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Abstract

To tackle the huge computational demand of large foundation models, activation- aware com-
pression techniques without retraining have been introduced. However, since these methods
highly rely on calibration data, domain shift issues may arise for unseen downstream tasks.
We propose a test-time quantization (TTQ) frame- work which compresses large models on
the fly at inference time to resolve this issue. With an efficient online calibration, instant
activation-aware quantization can adapt every prompt regardless of the downstream tasks,
yet achieving inference speedup. Several experiments demonstrate that TTQ can improve
the quantization performance over state-of-the-art baselines
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ABSTRACT

To tackle the huge computational demand of large foundation models, activation-
aware compression techniques without retraining have been introduced. However,
since these methods highly rely on calibration data, domain shift issues may arise
for unseen downstream tasks. We propose a test-time quantization (TTQ) frame-
work which compresses large models on the fly at inference time to resolve this
issue. With an efficient online calibration, instant activation-aware quantization
can adapt every prompt regardless of the downstream tasks, yet achieving infer-
ence speedup. Several experiments demonstrate that TTQ can improve the quan-
tization performance over state-of-the-art baselines.

1 INTRODUCTION

Large foundation models Touvron et al. (2023); Achiam et al. (2023); Liu et al. (2023b) have shown
excellent performance across a variety of tasks (Wei et al., 2022; Katz et al., 2024; Bubeck et al.,
2023). Nonetheless, these models, with billions of parameters, demand significant computational
resources (Schwartz et al., 2020). Towards increasing the accessibility of large language models
(LLMs), a number of compression methods Xu & McAuley (2023); Zhu et al. (2024); Bai et al.
(2024a) have been introduced: e.g., partial activation (Jiang et al., 2024; Lin et al., 2024a), weight
pruning (Frantar & Alistarh, 2023b; Sun et al., 2023; Bai et al., 2024b; Hassibi et al., 1993), quan-
tization (Frantar et al., 2022; Lin et al., 2024b; Wang et al., 2024), knowledge distillation (Hsieh
et al., 2023; Hwang et al., 2024), and rank reduction (Yuan et al., 2023; Liu et al., 2024; Hwang
et al., 2024; Saxena et al., 2024). Related literature is further discussed in Appendix A.

Test-time scaling (Chen et al., 2024; Muennighoff et al., 2025) is a new paradigm to improve LLM
performance by increasing inference computation. Instead of increasing the complexity, test-time
compression is aimed at reducing the total cost of inference on the fly. For instance, test-time prun-
ing has been used as a mixture-of-expert (MoE) framework, which dynamically selects important
modules depending on each prompt. Recently, micro-grained MoE (Koike-Akino et al., 2025b)
exploits a fast activation-aware weight pruning method at test-time to accelerate LLMs. However,
unstructured pruning generally does not improve the hardware efficiency unlike quantization or rank
reduction. We hence propose a new test-time quantization (TTQ) framework, enabled by a fast
activation-aware quantization method. We make the following contributions: (1) Our TTQ acceler-
ates LLMs at inference time, (2) introducing low-complexity activation-aware quantization to com-
press LLMs on the fly, with negligible overhead, and (3) low-rank decomposition integrated into
TTQ, (4) while avoiding domain shift inherent to offline calibration of baseline static quantization.
(5) We demonstrate the benefit of TTQ over state-of-the-art methods for several LLM benchmarks.

2  TEST-TIME QUANTIZATION: TTQ

Groupwise Quantization Round-to-nearest (RTN) is the simplest quantization method to min-

imize approximation error: Lo = ||W — W/, where W € R%*? is a weight matrix and W
is its quantized version. RTN uses the groupwise quantization-dequantization (QDQ) operation:

W = Q[W] £ G~ [G[W]]. The quantization G[-] and dequantization G~ [-] are defined as:
Wine = G(W) £ round[clamp, [(W — Z) © S]], W =G Win) 2 WixoS+2Z, (1)
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where S € RY*? and Z € R *? are scale and zero-point parameters. Here, @ is element-
wise division, o is element-wise product, round|z] gives the closest integer to x, and clamp,[z] =
min(max(x,0),29 — 1) is ¢-bit limiting operator. See Appendix B for more details. Pseudo-code
of RTN with a groupsize g is as follows:

def rtn(W, g, g): # g: bits, g: groupsize
ddash, d = W.shape # W: (d’, d)
W = W.reshape (-1, g) # grouping (d’=*d/g, g)
Wmax, Wmin = W.amax (axis=1), W.amin(axis=1) # (d’=*d/g,)
S, Z = (Wmax — Wmin) / (2+*q - 1), Wmin # scale, zero-point
Wint ((W - Z[:, Nonel) / S[:, Nonel]).round().clamp (0, 2xxq — 1)
What Wint * S[:, None] + Z[:, None] # dequantization
return What.reshape (ddash, d) # reshaping back

The recent NVFP format (Egiazarian et al., 2025) uses a microscaling groupsize of 16 to accelerate
GPU computing. Most literature claims 2 to 4-fold speedup with 4-bit LLMs Frantar et al. (2025).

AWQ: Activation-Aware Quantization To improve over naive RTN quantization, the activation-
aware framework (Lin et al., 2023; Frantar et al., 2022; Liu et al., 2025) leverages activation statis-
tics. Let X € R?*T be an input activation with embedding dimension d and token length T". The
aim is to minimize the approximation loss:

LEEX[|W - W)X|?] = te[(W = W)Ex[XXT](W — W) T] = (W = W)CV2|2, ()

where C' £ Ex[X X '] € R?*4 is the auto-correlation statistics of input X. Since C is not exactly
known at test time, we estimate it with small amount of calibration data, e.g., via shrunk estima-
tor: C\ = (1 — N)XX T4 Anl, where A is a shrinkage parameter (Ledoit & Wolf, 2004), and
n = || X||?/d. GPTQ (Frantar et al., 2022) uses the greedy method inspired by optimal brain sur-
geon (Hassibi et al., 1993). It requires the Cholesky factorization, whose complexity is at least of
cubic order: O[d® + dd'T)]. Whereas, AWQ (Lin et al., 2023) greatly simplifies the problem by
approximating with a diagonal correlation: Cy ~ D £ diag[X X " + \I|®, where diag[C] £ C o [
offers a diagonal matrix, and «v is an auxiliary parameter. Note that the above expression gives the /-
norm diagonal D, ; = (|| X;.||3+ )%, while the original AWQ uses ¢1-norm D; ; = (|| X;.||3+ ).
Given a diagonal correlation matrix, the closed-form solution for (2) is given by the scaled QDQ op-
eration: W = Q[W D'/2]D~1/2_ The pseudo-code of the AWQ concept is given as follows:

def awqg(X, W, 9, g, p, lam, alpha): # qg: bits, g: groupsize, p: lp-norm
D = (X.norm(p=p, axis=1) + lam) * alpha # X: (d, T); D: (d,)
What = rtn(W %= D[None, :], g, g) # scaled QDO
return What % D.reciprocal() [None, :] # scaling back

Here, we generalized to any ¢,-norm with arbitrary p. See Appendix C for more details.

TTQ: Test-Time Quantization with Online AWQ Activation-aware post-training zero-short
quantization like GPTQ/AWQ has several drawbacks: (1) calibration and extra data are required
before deployment; (2) a severe domain shift issue may arise at test time when the calibration data
were irrelevant; and (3) the original full-precision weights are not recoverable for re-calibrating new
domain once the quantized model is deployed. To solve these issues, we propose a test-time quan-
tization (TTQ) framework shown in Fig. 1, which employs light-weight online AWQ at inference
time. Specifically, we dynamically calculate the diagonal correlation D for incoming tokens X on
the fly to adapt scale .S and zero-point Z. It thus requires zero offline calibration data before deploy-
ment. Once the weight is quantized, int _matmul kernels ! can significantly accelerate the linear
projection at GPU devices because of reduced caching overhead.

To keep AWQ fast enough at test time, we keep constant hyperparameters («, \, p) without exhaus-
tively searching the best values. Appendix F discusses the hyperparameter selection. Importantly,
the extra computation for online quantization is negligible: specifically, a fraction of overhead com-
plexity over the original un-quantized projection is:

O[T +3dd 1 3

3)

O[ddT] FRg =l

le.g., awg_.gemm CUDA kernel in https://github.com/vllm-project/v1llm
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Figure 1: (a) Offline static quantization (e.g., AWQ/GPTQ) requires calibration data, incurs domain
shift risk, and cannot be recalibrated after deployment. (b) Our TTQ is online dynamic quantization,
with zero offline calibration, and capable of on-device self-calibration at inference time.

Table 1: Calibration length impact at 3-bit quantization with g = 32 for OPT-350M model.

TTQ AWQ (C4 Calib)
Calib Tokens T 0—0) Og—16) 2 212 2% ot glv I8 9l7
WT2 Perplexity (1) 2493 24.17 2573 2556 2562 2555 2542 2507 25.02

Here, the original projection for W X requires O[d’dT)], the norm calculation for D;; = (|| X;.||* +
\)* requires O[dTY], scaling as W D'/? requires O[d'd], quantization G[-] in (1) needs O[d’d], and re-
scaling back Q[W D'/2] D~1/2 uses another O[d’d]. Hence, with sufficiently large output dimension
d' > 1 and token length T' >> 1, online AWQ introduces negligible extra-complexity.

TTQ with Low-Rank Decomposition Nonetheless, extreme bit quantization often causes a se-
vere degradation, and QLoRA (Dettmers et al., 2023) could compensate for quantized LLM perfor-
mance by adapting low-rank factors. It motivates us to integrate TTQ with low-rank decomposition.

‘We now have low-rank factors with quantized weights: W= Wq+BA, where W, € R *d jg quan-

tized residual weights from un-quantized low-rank factors B € R%*" and A € R"*? with a rank 7.
When r < min(d, d’), it can accelerate the inference as the complexity for low-rank projection is
reduced from O[d’dT] for WX to O[r(d’ +d)T] for BAX — hence the relative extra-complexity is
negligible: O[r/d+r/d'] — 0. A key difference from QLoRA is that TTQ dynamically adapts W,
depending on X, whereas QLoRA uses a static W, but adapting only B and A. We may initialize
low-rank factors B and A by top-r principal components, and W, is obtained on the fly to quantize
the residual weights through scaled QDQ: W, = Q[(W — BA)D'/2]D~1/2, Appendix E discusses
some alternative initializations. Optionally, we may dynamically adapt B and A, e.g., through online
PCA (Feng et al., 2013). Nevertheless, our primary objective is to accelerate LLMs at the inference
time through the use of dynamic weight quantization, and thus we focus on static low-rank factors.
Appendix H shows up-to 5-fold speedup even with an overhead of low-rank projection.

Experiments We evaluate the OPT (Zhang et al., 2022), Qwen3 (Yang et al., 2025), and
Gemma3 (Gemma Team et al., 2025) LLM models on the witkitext-2 (WT2) (Merity et al., 2016),
PTB (Marcus et al., 1994), and C4 (Raffel et al., 2020) benchmarks. See details of experimental
setup in Appendix G. We use a groupsize of g = 32 for all experiments unless specified. We first
show the benefit of our TTQ, which needs zero calibration data, whereas AWQ is sensitive to the
size of calibration data, as shown in Table 1. We show the perplexity score for WT2 on OPT-350M,
with C4 calibration for AWQ. TTQ achieves the best over AWQ baselines, where AWQ degrades
the performance when fewer calibration tokens are available. Table 2 shows the impact of group-
size g for 3-bit quantized Qwen3-1.7B model. As expected, micro-scaling (g < 32) achieves good
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Table 2: Groupsize impact on WT2 perplexity at 3-bit quantization for Qwen3-1.7B model.

Groupsize g 8 16 32 64 128 256 512 1024
RTN 3339 66.61 120.89 11497 145028 15503.10 949478.44 57443.80
AWQ (WT2 Calib)  17.64 20.69 31.41 36.14  68.96
TTQ (r = 16) 17.54 1781 71829 71946 2233  724.81 3143 4870

Table 3: Perplexity (|) of OPT/Qwen3/Gemma3 models with different quantization methods. It
shows macro average across WT2/PTB/C4 datasets. Groupsize is g = 32 for all cases. Calibration
token length is T = 217 for AWQ. Bold and underline denote the best and second best, respectively.
Asterisk “*” indicates reaching competitive performance to the original un-compressed LLM.

Quantization ¢ 2bits 3 bits 4bits 5 bits Quantization ¢ 2 bits 3 bits 4 bits 5 bits
OPT-125M (WT2: 27.7, PTB: 39.0, C4: 26.6, Avg: 31.1) Qwen3-0.6B (WT2: 21.0, PTB: 43.8, C4: 30.3, Avg: 31.7)

RTN 5058.5 56.3 335 31.8 RTN 8.2e6 127.3 38.2 335
AWQ (WT?2 Calib) 381.7 374 323 314 AWQ (WT?2 Calib) 9739.1 49.4 33.5 324
AWQ (PTB Calib) 375.3 37.3 322 31.3 AWQ (PTB Calib)  17344.3 479 34.1 32.0
AWQ (C4 Calib) 451.7 37.7 32.6 31.3 AWQ (C4 Calib) 5388.1 48.3 33.0 32.1
TTQ (r =0) 257.4 36.6 319 31.2 TTQ (r =0) 2827.8 44.7 33.0 31.9
TTQ (r = 16) 141.7 358 31.8 *31.1 TTQ (r = 16) 1552.6 42.0 329 319
OPT-1.3B (WT2: 14.6, PTB: 20.3, C4: 16.1, Avg: 17.0) Qwen3-1.7B (WT2: 16.7, PTB: 33.8, C4: 16.1, Avg: 24.2)

RTN 11514.4 27.2 18.1 17.2 RTN 1.4e6 162.8 30.6 26.1
AWQ (WT2 Calib) 324 18.0 173 *17.0 AWQ (WT?2 Calib) 1864.7 30.0 24.5 24.4
AWQ (PTB Calib) 32.6 18.1 17.3  *17.0 AWQ (PTB Calib) 2309.6 29.8 24.7 24.5
AWQ (C4 Calib) 31.7 18.0 172 *17.0 AWQ (C4 Calib) 2364.7 28.2 249 24.4
TTQ (r = 0) 322 18.2 172 *17.0 TTQ (r = 0) 522.6 27.3 24.4 24.3
TTQ (r = 16) 27.2 17.9 17.1  *17.0 TTQ (r = 16) 264.6 26.4 24.3 *24.1
OPT-2.7B (WT2: 12.5, PTB: 18.0, C4: 14.3, Avg: 14.9) Gemma3-270M (WT2: 70.1, PTB: 698.7, C4: 68.1, Avg: 279.0)
RTN 6274.5 36.0 15.7 15.0 RTN 2.6ell 1795.0 391.9 315.0
AWQ (WT?2 Calib) 23.1 157 151 150 AWQ (WT2 Calib) 89188.4 517.4 279.6 306.0
AWQ (PTB Calib) 232 15.7 15.0 15.0 AWQ (PTB Calib) 1.9e5 537.7 310.0 293.4
AWQ (C4 Calib) 229 15.7 15.0 15.0 AWQ (C4 Calib) 1.3e5 598.1 326.4 *276.8
TTQ (r = 0) 23.7 15.7 15.0 *14.9 TTQ (r = 0) 30199.0 387.7 *277.0 *262.5
TTQ (r = 16) 21.2 15.5 15.0 *14.9 TTQ (r = 16) 19657.0 382.8 *275.7 *261.5
OPT-6.7B (WT2: 10.9, PTB: 15.8, C4: 12.7, Avg: 13.1) Gemma3-1B (WT2: 27.7, PTB: 212.4, C4: 33.2, Avg: 91.1)

RTN 5716.5 26.2 13.7 13.2 RTN 8.6e5 209.4 111.1 96.6
AWQ (WT2 Calib) 17.2 13.5 132 *131 AWQ (WT?2 Calib) 4734.7 134.7 91.9 95.9
AWQ (PTB Calib) 17.1 13.6 132 *13.1 AWQ (PTB Calib) 9326.6 138.9 99.2 95.5
AWQ (C4 Calib) 16.9 13.6 132 *13.1 AWQ (C4 Calib) 5486.9 150.8 93.5 93.6
TTQ (r = 0) 17.2 13.6 132 *13.1 TTQ (r = 0) 1928.5 127.3 *89.9 *90.2
TTQ (r = 16) 16.3 134 *13.1 *13.1 TTQ (r = 16) 1804.9 114.5 91.7 *90.3

performance, while micro-scaling alone for RTN cannot compete with AWQ/TTQ. TTQ can tol-
erate roughly twice larger groupsizes than AWQ, that can halve the required memory for scale S
and zero-point Z. Next we show the performance across different models in Table 3, where we
show the macro average of perplexity over WT2, PTB, and C4 benchmarks. We observe that few-bit
quantization like ¢ = 2 is more feasible for larger LLMs, and 5-bit quantization achieves nearly
un-quantized performance for most cases. TTQ achieves the best over all cases, even though AWQ
used a long calibration of T = 2'7. More importantly, AWQ shows fluctuation across different
calibration datasets, indicating the potential risk of such static quantization relying heavily on cal-
ibration. We notice that the original un-compressed Gemma3 is significantly poorer for the PTB
dataset, and the macro average perplexity can be slightly better with compression occasionally. See
Appendices I, J and K for full results in detail including other VLM and VLA benchmarks.

3 CONCLUSION

We proposed a new TTQ framework, which employs a light-weight activation-aware quantization at
inference time to accelerate LLMs, without requiring offline calibration or fine-tuning. We demon-
strated a consistent advantage over state-of-the-art baselines on several LLM models. Further bench-
mark evaluations will be reported in the future, and we plan to integrate test-time pruning and de-
composition into TTQ. How to dynamically adjust hyperparameters is interesting to explore.
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A RELATED WORK

A.1 MODEL COMPRESSION

The field of model compression for LLMs has aimed at mitigating the substantial computation and
memory requirements Zhu et al. (2024); Yuan et al. (2024). Such methods primarily fall into four
categories: weight quantization Lin et al. (2024b); Frantar et al. (2022); Wang et al. (2024), network
pruning LeCun et al. (1989); Hassibi et al. (1993); Frantar & Alistarh (2023b); Bai et al. (2024b),
knowledge distillation Hsieh et al. (2023); Hwang et al. (2024), and rank reduction Yuan et al.
(2023); Liu et al. (2024); Hwang et al. (2024); Saxena et al. (2024); Saha et al. (2024).

A.2 DYNAMIC QUANTIZATION

Dynamic quantization is a strategy for adapting precision at runtime rather than using fixed bit-
widths across all layers and inputs. DNQ Xu et al. (2018) uses a controller that learns per-layer
bit-width policies to balance accuracy and compression. Recent research Santini et al. (2025) uses
probabilistic frameworks for input-adaptive quantization, where quantization parameters are condi-
tioned on each input, demonstrating negligible performance loss with adaptive schemes compared
to static counterparts.

A.3 FEW-BIT QUANTIZATION

Extreme 1-bit quantization Qin et al. (2023) has shown relatively good performance even with 1-bit
quantization, e.g., BNN Courbariaux et al. (2016); Kim & Smaragdis (2016), XNOR-Net Rastegari
et al. (2016), DoReFa-Net Zhou et al. (2016), Bi-Real Liu et al. (2018), IR-Net Qin et al. (2020),
RBNN Lin et al. (2020), and ABC-Net Lin et al. (2017). They proposed a variety of gradient
approximation methods for non-differentiable binarization operation. For example, BNN uses STE
trick for non-differentiable sign function.

Binarized networks have many papers on hardware implementation, mostly on generic field-
programmable gate-array (FPGA) platform, e.g., Zhao et al. (2017); Zhang et al. (2021). Nev-
ertheless, binarization often causes a substantial loss, and most quantization papers Frantar et al.
(2022); Lin et al. (2023) for foundation models consider at least 3 bits to achieve an acceptable
performance. Whereas, 2-bit quantization was shown feasible for LLM compression with vector
quantization Chee et al. (2023); Egiazarian et al. (2024).

A.4 ACTIVATION/HARDWARE-AWARE QUANTIZATION

DeepShift Elhoushi et al. (2021) uses power-of-two weights to eliminate multiplication opera-
tions. HAWQ Dong et al. (2019) uses layer-wise quantization based on optimal brain pruning Le-
Cun et al. (1989). HAWQv2 Dong et al. (2020) considers mixed-precision weight and activation.
HAWQV3 Yao et al. (2021) uses integer weight in dyadic format. HEQ Koike-Akino et al. (2024)
jointly minimizes quantization loss and computing energy on custom hardware. Then, GPTQ Fran-
tar et al. (2022) extends HAWQ using zero-shot calibration, while activation-aware quantization
(AWQ) Lin et al. (2023) uses activation-dependent scaling. GPFQ Zhang et al. (2023) uses a
greedy path-following mechanism to quantize weights with theoretical guarantees. AWP Liu et al.
(2025) uses projected gradient descent for activation aware quantization and pruning based on com-
pressed sensing framework. QEP Arai & Ichikawa (2025) mitigates error propagation across layers.
QLoRA Dettmers et al. (2023) uses low-rank adapter to compensate for the loss of quantized LLMs.
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A.5 TEST-TIME COMPUTING

Prior work has explored improving performance at inference time by increasing computation, adap-
tation, or interaction beyond a single forward pass. Test-time scaling Chen et al. (2024); Muen-
nighoff et al. (2025); Snell et al. (2024) allocate additional inference-time compute via sampling,
search, and reasoning while keeping model parameters fixed, whereas test-time computing dynami-
cally structures inference through adaptive computation, tool use, and external memory. In contrast,
test-time update/adaptation Liang et al. (2025); Chen et al. (2022) performs unsupervised or self-
supervised parameter updates during deployment, often under distribution shift, with meta-learning
explicitly training models for rapid test-time adaptation. Test-time reinforcement learning Zuo et al.
(2025); Odena et al. (2017) further frames inference as an interactive process with online policy im-
provement driven by reward signals. ©-MoE Koike-Akino et al. (2025b) is a new test-time pruning
framework, using activation-aware pruning on the fly at the inference time.

B RTN: GROUPWISE ROUND-TO-NEAREST QUANTIZATION

Round-to-nearest (RTN) is the simplest quantization method to minimize approximation error:
712
Lo =W = W7, )

where W € R¥*d is a weight matrix and W is its quantized version. RTN uses the groupwise
quantization-dequantization (QDQ) operation:

W = QW] £ G- [gW]], (5)
Here, the quantization G[-] and dequantization G~ [-] are defined as:

Winge = G(W) £ round|[clamp, [(W — Z) © S]], 6)
W =G (Win) 2 Wi oS + Z, (7)

where S € RY*? and Z € RY*? are scale and zero-point parameters. Here, © is element-
wise division, o is element-wise product, round[z] gives the closest integer to x, and clamp, [z] =
min(max(x,0),29—1) is ¢-bit limiting operator. The straightforward choice of scale and zero-point
is

S - (Wmax - VVmin)/(2q - 1)7 (8)
Z = Wmin7 (9)
while they can be adjusted to improve accuracy slightly. The QDQ has several variants and non-

uniform formats, such as NF4 (Dettmers et al., 2023), see Appendix D. Pseudo-code of RTN with a
groupsize g is as follows:

def rtn(W, g, g): # g: bits, g: groupsize
ddash, d = W.shape # W: (d’, d)
W = W.reshape (-1, g) # grouping (d’=*d/g, g)

Wmax = W.amax (axis=1, keepdim=True) # (d’x*d/g, 1)

Wmin = W.amin (axis=1, keepdim=True) # (d’+d/g, 1)

S, Z = (Wmax — Wmin) / (2x*gq - 1), Wmin # scale, zero-point
Wint = ((W - Z) / S).round().clamp(0, 2+xgq — 1)

What = Wint * S + Z # dequantization
return What.reshape (ddash, d) # reshaping back

The total memory will be gd'd bits for Wiy and d'd/g parameters for S and Z. Larger groupsize
reduces the total required memory to represent W, while smaller groupsize can reduce the quanti-
zation error. The recent NVFP format (Egiazarian et al., 2025) uses a microscaling groupsize of 16
to accelerate GPU computing. Because most GPUs are not fully compatible to arbitrary bitwidth
integer operations, the practical advantage for the quantization comes with the reduction of required
memory, which also leads to GPU acceleration due to the reduction of caching bottleneck. Most
literature Lin et al. (2023); Frantar et al. (2022; 2025) claims 2 to 4-fold speedup with quantized
LLMs.
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C AWQ: ACTIVATION-AWARE QUANTIZATION

To improve over naive RTN quantization, the activation-aware framework (Lin et al., 2023; Frantar
et al., 2022; Liu et al., 2025) leverages activation statistics. Let X € R¥*T be an input activation
with embedding dimension d and token length 7T'. The aim is to minimize the approximation loss:

LA2Ex([|(W-W)X|"] (10)
= tr[(W — W) Ex[XXT|(W —W)T] (11)
———
CeRaxd
= |(W = W)C2)%, (12)

where C' £ Ex[X X '] € R4 is the auto-correlation statistics of input X. Since C is not exactly
known at test time, we estimate it with small amount of calibration data, e.g., via shrunk estimator:

Cx=1-NXXT + I, (13)

where ) is a shrinkage parameter, and = || X|?/d. For large dimension d, the Ledoit-~Wolf
shrinkage (Ledoit & Wolf, 2004) is reliable. Note that this is equivalent to minimize the weighted
errors of activation-aware and weight-only quantization objectives:

L2 (L= N[(W = W)X|? + x| W — W] (14)

= (W =Wy (15)
Also note that the solution is invariant to any scaling factor to the correlation, e.g., many literature
use
Ch £ Cr/(1 =) (16)
=XXT 4+ NI, (17)
where \' = An/(1—\) is a so-called damping factor. We treat any scaled correlation matrix estimate
as C).

When there is no structure in correlation matrix Cl, it has no closed-form solution to minimize £’,
whereas GPTQ (Frantar et al., 2022) uses the greedy method based on the inverse Hessian inspired
by optimal brain surgeon (Hassibi et al., 1993). GPTQ requires the Cholesky factorization, whose
complexity is at least of cubic order: O[d® + dd'T)]. In addition, it needs extra computations for
off-diagonal error cancellation with the Gaussian elimination. Alternatively, AWP (Liu et al., 2025)
uses projected gradient descent to solve it iteratively, i.e., at the kth step:

Wk+D) — Q[W(k’) + u(W — W(k))c/\], (18)
where i is the stepsize. It requires a cubic complexity of O[d’d? K] for K total iterations.

AWQ (Lin et al., 2023) greatly simplifies the problem by approximating with a diagonal correlation:
Cx ~ D 2 diag[ XX T + \]°, (19)

where diag[C] £ C o I offers a diagonal matrix zeroing out off-diagonal elements of an argument
matrix C, and « is an auxiliary parameter to compensate for the diagonal approximation loss. Note
that the above expression gives the 5-norm diagonal D;; = (|| X;.||3 + \)®, while the original
AWQ uses ¢1-norm D; ; = (|| X;.]|? + A\)®. Given a diagonal correlation matrix, the closed-form
solution for (15) is given by the scaled QDQ operation:

W = QWDY?|D~1/2, (20)
Importantly, the diagonal correlation also reduces the computation for D from O[d*T"] to O[dT"].

AWQ then requires only quadratic extra-complexity of O[2dd’ + dT’], yet achieves performance
competitive with GPTQ. The pseudo-code of the AWQ concept is given as follows:

def awg(X, W, gq, g, p, lam, alpha): # g: bits, g: groupsize, p: lp-norm
D = X.norm(p=p, axis=1l) # X: (d, T)
D = (D + lam) % alpha # D: (d,)
What = rtn(W %= D[None, :], g, g) # scaled QDO
return What * D.reciprocal () [None, :] # scaling back

Here, we generalized to any £,,-norm with arbitrary p. The hyper-parameters such as « and p can be
adjusted by searching for the best values to minimize (15).

12




ICLR 2026 Test-Time Updates (TTU) Workshop

D QUANTIZATION-DEQUANTIZATION (QDQ) FORMATS

There are many variants for QDQ operations, where we consider one example:
G(W) £ round|clamp, [(W — Z) © S]], (21)
G~ (Wint) & Wing 0 S+ Z, (22)
where G[-] and G~ [-] denote quantization and dequantization operations, respectively. Instead, many
literature use an alternative representation:
G'(W) £ clamp,[round[W @ S'] + Z'], (23)
G~ (Win) & (Win — Z") 0 S". 24)

Both representations have no significant difference, and thus we focus on the first one. Yet another
format includes nonuniform scaling like the NF4 format, which is based on the normal distribution.

We consider the asymmetric format for the scale and zero-point:
S = (Wmax - Wmin)/(Qq - 1)> (25)
Z = Whin. (26)

Some literature further adjust the scale and zero-point factors to minimize the quantization error.

For example, we may use expanded W), .. and W) . instead of Wiyayx and Winin:

1+v 1—v

ernax £ TVVHI&X + TWmin (27)
1-— 1
r,nin £ TI/Wmax + %Wmin (28)

where v € R is an expansion factor. Note that v = 1 reduces to the standard scaling. The best
expansion factor is often around v ~ 0.95.

Alternatively, the symmetric format is often used:

S = 2|W|max/(29 — 1), (29)
Z == *|W|max- (30)
As it has fewer degrees of freedom (i.e., Z or S is redundant as S = —Z/(27 — 1)), it offers a

degraded accuracy in general, while it gains fewer memory requirement.

Yet another option is to extend test-time activation-aware quantization towards vector quantiza-
tion Egiazarian et al. (2024) and compression Frantar & Alistarh (2023a).

E QUANTIZATION-AWARE LOW-RANK FACTORIZATION

Initialization of low-rank factors may impact the quantization performance. What is the best low-
rank factors B and A, to reduce the quantization error of the residual? The most naive way is to use
the top-r principal components of WW:

U.AV,. = svd, [W], 31
B =U,AY?, (32)
A= A2V (33)

where svd,.[-] is rank-r truncated singular-value decomposition (SVD), U, € R4 ¥, A, € R™",
V,. € R"™™¢ are left singular vectors, diagonal singular-values matrix, and right singular vectors,
respectively. If we have a calibration data, we can use ASVD Yuan et al. (2023); Koike-Akino et al.

(2025a) instead: svd,.[WC,/?|C 2.

However, it does not guarantee that the residual W — B A can reduce the quantization error in the
end. To consider quantization-aware low-rank factorization, we may use alternating method, e.g., at
the kth step:

B®A®) = svd, [W — WM, (34)
WD = gw — B® AR, (35)
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with a proper initialization. This quantization-aware low-rank factorization may reduce the quanti-
zation error, while it still has no guarantee that the loss is small at inference time. We found that the
alternating solution had almost no gain, and we focus on the straightforward principal components
for static low-rank factor initialization.

Low-Rank Factor Quantization Alternatively, the low-rank factors A and/or B can be also quan-
tized online or offline, to further accelerate inference. For example, we may consider: (1) A is quan-
tized while B is un-quantized; (2) B is quantized while A is un-quantized; and (3) both A and B
are quantized. The cases (1) and (2) may be more advantageous because the product of BA is no
longer quantized.

Low-Rank Factor Pruning In addition, we can integrate with pruning with quantization and low-
rank factorizations. For example, we can use test-time pruning used in u-MoE Koike-Akino et al.
(2025b) in conjunction with TTQ. Because both uses similar diagonal correlation matrix, we do not
need extra computation for D. Similarly, we can consider pruning for low-rank factors as well: (1)
A is pruned while B is un-pruned; (2) B is pruned while A is un-pruned; and (3) both A and B
are pruned. Because the product of BA is no longer sparse, the cases (1) and (2) may be more
advantageous.

Test-Time Decomposition Another option is to use test-time low-rank decomposition for adaptive
A and B at inference time. We may consider using efficient online PCA algorithms:

* Stochastic gradient methods. Oja’s rule (Oja, 1982) performs stochastic gradient ascent
on the Rayleigh quotient to estimate the top principal components from streaming data.

* Incremental SVD methods. Deterministic approaches to update low-rank factorizations
include incremental eigen-analysis (Hall et al., 1998) and incremental SVD techniques
(Brand, 2002).

* Subspace tracking algorithms. Recursive least-squares formulations such as PAST
(Yang, 1995) provide fast convergence and strong tracking capability under non-stationary
data.

* Online optimization perspectives. Analyzing online PCA via stochastic optimization
frameworks establishes finite-sample convergence and performance guarantees (Allen-Zhu
& Li, 2017).

F HYPERPARAMETER SELECTION FOR TTQ

In static/original AWQ, quantization hyperparameters like o can be adjusted at the offline calibration
phase. However, TTQ needs to re-compute scale and zero-points S and Z based on diagonal cor-
relation C'y, dynamically given every incoming tokens X . Hence, searching those hyperparameters
on the fly should be restricted.

Nevertheless, if we still can use post-training calibration data, then we can find the best possible
hyperparameters and prior correlation matrix in more exhaustive way before test time. And, online
update of correlation matrix is carried out at inference time to improve the correlation estimation
accuracy. In our work, we use constant hyperparameters manually selected. How to choose the
hyperparameters?

We evaluated the perplexity performance for OPT family when using uniformly sampled grids of «,
A, and p. We then selected 5 best combinations per OPT model and quantization bits q. Then, we
analyzed the histogram of those best parameter sets, as shown in Figure 2. Those histogram plots
may suggest some general trends:

* The norm exponent « should be around 0.5 or 0.75. It suggests that the diagonal correlation
approximation should be cooled down o < 1 to be more uniform than amplified with
a> 1.

* The damping factor A should be around 0.4, which is way larger than the nominal choice
like A = 0.01 in most literature. It may be because the dimension d is very large compared
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Figure 2: Histogram of top-5 hyperparameter selections (v, A, p) for different OPT models with
quantization bits of ¢ € {2, 3,4, 5}.

to available token length 7, leading to a larger shrinkage factor to be reliable under certain
criterion Ledoit & Wolf (2004). Also, it indicates that selecting around 50% damping factor
offers a good trade-off between activation-aware loss and activation-unaware loss in (15).

* The best £,-norm is around p = 2, which can be well-justified from the derivation in (19).
More importantly, ¢1-norm was found to be a terrible choice. The original AWQ relied on a
heuristic metric based on ¢, while some literature pointed out such an approximation may
be suboptimal: e.g., LatentLLM Koike-Akino et al. (2025a) made a thorough comparison
to other variants of preconditioning; and Wanda Sun et al. (2023) derives a proper diagonal
approximation with ¢ correlation.

In our experiments, the results of AWQ are based on />-norm not the original ¢;-norm, while « is
optimized with line search.

G EXPERIMENTS SETUP

We conduct experiments for LLM benchmarks to evaluate the effectiveness of our method. Our
experiments are based on the same setting of SparseLLM Bai et al. (2024b) and their code base?.
Following existing work Sun et al. (2023), we quantize all linear layers in LLM transformers. We
implemented TTQ in PyTorch Paszke et al. (2019) and used the HuggingFace Transformers library
Wolf (2019) for handling models and datasets. All experiments are conducted on NVIDIA A40 or
A100 GPUs.

For LLM experiments, we first consider the OPT model family Zhang et al. (2022) as it provides a
wide range of model scales from 125M to 175B. We then evaluate more recent LLMs: Qwen3 Yang
et al. (2025) and Gemma3 Gemma Team et al. (2025). We show results on different sizes of models
to provide a broader picture for the performance of TTQ. We measure perplexity score for three
popular benchmarks: raw-WikiText2 (WT2) Merity et al. (2016); the Penn Treebank (PTB) Marcus
et al. (1994); and C4 Raffel et al. (2020). Details of LLMs and datasets we used are found in
Appendices L and M.

https://github.com/BaiTheBest/SparseLLM

15



ICLR 2026 Test-Time Updates (TTU) Workshop

H RUNTIME BENCHMARK

We show TTQ can accelerate inference at test time over un-quantized LLMs, even with the ex-
tra overhead of prescaling and low-rank factors. To evaluate the TTQ runtime speed, we use
Marlin kernel Frantar et al. (2025) which is one of best-known int_matmul CUDA kernels.
Specifically, we use v11m._custom_ops.marlin_gemm in vlim library?. It often outperforms
vllm._custom_ops.awg-gemm. We use CUDA 12.8, PyTorch 2.9.1, and vllm 0.15.1. We in-
clude prescaling with D diagonal matrix and low-rank projections with B and A on top of the Marlin
kernel for TTQ like below:

def forward(self, x):
# quantization params on the fly
W, S, Z, D = self.find_params (x)
# low-rank projection

yvO0 = (x @ self.A.t().contiguous()) @ self.B.t().contiguous/()
# pre-scaling
x =x /D

# scaled int_matmul
return marlin_gemm(x, y0, W, S, Z)

def find_params(self, x):
# scale
D = (x.norm(p=self.p, axis=0) + self.lam) »*» self.alpha
# prescale weight
W = self.weight % D
W = W.reshape (-1, self.groupsize)
# scale, zeros
7 = W.amin (axis=1, keepdim=True)
S = (W.amax (axis=1, keepdim=True) - Z) / self.gmax
# quantize
W= ((W-2) / S).round() .clamp (0. self.gmax) .to(torch.int32)
return W, S, Z, D

To reduce the overhead of multi-kernel launching, we use torch.compile and CUDA graph
replay* for all cases. We consider a decode phase of LLM projecting a single token.

Tables 4, 5, 6, 7 and 8 show the runtime benchmark for Qwen3 models on NVIDIA A40, A100,
L40, RTX3090 and RTX4090 GPUs, respectively. To highlight the speedup, we focus on linear
query projection module for benchmarking the original linear layer, offline 4-bit quanitzed AWQ,
and online 4-bit quantized TTQ. We can observe:

* The throughput generally degrades with larger LLMs.

* AWQ can accelerate LLMs, especially with the Marlin kernel, up to 6.7 folds at 32B model
on RTX4090.

* TTQ (r = 0) has no significant loss in speed over AWQ, even with extra operations.

» Even without custom TTQ kernel in the presence of » = 16 low-rank projections, TTQ can
still accelerate the inference up to 4.9 folds at 32B model on RTX4090.

* TTQ shows more advantage on larger LLMs because of dominating weight traffic (e.g.,
Qwen3-32B model needs to transfer 5,120 x 8,192 weights of 168MB from global memory
to shared memory on GPUs for FP16 query projection).

AWAQ fuses the prescaling D into previous modules, while TTQ needs to fuse into int _matmul.
Most kernels are not yet compatible for such prologue fusion, and thus designing custom CUDA
kernels for TTQ should further accelerate the inference on GPU. In addition, most kernels are not
designed for arbitrary bit width yet, and custom kernel design for 2-bit TTQ should speedup more,
theoretically doubling due to traffic reduction with weight packing.

*https://github.com/vllm-project/vllm
*nttps://docs.vllm.ai/en/stable/design/cuda_graphs/
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Table 4: Runtime Speed (k tokens/sec) of Query Projection Module for Qwen3 Models with 4-bit
AWQ and TTQ, on NVIDIA A40 GPU.

Qwen3 0.6B 1.7B 4B 8B 14B

FP16 5758 412900 21330 14.100 10430 &
AWQ (awq_gemm)  75.76 I 71.60 M 5461 B 3263 2528 &Y
AWQ (marlin_gemm)73.32 I 73.70 N 73.98 N 33910 375200
TTQ (r = 0) 80.63 N 78.68 N 9.1 1 N 36520 2494 | 1934
TTQ (r = 16) 66.67 I 5903 B 4967 303280 2373 (3743

Table 5: Runtime Speed (k tokens/sec) of Query Projection Module for Qwen3 Models with 4-bit
AWQ and TTQ, on NVIDIA A100 GPU.

Qwen3 0.6B 1.7B 4B 8B 14B 32B

FP16 68.43 I 68.91 M 4276 I 30690 20.16 M 2 15900
AWQ (awg_gemm) 6810 NN 56.00 B 4820 B 3323 3225 /2435
AWQ (marlin_gemm) 69.41 NI 64.93 I 58.41 I 53,13 49.07 (| 42.28
TTQ (r = 0) 61.85 I 5772 52.67 0 4353 45.17 8\ 39.40 I
TTQ (r = 16) 46.04 N 4311 4001 B 37908 343208 (30460

I LLM BENCHMARK RESULTS

Tables 9, 10, and 11 show full performance results including standard deviation and more model
variants for OPT, Qwen3, and Gemma3 LLMs, respectively.

J VLM BENCHMARK RESULTS

We show the quantization results for Qwen3-VL VLM models on TextVQA benchmark. We quan-
tize all linear modules except LM head and vision encoder. Table 12 shows VQA soft accuracy
performance with different quantization methods. For AWQ, we use different calibration dataset:
COCO-Caption; OK-VQA; ChartQA; and TextVQA. We confirm that our TTQ achieves best over-
all performance. It is interesting to see that some quantized models can slightly outperform un-
quantized Qwen-VL models.

K VLA BENCHMARK RESULTS

We show the quantization results for 9.5 VLA model on LIBERO robot manipulation benchmark
in Table 13. We quantize all linear modules for VLM backbone of 7 5 model except LM head and
vision encoder. Here, we use 200 episodes per benchmark. For AWQ, we compare with different
calibration dataset from LIBERO Spatial, Object, Goal, and 10 task suites. Although AWQ performs
much better than RTN, its performance highly depends on offline calibration data. TTQ achieves
best in average success rates. The advantage is clearer at the long-horizon tasks of LIBERO 10.
It is interesting to see that our TTQ can allow 2-bit quantization for 7 5 without causing much
performance loss.

L LLM MODELS

OPT Family The Open Pre-trained Transformers (OPT) (Zhang et al., 2022) is a suite of decoder-
only pre-trained transformers ranging from 125M to 175B parameters. It was claimed that OPT-
175B is comparable to GPT-3, while requiring only 1/7th the carbon footprint to develop. Table 14
shows model parameters for the OPT open LLM family.
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Table 6: Runtime Speed (k tokens/sec) of Query Projection Module for Qwen3 Models with 4-bit
AWQ and TTQ, on NVIDIA L40 GPU.

Qwen3 0.6B 1.7B 4B 8B 14B 32B

FP16 91.35 NN 75,13 M 7400 M 5331 M 444500 73474
AWQ (awg.gemm)  91.01 I 34.70 I 76.00 M 50.90 M 48.95 W [47.37 W
AWQ (marlin_gemm) 86.57 I 91.35 I 91.28 I 9¢.93 NN 77.51 | 68.15
TTQ (r = 0) 90.59 N 92.57 I 91.86 N 84.19 N 71.28 I\ 63.37
TTQ (r = 16) 7282 69.11 BN 69.34 N 6337 5587 B (29.62)

Table 7: Runtime Speed (k tokens/sec) of Query Projection Module for Qwen3 Models with 4-bit
AWQ and TTQ, on NVIDIA RTX3090 GPU.

Qwen3 0.6B 1.7B 4B 8B 14B 32B

FP16 59.75 I 5433 I 295308 2037 14150 o 9771

AWQ (awg_gemm)  62.89 I 60.54 N 4330 MO 3343 27.92M /2162
AWQ (marlin_gemm)63.13 I 67.86¢ NN 65.88 I 46.97 B 36.30
TTQ ( = 0) 68.07 NN 67.34 N 64.43 N 43,1000 3425 00
TTQ ( = 16) 57.57 I 5372 N 44730 332008 2345 (2185

Qwen3 Family We use Qwen3 (Yang et al., 2025) dense models, which are decoder-only trans-
formers spanning 270M to 30B parameters, built on a consistent architecture with RMSNorm,
SwiGLU feed-forward layers, and rotary positional embeddings. All variants employ grouped-query
attention (GQA) with a fixed small number of key—value heads while scaling the number of query
heads with model width, reducing KV-cache cost. Importantly, the hidden size is decoupled from
the attention projection width, providing additional flexibility. Parameters are listed in Table 15.

Gemma3 Family Gemma3 models (Gemma Team et al., 2025) are decoder-only transformer
architectures released across a wide range of scales, from 270M to 27B parameters, and include
both text-only and multimodal variants. Similar to Qwen3, all Gemma3 models adopt RMSNorm,
SwiGLU feed-forward networks, and rotary positional embeddings, as well as grouped-query atten-
tion (GQA). The per-head dimension is fixed at 256 across model sizes. Parameters are listed in
Table 16.

LLaVA Family LLaVA Liu et al. (2023b) integrates a vision encoder with LLMs to enable pro-
cessing both language and visual context modalities through instruction-tuning. The vision encoder
typically uses contrastive language-image pretraining (CLIP) vision transformer (ViT), while the
LLMs are based on LLaMA or Vicuna. It was claimed that LLaVA-1.6-34B outperforms Gemini
Pro on some benchmarks including MMMU and MathVista.

Qwen3-VL Family Qwen3-VL Bai et al. (2025) is a family of multimodal LLMs that extend the
Qwen3 transformer with vision—language capabilities. The models integrate a Sigl.IP-based vision
encoder with the Qwen3 language backbone through a projection module, enabling joint reasoning
over images, videos, and text for tasks such as visual question answering, captioning, and document
understanding. Parameters are listed in Table 17.

mo.5 Family The 7y 5 model Intelligence et al. (2025) is a PaliGemma-based state-of-the-art VLA
transformer having 2.3B parameters, that maps visual observations and language instructions di-
rectly to continuous robot actions through flow-matching diffusion policy. Trained via distillation
from a larger foundation model on diverse robot interaction data, it achieves strong zero-shot gener-
alization while remaining lightweight and deployable for real-world manipulation tasks. Parameters
are listed in Table 18.
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Table 8: Runtime Speed (k tokens/sec) of Query Projection Module for Qwen3 Models with 4-bit
AWQ and TTQ, on NVIDIA RTX4090 GPU.

Qwen3 0.6B 1.7B 4B 8B 14B 32B
FP16 116.82 BN 770488 724588 584488 46738 2 10.76]
AWQ (awq.gemm)  113.84 I 9042 0.9 6204 5132 /5045M
AWQ (marlin_gemm) 120.62 I 115.20 I 112.61 M 101.00 M 80.45 N | 72.34
TTQ (r = 0) 108.00 M 104.11 W 103.45 I 9223 I 74.72 M \ 67.40 N
TTQ (r = 16) 7783 73470 72550 602 5365 (5317

M DATASETS

Wikitext-2 (WT2) The WikiText language modeling dataset (Merity et al., 2016) is a collection
of over 100 million tokens extracted from the set of verified good and featured articles on Wikipedia.
The dataset is available under the CC BY-SA-4.0 license. The wikitext-2-raw-v1 contains 36,718,
3,760, and 4,358 samples for train, validation, and test splits, respectively. We use https://
huggingface.co/datasets/mindchain/wikitext?2.

Penn Treebank (PTB) The English Penn Treebank (PTB) corpus (Marcus et al., 1994) is one of
the most known and used corpus for the evaluation of models for sequence labeling. The dataset
features a million words of 1989 Wall Street Journal material. We use https://huggingface.
co/datasets/ptb-text-only/ptb_text_only.

C4 C4 (Raffel et al., 2020) is based on a colossal, cleaned version of Common Crawl’s web
crawl corpus. This is release under the OCD-By license. We consider a subset “en”, containing
364,868,892 and 364,608 samples for train and validation splits, respectively, while we use the first
shard for each splitin https://huggingface.co/datasets/allenai/c4.

ScienceQA ScienceQA Lu et al. (2022) is collected from elementary and high school science cur-
ricula (i.e., grades 1 through 12), and contains 21,208 multimodal multiple-choice science questions.
Out of the questions in ScienceQA, 10,332 (48.7%) have an image context, 10,220 (48.2%) have
a text context, and 6,532 (30.8%) have both. Most questions are annotated with grounded lectures
(83.9%) and detailed explanations (90.5%). The lecture and explanation provide general external
knowledge and specific reasons, respectively, for arriving at the correct answer. ScienceQA has
rich domain diversity from three subjects: natural science, language science, and social science.
ScienceQA features 26 topics, 127 categories, and 379 skills that cover a wide range of domains.
We use https://huggingface.co/datasets/derek-thomas/ScienceQA, released
under the CC BY-NC-SA 4.0 license.

TextVQA TextVQA Singh et al. (2019) requires VLM models to read and reason about text in
images to answer questions about them. Specifically, models need to incorporate the new modality
of text present in the images and reason over it to answer TextVQA questions. TextVQA dataset
contains 45,336 questions over 28,408 images from the Openlmages dataset. We use https:
//huggingface.co/datasets/llms—eval/textvqga, licensed under CC-BY-4.0.

COCO-Caption The COCO-Caption dataset is a standard benchmark for image captioning built
on the Microsoft COCO dataset Lin et al. (2014). It contains over 120k images, each annotated
with five human-written captions describing the visual scene. The images cover diverse everyday
environments with multiple objects and interactions for evaluating VLMs. We use https://
huggingface.co/datasets/l1lms—1lab/COCO-Caption2017, licensed under CC-BY-
4.0.

OK-VQA The OK-VQA dataset Marino et al. (2019) is a benchmark for knowledge-based visual
question answering, where answering questions requires external world knowledge beyond the vi-
sual content of the image. It contains over 14k questions paired with images from the MS COCO
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Table 9: Perplexity ({) of OPT models with different quantization methods. It shows macro average
and standard deviation across WT2/PTB/C4 datasets. Groupsize is g = 32 for all cases. Calibration
token length is T = 27 for AWQ. Bold and underline denote the best and second best, respectively.
Asterisk “*” indicates reaching competitive performance to the original un-compressed LLM.

Quantization ¢ 2 bits 3 bits 4 bits 5 bits
OPT-125M (WT2: 27.7, PTB: 39.0, C4: 26.6, Avg: 31.116.8)
RTN 5058.5+833.7 56.3+10.5 33.547.0 31.847.0
AWQ (WTZ Calib) 381.7+159.8 374474 323465 31.446.1
AWQ (PTB Calib) 375.3484.9 373469 322463 31.346.0
AWQ (C4 Calib) 451.71181.7 377475 32.616.6 31.346.0
TTQ (7” = O) 257~4i6543 36.6i8.2 31.9i7,0 31~2i6.8
TTQ (r = 16) 141.7 1369 358453 318170 *31.1i6s
OPT-350M (WT2: 22.0, PTB: 31.1, C4: 22.6, Avg: 25.215.1)
RTN 25808.8+9601.0 955.3+13.8 27.6+5.5 25.645.3
AWQ (WT2 Calib) 293.24103.5 28.845.1 258445 254444
AWQ (PTB Calib) 350.7+107.0 28.945.1 258445 254444
AWQ (C4 Calib) 322.8498.6 29.0+5.6 259445 254444
TTQ (7” = 0) 358.3i123_9 28.6i6,0 25-7;{:53 25-3j:5.1
TTQ (7‘ = 16) 129-8i4648 27-9i5.9 25-7i5.2 25-3i5.1
OPT-1.3B (WT2: 14.6, PTB: 20.3, C4: 16.1, Avg: 17.0+3.0)
RTN 11514~4i262148 27.2:t6.8 18.113.4 17-2:t341
AWQ (WT2 Calib) 324486 18.042.8 173426 *17.0+25
AWQ (PTB Calib) 32.6+6.6 18.142.7 173426 *17.0+25
AWQ (C4 Calib) 31. 7481 18.0+2.8 172426 *17.042.5
TTQ (r = 0) 322483 182434 172430 *17.0130
TTQ (r = 16) 27.246.1 17.943.1 171430 *17.0430
OPT-2.7B (WT2: 12.5, PTB: 18.0, C4: 14.3, Avg: 14.942.5)
RTN 6274.5i1350‘7 36.0i11_5 15.7i3,1 15-0i248
AWQ (WT2 Calib) 23.145.3 15.743.0 15.142.8 150428
AWQ (PTB Calib) 232440 157430 15.042.9 15.042.9
AWQ (C4 Calib) 229451 15.743.0 15.0425 150428
TTQ (7” = O) 23.7i5‘1 15.7i3_0 15-0i2.8 *14'9i2.8
TTQ (r = 16) 21.2445 155429 150125 *14.9.5g
OPT-6.7B (WT2: 10.9, PTB: 15.8, C4: 12.7, Avg: 13.112.5)
RTN 5716.5+664.0 262489 137428 132455
AWQ (WT2 Calib) 1724356 13.5426 1324925 *13.1425
AWQ (PTB Calib) 17.1 +3.0 ]3-612.6 ]3.2:{:2,5 *13-1ﬂ:2.5
AWQ (C4 Calib) 169435 13.6426 132426 *13.1425
TTQ (r = 0) 172435 13.642.6 132405 *13.1+25
TTQ (7‘ = 16) 16-3i344 13-4i2.6 *13-1i2.5 *13-1i2.5
OPT-13B (WT2: 10.1, PTB: 14.5, C4: 12.1, Avg: 12.242.2)
RTN 6413.1i1051<0 15.5i3.1 12.5i2.4 12-3i243
AWQ (WT2 Calib) 1534229 12.642.3 123122  *12.2499
AWQ (PTB Calib) 154427 12.642.3 123129 *12.2499
AWQ (C4 Calib) 152429 12.642.3 123452  *¥12.2499
TTQ (r = 0) 150429 125407 123420 *12.2409
TTQ (r = 16) 148125 125122 123452  *12.2499

dataset, along with multiple human-provided answers for evaluation. The questions cover diverse
topics such as science, history, and common knowledge, making the task more challenging than
standard VQA benchmarks. We use https://huggingface.co/datasets/llms—1lab/
COCO-Caption2017, inheriting the COCO image license of CC-BY-4.0, while the annotations
are released for research use.
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Table 10: Perplexity (J) of Qwen3 models with different quantization methods. It shows macro
average and standard deviation across WT2/PTB/C4 datasets. Groupsize is g = 32 for all cases.
Calibration token length is 7' = 2!7 for AWQ. Bold and underline denote the best and second best,
respectively. Asterisk “*” indicates reaching competitive performance to the original un-compressed
LLM.

Quantization ¢ 2 bits 3 bits 4 bits 5 bits
Qwen3-0.6B (WT2: 21.0, PTB: 43.8, C4: 30.3, Avg: 31.74+11.5)
RTN 8.266:{:4,456 ]27.3:{:54,1 38.2:{:14_7 33.5i12_4

AWQ (WT2 Calib) 9739.112765.7 49441902 33.5+11.7 3241118
AWQ (PTB Calib) 17344.3 11962.7 4794173 3414125 32.0+11.5

AWQ (C4 Calib) 5388.1+1862.6 4834173  33.04116 3214118

TTQ (r = 0) 2827.81883.8 4471169 33.04121 3191113

TTQ (r = 16) 1552.61356.3 42.0+16.0 3294122 3194113
Qwen3-1.7B (WT2: 16.7, PTB: 33.8, C4: 16.1, Avg: 24.215.7)

RTN 1.4e642.2¢5 162841074  30.6+12.2 26.149.6

AWQ (WT2 Calib) 1864.7 +2051.9 30.0+12.0 24.548.7 244436
AWQ (PTB Calib) 2309.6+£2524.0 29.8+11.6 247483 245189

AWQ (C4 Calib) 2364.7 £o878.7 28.249.9 249491 244458
TTQ (r = 0) 522.6+259.4 273496 244485 243485
TTQ (r = 16) 264.6490.4 264193 243,55 *24.14:55
Qwen3-4B (WT2: 13.7, PTB: 24.8, C4: 19.9, Avg: 19.4.56)
RTN 5803.3i2179,1 28.6i10_1 21.4i6.4 19.6i545
AWQ (WT2 Calib) 180.8+65.3 21.246.4 20.1457 *194.4556
AWQ (PTB Calib) 199.2199.7 26.619.0 19.8159 *19.4.1556
AWQ (C4 Calib) 246.94385.2 21.7+6.3 19.945 5 19.615 6
TTQ (r = 0) 120.4 1343 20.9-.6.0 19.6.55 *194.55
TTQ (r = 16) 78.1+19.5 21.146.2 19.6156 *19.4.55
Qwen3-8B (WT2: 9.7, PTB: 17.2, C4: 15.4, Avg: 14.113.9)
RTN 5366.8:‘:1985.5 18-4:‘:5.7 14.9;{:4.1 14.4:{:3‘9
AWQ (WT2 Calib) 39.5412.9 153440 144440 142440
AWQ (PTB Calib) 394493 154440 144440 142439
AWQ (C4 Calib) 37.6+10.9 152441 1444140 *1414139
TTQ (r = 0) 3234858 15.044.1 1421359 *14.1139
TTQ (7” = 16) 30'2i8.0 15-0i4.1 14.3i3,9 >k14.1i3‘9
Qwen3-14B (WT2: 8.6, PTB: 15.2, C4: 13.8, Avg: 12,643 5)
RTN 366.31107.7 15-6i4.6 12.9i3.7 12-8i346
AWQ (WT2 Calib) 23.047.4 134437 127435 *12.643.4
AWQ (PTB Calib) 23.046.7 133437 127135 *12.6+135
AWQ (C4 Calib) 233475 134437 127435 *12.6413.4
TTQ (r = 0) 2l.1145 1321356 127135 *12.6+135
TTQ (r = 16) 20.3+6.4 131136 *12.6135 *12.6135
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Table 11: Perplexity ({) of Gemma3 models with different quantization methods. It shows macro
average and standard deviation across WT2/PTB/C4 datasets. Groupsize is g = 32 for all cases.
Calibration token length is 7' = 2!7 for AWQ. Bold and underline denote the best and second best,
respectively. Asterisk “*” indicates reaching competitive performance to the original un-compressed
LLM.

Quantization ¢ 2 bits 3 bits 4 bits 5 bits
Gemma3-270M (WT2: 70.1, PTB: 698.7, C4: 68.1, Avg: 279.0+353.5)
RTN 2.6ell41.2011  1795.042207.5 391.9+4505.5 315.0+410.9
AWQ (WT2 Calib) 89188.4i583072 517-4i690.0 279-6i348.6 306.0i4052
AWQ (PTB Calib) 1.965i2,059 537~7:|:711.8 310~0:|:408.2 293~4:|:386.4
AWQ (C4 Calib) 1.3e5411.6e5 598.1+832.9 326414005 *276.81358.0
TTQ (r = 0) 30199.0+23705.9 387.7+489.0 *277.04357.1  *262.51335.2
TTQ (T‘ = 16) 19657.0i179342 382~8i486.2 >l'<275.7i353ﬁ >‘<261.5i3431
Gemma3-1B (WT2: 27.7, PTB: 212.4, C4: 33.2, Avg: 91.14105.1)
RTN 8.6e5+7.7¢5 209.4 12532 111.1+130.0 96.6+112.0
AWQ (WT?2 Calib) 4734.7 £5394.7 134.7£159.3 91.94104.1 95911122
AWQ (PTB Calib) 9326.6i11932,8 138-9i16745 99.2i115.1 95-5i112.0
AWQ (C4 Calib) 5486.9-16662.0 150.8£186.3 93.54106.0 93.64108.4
TTQ (r = 0) 1928.512313.2 127311505 *89.9+100.8 *90.2+103.3
TTQ (r = 16) 1804.9 1850.3 114.51130.8 91.7+107.4 *90.3+103.6
Gemma3-4B (WT2: 17.4, PTB: 641.5, C4: 23.3, Avg: 227.4, 353.6)
RTN 8.1e6+1.4e7 606.4+997.2 251.0+395.1 257.8+410.5
AWQ (WT2 Calib) 5667.3+9506.0 351.7+565.7 *225343535 *221.94348.7
AWQ (PTB Calib) 4444.047433.4 352945715 240.4 13506 240.54+380.9
AWQ (C4 Calib) 4938.5+8959.2 366.3+593.1 245.64388.9 245.84389.7
TTQ (r = 0) 3561.6-6003.4 239.513758  *222.24349.4 *221.71340.1
TTQ (r = 16) 3974.916696.8 251.7+306.6  *222.0+3491 *221.94353.6
Gemma3-12B (WT2: 25.1, PTB: 283.8, C4: 35.0, Avg: 114.61146.6)
RTN 15467.0+13512.6 294.94390.2 146.64196.1  *108.3+136.5
AWQ (WT2 Calib) 1700.6£2328.9 147.41106.4 125.91166.1 114.7 11499
AWQ (PTB Calib) 4193.8 161425 128.31164.6 117.31146.2 122.31+157.6
AWQ (C4 Calib) 1464.412003.8 *#100.8+122.2 146.01197.0 132.04173.5
TTQ (r = 0) 1295.611743.4 *84.61904.1 *86.6+102.3 *92.9 11124
TTQ (r = 16) 1620.9+2248.4 *100.7+116.9 *91.21109.4 *98.3 11211
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Table 12: Accuracy (1) of Qwen3-VL models with different quantization methods on TextVQA
benchmark. Groupsize is g = 32 for all cases. Bold and underline denote the best and second best,
respectively. Asterisk “*” indicates reaching competitive performance to the original un-compressed
VLM.

Quantization ¢ 2 bits 3 bits 4 bits 5 bits
Qwen3-VL-2B: Acc 80.35%
RTN 0.00%  9.23% 7327%  80.22%

AWQ (COCO-Cap Calib)  1.41% 75.67% 79.04%  79.89%
AWQ (OK-VQA Calib) 1.37% 74.68% 79.47%  79.80%

AWQ (ChartQA Calib) 0.67% 75.52% 79.29% 79.80%

AWQ (TextVQA Calib) 0.82% 72.15% 78.85% 80.21%

TTQ (r = 0) 1.42% 76.59% 79.59% 80.34%

TTQ (r = 16) 1.93% 76.01% 179.67% *80.38%
Qwen3-VL-4B: Acc 81.44%

RTN 0.03% 74.79% 80.77%  *81.47%

AWQ (COCO-Cap Calib) ~ 0.13% 78.68% 80.49%  81.20%
AWQ (OK-VQA Calib) 0.18% 77.89% 80.58%  80.75%

AWQ (ChartQA Calib) 042% 77.37% 80.67% *81.47%

AWQ (TextVQA Calib) 0.25% 77.49% 80.28% 81.01%

TTQ (r = 0) 1.51% 79.93% 81.29% *81.48%

TTQ (r = 16) 747% 7945% 81.22% *81.49%
Qwen3-VL-8B: Acc 81.72%

RTN 0.17% 78.51% 80.63% *81.73%

AWQ (COCO-Cap Calib) 41.39% 80.37% 81.52% *81.79%
AWQ (OK-VQA Calib) 31.62% 79.51% 81.01%  81.55%
AWQ (ChartQA Calib) 41.17% 78.65% 81.23%  81.39%
AWQ (TextVQA Calib) 39.60% 78.43% 81.25%  81.69%
TTQ (r =0) 42.20% 80.77% 81.57% *81.81%
TTQ (r = 16) 47.22% 81.04% 81.71% *81.85%

Table 13: Success rate (1) of my.5 VLA model with different quantization methods on LIBERO robot
manipulation benchmark. We use ¢ = 2 bits and g = 64 groupsize. Bold and underline denote the
best and second best, respectively.

Benthmark Libero Spatial =~ Libero Object Libero Goal Libero 10 Avg
BF16 97.5% 100.0% 97.0% 96.5% 97.75%
RTN 57.0% 65.0% 27.5% 2.0% 37.88%
AWQ (Spatial Calib) 90.5% 100.0% 85.0% 82.0% 89.34%
AWQ (Object Calib) 91.5% 98.5% 92.0% 78.0%  90.00%
AWQ (Goal Calib) 92.5% 100.0% 93.5% 84.5% 92.63%
AWQ (10 Calib) 94.0% 99.5% 92.5% 76.5% 90.63%
TTQ (r = 0) 93.0% 99.5% 93.5% 87.0% 93.25%
TTQ (r = 16) 94.5% 100.0% 93.5% 87.5% 93.88%

ChartQA The ChartQA dataset Masry et al. (2022) is a benchmark for chart-based visual question
answering, designed to evaluate models’ ability to interpret charts and perform numerical and logical
reasoning. It contains 33k question—answer pairs over 21k charts collected from multiple real-
world sources. The dataset includes both human-written and automatically generated questions,
requiring models to extract information or compute values from chart data. We use https://
huggingface.co/datasets/1llms-1lab/ChartQA, released under the GPL-3.0 license.
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Table 14: OPT model parameters Zhang et al. (2022)

Model layers heads hiddensize headdim MLPdim Huggingface ID
125M 12 12 768 64 3072  facebook/opt-125m
350M 24 16 1024 64 4096  facebook/opt-350m

1.3B 24 32 2048 64 8192  facebook/opt-1.3b

2.7B 32 32 2560 80 10240  facebook/opt-2.7b

6.7B 32 32 4096 128 16384  facebook/opt-6.7b
13B 40 40 5120 128 20480  facebook/opt-13b
30B 48 56 7168 128 28672  facebook/opt-30b
66B 64 72 9216 128 36864  facebook/opt-66b

Table 15: Architecture parameters of Qwen3 dense models Yang et al. (2025)

Model layers heads KV heads hiddensize headdim MLPdim Huggingface ID
0.6B 28 16 8 1024 128 3072 Qwen/Qwen3-0.6B
1.7B 28 16 8 2048 128 6144 Qwen/Qwen3-1.7B

4B 36 32 8 2560 128 9728 Qwen/Qwen3-4B
8B 36 32 8 4096 128 12288 Qwen/Qwen3-8B
14B 40 40 8 5120 128 17408 Qwen/Qwen3-14B
32B 64 64 8 5120 128 25600 Qwen/Qwen3-32B

LIBERO The LIBERO dataset Liu et al. (2023a) is a benchmark for robotic vision-language-
action (VLA) learning that evaluates long-horizon, compositional manipulation in simulated house-
hold environments. It provides diverse task suites with structured train/test splits designed to mea-
sure cross-task generalization, skill composition, and transfer to novel object and scene configura-
tions. Each task includes multimodal data—video observations, language instructions, and low-level
control trajectories—enabling end-to-end learning from vision and language to robot actions. We
use https://huggingface.co/datasets/lerobot/libero, licensed under Apache-

2.0.
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Table 16: Gemma3 instruction-tuned text transformer parameters Gemma Team et al. (2025)

Model layers heads KV heads hiddensize headdim MLPdim Huggingface ID

270M 18 4 1 640 256 2048  google/gemma-3-270m-it
1B 26 4 1 1152 256 6912  google/gemma-3-1b-it
4B 34 8 4 2560 256 10240  google/gemma-3-4b-it
12B 48 16 8 3840 256 15360  google/gemma-3-12b-it
27B 62 32 16 5376 256 21504  google/gemma-3-27b-it

Table 17: Qwen3-VL transformer parameters Bai et al. (2025)

Model layers heads KV heads hidden size head dim MLP dim Hugginface ID

2B 24 16 8 2048 128 11008 Qwen/Qwen3-VL-2B-Instruct

4B 32 32 8 4096 128 22016 Qwen/Qwen3-VL-4B-Instruct

8B 36 32 8 4096 128 22016 Qwen/Qwen3-VL-8B-Instruct
32B 64 40 8 5120 128 27392 Qwen/Qwen3-VL-32B-Instruct

Table 18: mp5 VLA transformer parameters Intelligence et al. (2025): Huggingface ID ler-
obot/pi05_libero_finetuned

Module layers heads KV heads hiddensize headdim MLP dim
LLM: Gemma-2B 18 8 1 2048 256 16384
Vision Encoder: SigLIP ViT-L 24 16 16 1024 64 4096
Diffusion Policy: Gemma-300M 18 8 1 1024 128 4096

25



