backend delivered
roughly double the throughput of a llama.cpp GGUF build on the same hardware, approximately 60 tokens per
second versus approximately 30 (daily.dev). That Show HN post itself drew 232 points and 115 comments within a
week of the model's release (hacker-news.firebaseio.com), indicating that local, non-data-center deployment was
one of the more actively discussed use cases in the model's first two weeks of availability. Ollama's own distribution
choice, an MLX-format build sized for exactly this audience (ollama.com), reflects the same pattern.


https://developer.nvidia.com/blog/experiment-with-qwen3-8-flash-next-on-nvidia-gb300-nvl72-for-agentic-coding/#:~:text=over%2016K%20tokens%20per%20second%20per%20GPU%20and%20over%20200%20tokens%20per%20second%20per%20user
https://daily.dev/posts/qwen3-8-flash-next-125b-60-tps-mlx-vs-30-tps-llama-cpp-on-m5-max--wsymcnmt7#:~:text=roughly%2060%20tokens%20per%20second%20...%20compared%20to%20about%2030%20tokens%20per%20second%20...%20with%20llama.cpp
https://huggingface.co/api/models/Qwen/Qwen3.8-Flash-Next#:~:text=%22downloads%22%3A351374
https://huggingface.co/api/models/Qwen/Qwen3.8-Flash-Next#:~:text=%22likes%22%3A4878
https://api.github.com/repos/QwenLM/Qwen3.8-Flash-Next#:~:text=%22stargazers_count%22%3A%20325
https://hacker-news.firebaseio.com/v0/item/49448210.json#:~:text=%22score%22%3A%20704%2C%20%22descendants%22%3A%20233
https://hacker-news.firebaseio.com/v0/item/49432317.json#:~:text=%22score%22%3A%20336%2C%20%22descendants%22%3A%20173
https://hacker-news.firebaseio.com/v0/item/49524447.json#:~:text=Show%20HN%3A%20Running%20104GB%20Qwen3.8-Flash-Next%20on%2048GB%20Mac
https://hacker-news.firebaseio.com/v0/item/49461862.json#:~:text=%22score%22%3A%2017%2C%20%22descendants%22%3A%207
https://developer.nvidia.com/blog/experiment-with-qwen3-8-flash-next-on-nvidia-gb300-nvl72-for-agentic-coding/#:~:text=workstations%20with%20four%20NVIDIA%20RTX%20PRO%206000%20Blackwell%20Max-Q%20Workstation%20Edition%20GPUs
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Implications and Future Directions

Three structural choices in Qwen3.8-Flash-Next point toward where large-model architecture may be heading over
the next generation, and each carries a distinct practical implication for teams planning infrastructure now rather
than waiting for a stable Qwen4 release.

First, separating a large, cheap-to-store lookup component (the 51 billion-parameter n-gram table) from a smaller,
compute-bound backbone (6 billion activated parameters) suggests future frontier-adjacent models may
increasingly be sized by two independent figures rather than one: how much can be memorized in a table that
mostly needs storage bandwidth, and how much must be computed densely on an accelerator. Procurement built
around a single "model size" number will need to account for this split, since it determines whether GPU VRAM or
host RAM and storage bandwidth becomes the binding constraint, as the H100 offload requirement in the memory
section illustrates directly.

Second, the shift from AdamW to the Muon optimizer for most of the model's weight matrices, while retaining
AdamW specifically for the MoE router (arxiv.org), is a training-stability finding rather than an inference-time
concern, but it signals that architecture and optimizer choices are becoming more tightly coupled at this scale. The
fact that the FlashQLA kernel work published months earlier was framed as infrastructure for the whole Qwen family
rather than a one-off optimization (qwen.ai) suggests Alibaba is building durable tooling around the GDN attention
mechanism rather than treating it as experimental.

Third, for organizations in regulated or evidence-driven fields, including life-sciences and pharmaceutical research
and development, the more actionable signal is procedural: a model labeled by its own maker as an experimental
preview should generally be evaluated for research, prototyping, and internal tooling before it is considered for
validated, audit-relevant production workflows, given the day-0 tooling rough edges described above. IntuitionLabs,
a life-sciences and Al consultancy advising pharmaceutical organizations on Al infrastructure decisions, frames its
own work around exactly this kind of staged evaluation (intuitionlabs.ai), treating the gap between an architecture
preview and a hardened production release as a first input to any deployment recommendation. Whether Qwen3.8-
Flash-Next's specific components persist unchanged into a future Qwen4 release cannot be verified from currently
available sources, since the model card frames it only as a preview of that architecture, not a specification of it.

Frequently Asked Questions (FAQs)

What is Qwen3.8-Flash-Next's architecture, in one sentence?

As detailed in the Architecture Deep Dive above, it is a 125 billion-parameter (6 billion activated) mixture-of-experts
model that alternates three Gated DeltaNet linear-attention layers with one Qwen Sparse Attention layer, adds a
four-branch Gated Residual stream, and augments the backbone with a 51 billion-parameter n-gram embedding
table and a 4 billion-parameter multi-token-prediction head, per the model's official specification sheet and the
Qwen Team's arXiv technical report (arxiv.org).


https://arxiv.org/html/2608.30320#:~:text=Therefore%2C%20we%20use%20AdamW%20for%20the%20router.
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https://arxiv.org/abs/2608.30320#:~:text=125B%20parameters%2C%206B%20activated%20per%20token%2C%20and%20additional%2051B%20parameters%20of%20n-gram%20embedding%20tables

What are the minimum memory requirements to run it?

For GPU serving, treat the official FP8 checkpoint's 172.78 GiB (about 185.5 GB) as a storage/weight footprint
rather than a complete serving-memory requirement. The vLLM recipe validates FP8 at TP2 minimum on GB300
and recommends TP4; on 4x80 GB H100 GPUs, the n-gram embedding needs host-RAM offload, and runtime/KV-
cache headroom must be planned separately. For CPU or unified-memory-only deployment, Unsloth's smallest
community quantization runs on approximately 75 gigabytes of combined RAM with no GPU required, per the same
section.

What GPUs does it need?

As detailed above, NVIDIA provides validation across GB300 NVL72 and says the model also runs on local
hardware including DGX Station, DGX Spark clusters, and four-GPU RTX PRO 6000 Blackwell Max-Q workstations
(NVIDIA). A community-maintained recipe additionally documents 8x H200 (using TEP8 parallelism) and 4x H100
(with n-gram offload) as working configurations, while reporting no validated path yet exists for A100 GPUs
(kingy.ai.

How does it compare to Qwen3?

It is not a direct successor to any single Qwen3 dense model; it descends from Qwen3-Next-80B-A3B, retaining
that model's Gated DeltaNet attention and 512-expert MoE layout while roughly doubling activated parameters (3B
to 6B) and adding QSA, Gated Residual, n-gram, and MTP components absent from the original Qwen3 family
documented in the May 2025 Qwen3 Technical Report (arxiv.org).

How is it deployed?

As detailed in the Deployment section above, the official model card links directly to a community-maintained vLLM
recipe recommending the FP8 checkpoint in a multi-GPU, tensor-parallel configuration, and SGLang, Transformers,
and Ollama all offer documented alternative serving paths for teams standardized on those stacks.

How well does quantization preserve performance?

As detailed in the Memory Requirements section, Alibaba's own FP8 checkpoint is described as producing
performance nearly identical to the unquantized model; community GGUF quantizations show a clearer tradeoff
curve, from roughly 93 percent accuracy retention at 4-bit down to roughly 80 percent at the smallest 1-bit build, as
detailed in the Memory Requirements section above.

What context length and throughput should be expected?

As detailed in the Architecture and Data Analysis sections above, the model supports 262,144 tokens natively and
up to 1,000,000 tokens with YaRN scaling, while dedicated GB300 hardware reaches over 16,000 tokens per
second per GPU under NVIDIA's own testing.


https://recipes.vllm.ai/Qwen/Qwen3.8-Flash-Next
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https://arxiv.org/abs/2505.09388#:~:text=Title%3A%20Qwen3%20Technical%20Report

Conclusion

Qwen3.8-Flash-Next is best understood not as a finished production model but as Alibaba's public working draft of
its next architecture generation: a 125 billion-parameter, 6 billion-activated mixture-of-experts model that pairs
Gated DeltaNet linear attention with a new sparse retrieval mechanism, adds a widened Gated Residual stream,
and bolts on a 51 billion-parameter n-gram lookup table and a 4 billion-parameter speculative-decoding head, all
released under a custom Qwen Community License eleven days before this report was written. Memory planning
for it is unusually bifurcated: the FP8 checkpoint requires a validated multi-GPU configuration on GB300, while the
n-gram table alone can force a host-RAM offload decision on any GPU with 80 gigabytes or less, a constraint
documented so far only in community deployment recipes rather than an official Alibaba hardware guide.
Deployment tooling spans the major open-source serving stacks on day zero, from vLLM and SGLang to
Transformers, Ollama, and community GGUF conversions; Qwen3.8-Flash is a separate production APl model
whose terms should be evaluated independently from the open-weight checkpoint.

The evidence available as of September 5, 2026 supports treating the model's architecture claims as well
documented, because the core specifications are documented in the official GitHub repository, the Hugging Face
model card, NVIDIA's technical blog, and the Qwen Team's arXiv technical report. Its benchmark superiority claims
over competing models rest, by contrast, entirely on Alibaba's own published tables and have not yet been
independently reproduced, and its two independently tracked throughput measurements disagree with each other
by an order of magnitude on time-to-first-token, a discrepancy this report could not resolve from the sources
available. Teams evaluating Qwen3.8-Flash-Next for anything beyond research and prototyping should weigh its
architectural transparency against its self-declared status as an experimental preview, and should expect the
specific deployment guidance in this report, particularly GPU sizing and API pricing, to require reverification as the
ecosystem around the model matures.

For informational purposes. Verify critical medical, legal, financial, regulatory, and technical information with qualified professionals and primary

sources.
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