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ABSTRACT

As large language model inference shifts toward lower precision, post-training
quantization (PTQ) becomes increasingly brittle, making quantization-aware
training (QAT) essential for preserving model quality. However, QAT has a struc-
tural mismatch: gradient updates are applied to latent full-precision weights, while
the loss and gradients are computed on lossy reconstructions of those weights.
This mismatch can lead to suboptimal training trajectories and a higher loss floor.
Second-order PTQ methods address a similar problem by minimizing loss-aware
reconstruction error, but applying such expensive reconstruction repeatedly during
QAT as the weights evolve is impractical. We introduce QUASAR, a QAT method
that brings lightweight, loss-aware reconstruction into the training loop. At each
training step, QUASAR reconstructs the latent weights by searching over a small
set of clipping ranges and fitting dequantization parameters through saliency-
weighted least squares. We use an exponential moving average of squared gra-
dients as the per-parameter saliency signal. Our theoretical analysis shows that
optimizing QUASAR’s reconstruction objective tightens both the convergence and
final-loss bounds of QAT. We evaluate QUASAR across four model families and
across INT4, INT3, INT2, and NVFP4 quantization formats. QUASAR consis-
tently achieves lower training and evaluation loss than competitive QAT methods
and outperforms QAT and PTQ baselines on downstream benchmarks. At INT2,
QUASAR improves average accuracy over the best QAT baseline by 13.3 points
with quantization-aware distillation and by 10.9 points with QAT on mathemati-
cal reasoning data. Notably, after distillation on only ~600M tokens, QUASAR’s
INT4 Gemma-4 E4B checkpoint outperforms the corresponding QAT checkpoint
released by Google, with 66% lower KL divergence and 1.8 points higher average
accuracy.

1 INTRODUCTION

As large language models (LLMs) grow in size and adoption, inference is overtaking training as the
dominant recurring cost of deployment (Desislavov et al., 2023; Sardana et al., 2024). To reduce
this cost, inference is rapidly moving toward low-precision formats such as FP4 and INT4 (Rouhani
et al., 2023; NVIDIA et al., 2025; Frantar et al., 2023), which shrink the model’s memory footprint,
reduce decoding latency, and enable higher concurrency and throughput (Lin et al., 2025). How-
ever, since models are typically trained in high precision but served in low precision (Gholami et al.,
2021), preserving model quality as precision becomes increasingly aggressive remains a critical
challenge. Post-training quantization (PTQ) has been the standard way to convert a trained model
to low precision, but it is becoming increasingly brittle on newer models. Reasoning and agentic
models often operate over long contexts, where quantization errors can accumulate and degrade per-
formance (Liu et al., 2025a; Li et al., 2025b; Mekala et al., 2025). PTQ models may also exhibit
behavioral shifts and biases relative to their full-precision counterparts (Marchisio et al., 2024; Mar-
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Figure 1: The structural mismatch of gradients in standard QAT versus QUASAR. Under the
STE, both methods evaluate the gradient at the reconstructed weights r and apply it to the latent
weights w. QUASAR minimizes the loss-aware reconstruction error, making the gradient at r a
more faithful proxy for the gradient at w.

cuzzi et al., 2026; Dutta et al., 2024). Producing a native low-precision model with stronger quality
guarantees therefore requires training under the same precision used for serving.

Quantization-aware training (QAT) addresses this need by inserting quantization into the training
loop, allowing the model to adapt to quantization noise as it learns. QAT, however, introduces
a structural mismatch into optimization (Figure 1): the forward pass and loss computation use
quantized—dequantized reconstruction weights r, while the gradient updates are applied to the latent
full-precision weights w. Because quantization has zero gradient almost everywhere, QAT typically
uses the straight-through estimator (STE) (Bengio et al., 2013), approximating g—ﬁ with g—f. This
surrogate is generally not the optimal descent direction for the latent weights, leading training along
a suboptimal trajectory. The consequence is a loss-floor gap: given the same model and training
data, QAT converges to a higher final training and evaluation loss than full-precision training (Chen
et al., 2025b; Kumar et al., 2025). Prior QAT methods narrow this gap by softening the rounding op-
eration, learning quantization parameters jointly with the weights, or improving initialization (Gong
et al., 2019; Esser et al., 2020; Du et al., 2024). We instead draw on a complementary insight from
second-order PTQ methods: the excess training loss caused by QAT’s structural mismatch can be
reduced by optimizing reconstruction.

A second-order expansion of the loss around the full-precision weights w, assuming that the first-
order term is negligible near an optimum, gives

L(r)— L(w) ~ §S’ S=(r—w) " Hr—w),

where H (w) is the Hessian evaluated at w. We refer to S as the loss-aware reconstruction error.
Many modern PTQ methods (Nagel et al., 2020; Li et al., 2021; Frantar et al., 2022; 2023; Chee
et al., 2023) minimize this quantity, or an approximation to it, to construct a low-precision model
whose loss remains close to that of a frozen full-precision model. Applying the same principle to
QAT would keep the low-precision loss £(r) closer to the full-precision loss £(w) as the latent
weights evolve, thereby mitigating the effect of the structural mismatch. The challenge, however,
is computational cost. In PTQ, the full-precision model is frozen, so its reconstruction needs to be
optimized only once, typically requiring minutes to hours for a billion-parameter LLM. In QAT,
however, the latent weights change at every step, requiring the reconstruction to be continually re-
optimized. Running a conventional second-order optimization procedure on every forward pass
would therefore be prohibitively expensive.

We introduce QUASAR (Quantization-aware training with loss-aware reconstruction), a QAT
method that continually minimizes loss-aware reconstruction error to improve the training trajectory
and lower the loss floor. QUASAR decomposes reconstruction into two stages: quantization, which
maps full-precision weights to discrete codes while treating the clipping range as a free parameter,
and dequantization, which maps those codes back to reconstructed weights using a learned scale
and offset. To make the loss-aware objective tractable during training, QUASAR approximates the
Hessian using an exponential moving average of squared gradients, yielding per-parameter saliency
scores that estimate each weight’s effect on the loss. It then searches over a small set of candi-
date clipping ranges, each defining a different assignment of discrete codes; for each assignment, it
solves for the dequantization parameters in closed form by saliency-weighted least squares and se-
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lects the candidate with the smallest loss-aware reconstruction error. Our theoretical analysis shows
that reducing this error tightens the QAT convergence bound and final-loss bound (Section 4).

Our contributions are threefold. (i) We identify loss-aware reconstruction error, previously opti-
mized for frozen models in second-order PTQ, as a principled objective for QAT. We introduce
QUASAR to minimize this objective at every training step using an exponential moving average of
squared gradients, closed-form saliency-weighted least squares, and a small clipping-range search.
(ii) Under empirically validated assumptions, we prove that reducing this error tightens bounds on
both QAT convergence and the loss of the final quantized model. (iii) Across four model families
and four quantization formats, QUASAR consistently reduces loss and improves downstream per-
formance over competitive QAT and PTQ baselines. At INT2, it improves average accuracy by up to
13.3 points over the strongest QAT baseline; at INT4, its Gemma-4 E4B checkpoint achieves 66%
lower held-out KL and 1.8 points higher average accuracy than Google’s public QAT checkpoint.

2 RELATED WORK

QUASAR sits between two lines of work: PTQ and QAT. PTQ treats quantization as a one-shot
algorithm: given a trained model and a small calibration set, select low-precision values that damage
the loss least, typically by minimizing a second-order expansion of the loss (Hassibi & Stork, 1992;
Frantar et al., 2022; 2023) or learning the rounding against a reconstruction objective (Nagel et al.,
2020; Li et al., 2021; Tseng et al., 2026). All rest on the premise that the weights are frozen, so
the reconstruction happens only once. A second PTQ line spreads outliers with random orthogonal
transforms and replaces the quantization grid with lattice, trellis, or additive codebooks (Chee et al.,
2023; Tseng et al., 2024a;b; Egiazarian et al., 2024); these are the strongest PTQ methods at two and
three bits, but their inference-time transforms and decodes hurt throughput, while hardware moves
toward simpler formats such as MXFP4 and NVFP4 (Rouhani et al., 2023; NVIDIA et al., 2025).

Below four bits, the PTQ methods that do not add inference overhead degrade sharply. QAT reaches
higher quality at these bit widths by learning step sizes (Esser et al., 2020), supervising with the full-
precision model (Liu et al., 2023; Du et al., 2024), or freezing the quantized weights and training
low-rank adapters (Dettmers et al., 2023); none of these optimize the map from latent weights to re-
constructed weights, which is set by heuristics. QUASAR directly optimizes that map: it brings the
reconstruction PTQ solves once into the training loop as the weights adapt, while still deploying ex-
actly as an RTN-quantized model. Other methods are complementary and compose with QUASAR:
EfficientQAT’s second stage learns only the step sizes, the same quantizer parameter as LSQ, and its
block-wise first stage is a complementary initialization (Chen et al., 2025a); ParetoQ splits a fixed
training budget between full-precision training and QAT (Liu et al., 2025b).

3 METHODOLOGY

We first describe weight reconstruction in standard QAT and explain how reconstruction error affects
the training loss. We then introduce QUAS AR, which makes this reconstruction loss-aware through
an efficient curvature approximation, scale search over clipping ranges, and optimal dequantization.

3.1 PRELIMINARY: RECONSTRUCTION IN QAT

QAT maintains and updates full-precision latent weights w, but computes the forward pass and loss
using reconstructed weights . At each step, QAT maps w to low-bit codes ¢ and then dequantizes
those codes to obtain r: w +— g — r. We refer to this process as weight reconstruction. It exposes
the model to inference-time quantization error during training while allowing the latent weights to
adapt. Because the code assignment involves rounding and has no useful derivative, QAT uses the
straight-through estimator (STE) (Bengio et al., 2013): g—fj ~ %. The gradient evaluated at r is
therefore applied to w (Figure 1).

For asymmetric integer quantization, each weight matrix is partitioned into groups of g contiguous
weights, commonly with ¢ = 32 or 128. A group w € RY is represented by b-bit integer codes
¢; € {0,...,2° — 1}. All weights in the group share a scale s and an offset z, which determine the
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Figure 2: The training loops for standard QAT and QUASAR differ only in the reconstruction
w — g — r. Standard QAT determines the quantization grid from each group’s extreme weights;
QUASAR searches over code assignments and fits the dequantizer to minimize loss-aware recon-
struction error. The right panels show the resulting grids and error distributions; empirical measure-
ments appear in Appendix A.

quantization grid. Quantization assigns codes and dequantization reconstructs weights as

q; = Clamp[o’zbfl] (\‘wl — Z-‘> 5 T, = Sq; + z. (1)

S

Reconstruction has two stages: code assignment, w > q, and dequantization, ¢ — r. Standard
QAT uses the minimum and maximum weights in each group for both stages, setting z = min; w;
and s = (max; w; — min; w;)/(2% — 1). This uniform grid represents the full range of weight
values without clipping and preserves the extreme values in the group, but it may not be optimal for
reducing the training loss.

Reconstruction quality directly affects the training loss of QAT. At step ¢, consider the difference
between the loss at the reconstructed weights and the loss at the latent weights, £(r;) — L(w;).
When the first-order term is negligible, as near a stationary region, a second-order expansion around
wy, with Hy = V2L (w;), gives

1
K(Tt) — K(wt) =~ 55}, where St = (’I"t — wt)THt(rt — wt). (2)

We call S; the loss-aware reconstruction error. It measures the local change in loss caused by recon-
structing the latent weights. Because both the forward pass and the STE gradient are evaluated at 7,
this error can affect every optimization step. Second-order PTQ methods minimize this objective,
or a related approximation, once for a frozen model (Nagel et al., 2020; Frantar et al., 2023; Tseng
et al., 2026), but the process can take hours for a large model. Repeating this optimization at every
QAT training step is impractical because the latent weights change after every update. QUASAR
instead minimizes a close approximation to .S at every training step using a lightweight procedure
that combines scale search with a closed-form fit for dequantization.

3.2 A TRACTABLE LOSS-AWARE OBJECTIVE

QUASAR aims to minimize the loss-aware reconstruction error S; in Equation (2). The exact
Hessian H in S; is intractable to compute, so an approximation is required. One could consider
computing the Hessian Vector Product (HVP), but it is also too expensive since it requires computing
an HVP for every candidate reconstruction for every training step. We therefore use the diagonal
Fisher information matrix as a proxy for the Hessian. Following Li et al. (2025a), we approximate
it with an exponential moving average (EMA) of squared gradients. Adam and AdamW already
maintain this quantity as the second-moment estimate v; (Kingma & Ba, 2015), allowing QUASAR
to reuse it without additional memory overhead. The EMA also smooths noise from individual
training steps.

Let g; = OL/0w; be the gradient with respect to the latent weight w;, and define h; = EMA(g?).
We use h; as the ith diagonal entry of the Hessian approximation, giving the objective

~

Se m Sy = hi(ri—w)>. 3)
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Algorithm 1 QUASAR reconstruction of one weight group, run at every training step. A fully
specified version appears in Algorithm 2 (Appendix A.1).

Require: latent weights w of one group; saliency h (Adam’s second moment); clipping factors F C (0, 1]

I: §* + o0

2: for f € F do
qy <+ quantized codes of w using the clipping range [ > Egs. (1) and (4)
(sf,zf) < h-weighted least-squares fit of (s, z) given (w, ¢y) > Eq. (6)
Ty < srqr + 251 > best reconstruction for clipping factor f
Sy > hilrgs —w;)? > loss-aware reconstruction error

~

4
5
6:
7: if Sy < S* then S* < Sy; r < r; end if
8:
9:

end for
return r

We call h; the saliency of w;. Saliency varies substantially within a weight group (Appendix A,
Figure 8). Because all g weights in a group share dequantization parameters, reducing the recon-
struction error of one weight can increase that of another. The weights h; govern this tradeoff:
QUASAR prioritizes accurate reconstruction of high-saliency weights while tolerating more error
on low-saliency weights (Appendix A, Figure 5).

3.3 OPTIMIZING BOTH STAGES OF RECONSTRUCTION

To minimize the objective in Equation (3), QUASAR optimizes code assignment w +—> ¢ and de-
quantization ¢ — 7 separately. Standard QAT uses the same scale and offset to assign codes and
reconstruct weights. In contrast, QUAS AR searches over candidate clipping scales to find code as-
signments and, for each assignment, computes the optimal dequantization scale and offset in closed
form. It then selects the candidate with the smallest loss-aware reconstruction error. Algorithm 1
summarizes the procedure.

A weighted least-squares fit gives the optimal dequantization. For a fixed code assignment g,
QUASAR solves for (s,z) in 7; = sq; + z to minimize Equation (3). This is a weighted linear
regression and therefore has a closed-form solution (Equation (6), Appendix A.1).

Scale search finds good code assignments. The closed-form fit is optimal for a fixed ¢, but the
code assignment itself may be far from optimal. QUASAR therefore searches over scale factors
that shrink the clipping range. Each range creates a different code assignment. For a group with
midpoint ¢ and half-range p, a factor f € (0, 1] defines the assignment range I, where
min; w; + max; w; max; w; — min; w;

Cc = 2 5 P = 9 ) If:[c_fﬂc"‘fp} (4)
The case f = 1 is the full min—max range used by standard QAT. A factor f < 1 narrows the range
and clips weights outside it, so the quantization levels cover a smaller interval with finer spacing. In
our integer experiments, we search F = {0.30,0.35,...,1.00}.

For each candidate f € F, QUASAR first uses the corresponding clipping range to assign codes qf.
It then fits the optimal dequantization parameters (s, z5) for g¢ using Equation (6) and computes the

resulting error §f( f). After evaluating all candidates, QUASAR uses the reconstruction associated

with f* = argminscr §t(f ). This search is performed as part of each QAT forward pass. Its
empirical behavior is shown in Figures 6 and 7 in Appendix A.

QUASAR changes only the weight reconstruction used in the forward pass. It leaves activation
quantization and backpropagation unchanged: gradients still pass through the weight quantizer with
the standard STE, and neither scale search nor dequantization fitting requires a separate backward
rule. The same two-stage procedure applies to asymmetric and symmetric integer formats as well as
floating-point formats such as NVFP4 and MXFP4 (the corresponding algorithms are presented in
Appendix A.1). We evaluate QUASAR for NVFP4 in Section 5.2.

4 THEORY: RECONSTRUCTION ERROR BOUNDS QAT FINAL LOSS

In this section, we show that QUASAR lowers the excess loss of the final quantized model, £(r7) —
L*. This gap is bounded by QUASAR’s loss-aware reconstruction error, o minimizing that error is a
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natural target. Under the identity STE, the gradient evaluated at the reconstruction r, is applied to the
latent weights wy, creating the gradient mismatch e; := VL(ry) — V.L(w;). Prior work has studied
when STE gradients remain useful descent directions (Yin et al., 2019), how curvature shapes QAT
plateaus (Li et al., 2026), and how a systematic gradient bias slows SGD (Ajalloeian & Stich, 2020).
To the best of our knowledge, no prior work has studied the relationship between the reconstruction
error of the quantizer to the convergence of QAT or to the loss of the final quantized model. Let
L : RY — R be the training objective with £* := inf, £(x), and T' > 1 be the number of training
steps. Atstep £, wy, it € R? are the latent and reconstructed weights, h; € Ri the saliencies, and

§t =", hti(re,i —wy,;)? the objective of Section 3 at step . E;[-] denotes expectation conditional
on the training history H;, which determines h; and ;.

Assumptions. We make four assumptions. (1) The objective £ is well behaved: twice con-
tinuously differentiable, L-smooth, and bounded below. (2) The STE gradient is the true gra-
dient at the reconstruction plus zero-mean noise: G; = VL(ry) + & with E;[&] = 0 and
E[|&:||* < M||VL(r;)||?+ 02 for constants M, a2 > 0, the biased-SGD noise condition (Ajalloeian
& Stich, 2020); the update is w11 = w; — nGy. (3) The reconstruction error controls the gradient
mismatch: for some finite constant C' and every ¢ € {0,...,T (re) — VL(wy)||> < C8,.
Appendix B.1 gives a sufficient curvature condition with C' = L?/h.,;, under a saliency floor
hmin > 0, Figure 14 (Appendix C) confirms the inequality empirically at all tested bit widths,
and Appendix B.2 discusses the assumptions further. Appendix A.2 compares the H- and H 2.
motivated saliency weightings. (4) The objective satisfies the global Polyak—t.ojasiewicz (PL) in-
equality [|[VL(z)||? > 2u(L(x) — L£*) for all z € R? and some 1 > 0 (Polyak, 1963; Karimi et al.,
2016); it is needed only for the final-model bound.

Theorem 1 (Reconstruction error controls QAT convergence and final loss). Under Assumptions 1—
3 let0<n< The following statements hold.

(1+M)
(i) Convergence.

_ T—1
Z IV L@+ (1= Ln(1+ M)) [VL(r)|?] < 2EL=ED 4 no? + £ S ES,.
=0 t=0

(ii) Final quantized model. If Assumption 4 also holds and n < %, then, for a random training
iterate T (Appendix B.1),

2L LC L? 770 C

E[L(rp) — L£*] < 7(1 — )T (L(wo) — L£*) + M—]ES + + EST (5)

Proofs are presented in Appendix B. Theorem | shows that the QAT convergence bound contains
the usual stochastic-optimization terms (initialization, minibatch noise) plus a quantization term
given by the loss-aware reconstruction error. QUASAR directly minimizes this term at every step,
hence tightening the bound on the quantized model’s final loss. Appendix C supports the theorem’s
assumptions (Figures 14 and 16), evaluates the bound (Figure 17), shows that reconstruction error
tracks final loss (Figures 10, 12, and 13), and repeats the comparison under SGD (Figure 18).

5 EXPERIMENTS

In this section, we evaluate QUASAR against competitive QAT and PTQ baselines. We assess its
ability to preserve quantized model quality using Quantization-aware Distillation (QAD), to adapt
quantized models to learn new tasks using QAT, and to generalize to different quantization formats
including INT4/INT3/INT2 and NVFP4. Moreover, we compare QUASAR QAT ed checkpoints
against the QAT checkpoints released by Google (Gemma Team, 2026) under the same format.

Setup and baselines. For healing, we apply QAD to Qwen3-4B-Thinking-2507 (Yang et al.,
2025) and Llama-3.1-8B-Instruct (Grattafiori et al., 2024) at INT2, INT3, and INT4 using Open-
PerfectBlend data (Labonne, 2024) and logits from the full-precision teachers. For adaptation, we
train all weights of Qwen3-4B-Base on OpenMathReasoning (Moshkov et al., 2025) using cross-
entropy. We also apply QAD in NVFP4 to Qwen3-8B (Yang et al., 2025), Qwen3.5-9B (Qwen
Team, 2026b), and Muse-Glimmer-30B (Meta Superintelligence Lab, 2026), and evaluate QUASAR
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Figure 3: QAD of Qwen3-4B-Thinking-2507 (left) and Llama-3.1-8B-Instruct (right) at INT4,
INT3, and INT2 on Open-PerfectBlend. We show training loss over the full run, the final 1,000
steps, and held-out evaluation loss. All losses are forward KL to the full-precision model.

against Google’s QAT checkpoint, Gemma 4 (Gemma Team, 2026), and other independent check-
points. Baselines in each experiment use the same data, objective, training budget, and tuned
learning rate, with matched inference formats. We compare against Standard QAT (Section 3.1),
LSQ (Esser et al., 2020), Denoising QAT (Ye et al., 2026), BitDistiller (Du et al., 2024), RTN,
GPTQ (Frantar et al., 2023), and AWQ (Lin et al., 2024); for GGUF, we also include imatrix PTQ,
which uses calibration activations to estimate weight importance. Full training protocols and hyper-
parameters are in Appendix D.

Evaluation. We evaluate quantized checkpoints and report fidelity to the full-precision model to-
gether with downstream accuracy. Our benchmark suites cover standard language understanding
(MMLU, ARC, HellaSwag, WinoGrande, TruthfulQA, and IFEval) (Hendrycks et al., 2021a; Clark
et al., 2018; Zellers et al., 2019; Sakaguchi et al., 2020; Lin et al., 2022; Zhou et al., 2023); mathe-
matical and scientific reasoning (MATH-500, GSMS8K, AIME, HMMT, MMLU-Pro, SuperGPQA,
and GPQA-Diamond) (Hendrycks et al., 2021b; Lightman et al., 2023; Cobbe et al., 2021; Mathe-
matical Association of America; HMMT; Wang et al., 2024; M-A-P Team et al., 2025; Rein et al.,
2023); coding (LiveCodeBench and OJBench) (Jain et al., 2025; Wang et al., 2025); and long-
context performance (LongBench-v2, RULER, MRCR, and LongProc) (Bai et al., 2024; Hsieh et al.,
2024; OpenAl, 2025; Ye et al., 2025).

5.1 RESULTS ON HEALING AND ADAPTATION

Healing with QAD. Figure 3 presents the training and evaluation loss of QUASAR and baseline
QAT methods, and Table 1 presents the downstream accuracy of the final quantized checkpoints of
QAT and PTQ. Across both models and all bit widths, QUASAR reaches the lowest training and
evaluation loss (KL). At INT2, it reduces KL by about 30% over the strongest QAT baseline. On
reasoning, coding, and long-context tasks, QUASAR improves average accuracy by 13.3 points for
Qwen and 2.2 points for Llama (Table 1). Additional results and analyses are in Appendix E.

Adaptation with QAT. Table 2 presents the downstream accuracy of INT4/INT3/INT2 Qwen3-4B-
Base adapted using different QAT methods, and Figure 30 in the Appendix presents the training
and evaluation loss curves. QUASAR has the lowest held-out perplexity and the best or tied-best
average accuracy at every bit width. At INT2, QUASAR reaches 29.6 average accuracy, 10.9 points
above the strongest QAT baseline and 29.0 points above full-precision fine-tuning followed by PTQ
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Table 1: Reasoning, coding, and long-context results for Qwen3-4B-Thinking-2507 and Llama-
3.1-8B-Instruct at INT2, INT3, and INT4. We report KL and top-1 agreement between quantized
checkpoints and the BF16 original, as well as benchmark accuracy.

Qwen3-4B-Thinking-2507 Llama-3.1-8B-Instruct
¢ ¢
< . < .
£ s 8 £ 8 g £¢8 8
St 3 £ 38 22 g © 3% 28 8
= | = = = 9 m 2 =] . nd | = =) 9 m 2 =] o
& £ 2 £ 2 &2 8 & 5 p o £ 5 2 £ 8§ g5 g 2
Method [~ E £ < = = @ = = - < M = = 2 @ = -
Teacher (BF16) — — 431 779 982 727 48.1 746 445 879 684 — — 496 423 224 17.0 30.0 89.6 41.8
2-bit (INT2)
RTN 11.166 05 00 00 19 00 100 00 00 00 15 10810 05 00 00 102 00 00 00 17
GPTQ 1.140 677 00 00 26 32 84 00 00 03 1.8 238 518 29 18 87 00 00 01 23
AWQ 3016 370 00 00 24 00 52 00 00 00 1.0 6769 129 1.6 00 107 00 00 00 20
Standard QAT 0.186 899 1.0 1.7 495 266 174 82 205 393 205 0.163 90.1 21.6 168 11.8 40 151 55 125
LS 0205 892 0.8 05 472 262 178 74 207 41.7 203 0.172 89.6 199 157 11.6 23 153 529 19.6
Denoising QAT ~ 0.179 90.1 1.0 14 51.8 274 190 92 189 394 21.0 0.165 90.1 20.8 165 110 36 85 00 10.1
BitDistiller 0209 89.1 0.6 1.1 514 293 168 94 187 449 21.5 0.151 902 21.7 19.0 11.8 55 205 635 23.7
QUASAR (ours) 0.126 92.0 6.2 144 774 458 254 234 266 59.6 348 0.105 920 30.0 22.6 137 7.0 159 664 259
3-bit (INT3)
RTN .597 788 00 0.7 13.0 163 156 00 87 493 130 0276 856 82 172 125 0.7 21.1 49.0 18.1
GPTQ 0.130 91.5 312 494 958 63.7 395 494 31.0 733 54.1 0.076 92.8 386 319 184 104 27.6 809 34.6
AWQ 0.240 88.1 227 31.0 90.6 61.5 37.0 357 302 760 481 0.197 88.0 162 153 139 24 227 69.0 233
Standard QAT 0.062 942 299 474 942 649 400 533 29.6 80.8 550 0.046 947 395 348 18.6 127 302 81.7 363
LS 0.070 93.8 283 455 933 64.1 382 522 328 805 544 0.052 942 393 350 17.1 13.7 272 86.1 364
Denoising QAT ~ 0.060 94.3 293 493 947 645 39.7 523 328 79.0 552 0.046 947 412 346 182 13.0 292 803 36.1
BitDistiller 0.065 942 297 525 95.1 658 406 57.7 33.0 83.5 57.3 0.041 948 425 359 193 13.1 312 844 377
QUASAR (ours) 0.054 949 31.7 60.5 952 66.7 41.5 60.2 358 844 595 0.036 952 434 364 19.7 162 26.0 85.8 37.9
4-bit (INT4)
RTN 108 922 357 62.1 968 69.7 444 652 388 833 620 0.044 944 445 355 20.1 142 29.6 89.0 388
GPTQ 0.027 96.2 38.8 748 97.8 714 46.5 706 382 874 657 0.015 96.8 479 40.0 20.6 16.5 31.2 885 408
AWQ 0.050 94.7 36.6 70.6 97.6 71.6 457 708 39.0 86.8 64.8 0.032 952 44.8 39.8 213 132 30.8 88.1 39.7
Standard QAT 0.019 969 36.8 72.1 97.7 714 46.5 709 39.0 87.1 652 0.014 97.0 47.7 42.1 21.1 15.8 31.0 89.0 41.1
LS 0.024 964 39.3 685 975 70.8 456 693 364 873 643 0.016 968 483 419 212 155 29.8 875 40.7
Denoising QAT ~ 0.018 96.9 38.8 71.5 972 709 464 71.6 429 869 658 0.014 97.0 4871 42.1 21.7 143 31.2 889 411
BitDistiller 0.0I18 96.9 385 739 973 714 465 71.1 404 868 657 0.013 97.0 484 410 21.0 157 310 889 41.0
QUASAR (ours) 0.016 97.1 385 738 975 71.7 462 722 410 88.0 66.1 0.012 973 47.6 422 20.8 164 30.0 89.0 41.0

Table 2: Comparison of QAT and PTQ methods for adapting Qwen3-4B-Base on OpenMathReason-
ing at INT2, INT3, and INT4. We report held-out perplexity and accuracy on five math benchmarks.

2-bit (INT2) 3-bit (INT3) 4 bit (INT)
(=] (=] (=)
2, 88 8 2, 88 8 2, 88 8
- £ 2 @ @b s - E 2 B B 3 - E 2 B B 3
g £ 2z 2 2 S @ g £ 2 2 2 5 2 g £ 2z 2 2 8 @
Method [ = 16} < < jas) < ~ = 6] < < == < s = 6] < < = <
Base (no SFT) — 410 664 96 33 08 242 — 41.0 664 96 33 08 242 — 41.0 664 96 33 0.8 242
FP-SFT 1.59 83.8 91.3 229 22.5 10.0 46.1 1.59 83.8 91.3 229 22.5 10.0 46.1 1.59 83.8 91.3 229 22.5 10.0 46.1
RTN 3.5x10° 09 03 00 00 0.0 02 224 128 7.6 0.0 1.7 0.0 44 1.66 78.2 90.0 15.0 133 7.5 408
GPTQ 312 21 1.1 00 0.0 0.0 0.6 1.68 71.0 85.0 11.2 11.2 42 36.5 1.61 81.7 90.6 19.1 20.5 8.5 44.1
AWQ 130 1.5 1.2 00 00 00 05 1.83 57.3 65.1 100 83 1.7 285 1.63 80.3 90.5 15.8 17.5 8.3 425
Standard QAT 1.79 38.7 519 2.1 0.8 0.0 187 1.64 75.8 87.5 15.0 16.2 4.6 39.8 1.60 82.1 90.8 21.2 20.6 10.7 45.1
LSQ 1.82 365 499 0.8 04 0.0 175 1.65 73.7 87.0 125 11.7 3.8 37.7 1.62 79.0 89.1 179 17.1 6.7 42.0
Denoising QAT 178 392 525 08 0.8 00 187 164 759 87.3 142 133 7.1 39.6  1.60 82.1 90.4 20.0 21.4 9.9 4458
BitDistiller 1.87 336 570 12 04 0.0 184 1.64 757 87.8 16.2 154 5.0 40.0 1.60 82.7 90.6 20.3 20.8 9.3 44.7
QUASAR (ours) 1.71 60.7 754 4.0 6.5 1.5 29.6 1.62 78.5 88.6 159 162 6.0 41.1 1.60 82.8 90.9 20.8 19.8 11.2 45.

(Table 2). It is also the only INT2 quantized model to outperform the original base model and score
above zero on HMMT’25. Additional results are in Appendix F.

5.2 NVFP4 AND CHECKPOINT COMPARISONS

NVFP4 QAD. Table 3 reports downstream accuracy for Qwen3-8B, Qwen3.5-9B, and Muse-
Glimmer-30B in NVFP4, all trained with the same QAD healing recipe as in Section 5.1. Figure 34
in Appendix G shows the corresponding training and evaluation loss curves for the two Qwen mod-
els. All checkpoints are evaluated using vLLM’s native NVFP4 path (Kwon et al., 2023; vLLM
Project, 2026b). For Qwen3-8B and Qwen3.5-9B, QUASAR reduces held-out KL divergence by
12% and 15% relative to Standard QAT, respectively. On the more challenging reasoning, coding,
and long-horizon benchmarks, Qwen3.5-9B achieves an average score of 55.7, compared with 52.6
for Standard QAT and 39.4 for GPTQ (Table 3). These results also highlight the value of QAD:
both QAD checkpoints remain stable over long generations, whereas the PTQ checkpoints often fail
to complete them, despite GPTQ achieving lower held-out KL divergence than Standard QAT. Full
results are provided in Appendix G.

Comparison with Google’s QAT checkpoints. Table 3 compares QUASAR with Google’s public
QAT checkpoint and PTQ baselines for Gemma-4 E4B. For the INT4 Gemma model, QUASAR
achieves a held-out KL divergence of 0.022 and an average accuracy of 35.8 on the ten downstream
benchmarks, compared with 0.064 and 34.0 for Google’s QAT checkpoint. This corresponds to
66% lower KL divergence and 1.8 points higher average accuracy. Notably, QUASAR achieves
these results with only 600M tokens of distillation and 5 hours of training, while Google does not



Preprint

Table 3: Comparison of QUASAR with QAT and PTQ baselines across NVFP4, INT4, and Q4_0
(llama.cpp GGUF format). We report fidelity to BF16 and accuracy on ten reasoning, coding, and
long-horizon benchmarks.

Fidelity Accuracy (%) T
Hard reasoning and coding Long horizon
o
% 3 g
s : ¢ i
S 9 g s AlE g 2
S8 & 2 2 2 2 =2z £ 2 &
g L 2 s 3} 2 O O QO oh ) a -
2 s = = 5 E g £ & g 8 =} 2
Model Method Format bpw X = o= < 2] o = = = = | ~ <
BF16 BF16 16 - - 446 684 488 224 258 192 162 489 384 805 413
RTN NVFP4 W4A4 450 053 930 374 64.6 456 147 224 152 141 393 360 766 36.6
Qwen3-8B GPTQ NVFP4 W4A4 450 .039 94.0 403 640 462 168 236 146 152 395 360 785 375
Standard QAT NVFP4 W4A4 450 041 940 390 612 457 194 216 141 129 365 374 779 366
QUASAR (ours) NVFP4 W4A4 450 .036 943 408 63.6 468 185 243 164 158 403 338 789 379
BF16 BF16 16 - - 479 745 588 194 794 745 539 668 437 90.1 609
RTN NVFP4 W4A4 450 044 932 219 373 49.1 6.5 544 426 321 355 231 914 394
Qwen3.5-9B GPTQ NVFP4 W4A4 450 .029 945 200 299 486 34 568 446 326 421 243 913 394
Standard QAT NVFP4 W4A4 450 033 942 43.1 653 555 134 63.7 523 397 590 439 898 3526
QUASAR (ours) NVFP4 W4A4 450 .028 94.6 438 688 560 134 717 638 450 597 441 905 55.7
BF16 BF16 16 - - 717 922 60.1 250 46.1 380 249 67.0 604 884 574
RTN NVFP4 W4A164.50 .054 932 695 877 589 250 443 356 262 557 594 883 551
Muse-Glimmer-30B GPTQ NVFP4 W4A4 450 066 924 664 903 585 254 431 407 255 60.1 573 847 552
QUASAR (ours) NVFP4 W4A16 4.50 .018 96.1 723 90.8 593 272 485 400 285 673 584 902 582
QUASAR (ours) NVFP4 W4A4 450 053 932 683 88.0 589 263 441 354 255 628 545 897 553
BF16 BF16 16 - - 328 409 421 216 267 154 126 567 429 897 381
RTN INT4 g64 425 079 915 244 318 390 164 220 93 11.8 351 417 875 319
Google QAT INT4 32 450 064 926 28.6 333 397 177 210 80 TI.5 51.1 398 896 340
QUASAR (ours) INT4 g64 425 022 955 290 375 405 181 244 120 127 53.6 404 895 358
Gemma-4 E4B RTN GGUF Q4.0 450 .194 857 188 328 365 142 229 9.1 11.0 390 380 838 30.6
Google QAT GGUF Q4.0 450 .08 90.6 29.0 359 408 194 229 94 128 578 390 893 35.6
imatrix (PTQ) GGUFQ4.0 452 067 91.1 283 401 409 19.0 247 11.7 13.0 462 390 89 352
QUASAR (ours) GGUFQ4.0 450 .044 928 278 37.6 39.6 194 244 11 12.7  53.1 04 896 356

disclose the training data or compute used for its QAT checkpoint. QUASAR also uses a larger
quantization group size of 64, compared with 32 for Google’s checkpoint. Appendix H extends this
comparison to Gemma-4 12B.

5.3 ABLATIONS AND TRAINING OVERHEAD

We perform experiments to ablate the effectiveness of the components of QUASAR. Figure 4
presents ablations of QUASAR’s two components: scale search and saliency for weighted least
squares. Removing both recovers Standard QAT. The experiment uses Qwen3-4B-Thinking-2507 at
INT2 with the healing recipe of Section 5.1. Scale search provides most of the gain, while Adam and
Fisher saliency perform similarly, despite Adam being computationally cheaper. QUASAR achieves
the lowest training and evaluation loss across ablations. Appendix E, Table 8 shows further details.

Furthermore, we compare the efficiency of QUASAR and Standard QAT. QUASAR uses loss-aware
reconstruction which introduces slight latency overhead. Table 4 in Appendix presents the average
latency breakdown for QAD of Qwen3-4B at INT3 on 8x H100 GPUs. QUASAR only adds 1.4%
wall-clock step time compared with Standard QAT (2.97 and 2.93 seconds per step, respectively),
with the overhead only coming from the weight reconstruction. Compared with Standard QAT,
QUASAR introduces no memory overhead.

Train loss Eval loss
Scale search Saliency 0.75 \
= Standard QAT  none none
e Adam fit none Adam 2nd moment 0.50
e Tnit. ONly at init. uniform
= Uniform fit every step uniform
----- Fisher fit every step Fisher 0.25
s QUASAR every step Adam 2nd moment
T T

1k 2k 3Ik 4k ’ 1k 2k 3k 4k
Training step

Figure 4: Ablation Study: INT2 QAD for Qwen3-4B-Thinking-2507 with different choices for
QUASAR’s components. Training and evaluation (held-out) loss both use forward KL.

6 CONCLUSION

We introduce QUASAR, which integrates loss-aware reconstruction into the training loop to lower
the loss floor of QAT. QUASAR combines scale search with a saliency-weighted dequantization fit,
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using an exponential moving average of squared gradients as the saliency signal. It adds only 1.4%
latency overhead per training step and incurs no inference overhead. Our theoretical analysis shows
that loss-aware reconstruction error directly controls QAT convergence and the quantized model’s
final loss, providing a principled foundation for QUASAR’s objective. We evaluate QUASAR
across four model families and four quantization formats. Across these settings, QUASAR achieves
lower training and evaluation loss than competitive QAT baselines and improves downstream accu-
racy over QAT and PTQ methods. Notably, QUASAR’s INT4 Gemma-4 checkpoint outperforms
Google’s QAT checkpoint in KL divergence and benchmark accuracy.
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APPENDIX

A METHOD DETAILS

This appendix provides additional details on QUASAR. Using real weight groups, it examines per-
weight reconstruction error, the clipping ranges selected by scale search, and the saliency signal
h, complementing Section 3. It also reports training-step overhead (Table 4), gives algorithm vari-
ants for formats with fast inference kernels (Appendix A.1), and compares two saliency weightings
(Appendix A.2).
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Figure 5: Per-weight loss-aware reconstruction error for 14 Qwen3-4B weight groups at INT3.

Color shows |v/h (r —w)| under (a) Standard QAT with min—max reconstruction and (b) QUASAR.
Each row contains 128 weights ordered by saliency h.

AtINT3, 99.6% of Qwen3-4B weight groups select a range narrower than min—max, reducing §t to
69% of the full-range baseline (Figure 6). Figure 7 shows the selected ranges across models and bit
widths.
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Figure 6: Scale search for Qwen3-4B weight groups at INT3. (a) One extreme weight sets the min—
max range. (b) QUASAR clips the outlier and covers the bulk. (c) Distribution of selected range
factors f* across 28.4M groups; 99.6% use a range narrower than min—max.

Across both models, the median selected range factor decreases from 0.95 at INT4 to 0.60 at INT2
(Figure 7). With fewer codes, the search clips extreme weights more aggressively to better represent
the bulk of the distribution.
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Figure 7: Distribution of selected clipping-range factors f* across weight groups after QAD at
INT4, INT3, and INT2 for Qwen3-4B-Thinking-2507 and Llama-3.1-8B-Instruct. Lower bit widths
favor narrower ranges.
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Figure 8: Saliency h in one Qwen3-4B layer. Weight groups span 128 weights along the input
dimension. The large variation within each group lets QUASAR prioritize the most salient weights.

Table 4: Wall-clock time of one training step, per component and in seconds: quantization-aware
distillation of Qwen3-4B-Thinking-2507 at INT3 on 8x H100 GPUs. QUASAR differs from Stan-
dard QAT only in the weight reconstruction row.

Component Standard QAT QUASAR
Teacher forward 0.373 0.373
Student compute 0.366 0.366
Weight reconstruction 0.294 0.335
Loss computation 0.065 0.065
Backward 1.805 1.805
Optimizer update 0.021 0.022
Other + synchronization 0.006 0.006
Total step 2.930 2972
% vs. Standard QAT = +1.4%
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A.1 ALGORITHM STATEMENTS FOR DEPLOYMENT FORMATS

QUASAR applies to affine and symmetric integer formats, NVFP4, and MXFP4 (Rouhani et al.,
2023). Each variant follows Algorithm 1: it searches over code assignments, fits the allowed de-
quantization parameters when the format permits, and selects the reconstruction with the lowest
loss-aware error. The code grid and stored parameters depend on the format. Table 5 summarizes
the variants.

QUASAR checkpoints use standard layouts supported by vLLM’s quantization backends. In vLLM,
Marlin (Frantar et al., 2025) and Machete (vVLLM Project, 2026a) serve INT4 weights, NVFP4
runs natively on Blackwell GPUs (vVLLM Project, 2026b), and MXFP4 weight-only checkpoints are
supported (VLLM Project, 2026¢). INT3 and INT2 currently lack dedicated fast kernels, so we treat
them as accuracy frontiers rather than deployment formats.

Table 5: QUASAR variants for deployment formats with fast inference kernels. The formats differ
in their code grids, group sizes, stored parameters, and dequantization constraints.

Format Codes  Group Stored parameters Fit Statement
INT sym. (GPTQ layout) INT4 32-128 scale Eq. (7) Alg. 3
INT affine (AWQ layout)  INT4 32-128 scale, int. zero-point Eq. (8) Alg. 4
NVFP4 E2M1 16 E4M3 scale, FP32 tensor scale Eq. (7), EAM3-rounded Alg. 5
MXFP4 E2M1 32 E8MO scale search only Alg. 6

Affine integer formats. For affine quantization, r; = sq; + z. Given codes ¢, minimizing Equa-
tion (3) over s and z is weighted least squares:

> hiai — qn)(w; — wp) _ _
* — 3 * — _ * 6

where g, = Y. hiqi/ >, hi and w, = Y, hyw;/ Y, h; are the saliency-weighted means. Algo-
rithm 2 applies this fit to every candidate code assignment.

Algorithm 2 QUASAR for affine integer quantization. Candidate ranges assign codes; weighted
least squares then fits the stored scale and offset.

Require: latent weights w € RY of one group; saliency h € R} (Adam’s second moment); bit width b;
clipping factors F C (0, 1]

1: ¢+ %(mini w; + max; w;); p %(maxi w; — min; w;) > Standard QAT uses f=1
2: 5« o0

3: for f € Fdo

4: §p2fp/(2°—1); Zp —c— fp > assignment parameters
5 qf < clampyg b _qj(round((w — 2¢1)/5¢)) > code assignment w — ¢
6: (sf,zf) < Eq. (6) with g = g5 > dequantization fit
7: rr 4= Srqr + 251

8: Sp 3 hilrgs —w;)? > loss-aware reconstruction error
9: if Sy < S* then S* < Sy; (q, s, 2) < (qy, sy, zy) end if

10: end for

11: returnr < sq+ z1

All candidates are evaluated in one batched kernel. The assignment parameters are temporary; the
best codes and fitted scale and offset define the reconstruction. Backpropagation uses the same STE
as standard QAT. This adds 1.4% to the step time (Table 4) and preserves the standard RTN/GPTQ
inference layout.

Symmetric integer formats. Symmetric integer formats store one scale per group and no zero-
point, so r; = sq;. For fixed signed codes, weighted least squares gives

o — Zq; hiqiwi.
> hid?
This is the GPTQ layout used by W4A16 and W4AS8 serving kernels.

)
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Algorithm 3 QUASAR for symmetric integer quantization. Signed codes use a zero-centered
assignment, and weighted least squares fits one scale.

Require: latent weights w € RY of one group; saliency h € R} (Adam’s second moment); bit width b;
clipping factors F C (0, 1]

11 M+ 271 p + max; [w] > Standard QAT uses f=1
2: 8% o0

3: for f € Fdo

4: S5« fp/M > assignment scale
5: qs + clamp_ s ar—1j(round(w/5y)) > code assignment w — ¢
6: sp > higrawi | Y, higF > Eq. (7); dequantization fit
7: T4 Sfqy

8: Sy 3 hilrgs —w;)? > loss-aware reconstruction error
9: if Sy < S* then S* < Sy; (¢, s) < (¢y,sy) end if
10: end for

11: returnr < sq

Affine integer formats with an integer zero-point. Some affine layouts, including AWQ, store
an integer zero-point gy and reconstruct weights as r; = s(q; — qo). For each code assignment,
QUASAR first computes the continuous fit, rounds g = —z*/s* to a valid code, and refits the
scale:

o 2ihilgi — qo)w;

go = clamp(round(—z*/s*), 0, 20— 1), S50 = S il — )%

®)

Algorithm 4 applies this constraint to every candidate.

Algorithm 4 QUASAR for affine integer quantization with an integer zero-point. The continu-
ous fit is snapped to an integer zero-point, then the scale is refit.

Require: latent weights w € RY of one group; saliency h € Ri (Adam’s second moment); bit width b;
clipping factors F C (0, 1]

I: ¢+ $(min; w; + max; w;); p <+ 3(max; w; — min; w;) > Standard QAT uses f=1
2: 8% 0

3: for f € F do

4: 5p2fp/(2°=1); Zf —c— fp > assignment parameters
5: qs < clampyg 5o _qj(round((w — 2¢1)/35)) > code assignment w — ¢
6: (57, 25) < Eq. (6) with ¢ = gy > unconstrained fit
7: qo,f < clampyg o»_j(round(—z¢/5¢)) > Eq. (8)
8: sp < o hiari —qop)wi | 3 hi(ari — qo,r)? > Eq. (8); dequantization fit
9: 1y« ss(qr —qo.r1)
10: Sp > hirys —w;)? > loss-aware reconstruction error
11: if Sy < S* then S* < S¢; (¢,5,90) < (g7, S¢, qo,¢) end if
12: end for

13: returnr < s(q — gol)

NVFP4. NVFP4 represents groups of 16 weights with E2M1 codes, an E4M3 scale per group,
and a tensor-level FP32 scale o (Alvarez et al., 2025). It is symmetric and has no zero-point. We
set o from the tensor’s maximum absolute weight and keep it fixed. For each candidate, QUASAR
rounds the assignment scale to E4M3, assigns E2M1 codes, and fits the stored E4AM3 dequantization
scale. It keeps the reconstruction with the lowest loss-aware error (Algorithm 5).
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Algorithm 5 QUASAR for NVFP4. E2M1 codes use E4M3-rounded assignment and fitted group
scales under a fixed FP32 tensor scale.

Require: group weights w € R'®; saliency h € le (Adam’s second moment); clipping factors F C (0, 1];
tensor scale o (fixed)

l: @<+ w/o; p <+ max; |W;|/6 > 6 = largest E2M1 magnitude
20 S+ o0

3: for f € Fdo

4 8¢ <+ Quams(fp) > assignment scale
5: g5 < Quami(Ww/5y) > code assignment w — ¢
6: sy + Quans (X, hiqr,a®i | Y, hiq7.,) > Eq. (7); dequantization fit
7: T§ 4 0S54y

8: S = Z hi(ry: — w1)2 > loss-aware reconstruction error
9: lfo<S* thenS*<—Sf (g,s) < (gy,sy) end if
10: end for
11: return r < osq

MXFP4. MXFP4 stores E2M1 codes in groups of 32 with one EEMO power-of-two scale per
group. Because the stored scale is discrete, QUASAR searches the ESMO scale grid directly rather
than fitting a continuous scale. Saliency h determines which candidate has the lowest loss-aware
error (Algorithm 6).

Algorithm 6 QUASAR for MXFP4. E2M1 codes share an ESMO power-of-two scale, so scale
search also determines the stored dequantization scale.

Require: group weights w € R*?; saliency h € R (Adam’s second moment); search depth &

1: eg < smallest integer with 2°° - 6 > max; |w1| > 6 = largest E2M1 magnitude
2 F{27°:6=0,1,...,k}

3 5%+ o0

4: for f € Fdo

5: sy f2°0 > assignment and dequantization scale
6: ar  Quami(w/sy) > code assignment w — ¢
7: T§ 4 Spds

8: S A Z hi(ry: — w1)2 > loss-aware reconstruction error
9: 1fo<S* thenS*<—Sf (g,s) < (gy,sy) end if
10: end for

11: return r < sq

A.2 CHOICE OF SALIENCY WEIGHTING

QUASAR weights squared reconstruction error by saliency h;, our diagonal curvature estimate. A
natural alternative is 22, motivated by the squared linearized gradient mismatch:

[ He(re —we)||* = (re — we) THE (re — wy).

We compare both choices with all other settings fixed: AdamW at INT2, INT3, and INT4, and SGD
at three stable INT?2 learning rates. Weighting by h; gives lower held-out loss in all six settings.
Weighting by h? is unstable at INT4 and at the higher SGD learning rates (Figure 9).
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Figure 9: Comparison of saliency weights h; and h?. We report held-out loss under AdamW at
INT2, INT3, and INT4 (top) and under SGD at three INT?2 learning rates (bottom).
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B PROOFS AND DEFERRED THEORY DISCUSSION
This appendix contains the proofs of the results stated in Section 4.

B.1 PROOFS OF THE MAIN RESULTS

We use the notation [E;[-] introduced in Section 4 and write H(y) := V2L(y) for the Hessian at
y. We first record a sufficient condition for Assumption 3. Fix any reconstruction index ¢ under
consideration, including the terminal index ¢ = 7', and put
dt =Tt — W, Dt = dlag(ht)

Suppose that, at every point y = w; + ud; on the reconstruction segment,

H(y)? =2CD;, 0<u<l ©)
By the fundamental theorem of calculus, Jensen’s inequality, and the symmetry of the Hessian,
2

1
IV L) — VL (w2 = /H(wt—i—udt)dtdu
0

1
< / d] H(w; + udy)*d; du
0

< Cd] Dydy = CS,.
Thus (9) implies Assumption 3. In particular, if £ is L-smooth and h; ; > hpyin > 0, then, for every
y,d € R?,

1H (y)d||* < L*||d||* < th id; .
Consequently, Assumption 3 holds with C' = L?/hpiy,.

Proof of Theorem 1. For part (i), set
= VL(wy), et = VL(ry).
By smoothness and the update in Assumption 2,
L(wer) < L(we) = nla, e + &)
2 o v e,
Conditional on H;, both a; and ¢; are fixed. Moreover,

Et lles + &0 = llee)® + Eell&e)® < (1 + M) [leel|” + o2
It follows that

B (we)] < L) —nlae e + 2 (14 M) el +07)

Using the identity
2 2 2
2(ag, c) = [lal|” + |lel]” — llee — ael|
and Assumption 3, we obtain

EulL(wes1)] < L(wr) = 2 s

n(1—Ln(l+ M)) Ln? o2
- leal|* + St +
2 2
We take expectations and sum this inequality for 0 < ¢ < T'. The terms involving the loss telescope,

and therefore

(10)

2 Z [IVL@OIP + (1 = En(1+ M) [VEG)I | < £(wo) — EL(wr)
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Since L(wy) > L*, the desired result follows after division by 7"/2. This proves part (i).

For part (ii), put v = 1 —nu. The assumption on 7 ensures that 0 < v < 1 and that 1 — Ln(1+M) >
0. We may thus omit the term involving ||¢; ||2 in (10). The PL inequality at w; gives
Ln?

C _~
B[ (we1) — £1] < 1EL(we) — £ + TES, + 1002

Iteration yields

nC T—1—tp
t=0
Lno? T
1—
+ = (1=77)

It remains to compare wp and rp. Applying the smoothness inequality at wp with the point wp —
L=V L(wr), we get

£(wr - VL) < L) - 37 198w,
The left-hand side is at least £*, and hence
IVL(wn)|” < 2L(L(wr) - L7).
Assumption 3 at the terminal index ¢t = T gives
IVL(rr) — VL(wr)|* < CSr.
By the PL inequality at 7 and ||z + y||* < 2||z[|* + 2]|y||*. it follows that

1
Llrr) = £ < 50 IVL(rr)|?

IN

1 1
u IVL(wr)|* + u IVL(rr) = VL(wr)|

%(ﬁ(w) ) %

Taking expectations and substituting (11) yields the exact intermediate bound

E[L(rr) - £7] < %’YT(ﬁ(wo) )

Sr.

IA

T—1
LnC -
+ 2N 4TS, (12)
H t=0
L?no?

+
112

C_~
(1-~T)+ EIEST.

The random index 7 in part (ii) is independent of the training randomness and has distribution
T—1-t
Pr(r=t)="17
1—~T
so later training steps receive greater weight. Because 1 — v = nu, these probabilities sum to one,
and independence gives

te{0,...,T—1},

ES, — %E@,
t=0 /7
T—1
~ 1 T
AT-1-tgg, — 2~ 7RG
P i

Thus the second term in (12) equals ﬁ—%‘ (1—’yT)]E§T. Since the reconstruction errors are nonnegative

and 1 — v7" < 1, this is at most %ES’\T Applying the same bound to the noise term and recalling
v =1 — nu gives (5), proving part (ii). O
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B.2 DEFERRED DISCUSSION OF THE ASSUMPTIONS AND THE BOUND

Remark 1 (Assumptions). Assumptions 1 and 2 are standard in stochastic optimization. Assump-
tion 1 requires a twice continuously differentiable, smooth objective with a finite infimum, but not
convexity. Assumption 2 allows gradient noise to grow with the gradient norm and recovers bounded
variance when M = 0; the same condition is used to analyze biased SGD (Ajalloeian & Stich, 2020).

Assumption 3 is specific to reconstruction: small loss-aware reconstruction error must imply a small
gradient mismatch. Appendix B.1 derives a sufficient curvature condition. Under L-smoothness and
a positive saliency floor hy ; > hpmin > 0, itholds with C' = L? /hmin (Ghadimi & Lan, 2013; Bottou
et al., 2018; Ajalloeian & Stich, 2020). Adam’s second moment motivates the saliency estimate but
does not guarantee the condition. Empirically, saliency tracks the Hessian diagonal, and the full

quadratic form is nearly proportional to S (Figure 15, Appendix C).

Assumption 4 is the Polyak—F.ojasiewicz (PL) condition and is needed only for part (ii) of The-
orem 1. Strong convexity implies PL, but PL does not require convexity and ensures that every
stationary point is a global minimum (Polyak, 1963; Karimi et al., 2016). Local PL-type conditions
have also been established for some overparameterized neural networks (Liu et al., 2022).

Comparison with standard and biased SGD. To compare the guarantees, define

CLwo) =L, = 1a

Let o, := 1 — Ln(1 + M) > 0. Up to constant factors, the relevant bounds are

Standard SGD: Z IVL(w)|? < Br,

By +(?

s (13)

Biased SGD: Z]EHVL‘ W< =——

QUASAR: Z [IVL(we)||? + oy | VL] £ Br + CSr.

Biased-SGD analysis assumes ||b;]|* < m||VL(w)||* + ¢? with 0 < m < 1 (Ajalloeian & Stich,
2020). In QAT, the bias is the reconstruction-induced gradient mismatch b; = e;. Assumption 3

bounds this mismatch by C§t, which QUASAR minimizes at every step. The resulting bound
contains the usual SGD terms plus C'St and controls stationarity at both the latent and reconstructed
weights.

25



Preprint

C EMPIRICAL VALIDATION OF THE THEORY

This appendix tests the assumptions and predictions of Section 4. Across both model families and
all tested bit widths, end-of-training reconstruction error closely tracks held-out KL for Standard
QAT, Denoising QAT, and QUASAR. QUASAR attains the lowest value of both in every setting
(Figure 10; per-projection results in Figure 11). The same ordering holds under the plain-SGD
dynamics analyzed by the theorem (Figure 18). The relationship is also causal: restricting the scale
search raises both §T and final KL. It is predictive before training as well: reconstruction error at
initialization predicts final KL (Figures 12 and 13).

Final held-out KL to
full-precision model

1071 .

Qwen3-4B-Thinking-2507
R?>=10.93 mn

101.

102 4,

Llama-3.1-8B-Instruct
R?* = 0.96

A
A~
_--7 ® QUASAR
el ® Denoising QAT
® Standard QAT

® INT4
A INT3
m INT2

1024,

104

1073

Final loss-aware reconstruction error St

1073

1074

Final loss-aware reconstruction error Sp

Figure 10: Reconstruction error tracks final KL. End-of-training loss-aware reconstruction er-
ror versus final held-out KL to the full-precision teacher, for Standard QAT, Denoising QAT, and
QUASAR at INT4, INT3, and INT2.

At initialization After training

§ 100 i INT4 N INT3 E INT2
n
>
gg 75 1 1
b
_G% @ 50 A 1
A2 25 |

S

n

0 - i
q k v o gate up down q k v o gate up down

Figure 11: QUASAR reduces reconstruction error across projection types. Median reduction in
loss-aware reconstruction error relative to Standard QAT across Qwen3-4B-Thinking-2507 modules
at INT4, INT3, and INT2, measured at initialization (left) and after training (right). Error is mea-
sured against the full-precision weights.

Validation under SGD dynamics. Theorem | analyzes STE-SGD, whereas the main experiments
use AdamW. We therefore repeat the INT2 quantization-aware distillation experiment with plain
SGD for 1,024 steps at global batch 32, using a constant learning rate and no momentum, warmup,
or gradient clipping. QUASAR replaces AdamW’s second moment with an explicit EMA of squared
gradients; the remaining recipe is unchanged. At every stable learning rate, QUASAR reaches lower
training and held-out loss floors than Standard QAT, preserving the ordering observed with AdamW
(Figure 18).
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Figure 12: Reconstruction error drives final loss. Five QUASAR INT2 runs differ only in the
lower bound imposed on the scale-search factor f. Restricting the search raises both the final re-

construction error §T and held-out KL after 1,000 training steps. The star marks the unrestricted
search.
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Figure 13: Reconstruction error predicts final loss before training. Across Standard QAT, De-
noising QAT, and QUASAR at INT4, INT3, and INT2, reconstruction error at initialization predicts
held-out KL to the full-precision model after 4,096 steps (R? = 0.98). Results use Qwen3-4B-
Thinking-2507.
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Figure 14: Reconstruction error controls gradient mismatch. Across INT4, INT3, and INT2,

the squared gradient mismatch rises with the loss-aware reconstruction error .S, supporting Assump-
tion 3. Circles, triangles, and squares show fixed clipping factors for INT4, INT3, and INT2, respec-
tively; stars show QUASAR’s per-group scale-search solutions.
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Figure 15: QUASAR’s saliency tracks curvature. Each point represents one weight matrix from
a trained INT2 Qwen3-4B-Thinking checkpoint and compares its mean saliency h (Adam’s second
moment) with a 32-sample Hutchinson estimate of its mean Hessian diagonal. The log-scale corre-
lation is r = 0.81 (Dong et al., 2020; Yao et al., 2020).
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Figure 16: Training trajectories support a PL relation. Each point is one step of an INT2 Qwen3-
4B-Thinking run, with loss and gradient measured at the reconstruction r. For all three methods,
the squared gradient norm scales with the gap above the trajectory minimum. QUASAR’s estimated
i = 1.72 is about 2.5x the baseline values. In Theorem 1(ii), a larger p gives faster geometric
convergence and smaller floor terms, which scale with 1/ or 1/42. This provides an optimization-
side view of the healing curves (Figure 3): QUASAR’s reconstruction adds less loss, so more of the
remaining gap produces useful gradient, enabling faster healing and a lower loss floor.

Theorem 1 bound 11.88EPAe) 84.2 128.9

3.1x

Measured in training - 42.2

0 50 100 150
Average squared gradient norm

initialization [l noise M reconstruction
T T

Figure 17: Reconstruction error dominates the measured bound. We evaluate each term of
Theorem 1(i) on an INT2 QUASAR run with plain SGD and learning rate 103, We measure A ax
by power iteration (approximating L), o from per-batch gradients, and C' using Figure 14. The
resulting bound is within 3.1x of the observed average squared gradient norm, and reconstruction
error is its largest term.
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Figure 18: QUASAR retains its advantage under plain SGD. Training (top) and held-out (bottom)

loss for Standard QAT and QUASAR at INT2 across three constant learning rates. QUASAR reaches

lower loss floors at every stable learning rate.
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D EXPERIMENTAL DETAILS

This appendix specifies the training and evaluation protocols for Section 5. Format-specific algo-
rithms are given in Appendix A.1, and released checkpoints are listed in Appendix H.

Quantization scope. The controlled INT experiments use asymmetric weight-only INT4, INT3,
or INT2 quantization with group size 128. We quantize every linear projection in the transformer
blocks and keep activations, embeddings, the language-model head, and norms in BF16. Healing
updates only the quantized linear weights; adaptation updates all student parameters.

Healing. We apply QAD for 4,096 steps at sequence length 4,096. Qwen3-4B uses global batch 32
and learning rates 2, 3, 5 X 1072 at INT4, INT3, and INT2. Llama-3.1-8B uses global batch 128 and
learning rates 1, 2,3 x 10~°. This corresponds to roughly 60k supervised tokens per step. Training
uses KL distillation from the full-precision teacher. QUASAR uses AdamW’s second moment as
saliency and searches clipping factors from 0.30 to 1.00 in increments of 0.05.

Adaptation. We train Qwen3-4B-Base on OpenMathReasoning for 4,096 steps at sequence length
18,432 and global batch 8. All methods use cross-entropy, AdamW with learning rate 5 x 1072, a
cosine schedule with 1% warmup, no weight decay, and gradient clipping at 1. QUASAR uses the
same integer quantizer and scale-search grid as in healing.

NVFP4. NVFP4 QAD uses AdamW with learning rate 10~% and global batch 32. We materialize
the final checkpoints and evaluate them through vLLM’s native NVFP4 path (Kwon et al., 2023;
vLLM Project, 2026b).

Baselines. Standard QAT uses fixed min—max ranges; LSQ (Esser et al., 2020) learns the scales;
Denoising QAT (Ye et al., 2026) refits the dequantization parameters; BitDistiller (Du et al., 2024)
combines clipping with self-distillation; RTN rounds to the nearest grid point; GPTQ (Frantar et al.,
2023) minimizes a second-order reconstruction error; and AWQ (Lin et al., 2024) protects activation-
salient weights.

Evaluation protocol. For healing, we report fidelity to the full-precision model and downstream
accuracy. For adaptation, we report held-out perplexity and accuracy on five math benchmarks.
NVFP4 results include fidelity, reasoning, coding, and long-context evaluations. Full task protocols
are given with the corresponding results in Appendices E, F, and G.

E ADDITIONAL HEALING RESULTS

This appendix extends the healing results of Section 5.1 with additional fidelity and downstream
metrics, training dynamics, and an LLM-judge analysis of INT2 response quality. It also reports
representative generations and QUASAR ablations. NVFP4 results are in Appendix G.

E.1 STANDARD TASKS AND FIDELITY

Qwen3-4B-Thinking-2507 Llama-3.1-8B-Instruct
0.01 v _ % * QUASAR

003 o UL RTN
< 01 =" e = . ¢ GPTQ
5‘ 0.3 AWQ
% 1 . 4 Standard QAT
= 3 * LSQ

10 higher is better higher is better v Denoising QAT

INITZ INITB INIT4 INITQ INIT?; INIT4 BitDistiller
Weight bits (group size 128) Weight bits (group size 128)

Figure 19: QUASAR gives the lowest held-out KL across both models and all bit widths. For-
ward KL to the full-precision model after QAD of Qwen3-4B-Thinking-2507 (left) and Llama-3.1-
8B-Instruct (right). Lower is better.
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Table 6: QUASAR gives the highest fidelity in all six model-bit-width settings. Held-out forward
KL, top-1 agreement, and accuracy on eight benchmarks for QAD of Qwen3-4B-Thinking-2507 and
Llama-3.1-8B-Instruct.

Qwen3-4B-Thinking-2507 Llama-3.1-8B-Instruct
o o
¥ § & ¥y &
g = g =
L S £ 3398 2 g 2 3 o S E 33843 % 3
= -9 = ~ & T 8 El m (< . & = & & T g El m g

Method 2 & 8§ 5§ £ % 2 3 &€ & z2 ¥ & & 5 % % 22 3 E E z
Teacher (FP16) — — 87.0 68.7 53.1 76.7 65.7 66.1 57.5 54.3 66.1 — — 70.1 683 55.6 799 79.5 73.6 545 739 69.4
2-bit (INT2)

RTN 11.166 0.5 0.0 254 256 259 260 520 468 83 263 10.810 05 0.0 255 262 26.1 26.1 51.8 47.6 11.8 26.9
GPTQ 1.140 67.7 02 234 251 30.0 30.1 49.3 529 89 275 2380 51.8 0.0 249 233 289 30.0 48.0 49.0 9.1 26.7
AWQ 3.016 37.0 0.0 234 232 31.6 29.1 51.1 528 9.6 27.6 6.769 129 0.0 23.6 233 259 272 482 488 79 256
Standard QAT 0.186 89.9 47.4 345 312 448 469 545 S5I1.1 335 430 0.163 90.1 1.8 234 229 309 348 493 468 444 31.8
LS 0.205 89.2 42.6 34.6 30.6 449 47.6 552 472 35.1 422 0.172 89.6 422 39.7 32.8 52.8 557 53.5 47.4 42.1 458
Denoising QAT ~ 0.179 90.1 45.6 36.0 30.1 47.9 46.7 56.1 49.9 349 434 0.165 90.1 0.0 24.6 262 25.6 269 50.0 49.1 409 304
BitDistiller 0209 9.1 49.0 432 38.0 60.1 52.6 57.9 52.6 37.7 489 0.51 902 53.1 49.3 43.5 69.9 66.6 663 47.7 518 56.0
QUASAR (ours) 0.126 92.0 68.8 489 388 559 564 59.2 50.5 47.5 532 0.105 92.0 664 52.5 43.8 73.1 68.1 66.8 49.5 56.0 59.5
3-bit (INT3)

RTN 0.597 78.8 20.5 53.6 394 56.1 54.1 58.1 51.4 189 44.0 0276 85.6 19.0 44.8 402 64.6 69.5 669 47.0 529 50.6
GPTQ 0.130 91.5 77.3 61.0 48.0 75.5 61.0 61.8 54.0 49.2 61.0 0.076 92.8 614 59.2 49.1 71.6 757 71.0 53.1 69.1 63.8
AWQ 0.240 88.1 732 60.1 464 723 60.7 62.7 49.2 41.8 583 0.197 88.0 239 53.2 43.0 67.6 722 67.6 42.1 58.6 53.5
Standard QAT 0.062 942 785 62.0 46.8 741 619 644 56.1 532 62.1 0.046 94.7 70.7 59.7 474 728 752 729 52.1 699 65.1
LS 0.070 93.8 83.0 62.3 494 75.8 62.7 65.6 554 529 63.4 0.052 942 76.8 623 51.8 769 758 71.6 509 67.5 66.7
Denoising QAT ~ 0.060 94.3 804 62.7 462 73.5 61.6 642 56.1 51.0 62.0 0.046 947 688 59.8 48.0 745 75.0 722 51.0 70.2 649
BitDistiller 0.065 942 81.0 63.7 47.0 69.0 63.0 63.5 56.3 534 62.1 0.041 94.8 742 61.6 53.1 79.0 76.4 719 522 68.6 67.1
QUASAR (ours) 0.054 949 81.7 64.5 483 729 63.2 64.7 555 50.6 62.7 0.036 952 74.1 63.3 549 79.1 77.1 71.0 51 71.5 67.9
4-bit (INT4)

RTN 0.108 92.2 80.2 66.1 48.8 69.7 63.5 654 584 542 63.3 0.044 944 70.7 64.1 533 769 78.0 73.9 50.7 72.1 67.5
GPTQ 0.027 96.2 849 67.1 514 750 64.7 654 565 514 646 0.015 968 69.0 67.3 52.0 77.3 78.7 73.2 55.1 73.6 68.3
AWQ 0.050 94.7 84.6 67.6 51.5 9 652 66.6 56.7 56.6 65.5 0.032 952 65.6 66.6 53.7 783 787 724 537 734 678

74.9
Standard QAT 0.019 96.9 849 67.0 49.7 73.5 65.1 652 56.7 543 64.6 0.014 97.0 76.3 66.3 54.4 77.7 78.
LSQ .8 50.6 75.0 65.2 65.6 57.1 564 653  0.016 9 7
5.0 67.1 492 729 647 657 573 569 649 0.014 9
4,3 67.7 52.6 728 648 659 573 543 654 0013 9
6. 76.

Denoising QAT ~ 0.018 96.9
. 7 7 78! i
68.0 50.6 651 652 577 558 65.6 0.012 97.3 746 665 555 780 78.8 74.2 542 725 69.4

8
BitDistiller 0.018 96.9 &
QUASAR (ours) 0.016 97.1 8

Z Qwen3-4B-Thinking-2507 Llama-3.1-8B-Instruct o FPI6

Z 0.7 (] Qe—-——- P ialed

= © S e S "¢ % * QUASAR

206 P A *=" RTN

> =" >

£ 05 * & GPTQ

£ o AWQ

;:”f ' A Standard QAT

2031 v LSQ

= o M B T T a v Denoising QAT

< INT2 INT3 INT4 INT2 INT3 INT4 »  BitDistiller
Weight bits (group size 128) Weight bits (group size 128) tLaistitier

Figure 20: QUASAR attains the highest INT2 average accuracy on both models. Average accu-
racy over the eight benchmarks of Table 6 versus bit width for Qwen3-4B-Thinking-2507 (left) and
Llama-3.1-8B-Instruct (right). Gray circles mark the full-precision models.
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Figure 21: QUASAR gives the best fidelity at each quantized model size. Average accuracy over
eight benchmarks (left) and held-out KL to the full-precision model (right) versus model size. Filled
markers denote Qwen3-4B-Thinking-2507, open markers denote Llama-3.1-8B-Instruct, and gray
circles mark the full-precision models.

32



Preprint
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=== QUASAR — Standard QAT —— Denoising QAT —— BitDistiller --- FP16

Figure 22: QUASAR preserves INT2 accuracy broadly across tasks. Per-task accuracy nor-
malized by the full-precision model for Qwen3-4B-Thinking-2507 (left) and Llama-3.1-8B-Instruct

(right) on the eight benchmarks of Table 6.

FP16 Qwen3

INT4
INT3
INT2
Qwen
Llama

O e m» o

[m]

“» 0.7 1
=
g
L
>
3 [}
2 mA
31
£ 0571 o quasar L
g ® BitDistiller —F
e ® Denoising QAT "
z 0.4 ® Standard QAT
g ° LSQ
3 RTN A
@ 031 e arrQ
; ° AWQ

107° 107!

Final held-out KL (log)

10

Figure 23: Lower held-out KL correlates with higher downstream accuracy. Average accuracy
over eight benchmarks versus final forward KL for the QAT and PTQ methods of Table 6, across
both models and all three bit widths. Dashed lines mark full-precision accuracy.
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E.2 TRAINING DYNAMICS

— QUASAR -+ Standard QAT LSQ -¥ Denoising QAT -#- BitDistiller
~ INT4 INT3 INT2
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Figure 24: QUASAR reaches the highest final top-1 agreement in all six settings. Top-1 agree-

ment with the full-precision model during QAD of Qwen3-4B-Thinking-2507 (top) and Llama-3.1-
8B-Instruct (bottom) at INT4, INT3, and INT2.
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Figure 25: QUASAR is robust to learning rate. Final held-out KL after 1,000 steps of INT2 QAD
of Qwen3-4B-Thinking-2507 across a 50x learning-rate range. QUASAR attains the lowest KL at
every tested rate; Standard QAT diverges at high rates, while BitDistiller degrades at low rates.

34



Preprint

leader final from step 1408

leader final from step 128
T T T T 1
0 1024 2048 3072 4096

Training step
I BitDistiller Bl QUASAR

Figure 26: QUASAR becomes the final leader early in training. Each strip identifies the method
with the lowest held-out KL among six methods for Qwen3-4B-Thinking-2507. QUASAR leads
from step 128 at INT3 and INT2, and from step 1,408 at INT4, through the end of training.

E.3 LLM-AS-A-JUDGE PREFERENCE AT 2 BITS

Across 128 WildChat prompts per model, Llama-3.3-70B-Instruct prefers QUASAR to all seven
quantized baselines for both models (Figure 27; Table 7). The margin is largest against PTQ, whose
INT2 responses are often repetitive or incomplete (Figure 28). The full-precision models remain
preferred. Figure 29 shows one representative response.

Qwen3-4B-Thinking-2507 Llama-3.1-8B-Instruct

I Standard QAT
I Denoising QAT

Standard QAT
Denoising QAT

LSQ ] LSQ
BitDistiller I BitDistiller
FP16 e e—— FP16
E) 2‘0 4‘0 6‘0 8‘0 1(‘)0 (I) 2‘0 4‘0 6‘0 8‘0 160
Share of judged pairs (%) Share of judged pairs (%)

Bl QUASAR preferred tie [ baseline preferred

Figure 27: The judge prefers QUASAR to every INT2 quantized baseline. Pairwise win, tie, and
loss rates on responses to 128 WildChat prompts for Qwen3-4B-Thinking-2507 and Llama-3.1-8B-
Instruct. Llama-3.3-70B-Instruct serves as the judge.

Table 7: QUASAR wins all 14 comparisons with quantized baselines. Mean per-prompt prefer-
ence in [—1, 1], with 95% bootstrap confidence intervals over 128 prompts. Positive values favor
QUASAR. The final row compares QUASAR with the full-precision model.

vs. QUASAR Qwen3-4B-Thinking-2507 Llama-3.1-8B-Instruct

RTN +1.00 [+1.00,4+1.00]  +0.98 [+0.96, 41.00
GPTQ +1.00 [+1.00,+1.00]  +0.97 [+0.94, +-0.99
AWQ +1.00 [+1.00,41.00]  +0.99 [+0.97, +1.00]
Standard QAT +0.32 [+0.21,40.42]  +0.97 [+0.94, +-0.99]
LSQ +0.27 [+0.15,40.38]  +0.37 [+0.25, +-0.49
Denoising QAT 40.31 [+0.21,40.41]  +0.98 [+0.95, +-1.00
BitDistiller +0.24 [+0.12,40.35]  +0.29 [+0.17,40.41
FP16 —0.30 [~0.40,-0.20]  —0.46 [~0.56, —0.37]
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Figure 28: QUASAR matches the full-precision models’ response stability at INT2. Mean word-
repetition ratio over 128 WildChat prompts for Qwen3-4B-Thinking-2507 (left) and Llama-3.1-8B-
Instruct (right), with greedy decoding. Dashed lines mark the full-precision models; counts show
responses that close the reasoning block for Qwen or stop before the token cap for Llama.
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Prompt: Write a story about a man being stranded on an island.

FP16

The salt stung Leo’s eyes before he even registered the crash. One moment, he was shouting into the cockpit of his
battered sedan, the next, the world...

2-bit (INT2)
RTN

GPTQ

AWQ

Standard QAT
Denoising QAT
LSQ
BitDistiller

QUASAR (ours)

max o mil MD o. over md edge md mdish ai } ats } } further display oscs <igrated found “arql eventually o, same,
if (cs]) < <o <ql <, \qlo< <! (< ...

*A [R] :Help ”1” (or: ”a” in 1000+). 0 * F: 0 (Tothe 0): 0: 0:0:0:0:0:0:0: 0: 10000: 0 : 10000: 0: 0: 0
:0:0:0:0:0:0: ...

go {r=0 {r=1, 100 100 100 1000REENo.1 00100000 1000 10 100. 10010101101110110011111(1 o
2102111111111 111111111...

The first thing Elias noticed wasn’t the ocean, but the *absence* of it. Not the roar of waves, but the silence of his
own thoughts, a hollow space wh...

Leo woke to the sound of water. Not the gentle lapping of a tide, but a relentless, crashing roar against the rocks of
a tiny, rocky island he’d never. ..

Leo woke to the smell of salt and wet earth. The first thing he noticed wasn’t the storm, but the *absence* of sound.
The roar of the ocean that had b...

Kai’s first thought wasn’t panic, but a slow, heavy dread. The salt air stung his eyes, thick with the scent of wet
earth and something else—something. ..

The last thing Alex remembered was the *thud* of the car door slamming shut, the roar of the storm tearing through
the windshield, and the sickening1...

3-bit (INT3)
RTN

GPTQ

AWQ

Standard QAT
Denoising QAT
LSQ
BitDistiller

QUASAR (ours)

Okay, the user wants a story about a man stranded on an island. Hmm, let’s unpack that. First, I should consider
what they might need. Are they writin. ..

The sea had taken him. Not with a crash, but with a slow, suffocating pull. Elias had been a fisherman, not a sailor,
and the *Mariana*—his small, stu...

The storm had been a fury of glass and thunder, tearing the sea from its bones. Elias woke to the *crack* of
splintered wood and the sharp, metallic's ...

Elias woke to the sound of the ocean, not the crash of waves, but the *thump-thump-thump* of his own heart against
his ribs. Salt stung his eyes, and ...

Leo woke to the smell of salt and something else — wet earth, maybe, or decaying leaves. His head throbbed, a dull
ache behind his eyes. He was lying ...

## The Island That Forgot to Breathe The last thing Elias remembered was the *thump* of the boat hitting the water,
the sickening lurch of the world s . ..

Leo’s last memory was the *thwack* of a wave against the hull of the *Marlin*, the sharp sting of salt in his eyes,
and the terrifying, silent *thud* ...

Leo’s last memory was the *scream* of the engine, the sickening lurch as the boat plunged into the churning grey
sea, and the world dissolving into a ...

4-bit (INT4)
RTN

GPTQ

AWQ

Standard QAT
Denoising QAT
LSQ
BitDistiller

QUASAR (ours)

Leo didn’t know how he got there. One moment he was a man in a sleek, unremarkable boat, the next—*thud*—a
violent wave slammed the hull, the engine d...

Elias’s world dissolved in a roar. One moment, he was gripping the steering wheel of his aging sedan, the rain
lashing the windshield like a thousand ...

Leo’s last thought before the world dissolved into water and silence was the *thump* of the boat’s hull against the
rocks. Then, the roar of the ocean...

Leo didn’t know how long he’d been adrift when the first wave of panic hit. It wasn’t the cold, the salt, or the
crushing weight of the ocean’s indiff . ..

Leo woke to the sound of the ocean, not the roar of a storm, but the low, insistent *thrum* of the sea against the
rocks. His head throbbed, a dull ac. ..

Leo’s last memory was the *thud* of the plane hitting the water, not the roar of the engines or the frantic shouts of
the crew. He woke up gasping, th...

The crash wasn’t loud. It was a sickening *thud* of metal and earth, followed by a silence so profound it felt like
the island itself had held its bre ...

The impact wasn’t a crash. It was a *sigh* of the world ending. Ben’s world dissolved into a sickening lurch, the
roar of the ocean swallowing his scr ...

Figure 29: The beginning of each method’s response to one held-out prompt, for Qwen3-4B-
Thinking-2507 at INT2, INT3, and INT4 with greedy decoding.
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E.4 ABLATIONS

Table 8: Ablation Study: Effect of QUASAR’s scale search and weighted dequantization fit on
Qwen3-4B-Thinking-2507 with INT2 QAD. We report final held-out KL and its change from Stan-
dard QAT.

Variant Standard QAT Adam fit Init. only ~ Uniform fit  Fisher fit QUASAR (ours)
Scale search none none at init. every step  every step every step
Saliency none Adam 2nd moment  uniform uniform Fisher Adam 2nd moment
KL | 0.175 0.164 0.172 0.114 0.113 0.112

A vs. Standard QAT - —6.1% —1.6% —34.7% —35.5% —35.9%
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F ADDITIONAL ADAPTATION RESULTS

This appendix extends the adaptation results of Section 5.1 with training curves and three analyses
of the INT2 Qwen3-4B-Base checkpoints: answer outcomes, variation across repeated samples, and
divergence from FP-SFT along reasoning traces.

QUASAR’s advantage is largest on benchmarks requiring long reasoning. FP-SFT generates median
responses of 27k tokens on AIME’24 and 20k on HMMT’25. At INT2, QUASAR is the only
quantized model to score above zero on HMMT 25, suggesting that it better preserves the adapted
behavior over long generations.

— QUASAR -+ Standard QAT -4 LSQ -¥ Denoising QAT -# BitDistiller ---- FP-SFT

Qwen3-4B-Base

Train PPL Eval PPL
- 1.751
1.701 W
)
>, 1.65
=
1.60
e}
B
Z
—_
™
=
Z
—

Training step
Figure 30: QUASAR reaches the lowest held-out perplexity at every bit width. Training per-

plexity over the full run (left) and final 1,000 steps (center), and held-out perplexity (right), for QAT
of Qwen3-4B-Base on OpenMathReasoning. FP-SFT is included as a full-precision reference.

MATH-500 GSM8K
RTN RTN
AWQ GPTQ
GPTQ AWQ
BitDistiller LSQ
LSQ Standard QAT
Standard QAT Denoising QAT
Denoising QAT BitDistiller
QUASAR QUASAR
Base (no SFT) Base (no SFT)

FP-SFT FP-SFT
L T T T T 1 L T T T T 1
0 20 40 60 80 100 0 20 40 60 80 100

Share of generated samples (%) Share of generated samples (%)

B answered, correct W answered, wrong M no final answer

Figure 31: Answer outcomes for the INT2 checkpoints. Share of generated samples that produce
a correct answer, an incorrect answer, or no final answer on MATH-500 and GSMS8K. The base
model and FP-SFT are included as references.
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Figure 32: Variation across repeated INT2 samples. Ratio of pass@8 to avg@1 on MATH-500
for Qwen3-4B-Base checkpoints, using eight samples per problem at temperature 0.6. A ratio of
1 means that the same problems are solved on every attempt; higher values indicate less consistent
successes. The base model and FP-SFT are included as references.
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Figure 33: Divergence from FP-SFT along reasoning traces. Forward KL to FP-SFT by trace
decile for selected quantized checkpoints, averaged over 1,000 MATH-500 traces generated by FP-
SFT. Every checkpoint is evaluated on the same token sequences.
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G ADDITIONAL NVFP4 RESULTS

This appendix collects the training curves and the full evaluation results for the NVFP4 experiments
of Section 5.2.
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Figure 34: QUASAR reaches lower held-out loss for both NVFP4 models. Training forward KL
over the full run (left) and final 1,000 steps (center), and held-out forward KL (right), for NVFP4
QAD of Qwen3-8B (top) and Qwen3.5-9B (bottom).

Table 9: QUASAR gives the best average accuracy among the quantized checkpoints. Accuracy
on nine downstream benchmarks for Qwen3-8B and Qwen3.5-9B. The materialized NVFP4 check-
points are evaluated through vLLM’s native W4A4 path.

Downstream task accuracy (%) 1T

Method Avg. GSM8K MMLU ARC-C ARC-E Hella. WinoG. TQA IFEval GPQA-D
Qwen3-8B

BF16 68.6 86.7 72.9 56.7 80.9 75.0 67.7 54.4 84.8 38.4
Standard QAT 67.1 83.9 70.8 55.4 80.3 73.6 67.1 53.9 80.6 37.9
QUASAR (ours) 67.6 87.0 71.1 55.7 80.4 73.6 66.8 54.2 81.2 38.4
QOwen3.5-9B

BF16 71.2 74.4 78.6 55.7 74.2 78.1 72.8 53.7 74.4 79.1
Standard QAT 69.4 73.3 76.7 56.3 75.6 76.7 70.8 52.8 66.0 76.1

QUASAR (ours) 702 737 770 566 756 772 709 539 685 78.1

—— BF16 RTN === GPTQ =+ Standard QAT === QUASAR (ours)

(a) Long-context retrieval (b) Long generation
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Figure 35: QUASAR better preserves long-horizon behavior in NVFP4. Expanded Qwen3.5-9B
results from Table 3: (a) OpenAI-MRCR score by context length; (b) share of long generations that
terminate within the 32k-token output budget. Higher is better.
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Table 10: QUASAR has the lowest or tied-lowest non-termination rate among the quantized
checkpoints. Percentage of generations that reach the 32,768-token output budget without stopping,
using the same generations as Table 3. Lower is better.

Method MATH-500 LiveCodeBench v6  OJBench (C++) OIJBench (Python)
Qwen3-8B

BF16 0.5 13.6 1.3 22
RTN 1.4 40.8 20.3 26.7
GPTQ 0.5 24.3 11.6 10.3
Standard QAT 0.5 21.6 4.7 5.6
QUASAR (ours) 0.5 18.4 3.0 2%7)
Qwen3.5-9B

BF16 139 54.6 71.5 80.2
RTN 37.8 78.1 94.4 91.8
GPTQ 41.1 82.8 96.1 96.1
Standard QAT 16.0 59.2 82.8 81.9
QUASAR (ours) 14.8 52.9 79.7 79.3
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H COMPARISON WITH GOOGLE’S QAT AND OTHER 4-BIT CHECKPOINTS

Table 11 extends Table 3 with Qwen3.5-4B and Gemma-4 12B. The RTN rows, and the GPTQ rows
at NVFP4 W4A16 and INT4 g64, are our own conversions of the BF16 models; all other rows are
public artifacts, listed in Table 12.

Table 11: Comparison with released 4-bit checkpoints across four model families. We report fidelity
to BF16 and accuracy on each model’s benchmark suite. GGUF KL values are comparable only
within each block. I denotes mixed NVFP4, FP8, and BF16 precision.

Model Format bpw  Fidelity Accuracy (%) T
v a A
— X = _ & D
> = & 2 F £ g 3 o
S 5 & e B I & = =
QOwen3.5-4B = o = = = < O <
BF16 BF16 16 - - 940 789 880 844 792 713 83.6
RTN NVFP4 W4A164.50 042 938 949 775 863 838 67.1 741 80.6
GPTQ NVFP4 W4A164.50 023 957 951 752 845 832 529 699 76.8
GPTQ INT4 g128 749 049 931 940 775 871 830 650 712 79.6
AWQ INT4 g32 450 042 939 939 776 816 842 725 746 81.7
ModelOpt PTQ NVFP4 W4A4 450 .043 937 942 779 882 846 658 736 80.7
QUASAR (ours) NVFP4 W4A164.50 .018 962 947 785 872 838 742 719 82.7
GGUF (llama.cpp)
RTN GGUF Q4.0 450 372 89.0 943 772 90.6 842 642 737 80.7
KD-QAT g64 GGUF Q4.0 450 363 884 949 774 845 844 0646 739 80.0
imatrix (PTQ) GGUFQ4.0 484 284 904 943 780 90.6 86.0 70.8 76.1 82.6
QUASAR (ours) GGUFQ4.0 450 235 913 949 782 909 838 779 746 834
[ M
« 2 2 8 £ 0% &
> o & g o0 | 3 = @
) g & =] =)
Muse-Glimmer-30B ¥ = o = < S a & E Z
BF16 BF16 16 - - 621 831 867 534 866 852 8l1.0 76.9
RTN NVFP4 W4A164.50 054 932 63.6 829 833 481 845 840 83.6 75.7
GPTQ NVFP4 W4A4 450 .066 924 63.1 830 867 542 862 824 806 76.6
AutoQuantize NVFP4+FP8t 552 030 949 63.1 829 833 527 856 848 835 76.6
QUASAR (ours) NVFP4 W4A164.50 .018 96.1 63.6 833 900 496 872 864 84.1 71.7
QUASAR (ours) NVFP4 W4A4 450 .053 932 63.1 827 833 527 872 864 835 77.0
= iy
S 3 3 9 F 3 Z
- in .
& 5 g g T & 3 = g
Gemma-4 12B g = = = < < = E = <
BF16 BF16 16 - - 728 8.0 502 243 499 62.1 747 60.3
RTN INT4 g64 425 194 892 606 79.7 464 194 390 60.6 505 50.9
GPTQ INT4 g64 425 041 952 685 869 478 227 482 621 709 582
Google QAT INT4 g32 450 .044 948 678 872 50.1 226 479 600 732 58.4
QUASAR (ours)  INT4 g64 425 034 955 704 876 513 242 458 592 719 58.6
GGUF (llama.cpp)
RTN GGUF Q4.0 450 .156 898 592 874 478 227 384 602 623 54.0
Google QAT GGUFQ4.0 450 .069 935 71.0 891 489 228 456 613 7438 59.1
imatrix (PTQ) GGUFQ4.0 452 108 9I.6 649 871 486 235 434 603 668 56.4
QUASAR (ours) GGUFQ4.0 450 .048 943 703 87.6 515 242 455 5001 725 587
< mow o ¥ z
= Josl
- 7 ¢ < ¢ ¢ = 2 E g
o 2 o &, & m < 20
Gemma-4 E4B g &€ £ 2 g £ £ 8 = 3 z
BF16 BF16 16 - - 236 39 591 797 565 841 852 634 569
RTN INT4 g64 425 079 915 252 30 593 783 552 797 830 56.1 550
GPTQ INT4 g64 425 .031 947 213 33 561 782 549 835 834 594 550
Google QAT INT4 g32 450 .064 926 20.1 24 554 783 560 815 819 594 544
QUASAR (ours)  INT4 g64 425 022 955 238 47 582 798 562 820 826 60.7 56.0
GGUF (llama.cpp)
RTN GGUF Q4.0 450 .194 857 173 20 585 762 538 758 802 487 516
Google QAT GGUF Q4.0 450 .08 906 185 23 555 787 561 814 817 587 541
Google QAT repack GGUF Q4.0 450 .071 91.8 20.0 22 562 791 554 835 832 618 552
imatrix (PTQ) GGUF Q4.0 452 .067 1.1 20.6 30 588 793 538 804 832 597 549
QUASAR (ours) GGUFQ4.0 450 .044 928 240 47 582 797 561 818 824 605 559

bpw includes the quantized transformer-block weights, scales, and zero-points. Embeddings, output
layers, norms, and small gating tensors are excluded.

Artifact definitions. For rows not described above:

* GPTQ (INT4 g128), AWQ (INT4 g32), and GPTQ (NVFP4 W4A4) are checkpoints created
with LLM Compressor (vVLLM project, 2024); gk denotes one scale per k weights, and W4A4
also quantizes activations to NVFP4.

* ModelOpt PTQ applies calibrated NVFP4 rounding without training. AutoQuantize selects
NVFP4, FP8, or BF16 per layer under a 5.5-bit budget.

* Google QAT uses Google’s unpublished INT4 recipe with 32-weight groups. Its Q4_0 variants
convert or repack those weights for 11ama . cpp.

* KD-QAT g64 distills Qwen3.5-4B on a 64-weight INT4 grid before conversion to 32-weight Q4_0
blocks.

* imatrix (PTQ) selects GGUF Q4_0 scales using activation-weighted reconstruction error; the
GGUF RTN rows use plain round-to-nearest.
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Table 12: Released checkpoints used in Tables 3 and 11.

Model

Row

Artifact

Qwen3.5-4B

BF16
GPTQ (INT4 g128)
AWQ (INT4 g32)

Qwen/Qwen3.5-4B (Qwen Team, 2026a)

RedHatAI/Qwen3.5-4B-quantized.wd4al6 (Red Hat Al 2026b)

cyankiwi/Qwen3.5-4B-AWQ-4bit (cyankiwi, 2026)

ModelOpt PTQ cosmicproc/Qwen3.5-4B-NVFP4 (cosmicproc, 2026)
imatrix (GGUF) bartowski/Qwen_-Qwen3.5-4B-GGUF (bartowski, 2026)
KD-QAT g64 (GGUF) YoozLabs/Qwen3.5-4B-gat-GGUF (YoozLabs, 2026)
Muse-Glimmer-30B BF16 meta-models/Muse-Glimmer-30B (Meta Superintelligence Lab, 2026)
AutoQuantize nvidia/Muse-Glimmer-30B-NVFP4 (NVIDIA, 2026)
GPTQ (NVFP4 W4A4) RedHatAI/Muse-Glimmer-30B-NVEFP4 (Red Hat Al, 2026a)
Gemma-4 E4B BF16 google/gemma-4-E4B-it (Google, 2026b)
Google QAT google/gemma-4-E4B-it-gat-wdal6—ct (Google, 2026e)
Google QAT (GGUF) google/gemma-4-E4B-it-gat-g4_0-gguf (Google, 2026f)
Google QAT repack (GGUF)  unsloth/gemma-4-E4B-it-gat-GGUF (Unsloth, 2026d)
imatrix (GGUF) unsloth/gemma-4-E4B-it-GGUF (Unsloth, 2026c)
Gemma-4 12B BF16 google/gemma-4-12B-it (Google, 2026a)
Google QAT google/gemma-4-12B-it-gat-w4al6—ct (Google, 2026¢)
Google QAT (GGUF) google/gemma-4-12B-it-gat-g4_0-gguf (Google, 2026d)

Google QAT repack (GGUF)
imatrix (GGUF)

unsloth/gemma-4-12B-it-gat-GGUF (Unsloth, 2026b)
unsloth/gemma-4-12b-it-GGUF (Unsloth, 2026a)
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