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Abstract

Attention sinks and massive activations are recurring and closely related phenom-
ena in Transformer models. Existing explanations have largely focused on the
forward pass, yet in pre-norm Transformers, large residual-stream norms play
only an indirect forward role because sublayers operate on normalized inputs.
We study this relationship from the perspective of backpropagation. Empirically
and theoretically, we show that under causal masking, attention sinks can induce
pronounced gradient concentration, which we term gradient sinks. Since the
RMSNorm Jacobian attenuates gradients roughly in inverse proportion to input
norm, massive activations can be understood as adaptive regulators of this localized
gradient pressure during training. This interpretation predicts that attenuating sink-
induced gradients should weaken massive activations. We test this prediction with
V-scale, a modification that adjusts backpropagated gradients on the value path.
In V-scale models, attention sinks are preserved, whereas massive activations are
suppressed. These results identify gradient sinks as a backward-pass counterpart
of attention sinks, and massive activations as an adaptive RMSNorm-mediated
response that attenuates the resulting localized training pressure. Our code is
available at https://anonymous.4open.science/r/GradientSinkCode-B309.

1 Introduction

Two prominent and frequently co-occurring phenomena in Transformer-based large language models
(LLMs) are attention sinks (AS), where a small number of tokens attract disproportionate attention
mass [[14,44]], and massive activations (MA), where activations become unusually large on a small set
of tokens and features [2} 5] 38]]. These phenomena are predominantly observed at the first token and
are of significant practical importance for long-context inference [36, 44|}, fine-tuning [[10} |19} 121} 22]],
and quantization [5}/43]. Their frequent co-occurrence has also attracted mechanistic interest. Existing
work has provided several forward-pass explanations for why AS and MA may arise or persist. For
example, AS has commonly been explained as a way to implement “no-op” attention heads that
contribute little to the current token [4) 14} [15] under the sum-to-one constraint of the softmax
operator, while MA has been described as helping form attention-sink behavior [31} 137 [38]].

However, these forward-pass accounts leave an important training-time aspect less fully explained. In
modern pre-norm architectures, both attention and MLP sublayers operate on normalized inputs [40,
45! 149]]. Locally, the forward attention computation depends much more strongly on the direction of
the representation than on its raw norm. This makes the emergence of MA appear difficult to explain
from a purely forward-pass perspective. Moreover, many interventions in the literature modify trained
models post hoc by editing MLP outputs or token activations and observing joint changes in AS and
MA. While informative, such interventions often perturb both magnitude and direction at the same
time, making it difficult to isolate the causal mechanism linking these phenomena. Recent studies of
training dynamics [[11} [31] provide valuable additional perspectives, and architectural decoupling
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s results [39]] show that AS and MA need not always appear together. Together, these valuable results
39 clarify the forward roles and separability of AS and MA, but a training-time puzzle remains: why do
40  standard pre-norm Transformers learn such extreme activations at sink tokens?

41 We approach this question from the backward pass. Although pre-norm architectures make sublayer
42 computations largely insensitive to residual-stream scale in the forward pass, that scale remains
43 important during backpropagation because it controls how much gradient signal is transmitted
44 through normalization. This matters precisely at sink tokens. In an attention head under causal
45 masking, when many later tokens attend to a sink token, their training signals are routed back to that
46 token as well. This turns a forward attention sink into a backward concentration of gradients, which
47 we call a gradient sink (GS).

48 In this view, massive activations can be understood as learned regulators that absorb sink-induced
49 gradient pressure and help stable residual-stream gradient transport, rather than merely as direct
so forward causes of attention sinks. This interpretation further predicts that relieving such pressure
51 through an alternative attenuation route should reduce reliance on MA even while AS remains present.
52 The remainder of the paper develops this mechanism from observation and analysis to intervention.

53 Our contributions are threefold:

54 * Gradient sinks. We identify gradient sinks as a backward-pass counterpart of attention
55 sinks in pre-norm Transformers. We show that concentrated gradient pressure at the first
56 token is widespread across models.

57 * Mechanism. We provide an empirical and theoretical account of massive activations as
58 adaptive regulators. In pre-norm architectures, RMSNorm makes activation scale an effective
59 local factor to attenuate gradient pressure induced by attention sinks, thereby stabilizing
60 gradient transport across the residual stream.

61  Intervention. We propose V-scale, a value-path gradient valve that attenuates sink-induced
62 gradients. V-scale substantially suppresses massive activations while preserving attention
63 sinks, thus supporting our proposed mechanism. It also improves long-context retrieval
64 robustness, including under several quantization settings.

es 2 Setup

66 We introduce the notation needed for the empirical measurements and theoretical analysis that follow.
67 In this paper, token positions are indexed by ¢t € {0,...,T — 1}, and £ denotes the training loss.

68 Pre-norm Transformer and attention We study decoder-only Llama-like Transformers with pre-
69 norm residual blocks, RMSNorm, RoPE positional encoding, and SwiGLU MLPs [34, 35} 40, 49].

70 Let H = (h§,...,h%_,)T € RT*dmodel denote the hidden states input to layer £. A pre-norm block
71 updates the sequence as
H* = RMSNorm(H"), R — Attention(H'), H*F'/? = H + R,

ﬁ€+l/2 _ RMSNOI‘m(HLi_I/z), lep,[ _ MLP(E’€+1/2), H€+1 _ HZ+1/2 + lep,él

. Ip,¢
72 We write 72" and r}"'P** for the ¢-th rows of R*"¢ and R™IP-¢,

73 The attention block can be either multi-head attention (MHA) [41]] or a variant such as grouped-query
74 attention (GQA) [[1]. For simplicity, we fix one layer ¢ and one attention head h, and suppress the
75 layer/head superscripts unless needed. With RoPE, the query, key, and value states at token position ¢

76 are ¢ = RyWohy, ki = RyWichy, and v, = Wy hy, where R, € RneadXdnead jg the RoPE rotation
77 matrix. The causal attention logits and weights are computed by z:; = (¢, k;)/v/dhead + m¢; and
78 a; = softmax(z.);, where m;; = 0 for j < ¢ and my; = —oo otherwise. Finally, the value
79 aggregation and head output are y; = > j<t at0; and oy = Woyy, respectively.

so Attention sink and activation measurements For a candidate sink position s (typically the first
g1 token,i.e., s = 0), we follow [14!31]] and use thresholded criteria to count sink-like behavior:

1 Nhead 1 s+Te—1

: N4 2 : L,h lh § £,h

Smk; = Nh d h=1 H(as > 6)7 Qg = T t—s Qs s (1)
eal - € -
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g2 where Npeaq is the number of attention heads in each layer. Following prior work [[14] we set the
83 threshold e = 0.3 and T, = 64. For theory and training-dynamics measurements, we also use the

84 attention-column mass and second moment
T-1 ,, T-1

MER =Y st = 3 ®

85 Thus M, measures the total attention mass routed through token s by all causally allowed future
gs queries, while S is its second-moment analogue. In experiments, we focus on the first token (s = 0).

g7  For token-wise activation analyses, we track activation norms at several computational sites, including

ss the input of Transformer layers ||hf ;.|| = [|h{||2, the hidden states after attention [|hf |l =
go |[hiT7?||, and the output of Transformer layers 17f guell = |75 "]]2. We also measure branch
o0 outputs |75 and [|r'P*||2, together with value-state norms ||v¢||,, when needed.

ot 3 Empirical Evidence

92 This section establishes the empirical basis for viewing massive activations as gradient regulators. We
93 analyze typical open-source pretrained LLMs [13} 146} 47, 48], together with L1amaForCausalLM
94 baselines that we pretrain from scratch on the C4 [33]] dataset at scales ranging from 0.1B to 1B
95 parameters. Detailed model and training configurations are deferred to Appendix

96 3.1 From attention sinks to gradient sinks

97 To trace how sink structure reappears in backpropagation, we first define gradient-sink behavior.

98 Definition 1 (Gradient sink). Fix a layer ¢, a candidate sink position s, and an early-token reference
9o set {0,...,T.} where 0 < s < T.. Let [|[V;,L||2 denote the token-wise gradient norm at the
t

100 post-RMSNorm attention input. The gradient-sink ratio of token s at layer ¢, relative to {0, ..., 7.},

101 is defined as ,
Ros(siT) i= V3 Lo/ (/7. 3y V5 ELR). 0

102 For a prescribed threshold 7 > 1, token s is called a 7-gradient sink at layer ¢ if Ré s(s;Te) > 1.

103 In this work, we primarily report the continuous ratio R%¢(s;T.) rather than fixing a universal
104 threshold 7, since the meaningful scale of gradient concentration can depend on model size, layer,
105 and measurement protocol. In the experiments below, we take s = 0 and T, = 31. Gradients are first
106 aggregated over the full batch as in one optimization step and then converted to token-wise {2 norms,
107 making the comparison reflect the effective training signal seen by the optimizer. For scratch-trained
108 baselines, we use the corresponding batch size and context length specified in Appendix [B} for
109 pretrained models, we use a diagnostic batch of 512 packed sequences with context length 2048.
110 Note that for pretrained models, these gradients should be interpreted as post-hoc diagnostic probes
111 rather than the exact gradients from their official training runs.

112 Figure|l|shows that the sink token consistently exhibits substantially larger gradients than other early
113 tokens, with the reported medians of Ré 5(0) typically lying in the 10-100 range, i.e., roughly one to
114 two orders of magnitude above the early-token average. Gradient sinks therefore appear as a common
115 empirical pattern during the training of Transformer language models.

116 To understand how this concentration is structured inside the attention block, we further decompose
117 the gradients into query, key, and value pathways and track their token-wise norms across training
118 checkpoints. For each token s, the incoming gradient splits as V3, £ = Wg VL + WEV . L+

119 W‘—/'— V¢ L, so the observed token-wise concentration can be examined pathway by pathway.

120 Figure [2| reveals a clear and highly structured asymmetry. On the key and value pathways, the
121 gradient norm exhibits a pronounced spike at the first token across checkpoints, after which it drops
122 rapidly and remains relatively flat over most of the sequence. Moreover, the value-path spike is
123 consistently larger than the key-side one. By contrast, the query pathway looks qualitatively different:
124  its token-wise gradient profile is much flatter, and the first-token query gradient is exactly zero due to
125 causal masking. For each pathway, the statistics are averaged over layers.

126 These observations sharpen the empirical picture. Gradient sinks have a structured pathway profile,
127 and the excess at the first token is carried mainly by the key and especially value gradients.
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Gradient Distribution at the Attention Input (after RMSNorm) of 0.1B Baseline Gradient Distribution at the Attention Input (after RMSNorm) of 1B Baseline
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Figure 1:  Gradient sinks across models. Each panel plots the token-wise distribution of
logyq ||V, L]|2 at the post-RMSNorm attention input. Token 0 is highlighted. The reported median
t

and interquartile range (IQR) of Ré 5(0) summarize how much larger the gradient on token 0 is
than the mean over positions 1-31. Across both scratch-trained baselines and pretrained models, the
first token consistently exhibits the strongest gradient concentration. Models include 0.1B and 1B
baselines together with Qwen2.5-7B, Qwen3-8B, Llama-3.1-8B, and GLM-4-9B.
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Figure 2: Token-wise gradient norms of query, key, and value across training checkpoints for the 1B
model trained from scratch. Statistics are averaged over layers. Key and especially value gradients
exhibit a pronounced spike at token 0, while query gradients remain comparatively flat.

128 3.2 Massive activations align with gradient reshaping

129 We next ask how the pre-norm blocks transmit the local gradients and how this reshaping relates
130  to activation norms. In a pre-norm attention block, we have hZJr 2 = h{ + rattn ** and therefore

131 V attnlﬁ v g+1/2£ Moreover, the difference Vheﬁ v g+1/2£ 1solates the additional gradient

132 contrlbutlon propagated through the attention branch, excludmg the identity skip path. We introduce
133 three diagnostic measurements. Bloat locates branch-local amplification, Change measures the net
134 residual-stream effect, and Compress tracks how much of the post-RMSNorm gradient is retained in
135 the residual-stream contribution:

Bloat™™¢ .= |V reLllz / IV an e L2,
Change;™* == ||V Ll|2 / |V, 12 L]z, 4)
CompTeSS?tm’é = ||Vh§£ - Vh/tz+1/2£”2 / ||VE;-’£||2~
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Figure 3: Scatter plots relating local gradient reshaping to input activation norms of the attention
block. Top row: 0.1B model; bottom row: 1B model. From left to right, the panels show Bloat®*",
Change®™*", and Compress®*™ against || hi, || on a log;, scale. Each point is colored by token group
(token 0, token 1, tokens 2-3, tokens 4—7, and the rest early tokens 8—15). Large-activation points
from token O populate the high-bloat regime, yet their residual-stream gradient norms change only

mildly for most layers. The Compress ratio indicates stronger attenuation at massive activation sites.

136 Analogously, we define Bloat?ﬂp’e, Changeinlp’e, and Compressfﬂp’Z for the MLP branch; those

137 measurements are deferred to Appendix [C.2}

138 We compare each gradient-reshaping ratio with the corresponding input activation norm, where
130 activation norms are averaged over evaluation batches. Figure[3]shows a highly structured pattern. The
140 left panels show that large-activation points, almost all from token 0, are precisely where branch-local
141 amplification becomes extreme, while the remaining tokens stay in a much lower-amplification regime.
142 Such large values of Bloat™"™ naturally raise the concern that local gradient amplification may distort
143 residual-stream transport during backpropagation and thereby harm training stability [[16, |20} 42} [45]].
144 The middle panels show that this is largely not the case. Even when Bloat™"™ becomes large, the
145 corresponding Change®*™ values remain tightly concentrated near 1 and therefore near log;p1=0
146 on the plotted scale, aside from a small number of points outside the massive-activation regime.
147 Thus, the residual-stream gradient norm usually does not change dramatically despite strong local
148 amplification inside the attention branch. The right panels suggest why this remains possible. Larger
149 activation norms are consistently associated with smaller Compress®™, revealing a strong negative
150 relationship between activation scale and local gradient attenuation. That is, the most amplified
151 gradients are also the most strongly compressed before being passed back into the residual stream,
152 avoiding uncontrolled gradient growth.

153 Taken together, these measurements give a backward-pass view of massive activations on the first
154 token. They suggest that these large norms are not merely forward numerical outliers, but mark sites
155 where gradient concentrations are locally reshaped.

s 4 Theoretical Mechanism

157 This section explains the mechanism behind the empirical patterns above, making it clear how
158 attention sinks, gradient sinks, and massive activations are connected in pre-norm Transformers. The
159 key ingredients are attention routing and the scale sensitivity of RMSNorm. We present the main
160 identities and bounds here, with the full theory and proofs deferred to Appendix

5
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161 4.1 Attention weights route gradients backward

162 We first formalize the basic intuition given in Figure [ that attention A A
163 weights route not only values forward but also value-path gradients

164 backward. Fix one layer and one attention head, and suppress their z

165 superscripts for simplicity. Let A = (a;;) € RT*T be the causal & :>

166 attention matrix, with a;; = 0 for j > ¢. Stack the value states and |
167 head outputs row-wise as VY € RT%dnead gothat Y = AV. Let skedmkey

168 G := Vy L be the upstream gradient at Y, and write its ¢-th row as
160 g := Vy, L. We now record the exact value-path identity induced
170 by attention aggregation.

Figure 4: Attention weights as
two-way routers.

171 Proposition 1 (Exact value-path aggregation). For one attention head, the value-path backward
172 signal satisfies VL = AT G, or equivalently V,, L = Ez;l ats gt for any token index s.

173 The identity shows the basic structural routing mechanism. A forward attention sink means that many
174 later rows place substantial mass on one early column s of A. On the value path, backpropagation
175 uses the corresponding row s of AT and therefore aggregates the gradients of later tokens into the
176 same early token. In other words, attention weights are two-way routers.

177 The full key and query identities are given in Appendix [D.I] and they clarify the empirical asymmetry
178 observed in Section[3] Key gradients still depend on sink columns, while query gradients are row-local.
179 In particular, under causal masking, V4, £ = 0 exactly.

180 4.2 Sink statistics control localized gradient pressure

181 We next quantify how much gradient pressure a sink token receives by relating value-path gradients
182 to the attention-column mass M, = ZtT:_Sl a¢s and second moment S = ;F:_Sl a?, defined in (@).

183 Theorem 1 (Value-path gradient control by sink statistics). Suppose that the upstream gradients on
184 positions t > s admit the decomposition g; =  + 4, where yi € R%ead js q coherent component.
185 The noise terms satisfy Ele;] = 0, Tr(Cov(e;)) < o2 for all t, and |Tr(Cov(es, ev))| < p for all
w6t 1. Then, M2 |3 < E[|V,, £I3] < M2l + 028, + p(M2 - S,).

187 Theorem | shows that sink structure provides a natural and quantitatively explicit route to value-path
188 gradient concentration. The term M?2||1||3 is the coherent accumulation along the sink column, while
189 Ss and p(M?2 — S,) bound the accumulated variance and cross-token covariance. Thus a token with
190 large attention-column mass receives a larger value-path training signal.

191 The dominant value-path spike seen in Section [3is thus not accidental. The value path is the pathway
192 where sink statistics most transparently govern gradient aggregation. Appendix [D.3]further provides
193 supporting results for the key and query pathways. The key bound has a similar dependence on M,
194 whereas the query bound depends on within-row key dispersion.

195 4.3 RMSNorm turns activation scale into gradient regulation

196 It remains to connect this localized pressure to massive activations. In a pre-norm block, the relevant
197 map is the RMSNorm applied before the attention or MLP branch.

198 Theorem 2 (Activation-dependent compression under RMSNorm). Denote y = RMSNorm(z) =
199 Y © iy with rms(z) = \/ Szl 4 €rms, where x € R? is the input and v € R is the scale
200 parameter. Let g, = VL be the upstream gradient at the RMSNorm output. Then we have
201 VL = ers(x)Tgy, and the Jacobian satisfies || Jyms(Z)|lop < 7]l e

rms(z) "’

202 Theorem [2]formalizes that a larger token-wise activation norm directly lowers the worst-case gain
203 from upstream gradients to earlier layers. Consequently, for any target gradient scale 7 > 0, the

204 condition rms(z) > % lgy |2 is sufficient to ensure ||V, L||2 < 7. This is the mathematical sense
205 in which large activations can act as gradient regulators rather than merely as pathological outliers.

206 Combining this with Proposition[T|and Theorem|[I} attention sinks create localized value-path pressure,
207 and RMSNorm makes activation scale an available local attenuation factor. Massive activations are
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208 therefore well positioned to emerge in response to sink-induced pressure, helping preserve stable
200 residual-stream gradient transport by absorbing the pressure created by gradient sinks.

210 5 Practical Application

211 The previous sections suggest a concrete and testable prediction of our mechanism. If massive
212 activations are primarily responses to localized gradient pressure, then reducing that pressure should
213 weaken MA even when attention sinks are largely preserved. Such an intervention is also practically
214 relevant because activation outliers are a major source of difficulty for quantized inference [5 43]].

215 The value path is the natural target channel for three reasons. First, modifying only value states does
216 not affect the attention weights that depend only on @) and K. Second, our observations in Section 3|
217 confirm that value-path gradient norms of the sink token are several times larger than key-path ones.
218 Third, prior studies have repeatedly reported that sink tokens tend to have unusually small value
219 norms [6} [15] |36]]. The same pattern is observed and provides a useful structural prior: a radial
220 transform depending on ||v||2 can selectively target sink tokens.

221 5.1 V-scale: a value-path gradient valve

222 We now introduce the intervention used to test the mechanism. For each attention head, after the
223 standard value projection and before value aggregation, we replace y, = Zj <¢ AtjV; by

A— . 2 . —_ r N, — Y.

Uj _¢(||UJH2)v37 ¢(T) - 7’+C7 Yt —ngtatjvjv
224 where C' > 0 is a scale parameter. We call this modification V-scale, as illustrated in Figure[3]

225 In practice we use a reparameterization Cy j, = dmodel - dhead * Selen e B

26 2B, where o = 0.02 is the initialization standard devia- A Attinﬁon

227 tion used for the value projection in our L1amaForCausallLM RoPE

228 baselines. This scale matches the typical value norm at initial- | |

229 ization. After RMSNorm, ||A||3 is on the order of dy,odel, SO Q K v MLE

230 a value projection with entrywise variance o2 gives E||v||3 on vy e

231 the order of dyodel * dhead - 02. We learn the positive factor !

2.2 as A" = exp(6.,) with 0, 5, initialized to 0. This introduces Norm Norm

233 only one parameter per layer and per head, which is negligible ! G+

234 relative to the total parameter count. The backward behavior

235 of V-scale is mathematically explicit: Figure 5: Schematic of V-scale in-
235 Proposition 2 (Jacobian spectrum of V-scale). Let r = ||v||2 side a pre-norm Transformer block.
257 and © = ¢(r)v with ¢(r) = 5. Then the Jacobian of the V-scale map v — ¥ is Jy(v) =
238 o(r)] + %’UUT with eigenvalue \  (r) = o on the (dhead — 1)-dimensional subspace

239 orthogonal to v and \|(r) = T(ii‘é?{ along the radial direction v.

240 Full derivations are given in Appendix Proposition 2] makes the backward effect of V-scale
241 explicit. If ||v]|3 < C for the sink token, the value-path backward signal is strongly attenuated.
2.2 Conversely, both eigenvalues are close to 1 when ||v]|3 > C, so V-scale nearly preserves gradient
243 transmission on large-norm value states. On the forward side, because small-norm value states already
244 contribute little to the forward value aggregation, this intervention is strongest where its forward
245 perturbation is naturally limited. Thus V-scale is a targeted valve rather than a uniform shrinkage.

246 Several recent architectural variants mitigate AS or MA by changing the softmax function, inserting
247 gates, or modifying normalization structure [6}[29}/39,50]. Unlike these broader architectural changes,
248 V-scale is intended as a mechanism test that adds a transparent value-path gradient valve.

249 5.2 Experiments

250 We train V-scale models using the same data, optimizer, and model configurations as the corresponding
251 baselines. We first verify the mechanism using token-wise gradient and activation measurements, and
252 then evaluate models on downstream tasks.

7

Confidential reviewer copy. This manuscript is submitted to the 40th Conference on Neural Information Processing Systems (NeurlPS 2026). Unauthorized
sharing, redistribution, or disclosure is strictly prohibited.



Gradient Distribution at the Attention Input (after RMSNorm) of 0.3B Baseline Gradient Distribution at the Attention Input (after RMSNorm) of 0.3B V-scale
3.0 0 Layer Depth (%) 100 i 0 Layer Depth (%) 100
— - —

Token 0 / mean(others): median=40.3, IQR = [9.2, 52.2] Token 0 / mean(others): median=>5.6, IQR =[3.3, 14.0]

émqmm P

35

-4.0

. 86 LT

12 14 16 18 12 14 16 18
Token Index Token Index

IS
logyo Gradient Norm

10g10 Gradient Norm

o

Figure 6: Gradient sinks in the 0.3B baseline and V-scale models. Each panel plots the token-wise
distribution of log, [| V. L||2 at the post-RMSNorm attention input. Token 0 is highlighted. V-scale

still leaves a visible gradient sink but reduces the concentration relative to the baseline.
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Figure 7: Forward phenomena in baseline and V-scale models. Top row: 0.3B models; bottom
row: 1B models. From left to right: thresholded sink rate, residual-stream output norm, MLP output
norm, and attention output norm. We compare the first token with the mean over the rest early tokens
(positions 1-15). Across both scales, V-scale largely preserves attention sinks while reducing the
activation norms of token 0, with the larger reduction appearing in MLP outputs.

253 Mechanism verification We re-measure gradient sinks as defined in Definition[I] Figure[6|shows
254 that in the 0.3B V-scale model, the gradient sink remains present but is substantially weaker, with the
255 median Ré 5(0) defined in (3) dropping from roughly 40.3 in the baseline to 5.6. This is the expected
256 outcome of a partial intervention on the value-path gradient.

257 Moreover, Figure [7] compares baseline and V-scale models at 0.3B and 1B on the most relevant
258 token-wise forward observables for AS and MA, including thresholded Sink Rate SinkZ’e in (]I[) and
259 output norms at different sites. These statistics are averaged over a batch of 512 inputs with 2048
260 tokens. Across both model scales, V-scale preserves strong AS behavior and in several layers even
261 slightly strengthens it. In contrast, on the MA metrics, the residual-stream and MLP output norms
262 of token O are clearly reduced relative to the baselines. The attention output norms of token 0 are
263 also reduced, which is expected since V-scale directly contracts the value path. However, the MA
264 reduction cannot be attributed solely to a local shrinkage of the attention output, since the much
265  stronger effect appears in MLP outputs where V-scale has no direct forward scaling.

266 Overall, these observations match the qualitative prediction of our mechanism. By providing an
267 additional gradient valve on the dominant value path, V-scale reduces the pressure for the model to
268 realize MA through large MLP outputs.

269 Downstream performance Beyond mechanism verification, we next examine how V-scale behaves
270 on downstream evaluations. We evaluate the 1B baseline and V-scale models on standard language-
271 modeling and reasoning tasks using the LM Evaluation Harness [12]]. This serves as a basic capability
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Table 1: Representative standard downstream evaluation of 1B baseline and V-scale models under
bfloat16. Lower perplexity (ppl) is better, while higher accuracy (acc) is better.

Wiki Lambada ARC-C BoolQ COPA HellaSwag OBQA PIQA WinoGrande
ppld ppld acct acet acct acct acctl acct acct acct

Baseline 22.84 15.27 43.28 2491 5138 69.00 51.59 31.40 72.52 54.22
V-scale 22.83 1591 43.37 27.05 56.27 70.00 51.29 32.80 71.49 53.28

Model

Table 2: Main multi-key Needle-in-a-Haystack result for 1B models. Entries are mean retrieval
accuracy percentages over 5 random seeds; higher is better. We directly compare the baseline (B) and
V-scale (V) models under native-context evaluation and YaRN extension with a factor of 4.

Native YaRN-extension
1024 2048 1024 2048 4096 8192
B vV B \" B A" B \" B vV B \%

bfloat16 67.96 73.88 65.04 71.64 57.76 59.28 53.88 59.72 48.00 56.16 48.32 62.00
SmoothQuant 64.44 71.64 61.64 69.60 52.44 57.92 49.64 57.92 45.76 52.88 48.96 57.64

Quantization

BNB 66.16 74.04 61.60 70.56 54.76 58.00 46.28 58.40 42.72 55.88 47.56 62.60
GPTQ 66.20 67.88 63.00 65.56 56.28 56.68 50.24 57.08 45.20 51.16 46.72 58.96
AWQ 63.96 66.84 61.68 67.76 54.04 59.24 49.32 59.00 42.52 49.64 47.04 58.48

272 check, since suppressing massive activations should not come at the cost of ordinary downstream
273 behavior. Table[I|shows that V-scale remains comparable to the baseline under bfloat16.

274  As a further diagnostic, we use a multi-key Needle-in-a-Haystack (NIAH) task. We evaluate under
275 bfloat16 and four PTQ settings: SmoothQuant (W8AS) [43], BitsAndBytes (BNB, W4A16) [8],
276  GPTQ (W4A16) [9], and AWQ (W4A16) [18]], where Wx Ay denotes z-bit weight and y-bit activation
277 quantization. Table[2]compares the retrieval accuracy of the 1B baseline and V-scale models, averaged
278 over 5 random seeds. V-scale shows positive gains in every listed precision, quantization method,
279 and context length, with the largest gains appearing in the YaRN-extended 8192-token setting [28]].
280 Additional results are deferred to Appendix [C.4}

261 6 Conclusion

282 In this work, we revisit the relationship between attention sinks and massive activations from the
283 perspective of backpropagation. Our empirical and theoretical results suggest that the connection
284 between the two is not merely a forward-pass correlation, but is mediated by a backward mechanism:
285 under causal masking, AS can induce concentrated gradient pressure on the sink token, forming
286 gradient sinks, and MA emerges as an adaptive regulator of this localized pressure in pre-norm
287 Transformers. To test this hypothesis, we introduce V-scale, a value-path intervention that selectively
288 modulates backpropagated gradients. Across model sizes, we find that V-scale preserves AS but
289 substantially suppresses MA, illustrating that the two phenomena can be separated once gradient
290 sinks are controlled. On downstream tasks, V-scale remains comparable to the baseline on standard
291 evaluations and improves long-context retrieval.

292 Our findings also suggest that some phenomena in LLMs may not be best understood purely as
293 forward functional structures, but also as reflections of how optimization adapts to architectural
294 constraints. We believe this perspective may be useful for future designs of architectures that aim to
295 preserve the benefits of sink structure while reducing its costs.

296 Limitations This work has some limitations. First, our study is restricted to Llama-like dense
297 language models. It remains unclear whether and to what extent the same mechanism transfers to
298 other settings, such as mixture-of-experts architectures or multimodal Transformers. Second, our
299 analysis does not exclude other factors, such as data distribution, optimizer, or numerical precision,
300 from shaping AS and MA during training. These limitations are left for future work.
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#0 A Related work

441 Phenomena and utilization Attention sinks (AS) refer to the tendency of Transformer-based
442 LLMs to route disproportionate attention mass to a small set of early or otherwise uninformative
443 tokens [14, 44]. Their practical importance was first made especially clear by Streamingl.LM,
444 which showed that preserving sink tokens in the KV cache enables stable streaming inference
445 beyond the training context window [44]. Subsequent work has used or analyzed sink tokens for
446 KV-cache compression, long-context inference, context anchoring, prompt tuning, and fine-tuning
447 robustness [[10} 19} 21} 22, [36]. Massive activations (MA) are sparse but extremely large activation
448 values that recur in LLMs and often appear at specific token positions or features [2, 27, 38]. They
449 are closely related to activation outliers that dominate numerical ranges and complicate low-bit
450 inference [S)[7,143]. AS and MA are extreme-token phenomena whose functional roles and training
451 origins have become active mechanistic questions [15} 30]. Our work identifies gradient sinks as a
452 missing backward-pass phenomenon.

453  Mechanistic interpretations The study of extreme-token phenomena has produced several com-
454 plementary explanations. One influential view interprets attention sinks as a way for attention heads
455 to implement “no-op” behavior under the sum-to-one constraint of softmax attention. When a head
456 has little useful information to mix into the current representation, it can place most of its attention
457 on low-information tokens whose value vectors contribute little to the residual update [5,[14]. Other
458 work argues that first-token attention can serve useful information-propagation roles, such as reducing
459 over-mixing in deep Transformers [4]]. Closely related work studies value-state drains, where sink to-
460 kens receive high attention but have unusually small value norms, and active-dormant head dynamics
461 and value-state gating both emphasize this attention-value coupling [[6} [15]]. Another line connects
462  attention sinks to massive activations, compression valleys, and outlier-driven rescaling, explaining
463 how extreme residual or activation structures can shape forward attention behavior [[17,13031}138139].
464 These accounts clarify why AS and MA often co-occur and why they can be useful or stable forward
465  structures. Our work complements these explanations by treating attention sinks as sources of
466 backward gradient concentration.

467 Mitigation and intervention Many studies regard attention sinks or activation outliers as harmful
48 to LLMs and seek to mitigate them. One family changes the softmax mechanism itself, using
469 clipped softmax, rectified alternatives, or related normalizers to reduce forced attention allocation and
470 activation outliers [} 17} 25, 150]. Another family introduces gates after the attention output or on the
471 value states, giving heads an explicit route for suppressing no-op updates without relying on extreme
472 attention logits [6} 29]. Recent work further studies the anatomy of AS and MA across architectures,
473 showing that architectural choices can decouple the two phenomena [39]. Our proposed V-scale has a
474 narrower purpose. It is designed as a mechanism test that keeps query-key attention scores unchanged
475 while attenuating value-path gradient pressure, allowing us to ask whether MA can be suppressed
476 while AS is largely preserved.

477 Normalization and pre-norm Transformers As a central component in modern Transformers,
478 layer normalization was introduced to stabilize hidden-state dynamics, and subsequent work showed
479 that normalization placement in Transformer residual blocks strongly affects optimization and gradient
480 transport [3} 26} 45]. RMSNorm removes mean-centering while preserving rescaling invariance,
481 and it has become standard in Llama-like decoder-only models [13} 40,46, 47, 48], /49]. In modern
482 pre-norm RMSNorm Transformers, attention and MLP branches operate on normalized inputs, so
483 very large residual-stream norms have a limited direct role in the forward branch computation. This
484 maturally motivates us to ask how normalization shapes backward signal propagation during training.
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s B Model and training configuration

ass  Table[3] summarizes the configurations for the scratch-trained baselines and their matched V-scale
47 variants. Unless otherwise specified, all models are decoder-only Transformers with RMSNorm,
as8  ROPE positional encoding, SwiGLU feed-forward blocks, and causal self-attention. We use the
489 GPT-2 tokenizer [32]]. All training runs were implemented in PyTorch using NVIDIA A100 GPUs
490 (80GB). During preprocessing, documents are packed by inserting <eos> as the separator, without
491 introducing dedicated <bos>. Weight decay is applied only to 2-D weight matrices. V-scale runs use
492 the same data, optimizer, and schedule as their corresponding baselines.

Table 3: Model and training configuration.

Confidential reviewer copy. This manuscript is submitted to the 40th Conference on Neural Information Processing Systems (NeurlPS 2026). Unauthorized
sharing, redistribution, or disclosure is strictly prohibited.

Item 0.1B runs 0.3B runs 1B runs
Model

total parameters ~101M ~304M ~1.04B
vocab size 50257 50257 50257
hidden layers 16 17 18
hidden size 512 1024 2048
attention heads 8 8 16
key/value heads 8 4 8

head dimensions 64 128 128
intermediate size 1408 2816 5504
RMSNorm e le-5 le-5 le-5
ROPE base 10000 10000 10000
Optimizer

optimizer AdamW AdamW AdamW
AdamW g 0.9 0.9 0.9
AdamW fs 0.95 0.95 0.95
AdamW e le-8 le-8 le-8
weight decay 0.1 0.1 0.1
gradient clipping norm 1.0 1.0 1.0
max learning rate 2e-3 le-3 le-3
min learning rate 2e-4 le-4 le-4

Training

learning rate schedule

total steps

cosine decay
20000

cosine decay
20000

cosine decay
25000

warmup steps 1000 1000 1000
context length 1024 2048 2048
global batch size 512 512 512
tokens per step 0.52M 1.05M 1.05M
total tokens 10.49B 20.97B 26.21B
training data C4 Cc4 C4
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a3 C Additional empirical results

494 C.1 Supplementary results for QKV gradients

a5 This subsection supplements the QK'V-path decomposition in Figure 2] Figure[8|extends the diagnostic
a6 to smaller scratch-trained models, using the same layout as the 1B result in the main text. Figure[J]
497 reports the corresponding measurements for pretrained LLMs. Across these settings, the query
498 pathway remains comparatively flat, whereas key and especially value gradients show a pronounced
499 spike at token O.
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Figure 8: Token-wise QKV gradient norms across training checkpoints for smaller scratch-trained
models, averaged over layers. Top row: 0.1B model; bottom row: 0.3B model. From left to right:
query, key, and value gradient norms as functions of token position. Both models reproduce the
pathway asymmetry observed in the 1B model: key and especially value gradients exhibit a strong
spike at token 0, while query gradients remain comparatively flat.

s00 C.2 Supplementary results for gradient reshaping

so1  This subsection complements the gradient-reshaping measurements in Section [3.2] with the analogous
s02 MLP-branch diagnostics. Unlike the attention-branch results in Figure[3] the left panel of Figure [I0]
s03  shows that Bloat™P is much less dominated by token 0. Thus, the MLP branch does not appear to be
so4 the primary location where localized pressure is generated. The middle panel shows that Changemlp
505 remains concentrated near zero (log,, 1), and the right panel again shows a tight alignment between
s06 activation norms and compression, as observed in attention blocks. Figure[IT] gives the corresponding
s07  attention-branch and MLP-branch measurements for the 0.3B baseline and pretrained LLMs. The
s08 same qualitative contrast persists: bloat at token 0 is sharper in the attention branch than in the MLP
s09 branch, whereas compression remains strongly tied to activation scale in both branches. Qwen3-8B is
st0 somewhat less aligned with the other pretrained models, which may reflect its post-training procedure.

s11  C.3 Supporting observations for V-scale design

s12  This subsection provides additional diagnostics for the design of V-scale. This intervention is intended
513 to act as a value-path gradient valve. It should be strongest when the sink token has a small value-state
st4 norm, and the learned scale parameter should adapt across layers and heads. Figure[T2]checks the
515 first condition in baseline models. Across training checkpoints, the value state of token 0 is usually
st6 much smaller than the mean and maximum over other early tokens, especially in middle and later
s17 layers. Since the V-scale Jacobian attenuates gradients most strongly when ||v||3 << Cy 5, this pattern
s8¢ makes the intervention selective for the sink token rather than a uniform shrinkage of all value states.

519 Figurereports the final learned V-scale parameters. Since A" = exp(fy 1) is initialized to one,
520 positive 6 j, increases the value-state scale parameter Cy ;, and strengthens attenuation for a fixed
521 small value norm, while negative 0, j, decreases Cyj. Both scales show a clear layer-dependent
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Figure 9: Token-wise gradient norms of QKYV for pretrained LLMs. Each row corresponds to one
model. From left to right: gradient norms of query, key, and value as functions of token position,
averaged over layers. Across models, key and especially value gradients consistently exhibit a
pronounced spike at token 0.

s22  pattern, with larger positive values concentrated in earlier layers and mostly negative values in later
523 layers. This indicates that V-scale is not uniform but instead learns layer- and head-specific strength
s24  for the value-path valve.

525 Finally, Figure [T4] complements the 0.3B comparison in Figure [f] by showing the distributions of
s26 gradient sinks for additional V-scale models. Token O remains the largest-gradient position but the
527 remaining concentration is moderate compared to the matched baselines in Figure[T]

ses  C.4  Additional downstream tasks

529 This subsection reports additional downstream evaluations, supplementing the compact summary
s30 in Section[5] We focus on 1B models because this is the largest scratch-trained setting in our study,
531 avoiding a largely redundant expansion of the appendix. We use the same comparison protocol,
532 pairing each baseline with its V-scale counterpart and evaluating each pair in bfloat16 and under
533 post-training quantization. The goal of these measurements is not to claim that V-scale uniformly
534 improves every benchmark, but to check whether suppressing massive activations preserves ordinary
535 language-modeling and reasoning behavior across precision settings.

s36  Table [] shows that V-scale remains competitive on standard evaluations. Perplexities are nearly
537 unchanged, and most accuracy columns move only modestly. V-scale improves ARC-C, BoolQ,
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Figure 10: Scatter plots relating gradient reshaping to input activation norms of the MLP block.
Top row: 0.1B model; bottom row: 1B model. From left to right: log,, Bloat™ vs. log, ||2nai||»
log,o Change™ vs. log, ||Anat||, and log;, Compress™® vs. log, ||Anait||. Each point is colored
by token group (token 0, token 1, tokens 23, tokens 4—7, and the rest early tokens 8—15). Compared
with the attention branch, token O is less dominant in MLP bloat, while compression again aligns
tightly with activation scale and the Change ratio remains close to one.

538  COPA, and OpenBookQA under most precision settings, while several other tasks decrease slightly.
539 Thus the value-path intervention does not appear to sacrifice basic downstream capability.

s40 We next evaluate long-context retrieval using Needle-in-a-Haystack (NIAH) variants. The native
s41 1B models are evaluated up to 2048 tokens. To test longer contexts, we additionally apply YaRN
ss2  with an extension factor of 4 and evaluate up to 8192 tokens. Tables[5H7|report three templates of
543 increasing difficulty. All NIAH entries are means and standard deviations over 5 random seeds. The
544 single-needle setting in Table[5]is close to saturated at short context lengths, but V-scale improves
s45  the longest 8192-token YaRN setting for every precision/quantization mode. A harder single-needle
546 variant in Table[6]is more mixed. V-scale substantially improves the native 2048-token setting except
s47  under AWQ, while some YaRN-extended settings degrade. The clearest long-context benefit appears
s48  in the multi-key retrieval setting in Table [/| where V-scale consistently outperforms the baseline
s49  across all listed context lengths and quantization methods.
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Figure 11: Supplementary gradient-reshaping measurements for the 0.3B baseline and pretrained
models. From left to right, each row shows attention-branch Bloat, Change, and Compress, followed
by MLP-branch Bloat, Change, and Compress.
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Figure 12: Value-state norms in baseline models, averaged over heads and shown across training
checkpoints. Left: 0.3B baseline; right: 1B baseline. The solid curve is token 0, the dashed curve
is the mean over other early tokens, and the dotted curve is their maximum, where “early” refers to
positions 1-15. Token 0 usually has a much smaller value-state norm, placing it in the regime where
V-scale can induce stronger value-path gradient attenuation.
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Figure 14: Gradient sinks in additional V-scale models. Left: 0.1B V-scale model; right: 1B
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attention input, with token 0 highlighted. The sink token remains visible but is more moderate.
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Table 4: Standard downstream evaluation of 1B baseline and V-scale models with unquantized
bfloat16 and post-training quantization. bfloat 16 denotes unquantized evaluation; SmoothQuant
is W8AS quantization, and BNB, GPTQ, and AWQ are W4A16 quantization methods. Wiki ppl
and Lambada ppl are perplexities, where lower is better. Lambada acc, ARC-C/E (AI2 Reasoning
Challenge and Easy splits), BoolQ, COPA, HellaSwag, OBQA (OpenBookQA), PIQA, SCIQ, and
WinoGrande are zero-shot accuracies in percent, where higher is better. V-scale keeps perplexity
nearly unchanged and remains broadly comparable to the baseline across reasoning tasks, with gains
on ARC-C, BoolQ, COPA, and OBQA and small drops on several other tasks.

Panel A: language modeling and core reasoning

Wiki Lambada ARC-C ARC-E BoolQ COPA
ppld ppld acct acct acct  acct acct
Baseline bfloatl6 22.84 15.27 4328 2491 4798 5138 69.00
V-scale bfloatl6 22.83 1591 4337 27.05 4747 56.27 70.00

Baseline SmoothQuant 23.17 16.61 43.02 25.26 47.47 50.92 67.00
V-scale SmoothQuant 23.01 16.58 43.14 26.11 46.76 55.57 69.00

Model  Quantization

Baseline BNB 2349 16.40 4273 25.00 47.43 54.19 72.00
V-scale BNB 2340 15.86 43.55 27.56 47.05 5596 74.00
Baseline GPTQ 23.21 15.70 43.26 25.77 48.48 52.54 68.00
V-scale GPTQ 23.17 16.48 43.76 26.79 46.80 56.45 70.00
Baseline AWQ 23.32 16.34 42.44 2526 48.06 53.64 68.00
V-scale AWQ 23.36 16.95 43.06 26.71 47.10 5596 69.00

Panel B: additional commonsense and science QA tasks
Model  Quantization HellaSwag OBQA PIQA SCIQ WinoGrande

Baseline bfloatl6 51.59 31.40 72.52 69.90 54.22
V-scale bfloatl6 51.29 32.80 71.49 69.30 53.28
Baseline SmoothQuant  51.49 30.80 72.47 69.00 55.17
V-scale SmoothQuant  51.13 3240 71.00 68.30 54.46

Baseline BNB 51.59 31.40 73.01 69.20 55.56

V-scale BNB 51.29 32.80 71.27 69.50 54.14

Baseline GPTQ 51.61 31.60 72.85 69.20 54.70

V-scale GPTQ 51.31 3240 71.44 68.40 54.70

Baseline AWQ 51.23 30.60 72.47 69.40 54.30

V-scale AWQ 50.88 3320 71.65 69.10 53.51
20
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Table 5: Needle-in-a-Haystack retrieval accuracy on the niah_single_2 single-needle template for
1B models. Columns denote context length in tokens, and entries are mean accuracy percentages with
standard deviations over 5 random seeds; higher is better. The first block evaluates native-context
1B models, for which only 1024 and 2048 tokens are tested. Blank cells therefore indicate untested
longer contexts rather than failed runs. The second block evaluates the same models after YaRN
extension with a factor of 4, enabling 4096- and 8192-token tests. This template is nearly saturated at
shorter lengths, but V-scale gives consistently higher accuracy at 8192 tokens after YaRN extension.

Model Quantization 1024 2048 4096 8192
1B Models

Baseline  bfloatl6 99.96410.09  98.00+10.69

V-scale bfloat16 100.004+0.00 97.80+0.42

Baseline SmoothQuant  99.9610.09 95.9245 09
V-scale SmoothQuant  100.0049.00 95.644¢.99

Baseline BNB 99.88:‘:0_18 98.36:‘:0,86

V-scale BNB 100.0010400 95-76i0.84

Baseline GPTQ 99.9240.11  94.6441 56

V-scale GPTQ 100.0010.00 96.68i0.46

Baseline AWQ 99.92:&0.11 96.56:‘:1.24

V-scale AWQ 100.00:]:0.00 97.20:‘:0.71

1B Models with YaRN Extension (yarn_factor= 4)

Baseline bfloatl6 99.84:‘:0.22 98.64i0_26 98~20:t0.66 94.20:‘:0.75
V-scale bfloat16 99.4049.40 99.564+0.38 98.324041 99.04¢.33

Baseline  SmoothQuant 99.7240.03 97.484084 93.244191 88.404167
V-scale SmoothQuant 98.5240.30 97.9640.17 93.724063 96.1640.70

Baseline BNB 99.60i0,37 99-20j:0.37 98-12i0,87 93-32i0.77

V-scale BNB 99.76i0_17 99.96:‘:0.09 99.40:‘:0,35 98.52:‘:0_50

Baseline GPTQ 99.80i0,20 97-32i0.61 96.92i0,44 93-08i1,18

V-scale GPTQ 99.64i0_22 98.96:‘:0.43 93.52:‘:1,14 97.72:‘:0_27

Baseline AWQ 99-72i0.23 97-44i0.54 94.60i1,02 90.84i1,07

V-scale AWQ 96.96:‘:0_77 94.56:‘:0,52 92.36:‘:1,40 98.32:‘:0_84
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Table 6: Needle-in-a-Haystack retrieval accuracy on the harder niah_single_3 single-needle
template for 1B models. Columns denote context length in tokens, and entries are mean accuracy
percentages with standard deviations over 5 random seeds; higher is better. The first block reports
native-context evaluation up to 2048 tokens, while the second block uses YaRN extension with a
factor of 4 to evaluate up to 8192 tokens. On native 2048-token evaluation, V-scale improves over the
baseline for bfloat 16, SmoothQuant, BNB, and GPTQ, with AWQ as the exception. After YaRN
extension, the result is mixed, with gains in several 2048-token and BNB settings but degradation
under some 4096- and 8192-token quantized settings.

Model Quantization 1024 2048 4096 8192
1B Models

Baseline bfloatl6 99.6840.11 85.48471.94

V-scale bfloat16 98.604+0.79 95.60+0.95

Baseline SmoothQuant 99.004g98 79.2840.93
V-scale SmoothQuant  96.0049.84 88.4840.46

Baseline BNB 99-32i0.18 79.80i1,29

V-scale BNB 99-44:t0.48 96.40:|:0_51

Baseline GPTQ 99-44i0.26 85.84i1,83

V-scale GPTQ 98.84;‘;0_75 95.84:|:1_13

Baseline AWQ 99-44i0.26 96.16i1,25

V-scale AWQ 91.96i1_01 85.20:|:1_54

1B Models with YaRN Extension (yarn_factor= 4)

Baseline bfloatl6 98.96i0,26 91.56i2,03 79-48i1.08 75.68i1.51
V-scale bfloat16 99.0840.70 94.364101 77.164140 73.5241.10

Baseline SmoothQuant 97-00i0.82 80.12i2,11 71.96i2_07 64-00i1.38
V-scale SmoothQuant 98.561g84 84.8447115 64.724157 66.9241 99

Baseline BNB 98.60i0,63 89.64i1_11 75.68i1_14 75-52i2.39

V-scale BNB 99.16:&0.48 98.64:&0,46 82.52:&0,94 71«72:|:1‘98

Baseline GPTQ 98.92i0_23 90.68i1_30 75-72i1.32 73.68i0_70

V-scale GPTQ 99.36:&0,57 94.36:&0,99 61.04:|:1,58 69.20:&1,97

Baseline AWQ 98.76:‘:0_52 96.56:|:0_50 78.24:|:0_74 74-20:|:1.83

V-scale AWQ 98.24i0,75 87.84i1.11 49.80i1,73 70~56i1.98
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Table 7: Needle-in-a-Haystack retrieval accuracy on the niah_multikey_1 multi-key template for
1B models. This setting requires retrieving information when multiple key-value associations are
present, making it more sensitive to long-context attention allocation than the saturated single-needle
cases. Columns denote context length in tokens, and entries are mean accuracy percentages with
standard deviations over 5 random seeds; higher is better. Native-context models are evaluated at
1024 and 2048 tokens, and YaRN-extended models with a factor of 4 are evaluated up to 8192 tokens.
V-scale improves every listed precision/quantization and context-length combination, with especially
large gains at 8192 tokens after YaRN extension.

Model Quantization 1024 2048 4096 8192
1B Models

Baseline bfloatl6 67.9641.34 65.0411.09

V-scale  bfloatl6 73.884+1.06 71.644346

Baseline SmoothQuant 64.444743 61.6419.91
V-scale SmoothQuant 71.6441 44 69.6045 19

Baseline BNB 66.16i1,68 61.60i1,83

V-scale BNB 74-04:t1.65 70.56:|:2_19

Baseline GPTQ 66.20i1,12 63.00i1,54

V-scale GPTQ 67.88i1_06 65.56:|:2_25

Baseline AWQ 63.96i2,10 61.68i1,52

V-scale AWQ 66.84;‘;1_75 67.76:|:3_10

1B Models with YaRN Extension (yarn_factor= 4)

Baseline bfloat16 57.76i2,29 53.88i1,42 48.00i2,5g 48-32i1.85
V-scale bfloat16 59.28 4177 59.724933 56.164239 62.0041 8g

Baseline SmoothQuant 52.444qg4 49.644173 45.764917 48.9641 g9
V-scale SmoothQuant 57.92499¢ 57.924193 52.8841.18 57.6441.98

Baseline BNB 54-76i2.60 46.28i1_38 42-72i2.96 47-56i2.22

V-scale BNB 58.00:&2.40 58.40:&2,20 55.88:&1,43 62.60:|:1‘06

Baseline GPTQ 56-28i1.64 50-24i0.84 45-20i2.81 46-72i1.56

V-scale GPTQ 56.68:&1,36 57.08:&0,91 51.16:&1,61 58.96:&2,20

Baseline AWQ 54-O4j:1.91 49.32:|:2_02 42-52:|:2.98 47.04:|:2_04

V-scale AWQ 59-24i1.31 59-00i1.46 49.64i1,95 58.48i2,02
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D Additional theory and proofs

This appendix consolidates the supplementary theoretical material used in the main text. Throughout,
we fix one layer and one attention head, and use the notation introduced in Section

D.1 Exact backpropagation identities

Lemma 1 (Softmax Jacobian identity). Fix a row t and consider the causal softmax vector a; =
softmax(z;) on the support {j < t}. Then for any j,s < t,

aatj
azts

= Qgj (]-j:s - ats).

Proof. By definition, we have a;; = % Differentiating with respect to z;5 gives
o<t

Ztq . Zte _ pRtj p”Rt
day; € ilj—g (Zggte ) et gFts
= = atj(]-j:s - ats).

8zts (Z@gt eztg) 2

Lemma 2 (Sensitivity of y, to a single logit). For fixed t and s < t, we have

Proof. Using y; = > j<t at;jv; and Lemma we have

6%—5 8atjv<—g i (Ljms — Gus)Vj = QusVs — G g atjU; = aps(Vs — Yt)
5Zts J <t ti\+j=s ts )V tsUs ts i<t t3 Vg ts\Us t)-

J<t 3zts

O
Proof of Proposition[I} For fixed ¢, the Jacobian of y, with respect to v, is % = aysIT5<;. Applying
the chain rule from v, — y; — L yields

T-1

\Y% E*ZTil 9yt TV E*ZTﬁl(a n’ *Z a
Vs - t=s 87}5 Yt - t—s ts gt = s tsJt-

Proposition 3 (Exact key-side gradient). Define
Bts = (gt, Vs — Ye)-

Then we have

_ T-1 qt
Vksﬁ - Zt:s atsﬂts \/m~

Proof. The key k; affects the logits z:s = (g¢, ks)/+/dhead for all t > s. The chain rule gives
T
T-1 8Zts oL
L= )
VeL=>,_, ( Ok, ) Dzes
Ozts

1 — gt
Using 3t = T and Lemma we have

oL

8Zts

0
<vyt£7 Ozy;> = <gt7ats(vs - yt)> = Qs Bts-

Substituting these two identities gives the claim. O
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570

571
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574

575

576

577
578

579

580
581

582
583
584

585

586

588

589

Proposition 4 (Exact query-side gradient and first-token corollary). For the query pathway,
Vv L= Gs50s
TR IR e
Moreover, under causal masking, we have V4, L = 0.

Proof. The query ¢, affects only the logits {z5; } ;<s. Hence

825] ays
VQSE ZJ<S < ) 82.5] ZJ<S Vv dhcad <gs’ azsj >

Applying Lemmaawith row s and column j gives 335. = a,;(v; — ys), S0 we have
sj

oL

67‘”' = asj(.gsavj - ys> = asjﬂsj~

This proves the general formula. For s = 0, causality implies agp = 1 and y9 = vo. Thus we have
Boo = 0and V, L = 0. O

D.2 Value-path theorem and deterministic bounds

We prove the main value-path theorem used in Section 4]

Assumption 1 (Mean-plus-noise model). Conditioned on the current parameters, the upstream
gradient over data or minibatch randomness satisfies

gt = p+ &,
where i := E[g,] is the coherent component and E[e;] = 0.
Assumption 2 (Bounded cross-token covariance). There exist 02 > 0 and p > 0 such that for all
t£t,
Tr(Cov(e,)) < 0®,  |T(Cov(er,er))| < p.
Assumption [T]is the standard decomposition of stochastic gradients into a coherent mean component

plus zero-mean noise [23|24]. Assumption [2]does not assume independence across token positions
and keeps the cross-token covariance term explicit through p.

Proof of Theorem E] By Proposition [[|and Assumption [T}

Vo, L= Z ats (L+e) = (Zt . ) "+ Z atsst = M+ ZtT:_: QtsE¢.

Therefore,
2
2‘|

T—1
= 2l + 28 (Mo, 3 ) +E Hz

Since E[e;] = 0, the cross term vanishes. Expanding the final term gives

T-1 2 T—1 T—1
E g Ats€t|| = E E ,_ . QesQrs E(er, evr).
t=s 2 t=s t'=s

Using E(et, ep) = Tr(Cov(ey, e4)) and splitting diagonal and off-diagonal terms yields

E[IVe,£13] = M2|ull3 + Z ats Tr(Cov(er)) + qu <71 atsars Tr(Cov(ee, er)).
t#£t!

[vasﬁH U‘Ms,u + Z ats&

Finally, Assumption [2]implies
T-1 T-1
2 2 2 2
E i, s T(Cov(ey)) <o E o, G5 =0 Ss,
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s00 and

ngt,t’gTq AtsQy s TT(COV(Q’ 5t')) < stgt,t’gTq AtsQy s = P(MS — Ss).
t#£t t#£t

591 Combining these bounds proves the theorem. O

se2  Corollary 1 (Deterministic value-side upper bounds). For any realization of { gt}tT;Sl, we have

T-1
Vo L2 < Zt:s ats|lgell2 < M I?Za;(HgtH%

593 and also

T_1 ) 1/2
1922k < V5L (S lalg)

s94 Proof. The first bound follows from Proposition [T]and the triangle inequality. The second follows

s95 from Cauchy-Schwarz:
1/2 1/2
T—1 T—1
IS | < (20 ) (S 1e)

596 O

s97 D.3 Deterministic bounds for key and query paths
se¢  The main theorem concerns the value path. This subsection provides supporting bounds for the key
s99 and query pathways and clarifies the asymmetry.

600 Assumption 3 (Uniform boundedness for the key-side bound). There exist constants Qmax, Bmax >
601 O such that for all ¢,

||th2 S Qmax, |6ts| S Bmax-
602 Theorem 3 (Deterministic key-side upper bound). Under Assumption |3} we have

inax Bmax

Vi L2 <
[V, Ll2 T

M.

603 Proof. Starting from Proposition [3]and applying the triangle inequality,

T-1 llg¢]|2
S ats|Bis) .
V dhea Zt:s ° ° \% dhead

o4 Using azs > 0, |Bts| < Bmax, and ||¢¢]]2 < Qmax gives the result. O

||V/€ EHQ = HZ atsﬁts

605 Lemma 3 (Row-sum-zero of logits gradients). For a fixed row s, we have
oL
Y
i<s Ozgj

606 Proof. The derivation above gives % = as;(gs,vj — ys). Therefore, we have

]<s aZSJ - < ]<s ‘(Uj - yé)>
:< CLSJU] ysz <8asj>
= <gsays - ys> =0.
607 O
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609

610

611

612

613

614

615
616

617

618
619

620

621

622

623

624

627

628

Assumption 4 (Bounded advantage and bounded key dispersion). Let
I;S = ngs asjkj.

There exist constants BI(nQal(, AKyax > 0 such that for all j < s,
|53]| S B(Q) ij - I%SH2 S AKmax'

max?’

Theorem 4 (Deterministic query-side upper bound in dispersion form). Under Assumptiond)
BYZA Kinax
Vv dhead

Moreover, under causal attention, V 4, L = 0 exactly.

Vg, Lll2 <

Proof. Using Lemma for any vector k, we have

oL - _ oL
ngs 0zs; ks = Fs ngs Dzs; 0-

Hence the exact query-side gradient can be rewritten as

L 1
[ —(k; — ks = — siBsi k
mzﬂfs 5%]‘( 3= \/mzjsfﬂﬂj( j
Taking norms and applying the triangle inequality yields
\/}—Z asjl Bsjl IIkj — Ks|l2-
1ead

Using > j<s @sj = 1, together with Assumption EI, proves the bound. The statement for s = 0 was
already established in Proposition 4] O

V¢ L=

Vg, Lll2 <

D.4 RMSNorm as a gradient-compression mechanism

This subsection formalizes the RMSNorm mechanism used in Section ff] and measured empirically in
Section[3.21

For = € R?, gain vector v € R?, and stabilizer €,1,s > 0, define

X

1 d
rms(x) := \/d Zi:l 2? 4+ €rms, RMSNorm(z) :=v ®

Denote r := rms(x), D := diag(y), and y := RMSNorm(x).
Proposition 5 (Exact Jacobian of RMSNorm). The Jacobian Jyys(x) := Oy/0x € R¥*4 s
1 1

Jrms(x) = fD — —dem

rms(z)’

Proof. Since y = D(x/r), we have

oy 1 0 (1

Y_p(=1+22=(2)).

72 (7))
Then 2 Fors (1) 7%2% = fia: gives the stated formula. O
Now we prove Theorem [2]in Section 4]

Proof of Theorem[2} The chain rule gives V£ = Jyms(z) "V, L. Proposition implies

1 zz

r

. T .
The matrix [ — ”ilfa > has eigenvalues €,,5/ r2 and 1. Thus we have

7l
||ers(x)Hop > ||DHOP - r
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629 Proposition 6 (Activation norm as a sufficient condition for bounded backpropagated gradients). Fix
630 a target gradient scale T > 0. A sufficient condition for ||V L||2 < 7 is

s(z) > D2 g, g,

631 Thus, for fixed T and gain ~, the sufficient RMS level scales with the upstream gradient norm.

632 Proof. By Theorem[2] we have

H )Hoo
\Y4 < V .
H $£H2 = r S( )H y£||2

633 To make the right-hand side at most 7, it suffices that rms(z) > 12l V4Ll O

T

634 Proposition [fl means that in a pre-norm Transformer, if a token receives unusually large gradient
635 pressure, increasing its token-wise activation norm provides a direct channel for reducing the gradient
636 magnitude passed to earlier layers. This is the mathematical sense in which massive activations can
637 act as a gradient-compression response.

638 D.5 V-scale Jacobian and gradient attenuation

630 We now analyze the V-scale map used in Section[5} On the pre-aggregation value state v, define

. r
0 =¢(rv, r:= ||UH§7 o(r) == I C >0.

s40 Proposition 7 (Exact Jacobian of V-scale). The Jacobian Jy(v) := 00/0v is
2C T

J¢(U) = ¢(T)I+ mvv . (5)
641 Proof. Since d = ¢(r)vandr = v' v, we have
90 ap(r)\ "
30 = (rI+wv ( 5 .
s42  Since ¢'(r) = ﬁ and % = 2uv, substituting
ao(r) ., or 20
o ¢ (T)av B (T—I—C)ZU
643 yields the claim. O

644 Proposition 8 (Jacobian spectrum of V-scale). Let r = ||v||3. Then the Jacobian in (3) has eigenvalue
645 AL (1) = = onthe (dneaa — 1)-dimensional subspace orthogonal to v, and eigenvalue \|(r) =

r+C
2 |
T(Ti‘*cf)’; along the radial direction v itself. Moreover, max;,>q \| (r) = 9/8, attained at r = 3C.

646

T T

647 Proof. Because vv' is rank one, for any v | v we have vv'u = 0, so Proposition |7 gives

648 Jy(v)u = @(r)u. Along the radial direction,

2Cr
Js(0)0 = (r)v + mvv v = <¢(T) + (7"‘|'C)2) v.

649 This proves the eigenvalue formulas.

650 For the maximum, define f(r) := A\ (r) = ?iiéc)v; Direct differentiation shows that f'(r) = 0 at

est = 3C, and substituting this value gives f(3C) = 9/8. O

es2  Corollary 2 (V-scale is a value-path gradient valve). Let g5 = VL be the upstream gradient at
653 the scaled value state. Then we have V,L = Js(v) g5 = J4(v)gs, and therefore |V, L|s <
ssa A (|[v]13)llgslle- In particular, if ||v||3 < C, then the value-path backward signal is strongly

655 attenuated as |
3

2
v
2 g1

oLl2 S
V0Ll 5 2%
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ess  Proof. The first identity is the chain rule. Since J,(v) is symmetric, its operator norm equals its
657 largest eigenvalue, which is \| () by Proposition (8} The small-r expansion follows directly from the
es8 expression for A (r). O

659 These results show that V-scale introduces an additional value-path gradient valve. In the regime
ss0 where sink value states have relatively small norm, the attenuation factor in Corollary [2] can be
661 substantially below one, which is precisely the regime relevant to the observed intervention effect.

e2 E Licenses for existing assets

663 Our experiments rely on several publicly available datasets, models, tokenizers, and evaluation or
664 compression toolkits. We acknowledge the contributors and respect their licenses. The main existing
e65 assets are summarized in Table[8]

Table 8: Main existing assets used in this work.

Asset Usage in this work License

C4 Pretraining data ODC-BY

GPT-2 tokenizer Tokenization MIT License

Qwen2.5-7B Diagnostic measurements Apache License 2.0

Qwen3-8B Diagnostic measurements Apache License 2.0

Llama-3.1-8B Diagnostic measurements |Llama 3.1 Community License

GLM-4-9B Diagnostic measurements |GLM-4-9B License

LM Evaluation Harness v0.4.11 Evaluation MIT License

Bitsandbytes v0.49.0 Quantization MIT License

LLM Compressor v0.9.0 Quantization Apache License 2.0
29

Confidential reviewer copy. This manuscript is submitted to the 40th Conference on Neural Information Processing Systems (NeurlPS 2026). Unauthorized
sharing, redistribution, or disclosure is strictly prohibited.


https://github.com/meta-llama/llama-models/blob/main/models/llama3_1/LICENSE
https://huggingface.co/zai-org/glm-4-9b/blob/main/LICENSE

sss  NeurIPS Paper Checklist

667 1. Claims

668 Question: Do the main claims made in the abstract and introduction accurately reflect the
669 paper’s contributions and scope?

670 Answer: [Yes]

671 Justification: The abstract and introduction clearly describe our central claim.

672 Guidelines:

673 ¢ The answer [N/A| means that the abstract and introduction do not include the claims
674 made in the paper.

675 * The abstract and/or introduction should clearly state the claims made, including the
676 contributions made in the paper and important assumptions and limitations. A or
677 [N/A] answer to this question will not be perceived well by the reviewers.

678 * The claims made should match theoretical and experimental results, and reflect how
679 much the results can be expected to generalize to other settings.

680 * It is fine to include aspirational goals as motivation as long as it is clear that these goals
681 are not attained by the paper.

682 2. Limitations

683 Question: Does the paper discuss the limitations of the work performed by the authors?
684 Answer: [Yes]

685 Justification: The paper includes a dedicated “Limitations” paragraph in Section[6]

686 Guidelines:

687 * The answer [N/A] means that the paper has no limitation while the answer means
688 that the paper has limitations, but those are not discussed in the paper.

689  The authors are encouraged to create a separate “Limitations” section in their paper.
690 * The paper should point out any strong assumptions and how robust the results are to
691 violations of these assumptions (e.g., independence assumptions, noiseless settings,
692 model well-specification, asymptotic approximations only holding locally). The authors
693 should reflect on how these assumptions might be violated in practice and what the
694 implications would be.

695 * The authors should reflect on the scope of the claims made, e.g., if the approach was
696 only tested on a few datasets or with a few runs. In general, empirical results often
697 depend on implicit assumptions, which should be articulated.

698 * The authors should reflect on the factors that influence the performance of the approach.
699 For example, a facial recognition algorithm may perform poorly when image resolution
700 is low or images are taken in low lighting. Or a speech-to-text system might not be
701 used reliably to provide closed captions for online lectures because it fails to handle
702 technical jargon.

703 * The authors should discuss the computational efficiency of the proposed algorithms
704 and how they scale with dataset size.

705 « If applicable, the authors should discuss possible limitations of their approach to
706 address problems of privacy and fairness.

707 * While the authors might fear that complete honesty about limitations might be used by
708 reviewers as grounds for rejection, a worse outcome might be that reviewers discover
709 limitations that aren’t acknowledged in the paper. The authors should use their best
710 judgment and recognize that individual actions in favor of transparency play an impor-
711 tant role in developing norms that preserve the integrity of the community. Reviewers
712 will be specifically instructed to not penalize honesty concerning limitations.

713 3. Theory assumptions and proofs

714 Question: For each theoretical result, does the paper provide the full set of assumptions and
715 a complete (and correct) proof?

716 Answer: [Yes]
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717 Justification: Appendix [D]provides the assumptions, supporting propositions, and full proofs

718 for the theoretical results used in Sections 4H3]
719 Guidelines:
720 * The answer [N/A] means that the paper does not include theoretical results.
721 * All the theorems, formulas, and proofs in the paper should be numbered and cross-
722 referenced.
723 * All assumptions should be clearly stated or referenced in the statement of any theorems.
724 * The proofs can either appear in the main paper or the supplemental material, but if
725 they appear in the supplemental material, the authors are encouraged to provide a short
726 proof sketch to provide intuition.
727 * Inversely, any informal proof provided in the core of the paper should be complemented
728 by formal proofs provided in appendix or supplemental material.
729 * Theorems and Lemmas that the proof relies upon should be properly referenced.
730 4. Experimental result reproducibility
731 Question: Does the paper fully disclose all the information needed to reproduce the main ex-
732 perimental results of the paper to the extent that it affects the main claims and/or conclusions
733 of the paper (regardless of whether the code and data are provided or not)?
734 Answer: [Yes]
735 Justification: Sections [2} [3} and [5]define the main observables, intervention, and evaluation
736 setting, and Appendix |B|gives the detailed training hyperparameters.
737 Guidelines:
738 » The answer [N/A] means that the paper does not include experiments.
739 * If the paper includes experiments, a answer to this question will not be perceived
740 well by the reviewers: Making the paper reproducible is important, regardless of
741 whether the code and data are provided or not.
742 * If the contribution is a dataset and/or model, the authors should describe the steps taken
743 to make their results reproducible or verifiable.
744 * Depending on the contribution, reproducibility can be accomplished in various ways.
745 For example, if the contribution is a novel architecture, describing the architecture fully
746 might suffice, or if the contribution is a specific model and empirical evaluation, it may
747 be necessary to either make it possible for others to replicate the model with the same
748 dataset, or provide access to the model. In general. releasing code and data is often
749 one good way to accomplish this, but reproducibility can also be provided via detailed
750 instructions for how to replicate the results, access to a hosted model (e.g., in the case
751 of a large language model), releasing of a model checkpoint, or other means that are
752 appropriate to the research performed.
753 * While NeurIPS does not require releasing code, the conference does require all submis-
754 sions to provide some reasonable avenue for reproducibility, which may depend on the
755 nature of the contribution. For example
756 (a) If the contribution is primarily a new algorithm, the paper should make it clear how
757 to reproduce that algorithm.
758 (b) If the contribution is primarily a new model architecture, the paper should describe
759 the architecture clearly and fully.
760 (c) If the contribution is a new model (e.g., a large language model), then there should
761 either be a way to access this model for reproducing the results or a way to reproduce
762 the model (e.g., with an open-source dataset or instructions for how to construct
763 the dataset).
764 (d) We recognize that reproducibility may be tricky in some cases, in which case
765 authors are welcome to describe the particular way they provide for reproducibility.
766 In the case of closed-source models, it may be that access to the model is limited in
767 some way (e.g., to registered users), but it should be possible for other researchers
768 to have some path to reproducing or verifying the results.
769 5. Open access to data and code
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770 Question: Does the paper provide open access to the data and code, with sufficient instruc-

771 tions to faithfully reproduce the main experimental results, as described in supplemental
772 material?
773 Answer: [Yes]
774 Justification: We provide anonymized code release in the abstract.
775 Guidelines:
776 * The answer [N/A] means that paper does not include experiments requiring code.
777 * Please see the NeurIPS code and data submission guidelines (https://neurips.cc/
778 public/guides/CodeSubmissionPolicy) for more details.
779 * While we encourage the release of code and data, we understand that this might not
780 be possible, so is an acceptable answer. Papers cannot be rejected simply for not
781 including code, unless this is central to the contribution (e.g., for a new open-source
782 benchmark).
783 * The instructions should contain the exact command and environment needed to run to
784 reproduce the results. See the NeurIPS code and data submission guidelines (https:
785 //neurips.cc/public/guides/CodeSubmissionPolicy) for more details.
786 * The authors should provide instructions on data access and preparation, including how
787 to access the raw data, preprocessed data, intermediate data, and generated data, etc.
788 * The authors should provide scripts to reproduce all experimental results for the new
789 proposed method and baselines. If only a subset of experiments are reproducible, they
790 should state which ones are omitted from the script and why.
791 * At submission time, to preserve anonymity, the authors should release anonymized
792 versions (if applicable).
793  Providing as much information as possible in supplemental material (appended to the
794 paper) is recommended, but including URLSs to data and code is permitted.
795 6. Experimental setting/details
796 Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
797 rameters, how they were chosen, type of optimizer) necessary to understand the results?
798 Answer: [Yes]
799 Justification: Experimental settings are given in Sections[2} 3} and[5] Detailed configurations
800 are listed in Appendix
801 Guidelines:
802 » The answer [N/A] means that the paper does not include experiments.
803 » The experimental setting should be presented in the core of the paper to a level of detail
804 that is necessary to appreciate the results and make sense of them.
805 * The full details can be provided either with the code, in appendix, or as supplemental
806 material.
807 7. Experiment statistical significance
808 Question: Does the paper report error bars suitably and correctly defined or other appropriate
809 information about the statistical significance of the experiments?
810 Answer:
811 Justification: We do not repeat full pre-training runs because of their computational cost.
812 However, our Needle-in-a-Haystack evaluations report standard deviations over 5 random
813 seeds.
814 Guidelines:
815 * The answer [N/A] means that the paper does not include experiments.
816 * The authors should answer [ Yes] if the results are accompanied by error bars, confidence
817 intervals, or statistical significance tests, at least for the experiments that support the
818 main claims of the paper.
819 * The factors of variability that the error bars are capturing should be clearly stated (for
820 example, train/test split, initialization, random drawing of some parameter, or overall
821 run with given experimental conditions).
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822 * The method for calculating the error bars should be explained (closed form formula,

823 call to a library function, bootstrap, etc.)
824 * The assumptions made should be given (e.g., Normally distributed errors).
825 ¢ It should be clear whether the error bar is the standard deviation or the standard error
826 of the mean.
827 * It is OK to report 1-sigma error bars, but one should state it. The authors should
828 preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
829 of Normality of errors is not verified.
830 » For asymmetric distributions, the authors should be careful not to show in tables or
831 figures symmetric error bars that would yield results that are out of range (e.g., negative
832 error rates).
833 o If error bars are reported in tables or plots, the authors should explain in the text how
834 they were calculated and reference the corresponding figures or tables in the text.
835 8. Experiments compute resources
836 Question: For each experiment, does the paper provide sufficient information on the com-
837 puter resources (type of compute workers, memory, time of execution) needed to reproduce
838 the experiments?
839 Answer: [Yes]
840 Justification: Appendix [B|specifies that runs use NVIDIA A100 GPUs with 80GB memory
841 and reports token budgets.
842 Guidelines:
843 * The answer [N/A] means that the paper does not include experiments.
844 * The paper should indicate the type of compute workers CPU or GPU, internal cluster,
845 or cloud provider, including relevant memory and storage.
846  The paper should provide the amount of compute required for each of the individual
847 experimental runs as well as estimate the total compute.
848 * The paper should disclose whether the full research project required more compute
849 than the experiments reported in the paper (e.g., preliminary or failed experiments that
850 didn’t make it into the paper).
851 9. Code of ethics
852 Question: Does the research conducted in the paper conform, in every respect, with the
853 NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?
854 Answer: [Yes]
855 Justification: We have reviewed the NeurIPS Code of Ethics and do not foresee any ethical
856 concerns in this work.
857 Guidelines:
858 * The answer [N/A] means that the authors have not reviewed the NeurIPS Code of
859 Ethics.
860 o If the authors answer , they should explain the special circumstances that require a
861 deviation from the Code of Ethics.
862 * The authors should make sure to preserve anonymity (e.g., if there is a special consid-
863 eration due to laws or regulations in their jurisdiction).
864 10. Broader impacts
865 Question: Does the paper discuss both potential positive societal impacts and negative
866 societal impacts of the work performed?
867 Answer:
868 Justification: This work is a foundational mechanistic study and thus does not have direct
869 societal impact. Section [f] discusses possible technical influence on future Transformer
870 design, but the paper does not separately analyze positive and negative societal impacts.
871 Guidelines:
872 » The answer [N/A] means that there is no societal impact of the work performed.
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873 o If the authors answer [N/A] or , they should explain why their work has no societal

874 impact or why the paper does not address societal impact.
875 » Examples of negative societal impacts include potential malicious or unintended uses
876 (e.g., disinformation, generating fake profiles, surveillance), fairness considerations
877 (e.g., deployment of technologies that could make decisions that unfairly impact specific
878 groups), privacy considerations, and security considerations.
879 * The conference expects that many papers will be foundational research and not tied
880 to particular applications, let alone deployments. However, if there is a direct path to
881 any negative applications, the authors should point it out. For example, it is legitimate
882 to point out that an improvement in the quality of generative models could be used to
883 generate Deepfakes for disinformation. On the other hand, it is not needed to point out
884 that a generic algorithm for optimizing neural networks could enable people to train
885 models that generate Deepfakes faster.
886 * The authors should consider possible harms that could arise when the technology is
887 being used as intended and functioning correctly, harms that could arise when the
888 technology is being used as intended but gives incorrect results, and harms following
889 from (intentional or unintentional) misuse of the technology.
890 « If there are negative societal impacts, the authors could also discuss possible mitigation
891 strategies (e.g., gated release of models, providing defenses in addition to attacks,
892 mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
893 feedback over time, improving the efficiency and accessibility of ML).
894 11. Safeguards
895 Question: Does the paper describe safeguards that have been put in place for responsible
896 release of data or models that have a high risk for misuse (e.g., pre-trained language models,
897 image generators, or scraped datasets)?
898 Answer: [N/A]
899 Justification: This paper does not release new pretrained model weights, scraped datasets, or
900 other assets that would create a new high-risk access pathway.
901 Guidelines:
902 * The answer [N/A] means that the paper poses no such risks.
903 * Released models that have a high risk for misuse or dual-use should be released with
904 necessary safeguards to allow for controlled use of the model, for example by requiring
905 that users adhere to usage guidelines or restrictions to access the model or implementing
906 safety filters.
907 * Datasets that have been scraped from the Internet could pose safety risks. The authors
908 should describe how they avoided releasing unsafe images.
909 * We recognize that providing effective safeguards is challenging, and many papers do
910 not require this, but we encourage authors to take this into account and make a best
911 faith effort.
912 12. Licenses for existing assets
913 Question: Are the creators or original owners of assets (e.g., code, data, models), used in
914 the paper, properly credited and are the license and terms of use explicitly mentioned and
915 properly respected?
916 Answer: [Yes]
917 Justification: We discuss this in Appendix
918 Guidelines:
919 * The answer [N/A] means that the paper does not use existing assets.
920  The authors should cite the original paper that produced the code package or dataset.
921 * The authors should state which version of the asset is used and, if possible, include a
922 URL.
923 * The name of the license (e.g., CC-BY 4.0) should be included for each asset.
924 * For scraped data from a particular source (e.g., website), the copyright and terms of
925 service of that source should be provided.
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926 * If assets are released, the license, copyright information, and terms of use in the

927 package should be provided. For popular datasets, paperswithcode.com/datasets
928 has curated licenses for some datasets. Their licensing guide can help determine the
929 license of a dataset.
930 * For existing datasets that are re-packaged, both the original license and the license of
931 the derived asset (if it has changed) should be provided.
932 * If this information is not available online, the authors are encouraged to reach out to
933 the asset’s creators.
934 13. New assets
935 Question: Are new assets introduced in the paper well documented and is the documentation
936 provided alongside the assets?
937 Answer: [N/A]
938 Justification: This paper does not release new assets.
939 Guidelines:
940 * The answer [N/A] means that the paper does not release new assets.
941 * Researchers should communicate the details of the dataset/code/model as part of their
942 submissions via structured templates. This includes details about training, license,
943 limitations, etc.
944 * The paper should discuss whether and how consent was obtained from people whose
945 asset is used.
946 * At submission time, remember to anonymize your assets (if applicable). You can either
947 create an anonymized URL or include an anonymized zip file.
948 14. Crowdsourcing and research with human subjects
949 Question: For crowdsourcing experiments and research with human subjects, does the paper
950 include the full text of instructions given to participants and screenshots, if applicable, as
951 well as details about compensation (if any)?
952 Answer: [N/A]
953 Justification: The work does not involve crowdsourcing, user studies, or other research with
954 human participants.
955 Guidelines:
956 * The answer [N/A] means that the paper does not involve crowdsourcing nor research
957 with human subjects.
958 * Including this information in the supplemental material is fine, but if the main contribu-
959 tion of the paper involves human subjects, then as much detail as possible should be
960 included in the main paper.
961 * According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
962 or other labor should be paid at least the minimum wage in the country of the data
963 collector.
964 15. Institutional review board (IRB) approvals or equivalent for research with human
965 subjects
966 Question: Does the paper describe potential risks incurred by study participants, whether
967 such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
968 approvals (or an equivalent approval/review based on the requirements of your country or
969 institution) were obtained?
970 Answer: [N/A]
971 Justification: The work does not involve crowdsourcing or research with human subjects.
972 Guidelines:
973 * The answer [N/A] means that the paper does not involve crowdsourcing nor research
974 with human subjects.
975 * Depending on the country in which research is conducted, IRB approval (or equivalent)
976 may be required for any human subjects research. If you obtained IRB approval, you
977 should clearly state this in the paper.
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978 * We recognize that the procedures for this may vary significantly between institutions

979 and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
980 guidelines for their institution.
981 * For initial submissions, do not include any information that would break anonymity (if
982 applicable), such as the institution conducting the review.
983 16. Declaration of LLM usage
984 Question: Does the paper describe the usage of LLMs if it is an important, original, or
985 non-standard component of the core methods in this research? Note that if the LLM is used
986 only for writing, editing, or formatting purposes and does not impact the core methodology,
987 scientific rigor, or originality of the research, declaration is not required.
988 Answer: [N/A]
989 Justification: The core method development does not involve LLMs as any important,
990 original, or non-standard components. LLMs are primarily used to help us polish paper
991 writeups.
992 Guidelines:
993 * The answer [N/A] means that the core method development in this research does not
994 involve LLMs as any important, original, or non-standard components.
995 * Please refer to our LLM policy in the NeurIPS handbook for what should or should not
996 be described.
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